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Abstract  

 

Introduction  

Preterm infants (born before 37 weeks gestation) are highly susceptible to disease, 

with necrotising enterocolitis (NEC) and late-onset sepsis (LOS) having the greatest 

impact on mortality and morbidity. This study investigated gut microbiome 

interactions, examining the influence of bacterial abundance, probiotics, 

metagenomic pathways and the short chain fatty acid (SCFA) butyric acid under 

disease pressures.  

Methods 

16S rRNA MiSeq Illumina Next Generation Sequencing (NGS) was applied to 

preterm infant stool samples in Chapter 3: (N=2, n=16) with probiotics and LOS; and 

Chapter 4: (N=34, n=172) of which NEC (N=13, n=66), No NEC (N=21, n=106), LOS 

(N=5, n=24), No LOS (N=29, n=148), with probiotics (N=19, n=79) without probiotics 

(N=15, n=93). Chapter 5: SCFAs in mothers breast milk samples (N=16, n=59), 

were analysed (UPLC-QTOF MS); without NEC (N=10, n=43,) with NEC (N=6, 

n=16), with LOS (N=2, n=13) and without LOS (N=14, n=46). 

Results 

Chapter 3: Bifidobacterium abundance increased before sepsis. Infant 1 had 

reduced Staphylococcus (p-value < 0.001) and increased Lactococcus (p-value < 

0.01). Chapter 4: samples without NEC had greater α-diversity (p-value < 0.001). 

Bifidobacterium was reduced at NEC onset (p-value = 0.003). Probiotics increased 

α-diversity (p-value < 0.001), Bifidobacterium, Yersinia, Lactococcus, Lactobacillus 

(all p-value < 0.001), Escherichia / Shigella (p-value = 0.021), Enterococcus (p-value 

= 0.004) with reduced Staphylococcus (p-value < 0.001). Probiotics were linked to 
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metabolic pathways for energy acquisition and immunoregulatory response. 

Chapter 5: preterm infants that developed NEC had increased butyric acid in breast 

milk (p-value = 0.001). 

Discussion 

Chapter 3: the link between LOS and probiotic Bifidobacteria was inconclusive. 

Chapter 4: the abundance and diversity of commensal bacteria was reduced with 

NEC. Probiotic bacteria increased diversity and increased the metagenomic 

pathways required for infants to thrive. Chapter 5 found a tentative correlation 

between butyric acid in breast milk samples and NEC but requires further 

investigation.  
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1 Chapter One – Introduction  

The human body contains approximately 1.3 bacterial cells for every human cell 

(Sender et al., 2016), with the human gut encompassing about 1000 bacterial 

species, with 2000 genes per species, and outnumbering the human genome 100 

times (Gilbert et al., 2018). The health of a preterm infant can be driven by the 

microbiome of the infants’ gut, where the microbiome is defined as all the microbes 

and their genes in a specific environment (Robertson et al., 2019b). The role of the 

microbiome (1.2) in the health of preterm infants will be examined in this thesis. 

Interaction between bacteria and its human host can be both beneficial and harmful, 

with greater consequences for preterm infants. Preterm infants are defined as 

neonates born before 37 weeks gestational age (GA) (Harrison and Goldenberg, 

2016; WHO, 2015). Further subcategories (WHO, 2015) based on GA include: 

extremely preterm (less than 28 weeks), very preterm (28 to 32 weeks) and 

moderate to late preterm (32 to 37 weeks). In addition, weight is a descriptive factor 

of health in preterm infants regardless of GA (WHO, 2015) categorised as: Low birth 

weight (LBW) < 2499 g, very low birth weight (VLBW) < 1500 g and extremely low 

birth weight (ELBW) < 1000 / g. Normal birthweight at term delivery is between 2500 

– 4200 g, with low birthweight infants experiencing fewer positive health outcomes 

(Allin, 2010). Whilst preterm infants can thrive, the morbidity and mortality rates are 

impactful, substantial, and long lasting; adults who were born prematurely have a 

higher risk of neuro-psychological issues, behavioural problems, hypertensive 

disorders and metabolic syndrome (Raju et al., 2017).  
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1.1 Preterm Birth 

1.1.1 Global Incidence of preterm birth 

Worldwide, it is estimated that 15 million babies are born preterm (before 37 weeks 

gestation) equating to about 1 in 10 infants or 11 % of all deliveries (Harrison and 

Goldenberg, 2016); with incidence rising according to the World Health Organisation 

(WHO, 2015). Preterm birth (PTB) complications are the leading cause of death 

among children under 5 years of age, and in 2015 resulted in 1 million deaths 

worldwide (Liu et al., 2016). Whilst preterm death in the UK (21.1 deaths per 1,000 

live births) is relatively low compared to the rest of the world it is significantly higher 

when compared to UK term babies (1.4 deaths per 1,000 live births) (Office for 

National Statistics, 2019).  

 

Table 1.1 outlines the trends in the seven countries with the greatest number of 

preterm births (India, Nigeria, Bangladesh, China, Pakistan, Indonesia and the 

United States of America). However, the quality of the data is variable, with only 38 

countries providing high quality data. PTB rates have increased in 26 countries since 

2000 and decreased in only 12; with the global PTB rate increasing from 9.8 % in 

2000  to 10.6 % in 2014 (Chawanpaiboon et al., 2019). In the UK over 52,000 babies 

(around 7.3% of live births) in England and Wales in 2012 were born premature 

(National Institute for Health and Care Excellence, 2015), whilst the number 

remained consistent with 51,864 preterm births in 2018 this equated to a small 

increase to 7.9% of live births (Office for National Statistics, 2019). 
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Table 1.1 The top 7 countries with the greatest number of preterm births; 2010 figures 

from Blencowe et al. (2013) and 2014 figures from Chawanpaiboon et al. (2019) and the 

percentage change from 2010 to 2014. In the UK over 52,000 babies (around 7.3% of live 

births) in England and Wales in 2012 were born premature (National Institute for Health and 

Care Excellence, 2015), whilst the number remained consistent with 51,864 preterm births 

in 2018 this equated to a small increase to 7.9% of live births (Office for National Statistics, 

2019 

Country / Year 2010 2014 % change 

India 3 519 100 3 519 947 ↑ 0.02 

China 1 172 300 1 168 126 ↓ 0.36 

Nigeria 773 600 803 178 ↑ 3.68 

Pakistan 748 100 454 104 ↓ 64.74 

Indonesia 675 700 527 672 ↓ 28.05 

United States of America 517 400 383 257 ↓ 35.00 

Bangladesh 424 100 603 698 ↑ 29.75 

 

Possible reasons for these increases include: better measurement of birth rates, 

increased maternal age and increased maternal health problems and a shift in 

obstetric approaches resulting in increased accessibility of caesarean section births 

(WHO, 2015). General guidelines to improve outcomes for preterm infants (WHO, 

2015, 2019) comprise: steroid injections before birth, maternal antibiotics when 

waters break before labour starts, magnesium sulphate to prevent neurological 

impairment of the child, thermal care of the preterm infant, immediate skin-to-skin 

contact rather than delaying until the infant is stable, access to oxygen and other 

assistance to respiratory aides (Glass et al., 2015). Access to these preventative 

measures can depend upon the economic and social level of a country and within a 

country.   

 

1.1.1.1 Disparities between High Income Countries (HIC) and Low- and 

Middle- Income Countries (LMICs) 

In high income countries (HIC) survival rates are correlated with birth weight and 

GA (Harrison and Goldenberg, 2016). Generally, female infants at 29 weeks had 

better survival rates than males, whilst singletons tended to have a healthier 
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outcome than multiples, but this could be a confounder with weight. Low- and 

middle-income countries’ (LMIC) preterm infant deaths are frequent, not only in the 

earliest GA, but throughout all preterm GAs (De Araújo et al., 2012). These 

premature infants die from infection, temperature dysregulation, poor nutrition, and 

respiratory distress syndrome (RDS) (Barros et al., 2011). The highest mortality 

rates are seen in < 29 weeks GA infants, this GA group also carried the greater 

burden of the diseases caused from PTB (Simmons et al., 2010). There is a 

prevalence of PTB and low birth weight (LBW) neonates in LMICs, nearly half of all 

LBW infants are preterm (Vogel et al., 2014), with 60 - 80 % of neonatal deaths from 

LBW infants (Morisaki et al., 2014). The economic impact on survival rates of 

preterm infants is significant (WHO, 2015). In LMICs mortality is 50 % in infants born 

at < 32 weeks GA, rising to 90 % for extremely premature infants; due to the lack of 

cost-effective care encompassing warmth, breastfeeding support, basic infection 

prevention and medical care. In comparison HICs have a mortality rate of 10 % for 

extremely preterm infants, as with middle income settings the majority of preterm 

infants survive; however there is increased disability rates with heightened financial 

implications (WHO, 2015) including learning difficulties, visual, hearing and 

psychological problems (Allin, 2010; Mackay et al., 2010; Swamy et al., 2008). 

  

1.1.1.2 United Kingdom Financial and Social Burden 

A hypothetical cost base analysis has been explored to describe the economic 

impact of PTB in the UK. A population cohort example from 2006 (Mangham et al., 

2009) described the total cost to the public sector at an estimated £2.946 billion, 

with costs inversely correlated with GA (Petrou et al., 2019). A preterm infant 

surviving to 18 years of age has an incremental cost per individual uplift of £22,885 

rising to £61,781 for very preterm infants, and to £94,740 for extremely preterm 
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infants. Of these costs, 92 %, are derived immediately after birth in the Neonatal 

Intensive Care Unit (NICU) (Mangham et al., 2009), rather than the ongoing costs 

of caring for children with health and learning issues. There seems little economic 

costing regarding the financial burden on effected families and the inevitable change 

to everyday life (Petrou et al., 2019).  

 

Preterm infants are at greater risk of long- and short-term morbidities such as: 

respiratory distress syndrome, bronchopulmonary dysplasia, necrotising 

enterocolitis (NEC), sepsis, periventricular leukomalacia, seizures, intraventricular 

haemorrhage, cerebral palsy, infections, feeding difficulties, hypoxic ischemia, 

encephalopathy, visual and hearing difficulties (Ramenghi, 2015; Van Dommelen et 

al., 2015; Platt, 2014; Blencowe et al., 2013; Smolkin et al., 2013; Costeloe et al., 

2012; Mwaniki et al., 2012; Saigal and Doyle, 2008; O’Connor et al., 2007; Kinney, 

2006). In the UK preterm infants account for double the percentage of children 

defined as requiring Special Educational Needs in school (Mackay et al., 2010) with 

generally worse health outcomes for preterm infants as they move into childhood 

(Boyle et al., 2012), with 3 – 5 year olds carrying the greatest disease burden.  

 

The aetiology of PTB differs depending on GA, ethnicity, population, geographic and 

socio-economic characteristics (Nadeem et al., 2019; Simmons et al., 2010), 

therefore it is useful to understand the geographic environment of the infants in this 

thesis. In the geographic area where this study originates, Berrington et al. (2012) 

led the largest UK population based survey from the North East of England and 

North Cumbria, tracing the changes in preterm births over time. There were more 

than 680,000 live births between 1988 to 2008, with 1,504 deaths of preterm infants 

born between 24- and 32-weeks. The overall picture in this geographic area of the 
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UK is that infants born prematurely are likely to survive for longer, as death from 

respiratory complications, as the dominant cause of death have decreased (1998 - 

2008); however, rates of death from preventable infection and NEC have increased 

from 11 % to 21 %, primarily affecting infants born at < 24 weeks GA < 1000 g and 

< 750 g weight at birth. Therefore, studying the causes and prevention of NEC is 

important for the local and global population to improve health outcomes for preterm 

infants.  

 

1.1.2 Causes of Preterm Birth (PTB) 

Pregnancy has five defined stages (Figure 1.1), with time spent in labour a fraction 

of the total time of pregnancy.  

 
Figure 1.1 Five stages of pregnancy; most of the pregnancy is spent in the quiescence 

stage of uterine growth, with labour only accounting for 0.5 % of pregnancy time (Simmons 

et al., 2010) 

 

Disruption of quiescence phase is the main cause of PTB (Simmons et al., 2010), 

but there are multifactorial aetiologies with complex pathways underlying this 

disturbance. PTB is classified as either spontaneous or provider-initiated, the latter 

meaning a clinical intervention such as caesarean section or induction which is 

medically required for the safety of the mother, infant or both (Harrison and 

Goldenberg, 2016). The aetiology differs depending on GA, ethnicity, population, 

geographic and socio-economic characteristics (Nadeem et al., 2019; Simmons et 

al., 2010). In HICs including the UK, 70 % PTB are spontaneous (Rubens et al., 

2014) the main pathways and aetiology for spontaneous PTB are outlined in Table 

1.2. 
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Table 1.2 Common Aetiology and pathways leading to spontaneous preterm birth; 

adapted from (Stark et al., 2014) and (Cappelletti et al., 2016) 

 

Concomitantly, factors increasing the risk of PTB are: teen pregnancy, advanced 

maternal age, short interpregnancy interval, multiple gestation, pregnancy from 

fertility treatment, family history or previous PTBs (Malacova et al., 2018; Frey and 

Klebanoff, 2016), substance and tobacco abuse, low socio-economic status, 

periodontal disease, bacterial vaginosis, poor pregnancy weight gain (Jacob, 2015). 

Women with sisters who had PTB are 80 % higher risk of delivery preterm, and 

genetic studies have shown single-nucleotide polymorphisms in several genes 

associated with PTB and preterm premature rupture of the membranes (PPROM) 

(Menon et al., 2006; Engel et al., 2005; Macones et al., 2004). Pregnancy 

Pathway Example Mechanistic Effectors GA presents 

Infection or 
inflammation 

Intrauterine, 
lower genital tract 
systemic 

 Proinflammatory 
cytokine 

 Prostaglandin cascade 

 Matrix 
metalloproteinases 

Early preterm 
birth (24 – 32 
weeks) 

Decidual 
haemorrhage 

Thrombophilia 
placental 
abruption 
autoantibody 
syndromes 

 Thrombin matrix 
metalloproteinases 

Early or late 
preterm birth 

Maternal / fetal 
hypothalamic-
pituitary-
adrenal 
activation 

Stress 

 Maternal / fetal 
hypothalamic-pituitary-
adrenal activation  

 Placental corticotropin-
releasing hormone 

 Oestrogens immune 
modulation 

Late preterm 
birth (32 – 36 
weeks) 

Pathologic 
uterine 
overdistension 

Multifetal 
gestational 
polyhydramnios 

 Expression of gap 
junction protein 
prostaglandins oxytocin 
receptors 

Late preterm 
birth 

Cervical 
Cervical 
insufficiency 

 Congenital disorders 

 In-utero 
diethylstilboestrol 
exposure 

 Surgical treatment of 
cervical dysplasia 

 Traumatic damage 
infection 

Very early 
and early 
preterm birth 
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complications such as placenta abruption, placenta previa, shortened cervix and 

chorioamnionitis (Hockney et al., 2020) can also lead to PTB. Dysbiosis of the 

maternal microbiome (Vinturache et al., 2016) causes infection and inflammation, 

instigating the molecular mechanism and stimulating myometrial contractions and 

PTB (Malacova et al., 2018; Erić Ž. and Konjević S, 2017). 

 

1.1.3 Prevention of preterm birth  

The experience of PTB differs between HICs and LMICs, as access to medical 

assistance varies (Harrison and Goldenberg, 2016). However, the advice and 

approaches to preventing PTB are integrated, as Table 1.3 illustrates by outlining 

the general guidelines for improving PTB outcomes.  

 

Table 1.3 Guidelines for improvement of preterm birth outcomes; adapted from Glass 

et al., 2015; National Institute for Health and Care Excellence, 2015; WHO, 2015; De Araújo 

et al., 2012; Barros et al., 2011 

Maternal 

Intervention 
Recommended / Not Recommended 

Antenatal 

corticosteroids 

to improve 

newborn 

outcomes 

Recommended 

For women at risk from 24 to 24 weeks gestation, when preterm 

birth imminent i.e. within 7 days of treatment starting, single or 

multiple births and if adequate care is available for the neonate in 

order to reduce cerebral palsy, respiratory distress syndrome, 

developmental delay, visual and hearing impairment.  

women with preterm prelabour rupture of membranes and no 

infection 

For women with hypertensive disorders in pregnancy and high risk 

of PTB 

For women with risk of PTB and growth restricted foetus 

For women with pre-gestation and gestational diabetes at risk of 

PTB, in addition to plans to control maternal blood glucose levels 

Not Recommended 

For women with chorioamnionitis 

For women undergoing planned caesarean section at late preterm 

i.e. 34-36+6 

Tocolytics 

inhibits preterm 

labour 

Not Recommended for women at risk of imminent PTB, as there 

was no reduction in morbidity or mortality of mothers or neonates 
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Magnesium 

sulphate  

Recommended for women at risk of PTB before 32 weeks 

gestation for prevention of cerebral palsy and neurological 

complications in the infant and child 

Antibiotics for 

preterm labour  

Recommended 

For women with preterm prelabour rupture of membranes: use of 

erythromycin but not amoxicillin and clavulanic to prevent infection 

Not Recommended  

Routine antibiotic administration of women in preterm labour with 

intact amniotic membranes and no clinical sign of infection 

Mode of delivery Not Recommended is the routine delivery by caesarean section, 

as no evidence of improvement in neonatal outcome 

Thermal care for 

preterm 

newborns 

Recommended 

Kangaroo mother care for routine care of newborns <2000 g at birth 

as soon as possible, even if only intermittently, to reduce neonatal 

mortality and morbidity 

Thermoneutral environment of radiant warmers or incubators for 

newborns <2000 g where Kangaroo mother care not available 

Plastic bags / wraps may be used during transportation between 

wards to prevent hypothermia but insufficient evidence for use 

immediately after birth 

Continuous 

positive airway 

pressure  

Recommended 

Continuous positive airway pressure therapy for treatment of 

preterm with respiratory distress syndrome, reduce rates of 

neonatal mortality and morbidity, use of assisted ventilation in 

preterm babies with respiratory distress syndrome  

Surfactant 

administration 

Recommended 

For infants that are intubated, ventilated, and have respiratory 

distress syndrome to reduce preterm infant mortality and morbidity 

administered early, preferably within the first 2 hours of birth 

Not Recommended 

Prophylactic administration of surfactant prior to respiratory distress 

syndrome 

Oxygen therapy 

and 

concentration 

Recommended 

Oxygen therapy on preterm ≤32 weeks, start 30 % oxygen/air, not 

100 % oxygen: lowers risk of in-hospital mortality. Progressively 

increase oxygen concentration if infant's heartbeat is <60 beats per 

minute after 30 secs at 30 % oxygen.  

 

Alternative strategies have been developed using PDE-4 inhibitors, medicinal plants 

and probiotics to improve prenatal and infant outcomes (Muñoz-Pérez et al., 2019). 

Other variants within the NICU have not routinely been taken into account within the 

demographic information collected by clinicians (Kaempf et al., 2019), such as 

cultural, environmental and cognitive characteristics which may explain 
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inconsistencies in reducing morbidity in VLBW infants (Jacob, 2015). Specifically, 

the relationship between clinicians and the women in their care, as face to face care 

allows early detection of issues that could lead to PTB (Fernandez Turienzo et al., 

2019; Story et al., 2019; White et al., 2019), potentially preventing PTB and 

improving the outcomes of preterm infants.  

 

1.2 The Microbiome 

The microbiome is “the entire habitat, including the microorganisms, their genomes, 

and the surrounding environmental conditions” (Marchesi and Ravel, 2015). 

Colonisation of the infant gut microbiome begins in utero (Robertson et al., 2019b; 

Nyangahu et al., 2018; Milani et al., 2017), therefore the effect of the microbiome on 

preterm birth will be explored, followed by the main drivers of microbiota in the 

preterm and term infant gut such as mode of delivery, feeding, and antibiotic 

exposure (Milani et al., 2017). In order to understand the dysbiosis in the preterm 

gut the microbiome of the term infant will be outlined first. 

 

1.2.1 Term infant Microbiome 

The initial colonisation of the infant gut microbiome aids immune system 

development (Houghteling and Walker, 2015a); with the first few days and weeks of 

life shaping a stable adult microbiome, even though there is considerable variation 

between individuals’ microbiome (Gilbert et al., 2018; Tanaka and Nakayama, 

2017). The dominant taxa within the human microbiome changes throughout life 

(Figure 1.2); of most importance to the infant is the Actinobacteria phylum containing 

Bifidobacterium spp. (Mazzocchi et al., 2018; Milani et al., 2017; Arboleya et al., 

2015; Barrett et al., 2013) due to the role they play in breaking down breast milk 

(Ramani et al., 2018; Stewart et al., 2018; De Leoz et al., 2015; Zivkovic et al., 2011; 
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Sela and Mills, 2010) and interacting with short-chain fatty acids (SCFAs) detailed 

below (1.2.3.2). 

 

 
Figure 1.2 Distribution of gut microbiota and Bifidobacteria in the human gut at 

different stages of human life; with the relative abundance of phyla present at these 

stages illustrated by varying proportions of different colours  (Turroni et al., 2018a). 

 

Postpartum, the infant undergoes rapid colonisation of the gut by facultative aerobes 

(Milani et al., 2017), these microbes decrease the oxygen in the gut, facilitating the 

proliferation of anaerobic microbiota. Within the first 12 months of life the alpha(α)-

diversity increases, whilst the beta(β)-diversity decreases (Nogacka et al., 2018) 

signifying a more complex but more stable microbiota (Del Chierico et al., 2015). 

The core microbiome for term infants (Robertson et al., 2019b; Milani et al., 2017; 

Vallès et al., 2014a) comprises a high abundance of Bifidobacteria, at phylum level, 

initially Proteobacteria and Actinobacteria dominate shifting to include Firmicutes 

and Bacteroidetes, once the microbiome stabilises. Six main dominant bacterial 

groups have been highlighted:  
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1) Enterobacteriales, e.g. Escherichia-Shigella spp.  

2) Bacteroidales and Verrucomicrobiales, e.g. Bacteroides spp.  

3) Selenomonadales and Clostridiales, e.g. Veillonella spp.  

4) Pasterurellales,  

5) Clostridiales, e.g. Lacnospiraceae, Blautia spp. and Clostridium spp.  

6) Clostridiales, Lactobacillles and Bifidobacteriales including Streptococcus 

spp. Faecalibacterium spp. Lactobacillus spp. and Bifidobacterium spp. 

The key members from these group and their function within the microbiome are 

outlined (Table 1.4). 

 

Table 1.4 Key members of the core infant microbiome and their function; collated from 

Robertson et al., 2019b; Milani et al., 2017; Ottman et al., 2017; Plovier et al., 2017; de Vos, 

2017; Nagpal et al., 2016; Padmanabhan et al., 2015; Dogra et al., 2015; Vallès et al., 

2014a; Boppana, 2013; Vipperla and O’Keefe, 2012; Marcobal et al., 2011b; Mayo and Van 

Sinderen, 2010; Narushima et al., 2006  

Core member Function 

Bifidobacteria 

Utilise HMOs and SCFAs as energy sources and contributes to 

an immunoregulatory role as well as participating in quorum 

sensing to protect against invasive pathogenic bacteria 

Clostridia  Produces SCFAs for use as energy source 

Bacteroides 
Modulated by HMOs and metabolise glycans; proteolytic activity 

and deconjugate bile acids 

Veillonella and 

Streptococcus 

Saccharolytic activity, utilise lactate produced by action of 

Bifidobacteria, produce propionate which has anti-inflammatory 

role and mediates glucose homeostasis 

Collinsella 
Co-exist when Bifidobacteria are abundant, function not clear. 

Previously called Eubacterium aerofaciens 

Lactobacillus involved in the breakdown of HMOs 

Akkermansia 

A. Muciniphila is the only member of Verrucomicrobiales, has 

been correlated to increased intestine integrity and HMO 

fermentation.  

  
 

Premature infants tend to suffer a delay in this colonisation pattern (Houghteling and 

Walker, 2015a), which can lead to a limited immunoregulatory responses, disease 

and long term neurological issues (Stewart et al., 2015; Skeath et al., 2014). The 

role of preterm birth on the dysbiosis of the infant microbiome is considered below.  

 



13 
 

1.2.2 The Microbiome and Preterm Birth  

The maternal microbiota may influence PTB (Vinturache et al., 2016) with α-diversity 

of all bacteria dropping prior to PTB (Stout et al., 2017). Concomitantly, the foetus 

swallows ~400 mL / day of amniotic fluid in uterus (Cacho and Neu, 2014), which is 

the origin of meconium (Ferretti et al., 2018; Collado et al., 2016; Ardissone et al., 

2014). Therefore, infections such as chorioamnionitis could negatively affect the 

outcome for preterm infants by increasing disease susceptibility. Other PTB related 

organisms found in amniotic fluid are detailed in Table 1.5. 

 

Table 1.5 Preterm birth related organisms found in amniotic fluid; Collated from Areia 

et al., 2019a; Selma-Royo et al., 2019; Valentine et al., 2018; Asnicar et al., 2017; 

Cappelletti et al., 2016 

Organisms related to Preterm Birth in amniotic fluid 

Ureaplasma urealyticum Bacteroides ureolyticus, 

Sneathia sanguinegens Ureaplasma parvum 

Streptococcus agalactiae Mycoplasma hominis 

Gardnerella vaginalis Peptostreptococcus spp. 

Fusobacterium nucleatum Listeria monocytogenes 

Toxoplasma gondii Enterococcus spp. 

Streptococcus spp. Leptotrichia spp. 

Haemophilus influenzae Escherichia coli 

 

The unique microbial community of preterm infants begins in utero (Dibartolomeo 

and Claud, 2016; Ardissone et al., 2014); with vertical transmission of maternal 

microbiota occurring before, during and after birth. The maternal microbiota may 

also help to drive early postnatal innate immune development, Gomez de Aguero et 

al. (2016) illustrated using murine modelling, that maternal colonization increased 

intestinal group 3 innate lymphoid cells and F4/80+CD11c+ mononuclear cells in 

offspring; changing transcription and expression of genes encoding epithelial 

antibacterial peptides and metabolism profiles. Microbial signatures are found in 
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foetal meconium and the maternal placenta (Aagaard et al., 2014). The placental 

profile of non-pathogenic bacteria such as Firmicutes, Tenericutes, Proteobacteria, 

Bacteroidetes and Fusobacteria phyla (Aagaard et al., 2014) are most like the 

human oral microbiome.  

 

The microbiome is known to interact with the immune system in mothers in a similar 

way to infants (Areia et al., 2019b), understanding this interaction may illuminate a 

potential link to disease in preterm infants. Toll-like Receptors (TLRs) play an 

important role in the regulation of parturition by sensing molecular patterns from 

bacteria and infectious agents, inducing an inflammatory response (Areia et al., 

2019b; Awasthi and Pandey, 2019; Cappelletti et al., 2016). The ligands associated 

with PTB are outlined in Table 1.6. 

 

Table 1.6 TLRs challenged with Ligands in murine models correlated with preterm 

birth; where LPS = lipopolysaccharides, LP = lipoproteins (Areia et al., 2019b; Awasthi and 

Pandey, 2019; Cappelletti et al., 2016; Moura et al., 2009; Hollegaard et al., 2008; Ferrand, 

2002; Fujimoto et al., 2002; Lorenz, 2002) 

TLR Ligand 

TLR4 LPS (Gram negative bacteria) LP (Gram positive bacteria) 

TLR3 polyinosinic-polycytidylic acid (Poly (I:C)) 

TLR2 peptidoglycan (PGN) and lipoteichoic acid (LTA) 

TLR9 CpG 

TLR9 CpG / fetal DNA 

TLR5 polyinosinic-polycytidylic acid (Poly (I:C)) 

TLR7/8 ssRNA 

 

High proinflammatory cytokines are linked to PTB (Cappelletti et al., 2016); 

specifically, Interleukin (IL)-1, and IL-6, whereas IL-10 regulates the immune 

response especially in the placenta, downregulating the inflammatory response in 

gestational tissues. PTB is believed to be initiated when microorganisms are 

recognised by TLRs and other pattern recognition receptors (PRRs) activating the 
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innate immune system inducing the proinflammatory cascade controlled by many 

factors (Agrawal and Hirsch, 2012), such as: nuclear factor kappa beta (NFκβ), 

Tumour Necrosis Factor (TNF)-α and IL-6 (Erić Ž. and Konjević S, 2017); producing 

further proinflammatory cytokines and chemokines, influencing the immune 

response of the immature immunoregulatory compromised preterm infant. 

 

1.2.3 Preterm Gut Microbiota 

Three general stages of bacterial succession in the preterm infants’ gut have been 

outlined by Stewart et al. (2018): 

1. Development phase: 3 – 14 months 

2. Transitional phase: 15 – 30 months 

3. Stable phase: 31 – 46 months 

There are five key drivers determining the sequence (La Rosa et al., 2014) and 

speed (Milani et al., 2017) of bacterial succession in the preterm infant gut: 

antibiotics, mode of delivery (vaginal vs caesarean section), type of feeding, GA of 

sample and host genetics; the latter being outside the scope of this thesis. Preterm 

infants are in a restricted environment in the neonatal intensive care unit (NICU), 

which shapes the microbiome of the preterm gut (Brooks et al., 2018; Younge et al., 

2018), providing reservoirs for microbes, giving each NICU and the infants within a 

specific signature (Brooks et al., 2014). Table 1.7 outlines variations between 

studies regarding the dynamics of preterm bacterial colonisation of the gut. 
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Table 1.7 A summary of factors which influence the microbial succession and 

development of the preterm gut. 

Factors influencing preterm infant microbiota Reference 

Four phases of development: 

Staphylococcus → Enterococcus and Enterobacter → 

Bifidobacteria 

Gestational Age: determined microbiota development. 

Antibiotics: temporary effect; Mode of delivery: no effect; Breast 

milk: main driver to normal full-term microbiota signature 

Korpela et al., 

2018b 

Composition of microbiota changes depending on location 

within the gut: 

Colon: phyla Actinobacteria and Firmicutes dominate 

Ileum: Bacteroidetes dominated, Actinobacteria levels were 

lower 

Bifidobacteria and Lactobacilli were dominant genera in both 

locations, only being reduced with Streptococcus and 

Enterobacteriaceae blooms 

Barrett et al., 

2013 

Three phases of microbial succession 

Bacilli → Gammaproteobacteria → Clostridia  

The transition between these stable phases is rapid and dynamic 

and a prime target times for disease  

Grier et al., 

2017 

Robertson et 

al., 2019b 

Microbiota succession influenced greatly by environmental 

niche, varying daily and chaotic in preterm infants with most 

colonised by Enterococcus faecalis, Klebsiella pneumoniae, and 

Staphylococcus epidermidis.  

Preterm infants had high levels of replication of Streptococcus 

agalactia, Pseudomonas aeruginosa, Klebsiella pneumoniae and 

genera Veillonella and Clostridium, but this was reduced with 

antibiotics. 

Brown et al., 

2018 

Prematurity led to increased Firmicutes initially (2 days old), 

followed by Proteobacteria. Bacteroidetes and Actinobacteria 

were significantly reduced in preterm infants when compared to 

full-term infants and remained significantly low for up to three 

months 

Arboleya et 

al., 2016 

Bacilli tend to decrease as Clostridia gradually increases 

postpartum, whereas Gammaproteobacteria bloom after birth 

and remain high in abundance 

Nogacka et 

al., 2018 

Clostridia appearance is slower in the most premature, but all 

infants have discernible levels at 33- to 36-week 

postconceptional age regardless of gestational age at birth. 

La Rosa et 

al., 2014 

Body site determines bacterial microbiota composition in low 

birthweight infants, stool and saliva composition were similar 

until 15 days postpartum 

Costello et 

al., 2013 

Body site showed little difference in microbial composition, skin 

had most adult-like composition compared to stool and saliva 

Olm et al., 

2017 
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The phyla Firmicutes and Proteobacteria were the most 

abundant in gastric samples collected by aspiration from the 

preterm infants’ stomach showed distinct bacterial microbiota 

adapted to the specific environment of the stomach 

Moles et al., 

2017 

 

The preterm infant’s microbiota contains increased facultative anaerobes, especially 

in the first seven days of life (Jost et al., 2012); such as Enterobacteriaceae, 

Enterococceae, and Lactobacillus spp. with decreased and delayed appearance of 

anaerobes such as Bifidobacterium, Bacteroidetes and Actinobacteria (Milani et al., 

2017; Arboleya et al., 2012b, 2012a). When Bacteroides colonisation is delayed it 

causes an increase in bacterial translocation, inflammation and oxidative stress 

(Collado et al., 2015).  

 

A core community of Klebsiella, Escherichia, and Staphylococcus and Enterococcus 

has been shown to provide a preterm signature in large population (Stewart et al., 

2016b, 2017b; Stewart, 2014). This signature was profiled into six clusters (Stewart 

et al., 2017b) potentially allowing for health and disease prediction. These clusters 

were termed Preterm Gut Community Types (PGCTs); PGCT 1 – 5 were present in 

preterm infants prior to NEC diagnosis, whereas the Bifidobacteria were dominant 

in PGCT 6 which also only contained healthy infants. Instability and movement 

between PGCTs were a marker for NEC. The profile clusters were as follows: PGCT 

1: Klebsiella dominant; PGCT 2: Klebsiella and Enterococcus dominant; PGCT 3: 

Staphylococcus dominant; PGCT 4: Enterococcus dominant; PGCT 5: Escherichia 

dominant; PGCT 6: Bifidobacterium dominant which also had significantly more 

diverse microbiota and higher richness.  

 

Birthweight tends to increase with GA, with a normal distribution of birthweight for 

each GA; therefore, neonates that may be placed in an earlier category for GA may 
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be older or even term infants with growth restrictions emanating from intrauterine 

period (Patel et al., 2015; Simmons et al., 2010). This impacts upon the maturity of 

the infant and can thereby affect the risk of neonatal mortality in a preterm infant 

compared to a term infant of the same birth weight. Concurrently, Chernikova et al. 

(2018) reported an increasing Simpson diversity for preterms over time (from 0 - 80 

days) but the index always remained lower than term infants, however there was 

only a significant difference in Simpson diversity between extremely and very 

preterm infants, with increased Bifidobacteria and Streptococcus as gestational age 

increased. 

 

1.2.3.1 Mode of delivery  

It has been a matter of debate as to whether the mode of delivery influences preterm 

infant gut microbiota, previous studies have found infants born by vaginal delivery 

(VD) mirror the maternal vaginal microbiome (Dibartolomeo and Claud, 2016; Dogra 

et al., 2015; Dominguez-Bello et al., 2010) dominated with Lactobacillus, Prevotella 

or Sneathia spp. whereas infants born by caesarean section (CS) were dominated 

by skin microbiota such as Staphylococcus, Corynebacterium and 

Propionibacterium spp. and lack species from genus Bacteroides, a difference still 

apparent at 6 – 18 months of age (Mitchell et al., 2020; Milani et al., 2017; Stokholm 

et al., 2016). CS infants have been described as possessing lower proportions of 

genera Bacteroides, Parabacteroides and Clostridium inferring reduced metabolism 

of amino and nucleotide sugars, concurrent with more fatty acid metabolism genes 

amino acid degradation and xenobiotic biodegradation (Mueller et al., 2017). 

Whereas Patel et al. (2016) and Chu et al. (2017) found no link between mode of 

delivery and bacterial colonisation pattern in preterm infants with microbial 

convergence after two weeks in the NICU. However, VD term born infants had 
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increased Lactobacillus and CD infants have increased Staphylococcus, 

Propionibacterium, and Streptococcus.  

 

Therefore, the infant microbiota undergoes substantial reorganization within the first 

6 weeks of life, which is primarily driven by body site and not by mode of delivery. 

Stewart et al. (2017) found the metabolic potential between modes of delivery were 

similar, but there was an increased stability of operational taxonomic units (OTUs) 

in VD preterms. The infant’s microbiota was also seen to acquire and maintain the 

gene function range from the mother, but not the phylogenetic composition of the 

maternal microbiota (Vaishampayan et al., 2010). Higher rates of Bacteroides 

species in the developmental phase of 3 – 14 months, specifically B. fragilis in VD 

infants, but Bacteroides were also correlated with increased gut microbiota diversity 

regardless of mode of delivery (Stewart et al., 2018). In comparison, Martin et al. 

(2016) found the colonisation of healthy infants with Bifidobacterium, Lactobacillus 

and Bacteroides was influenced by mode of delivery, feeding type and siblings in 

the household. Also, the meconium microbiome (Shi et al., 2018) which is arguably 

unaffected by feeding approach, has been found to have a higher bacterial 

abundance in VD infants than those delivered by CS.  

 

1.2.3.2 Breast milk and Short-Chain Fatty Acids 

There are over 200 different human milk oligosaccharide (HMO) structures in breast 

milk, which differ in: size, charge, sequence, and abundance (Zivkovic et al., 2011). 

Infants consume complex HMOs in the breast milk which are indigestible by infant 

intestinal enzymes (Garrido et al., 2013a). Upon reaching the distal gut Bacteroides 

thetaiotaomicron and B. fragilis interact with the HMOs, enabling digestion of the 

breast milk by Bifidobacterium infantis (Marcobal et al., 2010a, 2011a). B. infantis 

utilises several small HMOs as a carbon source (Garrido et al., 2012) due to a large 
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gene cluster dedicated to HMO metabolism, whereas adult-associated 

Bifidobacterium longum cannot utilise HMOs (Sela and Mills, 2010). B. infantis was 

selected through coevolution with human milk glycans (Zivkovic et al., 2011), 

therefore there is an opportunity for focused manipulation of the infant intestinal 

microbiota through the interaction of Bifidobacteria and HMOs (Underwood et al., 

2015a). Breastfeeding increases the abundance of Bifidobacterium breve and 

Bifidobacterium bifidum and the cessation of breastfeeding aligns with the 

maturation of the microbiome (Stewart et al., 2018) illustrated by the shift to the 

Firmicutes domination.  

 

Comparison of the closely related subspecies B. longum and B. infantis 

demonstrated that the former encodes enzymes for the digestion of plant 

oligosaccharides, while the latter has evolved the capacity to digest HMOs 

(Underwood et al., 2014, 2015a). Most of the strains of B. infantis sequenced to date 

contain a 43 kb gene cluster (HMO cluster I) that encodes a variety of 

oligosaccharide transport proteins and glycosyl hydrolases not found in other 

Bifidobacteria species. HMO structures follow the same basic configuration: a 

lactose core at the reducing end, elongated by N-acetyl-lactosamine units with at 

least twelve different types of glycosidic bonds, with fucose and sialic acid residues 

added to terminal positions. The linear and branched HMOs vary in size, from three 

to thirty-two sugars, being mostly fucosylated neutral oligosaccharides (Marcobal et 

al., 2010b). Bifidobacteria are health promoting through the inhibition of exogenous 

pathogens (1.4.1), the amount of SCFAs produced as end products of 

oligosaccharide fermentation (Figure 1.3) have been used to measure HMO levels 

(Rycroft et al., 2001).  
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Figure 1.3 Simplified diagram of Bifidobacteria carbohydrate metabolism; via the 

frustose-6-phospahte phosphoketolase (F6PK) pathway. The enzymes of importance to 

each step are highlighted in red. Simplified from Mayo and Van Sinderen, (2010) and Lee 

and O’Sullivan, (2010). 

 

SCFAs are carboxylic acids, and a subdivision of saturated fatty acids, defined by 

the presence of an aliphatic tail of 2 – 6 carbon molecules, they are the main 

metabolites formed during the fermentation process by anaerobic bacteria (Tan et 

al., 2014). SCFAs can be produced naturally in the liver, but most are metabolites 

formed from the fermentation process of anaerobic bacteria in the colon (Koh et al., 

2016; Parrett and Edwards, 1997). Acetic acid (C2), propionic acid (C3), and butyric 

acid (C4) are the most abundant SCFAs produced through the bacterial 

fermentation of undigested carbohydrates (Erny et al., 2015). The molar ratio of 

acetic acid, propionic acid and butyric acid in the adult colon is 60:25:15 respectively 

(Tazoe et al., 2008), but this varies by diet, microbiota, and site of fermentation 

(Samuel et al., 2008). 

 

 



22 
 

Actinobacteria, particularly Bifidobacteria but including other Lactic Acid producing 

bacteria such as the Firmicutes such as Lactobacillales, tend to clump together in 

functional and phylogenetic analysis. This clustering however also contains the 

phylogenetically distant Clostridiales genera (species include Faecalibacterium and 

Anaerostipes) which requires acetic acid but produces butyric acid, a key SCFA 

energy source for Actinobacteria and Firmicutes. Verrucomicrobiales and 

Bacteroides (genera represented by Akkermansia and Bacteroides respectively) are 

acetic acid and propionic acid producers able to degrade mucin. Functional 

equivalence hypothesis would assume that most abundant taxa would have similar 

functional profiles, independent of phylogenetic relationships, and therefore cluster 

in functional groups (Vallès et al., 2014b). However, the dominant genera in the 

week-old infants were from different functional profiles: Bacteroides, Clostridium, 

Veillonella, Bifidobacterium and Escherichia.  

 

SCFAs has been measured in the gut and linked to gut microbiome health (Sanz et 

al., 2015), the interactions between immunity, metabolism and the microbiota 

influences disease mechanisms suggesting butyric acid producing bacteria protect 

against diabetes and obesity. The waxy coating on foetuses (vernix caseosa) 

contains SCFAs (Ran-Ressler et al., 2011) and is shed into the amniotics fluid prior 

to birth, however this may not occur in preterm labour. Concomitantly, a 50 % 

reduction in NEC incidence has been recorded in rat models when SCFAs were 

present. Similarly, the exopolysaccharides (EPS) of B. breve have been shown to 

modulate the host response in model colons (Püngel et al., 2020), increasing 

SCFAs, by acting as a nutrient substrate. Chapter 5 explores this relationship by 

investigating butyric acid in human breast milk from the mothers of preterm infants. 
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1.2.3.3 Antibiotics 

The essential requirement for antibiotic use in the NICU has been balanced with the 

reported long term detrimental consequences including reduced neurological 

development (Slykerman et al., 2019), and dysbiosis of the gut microbiome 

(Gasparrini et al., 2016, 2019). Amoxicillin and ceftazidime are routinely given 

intravenously to preterm infants, significantly lowering Bifidobacteria abundance for 

3 weeks after short term treatment, and 6 weeks for long term treatment (Wandro 

et al., 2018; Zwittink et al., 2018). Community richness and diversity were not seen 

to be affected by these antibiotics but positively correlated with day of life and 

Bifidobacteria abundance. Gut microbiota dysbiosis from short term antibiotic 

exposure recovers quickly after cessation whereas long term antibiotic use causes 

sustained disruption. Meropenem, cefotaxime and ticarcillin–clavulanate have been 

associated with significantly reduced species richness (Collado et al., 2015). Whilst 

vancomycin and gentamicin, the antibiotics most commonly administered to preterm 

infants, have variable effects on species richness (Gasparrini et al., 2016, 2019; 

Gibson et al., 2016). The differing effects of antibiotics on the preterm infant gut are 

summarised in Table 1.8. 

 

Table 1.8 A summary of the effects of antibiotics on the microbiota of preterm infants. 

Effect of Antibiotics  Reference 

Preterm and low birth weight infants that received antibiotics tend 

to have greater levels of Pseudomonas aeruginosa and 

Mycoplasma spp. 

Moossavi et 

al., 2019a 

Antibiotics are effective against Enterobacteriaceae, but 

Enterococcus dominate for two weeks after antibiotic 

cessation 

Zwittink et 

al., 2018 

Antibiotic treatment and reduced utilisation of human milk with 

hospitalisation led to increased Proteobacteria, Firmicutes, 

Enterobacteriaceae (E. coli and Klebsiella spp.); increased 

Staphylococcus, Propionibacterium, and Corynebacterium leading 

to increased NEC and LOS 

Collado et 

al., 2015 
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No significant difference in microbiota that was not explained by 

the normal individual variances between infants; clinical status of 

health, NEC or LOS was not a factor varying bacterial abundance 

Wandro et 

al., 2018 

Abx within 48 hrs of birth reduced Bifidobacteria and Lactobacillus 

for weeks after treatment was stopped. Prenatal exposure to 

Antibiotic increased Staphylococcus, Streptococcus, Serratia and 

Parabacteroides which can lead to pathogenic communities. 

Zou et al., 

2018 

Proteobacteria and Firmicutes were the most abundant after 48hrs 

of antibiotics, with the more harmful genera being found in 

Proteobacteria which has been used as a marker for dysbiosis and 

potential disease, specifically NEC. at genus level Klebsiella, 

Escherichia-Shigella and Enterococcus were dominant, with 

Bifidobacteria significantly reduced 

Fouhy et al., 

2012a 

 

Intrapartum antimicrobial prophylaxis (IAP) for Group B Streptococcus (GBS) 

administered to mothers after pre-labour rupture of membranes and elective or 

emergency CSs, showed dysbiosis of the infants’ gut microbiota for 3 months, and 

up to a year for CS infants (Azad et al., 2016). Bacteroides and Parabacteroides 

genera were reduced, whilst Enterococcus and Clostridium were increased at 3 

months. All perturbations lasted longer than 3 months, and up to a year in formula 

fed infants. Short term studies (Mazzola et al., 2016) also showed an increased 

relative abundance of Enterobacteriaceae and reduced Bifidobacteria at 7 days of 

life in breast fed infants, but finding an IAP effective against GBS without decreasing 

Bifidobacteria (Aloisio et al., 2014) is difficult.  

 

Similarly Arboleya et al. (2016) examined the effect of IAP given to the infant and 

mother, but saw no difference in preterm infant phyla in first few days of life. After 

30 days of life, levels of Actinobacteria were higher in infants without antibiotic 

intervention, and Firmicutes were higher in preterms whose mothers received 

antibiotics. Firmicutes were also higher in mothers who did not receive IAP even 

when the infants did receive antibiotics. The converse was seen for Proteobacteria, 

with lower levels in antibiotic free infants than those where either the mother or infant 
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have received antibiotics. Similarly, higher levels of Proteobacteria were found when 

the infants’ mother received IAP than in the group where only the infants received 

antibiotics.  

 

Clinically important antibacterial genes, such as Staphylococci related mecA have 

been found in the microbiota of preterm infants (Moles et al., 2017; Rose et al., 

2017). 13 antimicrobial resistance genes per preterm infant have also been 

discovered (Moles et al., 2017), including aminoglycosides and fluoroquinolones. 

Kiu et al. (2017) identified antimicrobial genes for tetracycline and methicillin 

resistance, with potentially harmful phospholipases and toxins when analysing the 

genomes of Clostridium species. The presence of antibiotic resistance genes further 

highlights the importance of establishing biomarkers for disease in preterm infants 

and investigating non-antibiotic treatments and preventions such as SCFA and 

probiotic interventions. 

 

1.3 Diseases in Preterm Infants  

Preterm infants have increased risk of suffering from a life threatening disease, with 

most preterm deaths occurring in the earliest GA (Harrison and Goldenberg, 2016). 

Up to 20 % of VLBW infants (< 1500 g) will suffer more than one systemic infection 

including necrotising enterocolitis (NEC) and late onset sepsis (LOS), this rises to 

nearly 60 % in the most immature infants (Schüller et al., 2018). The exposure to 

microbial patterns and profiles as well as the interaction between these microbes 

and the host, are key to understanding the development of disease such as NEC 

and LOS. In general, diversity of all bacteria will drop prior to disease onset 

(Berrington et al., 2014) and PTB (Stout et al., 2017).  
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1.3.1 Necrotising enterocolitis (NEC) 

Necrotizing enterocolitis (NEC) is a prevalent disease within the preterm infant 

population, causing 21 % of all deaths in infants under 32 weeks GA (Stewart et al., 

2012). The peak corrected GA of NEC onset is 30 weeks, with genetic predisposition 

(Cuna et al., 2018) and the stage of intestinal development driving the microbial 

profile (Neu and Pammi, 2017). Mortality and morbidity rates, including 

neurodevelopmental impairment, are between 20 – 50 % (Cho et al., 2016; Cassir 

et al., 2015; Deshpande et al., 2007a). Dysbiosis of the gut is the main trait of NEC 

(Patel et al., 2015), which is diagnosed using adapted versions of the Bell stages 

(Bell et al., 1978) as Table 1.9 outlines. Yet severe NEC can develop without 

observing pneumatosis intestinalis or portal gas (Neu and Walker, 2011), 

consequently biomarker development for the prediction of NEC is required.  

 

Bacterial composition of the preterm gut has been examined thoroughly to uncover 

a causative bacterial community of NEC. To date, elucidating potential bacterial 

biomarkers (Stewart et al., 2012) or a specific bacteria linked to NEC (Brown et al., 

2018) has been unsuccessful. However, a pattern in the microbiome of preterm 

infants with NEC shows a shift 3 weeks before onset, with decreasing Firmicutes 

and Bacteroidetes and increasing Proteobacteria (Pammi et al., 2017; Hourigan et 

al., 2016; Claud et al., 2013). Warner et al. (2016) also describe a positive 

association of Gammaproteobacteria and negative association of strictly anaerobic 

bacteria in VLBW infants which later developed NEC. There are species found in 

healthy infants but not in those that developed NEC, but the reverse has not been 

seen; Enterobacter spp., Propionibacterium spp., and Peptostreptococcus spp., 

have been associated with NEC (Brown et al., 2018), and Veillonella spp. replicates 

faster in infants with NEC, however genera Anaerococcus, Klebsiella, Actinomyces, 
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Eggerthella, Streptococcus, Clostridiales, and Bifidobacterium replicate faster in 

healthy infants. 

 

Table 1.9 Modified Bell stages; collated from Arbra et al., 2018; Autran et al., 2018a; Juhl, 

2017; Cho et al., 2016; Costeloe et al., 2016; Gokhan Aydemir et al., 2013; Neu and Walker, 

2011; Lin et al., 2008; Bell et al., 1978 

Stage Clinical Signs Radiographic Signs 

Suspected 
1A 

Variable temperature, Apnoea, 

Bradycardia, Lethargy, Gastric 

Retention, Abdominal distention, 

Emesis, Heme-positive stool 

Normal or intestinal 

dilation, Mild Ileus 

1B As above plus: Bloody stool As above 

Definite 

Mild 

2A 
As above plus: Absent bowel sounds, 

Some abdominal tenderness  

Intestinal dilation, ileus, 

pneumatosis 

intestinalis 

2B 

As above plus: Mild metabolic 

acidosis, Thrombocytopenia, Absent 

bowel sounds, Definite tenderness, 

Abdominal cellulitis, Right lower 

quadrant mass 

As above plus: ascites 

Advanced 

Severe 

Bowel intact 

3A 

Same as 2B plus: Hypotension, 

Bradycardia, Severe apnoea, 

Respiratory acidosis, Metabolic 

acidosis, Disseminated intravascular 

coagulation, Peritonitis, Tenderness, 

Abdominal distention 

As above 

Advanced 

Severe 

Perforated 

bowel 

3B Same as 3A 
As above plus: 

Pneumoperitoneum 

 

Pammi et al. (2017) differed from many studies (Stewart et al., 2018; Milani et al., 

2017) finding that α- and β-diversity indices in preterm infants with NEC were not 

consistently different from controls, instead finding differences in taxonomic profiles 

related to antibiotic exposure, formula feeding, and mode of delivery. The study 

(Pammi et al., 2017) was a meta-analysis and therefore likely to include data bias 

from larger studies such as Warner and Tarr (2016), where differences in gut 

microbiota in VLBW preterms were only visible after a month, and geographically 
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specific. If the conclusion is then made that the gut microbiome community structure 

of diseased infants is different, but that this difference may not affect the severity or 

onset of NEC (Barron et al., 2017) – as co-occurrence does not mean the bacteria 

are interacting (Blanchet et al., 2020) – then the focus shifts to the functionality 

(Stewart et al., 2017b) of the bacteria and their ability to produce metabolites as a 

potential causation factor of NEC.  

 

The primary risk factors of NEC are prematurity, bacterial colonisation, enteral 

feeding and altered intestinal blood flow, which interact causing and exaggerating 

the inflammatory immune response, a proposed pathogenesis to NEC is detailed in 

Figure 1.4.  

 

 
Figure 1.4 Proposed pathogenesis of NEC collated and adapted from Cuna et al., 2018; 

Neu and Pammi, 2018; Hourigan et al., 2016; Vongbhavit and Underwood, 2016a; Claud et 

al., 2013; Weitkamp et al., 2013; Neu, 2011; Neu and Walker, 2011 
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The CPS1 gene (carbamoyl1-phosphate synthetase) has been hypothesised as 

causing a genetic predisposition to intestinal immaturity linked to NEC (Neu and 

Pammi, 2018; Neu, 2011; Neu and Walker, 2011), as has a common mutation in the 

FUT2 gene (Vongbhavit and Underwood, 2016a). The resulting immature intestinal 

barrier has decreased mucus and Immunoglobulin A (IgA), which lowers the 

intercellular junction integrity, increasing intestinal permeability. Simultaneously, an 

increased expression of Toll-like Receptor 4 (TLR4) in infants compared to adults, 

whilst regulatory factor, via inhibitor of nuclear factor kappa (Iκβ), is under expressed 

for transcription factor nuclear factor kappa-β (NF-κβ) further increasing 

inflammation. In addition, the serum levels of cytokines and chemokines that recruit 

inflammatory cells in NEC patients, such as IL-8, mediates migration of neutrophils 

to the site of inflammation, heightening the inflammatory immune response, 

potentially causing necrosis. 

 

The preterm infants’ immature defence system largely results from an 

underdeveloped gut with altered intestinal mucus, decreased barrier function, 

lessening immune protection factors from goblet cells e.g. trefoil factor, and reducing 

defensins from Paneth cells (Dibartolomeo and Claud, 2016). The inflammatory 

response to both commensal and pathogenic bacteria can lead to ischemia and 

necrosis, which are precursors to NEC. Histamine-2 receptor (H2-) blockers, proton 

pump inhibitors (PPI), and antibiotics, are linked to NEC (Grier et al., 2017) as the 

mechanisms favour the growth of Proteobacteria over Firmicutes. 

 

The known immunological biomarkers relate to the ratio between T-reg and effector 

T-cells; where the presence of FOXP3 T-cells in premature infants with NEC are 

decreased, causing reduced function of the lamina propria and effecting mucosal 
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lining functionality, contributing to the inflammatory cascade associated with NEC 

(Weitkamp et al., 2013). Neu and Walker, (2011) and Weitkamp et al. (2013) 

suggest the possibility of managing and even preventing NEC with probiotics, 

vitamins and breast milk feeding, as NEC susceptible low / very low birth weight 

preterm infants lack Bifidobacteria. Stewart et al. (2016) linked metabolites from 

C21-steroid hormone biosynthesis and linoleate metabolism pathways, with NEC; 

whilst Wandro et al. (2018a) found no metabolites associated with NEC, LOS or 

healthy outcomes, the analysis was untargeted, and further investigation in this area 

needs to be conducted.   

 

1.3.2 Late-onset Sepsis (LOS) 

Late-onset sepsis (LOS) manifests between 7 – 28 days of birth and has a variety 

of causes, symptoms, and outcomes. Meningitis, NEC and bacteraemia are the 

most common (Romeo et al., 2011; Shane et al., 2017; Brooks et al., 2018; Hanley, 

2008) and VLBW (<1500 g) infants have the greatest risk. Differing from early onset 

sepsis (EOS) where symptoms occur within 72 hrs to 7 days after delivery, subject 

to clinicians’ discretion (Shane et al., 2017; Jiang et al., 2004). Gram negative 

bacteria are linked to EOS and Gram positive are linked to LOS (Hornik et al., 2012). 

GBS is the most common cause of neonatal sepsis, consequently Brown and 

Denison (2018) proposed prenatal screening to reduce rates of sepsis. 

 

In the UK it is estimated that the incidence of early onset sepsis (onset ≤ 48 hours 

of age) was 0.9/1000 live births and 9/1000 neonatal admissions (Vergnano et al., 

2011). The incidence of LOS (onset > 48 h of age) was 3/1000 live births and 

29/1000 neonatal admissions (Jiang et al., 2004), with mortality up to 10 % (Stewart 

et al., 2017b). Additionally, developmental issues such as cerebral palsy, lower 

Bayley Scale of Infant Development II scores, reduced psychomotor development 
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and abnormal vision (Tarr and Warner, 2016) are prevalent in preterm infants that 

survive. Sepsis has been linked to the onset of NEC (Shane et al., 2017), and 

differential diagnosis between LOS and NEC is challenging as both initially display 

with abdominal distension and higher than normal inflammatory markers (Schüller 

et al., 2018; Shane et al., 2017; Stewart et al., 2013, 2016a), however the primary 

signs of LOS are outlined in Table 1.10.  

 

 

Table 1.10 Non-specific signs, symptoms and focal signs of LOS; there is a lack of 

definitive symptoms for LOS, specifically it is difficult to separate from NEC but the primary 

symptoms have been collated from Schüller et al. (2018); Shane et al. (2017); Rao et al. 

(2016); Tarr and Warner (2016). 

