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Abstract 
Introduction 

One of the most important factors of health is ensuring a preterm infant meets growth and 

development milestones however challenging this may be. Preterm infant health is closely 

linked to the gut microbiome, therefore this research investigated gut microbiota 

development including bacterial profile, bacterial load, and correlation to Z score (weight 

gain). In addition, the archaeal community of stool samples were investigated for the first 

time in the preterm population.   

 
Methods 

DNA extracted from stool was used to sequence the V4 region of the 16S rRNA gene for 

community analysis. Bacterial and archaeal profiles were assessed using 16S rRNA MiSeq 

Illumina Next Generation Sequencing (NGS) applied to preterm infant stool samples in 

Chapter 3 and 5. Bacterial loads of Enterococcal and Bifidobacterium, as well as Archaea 

were assessed using 16S rRNA gene qPCR applied to preterm infant stool samples in Chapter 

4 and 5.   

 
Results 

Preterm infants with positive Z scores had greater bacterial α-diversity. There was a 

tentative correlation between relative abundance of Staphylococcus and Z score at DOL 20-

30. Bifidobacterial abundance and load was greater in caesarean born preterm infants as 

opposed to vaginally delivered in healthy preterm infants. Our findings are the first to 

indicate a significant increase of Methanobacterium and unclassified Archaea at the OTU 

level, in healthy preterm infants.  

 
Discussion 

The findings compliment previous observations of a positive correlation between Z score 

and bacterial relative abundance. Significant differences in archaea (at the operational 

taxonomic unit level) between healthy and diseased preterm infants highlight the 

importance of early-life microbiome studies to understand how differences in colonisation 

may contribute to the development of health and disease. The findings provide an important 

account of preterm infant colonisation within the gut microbiome by bacteria and archaea.  
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1.0 CHAPTER 1: Introduction 

 
For many years’ microbes have coevolved with humans, adapting to life within the human 

body and forming an intricate and mutually beneficial relationship (Wang et al., 2018; 

Shanahan et al., 2021; Yu et al., 2016). Formerly, microbes were known as imposing a huge 

threat on gut integrity, yet most of them are not harmful but rather important to human 

health (Echarri et al., 2011; Jalanka-Tuovinen et al., 2011; Arboleya et al., 2012). A seemingly 

thriving microbiome, and what constitutes a ‘healthy’ microbiome, has been questioned in 

recent years (Bull and Plummer, 2014; Zheng et al., 2020; Stewart et al., 2012). The 

interaction between humans and microbiota determines the outcome of health or disease 

(Dieterich, Schink and Zopf 2018; Dominguez-Bello, 2019; Cong et al., 2017; Robertson et 

al., 2019).  

 

The large majority of preterm infants thrive during their time on the neonatal intensive care 

unit (NICU), yet the question remains whether these infants have acquired a healthy 

microbiota that is more resilient and resistant to disruption than preterm infants who 

acquire disease (Bäckhed et al., 2012; Lynch and Pederson, 2016; Bull and Plummer, 2014). 

We hypothesise that preterm infants, who lack overt disease, have a ‘healthy’ microbiota 

that include prevalent organisms within the gut (Shanahan et al., 2021; Greenhalgh et al., 

2016). While the gut microbiota may contain a variety of microbes, including species of fungi 

and virus, in this thesis the focus is on assessing the bacterial and archaeal communities. 

Many studies in microbiota research focus on understanding bacterial communities, which 

allows for direct gut comparisons between healthy and diseased preterm infants (Cong et 

al., 2017; Stewart et al., 2015; Henderickx et al., 2019; Arboleya et al., 2012; Westerbeek et 

al., 2006; Warner and Tarr, 2016; Raveh-Sadka et al., 2015). While a small number of 

archaeal genera have been identified primarily in the adult gut, the presence and community 

structure remain unclear in the preterm population (Wampach et al., 2017; Nkamga et al., 

2017). 

 

Colonisation of the preterm gut is assumed to begin in utero (Valdes et al., 2018; Fricke, 

2014; Argenio & Salvatore, 2015; Daliri et al., 2018). Recent studies of preterm infant 
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meconium suggest that bacteria are present in the gut prior to birth, meaning that 

colonization could occur prenatally (Dibartolomeo & Claud, 2016; Cong et al., 2016). The 

initial development of the gut microbiota is critical for the development and maturation of 

the adaptive immune system, metabolism of otherwise indigestible nutrients (e.g., human 

milk oligosaccharides) and protection against pathogens (Groer et al., 2014; Sekirov et al., 

2010). In the preterm gut, physiological immaturity has been linked to inflammatory 

necrosis and abnormal bacterial colonisation, termed dysbiosis (Thursby and Juge, 2017). 

Dysbiosis may cause increased inflammatory response and limit microbial diversity 

exacerbated by an immature innate immune response that increases the risk of diseases like 

necrotising enterocolitis (NEC) or late onset sepsis (LOS) (Stewart et al., 2017). While some 

preterm infants have serious medical complications or long-term health problems, many 

also go on to live normal healthy lives (Groer et al., 2014; Rodrigue et al., 2017). An improved 

understanding of the microbiota of preterm infants cared for on the NICU may allow 

clinicians to promote ‘healthier’ gut microbiota, thus resulting in reductions in mortality and 

improvements in long term outcomes (Caicedo et al., 2005; Lloyd-price et al., 2016; Robles 

Alonso and Guarner, 2013). 

1.1 Preterm birth: Epidemiology, risk factors and treatments 
Birth is considered preterm when it occurs before 37 completed weeks of gestation (Shim et 

al., 2017; Goldenberg et al., 2008; Tucker and McGuire, 2004). Preterm birth (PTB) is a 

complex obstetrical syndrome and accounts for over 13 million births per year worldwide 

(Goldenberg et al., 2008; Vogel et al., 2018). PTB is a global problem, with rates increasing 

from 9.8% in 2000 to 10.6% in 2014 (Walani, 2020; Chawanpaiboon et al., 2019). While the 

overall risks of adverse births are relatively low in England and Wales, increasing proportions 

of PTBs occur to women born outside the UK and vary across ethnic groups (Opondo et al., 

2020; Walani, 2020). PTB can be classified as extremely preterm (<28 weeks), very preterm 

(28-34 weeks) and late preterm (34-36 weeks), and further defined in terms of birth weight: 

low birthweight (<2500g/5lbs), very low birthweight (<1500g/3lbs), and extremely low 

birthweight (<1000g/2lbs) (Blackburn and Harvey, 2018). In England, around 10,000 infants 

are born very preterm and a further 60,000 are born late preterm annually (Blackburn & 

Harvey, 2018; Platt, 2014). PTB is estimated to cost health services in England and Wales 
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£3.4bn per year, hence it has become a priority for maternity and children’s services to 

reduce these rates (Story et al., 2019). 

 

Identifying women at risk of PTB can be challenging (Radan et al., 2020). Around 40-45% of 

PTBs happen spontaneously, however, common reasons include: infection such as 

chorioamnionitis, bacterial vaginosis, pre-eclampsia and intrauterine growth restrictions 

(Groer et al., 2020; Parnell et al., 2017; Goldenberg et al., 2008). Additionally, PTB is 

associated with other risk factors including a range of health parameters such as maternal 

age, smoking, alcohol, and physical activity (Institute, OM, Board, OHSP, & Committee, 

OUPBA, 2007). Regardless of spontaneity, preterm premature rupture of the membranes 

(PPROM) is a significant risk factor, occurring prior to PTB in approximately 30% of cases 

(Brown et al, 2018).  

 

To avoid hospital admissions, multiple tests aiming to identify women at risk of PTB have 

been proposed (Radan et al., 2020). Women classified as high risk for PTB may receive tests 

such as foetal fibronectin or measurement of the cervical length or a combination of both 

(Radan et al., 2020). The World Health Organisation (WHO) and National Institute for Health 

and Care Excellence (NICE) guidelines for intervention of PTB include administering 

prophylactic corticosteroids and antibiotics to supress labour, plus supporting the neonate 

after birth with oxygen therapy, feeding support and thermal care (NICE, 2019; WHO, 2015). 

Whilst on the NICU preterm infants are at risk of poor postnatal growth. An ideal growth 

pattern is often difficult to achieve in this population (Horemuzova, Söder, and Hagenäs, 

2012).  

1.2 Postnatal growth of a preterm infant  
Postnatal growth of a preterm infant is central in clinical care (Horodynski et al., 2017; 

Giuliani et al., 2016). The development of a preterm infant ought to replicate intrauterine 

rates, however this strategy is still being debated since there is a lack of globally accepted 

references for weight, length, head circumference and/or body composition (Izquierdo 

Renau et al., 2019; Giuliani et al., 2016; Fenton and Kim, 2013). The expected growth of a 

foetus is described as the fastest human growth period, increasing weight over six-fold 

between 22 and 40 weeks (Fenton and Kim, 2013). The Preterm Multicentre Growth Study, 
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carried out by The WHO revealed the growth pattern of a preterm infant remained similar 

to that of the foetus, however the biggest deviation in weight gain was just before term (37 

to 40 weeks). The top priority for clinicians is to ensure adequate growth, which can be 

challenging for extremely preterm and very preterm infants (Patel et al., 2005; Izquierdo 

Renau et al., 2019). However, any form of growth is positively associated with health in 

regard to the preterm population (Greenhalgh et al, 2016; Horodynski et al., 2017). Preterm 

growth charts such as the Fenton preterm growth chart aim to mimic growth that occurs 

during a term pregnancy (Fenton et al., 2017). Across the world growth charts are used 

throughout many different hospitals by numerous medical professionals (Ong et al., 2015; 

Fenton and Kim, 2013; Fenton et al., 2013).  

1.2.1 General practice to measure postnatal growth 
During a preterm infant's hospital stay there are different methods used to assess growth 

(Fenton et al., 2017). Measuring growth may differ between hospitals due to no clear 

consensus existing to quantify growth (Izquierdo Renau et al., 2019). The current 

approaches to monitoring postnatal growth include growth parameters such as 

anthropometric measurements, grams per kilogram per day (g/kg/d) rate or changes in Z 

scores (Senterre and Rigo, 2012; Fenton et al., 2018; Samuels et al., 2017). Many different 

growth charts exist and allow health professionals to analyse a preterm infants height and 

weight from birth to discharge, and even throughout young adulthood (Nardozza et al., 

2017). Postnatal growth requires repeated anthropometric measures after birth (Fenton 

and Kim, 2013; Villar et al., 2018) and the measurements are defined by three physical 

parameters to describe normal early childhood growth and nutritional status which include 

weight-for-age, height-for-age, and weight-for-height (Giuliani et al., 2016; WHO, 2008). 

Anthropometric measurements can also be converted into Z scores, which are commonly 

used parameters to compare individual weights (Patel et al., 2005; Rochow et al., 2019). In 

brief, the Z score considers the distance and direction of an observation away from the 

population mean, whereas percentiles are often plotted on growth charts and indicate the 

percentage of observations that fall below a certain value (Narchi et al., 2020). 

 

Considerable limitations are often met with postnatal growth charts since fundamental 

factors, for instance feeding practices, that determine postnatal growth can change over 
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time (Villar et al., 2018; Riddle et al., 2010). These variables are not included in the data used 

to construct growth charts and therefore cannot be used as reference guide but instead a 

standard guide (Roelants et al., 2018). The type of chart selected for growth monitoring has 

a profound effect on the clinical care of all preterm infants (Villar et al., 2018). As a 

consequence, in this thesis, postnatal growth charts are not used to assess growth, instead 

weight-for-age Z scores were calculated as this method is more accurate for population-

based assessment and to represent growth trajectories (El Mouzan et al., 2017; Fenton and 

Kim, 2013). 

1.2.2 Z score  
A Z score or a standard deviation score has a probability curve that is divided into two halves 

– one half representing negative values and the other half representing positive values 

(Figure 1.1; DeVore, 2017). The Z score computation requires the measurement of the mean 

and standard deviation from a study population that is normally distributed (Mei and 

Grummer-Strawn, 2007). The Z score for a particular gestational age and sex is defined as: 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1.1 Standard normal distribution of bell curve to assess Z score. 99.7% of values 

often sit within -3 and 3 (DeVore, 2017). 
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Growth of a preterm infant is commonly assessed using Z scores over specified observation 

periods, for instance from birth to hospital discharge (Simon et al., 2019). Z score plots are 

widely recognised as the best system to analyse and present anthropometric data (DeVore, 

2017; WH0, 2018) and are commonly used by leading clinicians as a descriptor of health (Mei 

& Grummer-Strawn, 2007). Furthermore, WHO indicates that Z scores are constant across 

populations, regardless of nutritional status, and thus can be used to assess the quality of 

anthropometric data (WH0, 2018). A Z score is relative to a postnatal reference growth 

chart, whereby the change in weight-for-age Z score considers gestational age (Simon et al., 

2019).  

 

Z scores were generated using Fenton Growth Calculator for preterm infants, which also 

determined adequacy of weight for gestational age (Mei & Grummer-Strawn, 2007; 

Terrazzan Nutricionist et al., 2020). The calculator is based on birth size of almost 4 million 

births from developed countries all over the world including Germany, Canada and United 

States of America (Fenton and Kim, 2013). The Fenton chart provides a clear list of Z scores 

whereby actual age is calculated rather than corrected gestational age (Simon et al., 2019). 

To support growth monitoring additional changes were made to separate data on females 

and males creating sex specific charts (Simon et al., 2019). The Fenton preterm growth chart 

was used in this study because the new version is more likely globally representative of fetal 

and infant growth (Fenton & Kim, 2013). Exact Z score calculators for the revised Fenton 

preterm infant charts are available for download here: http://ucalgary.ca/ fenton.  

 

Additional Z score calculators are available including WHO Multicenter growth reference 

study, however, the macro is based on reference data published by Fenton (2013). The 

International Fetal and Newborn Growth Consortium for the 21st Century (INTERGROWTH-

21st) project assesses postnatal growth of preterm infants based on multi-ethnical 

populations worldwide (Giuliani et al., 2016; Narchi et al., 2020). The international standards 

can be downloaded, and Z scores obtained from the reference equations (Narchi et al., 

2020). Likewise, The Euro Growth Study utilises anthropometric measurements to generate 

references from children and infants from birth and three years of age however, it does not 

specify if it can be used on preterm infants (Haschke and van't Hof, 2000). In the past Z scores 
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have been linked to the gut microbiota by correlating average abundance of bacteria to Z 

scores (Younge et al., 2019).  

1.3 The preterm gut microbiota 
The gut microbiota alone is estimated to have 100 trillion organisms, adapting to live in 

cooperation with the human body and importantly, each other, and contributing to being a 

key determinant for health (Groer et al., 2014; Nogacka et al., 2018; Lozupone et al., 2012). 

Microbes in the gut encode 100 times more genes than the human genome and play an 

important part in human homeostasis (Nogacka et al., 2018). In the preterm population, the 

phrase ‘microbiome’ and ‘microbiota’ are often used interchangeably, however the two 

terms have subtle differences (Ursell et al., 2012). The phrase microbiome refers to all the 

genomic elements of a specific microbiota, whereas microbiota focusses on the community 

of organisms that inhabit a particular region of the body (D’Argenio & Salvatore, 2015; Liang 

et al., 2018; Dollings and Brown, 2016).  

 

The human microbiota is a diverse ecosystem, comprised of three domains of life including 

bacteria, archaea and eukarya, although, most research efforts are clearly focused on 

bacterial colonisation and succession (Koskinen et al., 2017; Coker et al., 2020; Wampach et 

al., 2017). Targeting the 16S ribosomal RNA (rRNA) gene is a popular choice, since this gene 

is present in all bacteria and archaea (Thursby and Juge, 2017). Bacterial colonisation and 

their role within the gut of preterm infants are better understood than that of archaea (Kho 

and Lal, 2018; Wang et al., 2017). Exposure to bacteria in the gut can lead to one of three 

outcomes (1) bacteria can transiently colonise an individual, (2) bacteria can permanently 

colonise an individual or (3) bacteria can cause disease (Tlaskalová-Hogenová et al., 2011; 

Hartz et al., 2015; Coker et al., 2020; Dieterich et al., 2018). Pathogenic bacteria can cause 

disease while commensal bacteria promote resistance by stimulating host defence 

mechanisms and educate which antigens should respond to or be tolerated (Khan, Petersen 

and Shekhar, 2019).  
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1.3.1  Bacterial colonisation 
The development of the preterm gut is mainly influenced by bacterial colonisation and a 

host of ecological and genetic factors (Yu et al., 2016; Henderickx et al., 2019; Cilieborg et 

al., 2012). The composition of the microbial community in the preterm gut is fairly stable at 

the phylum level, dominated by Actinobacteria, Firmicutes, Bacteroidetes and 

Proteobacteria (Greenhalgh et al., 2016; Groer et al., 2014). The influence of the microbiome 

on host physiology and development is often considered to be immediate and effects can 

last a lifetime, for example, imbalance of the gut microbiome has been linked to an increased 

risk of asthma and allergic diseases (Sbihi et al., 2019; Zhang et al., 2015; Tlaskalová-

Hogenová et al., 2011). Generally, facultative anaerobes are the first colonizers of the gut 

due to the presence of low amounts of oxygen in the environment (Tauchi et al., 2019; Moles 

et al., 2013). The facultative anaerobic bacteria belong to genera such as Staphylococcus, 

Enterococcus, Enterobacter and Streptococcus (Groer et al., 2014; Stewart et al., 2017; 

Robertson et al., 2019). Shortly after birth, the gut microbiota shifts to a community 

structure comprising Bifidobacterium, Bacteroides, and Clostridium (Figure 1.2; Vandenplas 

et al., 2020; Bull and Plummer, 2014). A Bifidobacterium dominant gut facilitates intestinal 

immunity, for example, the capacity to induce dendritic cell (DC) maturation, CD8+ T cell 

activation and induce production of the modulatory cytokine IL10 (Ruiz et al., 2017). 