LOS symptoms LOS later complications 

Temperature instability Respiratory failure 

Hypotension Pulmonary hypertension 

Poor Perfusion with pallor / mottled 
skin 

Cardiac failure 

Metabolic acidosis Shock 

Tachycardia / Bradycardia Renal failure 

Apnoea Liver dysfunction 

Respiratory distress Cerebral oedema / Thrombosis 

Grunting Adrenal haemorrhage 

Cyanosis Bone marrow dysfunction  

Irritability Disseminated Intravascular Coagulation 

Lethargy  

Seizures  

Feeding Intolerance  

Abdominal distention  

Jaundice  

Petechia  

Purpura and bleeding  

 

LOS causing bacteria are predominantly Gram positive, accounting for around 45 – 

77 % of infections with approximately 25 % mortality, with Gram negative bacteria 

less prevalent between 19 – 36 % infection but with a much higher mortality rate of 

40 %; Pseudomonas aeruginosa has the highest mortality at 45 – 75 % (Shaw et 
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al., 2015; Downey et al., 2010). The main LOS causing bacteria and the clinical 

advice purporting to prevent LOS are in Table 1.11.  

 

Table 1.11 The main LOS causing bacteria, prevention measures and risks leading to 

LOS; mortality is high with ~25 % from Gram positive bacteria and up to 40 % from Gram 

negative bacterial sepsis (Schüller et al., 2018; Wandro et al., 2018; Shane et al., 2017; 

Stewart et al., 2017b; Stocker et al., 2017; Rao et al., 2016; Tarr and Warner, 2016; van 

Herk et al., 2016; Shaw et al., 2015; Hicks and Fairchild, 2013; Downey et al., 2010; Klinger 

et al., 2009; Jiang et al., 2004). 

LOS causing bacteria Prevention of LOS 

Coagulase-negative Staphylococci Antimicrobial measures 

Staphylococcus aureus Limited steroidal use 

Group B streptococcus (GBS) Standardisation of catheter care 

Escherichia spp. Hand hygiene 

Klebsiella spp. Parenteral antibiotics 

Serratia spp. Procalcitonin during Antibiotic treatment 

Enterobacter spp. HeRO (Heart rate observation monitor) 

Pseudomonas spp.  

 

Table 1.12 outlines the risk factors for LOS, which generally include medical 

intervention, maternal and birth complications. Present and future potential 

treatments for LOS are detailed in Table 1.13. 

 

Table 1.12 The main risk factors linked to LOS; maternal infections, medical 

intervention and pre-existing diseases are general factors that increase the risk of 

developing LOS (Shane et al., 2017; Rao et al., 2016; Tarr and Warner, 2016; Jiang et al., 

2004) 

Risks 

Intravascular catheters Low gestational age 

Delayed enteral feeds Multiple births 

Prolonged ventilation Complicated delivery 

Prolonged parenteral nutrition Foetal tachycardia 

Surgery Heart rate variability 

Prolonged rupture of membranes Congenital malformations 

Maternal Infections Respiratory tract / metabolic disease 

Low birthweight Necrotising Enterocolitis 
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Table 1.13 Present and future treatments for LOS; collated from Schüller et al. (2018); 

Wandro et al. (2018b); Shane et al. (2017) 

Present approaches to treatment  

Pentoxifylline Inhibits pro-inflammatory cytokine production in conjunction 

with the elevated levels of adenosine often found in preterm 

Antibiotics Vancomycin with aminoglycoside, can increase inflammatory 

response and leads to microbiome profiles dominated by 

bacteria with disease causing potential 

Probiotics Upregulates local and systemic immunity by decreasing pro-

inflammatory cytokines whilst increasing anti-inflammatory 

cytokines. Also decreases the permeability of the gut to 

bacteria and toxins 

Breast Feeding human milk contains bioactive ingredients which inhibit 

bacterial adhesion and biofilm formation, binding endotoxins 

and blocking receptors required for epithelial invasion to 

prevent bacterial translocation, promotes anti-inflammatory 

effects by stimulating macrophages 

Future potential treatments 

Maternal 

immunization 

Immunoglobulin vaccination against GBS, CMV 

(cytomegalovirus) and RSV (respiratory syncytial virus) but 

relies on transplacental antibody transport 

APPs 

(Antimicrobial 

Proteins and 

Peptides) 

APPs are released by neutrophils, monocytes and 

macrophages, as well as being present in biofluids such as 

breast milk 

Innate Immune 

stimulants 

PRRs (Pattern recognition receptors) such as TLRs which 

influence cytokine response. Live attenuated vaccines such as 

BCG (Bacille Calmette-Guérin) which can increase the immune 

response against other pathogens as well as Tuberculosis  

Stem Cells Mesenchymal stromal cells (MSCs) modulate the immune 

response 

Inflammasome 

inhibitors 

Inflammasome newly identified group of PRRs which are 

blocked by small molecule inhibitors, e.g. NLRP3 (nucleotide-

binding and oligomerization domain-like receptors Family Pyrin 

Domain Containing 3) which decreases inflammasome 

dependent cytokine secretion 

Antibiotics with 

anti-inflammatory 

properties 

Move away from inflammatory producing β-lactam towards 

antibiotics which lyse bacteria such as Macrolides, rifampicin 

and tetracycline reducing the inflammatory response  

 

Utilising metabolites in profiling potential biomarkers has experienced mixed 

success, whilst no single protein or metabolite has been associated with LOS 

(Stewart et al., 2016a), galactose metabolism was reduced, which may be linked to 
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a reduced abundance of Bifidobacteria (Stewart et al., 2017b). Tarr and Warner 

(2016), have hypothesised that the onset of sepsis in preterm infants describes a 

shift from a host-canonical paradigm to a new bacteria-canonical paradigm. The 

paradigm shift describes a change from host factors such as the preterm infants’ 

poorly developed immune system being the cause of disease to bacteria lead 

causation. Reduced immunity is ubiquitous in preterm infants, yet not all infants 

develop LOS, therefore it is the function of the colonising bacteria and the invasion 

potential which drives onset in preterm infants. This could be extrapolated to include 

both NEC and sepsis in preterm infants, although NEC has patterns of bacterial 

community profiles in diseased infants, LOS has a more distinct bacterial profile 

prior to onset. 

 

1.4 Disease prevention in Preterm Infants 

1.4.1 Probiotics  

Probiotics are: live microorganisms when administered in adequate amounts may 

confer health benefits regarding specific illnesses (Rao et al., 2016; WHO, 2015). 

Probiotics have been advantageous in preventing and treating diarrhoea in children 

(Van Niel et al., 2002), preventing necrotising enterocolitis (NEC) (Deshpande et al., 

2007b) and LOS (Aceti et al., 2017; Rao et al., 2016). Although, there is some 

evidence to show that the use of probiotics may be more beneficial for NEC and 

less effective or even ineffective on LOS (Jacobs et al., 2013; Garland et al., 2011). 

However, probiotics have been shown to increase the abundance of Bifidobacteria 

in the gut of preterm infants (Plummer et al., 2018). The importance of Bifidobacteria 

to the health of preterm infants in relation to preventing sepsis is gathering 

significant support (Stewart et al., 2017b; Turroni et al., 2017; Deshpande et al., 

2007b). Bifidobacteria may directly protect, or act as marker for protection against 
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gut epithelial translocation (Stewart et al., 2017a), as seen in ulcerative colitis 

(Duranti et al., 2016). Consequently, the administration of probiotics has been 

recommended practice through many NHS Neonatal Intensive Care Units (NICU) 

(Embleton and Yates, 2008). 

 

The risk of NEC, and other free radical related diseases are associated with 

oxidative stress which is heighted in preterm birth (Arboleya et al., 2012b). Breast 

milk from mothers of full-term infants have greater antioxidative abilities then from 

mothers of preterm infants. Probiotics could play a role as antioxidants, as well as 

metabolite mediated prevention of proinflammatory cytokine production resulting 

from oxidative stress (Moya-Pérez et al., 2017; Paszti-Gere et al., 2012; Mikelsaar 

and Zilmer, 2009). Figure 1.5 outlines the mechanism of probiotics and breast milk 

in these immunoregulatory mechanisms in preterms. 

 

Aloisio et al. (2014) tentatively explored the use of Bifidobacterium spp. as a 

nonchemotherapeutic approach to prevent GBS infections, particularly important for 

immunocompromised preterm infants because antibiotics used to combat GBS 

decrease beneficial Bifidobacteria. Probiotics, specifically Lactobacillus, reduce the 

recurrence of bacterial vaginosis by outcompeting pathogenic bacteria and 

producing bacteriocins (Dhanasekar et al., 2019). Lactobacillus can stimulate 

production of IL-10 and colony stimulating factor 3 (CSF3) in murine Macrophages 

(MΦs) via Janus kinase / signal transducers and activators of transcription (JAK / 

STAT), in addition to mitogen-activated protein kinase (MAPK) pathways, 

downregulating LPS induced TNF-α response (Underwood, 2019; Liu et al., 2012, 

2013). Concomitantly, Lactobacillus increases chemokine production, thereby 
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interrupting the inflammatory cascade, further anti-inflammatory effects occur from 

the expression of prostaglandin-metabolising enzymes.  

 

 
Figure 1.5 Immunoregulatory mechanisms of probiotics and breast milk in the 

prevention of neonatal disease; (A) A reduced abundance of beneficial bacteria is found 

in the gut microbiome of preterm infants and higher number of pathogenic bacteria than 

term infants. Probiotic administration up-regulates local and systemic immunity and 

decreases proinflammatory cytokines (1) and increasing the production of anti-inflammatory 

cytokines (2) thereby decreasing gut permeability (3). (B) Many of the biomolecules found 

in breast milk have antimicrobial and immunoregulatory properties, such as lactoferrin which 

inhibits bacterial adhesion and biofilm formation (1) binding endotoxins from pathogens (2) 

receptor blocking (3) preventing epithelial translocation (4) and promoting anti-inflammatory 

effects of stimulated macrophages (5). Adapted from Schüller et al. (2018). 

 

The question of which probiotic product to administer to a premature infant is 

challenging given the lack of direct comparisons between products and the lack of 
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rigorous standardization of live bacteria as a therapeutic intervention (Abdulkadir et 

al., 2016a). A high number of discrepancies between the stated contents of 

commercial probiotic products and the measured contents has been reported 

(Underwood et al., 2015b) and questions remain regarding dose, duration, and type 

of probiotic agents (species, strain, single or combined, live or killed) used for 

supplementation (Deshpande et al., 2007b). However, Abdulkadir et al. (2016) 

found that probiotic administration to infants < 32 weeks gestation until 34 weeks 

reduced NEC associated organisms Clostridrium and Klebsiella, whilst increasing 

colonization by Bifidobacteria.  

 

In this thesis, infants have either been administered Infloran ®, LaBiNIC or no 

probiotics, as per the clinical supervision at the RVI. The first brand, Infloran™ was 

administered between 2008 – 2016 and contained B. bifidum (-ATCC15696) and L. 

acidophilus (-NCIMB701748), half an Infloran ® capsule was given twice daily each 

at a dose of 5.0 x 108 bacteria per recommended serving. InfloranTM was withdrawn 

from use by the RVI in 2016 due to supply issues, but it also had other drawbacks: 

it was in capsule form and required refrigeration, leading to time consuming 

preparation by the neonatal nurses prior to administration.  

 

From 2017 the NICU changed to LaBiNICTM which was in liquid drop form and did 

not require refrigeration and was therefore less time consuming to prepare on the 

busy NICU ward. LaBiNIC™ contained B. bifidum; B. infantis; L. acidophilus each 

at a dose of 7.5 x 108 per recommended serving. LaBiNICTM was hoped to be more 

beneficial to the preterm infants due to the increased number of bacteria within each 

dose; but also because of the inclusion of B. infantis a known beneficial bacteria for 
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both immunoregulatory development and metabolomic implications as the bacteria 

ensure access to the energy locked in the breast milk. 

 

1.4.2 Breast Milk 

Clinical recommendations (Dutta et al., 2015) for feeding preferences are: 

1) mothers expressed milk or colostrum; fresh if available but frozen and fed in 

same sequence as expressed by mother, but not necessarily the same day 

2) donor human milk  

3) preterm formula  

The preterm infant is underdeveloped and therefore the ability to suckle may not be 

fully developed, this can be overcome through endotracheal tube insertion 

(Rodriguez et al., 2010). Mother’s production of breast milk can be stimulated by 

early and frequent milk pumping and massaging, thereby offsetting the delay in 

production caused by low levels of placental lactogen and low oxytocin in PTB 

(Geddes et al., 2013); skin to skin contact also increases oxytocin release, enabling 

milk ejection from the alveoli. However, expressed milk has been associated with 

marginally increased pathogens (Moossavi et al., 2019a) and decreased 

Bifidobacteria.  

 

Human milk microbiota contain Firmicutes and Proteobacteria as the dominant 

phyla, and Lactobacillus, Streptococcus, Pseudomonas and Staphylococcus being 

the most abundant genera, with Bifidobacteria also present (Milani et al., 2017).  

Milk microbiota, composition and diversity (Boix-Amorós et al., 2016, 2019) are 

determined by: 

 maternal factors: BMI, parity, mode of delivery 

 breast feeding factors: mode of breastfeeding, exclusivity, frequency  
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 infant factors: mode of delivery, antibodies, older siblings, sex, birth weight  

Feeding expressed breast milk to preterm infants is important to mitigate against 

disease, 21 % of preterm infants fed formula contract NEC, compared to 3 % of 

preterms receiving human breast milk (Cristofalo et al., 2013; Geddes et al., 2013). 

Formula milk feeding is associated with greater risk of NEC due to a lack of bioactive 

ingredients such as immunoglobulins, lactoferrin, insulin-like growth factor, 

transforming growth factor-β, which are usually lost during the manufacturing 

processes such as pasteurisation, filtration and spray-drying; this loss has been 

offset by the process of whey protein concentration (Li et al., 2013) but has not been 

universally adopted into industry and further research in this area is required.  

 

Breastfeeding has been associated with increased levels of Bifidobacterium spp. in 

the infants’ gut microbiome, specifically B. breve and B. bifidum. Upon cessation of 

breastfeeding the microbiome matures with a noticeable increase in Firmicutes 

(Stewart et al., 2018). Dutta et al. (2015) proposed a timeframe to reach full enteral 

feeding (150 - 180 mL / kg / day) by two weeks in babies < 1000 g at birth, and by 

one week in babies weighing 1000 – 1500 g. This can be achieved by three-hourly 

feeds for babies > 1250 g, rising to two-hourly or even three-hourly for babies ≤ 

1250 g if intolerance, apnoea, hypoglycaemia, and NEC symptoms remain stable. 

Trophic feeds are minimal volumes of milk feeds (10 – 15 mL / kg / day) within 24 

hrs postpartum and can be increased at a rate of 15 – 20 mL / kg / day if tolerated 

as fast incremental feeding has not been linked to increased risk to NEC (Abbott et 

al., 2017). Lactoferrin supplementation has been explored to stimulate the ability of 

preterm infants to put on weight and access nutrients’ (Griffiths et al., 2019; He et 

al., 2018; McGuire, 2018), but this has not been proven to reduce the risk of LOS or 

other morbidities in preterm infants.  
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Human breast milk and colostrum consists of between 2 - 23 g / L of 

oligosaccharides (Zivkovic et al., 2011; Marcobal et al., 2010a; LoCascio et al., 

2007), containing a lactose-reducing end elongated with fucosylated and / or 

sialylated N-acetyllactosamine units, discussed in detail below (1.4.2.1). Preterm 

human milk differs from term milk, containing higher concentrations of protein (by 

15 – 20 %), secretory IgA (sIgA) and lipids (20 - 30 %), with lower leptin levels 

(Geddes et al., 2013). sIgA provides immune protection by forming antibodies to the 

pathogens to which the infant and mother has been exposed, and has been 

associated with lower Clostridium colonisation in infants (Bridgman et al., 2016). 

Lipids in preterm milk contain proportionately more medium- (MCFA) and long-chain 

polyunsaturated fatty acids (LCPUFA), including LCPUFA omega-3 fatty acid 

docosahexaenoic acid (DHA) and omega-6 fatty acid arachidonic acid (AA) which 

are important in neural, visual and growth development (Keller et al., 2018). The 

differences in preterm milk composition are lessened after 4 weeks of lactation 

(Geddes et al., 2013), but during this first four-week routine fortification is required, 

specifically of calcium to ensure the bone mineralisation that would occur in the last 

trimester of pregnancy is not undermined.   

 

NEC prevention has concentrated on altering the intestinal microbiota via probiotics, 

prebiotics, synbiotics, lactoferrin and breast milk feeding. B. infantis as an exemplar 

breastmilk probiotic, attenuating IL-6 and IL-8 which are linked to the NEC 

inflammatory response (Xiao et al., 2019; Zhang et al., 2017b; Dong et al., 2010); 

as well as TNF-α, and IL-23 in rat models. Concomitantly, B. infantis decreases IL-

1β (Vongbhavit and Underwood, 2016a) inducing IL-8 and IL-6 expression in 

immature human gut xenografts, illustrating the importance of the interaction 
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between the constituents of breastmilk and the infant gut microbiome in disease 

prevention in preterm infants.  

 

1.4.2.1 Human Milk Oligosaccharides (HMOs) 

There are three ways in which HMOs in preterm milk may protect the gut against 

bacterial infection: prebiotic, antimicrobial and pathogen attachment prevention 

(Milani et al., 2017). HMOs consist of five monosaccharides: glucose (Glc), Galatose 

(Gal), N-acetylglucosamine (GlcNAc), fucose (Fuc), and the sialic acid N-acetyl-

neuraminic acid (Neu5Ac). These monosaccharide structures combine to form >200 

different structures connected with glycosidic bridges. HMOs all have a reducing 

end of lactose (Galβ1-4Glc) which can also be elongated to form two types of chain 

which are β1-3- or β1-6 linked, type 1 with lacto-N-biose, and type 2 with N-

acetyllactosamine. This elongation and the branches can be fucosylated or 

sialylated, all of which increase the structural diversity of HMOs.  

 

Additional variation originates from the maternal Lewis blood group properties (Le) 

and the maternal secretor status (Se) which are associated with the variation in 

HMOs and consequently the microbiota (Cabrera-Rubio et al., 2019). The Le gene 

encodes for α1-3/4 fucosyltransferase (FUT3) and the Se gene encodes for α1-2 

fucosyltransferase (FUT2). A mother with an active Se locus is termed a secretor, 

and an active Le locus is termed Le positive, consequently there are four maternal 

HMO profiles (Table 1.14) with HMO profile specific characteristics (Table 1.15). 
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Table 1.14 Maternal HMO profiles; collated from Cabrera-Rubio et al.,and  2019; Milani 

et al., 2017. 

 Le positive Le negative 

Secretor 
Active FUT2 
Active FUT3 

Active FUT2 
Inactive FUT3 

Non-Secretor 
Inactive FUT2 
Active FUT3 

Inactive FUT2 
Inactive FUT3 

 

Table 1.15 Characteristics of HMOs in breast milk as a result of HMO profile; collated 

from Cabrera-Rubio et al., 2019; Milani et al., 2017 

Maternal Profile Characteristics 

Secretor 

Functional FUT2 enzyme 

↑ levels 2’ FL lacto-N-fucopentoase I (LNFPI) 

↑ levels of αll 1-2- fucosylated HMOs 

Non-Secretor 
Lack of functional FUT2 enzyme 

↓ levels of all α1-2- fucosylated HMOs 

Le positive 
Functional FUT3 enzyme 

Fuc into α1-4 linkage to subterminal GlcNAc, type 1 chains 

Le negative 
Lack of functional FUT3 enzyme 

↓ levels of all α1-4 fucosylated HMOs (e.g LNFPII) 

 

HMOs antimicrobial effect reduces GBS growth by preventing bacterial membrane 

glycosylation (Milani et al., 2017). HMOs are also considered to have a prebiotic 

effect as they encourage the growth of beneficial bacteria within the infant gut, 

specifically they are termed to have a ‘bifidogenic’ role encouraging Bifidobacteria 

growth. Bifidobacteria utilise HMOs allowing access to a vital energy source (Figure 

1.3). However, of the three Bifidobacteria which have the enzymes to break down 

HMOs (Table 1.16) namely B. breve B. bifidum, and B. infantis; only the latter 

encodes the genes and ability to breakdown all HMO products. HMOs also reduce 

pathogen attachment to the epithelial layer required for bacterial infection (Milani et 

al., 2017), as the structure of HMOs can be analogous to the glycans that bind to 

the cell surface (glycocalyx) in pathogen attachment.  
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Table 1.16 Enzymatic breakdown of HMOs by Bifidobacteria; collated from Cabrera-

Rubio et al., 2019; Milani et al., 2017 

Enzyme Product spliced from HMO 

Fucosidase Fucose 

β-hexosaminidase Lactose 

Lacto-N-biose phosphorylase Lacto-N-biose 

Sialidase Sialic Acid 

β-galactosidase Galactose 

Recent studies (Masi et al., 2020; Moossavi et al., 2019b; Bode et al., 2012; 

Jantscher-Krenn et al., 2012) have directly linked reduced amounts of the HMO 

disialyllacto-N-tetraose (DSLNT) with NEC, emphasising the importance of HMOs 

in the health of preterm infants. Consequently, the relationship between breast milk 

consumption by infants and the presence of Bifidobacterium strains is essential in 

understanding the potential prevention or treatment of NEC. 

 

1.5 Techniques for measuring microbiota 

Culturing techniques are useful to confirm and investigate the identification and 

growth of microorganism in a microbiome, but with only 20 % of bacteria present in 

stool being culturable (Skeath et al., 2014), non-culturing techniques, are generally 

used in the analysis of the complex gut microbiome, and stool sampling is the least 

invasive method for sample collection. This preference towards molecular 

techniques such as next generation sequencing (NGS), or chemical analysis of 

metabolites such as SCFA through Liquid Chromatography (LC) analysis, uncovers 

the complexities of the interactions between microorganisms and their metabolites 

which fit under the umbrella of ‘omics’. ‘Omics’ describes a set of methodologies 

that attempt to characterise all the biomolecules and their interactions within a 

microbiome (Heintz-Buschart and Wilmes, 2018); Table 1.17 outlines the ‘omic’ 

methodologies available for analysis of microbiomes. The functional microbiome 
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can be investigated through sequencing of the microorganisms, the metabolites 

produced and the interactions with SCFAs.  

 

Table 1.17 Categories and ‘omic’ methodologies available to be used to elucidate the 

complex ecosystems in the gut microbiome, which contribute to essential 

functioning of the host; adapted from Heintz-Buschart and Wilmes, (2018); Manor and 

Borenstein, (2017); Milani et al., (2017a); Stewart et al., (2015). 

Category / Omics  Description 

Functional 

categories 

Grouping of genes into metabolic centred framework and 

microbiome function e.g. Kyoto Encyclopaedia of Genes and 

Genomes (KEGG) 

Functional diversity  

Measure of richness (number) and distribution of different 

functions within a microbiome. Phylogenetically diverse 

microorganisms often have greater functional potential. 

Functional plasticity 

Ability of microbial community to adapt to changes through 

the up / down regulation of gene expression, thereby 

stabilising the microbiome. 

Functional 

redundancy  

Relates to the number of different species within a 

microbiome which perform the same function, giving 

resilience when taxonomic communities and structure are 

disrupted.  

Metagenomics 

Analysis of genomic DNA assessing taxonomic composition 

of a microbiome, also used to describe the functional 

potential. 

Metabolomics 
Analysis and measurement of the intra / extracellular 

metabolites in a microbiome. 

Metaproteomics 
Characterisation of microbial activity by applying proteome 

analysis to differing species in a microbiome. 

Metatranscriptomics Analysis of RNA communities to infer activity. 

 

1.5.1 Next Generation Sequencing 

Next generation sequencing (NGS) is the most commonly used and recent method 

of high throughput sequencing (HTS), with previous sequencing techniques such as 

454 pyrosequencing being replaced by Illumina genome analysers and Ion Torrent 

methodologies (Loman et al., 2012; Quail et al., 2012). The inaccuracies in the 

homopolymer sequences in these previous methods of HTS are overcome in the 

Illumina MiSeq (Ambardar et al., 2016a) as the bases are incorporated a single base 
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at a time. The mechanism of the Illumina MiSeq sequencer used in this thesis is 

outlined in Figure 1.6.  

 
Figure 1.6 Flowchart of next generation sequencing on Illumina MiSeq; produces 2 x 

250 bp paired-end reads, generating up to 8.5 Gb of data in a single run, and 12 – 24 million 

reads. Collated from Ambardar et al., 2016; Loman et al., 2012; Quail et al., 2012  

 

There have been accuracy issues with NGS analysis including primer and PCR bias 

(Stewart et al., 2012; Petrosino et al., 2009), low read depth issues (Petrosino et al., 

2009), and chimera formation when incomplete PCR products act as primers and 

amplify related fragments (Schloss et al., 2009, 2011). Whilst the issue of whether 

the faecal microbiota accurately describes the profile of the gut in order to be used 

as a model remains, the bias issues have mostly been tackled by targeting multiple 

variable regions by PCR primers and improving the quality filtering of chimeras such 
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as Uchime in Mothur (Schloss et al., 2009, 2011), thereby reducing false OTU 

identification.  

 

As the sequencing techniques have improved large datasets are now produced by 

the NGS systems. The data is stored in raw sequencing reads in FASTQ format with 

quality reads embedded with the reads, or SAM format; however both formats have 

huge memory footprints (Numanagić et al., 2016) requiring compression methods. 

The raw reads are usually analysed using either Mothur (Schloss et al., 2009) or 

Qiime2 (Caporaso et al., 2012) the reads are denoised, and aligned to the closest 

taxonomy, using the SILVA database (Quast et al., 2013) and then assigned a 

taxonomy using either the SILVA reference or Greengenes (DeSantis et al., 2006) 

depending on the bioinformatic pipeline to be used, 97 % similarity normalises the 

data and equalises library sizes.  

 

There have been discussions regarding the preferable use of Amplicon Sequence 

Variants (ASVs) over Operational Taxonomic Units (OTUs) (Knight et al., 2018; 

Callahan et al., 2016a). ASVs control errors so that identification is down to the level 

of a single nucleotide difference over the sequence gene region, but there are issues 

with merging ASV datasets (Callahan et al., 2016b, 2017). Whereas OTUs cluster 

sequence reads that are similar based on the relative abundance within the sample 

community, which allows ease of comparing studies that have been run similarly 

(Callahan et al., 2017). By improved filtering and ensuring complete overlap of 

paired-end reads the misinterpretation of sequenced artifacts has been reduced 

(Bokulich et al., 2018; Kozich et al., 2013; Lewis et al., 2013), therefore the use of 

OTUs as in this thesis is still viable. 
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1.5.2 Analytical Chemistry  

There are many studies detailing the quantification of metabolites, such as SCFAs, 

from faeces using either Gas Chromatography-Mass Spectrometry (GC-MS) or 

Liquid Chromatography-Mass Spectrometry (LC-MS) (Liebisch et al., 2019; Zeng 

and Cao, 2018; De Baere et al., 2013; Krausse and Ullmann, 1991). Ultra-

Performance liquid chromatography mass spectrometry (UPLC-MS) has been used 

to investigate plasma (Whiley et al., 2012), urine (Zhao et al., 2018) or lipidomics 

(George et al., 2018; Li et al., 2017), but the number of studies analysing SCFAs in 

breast milk samples as in Chapter 5 are limited (Andreas et al., 2015; Nicholas, 

2015). Figure 1.7 outlines a basic overview of the UPLC-MS analytical instrument.  

 

 
Figure 1.7 Diagram outlining the function of UPLC-MS analytical instrument; collated 

from Yang and Corporation, 2015; Isaac et al., 2011; Armenta et al., 2010; Waters, 2009 

 

The advantages and disadvantages of the differing analytical instrumentation is 

outlined in Table 1.18. When using LC-MS as the detection technique, ionised 

compounds are identified based on their mass to charge ratio (m/z). A calibration 

curve quantifies target metabolites in a sample, and is created by analysing the peak 

area ratios of the standard and internal standard – Leucine encephalin (LeuEnk), 

against the concentration of each metabolite (Roucher et al., 2013). 
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Table 1.18 Advantages and disadvantages of analytical instrumentation used in milk 

analysis; collated from George et al., 2018; Hoving et al., 2018; Zeng and Cao, 2018; 

Primec et al., 2017; Andreas et al., 2015a; Liebisch et al., 2013 

Separation / 
Detection Method 

Advantages Disadvantages 

Gas 
chromatography 

(GC) 

 Methyl ester derivatisation 
method required is well 
characterised 

 Flame ionisation detector 
is robust and easy to 
maintain 

 Sample derivatisation 
required 

 Destructive  

 Isomers separation 
requires longer column 
and run time 

 Flame ionisation detector 
lacks mass selectivity 

Liquid 
chromatography 

(LC) 

 No sample derivatisation 
required 

 Solvent system must be 
compatible with detector  

Supercritical fluid 
chromatography 

 No derivatisation required 

 Compatible with most 
detectors 

 Cost effective 

 Low waste 

 Better separation and 
higher resolution than GC / 
LC 

 Polar lipid separation 
requires organic modifier 

Mass 
Spectrometry (MS) 

 Highly sensitive and 
specific 

 Qualitative and quantitative  

 Expensive 

 Destructive 

Nuclear magnetic 
resonance (NMR) 

spectroscopy 

 Non-destructive 

 Reproducible 

 Expensive 

 Overlapping signals  

 Low sensitivity compared 
to MS 

 Needs large sample 
volumes 

Capillary 
Electrophoresis 

(CE) 

 Speed 

 Minimal sample pre-
treatment 

 Low repeatability and 
reproducibility 

 High analyte concentration 
required 

 



49 
 

There are four main types of ionisation (George et al., 2018; Nicholas, 2015) 

relevant for lipidomic detection: 

1) EI: electron ionisation, positive mode only 

2) ESI: electrospray ionisation, positive and negative modes 

3) CI: chemical ionisation positive and negative modes 

4) MALDI: matrix assisted laser desorption / ionisation 

ESI in negative mode was used in this thesis as the most accurate method of 

detection for volatile SCFAs, and the MS/MS parameters are used to create a MRM 

method (Roucher et al., 2013) which then required optimisation.  

 

Preparation of the sample prior to injection is essential for accurate analysis of 

metabolites, the main methods of extraction are outlined in Figure 1.8; the Folch 

method (Folch et al., 1957) is the traditional, and an accurate method recommended 

for Capillary Electrophoresis – Mass Spectrometry (CE-MS), Nuclear Magnetic 

Resonance (NMR), Ultra performance liquid chromatography – Mass Spectrometry  

(UPLC-MS) and Gas Chromatography – Mass Spectrometry (GC-MS). However, 

this method has multiple steps and uses carcinogenic chloroform reagents. There 

are two alternative single step methods, using either methyl-tert-butyl ether (MTBE) 

(George et al., 2018; Andreas et al., 2015c; Matyash et al., 2008) or 1-butanol : 

methanol (1 : 1) (Wong et al., 2019; Alshehry et al., 2015) as the extracting reagent, 

both are generally used in High performance liquid chromatography (HPLC-MS) 

and GC-MS. This thesis (Chapter 5) uses the single step method 1 to attempt to 

quantify SCFAs in breast milk using UPLC-MS.  
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Figure 1.8 Comparison of Lipid Extraction Methods; a) the Folch method (Folch et al., 

1957) the SCFA containing lipid organic phase is under the non-extractable residues, which 

must be collected by Micropipetting through the aqueous phase and non-extractable, b) 

Single phase method 1 (George et al., 2018; Andreas et al., 2015c; Matyash et al., 2008) 

simplified the extraction method so the SCFAs in the lipid phase rise to the top, pipetting 

through to the aqueous phase is a common issue; c) Single phase method 2 (Wong et al., 

2019; Alshehry et al., 2015) collects the SCFAs and lipids within a single aqueous phase, 

chemical interactions need to be examined prior to use of this method. 
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1.6 Aims and Objectives 

The overall aim of the thesis was to increase understanding of the microbial 

community structure, including the influence of metabolomic inference; and describe 

the impact of probiotics on the gut of preterm infants at risk of necrotising 

enterocolitis and sepsis. 

 The aim of the first results chapter (Chapter 3) was to use 16S rRNA 

molecular analysis via NGS MiSeq Illumina to investigate a link between the 

development of sepsis in two infants and the administration of probiotics 

containing Bifidobacteria.  

 The aim of Chapter 4 was to use 16S rRNA molecular analysis via NGS 

MiSeq Illumina to elucidate changes in bacterial community of preterm infants 

under the pressure of disease, specifically NEC and LOS. Secondly to 

describe the metabolomic pathways in NEC compared to Non-NEC infants 

and the role of probiotic bacteria, to uncover greater insight into the functional 

relationship between disease, probiotics and bacterial taxonomic profiles. 

 The aim of Chapter 5 was to utilise UPLC-QTOF MS analysis of breast milk 

from preterm infants, to investigate the possible correlation between NEC 

and / or LOS, and decreased levels of butyric acid.  

1.6.1 Clinical Implications 

The increased knowledge of the microbial and functional interactions uncovered 

may offer potential targets for biomarker development, disease risk planning and 

different avenues for supplements that may reduce mortality and morbidity in 

preterm infants susceptible to disease. 
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2 Chapter Two – Methods  

2.1 Ethical Approval 

The preterm infants in this thesis were all participants in the SERVIS study 

(https://www.neonatalresearch.net/servis-study.html) in collaboration with 

consultants (Dr Janet Berrington and Dr Nicholas Embleton) at the Royal Victoria 

Infirmary (RVI) Neonatal Intensive Care Unit (NICU), Newcastle. The stool and 

breast milk samples were stored at Northumbria University under Human Tissue Act 

(HTA) regulations in -80 °C biobank freezers. The RVI ethics was approved by the 

National Health Service (NHS) via National Research Ethics Service, County 

Durham and Tees Valley Research Ethics Committee: 

 Research ethics project number: RE-HLS-13-140303-53143b935c9f8  

 Study title: Supporting Enhanced Research in Vulnerable Infants (SERVIS) 

 REC reference: 10/H0908/39 

 IRAS project ID: 53694 

The specific project was also approved by the Teesside University Ethics committee 

as per the memorandum (Appendix 1. Ethical Approval Memorandum), and 

informed parental consent on behalf of the babies. 

 

2.2 Sample sourcing 

The samples, both stool and breast milk, were tracked by a demographic centralised 

master database detailing the characteristics of the preterm infants. The 

characteristics included on the demographic list were: full names, allocated patient 

number, trials the infant was enrolled in subject to parental consent, mode of 

delivery (vaginal delivery or caesarean section), multiple birth or singleton, sex, 

birthweight, weight at discharge, gestational age, disease status specifically NEC or 

Sepsis (EOS or LOS), details of infectious pathogens, feeding regime (breast milk, 

formula) surgery and all medical interventions, use of probiotics, antibiotics and the 

https://www.neonatalresearch.net/servis-study.html
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regime of treatment. These details determined the metadata used for the analysis 

of data and to investigate the patterns of disease. Disease was diagnosed (NEC, 

LOS or other infections) by the clinicians independently (1.3), in addition sepsis was 

confirmed by blood testing at the Freeman hospital, Newcastle.  

 

2.3 Probiotics used 

The preterm infants were cared for in a single NICU (Royal Victoria Infirmary, 

Newcastle) with standardized feeding, antibiotic, and antifungal guidelines. It was 

NICU practice from 2008 for the parents of preterm infants to be offered the probiotic 

Infloran® (Laboratorio Farmaceutico SIT, Italy) containing Bifidobacterium bifidum-

ATCC15696 and Lactobacillus acidophilus-NCIMB701748, soon after initial 

introduction of feeds. Half an Infloran capsule was given twice daily approximately 

125 mg, (Stewart et al., 2017a) at 5.0 x 108 bacteria per recommended serving 

(Abdulkadir et al., 2016b; Repa et al., 2015). A new probiotic LaBiNIC® (Safeline 

Pharmaceuticals Ltd, South Africa, distributed: Biofloratech Ltd, UK) was introduced 

in 2017 as it was easier to administer on the NICU, because it was in liquid droplet 

form and was stable at room temperature (Reynolds, 2015). The daily amount of 

LaBiNIC® recommended was 5 drops (0.2 mL) which contains approximately 2 

billion of the following bacteria: Danisco Florafit Bifidobacterium bifidum Bb-06, 

Danisco Florafit Bifidobacterium longum subspp. infantis Bi-26, Danisco Howaru 

Dophilus – Lactobacillus Acidophilus NCFM each at a dose of 7.5 x 108 per 

recommended serving.  

 

2.4 Stool Samples collection 

Stool samples from preterm infants (<32 weeks gestation) were collected directly 

from the nappy by the neonatal nurses from the RVI NICU, Newcastle. Collections 

were daily if the health of the infant allowed, similarly the amount varied but to be a 
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useful sample the minimum amount collected was 0.250 g. The stool samples were 

placed in Universals and labelled with the patient and sample number, then 

transferred and stored at -80 °C in the Department for Applied Sciences, 

Northumbria University; the demographics, sample number and patient number 

were recorded into a central database.  

 

2.4.1 Breast Milk collection 

Breast milk samples were expressed by the mother of preterm infants via a breast 

pump and collected by the neonatal nurses from the RVI NICU, Newcastle. The 

areolar of the breast and the suction cup of the pump were wiped with an 

antibacterial wipe prior to collection. The expressed breast milk (EBM) was collected 

daily, occasionally twice daily, if the health of the mother and infant allowed; the 

amount collected varied but was usually a minimum of 500 μL. The EBM samples 

were collected into Universals, labelled with the patient and sample number, 

subsequently transferred and stored at -80 °C within 24 hours in the Department for 

Applied Sciences, Northumbria University prior to analysis at the National Horizons 

Centre, Darlington. The demographics, sample number and patient number were 

tallied into a central database.   

 

2.5 Patient Cohort 

2.5.1 Chapter 3 Bifidobacteria Sepsis case study 

The samples in this case study were chosen from two preterm infants which 

developed Bifidobacteria sepsis at the Royal Victoria Infirmary (RVI) Special Care 

Baby Unit (SCBU) or Neonatal Intensive Care Unit (NICU) between 2009 and 2016 

(Table 2.1). The samples were chosen in discussion with the consultants at the RVI 

(Dr Janet Berrington and Dr Nicholas Embleton) with the aim of ascertaining the 

safety of the use of probiotics in the NICU. 
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Table 2.1 Clinical background of Infant 1 and 2; the numbers inside the parentheses 

indicate how many days each specific antibiotic (Abx) was given, numbers outside indicate 

the day of life the antibiotic was given. A = Amoxicillin; C = Ceftazidine; F = Flucloxacillin; 

G = Gentamicin; M = Metronidazole; P = Penicillin; V = Vancomycin. IP = Inspiratory 

Pressure; CPAP = Continuous Positive Airway Pressure; SB = Short bowel; EBM = 

Expressed Breast Milk; DOL = Day of Life. Disease onset DOL is the day of disease was 

diagnosed, and DOL 0 is the day of birth. 

 Infant 1 Infant 2 

Patient number 465 529 
Sepsis 
Diagnosed 

DOL 22 DOL 18 

NEC Y/N N 

Y: NEC day onset 20.  
Stoma formation and 

laparotomy DOL 25, SB 
resection DOL 228  

Bacterial 
Cause Sepsis 

Bifidobacteria breve Bifidobacterium longum 

EBM 
DOL 2, full feed DOL 13, 

remained EBM until discharge 
DOL 3, never a full feed 

BMF DOL 14 - 94 N 

Abx 
0 (P2G2) 10 (C6V6) 

22(A5F3G3)26 (V2), and 
antifungal 

0 (P2G2) 4 (V5C5) 18 (VCM 
19) 47 (VCM2) 52 (F5) 57 

(VCM5) 92 (co-amox2), and 
antifungal 

Probiotic Infloran® DOL 2-26 LaBiNIC® DOL 8-17 

Ventilated 
8 days, 56 IP Days CPAP and 

humicare 
63 IP Days CPAP and humicare 

Weight 
Birth: 650g GA 23+6; DOL 14: 
700g; DOL 28: 820g; weight at 

discharge DOL102: 3150g. 

Birth: 580g GA 23+2; DOL 14: 
775g; DOL 28: 775g; weight at 

discharge DOL136: 3745g 

Samples 

Number DOL Number DOL 

3886 13 104 7 

3897 21 109 9 

3906 23 112 10 

3911 22 113 11 

3930 30 114 13 

3942 29 115 14 

3943 32 116 15 

  119 16 

  121 18 

 
The samples from Infant 1 were chosen from before and after sepsis onset (DOL 

22), whereas Infant 2 only had samples prior to sepsis onset (DOL 18). Both Infant 

1 and 2 were part of the highly traceable SERVIS study. The infants have limited 

interaction with the environment outside of the NICU, staff and visitors were 

restricted.  
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2.5.2 Chapter 4 Necrotising Enterocolitis and the microbiome of preterm 
infants 

The preterm infants were chosen in terms of diseased and non-diseased (i.e. NEC 

or No NEC) from clinical information gained from demographic records at the RVI 

and researchers at Northumbria University (Table 2.2).  

Table 2.2 Clinical background of NEC cohort study; a total of 172 stool samples (n) were 

analysed from 34 preterm infants (N). The main factors for disease prevention or 

susceptibility examined were necrotising enterocolitis (NEC), probiotics (Pbx) (Infloran® or 

LaBiNIC®), Gestational Age, Day of Life and Weight. T-Test p-values were used to 

determine there were no significant difference in the factors prior to analysis. 

 NEC No NEC p-value Pbx No Pbx p-value 

Infants 
 (Total: 34) 

13 21 

 

19 15 

 
Stool Samples 

(Total: 172) 
66 106 79 93 

Infants Received 
probiotics 

8 11 0.13  

NEC diagnosed  8 5 0.06 

Mean 
Gestational Age 

(weeks) 
26  28  0.66 28  28  0.50 

Mean Day of Life 
and (Range) 

49  
(5-93) 

43 
(2-84) 

0.29 48 
(2-93) 

35 
(6-64) 

0.59 

Mean Weight 
(grams) and 

(Range)  

985 
(500-1470) 

1190 
(620-1760) 

0.25 1190 
(620-1760) 

970 
(500-1440) 

0.27 

 

Full sample and demographic details (Appendix 7. Demographic information used 

in the analysis of stool samples) were used to determine the specific criteria for 

inclusion, which were: at least two samples per infant, one before and one after NEC 

onset; with or without probiotics as the role of probiotics, particularly Bifidobacteria 

was also examined in this study. The NEC preterm infants were subsequently 

matched to control preterm infants without disease (No NEC) along the possible 

confounding factors of GA, DOL and weight to ensure comparability; a T-test was 

run and determined that there were no significant differences found between the 

means of these factors. In addition, 5 preterm infants from this cohort developed 
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LOS (p161, p214, p443, p451, p475) with causative bacteria being Streptococcus 

anginus, Staphylococcus epidermidis, Escherichia coli, Coagulase negative 

Staphylococci (CONS), Staphylococcus aureus respectively.  

 

2.5.3 Chapter 5 Short Chain Fatty Acids in maternal breast milk of preterm 
infants 

There were 16 preterm infants with 59 total samples. 43 breast milk samples were 

collected from 10 mothers whose preterm infants did not contract NEC, and 16 

breast milk samples were collected from 6 mothers whose preterm infants were 

diagnosed with NEC. Two patients from this cohort developed sepsis, p443 and 

p475, with the causative bacteria being E. coli and S. aureus respectively. All the 

preterm infants had been administered antibiotics, and a summary of the samples 

and infants with or without NEC, as well as outlining those that did or did not have 

probiotics administered is outlined in Table 2.3; T-test p-values highlights a 

significant difference between the birthweights of the infants relating to the 

administration of probiotics.  

 

Full sample and demographic details are found in Appendix 2. Matched NGS 

samples metadata and UPLC-MS results and Appendix 3. Demographic information 

use in analysis of breastmilk samples The patients from Chapter 4 were matched to 

a number of patients from Chapter 5; with the aim of comparing microbiome and 

metabolism patterns with the presence of SCFAs, in particular butyric acid. The 

pattern of butyric acid without the comparison with stool is also of interest in relation 

to diseased and non-diseased infants. 
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Table 2.3 Summary of EBM samples; detailing the infants and samples with and without 

NEC, and the number administered or not receiving probiotics, gestational age average 

(range), day of life of samples (range) and the average birthweight (range) in grams; p-

values determined by T-test.   

 NEC No NEC p-value Probiotics 
No 

Probiotics 
p-value 

No. of 
Infants 

Total: 16 
6 10 

 

14 3 

 
No. of 

Samples 
Total: 59 

16 43 53 6 

Received 
probiotics 

16 37  

Gestational 
Age 

(weeks) 

26 
(25-27) 

26+2 
(25-31+6) 

0.179 
26 

(25-28+3) 
26+2 

(25-31+6) 
0.013 

Day of Life 
30 

(2-90) 
31 

(4-85) 
0.972 

31 
(2-94) 

37 
(7-56) 

0.165 

Birthweight 
(grams) 

892 
(510-910) 

901 
(620-1760) 

0.285 
890 

(510-910) 
982 

(910-1760) 
0.000 

 

2.6 DNA Extraction 

The Qiagen DNeasy® PowerLyzer® PowerSoil® DNA extraction kit was used to 

extract microbial DNA. All centrifugation steps were carried out at room temperature 

(15 - 25 °C) and 10 000 x g unless otherwise stated, all steps other than centrifuge 

and vortex were carried out in a laminar flow hood to minimise contamination, and 

at room temperature unless otherwise stated. Solution C1 was heated at 60 °C if 

precipitated until precipitate had dissolved, and solution C4 was mixed well before 

use. All tubes were appropriately labelled. Up to 0.25 g of stool sample was added 

to PowerBead Tube containing 0.1 mm glass beads, followed by 750 μL of 

PowerBead solution which was briefly vortexed to mix the sample with the bead 

solution. Subsequently, 60 μL of solution C1 was added and briefly vortexed to mix. 

Solution C1 aides cell lysis in addition to the beads as it contains sodium dodecyl 

sulphate (SDS) which disrupts the fatty acids and lipids found in the cell membrane. 
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The tubes were secured horizontally in the vortex adapter tube holder (MoBio), 

vortexed and shaken at maximum speed for 20 minutes, to break down the cells 

further mechanically, ensuring complete homogenization of the samples. The glass 

bead tubes were centrifuged for 30 seconds, this was increased to 3 minutes if the 

stool did not completely pellet. The supernatant (400 – 500 μL) was transferred to 

clean, sterile, 2 mL collection tubes and 250 μL of solution C2 added, vortexed for 

5 seconds. The collection tubes were incubated at 4 °C for 5 minutes to precipitate 

the organic and inorganic particles including humic substances, cell debris and 

proteins that can reduce DNA purity and interfere with downstream DNA analysis, 

and then centrifuged for 1 min to separate the liquid phase which contained the DNA 

from the solid phase containing the organic and inorganic materials not required. Up 

to 600 μL supernatant was transferred to a sterile 2 ml collection tube ensuring none 

of the pellet was transferred in order to ensure high purity DNA. 200 μL of solution 

C3 was added and vortexed briefly and incubated at 4 °C for 5 minutes to remove 

further humic acid, cell proteins and debris, the tubes were then centrifuged for 1 

minute to separate the DNA from the solid phase containing non-DNA elements. 

 

Avoiding the pellet to further ensure high purity DNA, up to 750 μL of the supernatant 

was transferred into a sterile 2 ml collection tube, 1200 μL (1.2 mL) of the mixed C4 

solution was added to the supernatant and vortexed for 5 seconds. The C4 solution 

is a high salt solution which enable the DNA to bind to the silica of the membrane of 

the spin filter, which is why it is essential that the C4 solution is thoroughly mixed 

prior to addition to the supernatant. The supernatant (675 μL) was loaded onto the 

MB Spin column, centrifuged for 1 minute and flow through discarded. This step was 

repeated twice or until all of the supernatant had passed through the spin filter, 

leaving the DNA bound to the spin filter membrane. The ethanol wash solution C5 
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(500 μL) was added to clean the DNA attached to the membrane and wash away 

residual salt and contaminants.  

 

Subsequently the spin filter was centrifuged for 30 seconds and the flow through 

discarded, it was then centrifuged for a further 1 minute to remove any traces of 

ethanol which can interfere in downstream DNA applications. The flow through was 

discarded and the spin filter was placed into a sterile 2 mL collection tube where 

100 μL of solution C6 was transferred to the centre of the white filter membrane and 

centrifuged for 30 seconds. Solution C6 is an elution buffer which caused the DNA 

bound to the spin filter to be released in the presence of high salt concentration, C6 

contains no EDTA to prevent interference in downstream processes. The MB spin 

column was discarded, and the flow through collected and stored at -80 °C for use 

in downstream applications.  

 

2.7 DNA quantification 

To ensure the correct purity and high quality of DNA following extraction, three 

methods of DNA quantification and qualification were performed: Agarose Gel 

Electrophoresis, Qubit®  and NanoDrop. The agarose gel electrophoresis gave an 

initial visualisation of a successful DNA extraction; however, some samples were 

not clear, and therefore the density and purity of the DNA extracted could not be 

quantified. In these cases, Qubit® quantification or NanoDrop quantification was 

used to check viability for next generation sequencing. Qubit quantification was 

highly accurate and sensitive, whilst the NanoDrop qualification showed the 

presences of contaminants. The NanoDrop was preferentially applied for quick DNA 

quantification and qualification unless there was a substantive query concerning 

DNA quantification requirements for the downstream processes.  
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2.7.1 Agarose Gel Electrophoresis 

A 1% (w/v) agarose gel was prepared and subjected to electrophoresis in order to 

confirm that the DNA extractions had been successful. Agarose powder (0.60 g) 

was added to a 100 ml Erlenmeyer flask with 60 mL of 1×TBE and heated on a hot 

plate (setting 9); once boiling the flask was swirled, and mixed until clear. The 

solution was cooled to 55 °C, then 6 µL of SYBRTM Safe (Invitrogen 10 000×) was 

added and swirled until evenly coloured. The molten gel was poured into 

preassembled casting tray and left to set for 30 minutes, during which time the DNA 

samples were prepared. The DNA samples (5 µL of each sample) were transferred 

to 0.5 mL DNA/RNA free microcentrifuge tubes and 2 µl of 5 X Loading Buffer was 

added to ensure the DNA stays within the wells until the electrical current pulls it 

through the gel matrix and ensuring a stable pH to prevent DNA denaturing. Once 

the gel was set, the combs for the wells were gently removed, and the casting tray 

was carefully lowered until submerged into the submarine unit (Edvotek M6) 

containing approximately 400 mL of 1×TBE. The gels were run at 150V (45 minutes) 

and visualised using the BioRad Alpha Imager Gel Doc system against a 1 kb 

Hyperladder (BioLabs) to ascertain the size of the DNA (bp) and the density or purity 

of the DNA (ng / band).  

 

2.7.2 Qubit® 

The Qubit® 2.0 fluorometer used blue LED (max ~470nm) and Red LED (max 

~635nm) light sources, the detector photodiodes had a measurement capability 

from 300 – 1000 nm with a 2- or 3-point standard calibration. The dye, buffer and 

reagents were stored and used at room temperature. The reagents were flick 

centrifuged at 5000 rpm to bring down the liquids after storage. One thin-wall, clear 

0.5 mL PCR assay tube was used per sample and labelled appropriately. The 



62 
 

working stock solution was prepared by diluting the Qubit reagent 1:2000 in buffer, 

and 200 μL of working solution was prepared for each standard and each sample. 

Two assay tubes were set up for the standards as per Table 2.4.  

Table 2.4 Qubit assay tube preparation 

Volume (μL) Standard (μL) Sample (μL) 

Working Solution / Stock 190 195 

Standard 10 0 
Sample 0 5 

Total Volume 200 200 

 

The reagents and sample assay tubes were vortexed for 3 seconds before and after 

adding to the buffer. The tubes were then incubated at room temperature for 2 

minutes to allow the dye to bind to the dsDNA only in order to produce a strong 

fluorometric signal. The standards were inserted into the Qubit 2.0 fluorometer and 

the system calibrated as per the onscreen instructions. The samples were then 

inserted into the reader consecutively and the light emitted read. The dilution 

calculator was used to determine the stock concentration of the original sample. 

This technique was used on the stool samples in Chapter 3 (Appendix 4.  

Bifidobacteria Case study Qubit concentrations) 

 

2.7.3 NanoDrop 

Confirmation of DNA extraction purity and density was performed on a subset of the 

Chapter 4 NGS stool samples after DNA extraction (Appendix 5. NanoDrop 

quantification of NGS samples). The NanoDrop ND1000 measured the nucleic acids 

and impurity due to the presence of cell debris specifically nuclear envelope 

contaminants. The pedestal was blanked by pipetting 1 μl of deionised water onto 

the cleaned and wiped pedestal, the sampling arm was lowered, and the system 

blanked. Subsequently, 1μl DNA from the extracted samples was pipetted onto the 



63 
 

pedestal, surface tension held the sample in place between 2 optical fibres, the 

sampling arm was lowered, and the onscreen directions were followed to capture 

DNA density and purity. The sampling arm was raised, and both the upper and lower 

arms were wiped with lint-free wipe between reading each sample. Each sample 

was measured in triplicate to ensure accuracy, and the results averaged. If the yields 

were less than 20 nm / mL then the sample could be concentrated using a rotational 

vacuum concentrator (RVC 2 - 18 at 60 °C). The NanoDrop measures at different 

wavelengths and the ration between these wavelength determines the purity of the 

DNA (or RNA if required). Generally, a 260/280 ratio of ~1.8 or above was 

determined to be pure DNA (~2.0 for RNA purity), a secondary measure of the 

260/230 ratio determines the presence of contaminants in the sample, which are 

present if this secondary measurement ratio was lower than the recommended ratio 

of between 2.0 - 2.2.  

 

2.8 Next Generation Sequencing  

Next generation sequencing (NGS) analysis was carried out using the MiSeq 

platform (Illumina; San Diego, CA, United States) by NU-OMICS, on the extracted 

DNA from stool samples from the Bifidobacteria sepsis case study (Chapter 3) and 

the NEC / No-NEC cohort (Chapter 4). The Kozich et al. (2013) 2 x 250 bp paired-

end protocol, based on the Schloss wet-lab MiSeq SOP (available at: 

https://github.com/SchlossLab/MiSeq_WetLab_SOP) was utilised, an over view of 

the workflow for the Miseq NGS is outlined in Figure 2.1. 

https://github.com/SchlossLab/MiSeq_WetLab_SOP
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Figure 2.1 Adapted MiSeq Illumina 16S rRNA next generation sequencing workflow 

 

The V4 region of the 16S rRNA was targeted as it is short in length at ~250 bp (Table 

2.5). Consequently, the forward and reverse reads were fully overlapping, resulting 

in low error rates when analysed using MOTHUR pipeline to organise and collate 

the reads. The paired end indexed reads were used to multiplex 192 samples per 

run (188 samples, 2 positive, and 2 negative controls). 

Table 2.5 Amplicon primers for V4 region of 16S rRNA; the <pad> sequence was 

selected so that the combined pad, linker, and gene-specific primer sequences had an 

estimated melting temperature between 60 and 65°C (Kozich et al., 2013) 

Primers for V4 Sequence 

Read 1  TATGGTAATTGTGTGCCAGCMGCCGCGGTAA 

Read 2  AGTCAGTCAGCCGGACTACHVGGGTWTCTAAT 

Index primer  ATTAGAWACCCBDGTAGTCCGGCTGACTGACT 
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2.8.1 PCR and Confirmation 

The extracted DNA (15 μL) from the samples were aliquoted into 96 well plates and 

the last two wells left empty for controls. In a new 96 well plate, 17 μL of Accuprime 

Pfx Supermix (Life Technologies Ltd.) was dispensed into each well, before 1 μL of 

the DNA template and 2 μL of each paired set of index primers was transferred to 

the corresponding well. 1 μL of PCR grade dH2O was added to the negative control 

well and 1 μL of ZymoBIOMICS mock community (Zymo Research) was added to 

the positive control well on each plate. The plates were vortexed briefly and span 

down before being placed in the thermocycler (BioRad CFX96 Touch). PCR was 

carried out to amplify the targeted gene using barcoded Illumina adapter containing 

primers 515F and 806R (Caporaso et al., 2012) and following cycling conditions: 

initial step at 95 °C for 2 minutes, then 30 cycles of 95 °C 20 seconds, 55 °C for 15 

seconds, extension at 72 °C for 5 minutes, and a final extension at 72 °C for 10 

minutes. Successful PCR was confirmed using an agarose gel (1 %) on a subset of 

12 samples per plate.  

 

2.8.2 Clean up, Normalisation and Pooling 

Normalisation was performed by transferring 18 μL of PCR product to the 

corresponding well using a SequalPrep™ normalisation plate kit (Invitrogen, Kit#: 

A1051001, ThermoFischer Scientific). Subsequently, 18 μL of binding buffer was 

then transferred and the contents mixed by pipetting and vortexed before being spun 

down. The plates were then incubated at room temperature for 1 hour to allow the 

same concentration of DNA (1-2 ng / μL) to bind to the plate surface or each well. 

Being careful not to touch the sides of the wells, the liquid was removed and 50 μL 

wash buffer was added and mixed briefly by pipetting and immediately removed, 

leaving no residue and removing excess DNA, free salts and contaminating primers, 

producing a purified and normalised PCR product. The elution buffer (20 μL) was 
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then added, mixed by pipetting and vortexed before being spun down. Following 

incubation at room temperate for 5 minutes, 5 μL from each well was pooled and 

the plates frozen at -20 °C for later use.  