Members of the genus Bifidobacterium competitively adhering to the mucosa and 

epithelium, producing organic acids (such as butyrate acid) and contribute to the breakdown 

of non-digestible dietary carbohydrates (such as human milk oligosaccharides) (Liang et al., 

2018; Ling et al., 2016; Wang et al., 2014; O’Callaghan and van Sinderen, 2016; Zheng et al., 

2020).  

 

Full-term infant stool samples contain high numbers of Bifidobacterium compared to 

preterm counterparts, although colonisation is diet dependent (i.e., breast feeding induces 

a less diverse microbiota dominated by Bifidobacteria compared with formula feeding) 

(Groer et al., 2014). In comparison, preterm infants acquire a higher variability among 

patients and significantly lower diversity of microbes (Dahl et al., 2018). Whether the low 

diversity microbiota contributes to increased rates of inflammatory processes and infection 

in the preterm population is not clear (Rodriguez et al., 2017; Younge et al., 2019). Bacterial 

overgrowth (characterized by an increased number and/or abnormal type of bacteria in the 
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gut) has been suggested as a causative agent for disease development, however studies 

have suggested it is unlikely that a single bacterial pathogen is responsible (Cilieborg et al., 

2012; Stewart et al., 2014). Future studies should not be limited to the bacterial domain, as 

this may lead to underestimation and incomplete conclusions of other domains such as 

archaea (Wampach et al., 2017). 

 

 

Figure 1.2 Influence of temporal succession events and environmental factors on the 

infant gut bacterial microbiome. Only the most important differences in bacterial 

composition are included for each variable, and the area of the circle is proportional to the 

relative abundance of the associated bacteria taxon or use circles (Laforest-Lapointe and 

Arrieta, 2017; Clemente et al., 2012). 

1.3.2  Archaeal colonisation 
Archaea are unicellular microorganisms that were classified to reflect their own evolutionary 

lineage based on variations in the 16S rRNA sequence (Woese and Fox, 1977; Conway de 

Macario and Macario, 2009). Archaea share properties with both eukaryotes and bacteria. 

Morphologically, archaea are similar to bacteria though they lack peptidoglycan in the cell 

wall and differ in cellular structure and metabolic activities (Table 1.0; Ghavami et al., 2018; 
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Gaci et al., 2014; Hoffman et al., 2013). Sometimes described as extremophiles, archaea are 

widespread in society and can be stable in extreme conditions such as soil, the ocean floor 

and freezing temperatures (Kim et al., 2020; Chaudhary et al., 2018; Dridi et al., 2009).  

Archaea are members of the gut and are linked to many functionally important processes 

such as energy metabolism (Wampach et al., 2017), interspecies hydrogen transfer 

(Kouzuma et al., 2015) and adipose tissue deposition (Gaci et al., 2014). So far, 

approximately 20 archaeal species have been documented in the human gut, however, 

there has been only limited studies carried out in the preterm infant population (Nkamga, 

Henrissat and Drancourt, 2017; Lurie-Weinberger and Gophna, 2015; Rani, Balamurugan 

and Ramakrishna, 2017).  

 

Methanogens are the most studied of all archaea due to their prevalence in the human gut 

(Steen et al., 2019; Kim et al., 2020). Methanobacterium species are important for energetic 

metabolism, producing short-chain fatty acids (SCFAs) that are from carbohydrates while 

reducing carbon dioxide (CO2) to methane (CH₄) from by-products of bacterial fermentation 

(Togo et al., 2019; Gaci et al., 2014; Kim et al., 2020; Ghavami et al., 2018). Miller and Wolin, 

(1982) were the first to report Methanogens in human stool samples that were isolated 

using medium containing clindamycin and cephalothin. The abundance of methanogens in 

the gut differs in humans and is often difficult to detect using cell culture methods due to 

their anaerobic nature and slower growth rate in comparison to bacteria (e.g., 

Methanobacterium thermoautotrophicum colonies may take approximately 7 days to grow; 

Dridi et al., 2011; Pennings, Keltjens and Vogels, 1998). Palmer et al., (2007) studied the 

colonisation process and temporal pattern of bacteria, fungi, and archaea in full-term 

infants. qPCR analysis detected archaeal rRNA genes in full-term infants during the first year 

of life. The prevalence was considerably lower and more variable than that of bacteria or 

fungi (Palmer et al., 2007). In addition, and more recently, archaea were detected in human 

colostrum and milk, which suggests that breastfeeding may contribute to the vertical 

transmission of these microbes, and thus further studies are needed to discover their 

emerging role in health and disease (Togo et al., 2019).  
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Archaea share some characteristics with known pathogens including access to a host and 

interact with eukaryotic cells in the host long-term, (Eckburg, Lepp and Relman, 2003; 

Pimentel et al., 2012). Several theories have been postulated regarding archaea and their 

relationship to disease (Gill and Brinkman, 2011). Virulence genes for lipopolysaccharide 

biosynthesis and the tadA gene, which are required by bacteria for nonspecific adherence 

have been identified in archaea (Cavicchioli et al., 2003). The presence of archaea has been 

correlated with various human disease states, such as colorectal cancer (Coker et al., 2020), 

periodontal disease (Lepp et al., 2004) and irritable bowel syndrome and inflammatory 

bowel disease (Ishaq et al., 2016) but no causative relationships have been established. 

Methanogenic archaea are involved in hydrogenotrophic metabolism requiring the presence 

of hydrogen (H2) to reduce CO2 to CH₄, a process termed as methanogenesis (Gaci et al., 

2014). Therefore, archaea may not be the primary causative agent of disease but may assist 

in the growth of pathogenic bacteria by altering conditions within the gut, for example 

altering H2, CO2 and CH₄ within the gut environment. (Nkamga, Henrissat and Drancourt, 

2017; Sereme et al., 2019; Khelaifia and Drancourt, 2012). The need for detailed analysis is 

becoming recognised within the field of clinical microbiology (Pausan et al., 2019; 

Mihajlovski et al., 2010).  
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 Bacteria Archaea 

Cell wall 

Peptidoglycan/ 

Lipopolysaccharide. Murein, a 

peptidoglycan with numerous 

chemical variations that forms 

rigid cell wall sacculi in almost all 

taxa of bacteria with only a few 

exceptions, such as Mycoplasma, 

Planctomyces and Chlamydia 

Methanobacteriales possess 

pseudomurein. The cell wall matrix of 

Methanosarcina is 

Methanochondroitin. The rigid cell wall 

of the extremely halophilic Halococcus 

morrhuae is composed of a highly 

sulphated heteropolysaccharide. The 

cell wall polymer of Natronococcus 

consists of a novel glycoconjugate 

Habitat 

Ubiquitous and are found in soil, 

hot springs, radioactive 

wastewater, Earth's crust, organic 

matter, bodies of plants and 

animals  

Hot springs, soils, salt lakes, 

marshlands, oceans, gut of ruminants 

and humans 

Cell division 

Binary fission, budding, 

fragmentation, but eubacteria 

have the unique ability to form 

endospores to remain dormant 

over years, a trait that is not 

exhibited by Archaea 

Archaea reproduce asexually by 

forming pseudosporangia. 

Changes metabolism to bacteria-like 

anaerobic life using acetate as e-donor 

and ferrihydrite as e-acceptor, all 

without fermentation 

Metabolic pathway 

Glycolysis pathway and Kreb's 

cycle, use of autotrophic 

metabolism e.g., the Calvin cycle, 

and biosynthetic pathways 

Archaea possess unique metabolic 

pathways, distinct from those in 

Bacteria 

Other features 

 

Thymine is present in the tRNA 

(transferase RNA) 

Thymine is absent in the tRNA 

(transferase RNA) 

RNA polymerase is simple and 

contains 4 subunits 

RNA polymerase is complex and 

contains 13 subunits 

Absence of intracellular 

organelles 

Absence of intracellular organelles 

Table 1.1 Comparison of bacteria and archaea: structure, pathways and features. Only 

within the last couple of decades, archaea were recognised as a distinct domain of life 

(Koskinen et al., 2017; Gaci et al., 2014; Pausan et al., 2019; Eckburg, Lepp and Relman, 2003; 

Sato and Atomi, 2011; Hoque and Fritscher, 2017; Kandler and König, 1998). 
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1.3.3 A healthy gut microbiome 
A healthy microbiota can be described as one that is ecologically stable or one that rapidly 

returns to a baseline following a stress-related change (Bäckhed et al., 2012). The ‘golden 

standard’ for a healthy infant microbiota is considered the gut microbiota of a term, 

vaginally delivered and exclusively breastfed infant (Stewart et al., 2014; Arboleya et al., 

2015). The gut of healthy full-term infants is dominated by non-pathogenic species such as 

Bifidobacteria, although their relative abundance is highly variable across infants (Robles 

Alonso and Guarner, 2013; Millar et al., 2003; Greenhalgh et al., 2016). The gut microbiota 

is a possible indicator of health, however, currently there is no guide on distinguishing a 

healthy microbiome from an unhealthy microbiome in preterm infants (Loftus, Hassouneh 

and Yooseph, 2021; Lloyd-Price, Abu-Ali and Huttenhower, 2016). In addition, there is no 

universally accepted definition of microbiome health, as normality and health are often 

difficult to define (Shanahan et al., 2021).  

1.3.3.1 Current concepts 
Permanent and stable members of the gut community in normal and healthy populations 

have drawn considerable attention (Wang et al., 2019). The concept of a core gut microbiota 

is defined as a group of microbes that are shared by all or most humans (Raymond et al., 

2019; Rajilic-Stojanovic & de Vos, 2014). While the microbiota that live on and in the human 

body have long been recognized as critical to understanding a variety of human diseases, we 

are only the beginning to understand their critical role in maintaining human health (Dirk et 

al., 2012; Kho and Lal, 2018). To facilitate this understanding, early research dating back to 

the 1960s worked towards discovering a healthy microbiota to characterise the ecology of 

health-associated microbial communities for therapeutic targets (Bircher, 2005; Bäckhed et 

al., 2012). Since then, large-scale projects such as the Human Microbiome Project and 

Metagenomics of the Human Intestinal Tract consortium encompassing both 16S and 

metagenomic profiling aimed to characterise the human microbiota of healthy individuals, 

and to describe, if possible, a core microbiota (Huse et al., 2012; Risely and Tate, 2020).  
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1.3.3.2 Functional aspects of the healthy gut microbiome 
The gut microbiota appears to be disproportionately responsible for maintaining human 

health and immunity (Pérez-Cobas et al., 2013; Haque and Haque, 2017). Changes in the gut 

microbiota have been associated with disease – from inflammatory bowel disease to cancer 

(Ganguly and Chandrasekhara, 2019; von Martels et al., 2017). Inflammatory bowel disease 

patients such as those diagnosed with Crohn's disease show increased abundance of 

Bacteroidetes and Proteobacteria compared to healthy patients (Clemente et al., 2012; 

Ganguly and Chandrasekhara, 2019).  Also, Crohn's disease patients show a less diverse 

microbiota profile than healthy individuals (Kaser, Zeissig and Blumberg, 2010; Ganguly and 

Chandrasekhara, 2019). More importantly, the gut microbiota interacts with the immune 

system, providing signals to promote the maturation of immune cells and the normal 

development of immune functions (Zhang et al., 2015; Wang et al., 2016). The gut 

microbiota also activates dendritic cells that induces plasma cells to express secretary IgA. 

The secretary IgA coats the gut microbiota rendering them resistant to degradation by 

bacterial proteases. This restricts the translocation of the microbiota from the intestinal 

lumen into the circulation and prevents systemic immune response (Ganguly and 

Chandrasekhara, 2019). Fundamentally, some bacteria such as Bacteroidetes and Firmicutes 

in the microbiota have been shown to help in maintenance of the integrity of the gut barrier/ 

structure of the gut, which acts as an obstacle to the uptake of pro-inflammatory molecules 

and antigens (Khan et al., 2019; Zhang et al., 2015). Bacteroidetes also maintain 

desmosomes at the epithelial villus. Cell wall peptidoglycans of Bacteroidetes maintain tight 

junctions, which is partially responsible for keeping pathogens from entering the 

bloodstream (Lin and Stoll, 2006; Rajilic-Stojanovic & de Vos, 2014). In terms of metabolism, 

the gut microbiota synthesise all essential and nonessential amino acids, produce an array 

of vitamins and carry out bile acid biotransformation (Bull and Plummer, 2014). Microbes 

such as Bifidobacterium, Enterobacteria and Bacteroides provide biochemical pathways e.g., 

the fermentation of nondigestible substrates into SCFA which provides a major source of 

energy in the gut (Jandhyala et al., 2015). In terms of host protection and immune 

development the gut microbiota produces antimicrobial compounds and compete for 

nutrients and sites of attachment in the gut lining, thereby preventing colonization by 

pathogens (Wang et al., 2016; Tlaskalova´-Hogenova et al., 2011). This action is known as 

the barrier or competitive-exclusion effect (Gause, 1934; Wang et al., 2016). A delicate 
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balance metabolically between the microbes that survive in the gut is important (Lloyd-

Price, Abu-Ali and Huttenhower, 2016; Rose and Patel, 2018).  

1.3.3.3 Novel interventions 
One of the ultimate goals in microbiome research is to modulate the community from a 

‘dysbiotic’ state into a healthy ‘homeostatic’ one (Shanahan et al., 2020). Homeostasis of 

biological systems is defined as preserving constancy in the internal environment, while 

adjusting to conditions that are optimal for survival (Billman, 2020). Probiotics are often 

used as biotherapeutic agents in order to manipulate the early microbiota by shifting the 

preterm infant microbiome toward that of a healthy full-term infant (Dibartolomeo and 

Claud, 2016; Rose and Patel, 2018; Panigrahi et al., 2017). The administration of probiotics 

such as Bifidobacterium and Lactobacillus to NICU preterm infants can provide protection 

from disease by modifying the immune response (Rose and Patel, 2018; Panigrahi et al., 

2017; Aceti et al., 2017; Shane, Sánchez and Stoll 2017; Lin et al., 2005; Arrieta et al., 2014). 

Bifidobacteria and Lactobacilli are thought to have an antimicrobial effect and could possibly 

block viral attachment by competitive inhibition if they are able to bind viral receptors at the 

surface of intestinal cells, however the details of the mechanisms involved in their beneficial 

effects still need to be defined (Colbère-Garapin et al., 2007; Moreno Munoz et al., 2011). 

Species of Bifidobacterium such as B. lactis and B. bifidum have been able to decrease the 

rates of nosocomial infections like sepsis by reducing the permeability of the intestine, 

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, Callegari and Patrone, 2018; Dilli et al., 2015; 

Mihatsch et al., 2010; Mohan et al., 2008). Furthermore, enteral probiotic administration 

plays a protective role in the host defence against disease (Anderson, 2015). Establishment 

of Bifidobacteria and Lactobacilli is often delayed in the preterm population but normally 

dominate in healthy full-term infants. Thus, the use of probiotics in preterm infants remains 

highly accepted, intended to alter, and complement the gut microbiota by promoting 

healthy change in the microbial environment (Rodriguez et al., 2017; Turroni et al., 2020). 
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1.3.3.4 Advancements in biomedicine using mice models 
Experimental models using germ-free (GF) mice have provided evidence to support the role 

of gut microbiota in health (Valdes et al., 2019; Henderickx et al., 2019). Specifically, the use 

of small animal models such as GF mice allow studies of microbe–microbe interaction to 

better understand how introduction of a new microbial member affects community 

composition and function (Park and Im, 2020; Kennedy King and Baldridge, 2018). GF mice 

demonstrated that normal development is dependent on the presence of commensal 

microbiota such as Bifidobacterium, particularly in the gut (Ong et al., 2018). Oral 

administration of B. longum was found to reduce body weight loss and viral load, in addition 

to reducing the occurrence of carcinogen-induced cancerous cells in mice, suggesting a 

protective role for the commensal bacterium (O’ Callaghan and van Sinderen, 2016; Khan et 

al. 2019). A reduction of Bifidobacterium accompanied with an increase of Klebsiella and 

Escherichia in the gut can cause abnormal microbial colonization in preterm infants affecting 

the intestinal barrier and nutrient absorption (Henderickx et al., 2019; O’Callaghan and van 

Sinderen, 2016). The impact of gut bacteria on preterm infant development has been 

indicated by decreased intestinal surface and epithelial cell turn over, which suggest that 

certain microbiota is essential for gut development (Yu et al., 2016; Chu et al., 2017). These 

findings from GF mice models have shown bacterial species may be able to distinctly 

modulate the host immune system, which is vital in altered immune phenotypes. The 

capabilities of GF mice have further been demonstrated through fecal microbiota 

transplantation (FMT), in which fecal samples of donors are transplanted into the gut of 

recipients. Microbiota was transferred from lean and obese human twins into GF mice 

lacking a native gut microbiome, resulting in the delivery of the metabolic phenotype of the 

donor (Shurney et al., 2019; Brunse et al., 2019; Zhang et al., 2015). The effect of FMT route 

of transmission on gut colonisation is still being examined, however a longer-term safety 

assessment of such a pronounce manipulation of spontaneous gut colonization in a delicate 

population like preterm infants is desirable (Brunse et al., 2019). 
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1.3.4 Factors influencing the preterm infant gut microbiota 
Microbial colonization of preterm infants can be affected by numerous factors including use 

of antibiotics, feeding, birth mode and various care choices implemented in the NICU (Sbihi 

et al., 2019; Gregory et al., 2016; Groer et al., 2020). Factors that influence early-life 

microbiota dynamics are important precipitators of a healthy gut and are critical to survival 

of preterm infants (Chu et al., 2018).  