 

2.8.3 Library Quality Control and Quantification 

Library quality control was carried out on the samples using a bioanalyser (Agilent 

Bioanalyser 2100) and qPCR with KAPA SYBR® FAST qPCR Master Mix (Merck). 

The pooled library underwent serial dilutions to generate the following dilutions: 1:1, 

1:10, 1:1000, 1:2000, and 1:4000. For the bioanalyser, the gel dye mix, ladder, and 

1 μL of the 1:1 and 1:10 dilutions were loaded into the necessary wells of a high 

sensitivity chip. Kapa qPCR library quantification reactions were carried out in a 10 

μL reaction volume with 6 μL of master mix and 4 μL of standards and library 

dilutions, in triplicate. qPCR was carried out using the following cycling conditions: 

initial activation step at 95 °C for 5 minutes, then 35 cycles of denaturation at 95 °C 

for 30 seconds and annealing at 60 °C for 45 seconds. A further dilution was carried 

out on the median pool dilution amongst the standards, as all pools were normalised 

to the lowest dilution pool selected.  

 

2.8.4 Sequencing 

A 500-cycle reagent cartridge, all reagents and samples were thawed prior to setup. 

Read 1 sequencing primer (3.4 μL) was pipetted into well 12, 3.4 μL of the index 

primer was placed into well 13, and 3.4 μL of read 2 sequencing primers was placed 

in well 14. The samples were prepared by mixing 10 μL of library and 10 μL of 0.2 

NaOH (Sodium Hydroxide) and the PhiX spike was prepared by mixing 2 μL of PhiX, 

3 μL PCR grade H2O, and 5 μL of NaOH. Following 5 min incubation, the samples 

and PhiX were made up to 1 mL with HT1 (Hybridisation buffer), subsequently HT1 

was used to dilute the library and PhiX to 10 pM. A 5 % PhiX run was used, 950 μL 
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of 3.5 pM library and 50 μL PhiX were mixed in a tube and 600 μL of this mixture 

was loaded into well 17. The flow cell was rinsed with Milli-Q water, wiped with 80 

% ethanol, and carefully dried prior to placement within the MiSeq instrument. The 

cartridge, flow cell, and PR2 bottle were then loaded and the on-screen instructions 

followed. 

 

2.8.5 Next Generation Sequencing Stool data  

2.8.5.1 Diversity Indices in R 

Diversity indices used to measure species richness and proportional abundance 

were calculated using R (R Core Team, 2018). Species richness (R) was calculated 

using the total number of different species present from the number of unique OTUs 

produced by NGS. Abundance was measured using either the Simpson index, 

Shannon Index or Chao parameters. The Simpson dominance index, D or λ 

(Simpson, 1949), estimates species richness and evenness with more weight on 

evenness; the Shannon Weiner information index, H′ (Chiarucci et al., 2011; 

Shannon, 1948) similarly estimates species richness and evenness with more 

weight on species richness; and Chao1 for nonparametric data (Chao, 1984), an 

abundance-based estimator of richness. The formulae for the indices are outline in 

Figure 2.2.  

 

The indices were calculated in R (R Core Team, 2018) using MOTHUR output 

(Schloss et al., 2009), or in QIIME2 (version 2020.2) (Bolyen et al., 2019; Caporaso 

et al., 2012), as described below. The calculation of these diversity indices allowed 

for the determination of α-diversity and β-diversity. These ecological terms have 

been applied to a variety of situations (Tuomisto, 2010, 2012) with α-diversity 

pertaining to the richness of taxa in a single locality or community (Sepkoski, 1988; 

Whittaker, 1972), in this thesis it relates to the diversity in an individual preterm 
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infant. In comparison, β-diversity describes the difference in diversity as a result of 

habitat influences (Wilson and Shmida, 1984; Whittaker, 1972), which is applied to 

the differences between preterm infants in this thesis.  

 

 
Figure 2.2 Diversity Indices used in microbiome analysis; the symbol pi is the relative 

intensity of each species. The log of the relative intensity was multiplied by the relative 

intensity for every species in all of the samples. Species evenness (E) was calculated using 

by dividing H’ by the log of R. Dominance scores range from 0 (all taxa are equally present) 

to 1 (one taxon dominates the community completely). 

 

2.8.5.2 Statistical Modelling  

The use of statistical modelling and niche based stochastic considerations (Van Der 

Gast et al., 2008) may assist in determining ecological patterns. Alterations in the 

ecologically normal process of colonisation could illustrate disease factors of 
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importance (Collado et al., 2012). A multitude of statistical modelling is available, a 

summary of which is in Table 2.6.  

Table 2.6 Types of Network Modelling; used to untangle polymicrobial and microbe-host 

interactions, collated from Layeghifard et al., 2017; Žitnik et al., 2013 

Network model Description 

Dissimilarity 
based 

Pairwise dissimilarity index, significance via permutation test then used 
to build network 

 Bray-Curtis 

 Kullback-Leibler 

Correlation based 
Pairwise interactions between OTUs 

 Pearson product-moment correlation 

 Spearman’s non-parametric rank correlation coefficient 

Regression based 

Used when interactions are too complex for pairwise analysis. Multiple 
regression infers the abundance of one species from the combined 
abundance of the other taxa present. Subject to false positives and 
overfitting with multiple variables. 

Probabilistic 
Graphical Models 
(PGMs) 

Use uncertainty and complexity with probability and graph theory  

 Bayesian networks (belief networks) 

 Markov networks (MN) or Markov random fields (MRFs) 
Measure joint probability distributions to find marginal and conditional 
probabilities, representing sets of conditional dependence and 
independence in the data. PGMs categorised as: 

 Directed vs undirected 

 Static vs dynamic (time points vs over time) 

 Probabilistic vs decisional 

Network Inference 
Methods 

More robust than Pearsons which suffers from compositionality bias 
due to normalisation counts and ratio of samples to OTUs 

 SPIEC-EASI: SParse InversE Covariance – Estimation for 
Ecological Association Inference 

 SparCC: Sparse Correlation for Compositional data 

 ReBoot: permutation-renormalisation bootstrap method 

 REBACCA: Regularised Estimation of the Basis Covariance 
based on Compositional data 

 CCLasso: Correlation inference for Compositional data through 
Lasso 

 MENAP: Molecular Ecological Network Analysis Pipeline via 
Random Matrix Theory (RMT) 

 MInt: Microbial Interaction via Poisson-multivariate normal 
hierarchical modelling   

Local Similarity 
Analysis (LSA) 

Change in microbiota over time and infers signature association 
among OTUs as well as between OTUs 

Bayesian 
networks 

Alternative to LSAs, two types: 

 DBN: dynamic Bayesian networks, gives a snapshot of 
variables at each time point 

 TENs: temporal event networks, represents the time of an 
event that changes the state 

Mixed Graphical 
Models (MGMs) 

Graphical models with heterogenous datasets containing both 
continuous and discrete variables 

 Data fusion: mining these heterogenous datasets for relevant 
data such as gene function, disease-disease associations, 
predicting drug toxicity and infer gene networks 
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This thesis uses a mixture of descriptive statistical techniques to uncover α- and β- 

diversity within the microbial communities, as well as network modelling to describe 

interactions and drivers of significance in the ecological system in relation to disease 

and non-disease states. 

 

2.8.5.3 MOTHUR 

The sequencing read pairs in the form of fastq files were demultiplexed based on 

the unique molecular barcodes, and the reads were merged via MOTHUR v.1.39.5 

(Kozich et al., 2013; Schloss et al., 2009) using USEARCH v7.0.1090 (Edgar, 2010), 

following the SOP (available at: http://www.mothur.org/wiki/MiSeq_SOP). Merging 

allowed zero mismatches and a minimum overlap of 50 bases, with these merged 

reads trimmed at the first base with a Q ≤ 5 for consistent length and high-quality 

reads. In addition, a quality filter was applied and those containing > 0.05 % 

expected errors were discarded. Sequences were stepwise clustered into OTUs at 

a similarity cut-off value of 97 %, using the UPARSE algorithm (Edgar, 2018; Edgar 

et al., 2011). Chimeras were removed using USEARCH v7.0.1090. OTUs were 

determined by mapping the centroids to the SILVA database (Quast et al., 2013) 

containing only the 16S rDNA V4 region to determine taxonomies. 

 

2.8.5.4 Bifidobacteria Sepsis Case study (Chapter 3) 

2.8.5.4.1 MICROBIOME ANALYST 

The MOTHUR generated ‘.taxonomy’ and ‘.shared’ files with corresponding 

metadata were inputted into Microbiome Analyst (Chong et al., 2020; Dhariwal et 

al., 2017) utilising the MarkerData Profiling (MDP) module. The taxonomic diversity 

profiling used R phyloseq (McMurdie and Holmes, 2013, 2015) and vegan package 

analysis (Dixon, 2003). The 730239 reads were filtered in Microbiome Analyst 

removing a total of 90 low abundance features based on 20% prevalence in 

http://www.mothur.org/wiki/MiSeq_SOP
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samples, and 3 low variance features based on 10 % inter-quantile range; 17 

features remained after the data filtering. A count per million data normalisation was 

performed, but the data did not undergo transformation or rarefaction, as this had 

previously been applied to the data in MOTHUR.  

 

Phyla of significance were detected by univariance analysis. Specifically, α-diversity 

measures of Chao, Shannon and Simpson diversity were calculated within 

Microbiome Analyst using the Phyloseq package, with Mann-Whitney and Kruskal-

Wallis tests highlighting significant differences. Bray-Curtis distances were plotted 

using Non-metric Multi-dimensional Scaling (NMDS) was used to explore the 

presence or absence of a relationship between the two infants and significance 

measured using PERMANOVA. NMDS condenses multidimensional data into 2D 

ordination plots, the closer the points are the more similar their microbial 

communities. The Linear discriminant analysis Effect Size (LEfSe) algorithm 

employed Kruskal-Wallis rank sum tests to detect features with significant 

differential abundance between groups, followed by Linear Discriminant Analysis 

(LDA) to evaluate the relevance or effect size of the differential abundant features. 

 

2.8.5.4.2 R ANALYSIS 

The Mothur (Schloss et al., 2009) generated ‘.taxonomy’ and ‘.shared’ files with 

corresponding metadata were inputted into R version 3.5.0 (R Core Team, 2018); 

and the Mothur generated BIOM files were also subjected to data analysis. 

Normality (Shapiro-Wilk, p-value < 0.005, Non-normal data) and homogeneity tests 

(Bartlett test for homogeneity of variances, p-value > 0.05, Homogenous data) were 

conducted in R. Significant differences are highlighted with asterisks; * denoted p-

value < 0.05 and ** denoted p-value < 0.01 and *** denoted p-value < 0.001. 
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Significant differences in genera were determined using Mann-Whitney Univariate 

analysis, Kruskal-Wallis sum-rank and Wilcoxon pairwise tests, and by linear 

discriminant analysis to determine the effective size of the different abundances. 

 

2.8.5.5 NEC / No NEC cohort (Chapter 4) 

2.8.5.5.1 R ANALYSIS 

The MOTHUR generated ‘.taxonomy’ and ‘.shared’ files were manipulated into a 

format acceptable for analysis into Phyloseq (McMurdie and Holmes, 2013) 

package in R to form a merged physeq object of OTU (an abundance matric formed 

from transposing the .shared file), TAX (from the .taxonomy file), and SAM (patient 

metadata file). This package used many of the tools available in R for ecology and 

phylogenetic analysis (including vegan, ade4, ape, picante, phangorn, ggplot2, 

dplyr). This physeq object was used to merge the variables to allow for relative 

abundance to be compared. The data frame file was exported and subjected to 

normality (Shapiro-Wilk, p-value < 0.005, non-normal data) and homogeneity tests 

(Bartlett test for homogeneity of variances, p-value > 0.05, homogenous data), 

conducted in R. Significant differences are highlighted with asterisks; * denoted p-

value < 0.05 and ** denoted p-value < 0.01 and *** denoted p-value < 0.001. 

Significant differences in genera were determined using Univariate Mann-Whitney 

analysis, Kruskal-Wallis sum-rank and Wilcoxon tests, and by linear discriminant 

analysis to determine the effective size of the different abundances. All p-values 

were adjusted for multiple comparisons using the false discovery rate (FDR) 

algorithm unless otherwise stated. Bray-Curtis distances were plotted using NMDS 

was used to explore the presence or absence of a relationship between the two 

infants and significance measured using analysis of similarities (ANOSIM) for 

nonparametric / non-normal data. The LEfSe (Linear discriminant analysis Effect 

Size) algorithm employed Kruskal-Wallis rank sum tests to detect features with 
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significant differential abundance, followed by Linear Discriminant Analysis (LDA) to 

evaluate the relevance or effect size of the differential abundant features. 

 

2.8.5.5.2 QUANTITATIVE INSIGHTS INTO MICROBIAL ECOLOGY 2 (QIIME 2) 

The raw sequencing reads were imported into QIIME 2 (version 2020.2) (Bolyen et 

al., 2019; Caporaso et al., 2010); the data was demultiplexed where the sequences 

are mapped to the sample where it originated. Subsequently the non-biological parts 

of the sequences such as the primers were removed. Quality control was performed 

by denoising the sequences with deblur and quality filtered, with an average quality 

score of > 25 in a sliding window of 50 bp. Following visualisation of the quality filters 

the length trim was set (251 bp). The remaining high-quality sequences were 

clustered into operational taxonomic units (OTUs) at 97 % similarity using 

VSEARCH  and chimeras removed using UCHIME (Edgar et al., 2011). 

Subsequently taxonomy was assigned against Greengenes (version gg-13-8-99) 

using feature-classify and the sklearn (Varoquaux et al., 2015) package. The BIOM 

output of the pipeline was used to analyse α-diversity and was entered into the 

Galaxy Huttenhower platform (https://huttenhower.sph.harvard.edu/galaxy/) version 

of PICRUSt to assign predicted metagenomic data. 

 

2.8.5.5.3 METABOLOMIC INFERENCE 

Inferred metabolic capacity of the bacterial community was determined by analysis 

in the FishTaco (functional shifts taxonomic contributions) (Manor and Borenstein, 

2017b) package through QIIME2 (Bolyen et al., 2019; Caporaso et al., 2010). The 

PICRUSt predicted metagenomic file, taxonomic information and label files were 

entered into FishTaco (Manor and Borenstein, 2017b) and run within QIIME2, the 

output files were used to determine significance stats and used to visualise the data 

using the online web-tool (http://elbo-spice.cs.tau.ac.il/shiny/FishTacoPlot/). Where 

https://huttenhower.sph.harvard.edu/galaxy/
http://elbo-spice.cs.tau.ac.il/shiny/FishTacoPlot/
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metabolic pathways of significance were found between sample subsets, the shift 

score ranked the functional differences in relation to significance. The Wilcoxon test 

differentiated taxa driving the pathway to the right of 0.0, from taxa attenuating the 

pathway to the left, with the clear diamonds detailing the differential abundance 

between the top bar and bottom bar taxonomic profiles (Figure 2.3). 

 

 
Figure 2.3 FishTaco framework; A) Deconvolving metagenomic- based functional 
abundance profile into a taxa-based functional profile based on taxonomic profile and 
genomic content from profiles. Metagenome and taxa based functional shifts calculated b 
comparative functional analysis. B) Decomposing the functional shifts into contributions 
from each taxon level. Permutation based approach the contribution of each taxa to the 
functional shift was quantified. Shapely value analysis used to account for statistical 
interactions between taxa and linearise contribution profile. C) FishTaco taxon-level 
contribution profile. The functional shift score is decomposed into taxon-level contributions 
(top) and further distinguished between four modes of contribution (bottom) (Manor and 

Borenstein, 2017a, 2017b). 

 

Where differences were found * denotes p-value < 0.05, ** denotes a p-value < 0.01, 

and *** denotes p-value < 0.001; the false discovery rate (FDR) was used to 

substantiate the p-value for both the metabolomic pathways of significance and 

significant taxa (Korthauer et al., 2019). FDR was used to circumnavigate the 
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multiple testing hypothesis problem,  in preference to the Bonferroni statistic, as the 

latter may be too conservative when dealing with large-scale genomics where 

multiple testing occurs (Nakagawa, 2004). FDR estimates some of the rejection 

region so that an average FDR < α whereas the Bonferroni correction sets the 

significance at α / n (where n = number of tests), therefore as each test is conducted 

the significance is proportionately reduced. Fisher testing conversely overestimates 

significance in high diversity datasets (Diz et al., 2011), whilst it can be of most 

accuracy in low diversity communities. 

 

The functional capabilities of the bacterial community of samples can be lost with 

the restrictions of 16S sequencing, PICRUSt estimated the metabolic profile of a 

metagenome which is linked to a reference list of metabolic profiles. The taxonomic 

abundance, and metabolic reference profiles based on KEGG (Kyoto 

Encyclopaedia of Genes and Genomes) closed database enables access to 

metabolic profiling (Kanehisa et al., 2008). This was performed at the pathway level 

using genomic content inference to determine which species attenuated and drove 

the significantly altered functions. FishTaco takes split functional shifts seen in 

comparative analysis into taxon-level roles. It has a permutation approach which 

normalises and scales in a way that keeps overall community taxonomic features. 

The algorithms consider variation in the community caused by each taxon, in 

addition with the community wide environment. Game theory is also applied to 

describe the inter-species non-linear dependencies and the individual taxa 

contribution estimated. Pearson correlation between taxa and metagenomic based 

functional profile is measured for each profile, subsequently the agreement between 

the metagenome based and taxa based functional shifts scores are measured, and 

finally the taxon level shift contribution profiles assembled.  
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2.9 Short Chain Fatty Acid Analysis (SCFAs) 

Method development was undertaken to evaluate a quick procedure to measure 

SCFAs in the breast milk collected from mothers of preterm infants in Chapter 5. 

Milk samples from varying readymade infant formula, semi-skimmed cows’ milk and 

cows’ whole milk were compared on two differing UPLC-MS (Ultra Performance 

Liquid Chromatography – Mass Spectrometry) instruments prior to running the 

preterm infants’ breast milk samples.  

 

2.9.1 UPLC-MS Method Development Infant formula milk  

2.9.1.1 Extraction method of Lipids for analysis 

The extraction method used was developed by Andreas et al. (2015) the reasoning 

previously discussed (1.5.2) primarily allows faster extraction using less hazardous 

chemicals. Briefly, the milk sample (on ice, unless the sample was readymade infant 

formula which was stable at room temperature) was aliquoted (50 μL) into 1.5 – 2 

mL centrifuge tubes, and vortexed at room temp (5 seconds). Methanol (MeOH) 

(175 μL) was added to 175 μL of methyl-tert-butyl-ether (MTBE) and mixed; 

subsequently the milk formula sample was added, vortexed for 5 seconds, 

centrifuged at 4000 x g for 15 minutes. The upper phase containing the lipids, was 

pipetted out for analysis. The bottom phase containing the proteins, was stored at -

80 °C, to be used for further analysis if required. The extracted lipid samples were 

centrifuged at room temperature and 4000 x g for either 15 minutes or 30 minutes 

to determine if this affected the amount of SCFA extracted. The samples were then 

stored at -20 °C until required for UPLC analysis, -80 °C for long-term storage. The 

extraction method was repeated with non-homogenised Jersey milk, splitting 

samples into mixed / non-mixed to determine if vortexing the samples prior to 

extraction affected lipid content and SCFA detection. 
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2.9.1.2 Mobile Phase Preparation  

The mobile phase used was dependent on the specific SCFAs targeted, and was 

made in the fume hood, with fresh reagents immediately before use to ensure 

accuracy of readings. Mobile Phase A (50:50 Acetonitrile (ACN): Water (H2O) plus 

10 mM Ammonium acetate (C2H7NO2)): 50 mL of ACN was added to 50 mL of HPLC 

(High Performance/Pressure Liquid Chromatography) grade water and mixed; 

0.077 g ammonium acetate was added and mixed until dissolved. Mobile Phase B 

(95:5 ACN:H2O plus 10 mM C2H7NO2): 95 mL of ACN was added to 5 mL of HPLC 

grade water and mixed; 0.077 g ammonium acetic acid added and mixed until 

dissolved. 

 

2.9.1.2.1 UPLC-MS WATERS XEVO G2-XS QTOF 

Butyric Acid (CAS-No: 107-92-6; Molecular Weight: 88.11 g / mol) ≥ 99 %, (Sigma-

Aldrich®) in MTBE:MeOH (50:50) 0.1 M, was used as the standard after method 

development; with the blank being MTBE:MeOH (50:50). An AcQUITY BEH Amide 

1.7μm column™ (2.1 mm x 100 mm) was used in Reverse / Reverse phase mode 

on the Waters Xevo G2-XS QToF™. The UPLC was run in ESI -ve under the 

following conditions: capillary voltage kV 2.5; sampling cone 30; source temperature 

120 °C; Source offset (90); desolvation temperature 450 °C; desolvation gas flow 

800 L/Hr; cone gas flow 60 L/Hr. The system was primed: 50:50 ACN:H2O, flow of 

0.2 mL / min. Injection volumes 1 - 5 µL. Lines A & B were used for mobile phase A 

and B. Line A: mobile phase A (50:50 ACN:H2O plus 10 mM Ammonium acetic acid); 

Line B: mobile phase B (95:5 ACN:H2O plus 10 mM Ammonium acetic acid). The 

seal wash was 90:10 H2O:ACN. Initial settings: no lock spray; purged initial phase; 

solvent wash for 15 seconds; solvent purged for 20 cycles; A and B Lines were re-

primed, and the seal wash initiated for 5 minutes. The samples were injected at 2 
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µL [20 µg / mL] = 20ppm. were run as per the final set up of the Inlet Page run 

method development (Table 2.7). A blank MeOH was injected twice at the start of 

the run, followed by the Butyric standard, subsequently 3 samples were injected in 

duplicate followed by one blank (MeOH) and one standard, this pattern was 

repeated for all the samples as per (Appendix 2. Matched NGS samples metadata 

and UPLC-MS results). 

 

Table 2.7 Inlet Page run parameters; during method development the parameters were 

examined in order to maximise SCFA detection. 

Time (min) 
Final Set Up 

% A % B 

Initial 0.1 99.9 

0.4 0.1 99.9 
0.5 1.0 0.99 

2.0 10.0 90.0 

2.01 0.1 99.9 

5.0 0.1 99.9 

 

 

2.9.2 Analysis of Mass Spectrometry Data 

The MS spectra were analysed by identifying the mass of the SCFA butyric acid at 

87.01 (M-H). The retention time of the standard was compared to the peak at that 

retention time. Where a peak at 87.01 was found the intensity of the peak was noted, 

and the area under the peak measured. The concentration of the peak was 

measured by comparing peak intensity and area with the known concentration, 

which may then be used to calculate the concentration of the butyric acid in the 

sample. Ester formation caused the full structure of butyric acid to be hidden with 

the potential formation of dihydrobutyric acid (when -OHH was lost) or methyl 

butanoate (5.1.2.6), which produced a base peak at a mass of 101.03.  MassLynx 

software (version 4.2) was used to display the mass at 101.03 as a tentative 

identification of the presence of butyric acid.  
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3 Chapter Three – Case study detailing the changing gut 
microbiota in two preterm infants responding to sepsis.  

 

Abstract  

Aim: Two preterm infants presented to the Royal Victoria Infirmary (RVI) in 2016 

and 2017 with late-onset sepsis (LOS), which was confirmed as Bifidobacteria 

sepsis. The causative species were subsequently revealed as Bifidobacterium 

breve and B. longum from a blood culture at the Freeman Hospital. Both Infants 

were male, breastfed, delivered vaginally as singletons at the RVI. The aim was to 

investigate a link between the development of sepsis in these infants and the 

administration of probiotics containing Bifidobacteria. 

Method: Faecal samples (n = 16) from preterm infants (N = 2) were subjected to 

16S rRNA molecular analysis via NGS MiSeq Illumina.   

Results: The two infants had significantly different alpha diversity (p-value = 0.05) 

and β-diversity (p-value < 0.001). Infant 1 had greater diversity of bacterial 

composition, indicative of a healthier microbiome relative to infant 2. Significantly, 

both infants developed LOS, only infant 2 with reduced bacterial diversity also 

developed NEC. Abundance of Bifidobacterium increased considerably before 

sepsis in both infants. Infant 1 had lower levels of Staphylococcus (p-value < 0.001) 

and higher levels of Lactococcus (p-value < 0.01).  

Conclusions: The link between LOS and probiotic Bifidobacteria was inconclusive. 

However, both infants exhibited diversity reduction prior to LOS onset. Infant 2 also 

displayed expected shifts in bacterial profile prior to NEC onset, whilst infant 1 

presented a healthier, dynamic, microbiome prior to LOS, and did not contract NEC.   
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3.1 Introduction   

The opportunity to conduct this case study arose after consultation and in 

collaboration with clinicians (Dr Janet Berrington, Dr Nicholas Embleton and Dr 

Stefan Zalewski) at the Neonatal Intensive Care Unit (NICU) of the Royal Victoria 

Infirmary (RVI), Newcastle. The case study related to two preterm infants which 

presented with late-onset sepsis (LOS) in 2016 (infant 1) and 2017 (infant 2). Blood 

cultures were analysed at the Freeman hospital and confirmed the bacterial cause 

of the sepsis was unusually from Bifidobacteria species, specifically Bifidobacterium 

breve (infant 1) and Bifidobacterium longum (infant 2). 

 

Two brands of probiotic containing Bifidobacteria spp. have been administered 

routinely at the RVI since 2008 (Embleton and Yates, 2008). The first brand, 

Infloran™ was administered between 2008 and 2016 contained Bifidobacterium 

bifidum and Lactobacillus acidophilus each at a dose of 5.0 x 108 bacteria per 

recommended serving. InfloranTM was withdrawn from use in 2016 due to supply 

issues, but it also had drawbacks, such as it was in capsule form, and required 

refrigeration which resulted in time consuming preparation.  

 

The NICU at the RVI changed to the probiotic LaBiNICTM from 2017. LaBiNIC™ 

came in liquid drop form, did not require refrigeration and was less time consuming 

to prepare. LaBiNIC™ contained B. bifidum; Bifidobacterium longum subspp. 

infantis; and L. acidophilus each at a dose of 7.5 x 108 per recommended serving. 

LaBiNICTM was anticipated to be more advantageous to the preterm infants due to 

the marginally increased number of bacteria within each dose, but also because of 

the inclusion of B. infantis, a known beneficial bacteria in infants for both 

immunoregulatory development and metabolomic implications (Barba-Vidal et al., 
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2017; Chiu et al., 2014; Desbonnet et al., 2008). Bifidobacteria facilitate access to 

the energy in the form of human milk oligosaccharides (HMOs) in breast milk 

(1.2.3.2 and 1.4.2), otherwise inaccessible due to the metabolic enzymes present in 

specific bacteria, primarily B. infantis (Garrido et al., 2013b; Sela and Mills, 2010).   

 

The aim of the chapter was to investigate the development of sepsis and the 

administration of probiotics containing Bifidobacteria in two infants. As there were 

only two infants drawing any wider conclusions was restricted, however the case 

study utilised the methods to be employed in Chapter 4, allowing for the 

development of, and training in, the most efficient and accurate techniques.  

 

3.1.1 Sepsis in Preterm Infants 

The incidence of sepsis (onset > 48 h of age) is 3/1000 live births and 29/1000 

neonatal admissions (Jiang et al., 2004), and mortality can be up to 10 % (Stewart 

et al., 2017b). Concurrently LOS can lead to neurodevelopmental impairment (Tarr 

and Warner, 2016) requiring long term care for these preterm infants. Neonatal 

sepsis occurs when a serious infection affects infants within the first 28 days of life 

and is a significant cause of mortality and morbidity (Vergnano et al., 2011). Early 

onset sepsis (EOS) usually has symptoms within 72 hrs of delivery, and up to 7 days 

depending on the clinicians’ discretion (Shane et al., 2017; Jiang et al., 2004). Late-

onset sepsis (LOS) manifests between seven and 28 days of birth and has different 

causes, symptoms and outcomes – meningitis, NEC and bacteraemia (Brooks et 

al., 2018; Shane et al., 2017; Romeo et al., 2011; Hanley, 2008) being more 

common outcomes.  

 

There are many risk factors to be considered regarding sepsis, already described 

(1.3.2) including as low birth weight, low gestational age (GA), antibiotic exposure, 
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hygiene, central venous catheters (Downey et al., 2010). For clinicians there is now 

an online risk calculator (Kuzniewicz et al., 2017; Escobar et al., 2014; Puopolo et 

al., 2011) which can be utilised for infants over 34 weeks GA:  

https://neonatalsepsiscalculator.kaiserpermanente.org/. It is worth noting that male 

infants have a higher risk factor for developing sepsis then female infants (Shane et 

al., 2017); although this correlation has not been detailed in preterm infants, both 

infants in this case study were male. LOS manifests non-specific symptoms such as 

fever, cyanosis, apnoea, tachycardia, bradycardia, hypotension, jaundice, lethargy, 

abdominal distention, vomiting and diarrhoea (Nelson and Stewart, 2019). These 

non-specific symptoms overlap with many other diseases prevalent in preterms, but 

most importantly NEC, requiring sepsis diagnosis to be confirmed by isolating a 

pathogen from a normally sterile bodily fluid (Garland et al., 2011) such as 

cerebrospinal fluid or blood. 

 

The most common causative agent of LOS is coagulase negative Staphylococcus 

(CoNS), (Nelson and Stewart, 2019). Gram positive bacteria account for 70 % of 

cases, 18 % Gram negative bacteria and the remaining 12 % from fungi. Most 

pathogenic bacteria causing EOS (95 %) and LOS (84 %) were susceptible to 

commonly used first line antibiotic combinations of penicillin / gentamicin and 

flucloxacillin / gentamicin (Shane et al., 2017). The antibiotics administered to the 

preterm infants in this chapter are provided below (Table 3.1). The importance of 

Bifidobacteria to the health of preterm infants and preventing sepsis has significant 

support (Milani et al., 2017; Stewart et al., 2017b; Rao et al., 2016). Bifidobacteria 

may directly protect or act as marker for protection against gut epithelial 

translocation (Stewart et al., 2017a), and ulcerative colitis (Duranti et al., 2016).   

 

https://neonatalsepsiscalculator.kaiserpermanente.org/
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3.1.2 Role of Probiotics in Preterm Infant health and sepsis 

A complex and symbiotic co-evolutionary relationship exists between the intestinal 

microbes and humans (Rautava, 2007). The role of probiotics as live microbial 

supplements has been acknowledged as beneficial to the equilibrium of the gut and 

potentially provide more extensive benefits to the host (Zhang et al., 2005). 

Bifidobacterium species dominate the infant gut microbiota in the first few weeks of 

life (Turroni et al., 2018a), especially in breast fed infants (Embleton, 2008). The 

emergence of Bifidobacterium species in neonates of very low birthweight is delayed 

until the third week of life, even in those receiving breast milk (Deshpande et al., 

2007a), but the presence of Bifidobacteria in preterm infants is widely acknowledged 

to be a sign of health (Dobbler et al., 2017; Mai et al., 2011; Neu and Walker, 2011). 

 

The administration of probiotic such as of Bifidobacterium and Lactobacillus to NICU 

preterm infants can provide protection from disease (Rose and Patel, 2018; 

Panigrahi et al., 2017; Aceti et al., 2017; Shane et al., 2017; Deshmukh et al., 2014; 

Romeo et al., 2011; Ohashi and Ushida, 2009; Lin et al., 2005; Van Niel et al., 2002; 

Hoyos, 1999; Kitajima et al., 1997), by modifying the immune response (Panigrahi 

et al., 2017; Arrieta et al., 2014; Renz et al., 2012; Ohashi and Ushida, 2009; Sudo 

et al., 1997). Whilst there is some disagreement as to the efficacy of probiotics use 

(Suez et al., 2018; Zmora et al., 2018), a meta-analysis (Deshpande et al., 2007a) 

concluded that there was a significant reduction in overall mortality when probiotics 

were administered, despite there being no difference in rates of sepsis. However, 

probiotics may be less beneficial against late-onset sepsis (LOS) (Jacobs et al., 

2013) than other diseases such as necrotising enterocolitis (NEC). Yet, 

Bifidobacterium lactis and B. bifidum have been able to decrease the rates of 

nosocomial infections like sepsis by reducing the permeability of the intestine 
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(Stratiki et al., 2007), consequently reducing NEC rates, and improving the time 

taken until a preterm infant was able to consume 150 mL / Kg a day of feed – a key 

indicator to health (Morelli et al., 2018; Dilli et al., 2015; Aydemir et al., 2011; 

Mihatsch et al., 2010; Mohan et al., 2008). Therefore, further investigation into 

sepsis and probiotics could be clinically significant for the health of preterm infants. 

 

Preterm infants are generally administered antibiotics to prevent infection, however 

antibiotic use may affect the probiotics efficacy. The infant’s antibiotic regime is 

outlined in below (Table 3.1). Probiotics may assist the speed at which the gut 

microbiota returns to a healthy diversity after antibiotic induced dysbiosis as already 

discussed (1.4.1). Concomitantly Bifidobacterium spp. specifically have some 

intrinsic antibiotic resistance to nalidixic acid, neomycin, polymyxin B, kanamycin, 

gentamicin, streptomycin, and metronidazole; whilst most Bifidobacteria are 

susceptible to chloramphenicol, erythromycin, clindamycin and with variable 

susceptibility to tetracycline (Mayo and Van Sinderen, 2010). This may be a 

contributing factor to the diversity profiles of preterm infants, potentially aiding a 

return to a healthy microbiome by occupying an ecological niche and preventing 

colonisation by opportunistic pathogens (Milani et al., 2017; Alfaleh and Anabrees, 

2014).  

 

Human breast milk acts as a prebiotic, influencing the microbiome and interacting 

with Bifidobacterium spp. (Cabrera-Rubio et al., 2019; Autran et al., 2018a) as 

infants consume complex Human Milk Oligosaccharides (HMOs) in the breast milk 

which are indigestible by infant intestinal enzymes (Garrido et al., 2012); human 

breast milk and colostrum consists of between 2 - 23 g / L of oligosaccharides. Upon 

reaching the distal gut Bacteroides thetaiotaomicron and Bacteroides fragilis 
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interact with the HMOs (Mayo and Van Sinderen, 2010), enabling digestion of the 

breast milk by B. infantis (Marcobal and Sonnenburg, 2012; Marcobal et al., 2010a, 

2011b) and B. breve (Morelli et al., 2018). B. infantis utilises several small HMOs as 

a carbon source whereas adult associated B. longum cannot utilise these HMOs. 

Concomitantly, HMO utilisation increases acetate and butyric acid levels which 

aides in protection against enteropathogens by improving gut barrier function 

(Vongbhavit and Underwood, 2016b; Wang et al., 2007). The immunoregulatory role 

of B. infantis attenuates IL-6 and IL-8 previously linked to the NEC inflammatory 

response whilst B. longum (BL999) in addition to Lactobacillus casei subspp. 

rhamnosus has been shown to increase the antibody Immunoglobulin G (IgG) 

response to Hepatitis B vaccination (Soh et al., 2009). B. longum (BB536) similarly 

enhances cytokine IFN-γ thereby improving Th1 immune response (Wu et al., 

2017). 

 

Controlled trials have not reported significant adverse effects from probiotics, 

however, there are reports of sepsis infections linked to probiotic bacteria (Bin-Nun 

et al., 2005). These cases predominantly involve Lactobacilli (Kunz, 2005; Kunz et 

al., 2004; Thompson et al., 2001) with reports of sepsis from Bifidobacteria very rare 

(Jenke et al., 2012), but usually as a result of bacterial translocation through the 

leaky gut of the underdeveloped preterm infant. However Bifidobacteria are 

notoriously difficult to identify (Deshpande et al., 2011) so dismissing the likelihood 

of sepsis from Bifidobacteria out of hand is inadvisable as preterm infants 

microbiome can be overwhelmed by normally beneficial bacteria (Neu et al., 2018; 

Neu, 2011; Neu and Shuster, 2010).  
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Whilst probiotics are relatively safe (Hammerman and Kaplan, 2006), they are 

classed as dietary supplements and therefore do not have the same regulatory 

requirements necessitated by medicines, potentially leading to inconsistencies 

which may lead to reduced efficacy (Escribano et al., 2018). Although B. 

adolescentis, bifidum, longum, animalis and breve have European Union qualified 

presumption of safety status (QPS) consequently they are deemed safe for feed and 

biocontrol agents (Mayo and Van Sinderen, 2010). Cases cite NEC reduction by 30 

% when preterms are administered probiotics (Deshpande et al., 2011), and 

mortality rates halved (Duffield and Clarke, 2019); consequently, the argument for 

probiotic use is still strong. 

 

3.1.3 Sample Collection and Patient Cohort 

Two preterm infants presented with LOS to the RVI in 2016 and 2017. LOS was 

confirmed by blood culture at the Freeman Hospital. Both infants were male, 

breastfed, delivered vaginally as singletons; Table 3.1 outlines the clinical 

information and background. Samples from infant 1 were taken from before and 

after LOS onset, whereas infant 2 only had samples prior to LOS. Infant 2 developed 

NEC in addition to LOS and therefore obtaining samples after LOS / NEC diagnosis 

was not possible as the protocol for infants with NEC in the NICU was to stop feeds 

and therefore no stool samples would be available. Infant 1 contracted LOS from B. 

breve at day of life (DOL) 22 whilst infant 2 originated from B. longum at DOL 18. 

 

 

 

 

Table 3.1 Clinical background of Infant 1 and 2; the numbers inside the parentheses 

indicate how many days each specific antibiotic (Abx) was given, numbers outside indicate 



88 
 

the day of life the antibiotic was given. A = Amoxicillin; C = Ceftazidine; F = Flucloxacillin; 

G = Gentamicin; M = Metronidazole; P = Penicillin; V = Vancomycin. IP = Inspiratory 

Pressure; CPAP = Continuous Positive Airway Pressure; EBM = Expressed Breast Milk; 

BMF = Breast Milk Fortifier; DOL = Day of Life; SB = short bowel. 

 Infant 1 Infant 2 

Patient number 465 529 
Sepsis 
Diagnosed 

DOL 22 DOL 18 

NEC Y/N N 

Y: NEC day onset 20.  
Stoma formation and 

laparotomy DOL 25, SB 
resection DOL 228  

Bacterial Cause 
Sepsis 

Bifidobacteria breve Bifidobacterium longum 

EBM 
DOL 2, full feed DOL 13, 

remained EBM until discharge 
DOL 3, never a full feed 

BMF DOL 14 - 94 N 

Abx 
0 (P2G2) 10 (C6V6) 

22(A5F3G3)26 (V2), and 
antifungal 

0 (P2G2) 4 (V5C5) 18 (VCM 19) 
47 (VCM2) 52 (F5) 57 (VCM5) 
92 (co-amox2), and antifungal 

Probiotic Infloran™ DOL 2-26 LaBiNIC™ DOL 8-17 

Ventilated 
8 days, 56 IP Days CPAP and 

humicare 
63 IP Days CPAP and humicare 

Weight 
Birth: 650g GA 23+6; DOL 14: 
700g; DOL 28: 820g; weight at 

discharge DOL102: 3150g. 

Birth: 580g GA 23+2; DOL 14: 
775g; DOL 28: 775g; weight at 

discharge DOL136: 3745g 

Samples 

Number DOL Number DOL 

3886 13 104 7 

3897 21 109 9 

3906 23 112 10 

3911 22 113 11 

3930 30 114 13 

3942 29 115 14 

3943 32 116 15 

  119 16 

  121 18 

 

3.2 Methods  

As previously outlined (Chapter 2) 16S rRNA extraction and Next Generation 

Sequencing (NGS) analysis was carried out. Briefly: nucleic acid extraction was 

carried out on approximately 0.250 g of stool using the PowerLyzerTM PowerSoil 

DNA Isolation Kit (MoBio, CA, United States) in accordance with the manufacturer’s 

instructions. The successful DNA extraction was confirmed using agarose gel 

electrophoresis, Qubit® 2.0 Fluorometric analysis and NanoDrop (1000T). After 
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confirmation that the DNA was at sufficient density and purity (> 20 ng / mL) as 

detailed in the methods (2.7) and Appendix 4. Bifidobacteria Case study Qubit 

concentrations. The V4 region of the 16S rRNA gene was then amplified by PCR 

using barcoded Illumina adapter-containing primers 515F and 806R (Caporaso et 

al., 2012), sequenced on the MiSeq platform (Illumina; San Diego, CA, United 

States) by NU-OMICS using the 2 x 250 bp paired-end protocol yielding overlapping 

pair-end reads. Sequencing read pairs were demultiplexed based on the unique 

molecular barcodes, merged via MOTHUR v.1.39.5 (Kozich et al., 2013; Schloss et 

al., 2009) using USEARCH v7.0.1090 (Edgar, 2010). A quality filter was applied, 

those containing > 0.05 % expected errors discarded. Sequences were stepwise 

clustered into OTUs using the UPARSE algorithm with a 97 % cut-off (Edgar, 2018). 

Chimeras were removed using USEARCH v7.0.1090. OTUs were determined by 

mapping the centroids to the SILVA database (Quast et al., 2013) containing only 

the 16S rDNA V4 region to determine taxonomies.  

 

The MOTHUR generated BIOM files with corresponding metadata were inputted 

into Microbiome Analyst (Dhariwal et al., 2017) utilising the MarkerData Profiling 

(MDP) module. Normality and homogeneity tests were conducted using R version 

3.5.0 (R Core Team, 2018), followed by ANOVA to determine if treatment type, 

phylum, or both were significant factors and Tukey test to highlight which phyla were 

significant. The taxonomic diversity profiling used R phyloseq (McMurdie and 

Holmes, 2013) and vegan package (Dixon, 2003) analysis. Phyla of significance 

were detected by univariance analysis. The heatmap clustered similar and dissimilar 

abundances of taxa species in relation to DOL using Euclidean followed by Pearson 

r correlation. Bray-Curtis distances were plotted using NMDS was used to explore 

the presence or absence of a relationship between the two infants and significance 
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measured using PERMANOVA. LEfSe algorithm employed Kruskal-Wallis rank sum 

tests to detect features with significant differential abundance, followed by Linear 

Discriminant Analysis to evaluate the relevance or effect size of the differential 

abundant features.  

 

3.3 Results 

3.3.1 Alpha Diversity 

Infant 1 was administered Infloran™ whereas as LaBiNIC™ probiotics were 

administered to infant 2, whilst probiotics cannot be presumed the cause, the two 

infants had different relative abundance profiles (Figure 3.1). Infant 2 had lower 

levels of the common gut bacteria Veillonella but not significantly (p-value = 0.167). 

Infant 2 had significantly higher abundance of Staphylococcus (p-value = 0.001) and 

Escherichia_Shigella (p-value = 0.035) compared to infant 1. Both infants had high 

levels of Bifidobacterium as expected in infants administered probiotics. 

Comparatively infant 1 had relatively lower abundance of Bifidobacterium, but not 

significantly (p-value = 0.127) with higher relative abundance of Lactococcus (p-

value = 0.009) and Enterococcus (p-value = 0.001).  

 

 
Figure 3.1 Relative abundance of genera found in infant 1 and 2; α-diversity analysis 

from V4 16S rRNA amplicon sequencing of extracted DNA from all stool samples, OTUs 

were clustered into genera for analysis (R Core Team, 2018) and visualisation plots created 

using MicrobiomeAnalyst (Chong et al., 2020; Dhariwal et al., 2017). 
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Three bacterial genera were highlighted (Figure 3.2) because Bifidobacterium spp. 

were the cause of the LOS in the infants and only Lactococcus and Staphylococcus 

were the genera showing significant difference in means of abundance. 

 
Figure 3.2 Difference in means of abundance between infant 1 and 2 in relation to 

three bacteria of interest; α-diversity analysis from V4 16S rRNA amplicon sequencing of 

extracted DNA from stool samples, OTUs were clustered into genera for analysis (R Core 

Team, 2018) and visualisation plots created using MicrobiomeAnalyst (Chong et al., 2020; 

Dhariwal et al., 2017), followed by univariant Mann-Whitney with Kruskal-Wallis significance 

test (R Core Team, 2018) for a) Staphylococcus (p-value <0.001) b) Lactococcus (p-value 

= 0.002) and c) Bifidobacterium (p-value = 0.09) The closed circles indicate discrete sample 

means of abundance, the boxplots highlight the range of sample means.  
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Infant 1 had reduced Staphylococcus with the means of abundance significantly 

reduced (p-value = 0.001), whilst Lactococcus difference of means were 

significantly increased (p-value = 0.009). There was no significant difference 

between the infants relating to Bifidobacterium (p-value = 1.127). Shannon diversity 

measurements also determined a significant difference in diversity between the two 

infants (Figure 3.3), with infant 1 depicting greater diversity than infant 2 (p-value = 

0.046).  

 

 
Figure 3.3 Shannon diversity between infant 1 and 2; α-diversity analysis from V4 16S 

rRNA amplicon sequencing of extracted DNA from stool samples, OTUs were clustered into 

genera for analysis (R Core Team, 2018) and visualisation plots created using 

MicrobiomeAnalyst (Chong et al., 2020; Dhariwal et al., 2017), followed by univariant Mann-

Whitney with Kruskal-Wallis significance test (R Core Team, 2018) 
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The Shannon diversity measurements for each sample timepoint measured as day 

of life (DOL) plotted for each infant (Figure 3.4) illustrated the dynamic diversity of 

infant 1 when compared to the suppressed and constant diversity of infant 2. 

Figure 3.4 Shannon diversity in infant 1 and 2 in relation to DOL; α-diversity analysis 

from V4 16S rRNA amplicon sequencing of extracted DNA from stool samples, OTUs were 

clustered into genera for analysis (R Core Team, 2018) and visualisation plots created using 

MicrobiomeAnalyst (Chong et al., 2020; Dhariwal et al., 2017). The DOL when LOS was 

diagnosed is in red. Infant 1, did not develop NEC, LOS onset = DOL 22. Infant 2 was 

diagnosed with NEC and sepsis at DOL 18. Infant 1 had a more dynamic microbial signature 

compared to Infant 2 which had a generally suppressed α-diversity. 

 

Infant 1 had a Shannon diversity of 1.97 at DOL 13, decreasing to below 1.5 prior 

to LOS onset at DOL 22, subsequently dropping as low as 0.56 after LOS. However, 

diversity levels for infant 1 begin to recover, returning to 1.08 after treatment at about 

10 days post LOS onset. Infant 2 had a more stable, yet reduced diversity than infant 

1. Diversity consistently measured below 1, never rising above 0.84 and dropped to 

0.53 prior to LOS and NEC onset at DOL 18. Samples for infant 2 post LOS and 

NEC onset were not available and therefore any recovery of the diversity in this 

infant could not be analysed. The genera associated with these shifts in Shannon 

diversity are outlined in Figure 3.5. 
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Figure 3.5 Relative abundance of genera found in infant 1 and 2 over time (DOL); α-

diversity analysis from V4 16S rRNA amplicon sequencing of extracted DNA from stool 

samples, OTUs were clustered into genera for analysis (R Core Team, 2018) and 

visualisation plots created using MicrobiomeAnalyst (Chong et al., 2020; Dhariwal et al., 

2017). Infant 1 ceased Infloran™ administration at DOL 26, infant 2 ceased LaBiNIC™ at 

DOL 17. 

 

Infant 1 ceased receiving Infloran™ at DOL 26 and infant 2 ceased LaBiNIC™ at 

DOL 17. Infant 1 showed a decline in Bifidobacterium relative abundance (p-value 

= 0.002), whilst there were insufficient samples after DOL 17 to be able to state if 

the same reduction was observed in infant 2. Without the probiotic introduction of 
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Bifidobacteria in infant 1, Veillonella increased in relative abundance (p-value < 

0.001) after DOL 22. Infant 2 received LaBiNIC™ from DOL 8, with a corresponding 

significant increase (p-value < 0.001) in Bifidobacterium after DOL 13. Prior to DOL 

13 infant 2 had significantly higher abundance of Escherichia_Shigella (p-value = 

0.026). This shift in genera dominating the two infants’ microbiome was visualised 

in a heatmap (Figure 3.6).  

 

 
Figure 3.6 Heatmap of bacterial abundance in terms of DOL; analysis from V4 16S 

rRNA amplicon sequencing of extracted DNA from stool samples, OTUs were clustered into 

genera for analysis (R Core Team, 2018) and clustered OTUs visualisation plots of 

taxonomic abundance was created using MicrobiomeAnalyst (Chong et al., 2020; Dhariwal 

et al., 2017). Bifidobacteria in both patients was abundant prior to LOS and whilst the infants 

underwent probiotic therapy, dropping off in infant 1 when probiotic administration ceased. 

Subsequently Veillonella became more abundant however infant 1 retained steady levels 

of Enterococcus throughout, not seen in infant 2.  

 

The heatmap (Figure 3.6) showed that infant 2 had increased levels bacteria with 

greater propensity to cause disease such as Staphylococcus, Salmonella 

Escherichia_Shigella spp. and Desulformicrobium to DOL 13. Whereas infant 1 had 

greater diversity of bacteria at this timepoint with high levels of Prevotella, Bacillus, 

Desulformicrobium, Lactococcus and Corynebacterium, whilst Salmonella and 
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Escherichia_Shigella were present but not dominant. Infant 1 also saw increased 

Enterococcus, Lactococcus and Streptococcus prior to LOS onset, with a marked 

shift post LOS onset to Pasteurellaceae, Veillonella, with Enterococcus remaining 

high throughout. From DOL 11 – 18, prior to LOS onset, infant 2 underwent a 

microbiome shift to a more Bifidobacterium and Corynebacterium dominated profile, 

with reduced Staphylococcus, Salmonella, Escherichia_Shigella and 

Desulformicrobium. The previously described shifts in the present of 

Bifidobacterium were clearly visible, with elevated levels in both infants prior to 

Bifidobacterial LOS.  

 

3.3.2 Beta diversity and LEfSe analysis 

β-diversity analysis was performed (Figure 3.7) via rank order NMDS analysis for 

non-metric data was used to allow for comparison of zero sums where applicable.  

 

 
Figure 3.7 Beta diversity measured by NMDS and Bray Curtis PERMANOVA; β-

diversity analysis from V4 16S rRNA amplicon sequencing of extracted DNA from stool 

samples, OTUs were clustered into genera for analysis (R Core Team, 2018) and 

visualisation plots created using MicrobiomeAnalyst (Chong et al., 2020; Dhariwal et al., 

2017); there was a significant difference between infant 1 and 2 (p-value < 0.001). 
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A significant difference in β-diversity, which measured diversity between the two 

infants was apparent (p-value < 0.001), supporting the α-diversity indicators of key 

differences in the microbial signature between infant 1 and 2. Further analysis was 

carried out by a LEfSe algorithm (Figure 3.8).  

 

 
Figure 3.8 LEfSe detailing significant Genera in relation Infant 1 and 2; LEfSe and LDA 

analysis from V4 16S rRNA amplicon sequencing of extracted DNA from stool samples. 

OTUs were clustered into genera for visual analysis plots created using MicrobiomeAnalyst 

(Chong et al., 2020; Dhariwal et al., 2017) using Kruskal-Wallis rand sum tests to elucidate 

genera with significant difference in abundance. 

 

The LEfSe employed Kruskal-Wallis rank sum tests to detect features, in this case 

genera, with significant differential abundance, followed by Linear Discriminant 

Analysis (LDA) to evaluate the relevance or effect size of the differential abundance 

on the infants. Consequently, Enterococcus (p-value = 0.005), Lactococcus (p-value 

= 0.007), Streptococcus (p-value = 0.037) and Prevotella (p-value = 0.062) were 

significant or influential after FDR adjustment to infant 1; whereas Clostridium (p-

value = 0.025) and Staphylococcus (p-value < 0.005) were significant to infant 2. 
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3.4 Discussion  

The general profile of a preterm infant’s microbiota contains increased facultative 

anaerobes, especially in the first seven days of life (Jost et al., 2012) such as 

Enterobacteriaceae, Enterococceae, and Lactobacillus spp.; with decreased and 

delayed appearance of obligate anaerobes such as Bacteroidetes and 

Actinobacteria including Bifidobacterium spp. (Nelson and Stewart, 2019; Milani et 

al., 2017; Arboleya et al., 2012b, 2012a). Infant 1 emulates this microbial profile 

(Figure 3.1) as the relative abundance of significant genera (Figure 3.2) in relation 

to all samples were Enterococcus (p-value = 0.001), and Lactococcus (p-value = 

0.009). Infant 2 better fits the preterm signature outlined by Stewart et al. (2017b) 

describing a core of Escherichia (p-value = 0.035) Staphylococcus (p-value = 0.001) 

and Enterococcus. However, neither infant had measurable levels of Klebsiella also 

outlined as a core genera in the preterm infants’ microbial profile, but 16S rRNA 

analysis has limited resolution clumping Klebsiella and Enterobacter as 

Enterobacteriaceae (Masi et al., 2020). However, the general pattern of microbial 

profiles is comparable to infants in Chapter 4 (4.3.1), with the exception of the 

blooms of bacteria prior to LOS onset as found in this chapter. 

 

Three bacterial genera of interest were highlighted in Figure 3.2 which determined 

significant difference in means between infant 1 and 2. Staphylococcus has been 

seen to be an important driver in disease progression and defining an unhealthy 

preterm microbiome profile. Infant 1 had significantly reduced abundance of 

Staphylococcus compared with infant 2 (p-value = 0.001), simultaneously infant 1 

also had significantly higher abundance (p-value = 0.009) of Lactococcus, a genera 

associated with a healthier microbiome profile. There was no significant difference 

between the infants regarding Bifidobacterium (p-value = 0.217) which was 
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unsurprising as both infants had sufficiently high levels to translocate from the gut 

into the blood and cause LOS, however it illustrated that elevated Bifidobacterium 

levels may not be a health indicator in all preterm infants. 

 

Stewart et al. (2017b) described clusters of profiles, allowing preterm infants to be 

allocated into groups which may help to explain their differing disease experience 

(1.2.3. and Table 4.9) Infant 1 developed LOS (DOL 22) but recovered relatively 

quickly, whereas as infant 2 developed both LOS (DOL 18) and NEC (DOL 20) with 

much more severe and longer-term health outcomes including stoma formation and 

laparotomy (DOL 25) followed by short bowel resection (DOL 228). Infant 1 had a 

microbiome dominated primarily by Enterococcus and would therefore potentially 

corresponding to PGCT4, whereas infant 2 had a Staphylococcus dominated 

microbial signature more aligned with PGCT3. Movement between PCGT clusters 

can highlight potential disease pathways. PGCT6 was described as the ‘healthy’ 

preterm gut microbiome (Stewart et al., 2017b) dominated by Bifidobacteria, but also 

of importance was high diversity and richness. However, Multinomial Mixture (DMM) 

analysis (Holmes et al., 2012) would need to be completed to confirm the patterns. 

 

Infant 1 had a more diverse microbiome than infant 2 (p-value = 0.046), 

consequently infant 1 may have been able to move towards PGCT6 in time (1.2.3 

and Table 4.9). The difference in diversity overtime measured at specific DOLs was 

more visually apparent in Figure 3.4 where infant 1 showed a decline in diversity 

from 1.98 to 1.21 in the week prior to LOS, previously described as a pattern in 

disease progression of LOS (Nelson and Stewart, 2019). Whilst there was no 

discernible drop in diversity for infant 2, the diversity index was consistently below 

0.84 at all timepoints leading up to LOS onset. Interestingly, infant 2 had significant 
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levels of Escherichia_Shigella (p-value = 0.026) which could equate to a previously 

predicted proteobacteria bloom prior to LOS onset (Mai et al., 2013), however the 

significant Bifidobacterium bloom seen in Figure 3.5 at DOL 13 (p-value < 0.001) 

may have overwhelmed an already compromised gut microbiome, (Nelson and 

Stewart, 2019) overtaking the ecological niche and causing disease.  

 

Concomitantly, delayed Bacteroides colonisation may have caused increased 

bacterial translocation, inflammation and oxidative stress in infant 2 (Collado et al., 

2015). The LEfSe analysis (Figure 3.8) elucidated the key genera, driving the 

microbiome profiles. Infant 1 exhibited Prevotella in increased levels, but not 

significant after FDR adjustment, compared to infant 2 (p-value = 0.062) and was 

also clearly seen on the heatmap (Figure 3.6), supporting the predicted role of 

Bacteroides. LEfSe analysis similarly outlined the genera of importance for infant 1 

in addition to Prevotella as Enterococcus (p-value = 0.005), Lactococcus (p-value = 

0.007) and Streptococcus (p-value = 0.037). Whilst the genera driving the 

microbiome of infant 2 was Clostridium (p-value = 0.026) and Staphylococcus (p-

value = 0.005). Whilst both infants most likely had a ‘leaky’ gut allowing for 

translocation of Bifidobacteria into the blood to cause LOS, the lack of Bacteroides 

in infant 2 and the differences of genera driving the microbiome profile signature 

may have increased the severity of LOS for infant 2; furthermore, the resulting 

inflammatory and oxidative stress may also have contributed to the onset of NEC.  