1.3.4.1 Hospital environment  
Preterm infants often remain hospitalised in the NICU for an extended period of time after 

birth due to prematurity and compromised health status (Aguilar-Lopez et al., 2021; Sbihi et 

al., 2019). The total length of stay varies depending on the growth and development of each 

infant (Aguilar-Lopez et al., 2021; Goldenburg et al., 2008), however, infants generally spend 

more time in the NICU if they are born at an earlier gestational age (GA) and with lower birth 

weight (Purisch and Gyamfi-Bannerman, 2017). Based on current research inter-individual 

differences in microbiota composition of hospitalised very low birth weight (VLBW) preterm 

infants appear to become smaller with increasing stay, at least in the short term (Kelsen and 

Wu, 2012; Patel et al., 2016). Bacterial families such as Enterobacteriaceae (genera Klebsiella 

and Escherichia in particular) and Enterococcaceae converge towards a core microbiota in 

hospitalised VLBW infants, proving to be very different to healthy full-term infants. Healthy 

full-term infants gut microbiota is commonly composed of Bifidobacterium, Bacteroides, and 

Clostridium in early life (Patel et al., 2016; Stewart et al., 2012). Elevated proportions of 

Escherichia coli or other members of the phylum Proteobacteria are associated with NICU 

morbidities, and their abundance may be a result of delayed colonisation (Groer et al., 

2017).  

 

The physical environment of the NICU potentially influences microbial colonisation of the 

preterm infant gut (Hartz et al., 2015). Surfaces in the NICU that came in direct contact with 

preterm infants were colonised with Streptococcus, Staphylococcus, Neisseria, and 

Enterobacteriaceae. These microbes are commonly found in the gut of preterm infants 

suggesting that the microbiota may be altered due to the preterm population spending 

significant amounts of time in the NICU environment (Hartz et al., 2015). Variations in 

preterm infant microbiota composition and succession between different hospitals, strongly 
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suggesting that the NICU serves as a reservoir for microbes (Brooks et al., 2014). In some 

circumstances ongoing interactions with multiple healthcare providers and caregiving 

processes have the potential to impact microbial colonization, producing a NICU-specific 

microbiota composition (Hartz et al., 2015). Another explanation for a NICU-specific 

microbiota is high-risk infants are separated from their mothers following delivery and for 

weeks to months are cared for in the complex hospital environment which acts a reservoir 

for microbes (Sbihi et al., 2019). Over time surfaces with the greatest variations were those 

exposed to human skin such as door handles, telephones, and computer screens 

(Possomato-Vieira et al., 2016; Hartz et al., 2015). The surfaces of the room environment 

were colonised with communities of Acinetobacter, Halomonas and many more (Patel et al., 

2016). It is particularly important to gather knowledge on the role of the hospital 

environment related to the gut microbiota composition due to prevention of pathogenic 

bacterial colonisation such as Enterobacter species that cause outbreaks of nosocomial 

infections within NICUs (Jiao et al., 2020; Groer et al., 2020; Aguilar-Lopez et al., 2021). 

Prevalent nosocomial infections such as necrotising enterocolitis (NEC) and late onset sepsis 

(LOS), are both infections in which the gut microbiota has been implicated (Wang et al., 

2009; Young et al., 2017; Pai et al., 2018). Interventions are needed to help hospital staff 

limit the risk of microbial invasion to the preterm infant and promote health (Tauchi et al., 

2019). 

1.3.4.2 Mode of delivery 
In the preterm population, the influence of mode of delivery on the gut microbiota 

development continues to be debated (Dibartolomeo and Claud, 2016; Dogra et al., 2015; 

Dominguez-Bello et al., 2010). Hendrickx et al., (2019) described that birth mode strongly 

influences the early infant gut microbiome suggesting that vaginally delivered (VD) preterm 

infants differ from those who were delivered via caesarean section (CS). Mitchell et al., 

(2020) found that the VD bacterial colonisation pattern is simply the result of exposure to 

birth canal microbes, with a dominance of genera Sneathia, Lactobacillus and Prevotella. In 

comparison, the gut microbiota of CS born preterm infants is dominated by common skin 

and environmental microbes including Staphylococcus, Propionibacterium and 

Corynebacterium (Lee et al., 2016; Dominguez-Bello et al., 2010). Paradoxically, Patel et al. 

(2016) and Chu et al. (2017) found patterns of microbial composition were influenced by 
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delivery mode at birth, however these differences were absent by six weeks of age. CS 

preterm infants have been described as possessing lower proportions of Lactobacillus in 

comparison to VD preterm infants. Lactobacillus is delayed for up to six months of age in 

many CS delivered preterm infants (Milani et al., 2017; Stokholm et al., 2016). As a result of 

CS delivery, disturbance of the gut microbiota may affect developing mucosal and systemic 

immune functions on short term (Tamburini et al., 2016; Hendrickx et al., 2019). Detrimental 

outcomes may occur due to limited diversity and pathogen dominance, potentially leaving 

preterm infants prone to nosocomial infections such as NEC (Dogra et al., 2015; Wang et al., 

2009). Long-term consequences, such as obesity and asthma, in addition to immune-

associated and allergic diseases are much higher in preterm infants born via CS (Possomato-

Vieira et al., 2016; Thursby and Juge, 2017; Moore and Townsend, 2019). 

 

Healthy full-term infants begin to resemble mothers microbiota within 6 weeks of life 

(Holzer et al., 2017). A delayed bacterial colonisation of commensal bacteria can be 

detrimental in terms of facilitating immune system development and barrier function which 

makes the gut a potential source of infections and inflammation (Korpela et al., 2018; 

Biasucci et al., 2010; Tamburini et al., 2016; Young et al., 2017). However, by two years of 

age differences in abundance and diversity are rarely observed and, despite previous 

differences in bacterial colonisation, infants born by vaginal birth or CS gradually become 

similar (Rutayisire et al., 2016; Bäckhed et al., 2015). Generally, preterm infants are born via 

CS more frequently than full-term infants, with only 32% of full-term infants born via CS 

compared to 44%-64% of preterm infants (Ho et al., 2018; Brooks et al.,2018). Perturbations 

of the preterm gut including delayed enteral feeding, antibiotic treatment and prolonged 

hospitalisation may cause health consequences on both short and long term (Dogra et al., 

2015).  

1.3.4.3 Feeding 
Following delivery, feeding may have a significant effect on the gut microbiota early in 

development, as milk is one of the first external components to enter the preterm gut (Cong 

et al., 2016; Penders et al., 2006; Gregory et al., 2016). 25–30% of the preterm infant 

microbiota is estimated to originate from breast milk (BM) (Robertson et al., 2019). BM is 

acknowledged as the gold standard for human nutrition, with a wide array of growth factors 
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especially important during the first weeks of life (Dahl et al., 2018; Pai et al., 2018). BM can 

be given via direct contact with the breast which in turn can provide additional variability in 

microbiota through contact with the mothers skin and also through BM (Parra-Llorca et al., 

2018). Preterm infants fed on BM are found to have a higher microbial diversity and 

significantly higher abundance in Bifidobacterium and Lactobacillus than infants fed non-BM 

(Cong et al., 2017). Notably, BM has a microbiome consisting of Lactobacillus, 

Staphylococcus, Streptococcus and Bifidobacterium but may differ slightly in mothers 

depending on mode of delivery and genetics (Sanidad and Zeng, 2020; Cai et al., 2019). 

Furthermore, BM contains a variety of nutritional components including vitamins, minerals, 

cytokines, amino acids and lactoferrin (Ferretti et al., 2018; Parra-Llorca et al., 2018). Human 

milk oligosaccharides (HMOs) are non-digestible, structurally diverse compounds that are 

also found in BM and are proven to enhance the growth of specific gut bacteria (Chao, Jost 

and Chisholm, 2015). The protective nature of HMOs on the gut environment is due to a 

continuous source of viable commensal bacteria able to colonize the preterm gut, including 

obligate anaerobes such as Bifidobacterium spp (Groer et al., 2020). Different stages of 

lactation may affect HMOs for example, in human colostrum HMO content is 22-24 g/l 

whereas in mature milk the content is 12-13 g/l (Ficara et al., 2020). In total, six 

Bifidobacterium strains have been isolated from BM showing genotypic and phenotypical 

characters of commercial probiotics, which are important specifically for preterm infants 

and for potential use in targeted interventions (Weaver, 2012; Groer et al., 2020).  

 

BM is associated with lower infant mortality and morbidity, in addition to increased weight 

gain and improved motor and cognitive development (Pai et al., 2018). Early breastfeeding 

has long lasting effects on the gut microbiota and effects persist even after weaning (Parra-

Llorca et al., 2018; Cong et al., 2016). However, breastfeeding is particularly difficult for 

mothers and preterm infants because of exposure to factors including neonatal morbidities, 

NICU environment, delayed breastfeeding, and the paucity of parental contact (Singh et al., 

2017; Timmerman et al., 2017). In addition, immaturity of the preterm infant may possibly 

cause problems in developing feeding skills because these infants may not be able to suck 

or swallow properly (Groer et al., 2020). Likewise, the feeding of BM is not always possible 

due to insufficient supply of BM from mothers who deliver preterm (Robertson et al., 2019). 

In the absence of BM, donor human milk (DHM) has become the preferred alternative for 
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preterm infants (Meier et al., 2016). Though, DHM needs to be thoroughly investigated as 

there is little known about the influence of different feeding types on the development of 

gut microbiota in preterm infants (Wilson et al., 2017; Groer et al., 2020).  

1.3.4.4 Gestational age 
The influence of gestational age (GA) on the gut microbiota development is often debated 

(Hendrickx et al., 2018; Dahl et al., 2018). Previous studies have shown GA to significantly 

impact gut microbiota in preterm infants at birth, demonstrating that preterm infants often 

switch from one pattern of microbiota to another within days (Gregory et al., 2016; Parro-

Llorca et al., 2018). Korpela et al (2017) stated that microbiota development proceeds in 

four phases indicated by the dominance of (1) Staphylococcus, (2) Enterococcus, (3) 

Enterobacter, and (4) lastly Bifidobacterium in a normally progressing preterm infant. The 

order of colonisation with strains is thought to have a major effect on immune function and 

metabolism (Neu et al., 2016). Chernikova et al., (2018) found that infants born at a later 

gestational age (>32-weeks) had greater abundance of Bifidobacterium, suggesting that the 

development of the microbiota composition is not random but in fact follows a pattern 

depending on GA (Gibson et al., 2016; Jacquot et al., 2011). Samples were collected at two 

time points: first stool after passing of meconium (0–3 days of life) and at 6 weeks. However, 

Hendrickx et al., (2018) suggests regardless of the GA at birth, all preterm infants began to 

proceed towards a Bifidobacterium-dominated composition. In a detailed analysis, 

Terrazzan Nutricionist et al., (2020) suggests that preterm infants born >32-week GA are 

more likely to have gut bacterial communities (in the first 6 weeks of life) similar to those of 

term infants compared to those born <32-week GA.  

 

Differences were also observed in bacterial alpha diversity between extremely (GA at birth 

<28 weeks) and very preterm infants (GA <28 – <32 weeks) and extremely preterm and 

moderate-late preterm infants (GA >32 weeks) over a six-week period (Chernikova et al., 

2018). Bacterial alpha diversity was found to be reduced in earlier GA infants than in later 

GA infants, across all time points. Earlier GA was also negatively associated with bacterial 

alpha diversity, suggesting that greater gestational immaturity at birth is related to a less 

diverse gut microbiota. Differences in bacterial alpha diversity levels were also identified 

between preterm and term infants in the first 6 weeks of life, with term infants 
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demonstrating higher diversity levels than preterms (Terrazzan Nutricionist et al., 2020; 

Jacquot et al., 2011). In healthy term, vaginally delivered infants there is high abundance of 

Bacteroides and Bifidobacterium less than a week after birth (Chernikova et al., 2018). Yet 

preterm infants repeatedly have elevated proportions of Escherichia coli or other members 

of the phylum Proteobacteria that are associated with NICU morbidities and often cause a 

delayed colonisation of Lactobacillus and Bifidobacterium (Groer et al., 2020; Zhao et al., 

2015). Stewart et al., (2012) found that only 6/27 preterm infants were identified as carriers 

of lactobacilli or bifidobacteria. Certain studies have suggested that the significant difference 

in gut bacterial composition between infants born at an earlier versus later GA may support 

an argument for the potential benefit of probiotic intervention in extremely and very 

preterm infants (Gregory et al., 2016; Zhao et al., 2015). While probiotic supplementation 

might positively affect the gut, it is also possible environmental exposures between earlier 

versus later GA could influence gut microbiota development (Dahl et al., 2018). This is due 

to extremely preterm infants being hospitalised for much longer, exposed to more 

antibiotics and other medical interventions compared to moderate-late preterm and term 

infants. Moderate-late preterm and term infants spend shorter periods or not hospitalized 

at all may have less chance of acquiring a NICU-specific gut microbiota (Gregory et al., 2016; 

Lenfestey and Neu, 2018). 

1.3.4.5 Antibiotics   
Preterm infants are often exposed to prolonged hospitalizations and antibiotics which may 

disrupt the maturation of health-associated microbial communities (Penders et al., 2006; 

Rose et al., 2017). Mothers who face preterm birth are generally given antenatal steroids to 

mature the infants respiratory function (Rose et al., 2017). During the intrapartum period 

(labour) about 33% of woman receive antibiotics for conditions such as premature rupture 

of the membranes, urinary tract infections and Group B streptococcus colonization 

(Stokholm et al., 2013; Parnell et al., 2017). Following birth many preterm infants are born 

with the suspicion of intrauterine infections and are therefore treated with antibiotics such 

as Amoxicillin and ceftazidime for the first 2 to 7 days (Carstens et al., 2016; Kahramanoglu 

et al., 2016). This is common NICU practice and although it is effective in treating many gut 

infections the use of postnatal antibiotics can disrupt the delicate ecosystem of the 

microbiota (Wandro et al., 2018; Zwittink et al., 2018). Greenwood et al., (2014) 
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demonstrated the abundance of several major microbiota members to be affected by 

antibiotic use. During the first week of life, among infants who received no antibiotics 

Enterococcus, Staphylococcus and Enterobacter were the most abundant genera whereas 

infants who received a brief course of antibiotics had decreased Enterococcus and 

Staphylococcus (Rose et al., 2016; DiGiulio, 2015). Infants who received intensive antibiotics 

had a different profile of the most abundant genera in samples from the first week of life, 

which were Enterococcus and Clostridium followed by Staphylococcus and Escherichia 

(Arboleya et al., 2015). By the third week of life Enterococcus, Clostridia, Enterobacter, 

Escherichia and Veillonella were the most common genera present from infants who did not 

receive antibiotics (Collado et al., 2015). A similar pattern was observed for infants who 

received brief antibiotics, however, infants receiving intensive antibiotics had a high 

abundance of Enterobacter followed closely by Enterococcus. A decrease in bacterial alpha 

diversity was observed in preterm infants who received a brief course of antibiotics 

(Arboleya et al., 2016). Nevertheless, by week 3 of life the diversity increased from the first 

week (Greenwood et al., 2014). Exposure to antibiotics in the short term may initially 

suppress the gut microbiota diversity only temporarily, in contrast to preterm infants who 

received intensive antibiotics having a sustained reduction in diversity (Pérez-Cobas et al., 

2012). 

 

Only a few studies have reported on the efficiency of clinically relevant antibiotics on 

archaea (Khelaifia and Drancourt, 2012). The difficulty of cultivating archaea has so far 

prevented a systematic evaluation of the antimicrobial agents that are active against 

archaeal species (Klingl et al., 2019). The sensitivity of antibiotics on archaea in the preterm 

infant gut is expected to be quite different from that of bacteria (Hilpert et al., 1981). Even 

though archaea and bacteria are quite similar in size and shape, archaeon cell walls are not 

made from peptidoglycan. Instead, the cell wall of archaea mainly Methanobacteriales is 

uniquely composed of pseudomureins (Bang et al., 2012; Dridi et al., 2011; Khelaifia and 

Drancourt, 2012). Also, the archaeal cell membrane is composed of glycerol-ether lipids, 

thus explaining why some antibiotics effective against bacteria are not effective against 

archaea (Dridi et al., 2011). Antimicrobials such as bacitracin, alter the cell wall and have a 

rapid bactericidal action by disrupting the lipidic components of membranes (Kumar, 2017). 

Human methanogens were found to be susceptible to bacitracin, whereas halophilic archaea 
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were found to be resistant to polymyxin B, an antimicrobial polypeptide used in clinical 

practice (Khelaifia and Drancourt, 2012). Although, the susceptibility of halophilic archaea 

to antimicrobial agents (e.g., polymyxin B) appears to be dependent on the strain tested. If 

the role of archaea in human infection is further documented, then anti-archaeal 

compounds will be useful (Kumar, 2017; Kim et al., 2020; Rani et al., 2017).  