 

The antibiotics received by the infants was outlined in Table 3.1; antibiotics can 

influence both the development of LOS and NEC, with gentamicin highlighted as a 

risk factor for NEC in preterm infants (Seale et al., 2018). Concurrently, a decreased 

risk of developing NEC was proposed following treatment with vancomycin / 
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aztreonam combination, when compared with the vancomycin / gentamicin routine 

(Vucovich et al., 2014). Both case study infants received gentamicin / penicillin as a 

prophylactic at DOL 0 and both developed LOS, but only infant 2 developed NEC. 

Vancomycin is recommended as a prophylactic for sepsis (Shane et al., 2017), 

which both infants received prior and post LOS diagnosis. Consequently, further 

research into flucloxacillin as a prophylactic for NEC may be of interest as infant 1 

received flucloxacillin after sepsis at DOL 22 and did not develop NEC, whereas 

infant 2 did not receive flucloxacillin until DOL 57, and contracted NEC at DOL 20. 

Whilst this is not conclusive the type of antibiotics administered could be a factor in 

the different outcomes for the case study infants.   

 

Infant 1 continued to receive probiotics during LOS, which can give a supportive 

function to the immune system and dampen down the inflammatory response of 

infants fighting an infection, aiding recovery from LOS and potentially protecting 

from developing NEC (Shane et al., 2017). In contrast, infant 2 had probiotic 

administration stopped at DOL 17.  Infant 1 had full feeds of breast milk which plays 

a protective role against sepsis and NEC (Cortez et al., 2018; Hackam and Sodhi, 

2018), whereas infant 2 never had a full feed. The factors of continual exposure to 

probiotic administration and breast milk feeds could anecdotally explain the 

increased diversity of bacteria depicted in infant 1 compared with infant 2, and are 

consistent with a healthier microbiome (Nelson and Stewart, 2019; Morelli et al., 

2018; Stewart et al., 2016a, 2017b).  

 

The correlation between an increased relative abundance of Bifidobacterium spp. 

and the onset of LOS experienced by the two infants does not confirm cause, 

similarly the mechanisms of infection are yet to be elucidated. However, both infants 
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exhibited low diversity as well as decreased obligate anaerobes prior to LOS onset. 

Infant 2 also displayed the previously identified shifts in bacterial profile prior to NEC 

onset, particularly high Staphylococcus levels. Whereas infant 1 displayed a more 

dynamic, diverse, and therefore healthier microbiome prior to LOS. Similarly, infant 

1 regained diversity after treatment, which may have been another factor preventing 

NEC. However, the link between LOS and probiotic Bifidobacteria was inconclusive. 

 

3.5 Further work 

Further investigations through qPCR to strain level may determine if the strains of 

Bifidobacteria found in these two cases of sepsis were the same as those in the 

stool samples, potentially illuminating or eliminating probiotics as the cause of 

sepsis in these infants. Metabolomic biomarkers may also be examined in relation 

to the two infants, specifically sucrose and raffinose which are biomarkers of the 

galactose metabolism pathway (Stewart et al., 2017b) and along with sucrose, L-

glutamate, 18-hydroxyxortisol, and 18-oxycortisol (Carl et al., 2014) may be at 

lowered levels in infants prior to LOS. 

 

  



103 
 

4 Chapter Four – Necrotising Enterocolitis and the 
microbiome of preterm infants 

Abstract  

Aim: Previous studies have examined the impact and relationship between 

necrotising enterocolitis (NEC) and late onset sepsis (LOS) on the preterm gut 

microbiome. This chapter firstly aims to corroborate gut microbiome interactions and 

subsequently examine the influence of probiotics. Secondly to elucidate any specific 

genera related to disease progression before and after the onset of NEC or LOS. 

Finally, to assess if specific inferred metabolic pathways are affected as a result of 

NEC, LOS or probiotics, this novel application may gain greater insight into the 

functional relationship between disease, probiotics and bacterial taxonomic profiles.  

Method: 16S rRNA MiSeq Illumina Next Generation Sequencing (NGS) was applied 

to preterm infant stool samples (N=34, n=172) of which NEC (N=13, n=66), No NEC 

(N=21, n=106), LOS (N=5, n=24), No LOS (N=29, n=148), with probiotics (N=19, 

n=79) and without probiotics (N=15, n=93). Statistical analysis used nonparametric 

testing utilised a variety of platforms such as R packages (R Core Team, 2018),  

QIIME2 (Caporaso et al., 2012), PiCRUSt (Langille et al., 2013) and FishTaco 

(Manor and Borenstein, 2017b) to determine changes in α- and β- diversity, LEfSe 

and LDA analysis to highlight bacterial species of significance and metagenomic 

inference to highlight metabolic pathways of significance in NEC or LOS effected 

preterm infants.  

Results: Bacterial profiles followed previously reported patterns of 

Enterobacteriaceae > Clostridium > Enterococcus > Veillonella. Greater α-diversity 

was found in infants without NEC (p-value < 0.001), with significantly reduced 

Lactococcus (p-value = 0.033) in all NEC samples, reduced Lactobacillus in After 

NEC samples (p = 0.006), reduced Bifidobacterium at NEC onset (p-value = 0.003) 

and LEfSe analysis showed increased Clostridium in Before NEC samples; but no 



104 
 

difference was found in β-diversity between NEC and No NEC preterms. No 

difference was found in α-diversity between LOS and No LOS infants, there was a 

difference in β-diversity (p-value = 0.006). Greater α-diversity was seen with 

probiotic administration (p-value < 0.001), with increased Bifidobacterium (p-value 

< 0.001), Escherichia / shigella (p-value = 0.021), Yersinia (p-value < 0.001), 

Lactococcus (p-value < 0.001), Lactobacillus (p-value < 0.001) and Enterococcus 

(p-value = 0.004) with reduced Staphylococcus (p-value < 0.001). Probiotic bacteria 

Bifidobacterium, Lactobacillus and Lactococcus (p-values < 0.001) was linked to 

metabolic pathways relating to energy acquisition and immunoregulatory response. 

Conclusions: Colonisation and bacterial abundance patterns support previous 

published studies, where reduced abundance of commensal bacteria was apparent 

in infants with NEC, but not conclusive for LOS. Probiotics increased diversity and 

abundance of bacteria linked to a healthier microbiome. Probiotics were also linked 

to specific metagenomic pathways, potentially protecting immunocompromised 

preterm infants, and initiating healthier outcomes, but this link requires further 

investigation. 
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4.1 Introduction 

Colonisation of the early infant gut microbiome can help to maintain health and 

homeostasis (Echarri et al., 2011). Gut bacteria are separated from the host by a 

single layer of epithelial cells, allowing two-way crosstalk between bacteria and the 

host, giving the ability to modulate host immune function and change gut bacteria 

profiles (Kamada et al., 2012, 2013). Preterm birth disrupts the predictable pattern 

of bacterial progression causing dysbiosis previously described (Chapter 1), 

contributing to the progression of diseases such as necrotising enterocolitis (NEC) 

and late-onset sepsis (LOS) as well as neurodevelopmental issues (Skeath et al., 

2014).  

 

The aims of this chapter are: 

 To corroborate trends from previous studies (Robertson et al., 2019b; Milani 

et al., 2017; Neu and Pammi, 2017; Pammi et al., 2017; Stewart et al., 2016b; 

Tarr and Warner, 2016; Warner et al., 2016) detailed in 4.1.1; which examine 

the impact of NEC (4.1.2) and LOS (4.1.3) on the preterm gut microbiome. 

 To examine the influence of probiotics on the gut microbiome and to 

corroborate with previous findings (outlined in 4.1.2.1 and 4.1.3.1) briefly 

considering other factors such as mode of delivery, gender and day of life 

(DOL).  

 To highlight any specific genera related to disease progression before and 

after the onset of NEC or LOS (4.3 and 4.4.3) 

 Outline the influence of disease state and stage, in addition to the role of 

probiotics on the upregulation or downregulation of metabolic pathways 

(4.3.4 and 4.4.4) 
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4.1.1 Term and Preterm infant Microbiome 

Stool samples have frequently been used to model bacterial dominance profiles (as 

in this chapter), as the density of bacteria in faecal matter is between 1013 – 1014 

cells / g of stool (Zou et al., 2018). Term infants (gestational age > 37 weeks) have 

a dominant bacterial profile: Enterobacteriaceae > Bacteroides > Bifidobacterium > 

Streptococcus (Chernikova et al., 2018). The general pattern for term infant 

colonisation (Timmerman et al., 2017) is intrauterine and vaginal associated taxa, 

followed by skin derived taxa (mostly Streptococcus and Enterobacteriaceae), with 

variances away from this primarily resulting from feeding types. However, both 

profiles move towards a microbiome dominated by Bifidobacteria under healthy 

conditions. Figure 4.1 shows the bacterial succession in term infants and bacterial 

differences in preterm infants. 

 

The bacterial dominance profile in preterm infant stool samples has been 

represented as: Enterobacteriaceae > Clostridium > Enterococcus > Veillonella 

(1.2.3), with preterm infants generally showing a delayed pioneer microbiome 

(Houghteling and Walker, 2015a) and later colonisation of healthy commensal 

bacteria such as Bifidobacterium and Lactobacilli (Stewart et al., 2012). Figure 4.1b) 

illustrates factors effecting delayed colonisation, and the resulting health 

implications of bacterial translocation, oxidative stress and inflammation (Collado et 

al., 2015). Preterm gut colonisation commonly follows three phases (Robertson et 

al., 2019b; Nogacka et al., 2018; Houghteling and Walker, 2015a): Facultative 

anaerobes dominated by Bacilli > Obligate anaerobes and fermentation-based 

metabolism dominated by Gammaproteobacteria > Clostridia dominated. Transition 

between these phases are driven by gestational age, nutrition and medical 
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interventions, with movement between stages most affected by a reduced weight in 

relation to age z-score (Grier et al., 2017). 

 

 
Figure 4.1 Bacterial colonisation of term infant gut microbiome and differences 

compared with preterm infants; a) Term infant microbiome pattern to early childhood 

taken from Tanaka and Nakayama, 2017, b) Differences between term and preterm as a 

result of interventions, adapted from Collado et al., 2015. 
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During the first year a pattern of increasing α-diversity and decreasing β-diversity 

signals a more complex and homogenous profile, as the microbiome progresses 

towards a relatively stable adult-like microbiota by 2 – 4 years of age (Nogacka et 

al., 2018; Stewart et al., 2015). Korpela et al. (2018b) outlined a four-phase preterm 

infant microbiota succession profile which is defined by dominant species: 

Staphylococcus > Enterococcus > Enterobacteria > Bifidobacteria, rather than by  

functionality as described above (Robertson et al., 2019b; Nogacka et al., 2018 and 

Houghteling and Walker, 2015); but agree that Bacilli tend to decrease with 

Clostridia gradually increasing after birth, whereas Gammaproteobacteria bloom 

after birth and remain in high abundance. Clostridia appearance is delayed in the 

most premature, but most infants have discernible levels at 33- to 36-week 

postconceptional age (La Rosa et al., 2014), regardless of GA at birth. 

 

Mode of feeding has the greatest impact on the maturity of the preterm infant gut, 

characterised by Proteobacteria (e.g. Pseudomonas), Staphylococcus and 

Streptococcus (Li et al., 2017; Cabrera-Rubio et al., 2016). Microbial succession 

can be returned to a more normal term profile with high abundance of 

Bifidobacterium with breastfeeding (Korpela et al., 2018b, 2018a) and probiotics 

administration (Korpela et al., 2018c) as 25 – 30 % of the infant microbiota originates 

from breast milk (Pannaraj et al., 2017). Preterm infants with cocci dominated and 

reduced Bifidobacterium have been linked to an increased risk of sepsis and NEC, 

with reduced rates of NEC and sepsis in Bifidobacteria rich breast milk fed infants 

compared to formula fed infants (Cortez et al., 2018) in addition reduced DSLNT in 

breastmilk has been linked to NEC (Masi et al., 2020); therefore shifting the 

microbiome towards a more healthy profile may improve the outcomes for preterm 

infants (Korpela et al., 2018c, 2018b). Bacteroides thetaiotaomicron and 
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Bacteroides fragilis interact with HMOs, modulating fucosylation (via starch 

utilisation sus genes), enabling B. infantis absorption of breast milk (Marcobal et al., 

2010a, 2011a; Wexler, 2007). The health implications in delayed colonisation of 

Bacteroidetes is linked to increased bacterial translocation (Hooper et al., 2001), 

inflammation and oxidative stress (Collado et al., 2015) as detailed in Table 4.1 and 

previously described (1.4.2). 

 

Table 4.1 Role of Bacteroidetes in the microbiome of infants. Adapted from Zou et al., 

2018; Collado et al., 2015; Marcobal et al., 2010a, 2011a; Wexler, 2007; Hooper et al., 2001 

Bacteroidetes function Mode of action 

Improvement of mucosal 

barrier function by B. 

thetaiotaomicron 

Modulation of host genes related to mucosal barrier function, 

identified by increased small proline-rich protein-2 (sprr2a) mRNA 

Bacterial killing by B. 

thetaiotaomicron 

Stimulation of RegIIIγ production in Paneth cells, binding to Gram 

positive bacterial peptidoglycan. Linked to reduced Clostridium 

difficile infection.  

T-cell activation by B. 

fragilis 

Activates T-cell dependent immune response via zwitterionic 

binding to histocompatibility complex class II of the Antigen-

presenting cells (APC), recognised by T-cell receptors of CD4+ 

Tcells as a peptide or glycopeptide conjugate. 

Growth under oxidative 

stress by B. fragilis 

Contains enzymes such as catalase, superoxide dismutase, alkyl 

hydroperoxide reductase and non-specific DNA binding protein to 

protect against oxygen radicals 

 

Antibiotic treatment disrupts the succession pattern by decreasing the abundance 

of anaerobic bacteria in the gut, particularly Bifidobacterium (Stewart et al., 2012). 

Previous work conducted by the author and collaborators (Stewart et al., 2017a), 

has shown that mode of delivery does not affect microbial diversity of preterm 

infants, potentially due to the universal use of antibiotics as a prophylaxis to prevent 

hospital acquired infections; additionally the use of antibiotics in the NICU has been 

linked to NEC (Cotten et al., 2009). Similarly maternal antibiotic administration 

decreases Lactobacilli, Proteobacteria and Clostridia in preterm infants (Nogacka et 

al., 2018), and increases Staphylococci, Streptococci, Serratia and Parabacteroides 
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(Zou et al., 2018), potentially causing gut dysbiosis (Azad et al., 2016) in both 

vaginally and caesarean delivered preterm infants.  

 

A further maternal influence is vertical transmission of bacteria occurring throughout 

foetal development; the traditional theory of a sterile uterine environment is being 

challenged with low levels of bacteria being found in the placenta, amniotic fluid and 

umbilical cord in mothers with and without a prior infection (Hockney et al., 2020; 

Aagaard et al., 2014; Collado et al., 2009). Concomitantly, antibiotic use in preterm 

infants, whilst often necessary, can disrupt the metabolic response during the critical 

development window (Cox et al., 2014), also linked to decreased Bifidobacteria 

levels and increased Enterobacteria (Tanaka and Nakayama, 2017; Arboleya et al., 

2012b; Fouhy et al., 2012b). This general use of prenatal and postnatal antibiotics 

may drive horizontal gene transfer of antibiotic resistance genes (Zou et al., 2018), 

and is an area that needs further examination.  

 

The bacterial profile of healthy preterm infant gut microbiota requires further 

investigation; as increased levels of Veillonella from early to late NICU samples and 

reduced S. aureus (Stewart et al., 2015) can illustrate an improving gut microbiome. 

This chapter aims to look at the bacterial profile present in the infant gut before and 

after disease onset in order to elucidate any further bacteria or patterns of bacterial 

colonisation of significance. However, it has become increasingly evident that many 

bacteria have functional redundancy (Heintz-Buschart and Wilmes, 2018) and 

therefore the functional metagenomic pathways will be examined to more accurately 

describe health and disease profiles in preterm infants. 
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4.1.2 Necrotising Enterocolitis  

The prevalence of NEC and its morbidity and mortality has previously been outlined 

(Chapter 1), with dysbiosis of the gut the main trait of NEC which is diagnosed using 

adapted versions of the Bell stages (Bell et al., 1978). These stages (described in 

Table 1.9) include firstly, feeding intolerance, distended abdomen, bloody stools 

often after 8 - 10 days. Secondly, radiographic signs can confirm NEC by illustrating 

pneumatosis intestinalis (gas cysts in the bowel wall) and portal venous gas (gas in 

the portal vein which drains blood from the gastrointestinal tract and spleen to the 

liver) (Office for Life Sciences, 2017; Bell et al., 1978). The final stage is 

demonstrated by perforated viscus and subsequent leakage on contents from the 

gastrointestinal tract. However, severe NEC can develop without observing 

pneumatosis intestinalis or portal gas (Neu et al., 2011), consequently there is a 

requirement of biomarker development to allow the earlier prediction of NEC. 

 

Bacterial composition of the preterm gut to uncover a causative bacterial community 

of NEC is complex and attempts to identify potential bacterial biomarkers 

unsuccessful (Stewart et al., 2012). However, an increase in the phylum 

Proteobacteria, specifically Klebsiella in addition to a decrease in Firmicutes prior to 

NEC onset has been recorded (Skeath et al., 2014; Stewart et al., 2012; Mai et al., 

2011). Conflicting with the expected reduction of Klebsiella oxytoca from the phylum 

Proteobacteria and Enterococcus faecalis from the phylum Firmicutes (Stewart et 

al., 2015). In very early presentation of NEC the bacterial profile was reportedly 

dominated with Firmicutes before Proteobacteria (Morrow et al., 2013). These 

discrepancies highlight the possibility that not all NEC is caused by the same 

bacterial profile, which emphasises the importance of examining the function as well 

as the taxonomy of the bacteria present (Skeath et al., 2014). Mode of delivery, 
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(vaginal or caesarean section) has also been linked with increased incidence of 

NEC (Bokulich et al., 2016), but more recent metabolomic techniques found no link 

between mode of delivery and NEC (Stewart et al., 2017b). Consequently, this 

chapter aims to also infer the functionality of the bacteria present in the gut, not 

purely focus on the presence and abundance of the bacterial community. 

 

4.1.2.1 NEC Prevention and Probiotics 

NEC prevention has concentrated on altering the intestinal microbiota via probiotics, 

prebiotics, synbiotics, lactoferrin and breastfeeding. Breastfeeding can act as a 

probiotic, increasing the levels of Bifidobacteria in the gut and potentially improving 

the health consequences for preterm infants (Korpela et al., 2018c). B. infantis when 

administered as a probiotic has been shown to attenuate Interleukin-6 (IL-6) and IL-

8 expression in immature human gut xenografts (Vongbhavit & Underwood, 2016); 

which are linked to NEC inflammatory response (Dong et al., 2010), as well as 

increases in tumour necrosis factor (TNF-α), and IL-23 in rat models. 

Correspondingly, the relationship between breast milk consumption by infants and 

the presence of Bifidobacterium strains is essential in understanding the potential 

prevention or treatment of NEC, as previously discussed (1.3 and 1.4) will be 

elucidated further in this chapter. Bifidobacteria also control pH which can limit the 

growth of pathogens such E. coli (Fukuda et al., 2011); similar commensal bacteria 

can control virulent pathogenic bacteria through competitive inhibition of ecological 

niches (Skeath et al., 2014). The functionality of the bacteria present will be 

identified by examining the metabolic pathways found before and after NEC onset 

to ascertain a pattern which may be potentially used for NEC prevention and 

treatment, in addition to the role played by probiotics in these pathways.   
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4.1.3 Late-onset sepsis 

Late-onset sepsis (LOS) manifests between seven and 28 days of birth and has 

different causes, symptoms and outcomes – meningitis, NEC and bacteraemia 

being more common (Romeo et al., 2011; Shane et al., 2017; Brooks et al., 2018; 

Hanley, 2008). The morbidity and mortality related to LOS has previously been 

described (1.3.2). Diagnosing LOS, and separating symptoms from NEC is a 

challenge as both initially display with abdominal distension and higher than normal 

inflammatory markers (Schüller et al., 2018; Shane et al., 2017; Stewart et al., 2013, 

2016a), the primary signs are outlined in Table 1.10 and include temperature 

instability, respiratory distress, lethargy, feeding intolerance and abdominal 

distention. LOS causing bacteria have been highlighted (Table 1.11), the most 

prevalent include: Coagulase-negative Staphylococci, Group B Streptococcus, 

Escherichia spp. and Klebsiella spp. (Wandro et al., 2018; Stewart et al., 2017b). 

An imbalance of Proteobacteria and Firmicutes, similar to NEC onset has been 

described prior to the onset of LOS, however a dominance of Staphylococcus spp. 

was also reported (Korpela et al., 2018b; Skeath et al., 2014). In addition a reduction 

in Bifidobacteria (Korpela et al., 2018b) before LOS has been seen, along with a 

significant increase after sepsis.   

 

4.1.3.1 LOS Prevention and Probiotics 

Heart Rate Observation (HeRO) can be used to monitor the diagnosis of LOS, as 

increased heart rate have been observed prior to LOS onset (Hicks and Fairchild, 

2013). Clinical prevention of LOS includes limiting steroidal use, applying 

antimicrobial measures, early enteral feeding and standardisation of catheter use 

have been purported to prevent LOS (Rao et al., 2016). In addition the 

implementation of procalcitonin during antibiotic treatment (Stocker et al., 2017) may 

reduce mortality and the duration of antibiotic treatment. There is persuasive 
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evidence linking the use of probiotics to the reduction in the severity and number of 

NEC cases in preterm infants, this is not as strong when examining LOS (Jacobs et 

al., 2013). However, the use of probiotics may provide a favourable environment to 

improve the outcome of preterm infants with LOS (Lau and Chamberlain, 2015; 

Khalid AlFaleh., 2014) by supporting the preterm infants immune system (Stewart 

et al., 2017b; Jacobs et al., 2013). 

 

This chapter aims to detail changes in the bacterial community of preterm infants 

under the pressure of disease, specifically NEC and LOS. To examine the role of 

probiotic bacteria, particularly Bifidobacteria, to determine if their role is beneficial 

or harmful to the immature preterm gut microbiome. Finally, to investigate 

differences between the metabolomic pathways of diseased and non-diseased 

preterm infants.  

 

4.2 Methods 

4.2.1 Sample Collection and Cohort 

This study used stool samples collected from preterm infants from the RVI 

Newcastle. The choice of cohort was carried out as previously described (2.5.2) 

using demographic information centrally managed by clinicians at the RVI, 

Newcastle. The study design, setting, participants, and methods of data collection 

have been reported previously (Stewart et al., 2017a, 2017b). The study 

encompassed the stool of 34 preterm infants, totalling 172 samples the 

demographics are outlined in Table 4.2; t-tests were run with no significant 

differences found between the means. There was 1 infant (n = 3) which was 

diagnosed with both NEC and LOS; therefore, it was not feasible to run analysis 
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comparing the link between the two diseases, and each disease was dealt with 

separately. 

 

Table 4.2 Characteristics of 34 preterm infants (N), totalling 172 stool samples (n); the 

preterm infants contracted NEC or had no NEC, LOS or no LOS and with or without 

Probiotics administered. One infant (n = 3) contacted both NEC and LOS.  

 NEC No NEC 

 N = 13, n = 66 N = 21, n = 106 

Mean Gestational Age (weeks) 26 (range 25-28) 28 (range 24-32) 
Mean Day of Life 49 (range 5-93) 43 (range 2-84) 
Weight (grams) 985 (range 500-1470) 1190 (range 620-1760) 

Gender Ratio: Male / Female 32 / 34 40 / 66 
Mode of Birth ratio: VD / CS 56 / 10 79 / 27 

 LOS No LOS 

 N = 5, n = 24 N = 29, n = 148 

Mean Gestational Age (weeks) 26 (range 26-27.2) 28 (range 24-32) 
Mean Day of Life 25 (range 5-54) 43 (range 2-84) 
Weight (grams) 864 (range 860-1120) 873 (range 500-1760) 

Gender Ratio: Male / Female 21 / 3 51 / 97 
Mode of Birth ratio: VD / CS 14 / 10 121 / 27 

 Probiotics No Probiotics 

 N = 19, n = 79 N = 15, n = 93 

Mean Gestational Age (weeks) 28 (range 24-31) 28 (range 24-32) 
Mean Day of Life 48 (range 2-93) 35 (range 6-64) 
Weight (grams) 1190 (range 620-1760) 970 (range 500-1440) 

Gender Ratio: Male / Female 40 / 39 32 / 61 
Mode of Birth ratio: VD / CS 53 / 26 82 / 11 

 

The stool samples were placed in Universals after collection from the preterm 

infants’ nappy, then transferred and stored (-80 °C) until required for analysis. These 

samples were subjected to DNA extraction, 16S rRNA gene amplification and NGS 

analysis as previously described (2.6, 2.7 and 2.8) as per Stewart et al., (2017b). 

Briefly: nucleic acid extraction was carried out on approximately 0.250 g of stool 

using the PowerLyzerTM PowerSoil DNA Isolation Kit (MoBio, CA, United States) in 

accordance with the manufacturer’s instructions. Successful DNA extraction was 

confirmed using agarose gel electrophoresis, Qubit® 2.0 Fluorometric analysis and 

NanoDrop (1000T) (Appendix 4.  Bifidobacteria Case study Qubit concentrations 

and Appendix 5. NanoDrop quantification of NGS samples respectively). After 

confirmation that the DNA was at sufficient density and purity (> 20 ng / mL), the V4 
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region of 16S rRNA gene was amplified by PCR using barcoded Illumina adapter-

containing primers 515F and 806R (Caporaso et al., 2012); subsequently 

sequenced on the MiSeq platform (Illumina; San Diego, CA, United States) by NU-

OMICS, the 2 x 250 bp paired-end protocol yielding pair-end reads that overlap 

almost completely.  

 

4.2.2 Data Analysis 

Detailed description of analysis conducted (2.8.5.5) briefly, the sequencing read 

pairs were demultiplexed based on the unique molecular barcodes, reads merged 

via MOTHUR v.1.39.5 (Kozich et al., 2013; Schloss et al., 2009) using USEARCH 

v7.0.1090 (Edgar, 2010). A quality filter applied, those containing > 0.05 % expected 

errors discarded. Sequences were stepwise clustered into OTUs via UPARSE 

algorithm with 97 % cut-off (Edgar, 2018). Chimeras were removed using 

USEARCH v7.0.1090. OTUs were determined by mapping the centroids to the 

SILVA database (Quast et al., 2013) containing only 16S rDNA V4 region to 

determine taxonomies.  

 

The MOTHUR generated files with corresponding metadata were inputted into 

Microbiome Analyst (Dhariwal et al., 2017) utilising the MarkerData Profiling (MDP) 

module. Bray-Curtis distances were plotted using Non-metric Multi-Dimensional 

Scaling (NMDS) to explore the presence or absence of a relationship between the 

infants and significance measured using ANalysis Of SIMilarities (ANOSIM) for non-

normal data. The LEfSe algorithm (Segata et al., 2011) employed Kruskal-Wallis 

rank sum tests to detect features with significant differential abundance, followed by 

Linear Discriminant Analysis to evaluate the relevance or effect size of the 

differential abundant features. 
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The MOTHUR generated files were subsequently manipulated into a format 

acceptable for analysis into Phyloseq package (McMurdie and Holmes, 2013) in R 

(R Core Team, 2018) to form a merged physeq object. The data frame file was 

exported and subjected to normality (Shapiro-Wilk, p-value < 0.005, Non-normal / 

nonparametric data) and homogeneity tests (Bartlett test for homogeneity of 

variances, p-value > 0.05, Homogenous data), conducted in R (R Core Team, 

2018). Analysis of the taxonomic diversity profile used R ‘Phyloseq’ (McMurdie and 

Holmes, 2013) and ‘Vegan’ package (Dixon, 2003). Significant differences in phyla 

and genera were determined using Univariate Mann-Whitney analysis, Kruskal-

Wallis sum-rank and Wilcoxon tests, and by linear discriminant analysis to 

determine the effective size of the different abundances. All p-values were adjusted 

for multiple comparisons using the false discovery rate (FDR) algorithm (Benjamini 

and Hochberg, 1995), unless otherwise stated. Pielou evenness was analysed in 

QIIME2 (version 2020.2) (Bolyen et al., 2019; Caporaso et al., 2010) with Kruskal-

Wallis pairwise analysis to differentiate significant factors. 

 

Inferred metabolic capacity of the bacterial community was determined by analysing 

the fastq files in QIIME2 (version 2020.2) (Caporaso et al., 2010Chong et al., 2020), 

using the Greengenes database to assign taxonomy creating a BIOM file. The BIOM 

file and metadata was entered into the Galaxy Huttenhower platform and PiCRUSt 

to assign predicted metagenomic data. The predicted metagenomic file, taxonomic 

information and label files were entered into FishTaco (Manor and Borenstein, 

2017b) and run within QIIME2. The output files were used to determine significance 

stats and the data was visualised using the online web-tool (http://elbo-

spice.cs.tau.ac.il/shiny/FishTacoPlot/).  

 

http://elbo-spice.cs.tau.ac.il/shiny/FishTacoPlot/
http://elbo-spice.cs.tau.ac.il/shiny/FishTacoPlot/
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Where differences were found * denotes p-value < 0.05, ** denotes a p-value < 0.01, 

and *** denotes p-value < 0.001; the false discovery rate (FDR) was used to 

substantiate the p-value for both the metabolomic pathways of significance and 

significant taxa. The FDR was used in preference to the Bonferroni statistic, as the 

latter may be too conservative when dealing with large-scale genomics where 

multiple testing occurs (Nakagawa, 2004). FDR estimates some of the rejection 

region so that an average FDR < α whereas the Bonferroni correction sets the 

significance at α / n (where n = number of tests), therefore when each test is 

conducted the significance is proportionately reduced. 

 

4.3 Results 

4.3.1 Preterm infant microbial community structure 

The preterm infants in this cohort each had differing microbiome signatures over the 

sampling time, however patterns were observed. Generally, the overall phyla 

abundance patten was Proteobacteria > Firmicutes > Actinobacteria > 

Bacteriodetes > Acidobacteria (Figure 4.2) Acidobacteria and Bacteroidetes were 

reduced compared to Actinobacteria, Firmicutes and Proteobacteria (Figure 4.3 and 

Figure 4.4). Preterm infants without NEC (Figure 4.3) and preterm infants with NEC 

(Figure 4.4), followed the same pattern of decreasing abundance: Proteobacteria > 

Firmicutes > Actinobacteria > Bacteroidetes > Acidobacteria. 
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Figure 4.2 Phyla abundance of all preterm infants with and without necrotising 

enterocolitis over the day of life sampling time a) Total abundance and b) Log10 

abundance; relative abundance plots from V4 16S rRNA amplicon sequencing of extracted 

DNA from stool samples, OTUs were phyla clustered, abundance averaged and plotted in 

Excel. 

 

The infants without NEC (Figure 4.3) generally had slightly increased abundance of 

Proteobacteria and Bacteroidetes, with no discernible trend over time for Firmicutes, 

Actinobacteria and Acidobacteria. The presence or absence of probiotics did not 

obviously influence the abundance of key phyla. For infants with NEC (Figure 4.4) 

the abundance of Proteobacteria, Bacteroidetes, Actinobacteria and Firmicutes 

suggests a decrease prior to NEC, with all but Firmicutes potentially recovering after 

NEC. The recovery of the phyla was more pronounced, if not significant, in infants 

that received probiotics.  
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Figure 4.3 Phyla abundance (Log10) of preterm infants without necrotising 

enterocolitis over the day of life sampling time; relative abundance plots from V4 16S 

rRNA amplicon sequencing of extracted DNA from stool samples, OTUs were phyla 

clustered, abundance averaged and plotted in Excel. Total number of preterm infants 

without NEC (N = 21) and samples (n=106). LOS occurrence during the sampling timeframe 

marked with a blue horizontal line at DOL onset; p165 and p214 experienced LOS at DOL 

0 and 11 respectively (not shown on graphs). Where probiotics started within the sampling 

timeframe a red horizontal line denotes the DOL, when stopped DOL denoted with a dashed 

horizontal red line, † denotes infant with probiotics administered continuously during the 

sampling timeframe.  

 
 

= Probiotics stopped = Probiotics started † = Probiotics administered throughout sampling time 

= LOS onset 
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Figure 4.4 Phyla abundance (Log10) of preterm infants with necrotising enterocolitis 

over sampling time; relative abundance plots from V4 16S rRNA amplicon sequencing of 

extracted DNA from stool samples, OTUs were clustered into phyla for visual analysis plots 

created using Excel. The average phyla abundance of the samples at the DOL timepoint 

was plotted, with total number of preterm infants with NEC (N = 13) and total samples (n = 

66). If LOS occurred during the sampling timeframe the day of onset is marked with a blue 

horizontal line, infant p443 experienced LOS at DOL 37 after the timeframe of the sampling. 

Where probiotics started within the sampling timeframe a red horizontal line denotes the 

DOL, when stopped DOL is denoted with a dashed horizontal red line; † denotes infant with 

probiotic administered continuously during the sampling timeframe.  

 

The relative abundance of phyla was taken as an average for the samples of each 

preterm infant (Figure 4.5). Each infant had a different relative abundance of phyla, 

 

 

 

 

 

= DOL NEC onset = Probiotics stopped 

† = Probiotics administered throughout sampling time 
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with Firmicutes and Proteobacteria well represented in all infants. Nonparametric 

tests were applied to the non-normal data and found significant differences in the 

abundance of phyla between infants (p-value < 0.001).  

 

 
Figure 4.5 Average relative abundance of phyla for each infant; relative abundance plot 

from V4 16S rRNA amplicon sequencing of extracted DNA from stool samples OTUs phyla 

clustered and plot created using ggplot2 (R Core Team, 2018). Kruskal-Wallis rank sum 

tests and pairwise Wilcoxon tests analysed significance with a threshold of p-value ≤ 0.05. 

 

Infants are numbered corresponding to birth date with the first infant (p139) born in 

2012 and the last infant (p475) born in 2016. Infants without probiotics p161 (NEC), 

p165 (LOS), p171 (NEC), p174 (NEC), p183, p190, p219, p432, and one with 

probiotics p451(NEC) did not have measurable levels of Actinobacteria (Figure 4.5) 

which correlated to no measurable levels of Bifidobacteria (Figure 4.6). There was 

potentially greater uptake in probiotics after infant p199 in July 2012, when the 
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awareness and trust in the benefits of probiotics had increased. Only infants p214 

and p219 had discernible levels of Bacteroidetes, neither received probiotics, or 

contracted NEC, however p214 had developed LOS (DOL 11) prior to the timeframe 

sampled. There were significant differences in the total genera found between each 

preterm infant (Figure 4.6) (p-value < 0.001).  

 

 
Figure 4.6 Average relative abundance of genera for each preterm infant; relative 

abundance plots from V4 16S rRNA amplicon sequencing of extracted DNA from stool 

samples, OTUs were clustered into genera and plot created using ggplot2 (R Core Team, 

2018). Kruskal-Wallis rank sum tests and pairwise Wilcoxon tests analysed significance 

with a threshold of p-value ≤ 0.05. 

 

Kruskal-Wallis rank sum testing on the mode of delivery found significant difference 

in abundance of genera (Figure 4.7) between caesarean section (CS) and vaginal 

delivery (VD) (p-value < 0.001). Univariate Mann-Whitney analysis found greater 



124 
 

abundance of Staphylococcus (p-value < 0.001) and Bifidobacterium (p-value < 

0.001) in infants born by CS than VD. Conversely, lower amounts of Escherichia / 

Shigella (p-value < 0.001), Enterococcus (p-value < 0.001) and Yersinia (p-value < 

0.001) were found in CS than VD. QIIME2 derived α-diversity and Pielou evenness 

were not significantly different (p-value =0.600) between delivery modes (Bolyen et 

al., 2019; Pielou, 1966).  

 

 
Figure 4.7 Relative abundance of genera on all samples in relation to mode of 

delivery, caesarean section (CS) or vaginal delivery (VD); relative abundance plot from 

V4 16S rRNA amplicon sequencing of extracted DNA from stool samples, OTUs were 

clustered into genera for visual analysis, plot created using ggplot2 (R Core Team, 2018). 

Kruskal-Wallis rank sum tests and pairwise Wilcoxon tests analysed significance with a 

threshold of p-value ≤ 0.05. 

 

LEfSe (Linear discriminant analysis Effect Size) algorithm employing Kruskal-Wallis 

rank sum tests to detect bacteria with significant differential abundance, was then 
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followed by Linear Discriminant Analysis (LDA) to evaluate the effective size of the 

differential abundance between the modes of delivery (Figure 4.8). Staphylococcus 

and Bifidobacterium had an increased LDA score when infants were born by CS, 

whilst LDA scores for Yersinia, Escherichia / Shigella and Enterococcus were 

decreased during VD. 

 

 
Figure 4.8 LEfSe determining the LDA score between mode of delivery in preterm 

infants; relative abundance plot from V4 16S rRNA amplicon sequencing of extracted DNA 

from stool samples, OTUs were clustered into genera for LEfSe and LDA analysis and 

visualisation using MicrobiomeAnalyst (Chong et al., 2020; Dhariwal et al., 2017).  

 

β-diversity between the modes of delivery (Figure 4.9) was significant (p-value < 

0.001) when measured using NMDS and Bray Curtis ANOSIM. 



126 
 

 
Figure 4.9 Beta-diversity of preterm infant samples genus level analysis of delivery 

mode: caesarean section (CS) or vaginal delivery (VD) mode of delivery; β-diversity 

analysis from V4 16S rRNA amplicon sequencing of extracted DNA from stool samples, 

OTUs were clustered into genera for analysis (R Core Team, 2018). NMDS  and Bray Curtis 

ANOSIM visualisation plots created using MicrobiomeAnalyst (Chong et al., 2020; Dhariwal 

et al., 2017).  

 

Analysis of gender determined no difference between male and female α-diversity 

or abundance (p-value = 0.072); but there was a significant difference in Kruskal-

Wallis pairwise comparison of Pielou evenness (p-value < 0.003). Univariate Mann-

Whitney analysis found increased Staphylococcus in male samples (not significant 

after FDR adjustment), with significantly reduced Enterococcus (p-value = 0.031), 

and Lactococcus (p-value = 0.043) compared to female infants. There were similarly 

increased LDA scores for Enterobacteriaceae and Enterococcus in preterm females 

with a reduced LDA score in Clostridium in preterm males (Figure 4.10). 
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Figure 4.10 LEfSe determining the LDA score between male and female preterm 

infants; relative abundance plot from V4 16S rRNA amplicon sequencing of extracted DNA 

from stool samples, OTUs were clustered into genera for LEfSe and LDA analysis and 

visualisation using MicrobiomeAnalyst (Chong et al., 2020; Dhariwal et al., 2017).  

 

β-diversity showed a significant difference (p-value < 0.001) between male and 

female preterm infants when analysed with NMDS and Bray Curtis ANOSIM (Figure 

4.11). 
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Figure 4.11 NMDS and Bray Curtis ANOSIM of all preterm infant samples’ bacterial 

genus level analysis regarding gender; β-diversity analysis from V4 16S rRNA amplicon 

sequencing of extracted DNA from stool samples, OTUs were clustered into genera for 

analysis (R Core Team, 2018) and visualisation plots created using MicrobiomeAnalyst 

(Chong et al., 2020; Dhariwal et al., 2017).  

 

The most prevalent phyla when gestational age (GA) was analysed (Figure 4.12) 

were Actinobacteria, Firmicutes and Proteobacteria. Increasing GA tended to 

correlate with increasing abundance of Firmicutes, and reduced abundance of 

Proteobacteria, with Actinobacteria increasing until 30+ weeks. Kruskal-Wallis and 

pairwise Wilcoxon test (R Core Team, 2018) showed significant difference between 

phyla abundance between all GA timepoints (p-value < 0.001). 
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Figure 4.12 Relative abundance of the phyla of preterm infants in relation to 

gestational age (weeks + days); relative abundance plot from V4 16S rRNA amplicon 

sequencing of extracted DNA from stool samples, OTUs were clustered into genera for 

visual analysis plots created using ggplot2 (R Core Team, 2018). Gestational age in weeks 

+ number of days into the next week, number of samples in brackets.  

 

The most prevalent genera in GA analysis (Figure 4.13) were Bifidobacterium, 

Enterobacteriaceae, Enterococcus and Staphylococcus; Kruskal-Wallis and 

pairwise Wilcoxon test (R Core Team, 2018) showed significant difference between 

genera abundance at different GA (p-value < 0.001). Bifidobacterium increased up 

to week 28+3, whilst Staphylococcus increased after 28 weeks, with a bloom in 

samples at 32 weeks. There was significant change in relative abundance of genera 

between each week (p-value < 0.001). Kruskal-Wallis and pairwise Wilcoxon test (R 

Core Team, 2018) showed specific GAs with significant differences in diversity were: 

23+1, 24, 24+3, 24+4, 25, 26+6, 27, 27+2, 28, 28+2, 28+3, 29, 31+6. 
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Figure 4.13 Relative abundance of the genera of preterm infants in relation to 

gestational age (weeks + days); relative abundance plot from V4 16S rRNA amplicon 

sequencing of extracted DNA from stool samples, OTUs were clustered into genera for 

visual analysis plots created using ggplot2 (R Core Team, 2018). Gestational age in weeks 

+ number of days into the next week, number of samples in brackets. 

 

Mann-Whitney pairwise significant tests, holm p-value adjusted (Bolyen et al., 2019; 

Caporaso et al., 2012) also showed significant differences between GA, with Week 

24 having the greatest number of differences than other weeks. Weeks 25+5 and 

31 had the least difference. Pielou evenness was also determined (Bolyen et al., 

2019; Pielou, 1966) illustrating differences in evenness between GA (Figure 4.14). 

The GA with significant differences in evenness and diversity were: 23+1, 24, 24+3, 

24+4, 25, 26+6, 27, 27+2, 28, 28+2, 28+3, 29, 31+6. There was a general trend in 

increasing diversity as GA increased but it was not significant.  
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Figure 4.14 Pielou evenness between gestational age of samples (weeks + days); 

relative abundance plot from V4 16S rRNA amplicon sequencing of extracted DNA from 

stool samples, OTUs were clustered into genera (R Core Team, 2018). Visual analysis plots 

created using QIIME2 (Bolyen et al., 2019; Caporaso et al., 2012) with Mann-Whitney 

pairwise significant tests, holm p-value adjusted, to determine the GA’s with significant 

differences in Pielou evenness (Pielou, 1966), with a threshold of p-value ≤ 0.05. 

Gestational age in weeks + number of days into the next week, number of samples in 

brackets 

  

4.3.2 Microbial community and probiotics in preterm infants 

Phyla level analysis of samples with and without probiotics (Figure 4.15a) using 

univariate Mann-Whitney testing, illustrated samples with probiotics had greater 

relative abundance of Actinobacteria (p-value < 0.001) with lower relative 

abundance of Proteobacteria (p-value = 0.001), and Firmicutes remaining stable. 

The increased relative abundance of Actinobacteria with probiotics correlated to an 

increase in Bifidobacterium (p-value < 0.001) at genus level analysis (Figure 4.15b). 

Concomitantly the decrease in Proteobacteria related to a decrease in Escherichia 

/ Shigella (p-value = 0.021) and Yersinia (p-value < 0.001). Whilst there was no 

difference in the relative abundance of the Firmicutes between probiotics and no 

probiotics, the genera from this phylum did vary significantly with Lactobacillus (p-
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value < 0.001), Lactococcus (p-value < 0.001) and Enterococcus (p-value = 0.004) 

greater with probiotics, whereas Staphylococcus was reduced (p-value < 0.001).   

 
Figure 4.15 Relative abundance of all a) phylum and b) genera in samples comparing 

probiotic administration; relative abundance plot from V4 16S rRNA amplicon sequencing 

of extracted DNA from stool samples, OTUs were clustered into genera for visual analysis 

plots created using ggplot2 (R Core Team, 2018).  

 

Samples from infants without probiotics had relatively more abundance of 

Actinomyces and Clostridium (Figure 4.15b) but not significantly. Univariate and 

Mann-Whitney analysis highlighted species of significant increase with probiotics 

were B. bifidum (p-value < 0.001), Lactococcus garvieae (p-value < 0.001), L. 

helveticus (p-value < 0.001), L. zeae (p-value 0.001) and decreased E. coli (p-value 

= 0.021). The α-diversity measures (Simpson, Shannon and Chao1) all showed 

samples with probiotics had greater diversity (all p-values < 0.001). The relative 

abundance of phyla on the DOL when probiotics were started was dominated with 

Actinobacteria, Firmicutes and Proteobacteria (Figure 4.16). Kruskal-Wallis and 

pairwise Wilcoxon tests only found significant differences in Actinobacteria (p-value 

< 0.001) increasing in abundance when probiotics were started at a later DOL, whilst 

Proteobacteria decreased. Firmicutes remained stable between timepoints.  
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Figure 4.16 Relative abundance of Phylum on preterm infants at the day of life 

probiotics were started; relative abundance plot from V4 16S rRNA amplicon sequencing 

of extracted DNA from stool samples, OTUs were clustered into genera for visual analysis 

plots created using ggplot2 (R Core Team, 2018).  

 

The relative abundance of genera at the DOL when probiotics started (Figure 4.17), 

illustrated a general trend of increased Bifidobacterium (p-value < 0.001) when 

probiotics were started at a later DOL. The relative abundances of genera varied 

greatly between time points; Lactococcus (p-value < 0.001), Lactobacillus (p-value< 

0.001), Escherichia (p-value < 0.001), Enterococcus (p-value < 0.001), and Yersinia 

(p-value = 0.003) all fluctuated significantly. The species which showed greatest 

difference were: B. bifidum (p-value < 0.001), L. garvieae (p-value < 0.001), L. 

helveticus (p-value < 0.001), L. zeae (p-value 0.001) and E.coli (p-value < 0.001).  
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Figure 4.17 Relative abundance of genera on preterm infants at the day of life 

probiotics were started; relative abundance plot from V4 16S rRNA amplicon sequencing 

of extracted DNA from stool samples, OTUs were clustered into genera for visual analysis 

plots created using ggplot2 (R Core Team, 2018).  

 

The relative abundance profile relating to the DOL when probiotic administration 

was stopped showed the same three predominant phyla (Figure 4.18) as probiotic 

administration was started (Figure 4.19). All phyla showed significant differences in 

relative abundance between the time points: Actinobacteria (p-value < 0.001), 

Firmicutes (p-value = 0.014) and Proteobacteria (p-value < 0.001). There was 

increased Proteobacteria at DOL 46, 64 and 65 and Actinobacteria at DOL 53. 
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Figure 4.18 Relative abundance of Phyla in preterm infants at DOL probiotics  

stopped; relative abundance plot from V4 16S rRNA amplicon sequencing of extracted 

DNA from stool samples, OTUs were clustered into genera for visual analysis plots created 

using ggplot2 (R Core Team, 2018).  

 

Significant fluctuations in genera between the DOL where probiotics were stopped 

(Figure 4.19) were seen in Lactococcus (p-value < 0.001), Bifidobacterium (p-value 

< 0.001), Lactobacillus (p-value < 0.001), Enterococcus (p-value < 0.001), 

Escherichia (p-value < 0.001), Yersinia (p-value = 0.002) and Pseudomonas (p-

value = 0.020). The species which showed greatest difference were B. bifidum, L. 

garvieae, L. helveticus, L. zeae and E. coli (all p-values < 0.001). 
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Figure 4.19 Relative abundance of Genera in preterm infants DOL probiotics stopped; 

relative abundance plot from V4 16S rRNA amplicon sequencing of extracted DNA from 

stool samples, OTUs were clustered into genera for visual analysis plots created using 

ggplot2 (R Core Team, 2018).  

 

An LDA score for each DOL that probiotics showed increased Escherichia / Shigella 

at DOL 2, Yersinia and Acinetobacter at DOL 4, Corynebacterium at DOL 5, 

Enterobacteriaceae and Lactococcus at DOL 7, and Enterococcus, Bifidobacterium 

and Lactobacillus at DOL 9; compared with preterm infants that did not receive 

probiotics where Clostridium showing an increased LDA. When probiotics were 

stopped the LDA score for each DOL was Enterococcus at DOL19, Lactococcus at 

DOL 36, Lactobacillus at DOL 39, Staphylococcus at DOL 45, Escherichia / Shigella 

at DOL 46, Bifidobacterium and Clostridium at DOL 53, Enterobacteriaceae at DL 

65 and Acinetobacter at DOL 83; compared with an increased LDA in Yersinia in 

preterm infants that did not receive probiotics.    
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β-diversity measured by NMDS and Bray-Curtis ANOSIM (Chong et al., 2020; 

Dhariwal et al., 2017) showed no significant difference (p-value = 0.158) between 

preterm infants which developed NEC and those that did not (Figure 4.21a). 

However, a significant difference (p-value < 0.001) was seen between samples with 

and without probiotics (Figure 4.21b) at genera level.  

 

 
Figure 4.20 NMDS and Bray Curtis ANOSIM measurement of beta-diversity of all 

preterm infant samples’ bacterial genera level analysis regarding probiotics. a) NEC 

(n=66) vs No NEC samples (n=106), b) Probiotics (n=79) vs No Probiotics (n=93) 

samples; β-diversity analysis from V4 16S rRNA amplicon sequencing of extracted DNA 

from stool samples, OTUs were clustered into genera for analysis (R Core Team, 2018) 

and visualisation plots created using MicrobiomeAnalyst (Chong et al., 2020; Dhariwal et 

al., 2017).  

 

LEfSe analysis showed the significantly different genera in the preterm infants that 

received probiotics compared to the infants that did not (Figure 4.22). An increased 

LDA score in Bifidobacterium, Enterococcus, Lactococcus and Lactobacillus was 

seen in the preterm infants receiving probiotics. Concurrently a reduced LDA score 

in Clostridium, Yersinia and Escherichia-Shigella was seen in preterm infants not 

receiving probiotics.  
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Figure 4.21 LEfSe of main bacteria driven by presence or absence of probiotic 

administration in the preterm infants; LEfSe and LDA analysis from V4 16S rRNA 

amplicon sequencing of extracted DNA from stool samples. OTUs were clustered into 

genera for visual analysis plots created using MicrobiomeAnalyst (Chong et al., 2020; 

Dhariwal et al., 2017). 

 

4.3.3 Microbial community and disease in preterm infants 

4.3.3.1 Necrotising Enterocolitis (NEC) 

The diversity index (2.8.5.1) of Simpson α-diversity (Figure 4.23a), which 

considered both species richness and evenness between preterm infants was not 

found to be significantly different (p-value = 0.053) between NEC and No NEC 

(Mann-Whitney and subsequent Kruskal-Wallis pairwise analysis). Chao1 α-

diversity with Mann-Whitney significance testing (Figure 4.23b) found a greater α-

diversity in samples without NEC (p-value < 0.001). 
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Figure 4.22 Simpson and Chao1 α-diversity; relative abundance plot from V4 16S rRNA 

amplicon sequencing of extracted DNA from stool samples, OTUs were clustered for 

analysis (R Core Team, 2018) visual plots were created in MicrobiomeAnalyst (Chong et 

al., 2020; Dhariwal et al., 2017) a) Simpsons α-diversity index comparing NEC with No NEC;  

b) Chao1 α-diversity index comparing NEC with No NEC; significant differences determined 

by Mann-Whitney and Kruskal-Wallis tests (Chong et al., 2020; R Core Team, 2018; 

Dhariwal et al., 2017) with p-value ≤ 0.05 threshold. 

 

Samples with NEC had increased abundance of Proteobacteria and reduced 

Actinobacteria and Bacteroidetes at phyla level (Figure 4.23a)compared with No 

NEC samples, but univariate Mann-Whitney tests (R Core Team, 2018) showed no 

significant differences; where GA, DOL and antibiotic use may confound any 

differences. Preterm infant patients with NEC had increased abundance of 

Actinomyces, Clostridium, Escherichia, and Staphylococcus, and reduced 

abundance of Bifidobacterium, Enterococcus, Lactococcus (Figure 4.23b) however 

only reduced Lactobacillus was significant (p-value = 0.003). 
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Figure 4.23 Relative abundance of all a) phyla and b) genera in samples comparing 

patients with and without NEC; relative abundance plot from V4 16S rRNA amplicon 

sequencing of extracted DNA from stool samples, OTUs were clustered into phyla or genera 

for visual analysis plots created using ggplot2 (R Core Team, 2018).  

 

The relative abundance of phyla at the DOL of NEC onset samples generally 

followed a pattern of: Proteobacteria > Firmicutes > Actinobacteria (Figure 4.24).  

 
Figure 4.24 Relative abundance of preterm infants’ phyla on the day of NEC onset; 

relative abundance plot from V4 16S rRNA amplicon sequencing of extracted DNA from 

stool samples, OTUs were clustered into phyla for visual analysis plots created using 

ggplot2 (R Core Team, 2018).  
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There was a spike in abundance of Firmicutes at DOL 15. After DOL 28 the 

proportion of Proteobacteria increased whilst Firmicutes reduced, with increased 

Actinobacteria at DOL 28. Significant differences between DOL are outlined in Table 

4.3 analysed by nonparametric Kruskal-Wallis and pairwise Wilcoxon tests (R Core 

Team, 2018). 

 

Table 4.3 Pairwise phyla comparison at DOL of NEC onset; data from V4 16S rRNA 

amplicon sequencing of extracted DNA from stool samples, OTUs were clustered into phyla 

and pairwise analysis by nonparametric Kruskal-Wallis and Wilcoxon rank sum testing, 

significance threshold p-value ≤ 0.05 (R Core Team, 2018). 

DOL 13 15 16 19 21 25 26 28 31 38 

15 0.584 - - - - - - - - - 

16 0.023 * 1 - - - - - - - - 

19 1 1 0.187 - - - - - - - 

21 <0.001 
*** 

0.187 1 0.004 ** - - - - - - 

25 <0.001 
*** 

0.016 * 1 <0.001 
*** 

1 - - - - - 

26 0.017 * 1 1 0.244 0.854 0.265 - - - - 

28 1 1 0.770 1 0.086 0.006 ** 1 - - - 

31 <0.001 
*** 

<0.001 
*** 

0.200 <0.001 
*** 

0.417 0.008 ** <0.001 
*** 

<0.001 
*** 

- - 

38 1 0.854 0.034 * 1 <0.001 
*** 

<0.001 
*** 

0.024 * 1 <0.001 
*** 

- 

N 1 0.478 0.023 * 1 <0.001 
*** 

<0.001 
*** 

0.0013 ** 1 <0.001 
*** 

1 

 

The sharp increase in Actinobacteria at DOL 28 (Figure 4.24) corresponded to a 

similar increase in Actinomyces (Figure 4.25). Similarly, the bloom of 

Proteobacteria at DOL 31 correlated to a bloom in Enterobacteriaceae. Whereas 

the general pattern of genera over the differing times of NEC onset (Figure 4.25) 

was a reduction in Bifidobacterium (p-value = 0.033) from DOL 21, generally there 

was relatively low abundance of Staphylococcus with sudden increases at DOL 16 

and 26. Abundance levels of Enterobacteriaceae, Enterococcus (p-value = 0.030), 

Lactococcus (p-value = 0.030) and Lactobacillus (p-value = 0.030) fluctuate 

significantly when subjected to univariate Mann-Whitney testing. Pielou evenness 
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was measured with significant decreases found between No NEC and day of NEC 

onset 26 (p-value = 0.027); between day 13 and 26 (p-value = 0.016), 13 and 38 

(p-value = 0.012); between day 19 and 26 (p-value = 0.012), 19 and 38 (p-value = 

0.035). 

  

 
Figure 4.25 Relative abundance of preterm infants’ Genera on the day of NEC onset 

relative abundance plot from V4 16S rRNA amplicon sequencing of extracted DNA from 

stool samples, OTUs were clustered into genera for visual analysis plots created using 

ggplot2 (R Core Team, 2018). QIIME2 derived Pielou evenness (Bolyen et al., 2019; Pielou, 

1966) and significant differences by univariate Mann-Whitney analysis  (R Core Team, 

2018). 

 

LEfSe and LDA analysis of genera at the DOL of NEC onset showed that 

Enterococcus and Bifidobacterium were significantly different at DOL 15, and 

Acinetobacter at DOL 16. Lactococcus and Staphylococcus were significantly 

different at DOL 21 and 26 respectively, with Escherichia / Shigella at DOL 28 and 

Enterobacteriaceae at DOL 31. However, for preterm infants without NEC, 

Lactococcus and Clostridium were significantly different.   
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The samples were then analysed in terms of No NEC, before NEC and after NEC 

in order to determine if these time frames affected the bacterial abundance profile 

of the preterm infants. Figure 4.26 outlined the relative abundance of genera at each 

time frame, Kruskal-Wallis followed by pairwise comparison using Wilcoxon rank 

sum test (R Core Team, 2018) uncovered significant differences before and after 

NEC, and between No NEC and before or after NEC (all p-values < 0.001). No 

difference in Pielou evenness was found between sample times, but α-diversity 

differed significantly (p-value < 0.001) (Bolyen et al., 2019; Pielou, 1966).  