1.3.4.6 Nosocomial infections in preterm infants 
Preterm infants who have survived the early neonatal period are increasingly at risk because 

of organs that are immature and ill-equipped for extrauterine life (Soraisham et al., 2006; 

Calvert et al., 2020; Parker, 2020). An inappropriate inflammatory response and a poorly 

regulated immune system may create an ecosystem that is especially prone to inflammatory 

disease such as NEC (Lin and Stoll, 2006). NEC is a devastating disease, causing catastrophic 

gut injury in preterm infants (Grier et al., 2017; Itani et al., 2017). The characteristics of NEC 

include intestinal inflammation that can progress to necrosis of portions of the gut and is 

negatively associated with human BM and positively associated with exposure to antibiotics 

(Warner et al., 2016; Lin and stoll, 2006). Diagnosis occurs according to Bell’s criteria, which 

is a method of clinical staging into three groups for infants with NEC (Table 1.1; Bell et al., 

1978; Juhl, 2017).  
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Bell’s staging criteria Clinical signs Treatment 

Stage I Suspected 

• Lethargy 

• Temperature 
instability 

• Abdominal 
distension 

• Oral feeding cessation 

• Parenteral nutrition 

• Nasogastric tube suction 

• Antibiotics 

Stage IIa Mild 

• As in stage I 

• Low blood platelet 
count 

• Blood in stool 

• Apnoea 

• As in stage I 

• Parenteral and gavage 
aminoglycoside antibiotic 

Stage IIb Moderate 

• Abdominal 
tenderness 

• Absent bowel signs 

• Low blood platelet 
count 

• Blood in stool 

• Metabolic acidosis 

• As in stage I 

• Correction of metabolic 
acidosis 

 

Stage IIIa Advanced 

• As in stage II 

• Respiratory or 
circulatory arrest 

 

• As in stage II 

• Inotropic therapy 

• Surgery 

Stage IIIb Severely ill 
• As in stage II 

• Respiratory or 
circulatory arrest 

• Surgery 

Table 1.2 Modified Bell stages (Arbra et al., 2018; Autran et al., 2018a; Juhl, 2017; Cho et 

al., 2016; Costeloe et al., 2016; Preedy, 2012; Gokhan Aydemir et al., 2013; Neu and Walker, 

2011; Lin et al., 2008; Bell et al., 1978; Niño, Sodhi and Hackam, 2016). 

 

The incidence of proven NEC has remained unchanged over the last few decades from 5% 

to 10%, and mortality has been reported to range from 9% to 28% (Forsgren et al., 2017; 

Cilieborg et al., 2012; Niño, Sodhi and Hackam, 2016). The exact pathogenesis of NEC 

remains unknown, however accumulating knowledge suggests that abnormal patterns of 

bacterial colonisation precede that onset of NEC (Berrington and Fleming, 2019; McGuire, 

Young and Morgan, 2015). Enteral feeding and immaturity of, or injury to the gut mucosa 

may also play an important factor in developing NEC lesions (Itani et al., 2017). In spite of 

decades of research, pathogenesis is still unproven with no single specific pathogen 

identified across countries and research centres (Stewart et al., 2014; Warner et al., 2016). 

Interpretation of bacterial DNA from stools have revealed gut microbiota of preterm infants 

with NEC is most frequently colonised with bacteria belonging to the phylum Proteobacteria, 
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which includes more particularly Klebsiella, Enterobacter and also Clostridium (Raveh-Sadka 

et al., 2015). However, no correlation between bacteria and NEC have been reported 

(Stewart et al., 2016; Warner and Tarr, 2016; Cong et al., 2016). 

 

The severity of NEC could possibly be a major contributor to poor growth in preterm infants 

(Preedy, 2012; Lodha et al., 2012). Preterm infants that develop NEC usually have a lower 

gestational age and birth weight at delivery (Berrington et al., 2014). Walsh, Kliegman and 

Hack, (1989) examined the effects of growth on infants who previously acquired NEC. 

Survivors were classified using Bell’s criteria and grouped into severity based on disease 

status. Preterm infants with stage III NEC had severe growth restriction compared to those 

with stage II NEC. Another study compared growth outcomes among survivors of NEC and 

reported that surgical NEC (as opposed to medically managed NEC) is associated with 

significant growth delay compared to those with no NEC (Hintz et al., 2005). Efforts into 

exploring NEC has focussed mostly on the bacterial domain, and many gut microbes 

including archaea have not been characterized, thus little is known about the contributions 

to health and disease (Wampach et al., 2017). Wampach et al., (2017) suggests the need for 

studying all three domains of life in future longitudinal studies of microbial colonization and 

succession within the preterm gut. Modulation of gut microbiota may become an efficient 

preventive approach for NEC pathogenesis, but efforts must span across all domains of life, 

since it is unlikely a single organism causes NEC (Chong, Bloomfield and O'Sullivan, 2018; 

Stewart et al., 2012).  

 

Late-onset sepsis (LOS) is a bloodstream infection in preterm infants which is categorised 

as early onset (day of life 0-3) or late onset (day of life 4 or later) (Ozkan et al., 2014). Onset 

is most rapid in preterm infants and is a leading cause of mortality in the NICU (Lau and 

Chamberlain, 2015; Khalid AlFaleh., 2014). LOS has different causes, symptoms, and 

outcomes – meningitis, NEC and bacteraemia being more common (Romeo et al., 2011; 

Shane, Sánchez and Stoll, 2017; Brooks et al., 2018; Hanley, 2008). The risk factors for 

development of LOS include low GA, low birth weight, central venous catheters and 

antimicrobial exposure (Stocker et al., 2017; Jacobs et al., 2013). Diagnosis can be difficult 

because clinical manifestations are not specific and it is also difficult separating symptoms 

from NEC as both display higher than normal inflammatory markers (Shane, Sánchez and 
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Stoll, 2017; Stewart et al., 2013, 2016; Schüller et al., 2018). LOS causing bacteria are 

predominantly Gram-positive organisms such as group B Streptococci and although less 

prevalent, can also be caused by Gram negative bacteria such as Escherichia coli (Wandro et 

al., 2018; Stewart et al., 2017). 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., 2018; Skeath, Stewart and Berrington, 

2014). In addition, a reduction in bifidobacteria before LOS has been observed, along with a 

significant increase after LOS (Korpela et al., 2018). 

 

At the early sign of infection, Heart Rate Observation (HeRO) can be used to detect slight 

changes in a preterm infant’s heartbeat, as increased heart rate has been observed prior to 

LOS onset (Hicks and Fairchild, 2013). Clinical prevention of LOS includes supplementation 

with a probiotic, early enteral feeding, limiting steroidal use standardisation of catheter use 

has been purported to prevent LOS (Rao et al., 2016). Erythromycin is no longer 

recommended as a preventative because of high resistance rates (Shah and Padbury, 2014). 

Prevention and treatment strategies are listed in table 1.2. 

Prevention of LOS 

Antibiotics Vancomycin plus aminoglycoside. The duration of 
treatment dependent on pathogen and site 

Probiotics Bovine lactoferrin supplementation is a human milk 
glycoprotein with a role in innate immune response. 
Lactobacillus rhamnosus GG (LGG) enhances the activity 
of lactoferrin 

Pentoxifylline Inhibits pro-inflammatory cytokine production in 
conjunction with the elevated levels of adenosine often 
found in preterm infants. Pentoxifylline are mediated via 
adenosine-dependent pathways.  

Table 1.3 Prevention and treatment strategies of LOS (Schüller et al., 2018; Wandro et al., 

2018; Shane, Sánchez and Stoll 2017).  