 

 
Figure 4.26 Relative abundance of preterm infants’ genera comparing sample time; 

relative abundance plot from V4 16S rRNA amplicon sequencing of extracted DNA from 

stool samples, OTUs were clustered into genera for visual analysis plots created using 

ggplot2; Kruskal-Wallis and pairwise comparison using Wilcoxon rank sum test (R Core 

Team, 2018) determined significant differences before and after NEC, and between No 

NEC and before or after NEC. Pielou evenness and α-diversity significance was determined 

through QIIME2 (Bolyen et al., 2019; Pielou, 1966); threshold p-values ≤ 0.05. 
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Univariate Mann-Whitney testing found significant reduction after NEC in the 

abundance of Lactobacillus (p-value = 0.006) specifically Lactobacillus zeae (p-

value = 0.031), which was not the species in the probiotics administered. There 

was potentially increased Escherichia / Shigella and reduced Enterococcus after 

NEC than before; in addition to increased Staphylococcus before NEC, compared 

to after and No NEC but it was not significant. Whilst there was no difference in 

relative abundance of bacteria in relation to NEC and no NEC samples, there was 

a significant reduction in α-diversity in NEC samples (Figure 4.22). 

 

LEfSe and LDA analysis found Clostridium was the only genera of potential 

significance, increasing in samples from before NEC compared to after NEC. 

However, levels in preterm infants without NEC were greater than before or after 

NEC, but not significantly after FDR adjustment (p-value = 0.059). Subsequently, 

the data was grouped into subsets to investigate the relationship between NEC and 

probiotics, the subsets were: NEC diseased (Y) or no NEC (N), and probiotic 

administered (+) or not (-); i.e., NEC diagnosed with probiotics administered (Y+). 

The relative abundance of each group was analysed in terms of phyla (Figure 4.27) 

and genera (Figure 4.28).  
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Figure 4.27 Relative abundance of the Phyla of grouped samples; relative abundance 

plot from V4 16S rRNA amplicon sequencing of extracted DNA from stool, OTUs were 

clustered into phyla for visual analysis plots created using ggplot2, results analysed by 

Univariate Mann-Whitney tests (R Core Team, 2018). NEC = Y (diseased) or N (not 

diseased), Probiotic use + (administered) or – (not administered).  

 

An increase in relative abundance of Proteobacteria (p-value = 0.006) was seen 

without probiotics, concomitantly Actinobacteria (p-value < 0.001) increased with 

probiotics (Figure 4.27); whilst Firmicutes remained stable. The increase in 

Actinobacteria corresponded to increased relative abundance of Bifidobacterium 

(Figure 4.28) when probiotics were administered (p-value < 0.001), similarly 

Lactobacillus (p-value < 0.001), Lactococcus (p-value < 0.001), Enterococcus (p-

value 0.011) all increased in samples administered probiotics. Yersinia was 

significantly greater in samples without NEC and without probiotics (p-value = 

0.001), and Escherichia / Shigella were reduced in samples without NEC and with 

probiotics (p-value = 0.040). 



146 
 

 
Figure 4.28 Relative abundance of the Genera of grouped samples; relative abundance 

plot from V4 16S rRNA amplicon sequencing of extracted DNA from stool samples, OTUs 

were clustered into genera for visual analysis plots created using ggplot2, results analysed 

by Univariate Mann-Whitney tests (R Core Team, 2018). NEC = Y (administered) or N (not 

administered), Probiotic use + (administered) or – (not administered).  

 

Univariate Mann-Whitney analysis highlighted species of significance as B. bifidum 

(p-value <0.001), this species was present in the probiotic formula. Also L. 

helveticus and L. zeae (p-value <0.001), L. garvieae (p-value <0.001), Yersinia spp. 

(p-value <0.001), Enterococcus spp. (p-value = 0.011), and Escherichia coli (p-value 

= 0.024) were species of significance. Differences in evenness between the groups 

were also measured at genera level using Kruskal-Wallis pairwise analysis (Table 

4.4) with significant differences found between No NEC with probiotics and NEC 

without probiotics, as well as NEC with probiotics when compared to NEC without 

probiotics. Chao1 and Mann-Whitney tests illustrated α-diversity between groups 

was significantly different (p-value = 0.006), however Pielou evenness was not 

significantly different (Bolyen et al., 2019; Pielou, 1966). 
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Table 4.4 Significance between groups in terms of relative abundance of genera and 

evenness; relative abundance plot from V4 16S rRNA amplicon sequencing of extracted 

DNA from stool samples (number in brackets), OTUs were clustered for visual (R Core 

Team, 2018). Kruskal-Wallis pairwise analysis determined the significance of Pielou 

evenness (Bolyen et al., 2019; Pielou, 1966). Where NEC / No NEC = Y / N and Probiotics 

administered / not administered = + / - the significance threshold was p-value ≤ 0.05 

Group Kruskal-Wallis p-value 

N+ N- 0.117 

N+ Y+ 0.086 

N+ Y- 0.020* 

N- Y+ 0.881 

N- Y- 0.086 

Y+ Y- 0.024* 

 

β-diversity analysis for the Group subsets (Figure 4.29) showed significant 

difference (p-value = 0.009) between the groups (where NEC / No NEC = Y / N and 

Probiotics administered / not administered = + / -). 

 

 
Figure 4.29 NMDS and Bray Curtis ANOSIM of all preterm infant samples’ bacterial 

genus level analysis regarding groups; β-diversity analysis from V4 16S rRNA amplicon 

sequencing of extracted DNA from stool samples, OTUs were clustered into genera for 

analysis (R Core Team, 2018) and visualisation plots created using MicrobiomeAnalyst 

(Chong et al., 2020; Dhariwal et al., 2017). 
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4.3.3.2 Late onset Sepsis (LOS) 

Actinobacteria, Firmicutes and Proteobacteria were predominant in samples from 

both LOS and no LOS preterm infants (Figure 4.30a), whilst there appeared to be 

increased relative abundance of Actinobacteria in samples with LOS, and reduced 

Firmicutes, the differences were not significant (R Core Team, 2018). Similarly, 

there was no significant difference in α-diversity (Chao1 and Mann-Whitney p-value 

= 0.500) (Dhariwal et al., 2017) or Pielou evenness between LOS and No LOS 

(Bolyen et al., 2019; Pielou, 1966). 

 

 
Figure 4.30 Relative abundance of a) phyla and b) genera between LOS and no LOS 

samples; relative abundance plot from V4 16S rRNA amplicon sequencing of extracted 

DNA from stool samples, OTUs were clustered into phyla or genera for visual analysis plots 

created using ggplot2 (R Core Team, 2018). Significance for relative abundance was 

determined by Kruskal-Wallis and pairwise Wilcoxon tests, with a threshold of p-value ≤ 

0.05.  

 

The increase in Actinobacteria correlated with genera associated with this phyla 

(Figure 4.30b); with a significant increase in unclassified Acinetobacter (p-value = 

0.025), but the increase in Bifidobacterium was not significant. Enterobacteriaceae 

remained stable between samples with and without LOS, with reduced 

Enterococcus and Escherichia / Shigella and increased Staphylococcus, but the 

differences were not significant. There was a significant difference (p-value = 0.006) 
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in β-diversity between the preterm infants which developed LOS and those that did 

not develop LOS (Figure 4.31). 

 

 
Figure 4.31 NMDS and Bray Curtis ANOSIM of all preterm infant samples’ bacterial 

genus level analysis regarding LOS; β-diversity analysis from V4 16S rRNA amplicon 

sequencing of extracted DNA from stool samples, OTUs were clustered into genera for 

analysis (R Core Team, 2018) and visualisation plots created using MicrobiomeAnalyst 

(Chong et al., 2020; Dhariwal et al., 2017).  

 

The community phyla profile of bacteria at LOS onset (Figure 4.32) was analysed 

by univariate Mann-Whitney tests, highlighting increased Actinobacteria (p-value = 

0.022) at DOL 11, no other variations in phyla were significant. Kruskal-Wallis and 

pairwise Wilcoxon analysis found no significant difference in α-diversity between the 

timepoints.  
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Figure 4.32 Variation in relative abundance of phyla at LOS onset; relative abundance 

plot from V4 16S rRNA amplicon sequencing of extracted DNA from stool samples, OTUs 

were clustered into phyla for visual analysis plots created using ggplot2 (R Core Team, 

2018).  

 

Relative abundance of phyla (Table 4.5) differed significantly, only DOL 0 and 15, 

DOL 35 and 37, as well as DOL 35 and No LOS samples were not significantly 

different.   

 

Table 4.5 Pairwise phyla comparison at DOL of LOS onset; data from V4 16S rRNA 

amplicon sequencing of extracted DNA from stool samples, OTUs were clustered into phyla 

and pairwise analysis by nonparametric Kruskal-Wallis and Wilcoxon rank sum testing, 

significance threshold p-value ≤ 0.05 (R Core Team, 2018). 

DOL 0 11 15 35 37 

11 <0.001 *** - - - - 

15 0.24893 <0.001 *** - - - 

35 <0.001 *** <0.001 *** <0.001 *** - - 

37 <0.001 *** <0.001 *** <0.001 *** 0.24893 - 

No LOS <0.001 *** <0.001 *** <0.001 *** 0.12084 <0.001 *** 
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Univariate and Mann-Whitney analysis of genera variation at the DOL of LOS onset 

(Figure 4.33) showed Bifidobacterium (p-value < 0.001) and other unclassified 

Acinetobacter (p-value = 0.022) increased after DOL 11. Enterobacteriaceae spiked 

at DOL 15 and 35, including Yersinia (p-value < 0.001) and Escherichia (p-value < 

0.016).  

 

 
Figure 4.33 Variation in relative abundance of genera at LOS onset; relative abundance 

plot from V4 16S rRNA amplicon sequencing of extracted DNA from stool samples, OTUs 

were clustered into genera for visual analysis plots created using ggplot2 (R Core Team, 

2018). N = no LOS samples.  

 

LEfSe and LDA analysis highlighted the significantly different genera at the DOL of 

LOS onset; Yersinia was of most importance at DOL 0, whilst Enterobacteriaceae 

had the highest LDA score and was most notable at DOL 15. LOS onset at later 

timepoints were primarily influenced by Bifidobacterium (DOL 35), with Escherichia 

/ Shigella, Enterococcus, Lactococcus and Lactobacillus at DOL 37. Acinetobacter 

was most influential in samples that did not develop NEC. 
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Concomitantly, univariate Mann-Whitney analysis (R Core Team, 2018) highlighted 

a significant difference in the abundance of species correlated to the genera already 

highlighted: B. bifidum (p-value < 0.001), L. zeae (p-value < 0.013), L. garvieae (p-

value < 0.001), and E. coli (p-value = 0.016) over the time points. NMDS and Bray 

Curtis ANOSIM analysis of preterm infant samples at genus level analysis (Figure 

4.34) showed significant difference (p-value = 0.006) between the DOL when 

preterm infants developed LOS. 

 

 
Figure 4.34 NMDS and Bray Curtis ANOSIM of all preterm infant samples’ bacterial 

genus level analysis regarding LOS onset; β-diversity analysis from V4 16S rRNA 

amplicon sequencing of extracted DNA from stool samples, OTUs were clustered into 

genera for analysis (R Core Team, 2018) and visualisation plots created using 

MicrobiomeAnalyst (Chong et al., 2020; Dhariwal et al., 2017).  
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4.3.4 Metagenomic Inference in diseased and non-diseased preterm infants 

Samples were compared consecutively between Weeks (Week 1 to Week 2, Week 

2 to Week 3, Week 3 to Week 4, Week 4 to Week 5, Week 5 to Week 6 and Week 

6 to Week 7) but no differentially abundant functions were found. NEC vs No NEC 

samples similarly showed no differentially abundant functions. The samples were 

then subsampled into before NEC versus No NEC samples, and after NEC versus 

No NEC samples, corrected for GA prior to analysis again with no differentially 

abundant functions found in either subset.  

 

Metabolic pathways of significance in the samples with probiotics (Figure 4.35) are 

detailed in Table 4.6 and analysed as previously described (Figure 2.3). The key 

bacterial drivers related to pathways with probiotics were Bifidobacterium (p-value 

< 0.001), Lactobacillus (p-value <0.001), Lactococcus (p-value < 0.001), whilst 

Yersinia (p-value = 0.004) was linked to pathways without probiotics. Enterococcus 

(p-value = 0.093), Escherichia / Shigella (p-value = 0.071) and Staphylococcus (p-

value = 0.282) pathways were increased in samples without probiotics; whilst 

Actinomyces (p-value = 0.088) showed reduced pathways but not significantly. 

Similarly, Clostridium abundance was linked to pathways without probiotics, as well 

as fatty acid biosynthesis and tetracycline biosynthesis in samples with probiotics, 

but the differences were not significant.  
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Figure 4.35 FishTaco Shift Score No Probiotics v Probiotics Wilcoxon Test; relative 

abundance plot from V4 16S rRNA amplicon sequencing of extracted DNA from stool 

samples. OTUs were clustered, metabolic pathways assigned by KEGG database and 

functional metabolic inference analysed through PiCRUST followed by FishTaco in QIIME2 

(Bolyen et al., 2019; Langille et al., 2013; Caporaso et al., 2012). The top bar illustrated taxa 

associated with no probiotics, the bottom bar was probiotic associated taxa, and the clear 

diamond the differential abundance between the top and bottom bar, the further to the right 

the greater the differential abundance between the factors. Left of the black line denotes 

taxa associated with reducing the functional shift, whilst taxa to the right was associated 

with driving the functional shift as per the factor defined by the related bar.  

 

The clinical implications for metabolic pathways in samples from preterm infants 

administered probiotics are outlined in Table 4.6; generally probiotic administration 

relates to pathways allowing the preterm infant greater access to energy sources 

(Pyruvate metabolism, TCA cycle, Lipoic Acid Metabolism, Carbon Fixation 

pathway, Tetracycline Biosynthesis, Protein Export and Porphyrin Metabolism). 

Additionally, the pathways: Fatty acid biosynthesis and Valine, Leucine and 

Isoleucine degradation and the drug metabolism: xenobiotics pathway are also 

increased with probiotics.  
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Table 4.6 Pathways of importance in samples with and without probiotics; the 

pathway with KEGG reference ko number (Kanehisa et al., 2008) has been linked to the 

diseases associated with that pathway and other pathways related to the primary pathway 

which may be considered when describing functionality. Full pathways are detailed in 

Appendix 8. Metabolic Pathways.  

Pathway KEGG Linked to Disease Related pathways 

Pyruvate 

metabolism 
ko00620 

Inability to convert food into 

energy, failure to thrive. 

Lactic acidaemia. Anaemia. 

Delayed development and 

neurological dysfunction. 

Glycolysis / Gluconeogenesis 

(ko00010); Citrate / TCA cycle 

(ko00020); Fatty acid biosynthesis 

(ko00061); and associated pathways. 

TCA / Citrate 

Cycle 
ko00020 

Delayed development and 

neurodegenerative diseases. 

Inability to convert food into 

energy. Hypotonia, lactic 

acidaemia, hepatomegaly. 

Glycolysis / Gluconeogenesis 

(ko00010), (ko00053), Fatty acid 

pathways (ko00061), (ko00062), 

(ko00071), and Amino acid metabolism 

pathways. 

Lipoic Acid 

Metabolism 
ko00785 

Epilepsy, reduced energy 

metabolism and elevated 

glycine. 

Fatty acid biosynthesis (ko00061) 

Fatty Acid 

Biosynthesis 
ko00061 

Combined malonic and 

methylmalonic aciduria 

causing neurodevelopmental 

issues. 

Citrate / TCA cycle (ko00020), Fatty 

acid elongation (ko00062), Fatty acid 

degradation (ko00071), Fatty acid and 

Amino acid metabolism. 

Drug 

Metabolism: 

Xenobiotics 

ko00983 

Neurological and 

gastrointestinal problems 

leading to failure to thrive, 

reduced immune response. 

NA 

Carbon 

Fixation 

pathway 

prokaryotes 

ko00720 

Reduced SCFA Acetic acid, 

reduced ability to access 

energy 

Carbon fixation in photosynthesis 

organism (ko00710). 

Valine, 

Leucine & 

Isoleucine 

Degradation 

ko00280 

Inability to break down amino 

acids to be used for growth 

and development or 

removed if not required. 

Neurodevelopmental issues. 

Citrate / TCA cycle (ko00020); Plus: 

(ko00240), (ko00290), (ko00522), 

(ko00640), (ko00900), (ko01056). 

Tetracycline 

Biosynthesis 
ko00253 

Beneficial to gastrointestinal 

and energy absorption 

Biosynthesis of type II polyketide 

backbone (ko01056) 

Protein 

Export 
ko03060 

Inaccurate protein building, 

developmental issues 

NA 

Porphyrin 

Metabolism 
ko00860 

Liver function reduced, 

problems with regulating 

energy production. Build-up 

of bilirubin in blood and iron 

in brain causing 

neurodevelopmental issues 

Alanine, aspartate and glutamate 

metabolism (ko00250); Glycine, serine 

and threonine metabolism (ko00260); 

Riboflavin metabolism (ko00740). 
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There were no differentially abundant metabolic functions for NEC only samples 

when probiotics was compared to no probiotics. However, Figure 4.36 outlines the 

metabolic pathways which were significantly shifted in no NEC only samples when 

probiotics were compared to no probiotics.  

 

 
Figure 4.36 FishTaco Shift Score No NEC samples only No Probiotics v Probiotics; 

relative abundance plot from V4 16S rRNA amplicon sequencing of extracted DNA from 

stool samples. OTUs were clustered, metabolic pathways assigned by KEGG database and 

functional metabolic inference analysed through PiCRUST followed by FishTaco in QIIME2 

(Bolyen et al., 2019; Langille et al., 2013; Caporaso et al., 2012). The top bar illustrated taxa 

associated with no probiotics, the bottom bar was probiotic associated taxa, and the clear 

diamond the differential abundance between the top and bottom bar, the further to the right 

the greater the differential abundance between the factors. Left of the black line denotes 

taxa associated with reducing the functional shift, whilst taxa to the right was associated 

with driving the functional shift as per the factor defined by the related bar. 

 

Similar taxonomic profile drivers of these pathways were seen in Figure 4.34 and 

Figure 4.35. The no NEC subset pathways were associated with increased 

Bifidobacterium (p-value < 0.001), Lactobacillus (p-value < 0.001), Lactococcus (p-

value < 0.001) in samples with probiotics. Whilst Yersinia (p-value = 0.001) and 

Escherichia / Shigella (p-value = 0.009) were linked to the pathways without 

probiotics; whilst Actinomyces abundance (p-value = 0.033) was linked to the Valine 

(Val), Leucine (Leu) and Isoleucine (Ile) pathway without probiotics. This similarity 
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was to be expected but may highlight the taxa differences to be investigated further 

as they may affect pathway shifts. The metabolic pathways of importance for the No 

NEC only samples with and without probiotics were the TCA / Citrate Cycle, Drug 

Metabolism: Xenobiotics, Tetracycline biosynthesis, carbon fixation pathway, Val, 

Leu & Ile degradation, protein export, pyruvate metabolism, porphyrin metabolism 

previously described in Table 4.6; in addition to the remaining pathways for 

Riboflavin and Biotin metabolism as detailed in Table 4.7.  

 

Table 4.7 Pathways of importance in No NEC only samples with and without 

probiotics; two further KEGG pathways were of importance were found (Kanehisa et al., 

2008) in addition to TCA / Citrate Cycle, Drug Metabolism: Xenobiotics, Tetracycline 

biosynthesis, carbon fixation pathway, Valine, Leucine & Isoleucine degradation, protein 

export, pyruvate metabolism, porphyrin metabolism outlined in Table 4.6, full pathways 

detailed in Appendix 8. Metabolic Pathways. 

Pathway KEGG Linked to Disease Related Pathways 

Riboflavin 
Metabolism 

ko00740 Heart failure, respiratory 
distress, oedema, 
cyanosis hypertension. 
Muscle and bone 
weakness. 

Pentose phosphate pathway 
(ko00030); Pentose and 
glucuronate interconversions 
(ko00040); Purine metabolism 
(ko00230); Porphyrin and 
chlorophyll metabolism 
(ko00860).  

Biotin 
Metabolism  

ko00780 Unable to use biotin 
effectively leading to 
difficulty feeding and 
breathing, lack of energy 
and delayed 
development.  

Fatty acid biosynthesis 
(ko00061); Lysine degradation 
(ko00310); Tropane, piperidine 
and pyridine alkaloid 
biosynthesis (ko00960). 

 

Therefore, No NEC samples administered probiotics had pathways linked to 

increasing the preterm infants’ ability to access energy (Biotin metabolism) and 

linked to organ maturity and functionality (Riboflavin metabolism) compared to 

preterm infants without NEC that did not receive probiotics, potentially an area of 

further interest to examine in relation to NEC onset and disease, as well as healthy 

preterm infants. 
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No LOS compared to LOS samples were analysed and displayed significant 

differential abundance (Figure 4.37)  in the metagenomic pathways. Further analysis 

of No LOS compared with After LOS and No LOS compared with Before LOS (GA 

corrected) showed no differentially abundant functions. 

 

 
Figure 4.37 Fish Taco Shift Score No LOS v LOS Wilcoxon test; relative abundance 

plot from V4 16S rRNA amplicon sequencing of extracted DNA from stool samples. OTUs 

were clustered, metabolic pathways assigned by KEGG database and functional metabolic 

inference analysed through PiCRUST followed by FishTaco in QIIME2 (Bolyen et al., 2019; 

Langille et al., 2013; Caporaso et al., 2012). The top bar illustrated taxa associated with no 

LOS, the bottom bar was LOS associated taxa, and the clear diamond the differential 

abundance between the top and bottom bar, the further to the right the greater the 

differential abundance between the factors. Left of the black line denotes taxa associated 

with reducing the functional shift, whilst taxa to the right was associated with driving the 

functional shift as per the factor defined by the related bar. 

 

The taxa potentially driving the metabolic pathways between LOS and No LOS 

samples (Figure 4.37) were Actinomyces (p-value = 0.676), Acinetobacter (p-value 

= 0.676), and Streptococcus (p-value 0.676) but were found not to be significant 

after FDR adjustment. Interestingly Veillonella tends to be consistently, if not 

significantly, attenuated in the LOS samples. The relationship between the shifted 

pathways and the potential disease indicators (Table 4.8) outline an overall pattern 

indicating an increased requirement for energy (Benzoate Degradation, 
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Chloroalkane / alkene Degradation, Aminobenzoate Degradation, Naphthalene 

Degradation) and an immune response to infection (Flavone / Flavanol 

Biosynthesis, Terpenoid Backbone Biosynthesis, Synthesis / Degradation Ketone 

Bodies, Ribosome translation).  

 

Table 4.8 Pathways of importance in LOS and no LOS samples; the pathway with 

KEGG reference ko number (Kanehisa et al., 2008) has been linked to the diseases 

associated with that pathway and other pathways related to the primary pathway which may 

be considered when describing functionality. Full pathways outlined in Appendix 8. 

Metabolic Pathways. 

Pathway KEGG Linked to Disease Related Pathways 

Flavone / 
Flavanol 
Biosynthesis 

ko00944 Disease response to microbial 
infection, antioxidant, free 
radical reduction and anti-
inflammatory capabilities 

Flavonoid biosynthesis 
(ko00941) 

Styrene 
Degradation 

ko00643 Increased requirement for 
energy, using all resources for 
input into Citrate / TCA cycle 

Citrate / TCA cycle (ko00020); 
plus (ko00360), (ko00362), 
(ko00620), (ko00640), 
(ko00642).  

Terpenoid 
Backbone 
Biosynthesis 

ko00900 Signals reduced oxidative 
phosphorylation, increased 
Ketone bodies, elevated 
immunoglobulin D increased 
biosynthesis of cholesterols 
and isoprenoids in response to 
infection. 

Glycolysis / Gluconeogenesis 
(ko00010); plus: (ko00100), 
(ko00130), (ko00403), 
(ko00510), (ko00902), 
(ko00904), (ko00906), 
(ko00908), (ko00909). 

Synthesis / 
Degradation 
Ketone Bodies 

ko00072 Increased Ketone bodies in 
response to infection. 

Glycolysis / Gluconeogenesis 
(ko00010); plus: (ko00071), 
(ko00620), (ko00650).  

Benzoate 
Degradation 

ko00362 Increased requirement for 
energy 

Glycolysis / Gluconeogenesis 
(ko00010); Citrate / TCA cycle 
(ko0020); plus: (ko00350), 
(ko00360), (ko00361), 
(ko00627), (ko00790). 

Chloroalkane / 
alkene 
Degradation 

ko00625 Linked to Staphylococcus spp. 
accessing energy source 

Pyruvate metabolism 
(ko00620); Glyoxylate and 
dicarboxylate metabolism 
(ko00630); Methane 
metabolism (ko00680).  

Aminobenzoate 
Degradation  

ko00627 Increased requirement for 
energy 

Chlorocyclohexane and 
chlorobenzene degradation 
(ko00361); Benzoate 
degradation (ko00362); and 
(ko00380). 

Naphthalene 
Degradation 

ko00626 Increased requirement for 
energy 

Tyrosine metabolism 
(ko00350); Benzoate 
degradation (ko00362); 
Xylene degradation (ko00622) 
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Ribosome 
translation 

ko03010 Attenuated development of 
bone marrow, resulting in 
lethargy from anaemia and 
infection. Increased 
susceptibility to sepsis  

NA 

 

These metabolic pathways would result in physiological changes which may aide 

clinical diagnosis earlier, further examination would be required to elucidate these 

potential biomarkers. 

 

4.4 Discussion  

4.4.1 Infant community profiles 

Microbial succession for bacterial phyla for term infants follows the pattern outlined 

in Figure 4.38 (Robertson et al., 2019b; Milani et al., 2017; Murphy et al., 2017; 

Vallès et al., 2014a); where the microbiome has a general trend of decreasing 

abundance as follows: Firmicutes > Proteobacteria ≥ Actinobacteria > 

Bacteroidetes, until week 12 where the proportions become more equal and 

Verrucomicrobia increases to measurable levels. 

 

 
Figure 4.38 Phyla microbiome profiles previously established; Term infants at Week 

1, 3, 8 and 12 adapted from Murphy et al., 2017  

 

This chapter highlighted a microbial pattern of phyla as: Proteobacteria > Firmicutes 

> Actinobacteria > Bacteroidetes > Acidobacteria in both control and NEC infants 

(Figure 4.3 and Figure 4.4), corresponding with preterm infants receiving breast milk 
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for nutrition (Figure 4.38). It was interesting to note that only two infants (p214 and 

p219) had discernible levels of Bacteroidetes in this cohort. Healthy term infants 

have a greater abundance of Firmicutes than Proteobacteria, whereas this tends to 

be reversed in preterm infants (Skeath et al., 2014). Preterm infants in this chapter 

that developed NEC had relatively decreased levels of all phyla prior to NEC onset 

compared to no NEC cohort, whereas previous studies have reported an increase 

in Proteobacteria and a decrease in Firmicutes (Skeath et al., 2014; Stewart et al., 

2012; Mai et al., 2011). The domination of Firmicutes before Proteobacteria in early 

presentation of NEC (Morrow et al., 2013), resembles the formula fed preterm infant 

microbial signature, highlighting the importance of breast milk as the primary 

protective role in the health of preterm infants.  

 

Previous studies of preterm infants also showed different microbial patterns 

dependent on feeding regimes (Robertson et al., 2019b; Chernikova et al., 2018; 

Nogacka et al., 2018; Cong et al., 2016; Houghteling and Walker, 2015a). Where 

mother’s own breastfeeding created a trend of decreasing phyla abundance as: 

Proteobacteria > Firmicutes > Actinobacteria > Bacteroidetes (Chernikova et al., 

2018), whilst donor breast milk was Firmicutes > Proteobacteria > Bacteroidetes > 

Actinobacteria (Houghteling and Walker, 2015b). Formula fed preterm infants 

mirrored term phyla patterns, Firmicutes > Proteobacteria ≥ Actinobacteria 

(Timmerman et al., 2017), with no discernible levels of Bacteroidetes in formula fed, 

the role of Bacteroidetes has been previously outlined (4.1.1). 

 

Recent microbiome groupings (Figure 4.39a) have started to describe the 

complexity of bacterial genera profiling (Milani et al., 2017; Stewart et al., 2016b), 

detailed in Table 4.9. The dominant profile of genera in this chapter’s preterm infant 
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stool samples has been depicted as: Enterobacteriaceae > Clostridium > 

Enterococcus > Veillonella  (Chernikova et al., 2018), compared with term infants: 

Enterobacteriaceae > Bacteroides > Bifidobacterium > Streptococcus as depicted 

in Figure 4.39b.  

 

 
Figure 4.39 The different microbial genera profile between premature and term 

infants; a) Term infant bacterial profile groupings from Milani et al., 2017; b) Different 

bacterial genera profiles between Premature (preterm) infants and Term infants from 

Chernikova et al., 2018 
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Whilst no single preterm gut community type (PGCT) is associated with disease and 

preterm infants move between the profiles over time, PGCT 6: Bifidobacterium 

dominant is least associated with disease (Stewart et al., 2016b). However, 

Multinomial Mixture (DMM) analysis (Holmes et al., 2012) would need to be 

completed to confirm the patterns. 

 

Table 4.9 Bacterial genera profiles between for term and preterm infants; adapted from 

Milani et al., 2017 for term infants and Stewart et al., 2016b for preterm infants. 

Term infant genera groups Preterm infant genera groups 

Grp Bacteria Grp Bacteria 

1 Enterobacteriales PGCT 1 Klebsiella dominant 

2 Bacteroidales and Verrucomicrobiales PGCT 2 Klebsiella and Enterococcus 
dominant 

3 Selenomonadales, Clostridiales genera: 
Pseudoflavonifractor, Subdoligranum, and 
Deltaproteobacteria Desulfovibrio 

PGCT 3 Staphylococcus dominant 

4 Pasteurellales PGCT 4 Enterococcus dominant 

5 Clostridiales PGCT 5 Escherichia dominant 

6 Lactobacillales, Bifidobobacteriales and 
Clostridiales genera: Anaeostipes and 
Faecalibacterium,  

PGCT 6 Bifidobacterium dominant 

 

In this chapter, the genera differed from term infants as expected (Milani et al., 2017; 

Arboleya et al., 2012b, 2012a; Jost et al., 2012) with dominance of 

Enterobacteriaceae, Enterococcus, Escherichia / Shigella, Lactococcus and 

Staphylococcus (Figure 4.6), with significant differences (p-value < 0.001) in genera 

between infants. Bifidobacterium species become more abundant in the later 

infants, which may have been due to expected microbial succession patterns (Milani 

et al., 2017; Turroni et al., 2016), or due to the implementation of probiotic 

administration in the NICU. Subsequent to the community profiling of the infants, the 

factors affecting bacterial colonisation such as mode of delivery, gender, and GA 

were examined. 
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4.4.1.1 Mode of Delivery 

Opinions differ regarding the effect of mode of delivery on microbial diversity and 

community profile (Mitchell et al., 2020; Milani et al., 2017; Dibartolomeo and Claud, 

2016; Stokholm et al., 2016; Dogra et al., 2015; Dominguez-Bello et al., 2010). The 

microbiome of term infants differs between mode of delivery showing vaginally 

delivered infants have increased Lactobacillus whereas caesarean delivered have 

increased Staphylococcus, Propionibacterium and Streptococcus (Chu et al., 2017; 

Dominguez-Bello et al., 2010). However, Bacteroides differ the most significantly 

between mode of delivery in term infants, with relative abundance higher in vaginal 

delivery (Bokulich et al., 2016; Dominguez-Bello et al., 2016; Bäckhed et al., 2015; 

Jakobsson et al., 2014), the health significance of this has previously been outlined 

(Table 4.1). Conversely Bacteroides in preterm studies, including this chapter, are 

generally not represented (Hill et al., 2017; Stewart et al., 2017a; Taft et al., 2015).   

 

Previous studies of preterm infants have found increased Firmicutes and decreased 

levels of Bacteroides in caesarean delivered infants, but the overall community 

profiles are similar (Hill et al., 2017; Pammi et al., 2017; Cong et al., 2016; La Rosa 

et al., 2014). A previous study from our group (Stewart et al., 2017a), detailed the 

impact of mode of delivery on the microbiome of the preterm gut over the first 100 

days of life; finding increased Bacteroides in vaginally delivered infants, but no 

significant difference between α- or β-diversity due to mode of delivery. PGCTs 

outlined in Table 4.9, showed an increase in PGCT 3 in caesarean delivered and 

PGCT 4 in vaginal delivery in the first week of life, though by week 5 and subsequent 

weeks, PGCTs were comparable. The lack of difference in preterm cohorts is most 

likely due to the impact of the NICU environment and extensive antibiotic use 
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(Berrington and Fleming, 2019; Berrington et al., 2012a) as a prophylaxis against 

NEC and LOS in preterm infants. 

 

Similarly, this chapter found no significant difference in α-diversity or Pielou 

evenness between caesarean and vaginally delivered infants, however β-diversity 

(Figure 4.9) was significantly different (p-value < 0.001). Concurrently there was 

significant differences in the genera between the mode of delivery (p-value < 0.001), 

where univariate Mann-Whitney with Kruskal-Wallis rank sum testing in addition to 

LEfSe with LDA analysis, found Staphylococcus and Bifidobacterium were greater 

in caesarean delivery than vaginal, possibly placing them into PGCT 3 and 6 

respectively, with reduced Escherichia / Shigella, Enterococcus and Yersinia (all p-

values < 0.001). Increased Staphylococcus may be expected (Mitchell et al., 2020; 

Milani et al., 2017; Stokholm et al., 2016) as skin microbiota can be transferred to 

the infant during caesarean section. However, an increased abundance of 

Bifidobacterium (p-value < 0.001) in caesarean delivery was unusual, as reduced 

abundance was expected (Martin et al., 2016). 

 

4.4.1.2 Gender 

Male infants are generally more at risk of disease, especially LOS, than females 

(Cong et al., 2016), therefore tracking the bacterial community differences between 

male and female infants may elucidate disease biomarkers. Difference in α-diversity 

have uncovered higher diversity in females than males (Cong et al., 2016); females 

have also be shown to have specifically higher abundance of Clostridiales and lower 

abundance of Enterobacteriales. There was no difference in α-diversity between 

male and female preterm infants but there was a significant difference in Pielou 

evenness (p-value = 0.003) and β-diversity (p-value < 0.001). The abundance of 

Staphylococcus was increased in male samples (not significant after FDR 



166 
 

adjustment), whereas Enterococcus (p-value = 0.031), and Lactococcus (p-value = 

0.043) were reduced compared to female infants. Enterobacteriaceae was also 

reduced in males, whilst not significant, it is likely this is picking the microbiome 

driver Klebsiella and is therefore worth noting. LEfSe analysis showed increased 

Enterobacteriaceae (likely Klebsiella dominant) and Enterococcus in females 

indicating mostly PGCT 2 profiles, in addition to reduced LDA scores of Clostridium 

for male infants. Indicating a bacterial profile of a less healthy microbiome for males 

infants (Brown et al., 2018; Chernikova et al., 2018; Korpela et al., 2018b; Cong et 

al., 2016) which was dominated by Escherichia / Shigella indicative of PGCT 5 

profiles. 

 

4.4.1.3 Gestational Age 

As with mode of delivery (4.4.1.1) where lower levels and delayed colonisation of 

Bacteroidetes was linked to caesarean delivery, also correlated with reduced 

Bacteroidetes was decreased metabolism of amino and nucleotide sugars, 

increased fatty acid metabolism, amino acid degradation and xenobiotic 

biodegradation (Mueller et al., 2017). Similarly, healthy preterm infant bacterial 

communities would expect to see increased Bacteroidetes as GA increased along 

with increased diversity as the infant gut matures (Stewart et al., 2018). Figure 4.12 

however, saw only two GA time points which registered Bacteroidetes (week 26 and 

27), but not significantly. Whilst inconclusive, species evenness (Figure 4.14) was 

significantly greater in GA week 27, but not week 26. In addition, increased bacterial 

translocation, inflammation and oxidative stress (Collado et al., 2015) may also 

result from this delay (Table 4.1). Bacteroidetes were similarly linked to effective 

human milk oligosaccharide (HMO) breakdown by Bifidobacterium (Garrido et al., 

2013b; Zivkovic et al., 2011), but Bifidobacteria abundance did not seem hindered 

in these preterm infants. Actinobacteria phyla and corresponding genus 
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Bifidobacterium followed a positively correlated abundance with GA, but not 

significantly different between GA time points. 

 

Mann-Whitney pairwise significant tests (holm p-value adjusted) showed significant 

relative abundance differences between all gestational ages, with Week 24 having 

the greatest number of differences compared to other weeks, and weeks 25+5 and 

31 having the fewest differences. Pielou evenness illustrated differences in 

evenness between the gestational ages (Figure 4.14). The gestational ages with 

significant differences in evenness and diversity were: 23+1, 24, 24+3, 24+4, 25, 

26+6, 27, 27+2, 28, 28+2, 28+3, 29, 31+6. Whilst there was a general trend of 

increased diversity correlated with increased GA, as found in the literature (Stewart 

et al., 2015), it was not significant.  

 

4.4.2 Probiotics  

There is strong support for probiotics administration reducing the incidence of NEC 

(Robertson et al., 2019a; Dibartolomeo and Claud, 2016; Tarnow-Mordi and Soll, 

2014; Rojas et al., 2012; Deshpande et al., 2011; Hammerman and Kaplan, 2006; 

Kitajima et al., 1997), whilst the mechanisms have been highlighted (Chapter 1). 

Probiotics administration increased the α-diversity (p-value < 0.001), and β-diversity 

was significantly different (p-value < 0.001). Probiotics concomitantly increased the 

relative abundance of Actinobacteria (p-value < 0.001) correlating with increased 

Bifidobacterium (p-value < 0.001) (Figure 4.15). LEfSe analysis also showed high 

LDA scores for Bifidobacterium, Enterococcus, Lactococcus and Lactobacillus in 

probiotic samples, and low LDA scores pertaining to no probiotics for Clostridium, 

Yersinia and Escherichia. The pattern correlates with good levels of Firmicutes and 

Actinobacteria represented in a more stable bacterial community (Turroni et al., 

2018a; Milani et al., 2017).  
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The relative abundance was measured at the DOL when probiotics administration 

was started and stopped. At the DOL where probiotics were started, the levels of 

Actinobacteria and correspondingly Bifidobacterium were positively and significantly 

(p-value < 0.001) correlated to DOL (Figure 4.16 and Figure 4.17), indicative of the 

expected succession of bacteria in preterm infants (Hill et al., 2017; Milani et al., 

2017). However, there was signs of disruption with fluctuations in Firmicutes: 

Lactococcus (p-value < 0.001), Lactobacillus (p-value< 0.001), Enterococcus (p-

value < 0.001) and Proteobacteria: Escherichia (p-value < 0.001) and Yersinia (p-

value = 0.003).  

 

Bacterial community profiles from the DOLs when probiotics were stopped were 

more dynamic, with phyla dominance significantly fluctuating between timepoints 

(Figure 4.18) and corresponding fluctuations in genera (Figure 4.19). Significant 

fluctuations in genera were seen in Lactococcus, Bifidobacterium, Lactobacillus, 

Enterococcus, Escherichia (all p-values < 0.001), Yersinia (p-value =0.002) and 

Pseudomonas (p-value = 0.020). The species which showed greatest difference 

were: B. bifidum, L. garvieae, L. helveticus, L. zeae and E. coli (all p-values < 0.001), 

all are linked to a healthy bacterial community, with all but E. coli and L. garvieae 

connected to probiotic influence (Halloran and Underwood, 2019; Sawh et al., 

2016). 

 

LEfSe determined and LDA scored dominant genera were outlined, a summary of 

the result and the possible PGCT profile at each DOL where probiotics were either 

administered or stopped is outlined in Table 4.10. The PGCT profile linked to non-

diseased microbial community (Stewart et al., 2016b) visible at DOL 9 when 
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probiotics were started and DOL 53 where probiotics were stopped. The lack of 

PGCT 6 Bifidobacterium dominated profiles seen in term infants prior to DOL 9 

highlight the delayed colonisation (Houghteling and Walker, 2015a; Stewart et al., 

2012), and the importance of probiotic administration to boost the presence of 

Bifidobacterium in immunocompromised preterm infants. Similarly, when samples 

with and without probiotics were subjected to the same analysis (Figure 4.21), 

Bifidobacterium had the dominant LDA score corelating to the non-diseased PGCT 

6 profile, whilst samples without probiotics concurrently had negative LDA scores in 

Clostridium, Yersinia and Escherichia. 

 

Table 4.10 Dominant genera and possible PGCT profiles at the DOL that probiotics 

were either started or stopped. Pbx = probiotics, NA = not applicable, where the dominant 

genera does not relate to a PGCT defined by Stewart et al., 2016b, 2017a. PGCT 6 is 

highlighted in green as this profile is linked to non-disease states in preterm infants. 

DOL Pbx 
Start 

Dominant genera PGCT DOL Pbx 
Stopped 

Dominant genera PGCT 

2 Escherichia / 
Shigella 

5 19 Enterococcus 4 

4 Yersinia, 
Actinobacteria 

NA 36 Lactococcus NA 

5 Corynebacterium NA 39 Lactobacillus NA 
7 Enterobacteriaceae, 

Lactococcus 
1 or 2 45 Staphylococcus 3 

9 Enterococcus, 
Bifidobacterium, 
Lactobacillus 

2, 3 or 6 46 Escherichia / 
Shigella 

5 

None Clostridium NA 53 Bifidobacterium, 
Clostridium 

6 

 65 Enterobacteriaceae NA 
83 Acinetobacter NA 

None Yersinia NA 

 

4.4.3 Disease in Preterm infants  

4.4.3.1 NEC 

The work in this chapter corroborates previous studies (Nogacka et al., 2018; 

Stewart et al., 2018; Milani et al., 2017) by showing a reduced α-diversity in NEC 

stool samples (Figure 4.22, Chao1 p-value < 0.001) compared with no NEC control 



170 
 

samples, with no difference in β-diversity (Figure 4.20a, p-value = 0.158). There was 

no significant difference in phyla abundance between NEC and no NEC samples, 

however genera showed reduced Bifidobacterium, Enterococcus, Lactococcus, 

however only Lactobacillus was significantly reduced (p-value = 0.003) in NEC 

samples (Figure 4.23). Bacterial profiling on the day of NEC onset for phyla (Figure 

4.24) and genera (Figure 4.25) were subsequently examined in order to elucidate 

the community structure generating the change in α-diversity and causing the 

diseased state.  

 

Proteobacteria was the dominate phyla as expected (Robertson et al., 2019b; 

Turroni et al., 2018a; Milani et al., 2017; Vallès et al., 2014a), then Firmicutes 

followed by Actinobacteria. The presence of substantial levels of Firmicutes is 

usually indicative of a more stable microbiome, with reports of reduced Firmicutes 

prior to NEC (Skeath et al., 2014; Stewart et al., 2012; Mai et al., 2011); however 

these infants had just been diagnosed with NEC, and therefore reduced Firmicutes 

(such as DOL 31) was expected but not seen. Very early presentation of NEC has 

reported increased Firmicutes before Proteobacteria (Morrow et al., 2013), which 

may go some way to explaining the presence prior to DOL 28.  

 

Concomitantly, genera at NEC onset found decreasing levels of Bifidobacterium as 

DOL increased (p-value = 0.033). There were significant fluctuations in 

Enterococcus (p-value = 0.030) and Lactococcus (p-value = 0.030), whilst 

Staphylococcus spiked at DOL 16 and 26, but univariate Mann-Whitney and 

Kruskal-Wallis analysis did not find these significant. There was significantly 

decreased evenness between day 13 and 26 (p-value = 0.016), 13 and 38 (p-value 

=0.012); 19 and 26 (p-value = 0.012), 19 and 38 (p-value = 0.035). DOL 13 and 19 
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had greater abundance of Bifidobacterium which is a healthier microbial signature 

(Brown et al., 2018; Wandro et al., 2018) compared to that of DOL 26 and 38. The 

LEfSe and LDA analysis was summarised with potential PGCT profiles in Table 

4.11; the earliest DOL of NEC onset had the PGCT profile least associated with 

disease. 

 

Table 4.11 Dominant genera and possible PGCT profiles at the DOL of NEC onset. NA 

= not applicable, where the dominant genera does not relate to a PGCT defined by Stewart 

et al., 2016b, 2017a. PGCT 6 is highlighted in green as this profile is linked to non-disease 

states in preterm infants. 

DOL NEC onset Dominant genera PGCT 

15 Enterococcus, Bifidobacterium 5 or 6 

16 Acinetobacter NA 

21 Lactobacillus NA 

26 Staphylococcus 3 

28 Escherichia / Shigella 5 

31 Enterobacteriaceae NA 

No NEC Lactococcus, Clostridium NA 

 

Novel analysis separated samples into: After NEC, Before NEC and no NEC (Figure 

4.26). Decreased α-diversity (p-value < 0.001) was seen in samples from Before 

and After NEC, whilst no difference in Pielou evenness was highlighted. Relative 

abundance of genera was significantly different before and after NEC, and both 

before and after NEC were different compared to No NEC control samples (all p-

values < 0.001). Before NEC Lactobacillus abundance was greater than after NEC 

(p-value = 0.006), with L. zeae (p-value < 0.01) and L. helveticus (p-value < 0.05) 

identified at species level. L. helveticus may be misassigned as it is closely related 

to L. acidophilus (Foster et al., 2011), with the increased abundance possibly due 

to probiotics administration. Staphylococcus and Enterococcus were potentially 

increased before NEC whilst Escherichia / Shigella was potentially decreased, but 
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these changes were not significant. Whilst LEfSe and LDA analysis highlighted 

Clostridium as a potentially increased in samples before NEC, but this was not 

significant after FDR adjustment (p-value = 0.059). 

 

In line with previous studies, this chapter did not find any potential bacterial 

biomarkers (Stewart et al., 2012) or a specific bacteria definitively linked to NEC 

(Brown et al., 2018). Highlighting the probability NEC is not caused by the same 

bacterial profile, which emphasising the importance of examining the function as 

well as the taxonomy of the bacteria present (Skeath et al., 2014). Tentative 

correlations between increased bacterial genera in the samples and the influence 

of probiotic administration has been observed and was examined next. 

 

Further influence of probiotics on the bacterial community was elucidated with 

grouping into NEC with and without probiotics (Y+/-) in addition to no NEC with and 

without probiotics (N+/-). Proteobacteria were significantly reduced with probiotics 

(Figure 4.27), in both NEC and no NEC samples (p-value = 0.006), Actinobacteria 

was significantly increased in the same samples (p-value < 0.001), whilst Firmicutes 

remained unchanged. Corresponding to increased Actinobacteria, increased 

Bifidobacterium was observed (p-value < 0.001) in NEC and no NEC samples 

(Figure 4.28), with B. bifidum the main contributor (p-value < 0.001). Concomitantly, 

Staphylococcus was reduced (p-value < 0.001). Yersinia was significantly greater 

in No NEC and no probiotic samples (p-value < 0.001). L. helveticus, L. zeae and L. 

garvieae (all p-values <0.001), Enterococcus (p-value = 0.011), and Escherichia coli 

(p-value = 0.040) were all increased in samples with probiotics (Table 4.4) 

regardless of if the infant had been diagnosed with NEC. Similarly, α-diversity was 

significantly different between groups (p-value = 0.006), as was β-diversity between 
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groups (p-value = 0.009). This would suggest that probiotics may enable shifts from 

the PGCT 3: Staphylococcus dominant; or PGCT 4: Enterococcus dominant; and 

PGCT 5: Escherichia dominant; towards PGCT 6: Bifidobacterium dominant least 

associated with disease in addition to increased diversity and species richness 

(Stewart et al., 2017b).  

 

4.4.3.2 LOS 

The bacterial causes of LOS are diagnosis by blood culture, however predicting the 

onset of LOS and differentiating it from other diseases such as NEC has been 

complicated (Schüller et al., 2018; Shane et al., 2017; Stewart et al., 2013, 2016a). 

Bacterial causes have previously been outlined (Chapter 1) with decreased levels 

of Bifidobacterium appearing to be linked to LOS (Stewart et al., 2017b). The infants 

in this thesis experienced no significant difference in α-diversity or evenness 

between LOS and no LOS samples; however, β-diversity (Figure 4.31) was 

significantly different (p-value = 0.006). Phyla remained undifferentiated between 

LOS and no LOS (Figure 4.30), with increased Actinobacteria levels (p-value = 

0.025) in LOS samples, correlating to increased Bifidobacterium which was not 

aligned with previous studies (Stewart et al., 2017b), and the increase was not 

significant. An increase in Staphylococcus was expected and seen, but it was not 

significant. The increase in Bifidobacterium was probably a result of probiotic 

administration, with the species identified was B. bifidum (p-value < 0.001), rather 

than disease progression as none of the infants were diagnosed with Bifidobacteria 

sepsis, a concern with probiotic administration to underdeveloped preterm infants 

previously discussed (Chapter 3). 

 

LOS onset analysis (Figure 4.32) found no significant differences in α-diversity, 

however β-diversity was significantly different (p-value = 0.006) between the DOLs 
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of LOS onset (Figure 4.33). Actinobacteria was significantly increased (p-value = 

0.022) with LOS onset at DOL 11, correlating to increased Bifidobacterium (p-value 

< 0.001) at the same timepoint. LOS onset at DOL 11 was also dominated by 

Staphylococcus colonisation (not significantly), whereas DOL 15 and 35 were 

dominated by Enterobacteriaceae colonisation, likely to be E. coli which was 

significant over these time points (p-value = 0.016) in addition to Yersinia (p-value 

< 0.001). LEfSe and LDA analysis (Table 4.12) highlighted the dominant genera at 

the DOLs of LOS onset, with potential PGCT profiles, DOL 35 illustrating the profile 

least associated with disease.  

 

Table 4.12 Dominant genera and possible PGCT profiles at the DOL of LOS onset. NA 

= not applicable, where the dominant genera does not relate to a PGCT defined by Stewart 

et al., 2016b, 2017a. PGCT 6 is highlighted in green as this profile is linked to non-disease 

states in preterm infants. 

DOL LOS 

onset 

Dominant genera PGCT 

0 Yersinia NA 

15 Enterobacteriaceae NA 

35 Bifidobacterium 6 

37 Escherichia/Shigella, Enterococcus, Lactococcus, Lactobacillus 4 or 5 

No LOS Acinetobacter NA 

 

The bacterial community profile for LOS was inconclusive regarding disease 

prediction, therefore metagenomic inference was subsequently applied in order to 

elucidate pathways being utilised by the bacteria.  

 

4.4.4 Metagenomic Inference 

In a previously conducted study (Stewart et al., 2017a), similar bioinformatic tools 

were used to process metagenomic inference and showing no significant difference 

between the mode of delivery on the gut microbiota over time, similarly there were 

no metabolic pathways which were significantly changed between caesarean and 
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vaginally delivered preterm infants compared week by week (Stewart et al., 2017a). 

The novel aim of this thesis was to link metabolic inference pathways at timepoints 

before and after disease, specifically NEC, in order to pinpoint functional changes 

when bacterial taxonomic changes have been shown not to occur. The α-diversity 

has been reported as not differing between preterm and term infants (Chernikova et 

al., 2018) therefore illustrating the importance of functional profiles when trying to 

elucidate disease profiles, as relying on purely bacterial profiles and patterns may 

only be part of the complexity of interactions within the gut microbiome.  As this 

chapter has shown, α-diversity was greater in No NEC preterm infants when 

compared to NEC infants, similarly infants administered probiotics had greater α-

diversity than those that were not, but infants with LOS showed no such correlations.  

 

Metagenomic inference was applied to a number of variables, initially NEC versus 

no NEC was run, subsequently week by week analysis of NEC and No NEC samples 

were also run, in addition to before NEC and after NEC variables. However no 

differentially abundant functions were found. This suggested that whilst there may 

be different bacterial diversity and community profiles in NEC and no NEC preterm 

infants, the metabolic pathways utilised are unchanged, signifying increased 

resilience to the changes in taxonomy and supporting the Heintz-Buschart and 

Wilmes (2018) theory of functional redundancy. Similarly as there was no difference 

at varying timepoints it can be asserted that there was uniform development of the 

functional drivers as described by Stewart et al. (2015a). 

 

Functional differences were found between the metabolic pathways of infants 

administered probiotic and those that did not receive probiotics (Figure 4.35). The 

differences in metabolic pathways (Table 4.6) were linked to increased abundance 
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of Bifidobacterium (p-value < 0.001), Lactobacillus (p-value < 0.001), Lactococcus 

(p-value < 0.001), Yersinia (p-value = 0.004), and reduced abundance of 

Enterococcus (p-value = 0.093). The same taxonomic drivers in metagenomic 

pathway differences were seen when no NEC samples only were analysed in terms 

of probiotics and no probiotics (Figure 4.36), whereas NEC only samples which 

underwent the same analysis and showed no differentially abundant functions.  

 

The metabolic pathways significant to probiotic administration (Table 4.6 and Table 

4.7) were highlighted as: pyruvate metabolism; citrate cycle; lipoic acid metabolism; 

fatty acid biosynthesis; drug metabolism (xenobiotics); carbon fixation pathways; 

valine, leucine and isoleucine degradation; tetracycline biosynthesis; protein export; 

porphyrin metabolism; riboflavin metabolism and biotin metabolism. Where these 

pathways are reduced the health implications (Table 4.7 and Table 4.8) mirror the 

long-term health complications suffered by preterm infants, specifically preterm 

infants that have suffered NEC or LOS. The majority of the pathways relate to 

ensuring access to energy, amino acids and vitamins all essential for an infant to 

thrive. The drug metabolism pathway however also related to xenobiotics, the 

pathway by which antibiotics are effective, thereby having an influence in the 

immune system and immunoregulatory response of the host.  

 

The heightening functional abundance of this pathway may in part explain the 

protective role of probiotics for preterm infants. Pyruvate metabolism, TCA cycle, 

Lipoic Acid Metabolism, Carbon Fixation pathway, Tetracycline Biosynthesis, 

Protein Export and Porphyrin Metabolism supports the preterm infant in their 

development. These pathways are key drivers of both neurodevelopmental and 

intestinal issues which are co-morbidities linked to negative preterm infant 
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outcomes; the xenobiotic pathway also improves the immune response; therefore, 

upregulation of these pathways has the potential to improve the health outcomes 

for preterm infants administered probiotics. 

 

The metagenomic inference relating to No LOS compared with before and after LOS 

showed no differential abundant functions, but there were differences between LOS 

and no LOS samples (Figure 4.44). The metabolic pathways were different to those 

detailed in the probiotic comparison, as were the taxonomic drivers. The taxa linked 

to the metabolic pathways between LOS and No LOS (Table 4.8) were Actinomyces 

(p-value = 0.676), Acinetobacter (p-value = 0.676), and Streptococcus (p-value = 

0.676). The p-values were significant prior to the FDR adjustment; however, 

significance conclusions cannot be accurately drawn on the taxonomic drivers. 

Interestingly Veillonella tends to be consistently, if not significantly, attenuated in the 

LOS samples; Veillonella abundance is usually a signature of a healthy and stable 

microbiome (Robertson et al., 2019b; de Vos, 2017; Milani et al., 2017; Ottman et 

al., 2017; Plovier et al., 2017; Nagpal et al., 2016) as it has saccharolytic activity 

and the ability to utilise lactate produced by the action of Bifidobacteria, as well as 

producing propionate which has an anti-inflammatory role and mediates glucose 

homeostasis.  

 

The relationship between the shifted pathways and the potential disease indicators 

(Table 4.7) outlined a pattern indicating an increased requirement for energy and a 

metabolic system in crisis: Benzoate degradation, Chloroalkane / alkene 

degradation; Aminobenzoate degradation; Naphthalene degradation; in addition to 

signatures relating to an immune response to infection: Flavone / Flavanol 

biosynthesis; Terpenoid backbone biosynthesis; synthesis / degradation of Ketone 
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bodies; and ribosome translation. Interestingly, Chloroalkane / alkene degradation 

was specifically linked to Staphylococcus (Aßhauer and Meinicke, 2013; Kanehisa 

et al., 2008) a key genera within the bacterial community already outlined, but not 

highlighted as significant.  

 

Probiotics may not decrease the incidence of LOS as asserted by the ProPrems 

study (Plummer et al., 2018; Garland et al., 2011), but increased Bifidobacterium 

was seen to upregulates the metabolic pathways for energy accessibility and 

immunological response to infection, potentially aiding the preterm infants system 

in fighting the LOS infection. Similarly, whilst there were no metabolic pathways of 

significance before and after NEC, increased pathways in preterm infants with 

probiotics were closely mirrored in infants that did not develop NEC. Advocating the 

role of probiotics in the ability of the preterm infants to access energy and upregulate 

immune responses linked to healthier outcomes.  

 

4.5 Further Work 

The ability of metagenomic inference to build on the taxonomic community profiles 

has been described. However further examination of the gene regulation relating to  

inferring community stability and function through functional plasticity (Heintz-

Buschart and Wilmes, 2018), may elucidate the ability of a microbial community to 

adapt to change by either regulating up or down gene expression, thereby helping 

to stabilise the taxonomic community structure and microbiome function. The slight 

increase in Actinobacteria phyla correlated with a significant increase in unclassified 

Acinetobacter in samples with LOS, which could be an area to investigate further to 

see if it relates to Bifidobacterium or a different bacteria. Concomitantly, Yersinia 

seemed to correlate potentially with disease states, further analysis of the metabolic 
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pathways and bacterial interactions including identifying species and RNA or protein 

analysis to uncover gene regulation may further our knowledge of disease 

progression.  

 

4.6 Summary  

The microbial pattern of the preterm infants in this study correlated with previously 

defined patterns: Enterobacteriaceae > Clostridium > Enterococcus > Veillonella 

which was an aim of the chapter. Similar changes in relative abundance were as 

expected, with reduced α-diversity found in infants with NEC, with reduced bacteria 

known to be beneficial for a healthy gut microbiome in infants: Lactococcus, 

Lactobacillus and Bifidobacterium. These three genera also had increased 

abundance in infants administered probiotics, metagenomic inference also 

highlighted these genera as related to increased abundance of pathways relating to 

energy acquisition and immunoregulatory response. Supporting the aim that the 

metabolomic pathway inference highlights bacteria which may be beneficial to the 

preterm infant, and that probiotics are a key driver of the bacteria present and 

therefore the pathways being utilised. Targeting these pathways for further 

metabolite analysis may increase knowledge of the mechanisms of disease in 

preterm infants and potentially signpost potential biomarkers of disease in the 

pathways that are attenuated.    
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5 Chapter Five – Short Chain Fatty Acids in maternal breast 
milk of preterm infants 

Abstract  

Aim: Short Chain Fatty Acids (SCFAs) have a well described role in 

immunoregulation. The presence and levels of the SCFA butyric acid was examined 

to establish a link between butyric acid in breast milk and disease susceptibility in 

preterm infants. The aim in this chapter was to determine if the breast milk from 

preterm infants that develop NEC and/or LOS had decreased levels of butyric acid. 

Method: Maternal expressed breast milk (EBM) samples (n = 59) from mothers of 

preterm infants (N = 16) were collected from the Royal Victoria Infirmary (RVI). The 

breast milk samples were from mothers of preterm infants without NEC (N = 10, n = 

43,) with NEC (N = 6, n = 16), with LOS (N = 2, n = 13) and without LOS (N = 14, n 

= 46). The SCFAs were extracted and subjected to UPLC-QTOF analysis 

specifically for the determination of butyric acid when compared against known 

standards for quantification. 

Results: Tentative identification of butyric acid was determined at Rt 1.11 ± 0.01 

with MS base peak at 101 molecular weight. Preterm infants that developed NEC 

had increased butyric acid in breast milk (p-value = 0.001), but no significant 

differences in butyric acid between breast milk samples before or after NEC (p-value 

= 0.079), or between LOS and no LOS (p-value = 0.329).  

Conclusions: There was a tentative correlation between increased butyric acid in 

breast milk samples and the occurrence of NEC which requires further investigation.   
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5.1  Introduction 

Necrotizing enterocolitis (NEC) and sepsis are prevalent diseases within the preterm 

infant population as previously described (Chapter 1); causing 21 % of all deaths in 

infants under 32 weeks gestational age (GA) (Stewart et al., 2012). NEC prevention 

has concentrated on altering the intestinal microbiota via probiotics, prebiotics, 

synbiotics, lactoferrin and breast milk feeding (Lin and Stoll, 2006; Henry and Moss, 

2004; Lee and Polin, 2003), whilst there have been many trials - a Cochrane review 

outlined 14 trials, totalling 5000 preterm infants (Alfaleh and Anabrees, 2014) – 

showing a positive health outcome from these approaches to NEC prevention, the 

aetiology of disease is still not clear (Soll, 2020). Preterm infants are also 

proportionally more susceptible to sepsis. It is estimated that, in the UK the 

incidence of early onset sepsis (EOS), onset ≤ 48 h of age, was 0.9 / 1000 live births 

and 9 / 1000 neonatal admissions (Vergnano et al., 2011). The incidence of late 

onset sepsis (LOS), onset > 48 h of age, was 3 / 1000 live births and 29 / 1000 

neonatal admissions (Jiang et al., 2004). Sepsis has also been linked to the onset 

of NEC (Shane et al., 2017). This chapter aims to investigate the concentration of 

the short chain fatty acid (SCFA) butyric acid in breast milk, and to determine any 

correlation and changes in butyric acid with the incidence of NEC and LOS in the 

preterm infants. 

 

The relationship between the consumption of breast milk by preterm infants and the 

resulting gut microbiome could be crucial in understanding the potential prevention 

of NEC and LOS (Andreas et al., 2015c). The role of SCFAs in breast milk and the 

resulting role in disease has not been examined conclusively; this chapter examines 

the presence of butyric acid in breast milk prior to digestion, and the corresponding 

relationship with disease in the preterm infant cohort. Bacteria, specifically some 
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strains of Bifidobacterium and Bacteroides break down human milk 

oligosaccharides (HMOs) found in breast milk, forming SCFAs which then become 

an energy source for other commensal bacteria (Sela, 2011; Sela et al., 2008), 

which may affect the upregulation and downregulation of metabolic pathways linked 

to disease as investigated in the previous chapter (Chapter 4). Human breast milk 

and colostrum contains 2 - 23 g / L of over 200 different types of HMOs (Zivkovic et 

al., 2011; Marcobal et al., 2010a; LoCascio et al., 2007) consisting of a lactose-

reducing end, elongated with fucosylated and / or sialylated N-acetyllactosamine 

units (Autran et al., 2018b; Ramani et al., 2018; Charbonneau et al., 2016). HMOs 

consist of five monosaccharides: glucose (Glc), Galatose (Gal), N-

acetylglucosamine (GlcNAc), fucose (Fuc), and the sialic acid N-acetyl-neuraminic 

acid (Neu5Ac) (Cabrera-Rubio et al., 2019; Autran et al., 2018b; Ramani et al., 

2018; Charbonneau et al., 2016) as described in Chapter 1. The microbiome of 

breast milk has been explored (Moossavi et al., 2019b; van den Elsen et al., 2019), 

and it is likely that breakdown of HMOs occurs prior to and during infant gut 

digestion; but the role between the resulting SCFAs present in the breast milk prior 

to digestion and the susceptibility of preterm infants to develop disease has not been 

previously explored.  

 

5.1.1 Breast milk composition 

Breast milk composition is variable over time and dependent on maternal nutrition 

(Chu et al., 2016), but it is the recommended source of feeding for infants 

(Hermansson et al., 2019; Gidrewicz and Fenton, 2014). Breast milk has nutritional 

benefits due to the composition of glycoproteins, oligosaccharides, with a unique 

microbiota, all of which modulate the colonisation profile of the neonatal gut 

(Hermansson et al., 2019; Chu et al., 2016). The phylum Proteobacteria dominates 

breast milk (65 %, primarily Pseudomonas spp.), followed by Firmicutes (34 %, 
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primarily Staphylococcus and Streptococcus, Lactobacillus and Enterococcus spp.), 

with Actinobacteria and Bacteroidetes constituting the remaining 1 % (Murphy et al., 

2017; Jost et al., 2015; Fernández et al., 2013; Ward et al., 2013; Martín et al., 2003, 

2007). 

 

The main constituents of breast milk (Davis et al., 2017; Zivkovic et al., 2011) are 

lactose (70 g / L), lipids (40 g / L), proteins (8 g / L) and HMOs (5 – 15 g / L). The 

predominant disaccharide carbohydrate in breast milk is lactose, totalling 70 - 83 % 

with glucose, galactose, and oligosaccharides making up the remaining (Boyce et 

al., 2016). The lipid content between preterm and term breast milk does not differ 

significantly apart from the first few days of life where lipids in preterm breast milk 

can be 23 % higher than term breast milk (Gidrewicz and Fenton, 2014). Lipids in 

breast milk provide the principal source of energy, constituting 40 – 55 % of the total 

energy gained (Andreas et al., 2015c); the concentration of lipids increase over the 

first 5 weeks of lactation before stabilising (Boyce et al., 2016). Triacylglycerides are 

the predominant lipid (98 %) with diacylglycerides, monoacylglycerides, free fatty 

acids, phospholipids and cholesterol making up the remaining 2 % (Andreas et al., 

2015c). The recommended intake for infants and the collated actual intake found by 

Boyce et al. (2016) is outlined in Table 5.1; preterm infants often fail to meet the 

recommended levels of all nutrients, although higher concentrations of lipids are 

seen in preterm compared with term breast milk. Gestational age (GA) has been 

shown to have the greatest effect on the composition of both preterm and term 

breast milk (Gidrewicz and Fenton, 2014), the greater the GA the greater the 

nutritional value of the breast milk. 
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Table 5.1 Recommended intake and collated actual findings of nutrient values in 

human breast milk for preterm infants; recommendations by European Society for 

Paediatric Gastroenterology and Nutrition (ESPGHAN) preterm infants failed to meet 

recommended levels in all nutrients. Adapted from Mazzocchi et al., 2018; Boyce et al., 

2016; Agostoni et al., 2010. 

Nutrient 
Recommended 

intake /kg/day 

Measured 

intake Week 1 

Measured intake 

Week 2-8 

Protein 4.0 – 4.5 g 1.90 g / 100 ml 1.27 g / 100 ml 

Lipids (all ≥ 18 Carbons) 4.8 – 6.6 g 2.59 g / 100 ml 3.46 g / 100 ml 

 Linoleic acid (C18:2) 385-1540 mg - - 

 α-linolenic acid (C18:3) 55 mg - - 

 docosahexaenoic acid 

(C22:6) 
12-30 mg - - 

 arachidonic acid (C20:4) 18 – 42 mg - - 

Carbohydrates (Lactose) 11.6 – 13.2 g 6.55 g / 100 ml 7.34 g / 100 ml 

 
However, the differences in the composition of preterm breast milk may also have 

some relevance to health and disease. A systematic review of 41 studies (Gidrewicz 

and Fenton, 2014) showed preterm breast milk had higher protein levels than term 

breast milk (up 35 %; 0.7 g / dL between preterm GA < 37 weeks and term GA > 37 

weeks), with the levels decreasing over 6 months (Demmelmair and Koletzko, 

2017). Lactate, is significantly lower in preterm breast milk, as it is both an energy 

source for bacteria but also a product of HMO digestion by bacteria, this reduction 

may signify a decrease in the abundance of Bifidobacteria in the breast milk of 

preterm mothers, especially as the general levels of HMOs remained stable 

(Gidrewicz and Fenton, 2014). Concomitantly, Bauer and Gerss, (2011) found 

carbohydrates such as lactose, were generally higher in preterm than term breast 

milk. Minerals such as calcium and phosphate were similar between preterm and 

term breast milk; however, bomb calorimetry energy measurement of preterm breast 

milk was higher than term breast milk especially after DOL 14, and by as much 13 

% higher or 10 kcal / dL (Gidrewicz and Fenton, 2014) which may have clinical 

importance for the accessibility of energy for preterm infants.  
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The HMOs in breast milk which have not been digested prior to entering the infant 

persist intact until they reach the Bifidobacteria located in the distil gut (Mayo and 

Van Sinderen, 2010). The positive probiotic effects of SCFAs may not be felt by the 

infant until this point and after uptake by colonocytes (Litvak et al., 2018). Therefore, 

if the maternal breast milk contains beneficial SCFAs (5.1.2) such as acetic acid, 

butyric acid and propionic acid, then these preterm infants may be able to sustain a 

healthier microbiota further up the intestinal tract. 

 

5.1.2 SCFAs role 

The role of human HMOs in preterm infant health has been investigated (Autran et 

al., 2018a; Ramani et al., 2018; Wise et al., 2018), as has concentration and types 

of SCFAs in faecal matter after digestion (Hoving et al., 2018; Pourcyrous et al., 

2014; Szylit et al., 1998), the role of SCFAs in the breast milk has been described 

(1.2.3.2); but the impact on disease in preterm infants needs further exploration. The 

presence of SCFAs in stool samples have been used as an indicator of metabolic 

activity in the gut; generally both term and preterm concentrations of the three main 

SCFAs (acetic acid, butyric acid and propionic acid) tend to increase over time, with 

comparably lower total levels of acetic acid and propionic acid seen in preterm 

infants between 2 – 10 days of life (Arboleya et al., 2012a). SCFAs are carboxylic 

acids, and a subdivision of fatty acids; defined by the  presence of aliphatic tail of 2 

– 6 carbons, they can be produced naturally in the liver, but most are metabolites 

formed from the fermentation process of anaerobic bacteria in the colon (Koh et al., 

2016; Parrett and Edwards, 1997). Acetic acid (C2), propionic acid (C3), and butyric 

acid (C4) are the most abundant SCFAs produced in the colon through the bacterial 

fermentation of undigested carbohydrates (Erny et al., 2015). The molar ratio of 

acetic acid, propionic acid and butyric acid in the adult colon is 60:25:15 respectively 
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(Tazoe et al., 2008), but this varies by diet, microbiota, and site of fermentation 

(Samuel et al., 2008). SCFAs as metabolites play a role in disease prevention by 

upregulating the metabolic pathways underpinning the ability of an infant to thrive 

(Figure 5.1), with Ran-Ressler et al., (2011) finding a 50 % reduction in the incidence 

of NEC when SCFAs were present in a rat model.  

 

 
Figure 5.1 Known pathways for the synthesis of SCFAs through carbohydrate 

fermentation and bacterial cross-feeding; from Koh et al. (2016); where acetate = acetic 

acid, butyrate = butyric acid, propionate = propionic acid. Acetic acid is biosynthesised from 

pyruvate via acetyl-CoA and the Wood-Ljungdahl pathway. Butyric acid is formed from two 

molecules of acetyl-CoA via β-hydroxybutyryl-CoA. Propionic acid uses the succinate 

pathway and the acrylate pathway; bacteria also produce propionic acid through the 

propanediol pathway.  
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SCFAs also confer the majority of health benefits on the intestine such as increased 

tight junction function and a reduction in inflammatory signals (Tan et al., 2014). 

Butyric acid is utilised by colonocytes, acetic acid and propionic acid reach the liver 

through the portal vein (Koh et al., 2016; Wang et al., 2007). Propionic acid is 

metabolised by hepatocytes whereas acetic acid remains in the liver (Wang et al., 

2007; Zhao et al., 2006). Downregulation of these metabolic pathways due to 

insufficient SCFA levels, has been linked to immune deficiencies in preterm infants 

(Cacho and Lawrence, 2017). The waxy, SCFA containing coating on foetuses 

(vernix caseosa) is shed into the amniotic fluid in late pregnancy, and is swallowed 

by the infant. In preterm infants this does not occur and therefore SCFA levels may 

be reduced (Ran-Ressler et al., 2011). A reduction in SCFAs could lead to 

underdeveloped physical and chemical gut barriers (5.1.2.3), poor innate effector 

cell function, limited and delayed secretory IgA (sIgA) production, incomplete 

cascade function and insufficient anti-inflammatory mechanisms in the respiratory 

and gastrointestinal tract (5.1.2.1 and 5.1.2.2).  

 

SCFAs are produced by three main mechanisms: Bifidobacteria “shunt” pathway 

(fructose-6-phophate phosphoketolase pathway) shown in Figure 1.3 and detailed 

in 5.1.2.5; the Wood-Ljungdahl pathway (de Souza and Rosado, 2019; Koh et al., 

2016) which is usually driven by the phylum Firmicutes and produces acetic acid; 

and the butyric acid production via the Bacteroidetes and Firmicutes phyla (e.g. 

Clostridium spp., Roseburium spp.). Fatty acid synthesis is catalysed by fatty acid 

synthase (FASN) and acetyl-CoA carboxylase (ACC), with hydrolase controlling the 

length of the fatty acids. Acetyl / malonyl-CoA transferase (MAT) transfers C2, C4, 

C6 and C10 fatty acids from CoA, in addition to regulating triglycerides and may be 

used as an indicator for fatty acid metabolism (Zhu and Luo, 2017). Table 5.2 details 
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the bacteria involved in the biosynthesis of the three main SCFAs: acetic acid, 

butyric acid and propionic acid. 

 

Table 5.2 SCFA biosynthesis pathways, reactions and corresponding bacteria; the 

predominant bacteria responsible for SCFA formation (Koh et al., 2016; Kelly et al., 2015; 

Rey et al., 2010; Scott et al., 2006; Duncan et al., 2002). 

SCFA Pathway / Reaction Bacteria 

Acetic Acid Pyruvate via acetyl-CoA Enteric Bacteria 

Akkermansia muciniphila 

Bacteroides spp. 

Bifidobacterium spp. 

Prevotella spp. 

Ruminococcus spp. 

Wood-Ljungdahl pathway Blautia hydrogenotrophica 

Clostridium spp. 

Streptococcus spp. 

Propionic 
Acid 

Succinate pathway Bacteroides spp. 

Phascolarctobacterium succinatutens 

Dialister spp. 

Veilonella spp. 

Acrylate pathway Megaspaera elsdenii 

Coprococcus catus 

Propanediol pathway Salmonella spp. 

Roseburia inulinivorans 

Ruminococcus obeum 

Butyric Acid Phosphotransbutyrylase / 
butyrate kinase 

Coprococcus comes 

Coprococcus eutactus  

Butyryl-CoA:acetate CoA-
transferase 

Anaerostipes spp. (Acetate, Lactate 
substrates) 

Coprococcus catus (Acetate substrate) 

Eubacterium hallii (Acetate, Lactate 
substrates) 

Faecalibacterium prausnitzii (Acetate 
substrate) 

Roseburia spp. (Acetate substrate) 

 

5.1.2.1 Anti-inflammatory roles of SCFA  

The anti-inflammatory action of SCFAs function by modulating immune cell 

chemotaxis, reactive oxygen species (ROS) release and cytokine release (Tan et 

al., 2014; Eeckhaut et al., 2013). In addition to being an energy source, the role of 
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butyric acid in the homeostasis of intestinal epithelial cells (IECs) has been 

investigated since Roediger in 1980. G-protein-coupled receptors (GPCR) act as 

SCFA receptors (Kasubuchi et al., 2015), the main receptors being GPR43 (FFA2 / 

FFAR2), GPR41 (FFA3 / FFAR3) and GPR109A. Butyric acid initiates the anti-

inflammatory inhibition of IL-12, causing the upregulation of IL-10 production in 

human monocytes (Säemann et al., 2000), and repressing proinflammatory TNFα, 

IL-1β, and nitric oxide (Ni et al., 2010); as well as inhibiting IL-2 production and 

lymphocyte proliferation in culture (Cavaglieri et al., 2003). Butyric acid also 

suppresses pro-inflammatory chemokine secretion (Malago and Sangu, 2015), 

regulates nuclear factor-κβ (NF-κβ) and activator protein (AP)-1 transcription factors 

via histone hyperacetylation (Fujino, 2003; Andoh et al., 1999); improves tight 

junction barrier function (Ohata et al., 2005); and has been described as having the 

potential to inhibit interferon (IFN)-γ signalling (Klampfer et al., 2003) as well as 

increasing peroxisome proliferator-activated receptor-γ (Schwab et al., 2007; 

Wächtershäuser and Stein, 2000). 

 

Acetic acid inhibits neutrophil migration toward C5a, preventing the formation of the 

Membrane Attack Complex (MAC) as an automatic response to intrusions from 

foreign particles and microbes; as well as inhibiting N-Formylmethionyl-leucyl-

phenylalanine (fMLP) which activates leukocytes and macrophages (Vinolo et al., 

2011). Acetic acid promotes the release of ROS in mouse neutrophils, activating 

GPR43 (Maslowski et al., 2009). All three major SCFAs can suppress NF-κβ in 

differing orders of potency: butyric acid > propionic acid > acetic acid (Tedelind et 

al., 2007). Consequently, SCFAs could regulate inflammatory response in diseases 

such as NEC by controlling migration of immune cells to inflammatory sites enabling 

pathogen clearance via ROS activation (Tan et al., 2014). 
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5.1.2.2 Antimicrobial role of SCFAs 

The antimicrobial role of SCFAs is varied: propionic acid has been used as an 

antimicrobial additive in food (Chandra et al., 2020), whilst butyric acid has been 

used to control Salmonella infections (Fernández-Rubio et al., 2009) and acetic acid 

has been shown to have a protective role from enteropathogenic infections (Fukuda 

et al., 2011). The general antimicrobial mechanisms of SCFAs is to reduce the pH 

of the lumen in the colon thereby reducing the growth of pathogenic bacteria 

(Miyauchi et al., 2010). SCFAs also disrupt the osmotic balance, nutrient uptake, 

and energy generation of pathogenic bacteria. In addition, the biocidal or biostatic 

mechanism exerted by formic acid, acetic acid, propionic acid, butyric acid and 

hexanoic acid work at concentrations that are not harmful to the host cell (Dewulf et 

al., 2011; Hong et al., 2005), nor are they harmful to the species of bacteria which 

produced the specific SCFA, therefore significantly contributing to the gut microbial 

ecology, and potentially to the microbial ecology of breast milk which is then 

transferred to the preterm infants.  

 

5.1.2.3 Gut integrity and SCFAs 

A layer of mucus forms a physical barrier separating the epithelial from the luminal 

environment, this limits the physical access of pathogenic bacteria to the epithelium 

and reduces the potential for an inflammatory response (Tolhurst et al., 2012), this 

inflammatory response is a key issue in the aetiology of NEC and LOS. Butyric acid 

and propionic acid can induce mucin (MUC2) mRNA expression, thereby promoting 

gut integrity (Burger-van Paassen et al., 2009). Butyric acid has also been shown to 

speed up the construction of tight junction proteins ZO-1 and occludin (Tolhurst et 

al., 2012); Litvak et al. (2018) described the role of butyric acid in the homeostasis 

of the gut epithelial and its role in the homeostasis of the gut (Figure 5.2) 
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Figure 5.2 The Role of butyric acid in the homeostasis of the gut and epithelial 

metabolism; (A) Gut homeostasis requires obligate anaerobes in the gut to ferment fibre 

into butyrate (butyric acid). Butyric acid maintains colonocytes in the correct metabolic state 

(C2-skewed). These C2-skewed cells consume large amounts of oxygen, maintaining 

oxygen hypoxia (< 1 % O2) limiting oxygen diffusion into the lumen. (B) Antibiotic exposure 

causes gut dysbiosis by reducing the microbe-derived butyric acid changing the metabolic 

profile (C1-skewed) defined by high lactate release, low oxygen consumption, high iNOS 

synthesis generating Nitric Oxide (NO). The NO converts into nitrate (NO3
-) when mixed 

with the O2 in the gut lumen from the C1 colonocytes which provide electron acceptors 

increasing facultative anaerobic bacteria. (C) Epithelial injury induces a release of R-

spondin 2 which stimulates cell division of transit-amplifying (TA) leading to chronic crypt 

hyperplasia and increased oxygenation of the epithelia. Nitrate and oxygen from the 

mucosal surface allow increased growth of facultative anaerobic bacteria. PM: Pericryptal 

myofibroblast; SC: Stem cell; TA: undifferentiated transit-amplifying cell; C2: terminally 

differentiated C2-skewed colonocyte; C1: terminally differentiated C1-skewed colonocyte; 

GC: Goblet cell. (Litvak et al., 2018) 
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SCFAs are absorbed in the colon and bind to the G-protein coupled receptors which 

maintain regulatory T-cell in the mucosa (Litvak et al., 2018), dysbiosis in the colon 

is linked to increased abundance of facultative anaerobic bacteria which respires 

oxygen. Inflammation in the intestine resulting from dysbiosis of the gut microbiome, 

is linked to the overexpression of genes encoding respiratory pathways as oxygen 

respiration is required for formate utilisation by bacteria, often linking 

Enterobacteriaceae blooms prior to inflammation (Hughes et al., 2017). Butyric acid 

activates the peroxisome proliferator–activated receptor γ (PPAR-γ) signalling in 

epithelial cells (Gillis et al., 2018) driving colonocyte β-oxidation of fatty acids 

causing hypoxia in the epithelial, which is muted by antibiotic exposure inhibiting 

regulation by T-cells (Byndloss et al., 2017).  

 

Antibiotics increase the inflammatory environment by shifting colonocyte 

metabolism by aerobic glycolysis leading to reduced oxygen consumption and 

increased glucose consumption with increased lactate release. The resulting 

increased oxygen drives facultative anaerobic bacterial growth (Litvak et al., 2018; 

Vacca, 2017), this increase in lactate can support pathogenic bacteria such as 

Salmonella (Gillis et al., 2018). In a healthy host anaerobiosis and epithelial hypoxia 

for homeostasis is maintained by Paneth cell release of antimicrobial peptides 

(Byndloss et al., 2018), which is an area of potential therapeutics and biomarkers of 

inflammatory diseases. Paneth cells which are required for this antimicrobial peptide 

production accumulate after the initial colonization in preterm birth (Robertson et al., 

2019b), adding to the reduced immunological response due to the immaturity of the 

preterm gut microbiome.   
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5.1.2.4 Negative impacts of SCFAs 

Pathogenic bacteria have also evolved the ability to use SCFAs with negative 

consequences for the host. Butyric acid can promote virulence gene factor 

expression in pathogenic Escherichia coli which can then colonise areas of the colon 

where butyric acid is in highest concentration (Fukuda et al., 2011). Similarly, an 

increased production of SCFAs linked to the onset NEC in preterm infants (Lin, 

2004; Szylit et al., 1998; Kien, 1990) and butyric acid produced by commensal 

bacteria linked to the onset of the digestive lesions in quails (Waligora-Dupriet et al., 

2009). The balance between concentrations of SCFA and the negative and positive 

impacts in the gut may be an area for future work.  

 

Concomitantly, the role of D-Lactic acidosis is related to the cross feeding between 

specific strains of Lactobacillus and Bifidobacterium with butyric acid producing 

bacteria. The role of probiotics has not been elucidated in the mediation of the 

immune response, particularly regarding Lactobacillus and Bifidobacterium, as the 

primary probiotics administered in the NICU. Probiotic metabolism and presence of 

α-antitrypsin can indicate protein loss in the intestine which is a marker of mucosal 

integrity (Waligora-Dupriet et al., 2009). Cross feeding underpins this metabolic 

process through the degradation of oligofructose by L. acidophilus, and  the 

catabolism of inulin by B. longum resulting in free fructose, lactate (via Lactobacilli) 

and acetate (via Bifidobacteria) (Nishiyama et al., 2018; Moens et al., 2017; Rivière 

et al., 2016; Turroni et al., 2016).  

 

Lactate utilising bacteria and the butyric acid producing Gram positive Firmicutes 

relates to Faecalibacterium prausnitizi, Eubacterium rectale and Roseburia spp 

(Kelly et al., 2015; Louis and Flint, 2009). In addition Anaerostipes caccae and 



194 
 

Eubacterium hallii convert lactate to butyric acid in the presence of acetate (Moens 

et al., 2017; Boskey et al., 2001). Although, butyric acid can be beneficial to 

maintaining the integrity of the gut barrier (Jensen et al., 2012) of particular 

importance to the health of preterm infants, there has been concern that high levels 

could lead to D-lactate acidosis which is common in patients with short bowel 

syndrome which preterm infants that have survived NEC often have to manage 

(Petersen, 2005). Further investigations into the amount of butyric acid will need to 

take the role of D-lactic acidosis into account in relation to diseased and non-

diseased preterm infants. 

 

5.1.2.5 Bifidobacteria and SCFAs 

There are currently 54 species of Bifidobacteria, with 10 subspecies, totalling 60 

taxa (Mattarelli and Biavati, 2018). The interaction between Bifidobacteria and 

SCFA production is primarily beneficial to the host as inulin and other polyfructans 

are fermented to SCFAs by Bifidobacteria, enabling crosstalk between 

Bifidobacteria and intestinal epithelial cells (IECs) through pattern recognition 

receptor (PRR)-independent pathways (Mayo and Van Sinderen, 2010). The PRR-

dependent pathway involves the immunoregulatory role of Bifidobacteria. The TLR9 

ligand found in Bifidobacterial DNA inhibits IL-8 secretion from epithelial cells 

thereby stabilising homeostasis (Imaoka et al., 2008; Jijon et al., 2004; Madsen et 

al., 2001). Pathogen-associated molecular patterns (PAMPs) also have a role in the 

crosstalk between Bifidobacteria and IECs similarly maintaining homeostasis in the 

intestines by ameliorating inflammation (O’Callaghan and van Sinderen, 2016). The 

most abundant antibody in the human body is Immunoglobulin A (IgA) (Okai et al., 

2016; Hsieh et al., 2015), which provides mucosal immune protection in the form of 

sIgA complexes promoting immunity by trapping dietary antigens and microbes in 

mucus. However, the production of sIgA is often limited and delayed in preterm 
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infants (Cacho and Lawrence, 2017). Scholtens et al. (2008) showed the effect of 

infant breast milk formula with short-chain galactooligosaccharides and long-chain 

fructooligosaccharides (ratio 9:1) on the development of faecal sIgA response in the 

microbiota of healthy infants over the first 26 weeks of life, suggested a positive 

effect on mucosal immunity. A correlation was seen between increases 

Bifidobacteria and increased sIgA concentration in infants which received a prebiotic 

in comparison to the control group.  

 

Similarly, Mohan et al. (2008) discovered a correlation between probiotic B. lactis 

administration in preterm infants and increased levels of IgA. These two studies 

underlined the importance of the interaction between the intestinal mucosa and the 

microbiota, specifically Bifidobacteria, but not explicitly outlining the importance of 

the Bifidobacterial degradation of HMOs to SCFAs. Bifidobacteria are health 

promoting through the inhibition of exogenous pathogens, the amount of SCFAs 

produced as end products of oligosaccharide fermentation have been used to 

measure Human Milk Oligosaccharides (Rycroft et al., 2001), and elucidate the 

metabolism pathway utilised by Bifidobacteria (Figure 1.3). 

 

Bifidobacteria degrade hexoses by the fructose-6-phosphate phosphoketolase 

(F6PK) pathway, which provides a theoretical yield of 1.5 mols acetic acid and 1 mol 

lactate per mol of consumed glucose (Wolin et al., 1998; de Vries and Stouthamer, 

1967). The enzymatic step from which the pathway was named, fructose-6 

phosphate phosphoketolase, expedites the cleavage of hexose phosphate to 

erythrose-4-phosphate and acetyl phosphate. Transketolase and transaldolase then 

catalyses further carbon interconversions to form pentose phosphates via tetrose 

and hexose phosphates. The pentose phosphates are further degraded to acetyl 
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phosphate and glyceralderhyde-3-phosphate. The enzymes of the Emden-

Meyerhoff-Parnas pathway oxidize the glyceralderhyde-3-phosphate to pyruvate 

which is successively reduced by lactate dehydrogenase to lactate.  

 

Subsequently, acetyl-phosphates donates phosphates to ADP by the action of 

acetic acid kinases, thereby generating energy within the pathway. Pyruvate formate 

lyase is predicted to degrade pyruvate to formate and acetyl-CoA as related genes 

have been identified on bifidobacterial genomes (Zhu and Shimizu, 2004). B. 

longum converts 50 % of the acetyl-CoA to acetic acid, requiring a NAD+ 

regeneration step to prevent redox disequilibrium. Bifidobacteria also produce small 

amounts of succinic acid, which is stopped when nutrients are scarce (Van der 

Meulen et al., 2006). In general, high Bifidobacterium levels leads to more SCFAs, 

consequently producing a high primary energy source for colonocyte cells with 

positive gut barrier implications (Gidrewicz and Fenton, 2014). 

 

Bifidobacteria have been used as a probiotics for a multitude of problems in the gut 

including improving lactose intolerance and ulcerative colitis outcomes; preventing 

antibacterial associated diarrhoea and NEC in preterm infants; alleviating symptoms 

of IBS, IBD and Crohn’s disease (Mazzola et al., 2016; Kasubuchi et al., 2015; Saez-

Lara et al., 2015; Aloisio et al., 2014; Tojo, 2014; Leahy et al., 2005). These health 

benefits are probably not as a result of bifidobacterial strains alone but are more 

likely to be the result of several microbial interactions (Cani and Van Hul, 2015; Scott 

et al., 2015). 

 

The importance of Bifidobacterium to the health of preterm infants in relation to 

preventing sepsis and NEC has significant support (Turroni et al., 2018b; Stewart et 
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al., 2017b; Deshpande et al., 2007a, 2016; Rao et al., 2016). In short, 

Bifidobacterium may directly protect or act as marker for protection against gut 

epithelial translocation (Stewart et al., 2017b), as seen in ulcerative colitis (Duranti 

et al., 2016). Consequently, breast milk containing Bifidobacterium has the ability to 

produce and utilise SCFAs, which is especially important for the 

immunocompromised preterm infant (Hermansson et al., 2019). 

 

Butyric acid producers such as B. pullicaecorum, Eubacteria rectale, 

Faecalibacterium prausnitzii, Roseburia spp. (Cani and Van Hul, 2015; Scott et al., 

2015; Geirnaert et al., 2014; Marteau, 2013) may stimulate epithelial metabolism, 

diminishing intercellular oxygen, thereby stabilising transcription factor HF-1 which 

acts on the epithelial barrier increasing functionality (Kelly et al., 2015). For example, 

the oral administration of B. pullicaecorum 25-3T and F. prausnitzii A2-165 in rodent 

attenuated chemically induced colitis (Martín et al., 2015; Eeckhaut et al., 2013). 

B.infantis has been shown to attenuate Interleukin-6 (IL-6) and IL-8 which are linked 

to NEC inflammatory response; as well as tumour necrosis factor (TNF-α), and 

Interleukin (IL)-23 in rat models (Madsen et al., 2001; Caplan et al., 1999). 

Furthermore, B. infantis decreases IL-1β and induces IL-8 and IL-6 expression in 

immature human gut xenografts (Vongbhavit and Underwood, 2016b). Similarly, the 

exopolysaccharides (EPS) of Bifidobacteria breve have been shown to modulate 

the host response in model colons (Püngel et al., 2020), increasing SCFAs, by 

acting as a nutrient substrate.  

 

The infants in this study were administered one of two brands of probiotic as 

described (Chapter 1 and 2.3) The first brand, Infloran™ was administered between 

2008 – 2016 but withdrawn from use in 2016 due to supply issues, in addition to 
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requiring refrigeration and the capsule form required time consuming preparation by 

the NICU nurses. LaBiNICTM was used from 2017, which was more convenient and 

stable at room temperature (Reynolds, 2015). LaBiNICTM was hoped to be more 

beneficial to the preterm infants due to the increased number of bacteria within each 

dose, but also because of the inclusion of B. infantis a known beneficial bacteria in 

infants for both immunoregulatory development (Kujawska et al., 2020; Janvier et 

al., 2014) and metabolomic implications (Turroni et al., 2016; Garrido et al., 2015; 

Sela et al., 2008) as the bacteria ensure access to the energy locked in the breast 

milk. Whilst the administration of probiotics will not affect the breast milk SCFAs 

measured in this chapter, it needs to be taken into consideration during the analysis 

of results, as it may confound any correlation between SFCA levels and disease 

outcome. 

 

5.1.2.6 Butyric Acid identification 

Previous studies have shown tentative identification of butyric acid, this is because 

the extraction method (5.2.3.1) requires methanol which can cause esterification of 

butyric acid. The instrumentation used (1.5.2) and method development undertaken 

in this study (2.9) also found that whilst identification of fatty acids is possible using 

methyl esters (Dodds et al., 2005), esterification of butyric acid can potentially form 

either dihydroxybutyric acid or methyl butanoate, therefore requiring further method 

development using UPLC-QTOF analysis for accurate butyric acid identification. 

 

Figure 5.3 a) shows the structure of butyric acid, which can undergo lipase enzyme 

catalysed esterification (Adhikari, 2019; Xu and Jiang, 2011; Rajendran et al., 2009; 

Soares et al., 2005) producing methyl butanoate (Figure 5.3 b)) with the expected 

mass (Da) of 101.13 (M-H) under these UPLC conditions. Dihydroxybutyric acid can 

lose a hydroxyl to form hydroxybutyric acid, and after the loss of another hydroxyl 
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group form butyric acid, and all three metabolites are important in metabolic 

pathways (Harris et al., 2019; Ježek et al., 2017; Walther et al., 2017; Zhu and Luo, 

2017; Bhagavan and Ha, 2011; Kleinzeller, 1943). Figure 5.3 b) – d) outlines the 

structural isomers of dihydroxybutyric acid with the expected mass (Da) of 

dihydroxybutyric acid in negative ionisation of 119.04 (M-H). When these structures 

fragment a tentative identification of butyric acid can be made using the Rt and MW 

of the fragments formed by the breakdown dihydroxybutyric acid. 

 

 
Figure 5.3 The structure of Butyric Acid, methyl butanoate and the structural isomers 

of Dihydroxybutyric Acid; a) Butyric Acid b) methyl butanoate c) 2,4-Dihydroxybutyric 

acid, d) 2,3-Dihydroxybutyric Acid, e) 3,4-Dihydroxybutyric Acid.  

 

The fragmentation of dihydroxybutyric acid followed a pattern (Figure 5.4) with the 

primary fragment consisting of one oxygen and two hydrogen (OHH) creating a base 

peak 101.04; the next fragment of one carbon, one oxygen and two hydrogens 

(COH2) showed a base peak at 89.04, with another peak at 87.05 (COH4) 

representing the remaining fragmentation pattern. 
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Figure 5.4 Fragmentation pattern for negative ionisation of 2,4-dihydroxybutyric acid; 

the molecular weight is 120.04, with the initial hydrogen lost in negative ionisation (1.) the 

MW = 119.04. Further fragmentation leads to the loss of OHH (2) as well as COHH (COH2) 

(3) and COHHHH (COH4) (4). The structure of Acetic acid is show in 5. but whether acetic 

acid is a fragment of dihydroxybutyric acid was not seen.    

 

5.2  Methods  

The technique for SCFA extraction from the expressed breast milk (EBM) samples 

has previously been described (2.9). The EBM was collected from the mothers of 

preterm infants and corresponded to selected stool samples analysed in Chapter 4. 

The ‘Folch’ method (Folch et al., 1957) requires a multistep derivation using 

chloroform-methanol. An improved one-step method has been described (Villaseñor 

et al., 2014; Whiley et al., 2012) for the determination of SCFAs in breast milk by 

Liquid and Gas chromatography. However, this one-step method has not been 

previously utilised as an appropriate technique for Ultra-Performance Liquid 

Chromatography Quadrupole Time-of-Flight (UPLC-QTOF) (Andreas et al., 2015b). 

This study investigated the efficacy of using the one-step method for UPLC-MS for 

the identification of SCFAs in low volume breast milk samples further outlined below.  

 

5.2.1 Breast Milk samples SCFA analysis 

Breast milk samples were expressed by the mothers of preterm infants via a breast 

pump and collected by the neonatal nurses from the RVI, NICU, Newcastle. The 

mothers’ breast areolar area and the suction cup of the pump were wiped with an 
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antibacterial wipe prior to collection. EBM samples (up to 2 mL) were collected in 

universals at various timepoints depending on access to the mother and the health 

of the infant which was tracked by the DOL (day of life) relating to the sample 

number (Table 5.3). The samples were transferred and stored at -80 °C in the 

Department for Applied Sciences, Northumbria University prior to extraction, 

subsequent UPLC-QTOF (Waters Xevo G2-XS QToF™) analysis was completed at 

the National Horizons Centre, Darlington.   

 

Table 5.3 EBM samples of preterm infants with NEC; matched with NGS samples. All 

preterm infants with NEC were exposed to antibiotics and anti-fungal treatment. Where DOL 

is the day of life of the sample; NEC Onset is the DOL that NEC was diagnosed; Sample 

Time details if the sample is before or after the onset of NEC; LOS onset is the DOL of LOS 

diagnosis; Delivery: V = Vaginal, C = Caesarean Section; Multiple, Y/N to if twin or triplet; 

Gender, M = male, F = female; GA is the gestational age in weeks; Pbx = probiotics Y if 

administered, N = if not administered. 

Patient 
Sample 

No 
DOL 

NEC 
Onset 

Sample 
Time 

LOS 
LOS 

onset 
Delivery Multiple Gender GA Pbx 

p199 CS1776 24 25 After N N V N F 25 N 

p396 GY1347 35 16 After N N C Y M 27 Y 

p396 GY1254 11 16 Before N N C Y M 27 Y 

p424 GY2779 54 13 After N N V N F 23+1 Y 

p424 GY3035 94 13 After N N V N F 23+1 Y 

p424 GY2587 40 13 After N N V N F 23+1 Y 

p424 GY2668 36 13 After N N V N F 23+1 Y 
p443 GY2585 14 19 Before Y 37 V Y F 26+6 Y 

p443 GY3063 2 19 Before Y 37 V Y F 26+6 Y 

p443 GY3405 40 19 After Y 37 V Y F 26+6 Y 

p443 GY3339 30 19 After Y 37 V Y F 26+6 Y 

p443 GY3077 5 19 Before Y 37 V Y F 26+6 Y 

p445 GY3199 11 15 Before N N V N M 25+2 Y 

p445 GY3407 37 15 After N N V N M 25+2 Y 

p445 GY3330 29 15 After N N V N M 25+2 Y 

p474 GY4271 39 19 After N N C Y M 26+2 Y 

  

5.2.2 SCFA breast milk samples 

There were 16 preterm infants with 59 total samples were matched to the infant 

cohort in Chapter 4. Breast milk samples (n = 43) were collected from 10 mothers 

whose preterm infants did not contract NEC, and 16 breast milk samples were 
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collected from 6 mothers whose preterm infants were diagnosed with NEC. All 

preterm infants had been administered antibiotics, and a summary of the samples 

and infants with or without NEC, as well as outlining those that did or did not have 

probiotics administered is outlined in Table 5.4; probiotic administration was decided 

by parental choice and therefore random. T-test p values highlights a significant 

difference between the birthweights of the infants relating to the administration of 

probiotics, but this did not affect the occurrence of NEC.  

 

Table 5.4 Summary of EBM samples; detailing the infants and samples with and without 

NEC, with and without LOS, the number administered or not receiving probiotics, 

gestational age average (range), day of life of samples (range) and the average birthweight 

(range) in grams. 

 NEC No NEC 

 N = 6, n = 16 N = 10, n = 43 

Mean Gestational Age (weeks) 26 (range 25-27) 26+2 (range25-31+6) 

Mean Day of Life 30 (range 2-94) 31 (range 4-85) 

Weight (grams) 773 (range 510-910) 960 (range 620-1760) 

Gender Ratio: Male / Female N = 3 / 3 (n = 6 / 10) N = 1 / 9 (n = 8 / 35) 

Mode of Birth ratio: VD / CS N = 4 / 2 (n = 13 / 3) N = 7 / 3 (n = 30 / 13) 

 LOS No LOS 

 N = 2, n = 13 N = 14, n = 46 

Mean Gestational Age (weeks) 26+1 (range 26-26+2) 28 (range 24-32) 

Mean Day of Life 25 (range 2-61) 43 (range 2-84) 

Weight (grams) 885 (range 860-910) 873 (range 500-1760) 

Gender Ratio: Male / Female N = 1 / 1 (n = 8 / 5) N = 1 / 13 (n = 6 / 40) 

Mode of Birth ratio: VD / CS N = 1 / 1 (n = 5 / 8) N = 10 / 4 (n = 38 / 8) 

 Probiotics No Probiotics 

 N = 12, n = 52 N = 4, n = 7 

Mean Gestational Age (weeks) 26 (range 25-28+3) 26+2 (range 25-31+6) 

Mean Day of Life 31 (range 2-94) 37 (range 7-56) 

Weight (grams) 771 (range 510-910) 1246 (range 725-1760) 

Gender Ratio: Male / Female N = 4 / 8 (n = 14 / 38) N = 0 / 4 (n = 0 / 7) 

Mode of Birth ratio: VD / CS N = 7 / 5 (n = 36 / 16) N = 4 / 0 (n = 7 / 0) 

 

The details of the samples and corresponding patient for preterm infants that 

developed NEC are outlined in Table 5.3, all infants received antibiotics and anti-

fungal medicine. The details for the preterm infants which did not contract NEC are 

outlined in Table 5.5, all infants received antibiotics.  
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Table 5.5 EBM samples of preterm infants without NEC diagnosis; Where DOL is the 

day of life of the sample; LOS onset is the DOL of LOS diagnosis; Delivery: V = Vaginal, C 

= Caesarean Section; Multiple, Y/N to if twin/triplets; Gender, M = male, F = female; GA = 

gestational age in weeks; Pbx = probiotics Y if administered, N = if not administered 

Patient 
Sample 

No 
DOL LOS LOS onset Delivery Multiple Gender 

GA 
(weeks) 

 
Pbx 

p229 CS2757 56 N N V Y F 25 N 

p397 GY1467 52 N N C Y F 27 Y 

p405 GY1629 10 N N V Y F 26+2 Y 

p405 GY1902 37 N N V Y F 26+2 Y 

p405 GY1690 19 N N V Y F 26+2 Y 

p405 GY1794 27 N N V Y F 26+2 Y 

p405 GY2034 50 N N V Y F 26+2 Y 

p405 GY2100 57 N N V Y F 26+2 Y 

p431 GY3037 59 N N V N F 24+4 Y 

p431 GY2599 7 N N V N F 24+4 Y 

p431 GY3161 74 N N V N F 24+4 Y 

p431 GY2777 19 N N V N F 24+4 Y 

p431 GY2876 36 N N V N F 24+4 Y 

p431 GY2862 31 N N V N F 24+4 Y 

p431 GY3233 85 N N V N F 24+4 Y 

p431 GY2745 21 N N V N F 24+4 Y 

p431 GY2965 46 N N V N F 24+4 Y 

p431 GY3045 57 N N V N F 24+4 Y 

p432 GY2762 21 N N V Y F 31+6 N 

p432 GY2760 11 N N V Y F 31+6 N 

p432 GY2574 7 N N V Y F 31+6 N 

p434 GY2741 18 N N V Y F 31+6 N 

p434 GY2592 7 N N V Y F 31+6 N 

p438 GY2986 5 N N C N F 28+3 Y 

p438 GY2979 24 N N C N F 28+3 Y 

p438 GY3116 44 N N C N F 28+3 Y 

p438 GY3041 34 N N C N F 28+3 Y 

p444 GY3090 4 N N V Y F 26+6 Y 

p444 GY3186 15 N N V Y F 26+6 Y 

p444 GY3143 7 N N V Y F 26+6 Y 

p444 GY3278 27 N N V Y F 26+6 Y 

p444 GY3273 20 N N V Y F 26+6 Y 

p447 GY3287 18 N N V N F 24+5 Y 

p447 GY3293 19 N N V N F 24+5 Y 

p447 GY3241 11 N N V N F 24+5 Y 

p475 GY4336 55 Y 15 C Y M 26+2 Y 

p475 GY4141 17 Y 15 C Y M 26+2 Y 

p475 GY4182 34 Y 15 C Y M 26+2 Y 

p475 GY4179 25 Y 15 C Y M 26+2 Y 

p475 GY4169 23 Y 15 C Y M 26+2 Y 

p475 GY4300 49 Y 15 C Y M 26+2 Y 

p475 GY4289 38 Y 15 C Y M 26+2 Y 

p475 GY4370 61 Y 15 C Y M 26+2 Y 
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5.2.3 UPLC-MS Method Development Infant formula milk  

Prior to analysis of the preterm infants EBM, the extraction method was tested using 

readymade infant formula, full fat cow’s milk and semi-skimmed cow’s milk, in 

addition one EBM sample with incomplete demographic information was run at the 

same time for comparison. 

 

5.2.3.1 Extraction method of Lipids for analysis 

The extraction method used was adapted from Andreas et al. (2015) and Villaseñor 

et al. (2014) The readymade Infant formula milk (stable at room temperature, Cow 

& Gate™ First milk readymade infant formula, Aptamil® First milk readymade infant 

formula, and Hipp Organic™ First milk readymade infant formula), semi-skimmed, 

full-fat milk and EBM sample (on ice), were aliquoted (50 μL) into 1.5 – 2 mL 

centrifuge tubes, vortexed at room temp (5 seconds). Methanol (175 μL) was mixed 

with 175 μL of methyl-tert-butyl-ether (MTBE); then the milk or formula added, 

vortexed (5 seconds), and centrifuged (4000 x g, 15 minutes, 4 °C). The upper 

phase contained lipids, and was carefully pipetted out into a clean microcentrifuge, 

making sure the centrifuged pellet was not disturbed. The extraction was repeated 

for each sample. The samples were stored at -20 °C until required for UPLC 

analysis, if storage was required for long term, then the extracted samples were 

frozen at -80 °C. The types of milk were labelled as follows, a and b designating the 

first and second extraction. 

 ss: Semi-skimmed cow’s milk 

 ff: Full-fat cow’s milk 

 ff spiked with 0.1 M Butyric Acid 

 ff spiked with 1.0 M Butyric Acid 

 F1: Cow & Gate™ First milk readymade infant formula 
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 F2: Aptamil® First milk readymade infant formula 

 F3: Hipp Organic™ First milk readymade infant formula 

 CS1607a and CS1607b EBM sample 

 

5.2.3.2 UPLC 

5.2.3.2.1 MOBILE PHASE PREPARATION 

Mobile phase A (50:50 Acetonitrile (ACN): Water (H2O) plus 10 mM Ammonium 

acetate (C2H7NO2)): 50 mL of ACN was added to 50 mL of HPLC grade water and 

mixed; 0.077 g ammonium acetic acid was added, mixed until dissolved. Mobile 

Phase B (95:5 ACN:H20 plus 10 mM C2H7NO2): 95 mL of ACN was added to 5 mL 

of HPLC grade water and mixed; 0.077 g ammonium acetic acid added, mixed until 

dissolved (Andreas et al., 2015b; Villaseñor et al., 2014). 

 

5.2.3.2.2 UPLC – WATERS XEVO G2-XS QTOF 

A Waters ACQUITY BEH Amide 1.7μm column™ (2.1 mm x 100 mm) was used in 

Reverse phase mode on the Waters Xevo G2-XS QToF™. The UPLC was run in 

ESI- negative ionisation under the following conditions: capillary voltage kV 2.5; 

sampling cone 30 V; source temperature 120 °C; Source offset (90); desolvation 

temperature 450 °C; desolvation gas flow 800 L/Hr; cone gas flow 60 L/Hr. The 

system was primed: 50:50 ACN:H2O, flow of 0.2 mL / min. Injection volumes 1 - 5 

µL. Lines A & B were used for mobile phase A and B. Line A: mobile phase A (50:50 

ACN:H2O / 10 mM Ammonium acetic acid); Line B: mobile phase B (95:5 ACN:H2O 

/ 10 mM Ammonium acetic acid). The seal wash was 90:10 H2O:ACN. Initial 

settings: no lock spray; purged initial phase; solvent wash for 15 seconds; solvent 

purged for 20 cycles; A and B Lines were re-primed, and the seal wash initiated for 

5 minutes. The samples were injected initially at 1 µL [10 µg / mL] = 10ppm. The 

amount needed was between 1 – 50 ppm, the amount injected was varied while 
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running the standards in order to optimise the results. The SCFA standards used 

were: volatile free acid mix 1 X 100 mL, 10M deionized water (CRM46975, 46975-

U, Supelco® Sigma-Aldrich) 10 components, 10mM each in 100mL deionized water 

100mL of: Formic acid, Butyric acid, Isocaproic acid (4-Methyl-n-valeric acid), Acetic 

acid, Isovaleric acid, Hexanoic acid (n-Caproic acid), Propionic acid, n-Valeric acid, 

Heptanoic acid and Isobutyric acid were run as per the Inlet Page run below in Table 

5.6. The range of sensitivity for the instrument was 3 – 24 pg / mL with a linear 

dynamic range of 3.0 – 4.0; estimated limit of quantification (LOQ) for SCFAs were 

between 0.5 ppm to 2 ppm with butyric acid measuring 1 ppm (Yang and 

Corporation, 2015) 

 

Table 5.6 Inlet Page run parameters. 

Time (min) Final Set Up 

% A % B 

Initial 0.1 99.9 

0.4 0.1 99.9 

0.5 1.0 0.99 

2.0 10.0 90.0 

2.01 0.1 99.9 

5.0 0.1 99.9 
 
 

Butyric Acid Standard (CAS-No: 107-92-6; Molecular Weight: 88.11 g / mol) ≥ 99 %, 

(Sigma-Aldrich ®) 0.1M was run to target butyric acid in the breast milk samples. 

The Butyric sample was diluted in water, methanol, 50:50 MTBE:Methanol and ACN 

to test whether the formation of esters was occurring due to the dilutant interacting 

with the butyric acid.  

 

5.2.4 Method used for Breast milk samples  

 

The extraction of lipids was conducted as previously described (5.2.3.1). 
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5.2.4.1 UPLC-MS EBM Sample Method 

5.2.4.1.1 MOBILE PHASE PREPARATION  

Mobile phase preparation was as previously described (5.2.3.2.1) with the same 

proportions but greater volume for increased samples numbers: Mobile phase A 

(50:50 ACN:H20 plus 10 mM C2H7NO2) to a total volume 500 mL; 0.385 g 

ammonium acetic acid was added, mixed until dissolved. Mobile Phase B (95:5 

ACN:H20 plus 10 mM C2H7NO2) to a total volume 500 mL; 0.385 g ammonium acetic 

acid added, mixed until dissolved. 

 

5.2.4.1.2 UPLC – WATERS XEVO G2-XS QTOF 

The EBM samples were run subject to the conditions previously described 

(5.2.3.2.2). In addition, a blank MeOH was injected twice at the start of the run, 

followed by a Butyric standard, subsequently 3 samples were injected in duplicate 

followed by one blank (MeOH) and one standard, this pattern was repeated for all 

the samples. 

 

5.3  Results  

5.3.1 Method Development Results 

Initially the three predominant SCFAs (acetic acid, propionic acid and butyric acid) 

were looked at in the method development stage: full fat cow’s milk, semi-skimmed 

cow’s milk and SMA Pro first readymade formula (Table 5.7). The method 

provisionally showed the extraction technique captured low levels of SCFAs in the 

samples expected to contain some levels of SCFAs. The amount of SCFA in full fat 

cow’s milk was as expected, greater than that in semi-skimmed cow’s milk, as the 

lipid content is higher. Semi-skimmed peak intensity was 18000 counts per second 

(cps) compared to 30129 cps in full fat cow’s milk, similarly Butyric acid measured 

double the amount in full fat than semi skimmed milk. 
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Table 5.7 Most predominant SCFAs found in Formula, Full Fat cow’s milk and Semi-

skimmed cow’s milk; Formula 1 and 2 = SMA pro first milk readymade formula, repeated 

extraction 1 and 2, Full fat 1 and 2 = full fat cow’s milk repeated extraction 1 and 2, Semi-

Skim 1 and 2 = Semi-skimmed cow’s milk, repeated extraction 1 and 2. 

Formula 1 Formula 2 Full fat 1 Full fat 2 Semi-skim 1 Semi-skim 2 

Valeric Valeric Heptanoic Valeric Butyric Valeric 

Butyric Butyric Hexanoic Propionic Valeric Propionic 

Propionic Propionic Valeric Butyric Propionic Butyric 

  Butyric    

  Propionic    

 

All samples contained butyric acid, a key SCFA in metabolic pathways for health, 

therefore butyric acid was targeted due to the clinical influence on disease in 

preterm infants (Rivière et al., 2016; Geirnaert et al., 2014; Eeckhaut et al., 2013; 

Marteau, 2013). All the samples were then analysed focusing on butyric acid at a 

retention time of 1.11 ± 0.01 using three different brands of formula (Cow & Gate 

first milk readymade formula, Aptamil first milk readymade formula, Hipp Organic 

first milk readymade formula). The formula was compared against full fat cow’s milk 

and semi-skimmed cow’s milk. No peak was detected in the formula samples 

suggesting that butyric acid was not present in formula milk. 

 

5.3.2 Breast milk Sample Results  

The identifying mass for butyric acid standard (CAS-No: 107-92-6; Molecular 

Weight: 88.11 g / mol, ≥ 99 %, in MTBE:MeOH (50:50) 0.1 M) was M-H 87.01 with 

a Rt of 1.45 – 1.46. This was determined by injecting a blank MeOH twice at the 

start of the run followed by the butyric standard, the average peak was 164707 cps 

(std dev 74800), showing variability in detectable amounts in the standard, with 
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three returning nothing detected. Esterification due to the presence of methanol in 

the methodology may account for these variations. Similarly for the breastmilk 

samples, two MeOH blanks were run, then the butyric acid standard (in 50:50 

MTBE:MeOH 0.1 M) followed by three breast milk samples in duplicate.  

 

The base peak at Rt 1.11± 0.01 was found to be 101.04 not 87.01, this was due to 

the esterification formation of butyl methanoate or dihydroxybutyric acid and 

subsequent fragmentation (see 5.1.2.6 and 5.4.1). Table 5.8 outlines the mean peak 

area for each patient and their corresponding sample; each sample was run in 

duplicate and the result averaged. The peak intensities were analysed at Rt 1.11 ± 

0.01 and fragmentation identification confirmed with a base peak of 101 MW on the 

spectra, if no peak was present then not detected was noted.  

 

Table 5.8 Breast milk patient and samples details with mass spectra mean peak area; 

the mean peak area averaged the replicate peak intensities analysed at Rt 1.11 ± 0.01 and 

spectra analysed with a base peak at 101 MW, if no peak was found at 101 MW then noted 

as: ND = Not detected. 

Patient Sample 
No 

DOL NEC NEC 
Onset 

Sample 
Time 

LOS Probiotics Mean Peak Area 
(n=2) (cps) 

p179 CS1607 69 Y 3 After N N ND 

p199 CS1776 24 Y 25 After N Y 154976.5 

p229 CS2757 56 N N None N N 138119 

p396 GY1347 35 Y 16 After N Y 73740.5 

p396 GY1254 11 Y 16 Before  N Y 179493 

p397 GY1467 52 N N None N Y 191636 

p405 GY1629 10 N N None N Y 112419 

p405 GY1902 37 N N None N Y 154560 

p405 GY1690 19 N N None N Y 108620.5 

p405 GY1794 27 N N None N Y ND 

p405 GY2034 50 N N None N Y ND 

p405 GY2100 57 N N None N Y 87496.5 

p424 GY2779 54 Y 13 After N Y 71466.5 

p424 GY3035 94 Y 13 After N Y 186043.5 

p424 GY2587 40 Y 13 After N Y 102425 

p424 GY2668 36 Y 13 After N Y 161941.5 

p431 GY3037 59 N N None N Y 110954 

p431 GY2599 7 N N None N Y ND 



210 
 

p431 GY3161 74 N N None N Y ND 

p431 GY2777 19 N N None N Y ND 

p431 GY2876 36 N N None N Y 127494 

p431 GY2862 31 N N None N Y ND 

p431 GY3233 85 N N None N Y 14965.5 

p431 GY2745 21 N N None N Y ND 

p431 GY2965 46 N N None N Y ND 

p431 GY3045 57 N N None N Y ND 

p432 GY2762 21 N N None N N 12463.5 

p432 GY2760 11 N N None N N ND 

p432 GY2574 7 N N None N N 96871 

p434 GY2741 18 N N None N N ND 

p434 GY2592 7 N N None N N 82288 

p438 GY2986 5 N N None N Y ND 

p438 GY2979 24 N N None N Y 101851 

p438 GY3116 44 N N None N Y 119062 

p438 GY3041 34 N N None N Y 106089.5 

p443 GY2585 14 Y 19 Before  Y Y ND 

p443 GY3063 2 Y 19 Before  Y Y ND 

p443 GY3405 40 Y 19 After Y Y 138461 

p443 GY3339 30 Y 19 After Y Y 134349 

p443 GY3077 5 Y 19 Before  Y Y ND 

p444 GY3090 4 N N None N Y 15820.5 

p444 GY3186 15 N N None N Y ND 

p444 GY3143 7 N N None N Y 208406 

p444 GY3278 27 N N None N Y ND 

p444 GY3273 20 N N None N Y ND 

p445 GY3199 11 Y 15 Before  N Y 117765 

p445 GY3407 37 Y 15 After N Y 110777 

p445 GY3330 29 Y 15 After N Y 203814.5 

p447 GY3287 18 N N None N Y 131560.5 

p447 GY3293 19 N N None N Y ND 

p447 GY3241 11 N N None N Y ND 

p474 GY4271 39 Y 19 After N Y 161110 

p475 GY4336 55 N N None Y Y 66171.5 

p475 GY4141 17 N N None Y Y 187902.5 

p475 GY4182 34 N N None Y Y ND 

p475 GY4179 25 N N None Y Y ND 

p475 GY4169 23 N N None Y Y ND 

p475 GY4300 49 N N None Y Y ND 

p475 GY4289 38 N N None Y Y ND 

p475 GY4370 61 N N None Y Y 139628 

 
For the identification of butyric acid in breast milk, the samples were divided into 

variables of significance (Table 5.9); the average mean peak intensity showed a 

significant difference in the amount of butyric acid between NEC and No NEC 

samples (p-value = 0.00149), with NEC samples having greater peak intensity 
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correlating to butyric acid. Quantification was not possible due to the variation in 

peak intensity seen in the standard as previously discussed. The amount of butyric 

acid in the breast milk samples over time were analysed (Appendix 9. Breast milk 

UPLC-MS Butyric Acid Peaks) but there was no clear pattern of increased or 

decreased amounts either with or without NEC, and before or after NEC, any 

patterns may be obscured by the difficulty in quantifying as outlined previously.  

 

Table 5.9 Average and Significance of Peak intensities. 

Samples 
Example Chromatogram 

and Spectra 
Average Mean 

Peak (cps) 
p-value 

No NEC (n=43) Figure 5.5 53823 
0.00149 

NEC (n=17) Figure 5.6 105668 

Before NEC (n=5) Figure 5.7 59452 
0.07926 

After NEC (n=12) Figure 5.8 124925 

No LOS (n=47) Figure 5.9 73281 
0.32897 

LOS (n=13) Figure 5.10 51270 

No Probiotics (n=7) Figure 5.11 47106 
0.40284 

Probiotics (n=53) Figure 5.12 71340 

 

Table 5.9 also details example chromatograms and spectra relating to the key 

experimental variables seen and discussed below, with full demographics outlined 

in Appendix 3. Demographic information use in analysis of breastmilk samples 

Greater peak intensities relating to butyric acid quantities were also seen with LOS 

than without LOS, and with probiotics than without; however, these differences were 

not significant. 
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Figure 5.5 No NEC chromatogram and spectrum from example sample GY3143; a) the 

chromatogram shows a peak at Rt 1.11 measuring 211971cps, b) the spectrum illustrates 

that 101 MW is the base peak and signature of dihydroxybutyric acid or butyl methanoate. 
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Figure 5.6 NEC chromatogram and spectrum from example samples GY3330; a) the 

chromatogram shows a peak at Rt 1.12 measuring 223293 cps, b) the spectrum illustrates 

that 101 MW is the base peak and signature of dihydroxybutyric acid or butyl methanoate. 

 

Whilst the example chromatograph shows similar peak intensities at Rt 1.11, when 

all the samples were examined (Table 5.9) the peak intensity for NEC samples was 

significantly greater (p-value = 0.00149). The example chromatogram and spectrum 

for before NEC (Figure 5.7) compared to after NEC samples (Figure 5.8) showed 

the peak intensity for the after NEC samples appears greater than the before NEC 

samples, however the difference was not significant (p-value = 0.079). There were 



214 
 

three before NEC samples from one infant (p443) with NEC that had no detectable 

signal at Rt 1.11; this infant also developed Escherichia coli sepsis and had to 

undergo a laparotomy, implying this was a severe case of NEC. There was also one 

after NEC sample with nothing detected. 

 

 
Figure 5.7 Before NEC chromatogram and spectrum from example samples GY1254; 

a) the chromatogram shows a peak at Rt 1.12 measuring 178558 cps, b) the spectrum 

illustrates that 101 MW is the base peak and signature of dihydroxybutyric acid or butyl 

methanoate. 
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Figure 5.8 After NEC chromatogram and spectrum from example samples GY3035; a) 

the chromatogram shows a peak at Rt 1.12 measuring 186666 cps, b) the spectrum 

illustrates that 101 MW is the base peak and signature of dihydroxybutyric acid or butyl 

methanoate. 

 
 
The example chromatogram and spectrum for no LOS (Figure 5.9) compared to 

LOS samples (Figure 5.10) showed no difference in peak intensity at Rt 1.11 and 

therefore no difference in butyric acid quantities between no LOS and LOS samples. 

Spectra for both no LOS and LOS showed 101 MW as the base peak. 
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Figure 5.9 No LOS chromatogram and spectrum from example samples GY4271; a) 

the chromatogram shows a peak at Rt 1.11 measuring 172695 cps, b) the spectrum 

illustrates that 101 MW is the base peak and signature of dihydroxybutyric acid or butyl 

methanoate. 
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Figure 5.10 LOS chromatogram and spectrum from example samples GY4141; a) the 

chromatogram shows a peak at Rt 1.11 measuring 194236 cps, b) the spectrum illustrates 

that 101 MW is the base peak and signature of dihydroxybutyric acid or butyl methanoate. 

 

The example chromatogram and spectrum for no probiotics (Figure 5.11) compared 

to with probiotic samples (Figure 5.12) similarly saw no difference in peak intensity 

at Rt 1.11 and therefore no difference in butyric acid quantities between no 



218 
 

probiotics and samples where probiotics were administered. Spectra for both 

without probiotics and with probiotics showed 101 MW as the base peak.  

 

 
Figure 5.11 No Probiotics chromatogram and spectrum from example samples 

CS2757; a) the chromatogram shows a peak at Rt 1.12 measuring 159432 cps, b) the 

spectrum illustrates that 101 MW is the base peak and signature of dihydroxybutyric acid 

or butyl methanoate. 
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Figure 5.12 Probiotics chromatogram and spectrum from example samples GY4370; 

a) the chromatogram shows a peak at Rt 1.11 measuring 202653 cps, b) the spectrum 

illustrates that 101 MW is the base peak and signature of dihydroxybutyric acid or butyl 

methanoate. 

 

5.4  Discussion  

The SCFAs which were initially targeted were: acetic acid (C2), propionic acid (C3), 

and butyric acid (C4), the most abundant and key for the metabolic pathways of the 

infant gut and concomitant utilisation by Bifidobacteria as an energy source (Chen 

et al., 2020; Morrow et al., 2013; Ward et al., 2013; Dwidar et al., 2012; Mayo and 



220 
 

Van Sinderen, 2010). This UPLC method tentatively identified butyric acid in all 

cow’s milk and breast milk samples. Andreas et al., (2015a); and Villaseñor et al., 

(2014) similarly tentatively identified butyric acid using this method, the aim was to 

optimise this method to identify butyric acid with more certainty. However, the 

complexity of the method in addition to the highly volatile nature of SCFAs frequently 

interacting with other chemical elements or compounds to create a more stable 

entity, or simply disperse into the surrounding environment. These interactions likely 

occurred during the extraction process in addition to the UPLC stages of the 

experiment consequently the method requires further development for a more 

definitive identification.  

 

5.4.1 Method development 

During method development (2.9) the butyric acid standard was measured at a Rt 

of between 1.45-1.46 (Table 5.9) with all samples showing a peak at around 1.4 Rt 

and 87.01 M-H. The structure of butyric acid (C4H8O2) and the possible experimental 

interactions have been outlined (above), describing the process of esterification, 

potentially forming either dihydroxybutyric acid (C4H8O4; Molecular Weight: 120.04 

g / mol) which has been used for butyric acid identification (Walther et al., 2017; 

Kleinzeller, 1943) or forming methyl butanoate (C5H10O2; Molecular Weight: 102.13 

g / mol). Butyric acid identification in breast milk samples was targeted at Rt 1.11 ± 

0.01 and base peak at 101; the profile of the fragmentation pattern outline in Figure 

5.4 was also present on the spectra. The method development results used formula, 

full fat cow’s milk and semi skimmed cow’s milk samples. All samples showed a 

potential signal for butyric acid. Butyric acid was not detected in the formula milk, 

formula feeding increases the risk of developing NEC and sepsis, the presence of 

long chain fatty acids (Mendonça et al., 2017) and lack of SCFAs in formula may 
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play a role in this predisposition to disease correlated with formula milk feeding 

regime. However, due to the challenging nature of the experiment, complete and 

unambiguous confirmation of butyric acid was limited, therefore further improvement 

of the procedures within the method are required to measure the amount of SCFAs 

in the breast milk samples.  

 

Other methods of analysing breast milk have been explored, but most have complex 

extraction techniques, require derivation, or specific injection methods, and involve 

instrumentation such as Gas Chromatography Mass Spectrometry (GCMS) (Hoving 

et al., 2018), which may have applications for breast milk analysis. GC-MS has been 

used to identify and quantify fatty acids with greater than 12 carbons (Chuang et al., 

2013; Dodds et al., 2005) and amino acid comparison between formula and breast 

milk samples (Scano et al., 2016). Alternatively, solid phase micro extraction 

(SPME) (Garner et al., 2009) has been used in faecal samples finding decreased 

volatile organic compounds (VOCs) before and after NEC onset, and a tendency for 

VOCs to increase as GA increases, this technique could be adjusted to the 

measurement of VOCs in the headspace above breast milk samples, in addition 

HMOs but not SCFAs have also been measure using SPME (Ward et al., 2007).  

 

Direct extraction (Kangani et al., 2008) through Gas Chromatography Flame 

Ionisation Detector (GC-FID) and Gas Chromatography Combustion–Isotope Ratio 

Mass Spectrometry (CG-C-IRMS) have examined the concentration of fatty acids in 

plasma, but only in longer carbon chains but this could potentially be adapted 

SCFAs; however the extraction method used isopropanol-heptane-hydrochloric acid 

and required derivation. Whilst the extraction technique was complex, the lipids 

were protected against oxidation by the addition of butylated hydroxytoluene, 
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however it is likely that this would also complicate the interactions undergone with 

the highly volatile SCFAs. High-performance liquid chromatography-fluorescence 

(Torii et al., 2019; Torii et al., 2010) has been used to label SCFAs with 9-

chloromethylanthracene, whilst the extraction technique was multistep and 

complex, butyric acid was clearly identified and quantified. In addition to linking 

higher concentrations of butyric acid with attenuating inflammation, suppressing 

activation of NF-κβ as well as upregulating xenobiotic metabolizing enzymes – the 

previous chapter (Chapter 4) outlined a link between probiotics and therefore a 

healthier bacterial microbiome with upregulated xenobiotic metabolic pathways, a 

potential area for further research. 

 

5.4.2 Breast milk samples 

As previously discussed there have been studies showing that increased quantities 

of some SCFAs in the gut, including acetic acid, propionic acid and butyric, may 

increase the occurrence of NEC (Lin, 2004; Szylit et al., 1998; Kien, 1990). Whilst 

this chapter examines the amount of SCFAs and butyric acid in particular in breast 

milk prior to determine if these levels also impact disease in preterm infants which 

has not previously been explored. The breast milk from preterm infants that 

developed NEC were shown to have significantly (p-value = 0.001) greater 

concentrations of butyric acid (Table 5.9) as tentatively identified via 

dihydroxybutyric acid or methyl butanoate fragmentation analyses (Figure 5.3 and 

Figure 5.4). The breastmilk samples from after NEC timeframe had higher quantities 

of butyric acid then before NEC samples (Table 5.9, Figure 5.7 and Figure 5.8), but 

these levels were not significant (p-value = 0.079). It is not clear if the increased 

butyric acid in breast milk samples is linked to a predisposition to NEC, but the 

tentative relationship warrants further investigation into the bacterial microbiome 
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within the breastmilk and a comparison with the corresponding faecal samples to 

better understand the correlations with disease.  

 

Concomitantly, there was no difference (p-value = 0.329) in butyric acid quantities 

between samples linked to LOS and those without LOS (Table 5.9, Figure 5.9 and 

Figure 5.10). Whilst no comparison between probiotic administration and the SCFA 

concentration in breast milk can be drawn, it is worth noting that the preterm infants 

administered probiotics had upregulated metabolic pathways linked to healthier 

outcomes (Chapter 4) and relatively, but not significantly, higher levels (p-value = 

0.403) of butyric acid prior to probiotic administration (Table 5.9, Figure 5.11 and 

Figure 5.12). 

 

The metabolism and inference relating to bacterial functionality has been discussed 

(Chapter 4) and the pathways of significance were outlined; full pathways are 

detailed in Appendix 8. Metabolic Pathways. Whilst NEC appeared to be the driver 

of difference between the quantity of butyric acid in breast milk samples (Table 5.9), 

probiotics, and LOS were the key drivers in the metabolic inference profiles. 

However, there was some key overlap. Pyruvate metabolism, TCA / citrate cycle, 

lipoic acid metabolism, fatty acid biosynthesis and carbon fixation were significant 

metabolic pathways in the Chapter 4 analysis of stool samples; all these pathways 

require butyric acid and its derivatives. These metabolic pathways were significantly 

linked to probiotics administration, and specifically the probiotic bacteria 

Bifidobacterium, Lactobacillus and Lactococcus (p-values < 0.001). Contrarily, the 

LOS metabolic pathway inference had different pathways of significance. The main 

pathway of relevance relates to the hydroxybutyric acid derivative and the 

correlation to ketone bodies. Infants are able to use ketones as an alternative to 
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glucose if concentration levels are too low (Harris et al., 2019), which may in part 

explain the significant ketone bodies metabolic pathway being driven in samples 

with LOS, as the infant struggles to find sources of energy.  

 

5.5 Further Work 

This method requires much more development, with attention to the extraction 

procedure to increase the amount of SCFAs extracted in the one-step procedure. 

Similarly, method optimisation and background noise need to be reduced to allow 

the potential peaks of 87.01 M-H to be analysed. The extraction procedure also 

needs to be refined in order to enable identification of butyric acid directly rather 

than via the presence of dihydroxybutyric acid or methyl butanoate, and to allow 

quantification with consistent peak intensities. Whilst GC-MS analysis is sensitive 

and accurate in the analysis of SCFAs the method is complicated with multistep 

derivation and extraction techniques (Weir et al., 2013; Zheng et al., 2013). The one-

step method used in this chapter may benefit from investigating the use different 

mobile phase reagents as described by Zeng and Cao (2018): Mobile phase A: 

formic acid (0.1 %) in water with 10 mM Ammonium formate; Mobile phase B: and 

formic acid (0.1 %) in Methanol:Isopropyl Alcohol (9:1 v/v) which has successfully 

been used to identify and quantify SCFAs from just 20 μL of plasma.  

 

It would also be useful to measure the SCFAs and other metabolites (Hellmuth et 

al., 2018) in the stool of the preterm infants, compare these measurement to gut 

microbiota as well as the SCFAs in the breast milk received by the infants in addition 

to the microbiome of the breast milk will give a holistic picture of the interactions in 

relation to SCFAs microbiota. In order to specify the role of Bifidobacteria in relation 

to the utilisation of SCFAs it would also be useful to run qPCR on the stool and 
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breast milk samples, this would elucidate the bifidobacterial strains in relation to 

SCFAs present and the bacterial microbiome profile. Future work measuring the 

SCFAs in the infants’ stool and those found in the breast milk fed to these infants 

may elucidate the role of SCFAs in diseased preterms. The positive role of the HMO 

DSLNT has been outlined (1.4.2), however the interaction between SCFAs, and 

specifically butyric acid may elucidate further biomarkers for disease prevention in 

preterm infants.   

 

Investigation using of headspace (HS) solid-phase microextraction (SPME) GC 

methods (Arthur and Pawliszyn, 1990) may enable identification and quantification 

of SCFAs in breast milk (Mills and Walker, 2000; Röhrig and Meisch, 2000; Mills et 

al., 1999). HS SPME GC does not need a derivatisation step which reduces the loss 

of volatiles such as SCFAs, and the polydimethylsiloxane (PDMS) fibre can be 

directly inserted into the breast milk sample (Bianchi et al., 2011). However, the 

method calls for 290 μL sample, with 10μL internal standard, plus 30 μL sulphuric 

acid (H2SO4, 0.9 M). H2SO4 can act as a catalyst in the esterification reaction 

(Walwil, 2018) with butyric acid to form butyl butanoate, a similar reaction 

hypothesised to have occurred in this chapter. SPME LC-MS has also been utilised 

to characterise breast milk metabolites (Garwolińska et al., 2017, 2018) but not 

specifically target SCFAs and this route could also be further investigated. 

 

Synthesis of fatty acids are regulated by fatty acid synthase (FASN) and acetyl / 

malonyl CoA (ACC), which may be an indicator of fatty acid metabolism in human 

breast milk (Zhu and Luo, 2017). Similarly, beta(β-)-hydroxybutyrate as a derivative 

of dihydroxybutyric acid after the loss of a hydroxyl group, this has been measured 

as a biomarker for neonatal hypoglycaemia (Harris et al., 2019) and potentially 
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ketosis (Ježek et al., 2017; Bhagavan and Ha, 2011) via a point-of-care Statstrip 

(Nova Biomedical, Waltham, Mass. USA). Therefore, further investigation into 

ketogenesis may be linked to fatty acid activation and β-hydroxybutyrate. Similarly, 

the isomers of hydroxybutyric acid (Figure 5.3) are also important in the metabolic 

pathways (Appendix 8. Metabolic Pathways) identified from next generation 

sequencing in Chapter 4. It may be of interest to investigate linking the presence of 

butyric acid, hydroxybutyric acid and methyl butanoate to metabolomic pathways of 

significance within the human breast milk microbiome and metabolome using 

ketogenesis pathways.  

 

5.6 Summary 

Tentative identification of butyric acid, as the SCFA of interest, was made. Whilst 

significant method development is still required to thoroughly examine the findings, 

and to find a quick and simple extraction method for SCFAs to enable accurate 

UPLC-QTOF MS analysis of breast milk samples. As identification of butyric acid 

was tentative only tentative conclusions were drawn in relation to butyric acid and 

disease in preterm infants. Preterm infants with NEC had significantly increased 

levels of the tentatively identified butyric acid, but there was no difference found in 

infants with LOS. Therefore, high levels of butyric acid, in mother’s breast milk may 

potentially be a biomarker for NEC. The ability to test the mother’s milk prior to 

disease onset could potentially provide an early warning biomarker for NEC. 
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6 Chapter Six – Discussion and Conclusion  

6.1 Research Project Aims 

Preterm infants are susceptible to many life-limiting diseases, the two most 

prevalent are NEC and LOS, the former the most impactful causing 21 % of all 

deaths in infants under 32 weeks gestational age (GA) (Stewart et al., 2012). The 

latter with an incidence of 3/1000 live births and 29/1000 neonatal admissions (Jiang 

et al., 2004), and mortality up to 10 % (Stewart et al., 2017b); the two disease are 

also linked as LOS has been associated with the onset of NEC (Shane et al., 2017). 

Whilst there have been many studies relating to NEC and LOS the aetiology of 

disease is still not clear (Soll, 2020), this research project aims to increase  

understanding in the key factors influencing disease and disease prevention in 

preterm infants using different techniques and analysis. The specific aims are: 

 To investigate a Bifidobacteria sepsis case study to explore a link between 

the development of sepsis in two infants and the administration of probiotics 

containing Bifidobacteria (Chapter 3). As there were only two infants drawing 

any wider conclusions was restricted, however the case study utilised the 

methods to be employed in Chapter 4, allowing for the development of, and 

training in, the most efficient and accurate techniques. 

 To corroborate trends from previous studies which examine the impact of 

NEC and LOS on the preterm gut microbiome Secondly to examine the 

influence of probiotics on the gut microbiome and to corroborate with 

previous findings briefly considering other factors such as mode of delivery, 

gender and day of life (DOL). Subsequently to highlight any specific genera 

related to disease progression before and after the onset of NEC or LOS 

Finally, to outline the influence of disease state and stage, in addition to the 
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role of probiotics on the upregulation or downregulation of metabolic 

pathways. (Chapter 4) 

 To prove the presence of SCFAs, specifically butyric acid, in the breast milk 

of preterm infants was examined to determine a link between the health 

outcomes of the preterm infants. To identify the most accurate method of 

analysing if the breast milk from mothers whose preterm infants went on to 

develop NEC had lower levels of the SCFA butyric acid than those that did 

not develop NEC. (Chapter 5) 

 

6.2 Summary of Key Findings 

The work presented in this thesis found that the correlation between an increased 

relative abundance of Bifidobacterium spp. and the onset of LOS experienced by 

the two infants in the case study (Chapter 3) did not confirm cause, and the 

mechanisms of infection are yet to be elucidated. However, both infants exhibited 

low diversity as well as decreased obligate anaerobes prior to LOS onset. The link 

between LOS and probiotic Bifidobacteria was inconclusive. 

 

Chapter 4 observed that colonisation and bacterial abundance patterns supported 

previous studies, where reduced abundance of commensal bacteria was apparent 

in infants with NEC, but this was not conclusive for LOS. Probiotics increased 

diversity and the abundance of bacteria linked to a healthier microbiome. Probiotics 

were also linked to the upregulation of specific metagenomic pathways, potentially 

protecting immunocompromised preterm infants, and initiating healthier outcomes, 

but this link requires further investigation. The majority of the pathways relate to 

ensuring access to energy, amino acids and vitamins all essential for an infant to 

thrive. The drug metabolism pathway however also related to xenobiotics, the 

pathway by which antibiotics are effective, thereby having an influence in the 
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immune system and immunoregulatory response of the host. The heightening 

functional abundance of this pathway may in part explain the protective role of 

probiotics for preterm infants. Whereas the metabolic pathways where LOS 

occurred were different to those detailed in the probiotic comparison, as were the 

taxonomic drivers. The indicators outlined a pattern of increased energy 

requirement and a metabolic system in crisis, in addition to signatures relating to an 

immune response to infection. 

 

The breast milk from the mothers of preterm infants that developed NEC were 

shown to have a greater concentrations of butyric acid (Chapter 5), whilst there was 

no difference between samples linked to LOS and those without LOS. The preterm 

infants administered probiotics had upregulated metabolic pathways were linked to 

healthier outcomes (Chapter 5) and relatively, but not significantly, higher levels of 

butyric acid prior to probiotic administration raising the possibility that the butyric 

acid may be utilised as an energy source for growth by the probiotic bacteria such 

as Bifidobacterium.  

 

6.3 Strengths and Limitations 

The stool sample chapters (Chapter 3 and Chapter 4) and breast milk samples 

(Chapter 5) were obtained from the same NICU by trained staff under stringent 

protocols and can therefore be assured that contamination was kept to a minimum 

and the samples were stored as quickly and safely as possible. The length of 

storage at -80 °C has been investigated and had no discernible negative effect on 

the ability to provide viable results for either stool (Kia et al., 2016) or breast milk 

(Wagner-Golbs et al., 2019) samples. However, when collecting samples under 

difficult circumstances in the NICU there can be gaps in sampling due to the inability 
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of an infant or mother to provide a specimen and this needs to be accounted for 

during analysis. Whilst the sample sizes for Chapter 3 are too low to be 

representative and to draw strong conclusions, they form a useful foundation for 

analysis and allowed method optimisation for the samples in the main cohort 

(Chapter 4) which was a viable size but would similarly have been strengthened by 

increased sample cohort, and if control and disease samples were aligned more 

stringently by DOL. Similarly, the sample size in Chapter 5 was limited but allowed 

determination of proof of concept and method optimisation for further large-scale 

studies.  

 

Operational taxonomic units (OTUs) were used in the statistical analysis from the 

NGS output primarily as a key aim was to build on the foundation of previous studies 

outlined in Chapter 1 (Stewart et al., 2012, 2016b, 2017a; Abdulkadir et al., 2016a; 

Warner and Tarr, 2016) which utilised OTUs thereby allowing for a direct 

comparison of results. 16S rRNA is still the gold standard for sequencing microbial 

communities, however the issue of PCR bias within the sequencing protocol has 

consistently occurred due to chimera formation when incomplete PCR products act 

as primers and amplify related fragments (Haas et al., 2011; Schloss et al., 2011; 

Petrosino et al., 2009), leading to spurious reads (Edgar, 2018). This thesis used 

Uchime in Mothur (Edgar et al., 2011; Schloss et al., 2009, 2011) to reduce chimera 

associated OTU identification, in addition to improved filtering and denoising (Edgar, 

2018; Al-Shehri et al., 2016; Callahan et al., 2016a). To further bolster the reliability 

of the findings two analytical software platforms were used to process the data; 

QIIME2 being the more reliable and accurate platform (Kaszubinski et al., 2019; 

Bokulich et al., 2018; Caporaso et al., 2012) and R packages which allow 

comparison with the previous studies (R Core Team, 2018; Yu et al., 2017; 
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McMurdie and Holmes, 2015). However further analysis using amplicon  sequence 

variants (ASVs) through the DADA2 pipeline (Callahan et al., 2016b, 2017) which 

detect and cluster by individual nucleotide variation can increase sensitivity and may 

be useful to run for comparison in future research. Similarly, Multinomial Mixture 

(DMM) analysis (Holmes et al., 2012) to compare PGCT clustering would strengthen 

the patterns bacterial abundance and metagenomic pathways. 

  

The one-step method (George et al., 2018; Andreas et al., 2015a; Villaseñor et al., 

2014) used in Chapter 5 for UPLC-QTOF analysis of the SCFA butyric acid in breast 

milk, only allowed for tentative identification. However, after further substantial 

method development there may be the potential of an improved, reliable and quick 

method for quantifying SCFAs in order to further investigate the metabolomic link 

with the bacterial microbiome of breast milk and stool samples. Further examination 

of other one step methods of lipid extraction (Wong et al., 2019; Alshehry et al., 

2015) may elucidate an enhanced method for SCFA analysis. 

 

6.4 Future Research  

6.4.1 Ecological Theory and the Microbiome 

Prosser et al. (2007) proposed that ecological theory was important to bring order 

and understanding to the microbial world; as the microbiome is an ecological system 

(Milani et al., 2017), microbial succession theory can help to explain changes within 

the microbiome in response to differing microorganisms within the microbiome. A 

healthy ecosystem and a healthy microbiome are characterised with high diversity 

of species with a balance of richness, functional redundancy and resistance to 

disease; conversely an unhealthy ecosystem or microbiome is characterised by 

dysbiosis, defined as low species diversity, imbalance of richness, a lack of 
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functional redundancy resulting in susceptibility to disease (Dibartolomeo and 

Claud, 2016). The infants with NEC epitomised gut dysbiosis in this study (Chapters 

3 and 4), as did infants with LOS to a lesser extent.  

 

Vallès et al. (2014) describe the first year of life separate microbial succession into 

two phases, before and after the introduction of solid food after 3 months of age. 

Microbial succession theory would dictate that early colonisation would be 

dominated by opportunist or pioneer species, the facilitation model. This model 

would be supported by Milani et al., (2017a) who found that Bifidobacterium and 

Bacteroides show up later in preterm infants than term infants, with 

Enterobacteriaceae, Enterococcus and opportunistic pathogenic bacteria appearing 

initially, this was seen to be mitigated in this study with the administration of 

probiotics causing an increase in relative abundance of these bacteria. Very 

premature infants’ gut is dominated with Gram positive bacteria such as 

Staphylococcus and Enterococcus in the first 4 weeks, with Gram negative bacteria 

such as Enterobacteriaceae and Veillonella being found in variable abundances. 

However, Vallès et al. (2014) found that in the first week of life only the genera 

Clostridium and Escherichia would fulfil this description, whereas Bacteroides, 

Veillonella and Bifidobacteria have optimal growing times of 1 – 3 hours and would 

be considered intermediate to slow growing bacteria. Suggesting these bacteria are 

specialists in the gut rather than opportunistic; the week-old infants also had 

microbiota dominated by strict anaerobes rather than the assumed early colonisers 

facultative anaerobes. This study has shown the use of probiotics to be beneficial in 

increasing relative abundance of Bifidobacterium, but this highlights the potential for 

Veillonella as a supplement to be investigated. 
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The anaerobic conditions occurring soon after birth means that strict anaerobes 

have a competitive advantage over the facultative anaerobes. Bacteroides, 

Bifidobacterium, Escherichia and Clostridium can utilise mucin and lactose, 

whereas Veillonella cannot metabolise carbohydrate and requires SCFAs for 

growth, therefore the presence of Veillonella suggests a food chain was already 

established allowing access to SCFAs. The infants in this cohort did not have 

substantial Veillonella which may indicate a reduced SCFAs and reduced ability to 

access energy. Chapter 5 indicated probiotic bacteria may ameliorate this effect, 

overall there was a lack of determinism in successional paths making predicting 

disease biomarkers difficult using this technique. Generally, functional profiling 

parallels phylogenetic profile, but often the first week of life in healthy infants sees 

increased diversity and richness with interspecific competition removing rare taxa 

after the first month and for the next two months as seen by decreased richness 

whilst diversity either remains the same or increased. Classical succession theory 

(Wopereis et al., 2014; Connell and Slatyer, 1977) espoused that after such a period 

of species loss due to competition there would be a period of stability, but this is not 

generally seen in infant microbiota, and supported in this study, therefore this may 

be a contributing factor in the susceptibility for infection experienced by preterm 

infants (Robertson et al., 2019b).  

 

6.4.2 Preterm Birth  

6.4.2.1 Genetic considerations of PTB 

The interconnectedness of PTB and preterm infants has a genetic association with 

PTB (Zhang et al., 2017a); the EBF1, EEFSEC, AGTR2, WNT4, ADCY5, and 

RAP2C loci were associated with gestational duration and variants at the EBF1, 

EEFSEC, and AGTR2 loci with PTB. Increased TLR4 mRNA occurs prior to PTB 

and may be a biomarker in women at risk of PTB (Awasthi and Pandey, 2019). 
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Significantly, COX2 and IL-6 increased when co-cultured, affecting the maternal 

smooth muscle and foetal membrane response, therefore some proinflammatory 

upregulation stimulates the uterine transitioning required for labour to be initiated 

(Leimert et al., 2019; Nadeem et al., 2019); illustrating the crosstalk between the 

maternal and infant immunological response. Gene targeted analysis of the Chapter 

4 cohort may elucidate further the genes associated with PTB, in addition if these 

genes influence disease in preterm infants.  

 

Difference in sex has biological implications relevant to PTB (Alur, 2019) because 

male and female foetuses have different protein and gene expressions, which 

become emphasised when undergoing trauma associated with the causes of PTB. 

A survival advantage has been evolved for females is the impact of maternal 

glucocorticoids (GC) on foetal growth and the development of internal organs. 

Specifically, mild pre-eclampsia and asthma are associated with normal growth in 

male infants but slow growth in females; therefore, female foetuses survive whilst 

males encounter intrauterine growth restriction (IUGR), preterm delivery and even 

death if a second adverse event is encountered. Diet, obesity and diabetes have 

been linked to the same disease in male infants as they move into childhood and 

adulthood, but not necessarily influencing female infants in the same way. There is 

a similar pattern of increased male diseased preterm infants than female (Simmons 

et al., 2010) suggesting a genetic link requiring further investigation.   

 

New approaches using mechanical engineering may lead to improved methods to 

reduce PTB resulting from issues with the mothers cervix (Jain and Gyamfi-

Bannerman, 2016). Increased levels of Lactobacillus iners has been linked to short 

cervix and PTB (Kindinger et al., 2017), but no link was found between vaginal 
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dysbiosis and PTB. The foetal fibronectin test (Koullali et al., 2016) may be helpful 

in predicting PTB as the degradation of fibronectin, along with proteoglycans 

activates TLR4 which may explain how sterile inflammation can lead to PTB (Areia 

et al., 2019b). The likelihood of PTB under these circumstances is increased if the 

mother has a short cervix, but this foetal fibronectin test can be used within the 

clinical setting and can give results within 10 minutes (Abbott et al., 2013).  

 

6.4.3 Preterm Disease  

Proteins involved in nucleotide, amino acid, carbohydrate, and lipid metabolism are 

responsible for differentiating proteomes of the same bacteria in different infants; 

with low microbial diversity associated with both antibiotic treatment and NEC as 

found in this study (Chapter 4), but it was unclear if this was causal or confounding, 

and an area which may need further research (Brown et al., 2018). Further 

investigation into the mechanisms of crosstalk may elucidate disease profiles in 

preterm infants. The microbiome may mediate crosstalk between faecal metabolites 

and blood metabolites through six key species (Visconti et al., 2019): Unclassified 

Subdoligranulum spp.; F. prausnitizi; R. inulinivorans; Methanobrevibacter smithii; 

E. rectale; and A. muciniphila which were not highlighted by this study as key genera 

and therefore further more focused examination to species level may uncover more 

disease specific relationships.  

 

6.4.4 Bacteriophages  

The use of bacteriophages (Phage therapy) to fight bacterial infections, may be a 

way to circumnavigate antibiotic resistance genes found in many preterm infants 

(1.2.3.3), but the potential in pregnancy to prevent PTB has yet to be investigated 

(Mirzaei and Maurice, 2017). Similarly, combined antibiotic / anti-inflammatory 

treatment is under investigated in relation to PTB prevention, whilst in murine 
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models’ nonsteroidal anti-inflammatory drugs (NSAIDs) have successfully treated 

intrauterine inflammation, however NSAIDs have been associated with negative 

pregnancy outcomes in general and more specifically foetal ductus arteriosus. A 

preferable approach may be corticosteroids as they reduce contractibility of the 

uterus. Cytokine-suppressive anti-inflammatory drugs (CSAIDs) interfere with the 

inflammatory cascade, a potentially more targeted effect, and have decreased PTB 

rates in high-risk women with bacterial vaginosis (Stinson and Payne, 2019). Phage 

therapy may be an area of development for the prevention of NEC, as the 

bacteriophages can attack specific pathogens without destroying non-pathogenic 

species (Abedon, 2014; Koskella and Meaden, 2013; Sulakvelidze et al., 2001). 

 

6.4.5 Genetic considerations of disease 

Different genes in NEC and Non-NEC preterm infants have been associated with 

carbohydrate metabolism from Enterobacteriaceae; with decreasing Firmicutes and 

increasing Proteobacteria pre-NEC as a general pattern (Claud et al., 2013). Also 

reported was microbial community adaptation causing breast milk metabolism to 

change prior to NEC onset because of differing substrate availability in the diseased 

state when compared to the non-diseased infant. This study tentatively linked NEC 

with heightened levels of butyric acid in breast milk and reduced levels of bacteria 

with genes associated to carbohydrate metabolism (4.4.4 and 5.4.2). The main 

genes associated with central carbohydrate metabolism are pyruvate carboxyl 

transferase and two forms of glyoxylate reductase, once the role of butyric acid in 

breast milk is more specifically examined, these pathways and the interaction with 

butyric acid may hold further information for creating biomarkers for NEC.  

 

Genes also play a role regarding antibiotic resistance as when Klebsiella, 

Escherichia and Enterobacter dominate the preterm gut they encode a large number 
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of antibiotic resistance genes from organisms belonging to the pathogen family 

ESKAPE (Enterococcus faecium, Staphylococcus aureus, Klebsiella spp., 

Acinetobacter baumannii, Pseudomonas aeruginosa, and Enterobacter spp.) which 

are often found in NICU environments (Brooks et al., 2014). Both Gibson et al. 

(2016) and Gasparrini et al. (2016 and 2019) offered a prediction regarding the 

direction of species richness in response to vancomycin and gentamicin treatment 

based on the relative abundance of two species: S. aureus and E. coli combined 

with two antibiotic resistance genes: cpxR and cpxA. However, the clinical reality of 

using gene and bacterial abundance to predict disease outcome is yet to be 

described but can direct research away from β-lactam antibiotic which acutely effect 

the preterm gut toward next generation antibiotics more similar to gentamicin and 

thereby reducing disrupting of the preterm microbiota.  

 

6.5 Research Implications and Clinical Relevance 

The findings of this thesis enhance the knowledge of the microbiome within preterm 

infants, the complexity of interactions and importance of metabolic pathways on 

susceptibility to diseases such as NEC and LOS due to the immunological 

immaturity evident in preterm infants. The case study (Chapter 3) raises an 

important issue regarding the safety and efficacy of probiotics usage, whilst 

inconclusive, there is a requirement for further studies to fully explore and evaluate 

the risk in comparison to the benefits of probiotic administration. Chapter 4 further 

investigates the influence of probiotics in addition to disease profiles of the gut 

microbiome, supporting the findings of previous studies as detailed (4.1) as well as 

supporting the increasing relevance of metagenomic pathway profiling (4.4.4) in 

order to fully elucidate the complex interactions in the gut of preterm infants, adding 
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to the knowledge relating to disease pathways and the positive influence of 

probiotics administered in the NICU.  

 

The work in this thesis also supported the concept that levels of SCFAs, specifically 

butyric acid, may provide potential biomarkers for disease susceptibility in preterm 

infants. The method requires further investigation as discussed (6.3) to fully explore 

the potential clinical significance of quantifying SCFAs if they can then be linked to 

attenuated metabolic pathways resulting in differing disease profile susceptibility in 

preterm infants, and potentially elucidating biomarkers for disease.  

 

6.6 Conclusion 

Probiotics increased Bifidobacterium abundance and was linked to increased genes 

relating to metabolic pathways for energy accessibility and immunological response 

to infection, potentially aiding the preterm infants’ system in fighting disease. 

Similarly, pathways in preterm infants with probiotics closely mirrored infants that 

did not develop NEC, thereby advocating the role of probiotics in the ability of the 

preterm infants to access energy and support the immune response linked to 

healthier outcomes. The tentative relationship between increased butyric acid in 

breast milk samples and a predisposition to NEC in the corresponding preterm 

infants warrants further investigation into the metabolic pathways in relations to the 

bacterial microbiome within the breastmilk. In addition, a comparison with the 

corresponding faecal samples may aide in better understanding of the correlations 

with disease. Whilst NEC appeared to be the driver of difference between the 

quantity of butyric acid in breast milk samples, probiotics and LOS were the key 

drivers in the metabolic inference profiles. 
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Appendices 

Appendix 1. Ethical Approval Memorandum 

Teesside University School of Science, Engineering and Design memorandum of Ethical 

Approval the approval relates to the project title ‘Probiotics and bacterial community profiles 

in preterm infants at risk of necrotising enterocolitis’ the protocol for which covers the 

methodologies used in this thesis.  
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Appendix 2. Matched NGS samples metadata and UPLC-MS results 

All preterm infants were exposed to antibiotics. Where DOL is the day of life of the sample; NEC Onset is the DOL that NEC was diagnosed; 

Sample Time details if the sample is before or after the onset of NEC; LOS onset is the DOL of LOS diagnosis; Weight is the birthweight 

of the infant in grams; Delivery: V = Vaginal, C = Caesarean Section; Multiple, Y/N to if twin or triplet; Gender, M = male, F = female; GA 

is the gestational age in weeks; Pbx = probiotics Y if administered, N = if not administered; BMF = breast milk fortifier administered Y/N; 

AnitF = antifungal medicines administered Y/N; Rt 87.01 = retention time that M-H at 87.01 was seen. 

Patient Sample 
No 

DOL NEC NEC 
Onset 

Sample 
Time 

LOS LOS 
Onset 

Weight 
(g) 

Delivery Multiple Gender GA Pbx BMF AntiF Rt 
87.01 

Notes 

p199 CS1776_1 24 Y 25 After N N 725 V N F 25 ? ? Y 1.12 113 highest peak at both Rts 

p199 CS1776_2 24 Y 25 After N N 725 V N F 25 ? ? Y 1.14 101.04 highest peak at both Rts 

p229 CS2757_1 56 N N None N N 910 V Y F 25 N Y Y 1.14 113 highest peak at both Rts 

p229 CS2757_2 56 N N None N N 910 V Y F 25 N Y Y 1.12 101.04 highest peak at both Rts 

p396 GY1347_1 35 Y 16 After N N 855 C Y M 27 Y N Y 1.14 101.04 highest peak at both Rts 

p396 GY1347_2 35 Y 16 After N N 855 C Y M 27 Y N Y 1.14 101.04 highest peak at 1.14, 113 
highest peak at 2.64.  

p396 GY1254_1 11 Y 16 Before  N N 855 C Y M 27 Y N Y 1.12 101.04 the highest peak at both 
Rt; Rt 1.4 dihydrobutyric acid 
profile 

p396 GY1254_2 11 Y 16 Before  N N 855 C Y M 27 Y N Y 1.14 101.04 highest peak at 1.14, 113 
highest peak at 1.82 

p397 GY1467_1 52 N N None N N 840 C Y F 27 Y N Y 1.12 101.04 highest peak at both Rts 

p397 GY1467_2 52 N N None N N 840 C Y F 27 Y N Y 1.14 101.04 highest peak at 1.14 Rt, 
113 highest peak at 2.03 

p405 GY1629_1 10 N N None N N 750 V Y F 26+2 Y Y Y 1.12 101.04 highest peak at 1.12; 
128.97 highest peak at 3.22 
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p405 GY1629_2 10 N N None N N 750 V Y F 26+2 Y Y Y 1.12 101.04 highest peak at 1.12; 
128.97 highest peak at 3.22 

p405 GY1902_1 37 N N None N N 750 V Y F 26+2 Y Y Y 1.11 101.04 highest peak at both Rts 

p405 GY1902_2 37 N N None N N 750 V Y F 26+2 Y Y Y 1.09 101.04 highest peak at Rt 1.09, 
113 highest peak at 1.84 

p405 GY1690_1 19 N N None N N 750 V Y F 26+2 Y Y Y 1.12 101.04 highest peak at Rt 1.12, 
113 highest peak at 2.03 

p405 GY1690_2 19 N N None N N 750 V Y F 26+2 Y Y Y 1.12 101.04 highest peak at Rt 1.12 and 
1.70 

p405 GY1794_1 27 N N None N N 750 V Y F 26+2 Y Y Y 1.62 128.97 highest peak at Rt 1.62; 
101.04 highest peak at 2.06 

p405 GY1794_2 27 N N None N N 750 V Y F 26+2 Y Y Y 1.40 128.97 highest peak at Rt 1.40; 
113 highest peak at 2.69 

p405 GY2034_1 50 N N None N N 750 V Y F 26+2 Y Y Y 1.40 107.06 highest peak at 1.40; 91.94 
highest peak at 2.96 

p405 GY2034_2 50 N N None N N 750 V Y F 26+2 Y Y Y 0.92 113 highest peak at both Rts, also 
large peak at 1.40 as well but not 
registering at 87.01 

p405 GY2100_1 57 N N None N N 750 V Y F 26+2 Y Y Y 1.12 101.04 highest peak at both Rts 

p405 GY2100_2 57 N N None N N 750 V Y F 26+2 Y Y Y 1.12 101.04 highest peak at 1.12; 113 
highest peak at 1.69 

p424 GY2779_1 54 Y 13 After N N 510 V N F 23+1 Y N Y 1.12 101.04 highest peak at 1.12; 
128.97 highest peak at 1.69 

p424 GY2779_2 54 Y 13 After N N 510 V N F 23+1 Y N Y 1.14 101.04 highest peak at 1.14; 113 
highest peak at 2.55 

p424 GY3035_1 94 Y 13 After N N 510 V N F 23+1 Y N Y 1.11 101.04 highest peak at 1.11; 113 
highest peak at 1.58 

p424 GY3035_2 94 Y 13 After N N 510 V N F 23+1 Y N Y 1.11 101.04 highest peak at both Rts 

p424 GY2587_1 40 Y 13 After N N 510 V N F 23+1 Y N Y 1.12 101.04 highest peak at both Rts 

p424 GY2587_2 40 Y 13 After N N 510 V N F 23+1 Y N Y 1.11 101.04 highest peak at both Rts 

p424 GY2668_1 36 Y 13 After N N 510 V N F 23+1 Y N Y 1.12 101.04 highest peak at both Rts 

p424 GY2668_2 36 Y 13 After N N 510 V N F 23+1 Y N Y 1.12 101.04 highest peak at both Rts 

p431 GY3037_1 59 N N None N N 640 V N F 24+4 Y Y Y 0.63 113 highest peak at both Rts 

p431 GY3037_2 59 N N None N N 640 V N F 24+4 Y Y Y 1.12 113 highest peak at both Rts 
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p431 GY2599_1 7 N N None N N 640 V N F 24+4 Y Y Y 1.53 113 highest peak at both Rts 

p431 GY2599_2 7 N N None N N 640 V N F 24+4 Y Y Y 1.53 113 highest peak at both Rts 

p431 GY3161_1 74 N N None N N 640 V N F 24+4 Y Y Y 1.07 113 highest peak at both Rts 

p431 GY3161_2 74 N N None N N 640 V N F 24+4 Y Y Y 1.29 113 highest peak at both Rts 

p431 GY2777_1 19 N N None N N 640 V N F 24+4 Y Y Y 1.21 113 highest peak at both Rts 

p431 GY2777_2 19 N N None N N 640 V N F 24+4 Y Y Y 1.21 113 highest peak at 1.21; 92.94 
highest peak at 1.85 

p431 GY2876_1 36 N N None N N 640 V N F 24+4 Y Y Y 1.14 113 highest peak at both Rts 

p431 GY2876_2 36 N N None N N 640 V N F 24+4 Y Y Y 1.14 101.04 highest peak, 143.05 
second then 89.04  

p431 GY2862_1 31 N N None N N 640 V N F 24+4 Y Y Y 1.40 128.97 highest peak at both Rts 

p431 GY2862_2 31 N N None N N 640 V N F 24+4 Y Y Y 1.43 128.97 highest peak at 1.43; 124 
highest peak at 2.13 

p431 GY3233_1 85 N N None N N 640 V N F 24+4 Y Y Y 0.27 113 highest peak at both Rts 

p431 GY3233_2 85 N N None N N 640 V N F 24+4 Y Y Y 1.16 113 highest peak at both Rts 

p431 GY2745_1 21 N N None N N 640 V N F 24+4 Y Y Y 1.21 129 highest peak at both Rts 

p431 GY2745_2 21 N N None N N 640 V N F 24+4 Y Y Y 1.29 99.0 highest peak at 1.29, 92.93 
highest peak at 1.65 

p431 GY2965_1 46 N N None N N 640 V N F 24+4 Y Y Y 1.24 79.97 highest peak at 1.24; 124.01 
highest peak at 1.92 

p431 GY2965_2 46 N N None N N 640 V N F 24+4 Y Y Y 1.26 79.97 highest peak at 1.26; 113 
highest peak at 1.75 

p431 GY3045_1 57 N N None N N 640 V N F 24+4 Y Y Y 1.28 79.97 highest peak at 1.28; 113 
highest peak at 1.65 

p431 GY3045_2 57 N N None N N 640 V N F 24+4 Y Y Y 1.23 124.02 highest peak at both Rts 

p432 GY2762_1 21 N N None N N 1590 V Y F 31+6 N N N 1.16 113 highest peak at both Rts 

p432 GY2762_2 21 N N None N N 1590 V Y F 31+6 N N N 1.16 113 highest peak at both Rts 

p432 GY2760_1 11 N N None N N 1590 V Y F 31+6 N N N 1.29 119.04 highest peak at 1.29; 129.1 
highest peak at 2.11  

p432 GY2760_2 11 N N None N N 1590 V Y F 31+6 N N N 1.29 119.04 highest peak at 1.29; 113 
highest peak at 1.89 

p432 GY2574_1 7 N N None N N 1590 V Y F 31+6 N N N 1.09 113 highest peak at both Rts 



279 
 

p432 GY2574_2 7 N N None N N 1590 V Y F 31+6 N N N 1.12 113 highest peak at 1.12; 128.97 
highest peak at 2.77 

p434 GY2741_1 18 N N None N N 1590 V Y F 31+6 N N N 1.87 92.94 highest peak at both Rts 

p434 GY2741_2 18 N N None N N 1590 V Y F 31+6 N N N 1.26 113 highest peak at 1.26; 92.94 
highest peak at 1.85 

p434 GY2592_1 7 N N None N N 1590 V Y F 31+6 N N N 1.09 101.04 highest peak at 1.09; 
128.97 highest peak at 2.84 

p434 GY2592_2 7 N N None N N 1590 V Y F 31+6 N N N 1.12 101.04 highest peak at 1.12; 
128.97 highest peak at 1.69 

p438 GY2986_1 5 N N None N N 750 C N F 28+3 Y Y Y 1.38 113 highest peak at both Rts 

p438 GY2986_2 5 N N None N N 750 C N F 28+3 Y Y Y 1.21 113 highest peak at 1.21; 92.94 
highest peak at 2.84 

p438 GY2979_1 24 N N None N N 750 C N F 28+3 Y Y Y 1.14 113 highest peak at both Rts 

p438 GY2979_2 24 N N None N N 750 C N F 28+3 Y Y Y 1.12 101.04 highest peak at both Rts; 
dihydrobutyric acid profile at 1.43 

p438 GY3116_1 44 N N None N N 750 C N F 28+3 Y Y Y 1.12 101.04 highest peak at 1.12; 113 
highest peak at 1.79 

p438 GY3116_2 44 N N None N N 750 C N F 28+3 Y Y Y 1.12 101.04 highest peak at 1.12; 113 
highest peak at 2.13 

p438 GY3041_1 34 N N None N N 750 C N F 28+3 Y Y Y 1.12 113 highest peak at both Rts 

p438 GY3041_2 34 N N None N N 750 C N F 28+3 Y Y Y 1.14 101.04 highest peak at 1.14; 
128.97 highest peak at 1.69 

p443 GY2585_1 14 Y 19 Before  Y 37 910 V Y F 26+6 Y ? Y 1.16 113 highest peak at 1.16; 126.92 
highest peak at 1.53 

p443 GY2585_2 14 Y 19 Before  Y 37 910 V Y F 26+6 Y ? Y 1.45 113 highest peak at both Rts 

p443 GY3063_1 2 Y 19 Before  Y 37 910 V Y F 26+6 Y ? Y 1.06 128.97 highest peak at both Rts 

p443 GY3063_2 2 Y 19 Before  Y 37 910 V Y F 26+6 Y ? Y 1.40 128.97 highest peak at 1.40; 113 
highest peak at 2.15 

p443 GY3405_1 40 Y 19 After Y 37 910 V Y F 26+6 Y ? Y 1.12 101.04 highest peak at both Rts 

p443 GY3405_2 40 Y 19 After Y 37 910 V Y F 26+6 Y ? Y 1.11 101.04 highest peak at both Rts 

p443 GY3339_1 30 Y 19 After Y 37 910 V Y F 26+6 Y ? Y 1.14 89.04 highest peak at both Rts 

p443 GY3339_2 30 Y 19 After Y 37 910 V Y F 26+6 Y ? Y 1.14 101.04 highest peak at 1.14; 89.04 
highest peak at 1.80 
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p443 GY3077_1 5 Y 19 Before  Y 37 910 V Y F 26+6 Y ? Y 1.43 113 highest peak at both Rts 

p443 GY3077_2 5 Y 19 Before  Y 37 910 V Y F 26+6 Y ? Y 1.41 113 highest peak at both Rts 

p444 GY3090_1 4 N N None N N 880 V Y F 26+6 Y ? Y 1.16 128.97 highest peak at both Rts 

p444 GY3090_2 4 N N None N N 880 V Y F 26+6 Y ? Y 0.63 101.04 highest peak at 0.63; 
128.97 highest peak at 2.91 

p444 GY3186_1 15 N N None N N 880 V Y F 26+6 Y ? Y 1.53 129.10 highest peak at both Rts 

p444 GY3186_2 15 N N None N N 880 V Y F 26+6 Y ? Y 1.07 113 highest peak at both Rts 

p444 GY3143_1 7 N N None N N 880 V Y F 26+6 Y ? Y 1.12 101.04 highest peak at both Rts 

p444 GY3143_2 7 N N None N N 880 V Y F 26+6 Y ? Y 1.12 101.04 highest peak at both Rts 

p444 GY3278_1 27 N N None N N 880 V Y F 26+6 Y ? Y 1.21 113 highest peak at both Rts 

p444 GY3278_2 27 N N None N N 880 V Y F 26+6 Y ? Y 1.62 113 highest peak at both Rts 

p444 GY3273_1 20 N N None N N 880 V Y F 26+6 Y ? Y 1.04 88.05 highest peak at both Rts 

p444 GY3273_2 20 N N None N N 880 V Y F 26+6 Y ? Y 1.09 113 highest peak at both Rts 

p445 GY3199_1 11 Y 15 Before  N N 840 V N M 25+2 Y ? Y 1.21 113 highest peak at both Rts 

p445 GY3199_2 11 Y 15 Before  N N 840 V N M 25+2 Y ? Y 1.23 101.04 highest peak at both Rts 

p445 GY3407_1 37 Y 15 After N N 840 V N M 25+2 Y ? Y 1.12 101.04 highest peak at both Rts 

p445 GY3407_2 37 Y 15 After N N 840 V N M 25+2 Y ? Y 1.11 101.04 highest peak 1.11; 113 
highest peak 1.60 

p445 GY3330_1 29 Y 15 After N N 840 V N M 25+2 Y ? Y 1.14 101.04 highest peak at both Rts 

p445 GY3330_2 29 Y 15 After N N 840 V N M 25+2 Y ? Y 1.12 101.04 highest peak at 1.12; 129 
highest peak at 2.62 

p447 GY3287_1 18 N N None N N 620 V N F 24+5 Y Y Y 1.14 101.04 highest peak at both Rts 

p447 GY3287_2 18 N N None N N 620 V N F 24+5 Y Y Y 1.12 101.04 highest peak at 1.12; 113 
highest peak at 1.94 

p447 GY3293_1 19 N N None N N 620 V N F 24+5 Y Y Y 1.06 128.97 highest peak at 1.06; 89.04 
highest peak at 1.29 

p447 GY3293_2 19 N N None N N 620 V N F 24+5 Y Y Y 1.29 89.04 highest peak at 1.29; 113 
highest peak at 2.09 

p447 GY3241_1 11 N N None N N 620 V N F 24+5 Y Y Y 0.95 113 highest peak at both Rts 

p447 GY3241_2 11 N N None N N 620 V N F 24+5 Y Y Y 1.07 113 highest peak at both Rts 

p474 GY4271_1 39 Y 19 After N N 800 C Y M 26+2 Y N Y 1.14 101.04 highest peak at both Rts 
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p474 GY4271_2 39 Y 19 After N N 800 C Y M 26+2 Y N Y 1.14 113 highest peak at both Rts 

p475 GY4336_1 55 N N None Y 15 860 C Y M 26+2 Y Y Y 1.09 101.04 highest peak at both Rts 

p475 GY4336_2 55 N N None Y 15 860 C Y M 26+2 Y Y Y 1.11 101.04 highest peak at 1.11; 
128.97 highest peak at 1.69 

p475 GY4141_1 17 N N None Y 15 860 C Y M 26+2 Y Y Y 1.12 101.04 highest peak at both Rts 

p475 GY4141_2 17 N N None Y 15 860 C Y M 26+2 Y Y Y 1.12 101.04 highest peak at 1.12; 113 
highest peak at 2.30 

p475 GY4182_1 34 N N None Y 15 860 C Y M 26+2 Y Y Y 1.00 124.0 highest peak at both Rts 

p475 GY4182_2 34 N N None Y 15 860 C Y M 26+2 Y Y Y 1.07 113 highest peak at both Rts 

p475 GY4179_1 25 N N None Y 15 860 C Y M 26+2 Y Y Y 1.43 92.94 highest peak at 1.43; 113 
highest peak at 2.72 

p475 GY4179_2 25 N N None Y 15 860 C Y M 26+2 Y Y Y 1.21 113 highest peak at both Rts 

p475 GY4169_1 23 N N None Y 15 860 C Y M 26+2 Y Y Y 1.23 103.05 highest peak at 1.23; 113 
highest peak at 1.62 

p475 GY4169_2 23 N N None Y 15 860 C Y M 26+2 Y Y Y 1.53 113 highest peak at both Rts 

p475 GY4300_1 49 N N None Y 15 860 C Y M 26+2 Y Y Y 1.55 113 highest peak at both Rts 

p475 GY4300_2 49 N N None Y 15 860 C Y M 26+2 Y Y Y 1.53 82.04 highest peak at 1.53; 124 
highest peak at 2.06 

p475 GY4289_1 38 N N None Y 15 860 C Y M 26+2 Y Y Y 1.50 124 highest peak at both Rts 

p475 GY4289_2 38 N N None Y 15 860 C Y M 26+2 Y Y Y 1.07 113 highest peak at both Rts 

p475 GY4370_1 61 N N None Y 15 860 C Y M 26+2 Y Y Y 1.12 101.04 highest peak at both Rts 

p475 GY4370_2 61 N N None Y 15 860 C Y M 26+2 Y Y Y 1.14 101.04 highest peak at both Rts 
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Appendix 3. Demographic information use in analysis of breastmilk samples 

Antibiotics: A = Amoxicillin; C = Ceftazidine; F = Flucloxacillin; G = Gentamicin; M = Metronidazole; P = Penicillin; V = Vancomycin. IP = 

Inspiratory Pressure; CPAP = Continuous Positive Airway Pressure. Abbreviations: NMB = neuromuscular blocking drugs whilst ventilated; 

Abx = antibiotics; dc = discharge; DOD = Day of death; AXR = abdominal x-ray; Sx = surgical; med = medical; SB = short bowel; PVL = 

Periventricular leukomalacia brain injury that affects premature infants; Vent = ventilation 

Patient 
Birth 

weight 
(g) 

Born 
RVI 

GA NEC 
NEC 

Onset 
NEC details EBM 

EBM 
start 

DOL 
Full 

Feed 
72hrs 

DOL 
last 
EBM 

Antibiotics 
Days 
Vent  

Days on 
CPAP / 

humicare 

Total 
Days 
Stay 

p199 725 Yes 25 
Y 

(Sx) 
25 

extensive small bowel 
resection, ileostomy 
not reversed at dc 

Y 2 18 22 
0(G2,P2) 23(A4,F4,G6) 

25(M10) 27(V8,C8) 67F6) 
74(C2V2) 

   

p229 910 Yes 25 N   Y 4 14 119 

0(P2,G2,M2) 3(V6,C8) 11 
(Mer6) 20(F3,A3,G3) 5(T6) 

27(M5) 38(F1,A1,G1) 
46(Trimethoprim) 

39 39 119 

p396 855 Yes 27 
Y 

(med) 
16 

definite pneumatosis, 
10 days, NMB, Abx 

Y 2 34 dc 0(A2F2G2) 16 (V10 C10)    

p397 840 Yes 27 N   Y 3 12 dc 0(P2G2) 1 6 53 

p405 750 Yes 26+2 N   Y 1 12 tf 0 (P2G2) 47(F2A2G2) 5 33 67 

p424 510 Yes 23+1 Y  laparotomy -ve Y 3 12 dc 

O (P2G2) 13(A7/F7/G5/M7) 
19(Cefur5) 27 (V2/C2/M2) 54 

(A2/F2/G2) 76 (G1\C3) 
83(Cefotax) 97 (A4/F4/G4) 

33 47 114 

p431 640 Yes 24+4 N   Y 2 12 dc 
0(P2G2) 11(A2G2F2) 18(C10) 

22(G5) 27(Tazocin7) 
65(A5G5F5) 

36 61 116 

p432 1,590 Yes 31+6 N   Y 2 7 dc 0 (P2G2)    

p434 1,760 Yes 31+6 N   Y 2 7 dc 0 (P2G2)    

p438 750 Yes 28+3 N   Y 4 18 dc 0 (P5G5) 2(V5) 9(C2) 6 13 69 
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p443 910 Yes 26+6 Y 19 

tender, abdominal 
signs, AXR abnormal 

not diagnostic, 
eventual late 

laparotomy -ve 

Y 3 15 32 
0 (P2G2) 5 (V5 C2) 19 
(V8C8M8) 37(A21) 67 

(A2G2F2) 
40 108 156 

p444 880 Yes 26+6 N   Y 2 12 32 0 (P2G2) 5 (A2F2G2) 0 31 67 

p445 840 Yes 25+2 Y 15 
medically managed 8 
days NMB and abs 

Y 1 9 68 
0 (P2G2) 5 (V2C2) 15 

(V8C8M8) 
22 32 76 

p447 620 No 24+5 N   Y 2 22 dc 
0 (A5G5M5) 11 (C4V4) 26 (C5) 

33(C5V5) 43 (C4V4) 
34 31 8 

p474 800 Yes 26+2 YEs 19 
extensive NEC, SB 

resection, stoma, died 
PVL 

Y 2 13 DOD 
0 (P2G2) 14(A2F2G2) 

19(VCM7) 
32 13 45 

p475 860 Yes 26+2 No   Y 2 14 dc 0(P2G2) 3(V2C2) 16(A2F14G2) 28 51 114 
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Appendix 4.  Bifidobacteria Case study Qubit concentrations  

The tube concentration was used to find the stock concentration of the DNA 

extractions. If the concentration was > 600 ng / mL it was too high for stock 

concentration determination, and sufficiently concentrated for downstream 

processing.   

Sample Tube concentration (ng / mL) Stock concentration (ng / mL) 

K neg 0.56 22.4 

<0.50 N/A 

2740 >600 N/A 

>600 N/A 

2761 >600 N/A 

>600 N/A 

2787 >600 N/A 

>600 N/A 

2759 >600 N/A 

>600 N/A 

2881 >600 N/A 

>600 N/A 

2781 >600 N/A 

>600 N/A 

2778 >600 N/A 

>600 N/A 

2804 >600 N/A 

>600 N/A 

2774 550 2.00E+04 

550 2.00E+04 

2752 >600 N/A 

>600 N/A 

2875 234 9.36E+03 

230 9.20E+03 

2863 36.5 1.46E+03 

35.6 1.42E+03 

Kit Neg 0.67 26.8 

0.50 20.0 

3408 132 5.28E+03 

132 5.28E+03 

3286 160 6.40E+03 

160 6.40E+03 

3153 >600 N/A 

>600 N/A 

3335 168 6.72E+03 

167 6.68E+03 

3349 >600 N/A 

>600 N/A 
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2960 >600 N/A 

>600 N/A 

3338 >600 N/A 

>600 N/A 

3051 >600 N/A 

>600 N/A 

3025 >600 N/A 

>600 N/A 

3076 2.34 93.6 

2.24 89.6 

2971 >600 N/A 

>600 N/A 

3089 172 6.88E+03 

172 6.88E+03 

3308 44.9 1.80E+03 

44.9 1.80E+03 

3056 >600 N/A 

>600 N/A 

3174 >600 N/A 

>600 N/A 

2961 102 4.08E+03 

102 4.08E+03 

3135 35.4 1.42E+03 

35.3 1.41E+03 

2993 >600 N/A 

>600 N/A 

2931 >600 N/A 

>600 N/A 

Kit Neg 0.89 35.6 

0.84 33.6 

3612 229 9.16E+03 

228 9.12E+03 

2258 >600 N/A 

>600 N/A 

3555 267 1.07E+04 

266 1.06E+04 

2627 5.41 216 

5.21 208 

3522 76.5 3.06E+03 

67.6 2.70E+03 

3690 107 4.28E+03 

100 4.00E+03 

3645 268 1.07E+04 

270 1.08E+04 

3500 166 6.64E+03 

169 6.76E+03 

3627 >600 N/A 

>600 N/A 

3637 72.9 2.92E+03 

72.1 2.88E+03 
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3650 62.3 2.49E+03 

62.8 2.51E+03 

3642 45.6 1.82E+03 

45.4 1.82E+03 

3653 189 7.56E+03 

190 7.60E+03 

3582 140 5.60E+03 

139 5.56E+03 

3684 >600 N/A 

>601 N/A 

3632 >602 N/A 

>603 N/A 

3700 >604 N/A 

>600 N/A 
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Appendix 5. NanoDrop quantification of NGS samples 

The DNA extractions from Chapter 4 stool samples were analysed prior to 

downstream processing. 

Sample 
Number 

Repetition (ng /uL) Average 
ng / uL 1 2 3 

Kit neg -1.0 -1.0 -2.4 -1.5 

2740 57.4 63.8 67.4 62.9 

2761 57.4 42.0 43.7 47.7 

2787 42.5 39.9 41.9 41.4 

2759 190.2 313.3 183.8 229.1 

2881 36.0 36.7 37.5 36.7 

2781 263.7 216.4 181.3 220.5 

2778 19.6 18.5 20.7 19.6 

2804 162.7 158.1 164.7 161.8 

2774 15.1 16.0 16.5 15.9 

2752 110.7 78.4 92.6 93.9 

2875 5.0 5.5 5.0 5.2 

2863 -0.5 -0.8 -0.8 -0.7 

Kit neg 1.7 0.0 1.0 0.9 

3408 8.8 9.8 9.3 9.3 

3286 5.9 5.6 5.5 5.7 

3153 51.5 55.8 58.2 55.2 

3335 11.6 11.6 11.3 11.5 

3549 53.3 54.1 53.2 53.5 

2960 58.4 60.0 65.7 61.4 

3338 58.4 59.0 57.8 58.4 

3051 40.5 41.4 42.0 41.3 

3025 45.8 45.2 45.7 45.6 

3076 -13.1 -14.5 -17.5 -15.0 

2971 184.7 125.0 95.8 135.2 

3089 190.9 23.1 22.9 79.0 

3308 0.0 -0.1 0.8 0.2 

3056 40.6 41.1 41.3 41.0 

3174 37.6 38.2 37.9 37.9 

2961 4.6 4.3 4.6 4.5 

3135 -1.2 -1.1 -0.5 -0.9 

2993 86.5 87.5 86.7 86.9 

2931 92.2 77.4 75.0 81.5 

Kit neg 1.7 4.8 5.2 3.9 

3612 7.4 7.2 8.8 7.8 

2258 81.0 91.0 89.2 87.1 

3555 9.2 10.4 9.2 9.6 

2672 5.4 2.0 6.0 4.5 

3522 12.5 8.9 10.9 10.8 

3690 7.1 7.0 7.7 7.3 

3645 12.0 12.6 11.9 12.2 

3500 5.0 7.1 6.5 6.2 

3627 23.1 23.4 25.0 23.8 

3637 3.7 3.0 5.1 3.9 

3650 2.4 3.1 4.7 3.4 
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3642 2.9 2.7 2.7 2.8 

3653 10.7 10.2 11.1 10.7 

3582 4.3 4.5 4.4 4.4 

3684 39.0 51.3 48.6 46.3 

3632 67.5 53.4 56.7 59.2 

3700 73.5 51.1 66.7 63.8 

Kit neg -0.3 1.7 2.0 1.1 

2393 6.7 6.9 6.4 6.7 

2112 29.0 28.5 27.4 28.3 

2053 23.4 24.7 22.1 23.4 

2016 62.8 61.3 62.2 62.1 

1873 10.0 10.6 11.0 10.5 

2063 3.7 3.8 3.8 3.8 

2412 10.4 8.6 10.1 9.7 

2341 28.5 27.8 28.3 28.2 

2376 0.7 1.8 1.0 1.2 

2749 4.3 4.5 4.4 4.4 

2353 2.3 2.0 3.3 2.5 

Kit neg 1.4 0.4 0.9 0.9 

2034 105.8 109.6 117.9 111.1 

2029 122.7 135.4 130.9 129.7 

2022 34.7 14.7 45.7 31.7 

2737 6.2 6.2 6.1 6.2 

2010 9.8 10.0 10.3 10.0 

1985 24.3 29.4 25.5 26.4 

2017 41.1 38.3 40.5 40.0 

2055 13.0 12.5 10.9 12.1 

2045 65.1 27.2 47.3 46.5 

2039 2.3 2.0 1.8 2.0 

2031 2.7 2.6 2.5 2.6 

2679 18.6 16.8 17.4 17.6 

Kit neg 0.9 1.7 -0.4 0.7 

2598 1.2 2.2 1.2 1.5 

1975 16.2 13.4 15.6 15.1 

2552 1.8 0.9 1.0 1.2 

2129 52.1 57.9 60.9 57.0 

1906 24.6 22.3 19.9 22.3 

1928 41.6 44.6 41.9 42.7 

1918 10.6 11.1 11.1 10.9 

1942 62.7 62.4 77.0 67.4 

2155 41.1 40.1 32.1 37.8 

1130 6.1 5.1 4.7 5.3 

1155 6.6 8.5 8.5 7.9 

1052 9.1 9.4 9.7 9.4 

1024 6.1 6.0 5.5 5.9 

1045 3.5 1.7 1.4 2.2 

2127 32.5 33.9 31.9 32.8 

1074 7.3 7.9 7.4 7.5 

1061 15.8 16.5 16.5 16.3 

1041 17.2 18.2 17.4 17.6 

1073 93.7 86.9 86.1 88.9 

1035 3.7 4.1 4.8 4.2 

1184 3.1 2.3 2.6 2.7 
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Appendix 6. Metadata for Next Generating Sequencing pertaining to Chapter 4  

Matched with NGS samples. All preterm infants with NEC were exposed to antibiotics. Where DOL is the day of life of the sample; NEC Onset is the DOL 

that NEC was diagnosed; Sample Time details if the sample is before or after the onset of NEC; LOS onset is the DOL of LOS diagnosis; Delivery: V = 

Vaginal, C = Caesarean Section; Multiple, Y/N to if twin or triplet; Gender, M = male, F = female; GA is the gestational age in weeks; EBM, expressed 

breast milk; Pbx = probiotics, Y = administered, N = if not administered; if administered probiotics Pstart and Pstop track DOL when administered; BMF 

= breast milk fortifier added to feeds; AntiF = antifungal administered Y/N; Group: Y = NEC, N = No NEC, + = probiotics, - = no probiotics.  

Sample DOL Patient NEC 
NEC 

Onset 
Sample 

Time 
LOS 

LOS 
onset 

Delivery Multiple Gender GA EBM Pbx Pstart Pstop BMF AntiF Group 

CS619 27 139 Y 28 Before N N C Y M 30 Y N N N N N Y- 

CS630 29 139 Y 28 After N N C Y M 30 Y N N N N N Y- 

CS609 25 139 Y 28 Before N N C Y M 30 Y N N N N N Y- 

CS635 30 139 Y 28 After N N C Y M 30 Y N N N N N Y- 

CS961 32 161 Y 31 After N N V N F 25 Y N N N N Y Y- 

CS819 13 161 Y 31 Before N N V N F 26 Y N N N N Y Y- 

CS831 15 161 Y 31 Before N N V N F 27 Y N N N N Y Y- 

CS849 17 161 Y 31 Before N N V N F 29 Y N N N N Y Y- 

CS868 19 161 Y 31 Before N N V N F 30 Y N N N N Y Y- 

CS869 20 161 Y 31 Before N N V N F 31 Y N N N N Y Y- 

CS972 15 165 N N None Y 0 V N M 26 Y N N N N Y N- 

CS994 17 165 N N None Y 0 V N M 26 Y N N N N Y N- 

CS1003 18 165 N N None Y 0 V N M 26 Y N N N N Y N- 

CS1052 24 165 N N None Y 0 V N M 26 Y N N N N Y N- 

CS1024 20 165 N N None Y 0 V N M 26 Y N N N N Y N- 

CS1045 23 165 N N None Y 0 V N M 26 Y N N N N Y N- 

CS1061 25 165 N N None Y 0 V N M 26 Y N N N N Y N- 

CS1073 27 165 N N None Y 0 V N M 26 Y N N N N Y N- 

CS1035 21 165 N N None Y 0 V N M 26 Y N N N N Y N- 

CS1085 9 171 Y 19 Before N N V Y F 26 Y N N N N Y Y- 

CS1095 10 171 Y 19 Before N N V Y F 26 Y N N N N Y Y- 

CS1149 16 171 Y 19 Before N N V Y F 26 Y N N N N Y Y- 
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CS1168 19 171 Y 19 Onset N N V Y F 26 Y N N N N Y Y- 

CS1183 21 171 Y 19 After N N V Y F 26 Y N N N N Y Y- 

CS1226 29 171 Y 19 After N N V Y F 26 Y N N N N Y Y- 

CS1267 31 174 Y 26 After N N C N M 29 N N N N N Y Y- 

CS1313 36 174 Y 26 After N N C N M 30 N N N N N Y Y- 

CS1147 11 174 Y 26 Before N N C N M 31 N N N N N Y Y- 

CS1153 12 174 Y 26 Before N N C N M 32 N N N N N Y Y- 

CS1316 24 183 N N None N N C N M 27 Y N N N N Y N- 

CS1336 28 183 N N None N N C N M 27 Y N N N N Y N- 

CS1329 27 183 N N None N N C N M 27 Y N N N N Y N- 

CS1321 26 183 N N None N N C N M 27 Y N N N N Y N- 

CS1306 23 183 N N None N N C N M 27 Y N N N N Y N- 

CS1345 29 183 N N None N N C N M 27 Y N N N N Y N- 

CS1298 22 183 N N None N N C N M 27 Y N N N N Y N- 

CS2029 64 190 N N None N N V N F 25 Y N N N Y Y N- 

CS1805 45 190 N N None N N V N F 25 Y N N N Y Y N- 

CS1765 42 190 N N None N N V N F 25 Y N N N Y Y N- 

CS1833 48 190 N N None N N V N F 25 Y N N N Y Y N- 

CS1825 47 190 N N None N N V N F 25 Y N N N Y Y N- 

CS1597 32 190 N N None N N V N F 25 Y N N N Y Y N- 

CS1745 41 190 N N None N N V N F 25 Y N N N Y Y N- 

CS1684 34 190 N N None N N V N F 25 Y N N N Y Y N- 

CS1714 37 190 N N None N N V N F 25 Y N N N Y Y N- 

CS1744 40 190 N N None N N V N F 25 Y N N N Y Y N- 

CS1691 35 190 N N None N N V N F 25 Y N N N Y Y N- 

CS1571 29 190 N N None N N V N F 25 Y N N N Y Y N- 

CS1586 19 194 N N None N N V Y M 28 Y N N N N Y N- 

CS1659 14 194 N N None N N V Y M 28 Y N N N N Y N- 

CS1650 13 194 N N None N N V Y M 28 Y N N N N Y N- 

CS1667 15 194 N N None N N V Y M 28 Y N N N N Y N- 

CS1789 25 199 Y 25 Onset N N V N F 25 Y N N N N Y Y- 

CS1776 24 199 Y 25 Before N N V N F 25 Y N N N N Y Y- 

CS1813 27 199 Y 25 After N N V N F 25 Y N N N N Y Y- 

CS1655 7 199 Y 25 Before N N V N F 25 Y N N N N Y Y- 

CS1569 10 199 Y 25 Before N N V N F 25 Y N N N N Y Y- 

CS1584 12 199 Y 25 Before N N V N F 25 Y N N N N Y Y- 

CS1673 14 199 Y 25 Before N N V N F 25 Y N N N N Y Y- 

CS1687 16 199 Y 25 Before N N V N F 25 Y N N N N Y Y- 
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CS1727 20 199 Y 25 Before N N V N F 25 Y N N N N Y Y- 

CS1752 22 199 Y 25 Before N N V N F 25 Y N N N N Y Y- 

CS1763 23 199 Y 25 Before N N V N F 25 Y N N N N Y Y- 

CS1925 36 199 Y 25 After N N V N F 25 Y N N N N Y Y- 

CS1959 38 199 Y 25 After N N V N F 25 Y N N N N Y Y- 

CS2030 45 199 Y 25 After N N V N F 25 Y N N N N Y Y- 

CS2063 18 214 N N None Y 11 V Y M 27 N N N N N Y N- 

CS2031 14 214 N N None Y 11 V Y M 27 N N N N N Y N- 

CS2129 19 219 N N None N N V N M 26 Y N N N Y Y N- 

CS2155 21 219 N N None N N V N M 26 Y N N N Y Y N- 

CS2393 27 222 N N None N N V N F 24 Y N N N Y Y N- 

CS2412 30 222 N N None N N V N F 24 Y N N N Y Y N- 

CS2341 23 222 N N None N N V N F 24 Y N N N Y Y N- 

CS2376 26 222 N N None N N V N F 24 Y N N N Y Y N- 

CS2353 24 222 N N None N N V Y F 24 Y N N N Y Y N- 

CS2254 14 222 N N None N N V N F 24 Y N N N Y Y N- 

CS2275 16 222 N N None N N V N F 24 Y N N N Y Y N- 

CS2294 18 222 N N None N N V N F 24 Y N N N Y Y N- 

CS2781 62 229 N N None N N V Y F 25 Y N N N Y Y N- 

CS2778 61 229 N N None N N V Y F 25 Y N N N Y Y N- 

CS2774 60 229 N N None N N V Y F 25 Y N N N Y Y N- 

CS2752 55 229 N N None N N V Y F 25 Y N N N Y Y N- 

CS2749 54 229 N N None N N V Y F 25 Y N N N Y Y N- 

CS2737 51 229 N N None N N V Y F 25 Y N N N Y Y N- 

CS2679 40 229 N N None N N V Y F 25 Y N N N Y Y N- 

CS2519 19 229 N N None N N V Y F 25 Y N N N Y Y N- 

CS2598 28 229 N N None N N V Y F 25 Y N N N Y Y N- 

CS3436 29 287 N N None N N V N M 24 Y I 9 36 Y Y N+ 

CS3434 28 287 N N None N N V N M 24 Y I 9 36 Y Y N+ 

CS3890 21 335 Y 26 Before N N V N M 25+2 Y I 7 65 N Y Y+ 

CS3919 30 335 Y 26 After N N V N M 25+2 Y I 7 65 N Y Y+ 

CS3899 22 335 Y 26 Before N N V N M 25+2 Y I 7 65 N Y Y+ 

GY1311 30 396 Y 16 After N N C Y M 27 Y I 4 83 Y Y Y+ 

GY1278 12 396 Y 16 Before N N C Y M 27 Y I 4 83 Y Y Y+ 

GY1354 40 397 N N None N N C Y F 27 Y I 6 53 N Y N+ 

GY1464 52 397 N N None N N C Y F 27 Y I 6 53 N Y N+ 

GY1293 25 397 N N None N N C Y F 27 Y I 6 53 N Y N+ 

GY1262 10 397 N N None N N C Y F 27 Y I 6 53 N Y N+ 
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GY2034 50 405 N N None N N V Y F 26+2 Y I 4 67 Y Y N+ 

GY1795 27 405 N N None N N V Y F 26+2 Y I 4 67 Y Y N+ 

GY1731 16 413 Y 21 Before N N V N M 27+6 Y I 2 39 N Y Y+ 

GY2010 35 413 Y 21 After N N V N M 27+6 Y I 2 39 N Y Y+ 

GY2016 36 413 Y 21 After N N V N M 27+6 Y I 2 39 N Y Y+ 

GY2258 8 424 Y 13 Before N N V N F 23+1 Y I 3 78 N Y Y+ 

GY2627 35 424 Y 13 After N N V N F 23+1 Y I 3 78 N Y Y+ 

GY2960 81 424 Y 13 After N N V N F 23+1 Y I 3 78 N Y Y+ 

GY3056 93 424 Y 13 After N N V N F 23+1 Y I 3 78 N Y Y+ 

GY2961 81 424 Y 13 After N N V N F 23+1 Y I 3 78 N Y Y+ 

GY3025 58 431 N N None N N V N F 24+4 Y I 8 67 Y Y N+ 

GY3174 73 431 N N None N N V N F 24+4 Y I 8 67 Y Y N+ 

GY2787 18 431 N N None N N V N F 24+4 Y I 8 67 Y Y N+ 

GY2875 34 431 N N None N N V N F 24+4 Y I 8 67 Y Y N+ 

GY2863 30 431 N N None N N V N F 24+4 Y I 8 67 Y Y N+ 

GY2598 7 431 N N None N N V N F 24+4 Y I 8 67 Y Y N+ 

GY3245 84 431 N N None N N V N F 24+4 Y I 8 67 Y Y N+ 

GY2761 21 432 N N None N N V Y F 31+6 Y N N N N N N- 

GY2759 11 432 N N None N N V Y F 31+6 Y N N N N N N- 

GY2572 6 432 N N None N N V Y F 31+6 Y N N N N N N- 

GY2570 12 433 N N None N N V N F 30+4 Y I 11 19 N Y N+ 

GY2581 15 433 N N None N N V N F 30+4 Y I 11 19 N Y N+ 

GY2740 18 434 N N None N N V Y F 31+6 Y N N N N N N- 

GY2804 20 434 N N None N N V Y F 31+6 Y N N N N N N- 

GY2576 6 434 N N None N N V Y F 31+6 Y N N N N N N- 

GY3153 43 438 N N None N N C N F 28+3 Y I 7 36 Y Y N+ 

GY3051 33 438 N N None N N C N F 28+3 Y I 7 36 Y Y N+ 

GY2971 23 438 N N None N N C N F 28+2 Y I 7 36 Y Y N+ 

GY2993 27 438 N N None N N C N F 28+2 Y I 7 36 Y Y N+ 

GY2931 18 438 N N None N N C N F 28+2 Y I 7 36 Y Y N+ 

GY2881 10 438 N N None N N C N F 28+2 Y I 7 36 Y Y N+ 

GY3349 35 443 Y 19 After Y 37 V Y F 26+6 Y I 5 49 N Y Y+ 

GY3338 30 443 Y 19 After Y 37 V Y F 26+6 Y I 5 49 N Y Y+ 

GY3076 5 443 Y 19 Before Y 37 V Y F 26+6 Y I 5 49 N Y Y+ 

GY3089 4 444 N N None N N V Y F 26+6 Y I 5 49 Y Y N+ 

GY3277 27 444 N N None N N V Y F 26+6 Y I 5 49 Y Y N+ 

GY3181 19 444 N N None N N V Y F 26+6 Y I 5 49 Y Y N+ 

GY3191 14 444 N N None N N V Y F 26+6 Y I 5 49 Y Y N+ 
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GY3408 36 445 Y 15 After N N V N M 25+2 Y I 3 56 Y Y Y+ 

GY3335 28 445 Y 15 After N N V N M 25+2 Y I 3 56 Y Y Y+ 

GY3135 9 445 Y 15 Before N N V N M 25+2 Y I 3 56 Y Y Y+ 

GY3180 14 445 Y 15 Before N N V N M 25+2 Y I 3 56 Y Y Y+ 

GY3198 11 445 Y 15 Before N N V N M 25+2 Y I 3 56 Y Y Y+ 

GY3627 50 447 N N None N N V N F 24+5 Y I 5 71 Y Y N+ 

GY3286 18 447 N N None N N V N F 24+5 Y I 5 71 Y Y N+ 

GY3308 17 447 N N None N N V N F 24+5 Y I 5 71 Y Y N+ 

GY3237 10 447 N N None N N V N F 24+5 Y I 5 71 Y Y N+ 

GY3599 48 447 N N None N N V N F 24+5 Y I 5 71 Y Y N+ 

GY3597 46 447 N N None N N V N F 24+5 Y I 5 71 Y Y N+ 

GY3612 28 451 Y 38 Before N N V Y M 24+3 Y I 3 64 Y Y Y+ 

GY3522 14 451 Y 38 Before N N V Y M 24+3 Y I 3 64 Y Y Y+ 

GY3690 53 451 Y 38 After N N V Y M 24+3 Y I 3 64 Y Y Y+ 

GY3500 11 451 Y 38 Before N N V Y M 24+3 Y I 3 64 Y Y Y+ 

GY3650 37 451 Y 38 Before N N V Y M 24+3 Y I 3 64 Y Y Y+ 

GY3642 38 451 Y 38 Onset N N V Y M 24+3 Y I 3 64 Y Y Y+ 

GY3632 31 451 Y 38 Before N N V Y M 24+3 Y I 3 64 Y Y Y+ 

GY3555 18 454 N N None Y 35 C N M 27+2 Y I 11 49 Y Y N+ 

GY3653 45 454 N N None Y 35 C N M 27+2 Y I 11 49 Y Y N+ 

GY3582 26 454 N N None Y 35 C N M 27+2 Y I 11 49 Y Y N+ 

GY3645 2 457 N N None N N V N M 25+5 Y I 6 46 Y Y N+ 

GY3637 5 457 N N None N N V N M 25+5 Y I 6 46 Y Y N+ 

GY3684 11 457 N N None N N V N M 25+5 Y I 6 46 Y Y N+ 

GY3700 19 457 N N None N N V N M 25+5 Y I 6 46 Y Y N+ 

GY4273 38 474 Y 19 After N N C Y M 26+2 Y L 8 45 N Y Y+ 

GY4142 17 474 Y 19 Before N N C Y M 26+2 Y L 8 45 N Y Y+ 

GY4144 14 474 Y 19 Before N N C Y M 26+2 Y L 8 45 N Y Y+ 

GY4145 13 474 Y 19 Before N N C Y M 26+2 Y L 8 45 N Y Y+ 

GY4334 54 475 N N None Y 15 C Y M 26+2 Y L 8 54 Y Y N+ 

GY4140 17 475 N N None Y 15 C Y M 26+2 Y L 8 54 Y Y N+ 

GY4184 33 475 N N None Y 15 C Y M 26+2 Y L 8 54 Y Y N+ 

GY4178 25 475 N N None Y 15 C Y M 26+2 Y L 8 54 Y Y N+ 

GY4187 24 475 N N None Y 15 C Y M 26+2 Y L 8 54 Y Y N+ 

GY4301 48 475 N N None Y 15 C Y M 26+2 Y L 8 54 Y Y N+ 

GY4137 13 475 N N None Y 15 C Y M 26+2 Y L 8 54 Y Y N+ 
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Appendix 7. Demographic information used in the analysis of stool samples 

Antibiotics: A = Amoxicillin; C = Ceftazidine; F = Flucloxacillin; G = Gentamicin; M = Metronidazole; P = Penicillin; V = Vancomycin. IP = 

Inspiratory Pressure; CPAP = Continuous Positive Airway Pressure. Abbreviations: NMB = neuromuscular blocking drugs whilst ventilated; 

Abx = antibiotics; dc = discharge; DOD = Day of death; AXR = abdominal x-ray; Sx = surgical; med = medical; SB = short bowel; PVL = 

Periventricular leukomalacia brain injury that affects premature infants; tf = transferred; CRP = C-reactive protein; Vent = ventilation. 

Patient 
Birth 

weight 
(g) 

Born 
RVI 

GA NEC 
NEC 

Onset 
NEC details EBM 

EBM 
start 

DOL 
Full 

Feed 
72hrs 

DOL 
last 
EBM 

Abx 
Days 
Vent 

Days on 
CPAP / 

humicare 

Total 
Days 
Stay 

p139 1470 Y 30 Y 
(med) 

28 definite pneumatosis, 
no surgery 

Y 2  10 0(P2G2) 28(F4A4G4M4)    

p161 700 Y 25 Y (Sx) 31 ileostomy, no resection Y 2 33 16 0(P2G2) 6(A3F3G3) 
19(V6C6) 20(M5) 

27(A10G10M10) 61(A5) 

   

p165 1120 N (0) 26 N N  Y 1 16 tf 0(P5G2)     

p171 790 Y 26 Y 
(med) 

19  Y 3 39  0(P3G3) 9(V2C2) 
13(A3G3F3) 17(A4G5F4) 

19(M8) 21(V6C6) 

   

p174 1350 N (0) 29 Y (Sx) 26 extensive resection, 
ileostomy and 

colostomy 

N  15  0(P5G5) 5(V2C2) 
25(A2M7C7) 41(V2) 

   

p183 1140 N (14) 27 N N  Y 11 23 30 0(A2Cefo8) 1(P2G14) 
3(V9) 9(caspofungin 5)   

21 0 21 

p190 800 Y 25 N N  Y    0 (P2G2) 6(V5C5) 12(F3) 
14(V5C5)   

23 50 93 

p194 1060 N (0) 28 N N  Y 3 12  0 (P2G2) 2(A2F2M2) 1 9 21 

p199 725 Y 25 Y (Sx) 25 extensive small bowel 
resection, ileostomy, not 

reversed at dc 

Y 2 18 22 0(G2P2) 23(A4F4G6) 
25(M10) 27(V8C8) 67F6) 

74(C2V2) 

   

p214 1030 Y 27 N N  N 5 19  0(P2G2) 9(V5 C2)  8 38 63 
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p219 920 Y 26 N N  Y 1 13  0 (P2G2) 2(V2 C2) 4(F1) 
5(A2 G2)  

0 17 70 

p222 620 Y 24 N N  Y 3 21 86 0(G6M6A6) 15(V5C5) 
26(V4M4C4) 

7 73 86 

p229 910 Y 25 N N  Y 4 14 119 0(P2G2M2) 3(V6C8) 
11(Mer6) 20(F3A3G3) 

25(T6) 27(M5) 
38(F1A1G1) 

46(Trimethoprim 
prophylaxis) 

39 39 119 

p287 670 Y 24 N N  Y 5 33 77 0(P6G5Cx6) 4(F7) 17 
(A1G1F1) 18(C2M6V6) 

19(mero4) 

29 81 116 

p335 755 Y 25+2 Y 
(med) 

26 feeds withheld and Abx Y 6 19 tf 0(P5G5) 21(A5F5) 
26(C6V6M6) 48(C13F13) 

61(L33) 

18 92  

p396 855 Y 27 Y 
(med) 

16 definite pneumatosis 10 
days, NMB and 

Antibiotics 

Y 2 34 dc 0(A2F2G2) 16(V10 C10)    

p397 840 Y 27 N N  Y 3 12 dc 0(P2G2) 1 6 53 

p405 750 Y 26+2 N N  Y 1 12 tf 0 (P2G2) 47(F2A2G2) 5 33 67 

p413 1240 Y 27+6 Y 
(med) 

21 Pneumatosis medical 
managed 

Y 1 9 15 0(P2G2) 21(F3A8M8G8) 0 14 73 

p424 510 Y 23+1 Y 
(med) 

13 laparotomy -ve Y 3 12 dc 0(P2G2) 
13(A7/F7/G5/M7) 

19(Cefur5) 27(V2/C2/M2) 
54(A2/F2/G2) 76 (G1\C3) 

83(Cefotax) 
97(A4/F4/G4) 

33 47 114 

p431 640 Y 24+4 N N  Y 2 12 dc 0(P2G2) 11(A2G2F2) 
18(C10) 22(G5) 

27(Tazocin7) 
65(A5G5F5)  

36 61 116 

p432 1590 Y 31+6 N N  Y 2 7 dc 0 (P2G2)    

p433 1440 N (1) 30+4 N N  Y 3 11  0(P2G2) 9(C4V4) 1 7 19 

p434 1760 Y 31+6 N N  Y 2 7 dc 0 (P2G2)     

p438 750 Y 28+2 N N  Y 4 18 dc 0 (P5G5) 2(V5) 9(C2)  6 13 69 
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p443 910 Y 26+6 Y 
(med) 

19 tender abdominal signs, 
AXR abnormal, not 

diagnostic, eventual late 
laparotomy -ve 

Y 3 15 32 0 (P2G2) 5 (V5 C2) 19 
(V8C8M8) 37(A21) 67 

(A2G2F2) 

40 108 156 

p444 880 Y 26+6 N N  Y 2 12 32 0 (P2G2) 5 (A2F2G2)  0 31 67 

p445 840 Y 25+2 Y 
(med) 

15 medically managed 8 
days, NMB and abs 

Y 1 9 68 0 (P2G2) 5 (V2C2) 15 
(V8C8M8)  

22 32 76 

p447 620 N (0) 24+5 N N  Y 2 22 dc 0 (A5G5M5) 11 (C4V4) 
26 (C5) 33(C5V5) 43 

(C4V4) 

34 31 8 

p451 500 Y 24+3 Y 
(med) 

38 medically managed 8 
days, NBM and abs 

CRP>200 

Y 2 13 86 0 (P1G1) 1(v5) 12 (A2F2) 
14(c0-amox5) 21 (co-

trimoxazole 5) 38 
(Cef8M8co-trimox8)  

57 50 119 

p454 720 Y 27+2 N N  Y 4 18 79 0 (P2G2) 4(C5V5) 
11(C2V2) 28(A2F2G2) 

35(A5 F2 G2) 
66(C10V10)  

0 59 96 

p457 840 Y 25+5 N N  Y 5 13 48 0(P5G5) 7(V2C2)  1 47 51 

p474 800 Y 26+2 Y 19 extensive NEC, SB 
resection, stoma, died 

PVL 

Y 2 13 DOD 0 (P2G2) 14 (A2F2G2) 
19 (VCM7) 

32 13 45 

p475 860 Y 26+2 N N  Y 2 14 dc 0(P2G2) 3 (V2C2) 16 
(A2F14G2)  

28 51 114 
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Appendix 8. Metabolic Pathways 
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Appendix 9. Breast milk UPLC-MS Butyric Acid Peaks 

No NEC samples 

Patient 
Sample 

No 
DOL NEC NEC 

Onset 
Sample 

Time 
LOS LOS 

onset 
Delivery Multiple Gender GA Birthweight 

(g) 
Pbx Pstart Pstop Mean Peak 

Area 

p229 CS2757 56 N N None N N V Y F 25 910 N N N 138119 

p397 GY1467 52 N N None N N C Y F 27 840 Y 4 42 191636 

p405 GY1629 10 N N None N N V Y F 26+2 750 Y 4 tf 112419 

p405 GY1902 37 N N None N N V Y F 26+2 750 Y 4 tf 154560 

p405 GY1690 19 N N None N N V Y F 26+2 750 Y 4 tf 108621 

p405 GY1794 27 N N None N N V Y F 26+2 750 Y 4 tf 0 

p405 GY2034 50 N N None N N V Y F 26+2 750 Y 4 tf 0 

p405 GY2100 57 N N None N N V Y F 26+2 750 Y 4 tf 87497 

p431 GY3037 59 N N None N N V N F 24+4 640 Y 8 67 110954 

p431 GY2599 7 N N None N N V N F 24+4 640 Y 8 67 0 

p431 GY3161 74 N N None N N V N F 24+4 640 Y 8 67 0 

p431 GY2777 19 N N None N N V N F 24+4 640 Y 8 67 0 

p431 GY2876 36 N N None N N V N F 24+4 640 Y 8 67 127494 

p431 GY2862 31 N N None N N V N F 24+4 640 Y 8 67 0 

p431 GY3233 85 N N None N N V N F 24+4 640 Y 8 67 14966 

p431 GY2745 21 N N None N N V N F 24+4 640 Y 8 67 0 

p431 GY2965 46 N N None N N V N F 24+4 640 Y 8 67 0 

p431 GY3045 57 N N None N N V N F 24+4 640 Y 8 67 0 

p432 GY2762 21 N N None N N V Y F 31+6 1590 N N N 12464 

p432 GY2760 11 N N None N N V Y F 31+6 1590 N N N 0 

p432 GY2574 7 N N None N N V Y F 31+6 1590 N N N 96871 

p434 GY2741 18 N N None N N V Y F 31+6 1760 N N N 0 
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p434 GY2592 7 N N None N N V Y F 31+6 1760 N N N 82288 

p438 GY2986 5 N N None N N C N F 28+3 750 Y 7 36 0 

p438 GY2979 24 N N None N N C N F 28+3 750 Y 7 36 101851 

p438 GY3116 44 N N None N N C N F 28+3 750 Y 7 36 119062 

p438 GY3041 34 N N None N N C N F 28+3 750 Y 7 36 106090 

p444 GY3090 4 N N None N N V Y F 26+6 880 Y 5 49 15821 

p444 GY3186 15 N N None N N V Y F 26+6 880 Y 5 49 0 

p444 GY3143 7 N N None N N V Y F 26+6 880 Y 5 49 208406 

p444 GY3278 27 N N None N N V Y F 26+6 880 Y 5 49 0 

p444 GY3273 20 N N None N N V Y F 26+6 880 Y 5 49 0 

p447 GY3287 18 N N None N N V N F 24+5 620 Y 5 71 131561 

p447 GY3293 19 N N None N N V N F 24+5 620 Y 5 71 0 

p447 GY3241 11 N N None N N V N F 24+5 620 Y 5 71 0 

p475 GY4336 55 N N None Y 15 C Y M 26+2 860 Y 8 54 66172 

p475 GY4141 17 N N None Y 15 C Y M 26+2 860 Y 8 54 187903 

p475 GY4182 34 N N None Y 15 C Y M 26+2 860 Y 8 54 0 

p475 GY4179 25 N N None Y 15 C Y M 26+2 860 Y 8 54 0 

p475 GY4169 23 N N None Y 15 C Y M 26+2 860 Y 8 54 0 

p475 GY4300 49 N N None Y 15 C Y M 26+2 860 Y 8 54 0 

p475 GY4289 38 N N None Y 15 C Y M 26+2 860 Y 8 54 0 

p475 GY4370 61 N N None Y 15 C Y M 26+2 860 Y 8 54 139628 
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NEC samples 

Patient Sample 
No 

DOL NEC NEC 
Onset 

Sample 
Time 

LOS LOS 
onset 

Delivery Multiple Gender GA Birthweight 
(g) 

Pbx Pstart Pstop Mean 
Peak Area 

p179 CS1607 69 Y 3 After N N V Y M 23 610 N N N 0 

p199 CS1776 24 Y 25 After N N V N F 25 725 Y ? ? 154977 

p396 GY1347 35 Y 16 After N N C Y M 27 855 Y 4 42 73741 

p424 GY2779 54 Y 13 After N N V N F 23+1 510 Y 3 78 71467 

p424 GY3035 94 Y 13 After N N V N F 23+1 510 Y 3 78 186044 

p424 GY2587 40 Y 13 After N N V N F 23+1 510 Y 3 78 102425 

p424 GY2668 36 Y 13 After N N V N F 23+1 510 Y 3 78 161942 

p443 GY3405 40 Y 19 After Y 37 V Y F 26+6 910 Y 5 49 138461 

p443 GY3339 30 Y 19 After Y 37 V Y F 26+6 910 Y 5 49 134349 

p445 GY3407 37 Y 15 After N N V N M 25+2 840 Y 3 56 110777 

p445 GY3330 29 Y 15 After N N V N M 25+2 840 Y 3 56 203815 

p474 GY4271 39 Y 19 After N N C Y M 26+2 800 Y 8 45 161110 
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Before NEC 

Patient Sample 
No 

DOL NEC NEC 
Onset 

Sample 
Time 

LOS LOS 
onset 

Delivery Multiple Gender GA Birthweight 
(g) 

Pbx Pstart Pstop Mean 
Peak Area 

p396 GY1254 11 Y 16 Before  N N C Y M 27 855 Y 4 42 179493 

p443 GY2585 14 Y 19 Before  Y 37 V Y F 26+6 910 Y 5 49 0 

p443 GY3063 2 Y 19 Before  Y 37 V Y F 26+6 910 Y 5 49 0 

p443 GY3077 5 Y 19 Before  Y 37 V Y F 26+6 910 Y 5 49 0 

p445 GY3199 11 Y 15 Before  N N V N M 25+2 840 Y 3 56 117765 

 

After NEC 

Patient Sample 
No 

DOL NEC NEC 
Onset 

Sample 
Time 

LOS LOS 
onset 

Delivery Multiple Gender GA Birthweight 
(g) 

Pbx Pstart Pstop Mean 
Peak Area 

p179 CS1607 69 Y 3 After N N V Y M 23 610 N N N 0 

p199 CS1776 24 Y 25 After N N V N F 25 725 Y ? ? 154977 

p396 GY1347 35 Y 16 After N N C Y M 27 855 Y 4 42 73741 

p424 GY2779 54 Y 13 After N N V N F 23+1 510 Y 3 78 71467 

p424 GY3035 94 Y 13 After N N V N F 23+1 510 Y 3 78 186044 

p424 GY2587 40 Y 13 After N N V N F 23+1 510 Y 3 78 102425 

p424 GY2668 36 Y 13 After N N V N F 23+1 510 Y 3 78 161942 

p443 GY3405 40 Y 19 After Y 37 V Y F 26+6 910 Y 5 49 138461 

p443 GY3339 30 Y 19 After Y 37 V Y F 26+6 910 Y 5 49 134349 

p445 GY3407 37 Y 15 After N N V N M 25+2 840 Y 3 56 110777 

p445 GY3330 29 Y 15 After N N V N M 25+2 840 Y 3 56 203815 

p474 GY4271 39 Y 19 After N N C Y M 26+2 800 Y 8 45 161110 
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No LOS 

Patient Sample 
No 

DOL NEC NEC 
Onset 

Sample 
Time 

LOS LOS 
onset 

Delivery Multiple Gender GA Birthweight 
(g) 

Pbx Pstart Pstop Mean Peak 
Area 

p179 CS1607 69 Y 3 After N N V Y M 23 610 N N N 0 

p199 CS1776 24 Y 25 After N N V N F 25 725 Y ? ? 154977 

p229 CS2757 56 N N None N N V Y F 25 910 N N N 138119 

p396 GY1347 35 Y 16 After N N C Y M 27 855 Y 4 42 73741 

p396 GY1254 11 Y 16 Before  N N C Y M 27 855 Y 4 42 179493 

p397 GY1467 52 N N None N N C Y F 27 840 Y 4 42 191636 

p405 GY1629 10 N N None N N V Y F 26+2 750 Y 4 tf 112419 

p405 GY1902 37 N N None N N V Y F 26+2 750 Y 4 tf 154560 

p405 GY1690 19 N N None N N V Y F 26+2 750 Y 4 tf 108621 

p405 GY1794 27 N N None N N V Y F 26+2 750 Y 4 tf 0 

p405 GY2034 50 N N None N N V Y F 26+2 750 Y 4 tf 0 

p405 GY2100 57 N N None N N V Y F 26+2 750 Y 4 tf 87497 

p424 GY2779 54 Y 13 After N N V N F 23+1 510 Y 3 78 71467 

p424 GY3035 94 Y 13 After N N V N F 23+1 510 Y 3 78 186044 

p424 GY2587 40 Y 13 After N N V N F 23+1 510 Y 3 78 102425 

p424 GY2668 36 Y 13 After N N V N F 23+1 510 Y 3 78 161942 

p431 GY3037 59 N N None N N V N F 24+4 640 Y 8 67 110954 

p431 GY2599 7 N N None N N V N F 24+4 640 Y 8 67 0 

p431 GY3161 74 N N None N N V N F 24+4 640 Y 8 67 0 

p431 GY2777 19 N N None N N V N F 24+4 640 Y 8 67 0 

p431 GY2876 36 N N None N N V N F 24+4 640 Y 8 67 127494 

p431 GY2862 31 N N None N N V N F 24+4 640 Y 8 67 0 

p431 GY3233 85 N N None N N V N F 24+4 640 Y 8 67 14966 

p431 GY2745 21 N N None N N V N F 24+4 640 Y 8 67 0 
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p431 GY2965 46 N N None N N V N F 24+4 640 Y 8 67 0 

p431 GY3045 57 N N None N N V N F 24+4 640 Y 8 67 0 

p432 GY2762 21 N N None N N V Y F 31+6 1590 N N N 12464 

p432 GY2760 11 N N None N N V Y F 31+6 1590 N N N 0 

p432 GY2574 7 N N None N N V Y F 31+6 1590 N N N 96871 

p434 GY2741 18 N N None N N V Y F 31+6 1760 N N N 0 

p434 GY2592 7 N N None N N V Y F 31+6 1760 N N N 82288 

p438 GY2986 5 N N None N N C N F 28+3 750 Y 7 36 0 

p438 GY2979 24 N N None N N C N F 28+3 750 Y 7 36 101851 

p438 GY3116 44 N N None N N C N F 28+3 750 Y 7 36 119062 

p438 GY3041 34 N N None N N C N F 28+3 750 Y 7 36 106090 

p444 GY3090 4 N N None N N V Y F 26+6 880 Y 5 49 15821 

p444 GY3186 15 N N None N N V Y F 26+6 880 Y 5 49 0 

p444 GY3143 7 N N None N N V Y F 26+6 880 Y 5 49 208406 

p444 GY3278 27 N N None N N V Y F 26+6 880 Y 5 49 0 

p444 GY3273 20 N N None N N V Y F 26+6 880 Y 5 49 0 

p445 GY3199 11 Y 15 Before  N N V N M 25+2 840 Y 3 56 117765 

p445 GY3407 37 Y 15 After N N V N M 25+2 840 Y 3 56 110777 

p445 GY3330 29 Y 15 After N N V N M 25+2 840 Y 3 56 203815 

p447 GY3287 18 N N None N N V N F 24+5 620 Y 5 71 131561 

p447 GY3293 19 N N None N N V N F 24+5 620 Y 5 71 0 

p447 GY3241 11 N N None N N V N F 24+5 620 Y 5 71 0 

p474 GY4271 39 Y 19 After N N C Y M 26+2 800 Y 8 45 161110 
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LOS 

Patient Sample 
No 

DOL NEC NEC 
Onset 

Sample 
Time 

LOS LOS 
onset 

Delivery Multiple Gender GA Birthweight 
(g) 

Pbx Pstart Pstop Mean 
Peak Area 

p443 GY2585 14 Y 19 Before  Y 37 V Y F 26+6 910 Y 5 49 0 

p443 GY3063 2 Y 19 Before  Y 37 V Y F 26+6 910 Y 5 49 0 

p443 GY3405 40 Y 19 After Y 37 V Y F 26+6 910 Y 5 49 138461 

p443 GY3339 30 Y 19 After Y 37 V Y F 26+6 910 Y 5 49 134349 

p443 GY3077 5 Y 19 Before  Y 37 V Y F 26+6 910 Y 5 49 0 

p475 GY4336 55 N N None Y 15 C Y M 26+2 860 Y 8 54 66172 

p475 GY4141 17 N N None Y 15 C Y M 26+2 860 Y 8 54 187903 

p475 GY4182 34 N N None Y 15 C Y M 26+2 860 Y 8 54 0 

p475 GY4179 25 N N None Y 15 C Y M 26+2 860 Y 8 54 0 

p475 GY4169 23 N N None Y 15 C Y M 26+2 860 Y 8 54 0 

p475 GY4300 49 N N None Y 15 C Y M 26+2 860 Y 8 54 0 

p475 GY4289 38 N N None Y 15 C Y M 26+2 860 Y 8 54 0 

p475 GY4370 61 N N None Y 15 C Y M 26+2 860 Y 8 54 139628 
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No Probiotics 

Patient Sample 
No 

DOL NEC NEC 
Onset 

Sample 
Time 

LOS LOS 
onset 

Delivery Multiple Gender GA Birthweight 
(g) 

Pbx Pstart Pstop Mean Peak 
Area 

p179 CS1607 69 Y 3 After N N V Y M 23 610 N N N 0 

p229 CS2757 56 N N None N N V Y F 25 910 N N N 138119 

p432 GY2762 21 N N None N N V Y F 31+6 1590 N N N 12464 

p432 GY2760 11 N N None N N V Y F 31+6 1590 N N N 0 

p432 GY2574 7 N N None N N V Y F 31+6 1590 N N N 96871 

p434 GY2741 18 N N None N N V Y F 31+6 1760 N N N 0 

p434 GY2592 7 N N None N N V Y F 31+6 1760 N N N 82288 

 

Probiotics  

Patient Sample 
No 

DOL NEC NEC 
Onset 

Sample 
Time 

LOS LOS 
onset 

Delivery Multiple Gender GA Birthweight 
(g) 

Pbx Pstart Pstop Mean Peak 
Area 

p199 CS1776 24 Y 25 After N N V N F 25 725 Y ? ? 154977 

p396 GY1347 35 Y 16 After N N C Y M 27 855 Y 4 42 73741 

p396 GY1254 11 Y 16 Before  N N C Y M 27 855 Y 4 42 179493 

p397 GY1467 52 N N None N N C Y F 27 840 Y 4 42 191636 

p405 GY1629 10 N N None N N V Y F 26+2 750 Y 4 tf 112419 

p405 GY1902 37 N N None N N V Y F 26+2 750 Y 4 tf 154560 

p405 GY1690 19 N N None N N V Y F 26+2 750 Y 4 tf 108621 

p405 GY1794 27 N N None N N V Y F 26+2 750 Y 4 tf 0 

p405 GY2034 50 N N None N N V Y F 26+2 750 Y 4 tf 0 

p405 GY2100 57 N N None N N V Y F 26+2 750 Y 4 tf 87497 

p424 GY2779 54 Y 13 After N N V N F 23+1 510 Y 3 78 71467 
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p424 GY3035 94 Y 13 After N N V N F 23+1 510 Y 3 78 186044 

p424 GY2587 40 Y 13 After N N V N F 23+1 510 Y 3 78 102425 

p424 GY2668 36 Y 13 After N N V N F 23+1 510 Y 3 78 161942 

p431 GY3037 59 N N None N N V N F 24+4 640 Y 8 67 110954 

p431 GY2599 7 N N None N N V N F 24+4 640 Y 8 67 0 

p431 GY3161 74 N N None N N V N F 24+4 640 Y 8 67 0 

p431 GY2777 19 N N None N N V N F 24+4 640 Y 8 67 0 

p431 GY2876 36 N N None N N V N F 24+4 640 Y 8 67 127494 

p431 GY2862 31 N N None N N V N F 24+4 640 Y 8 67 0 

p431 GY3233 85 N N None N N V N F 24+4 640 Y 8 67 14966 

p431 GY2745 21 N N None N N V N F 24+4 640 Y 8 67 0 

p431 GY2965 46 N N None N N V N F 24+4 640 Y 8 67 0 

p431 GY3045 57 N N None N N V N F 24+4 640 Y 8 67 0 

p438 GY2986 5 N N None N N C N F 28+3 750 Y 7 36 0 

p438 GY2979 24 N N None N N C N F 28+3 750 Y 7 36 101851 

p438 GY3116 44 N N None N N C N F 28+3 750 Y 7 36 119062 

p438 GY3041 34 N N None N N C N F 28+3 750 Y 7 36 106090 

p443 GY2585 14 Y 19 Before  Y 37 V Y F 26+6 910 Y 5 49 0 

p443 GY3063 2 Y 19 Before  Y 37 V Y F 26+6 910 Y 5 49 0 

p443 GY3405 40 Y 19 After Y 37 V Y F 26+6 910 Y 5 49 138461 

p443 GY3339 30 Y 19 After Y 37 V Y F 26+6 910 Y 5 49 134349 

p443 GY3077 5 Y 19 Before  Y 37 V Y F 26+6 910 Y 5 49 0 

p444 GY3090 4 N N None N N V Y F 26+6 880 Y 5 49 15821 

p444 GY3186 15 N N None N N V Y F 26+6 880 Y 5 49 0 

p444 GY3143 7 N N None N N V Y F 26+6 880 Y 5 49 208406 

p444 GY3278 27 N N None N N V Y F 26+6 880 Y 5 49 0 

p444 GY3273 20 N N None N N V Y F 26+6 880 Y 5 49 0 

p445 GY3199 11 Y 15 Before  N N V N M 25+2 840 Y 3 56 117765 
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p445 GY3407 37 Y 15 After N N V N M 25+2 840 Y 3 56 110777 

p445 GY3330 29 Y 15 After N N V N M 25+2 840 Y 3 56 203815 

p447 GY3287 18 N N None N N V N F 24+5 620 Y 5 71 131561 

p447 GY3293 19 N N None N N V N F 24+5 620 Y 5 71 0 

p447 GY3241 11 N N None N N V N F 24+5 620 Y 5 71 0 

p474 GY4271 39 Y 19 After N N C Y M 26+2 800 Y 8 45 161110 

p475 GY4336 55 N N None Y 15 C Y M 26+2 860 Y 8 54 66172 

p475 GY4141 17 N N None Y 15 C Y M 26+2 860 Y 8 54 187903 

p475 GY4182 34 N N None Y 15 C Y M 26+2 860 Y 8 54 0 

p475 GY4179 25 N N None Y 15 C Y M 26+2 860 Y 8 54 0 

p475 GY4169 23 N N None Y 15 C Y M 26+2 860 Y 8 54 0 

p475 GY4300 49 N N None Y 15 C Y M 26+2 860 Y 8 54 0 

p475 GY4289 38 N N None Y 15 C Y M 26+2 860 Y 8 54 0 

p475 GY4370 61 N N None Y 15 C Y M 26+2 860 Y 8 54 139628 
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Appendix 10. Butyric Acid Total Amounts over time 

Only Patients with more than one sample registering an amount (Da) and split 

between NEC and No NEC samples 

 
Figure 1. Amount of butyric acid in breast milk samples over time from preterm infants 

without NEC. 
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Figure 2. Amount of butyric acid in breast milk samples over time from preterm infants with 

NEC. 
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