 

 

 

 

 

https://www-sciencedirect-com.ezproxy.tees.ac.uk/topics/medicine-and-dentistry/lactoferrin
https://www-sciencedirect-com.ezproxy.tees.ac.uk/topics/medicine-and-dentistry/lactobacillus-rhamnosus
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1.3.5 Preterm infant growth and the gut microbiota 
The preterm infant gut microbiota and growth are equally important variables that may 

influence preterm infant development (Cilieborg et al., 2012; Ihekweazu and Versalovic, 

2018; Terrazzan Nutricionist et al., 2020). In the NICU many infants suffer with postnatal 

growth failure (defined as weight less than the third percentile on sex-specific growth charts) 

which impacts cognitive and motor impairment, often causing lifelong consequences 

(Berrington et al., 2013; Ong et al., 2015). Current practice is limited by a lack of biomarkers 

to identify preterm infants at highest risk of growth failure (Younge et al., 2019). Simply 

increasing caloric supply in growth failure without understanding the infant’s capacity to 

effectively utilize the added nutrients is often ineffective and may have unintended 

consequences (Stenson, Wood and Embleton, 2016; Murphy and McLoughlin, 2015). A small 

number of studies have investigated the relationships between the gut microbiota and 

growth to determine if diagnosis of postnatal growth failure would be preceded by 

perturbations in the development of the microbiota (Rastelli, Knauf and Cani, 2018; Younge 

et al., 2019). A longitudinal cohort study was performed on preterm infants throughout NICU 

stay, comparing gut microbiota at birth and discharge. Terrazzan Nutricionist et al., (2020) 

discovered Escherichia and Streptococcus were more abundant in the gut at discharge in 

preterm infants with better growth, however Prevotella, Staphylococcus, and 

Ruminococcaceae had an increased abundance in infants with poor growth. In contrast, 

Nataro and Guerrant (2017) suggest that Prevotella is associated to better growth, 

while Streptococcus and Escherichia are associated to growth failure. Other bacteria found 

to be more abundant in children with growth failure compared to the healthy control 

subjects include Enterobacter, Citrobacter, Klebsiella and other Enterobacteriaceae (Younge 

et al., 2019). Stool microbiota of infants with growth failure had persistently low alpha 

diversity relative to infants with appropriate growth (Vonaescha et al., 2018). A low alpha 

diversity was found in preterm infants with a negative or neutral change in weight-for-age Z 

scores. Infants who had an increase in Streptococcus or Veillonella between consecutive 

weeks had significantly greater increase in weight-for-age Z scores between weeks than 

infants who had a reduction in bacteria (Vonaescha et al., 2018; Younge et al., 2019; Ong et 

al., 2015). Members of several genera were over represented in a study focussed on growth 

delay where growth delay is characterised by height-for-age Z score of more than two SDs 

below the mean of a reference cohort (Hoffman et al., 2017). The overgrowth of bacteria in 
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children under 5 years of age including members of the Fusobacterium, Streptococcus, 

Veillonella, and Actinobacillus genera (Vonaescha et al., 2018). The unique composition of 

the gut microbiota in infants with growth failure may contribute to the inability to properly 

metabolize nutrients (Pammi et al., 2020; Lurie, 2019). It has been theorised that the early 

optimal microbial succession may affect the somatotropic axis through regulation of 

Intergrowth hormone factor-1 (IGF-1) and growth hormone production, thereby affecting 

growth (Robertson et al., 2019; Pammi et al., 2020; Cilieborg et al., 2012; Ihekweazu and 

Versalovic, 2018).  The timing of colonisation could be important for normal patterning of 

host immunity and modulation of the immune system, dependent on specific bacterial 

species colonising the gut (Chu et al., 2017).  

 

Humanised gnotobiotic mouse models integrate the human microbiota into the murine 

system through FMT (Park and Im, 2020). Remarkably, humanised gnotobiotic mouse 

models colonised with microbiota of preterm infants demonstrated different growth rates 

to one another (Yu et al., 2016). Recipients of the microbiota from the infant with slower 

growth had diminished growth compared to the mice that received the microbiota of the 

infant with a higher growth rate. While the study was limited to two infants, the results 

suggest that the preterm infant microbiota may directly modulate intestinal development 

and postnatal growth (Yu et al., 2016). Numerous studies have also reported changes in the 

adult gut microbial composition between healthy individuals and those with obesity, 

suggesting that bacteria may be responsible for growth changes (Rastelli, Knauf and Cani, 

2018; Younge et al., 2019). A healthy/lean adult microbiota consists of Firmicutes and 

Bacterioidetes members while obese patients are composed of fewer Bacterioidetes and 

more Firmicutes than healthy controls (Groer et al., 2014). Interestingly, experiments have 

demonstrated that microbial colonisation has important and specific impacts on body 

growth and development as well as on health during adult life (Robles Alonso and Guarner, 

2013). An undernourished microbiota is classified as low height-for-age, low weight-for-

height, or low weight-for-age using Z score measurements (Mendez-Salazar et al., 2018; 

Arboleya et al., 2017). Disruption of the gut microbiota (dysbiosis) and infection are linked 

to undernutrition (Robertson et al., 2019). Mendez-Salazar et al., (2018) revealed distinct 

taxonomic profiles for undernourished children, which showed that undernourished 

children had significantly higher levels of bacteria in the Firmicutes phylum compared to 
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obese children. The theory that an undernourished microbiota might drive growth 

impairments needs to be explored further for preterm infants not just to survive but to 

thrive (Robertson et al., 2019).  

1.4 Evolving techniques in microbiology  

1.4.1 16S rRNA amplicon sequencing 
Advances in culture-independent technologies such as next-generation sequencing (NGS) 

have uncovered a vast diversity of microbial life (Goodwin, McPherson and McCombie, 

2016; Clooney et al., 2016). NGS technologies have taken a central role in studies in microbial 

ecology, evolving over the past 10 years (Deurenberg et al., 2017; Liu et al., 2012). Recent 

reductions in cost, and improvements in throughput and chemistry are driving new 

applications that were not previously possible (Goodwin, McPherson and McCombie, 2016). 

These include integrated short-read and long-read sequencing studies, routine clinical DNA 

sequencing, real-time pathogen DNA monitoring and massive population-level projects. The 

small-subunit ribosomal RNA gene (16S rRNA gene) is a powerful tool in NGS and was 

traditionally used by cloning and Sanger sequencing of PCR amplicons (Claesson et al., 2010; 

Liu et al., 2012). Since then, several variations of NGS have evolved, yet the Illumina Miseq 

platform has greatly simplified and increased the sequencing depths for 16S rRNA gene 

sequencing and has given accurate taxonomic identification down to the genus level (Pylro 

et al., 2014). The use of the 16S rRNA gene provides a practical alternative to cultivation 

methods due to its ability to identify rare bacteria in subculture, speed up the identification 

of slow-growing bacteria and identify bacteria in culture negative infections (Janda & Abbott 

2007; Fadrosh et al, 2014). Furthermore, it contains DNA sequences that are common to all 

bacteria and some that are unique to each species (Clarridge, 2004; Fadrosh et al., 2014). 

The 16S rRNA gene sequence is approximately 1,550 bp which is large enough to provide 

distinguishing and statistically valid measurements and is composed of nine hypervariable 

regions that allow identification of bacterial genera and species (Fuks et al, 2018; Clarridge, 

2004). Regions of the 16S rRNA bacterial gene are most commonly sequenced when using 

NGS to study the bacterial composition of an environment, for instance, preterm infant gut 

(Claesson et al., 2010). Common regions for bacterial identification in 16S rRNA are the V3, 

V4, V6 and V8, however the V4 region is generally used for bacterial community analysis and 
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taxonomic classification because of the low error rates compared to other regions (Arrieta 

et al., 2014; Kim & Isaacson, 2015).  

 

NGS has proved to be extremely useful, as even poor quality or low concentrations of DNA 

can be successfully amplified by degenerate primers and PCR to facilitate sequencing of a 

region (or regions) of the 16S rRNA gene, allowing sequencing of diverse populations 

without prior selection for microbes of interest (Qaisrani et al., 2019). NGS also allows 

massive parallelisation of the sequencing reactions and clonal separation of templates, 

without the need to insert gene fragments in a host (van Dijk et al., 2014). Nevertheless, 

NGS technologies are not free from problems, as recent studies have explained that 

sequencing could be prone to errors that most likely results from the library preparation 

methods and choice of primers (Arrieta et al., 2014).  
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1.5 Overview of thesis aims   
The overall aim of the thesis was to follow healthy preterm infants longitudinally, to explore 

the gut microbiota for the first 30 days of life (+/- 2 days). The role of the gut microbiota as 

a causative agent in the pathogenesis of NEC and LOS was also the focus of analysis. A range 

of culture independent and molecular techniques were used to explore both the bacterial 

and archaeal communities. 

 

The specific aims of each chapter are outlined below… 

Chapter 3: The aim of chapter 3 was to use 16S rRNA molecular analysis via MiSeq Illumina 

technology to identify a normal set of microbes that colonize healthy preterm infants, 

primarily in the gut. Also, to correlate taxa with preterm infant growth, based on change in 

Z score. Finally, to compare the gut microbiota between healthy and diseased (specifically 

NEC and LOS) preterm infants to elucidate changes in the bacterial community. 

Chapter 4: The aim of chapter 4 was to investigate Enterococcus and Bifidobacterium within 

the gut of healthy preterm infants using quantitative PCR (qPCR) to establish if there is a 

difference in their abundance between positive and negative Z scores. Plus, to determine if 

Z score correlates to Enterococcus and Bifidobacterium levels. Finally, to understand 

Enterococcus and Bifidobacterium levels related to gestational age (GA), mode of delivery 

and day of life (DOL). 

Chapter 5: The aim of chapter 5 was to determine whether archaea can be found in the gut 

of preterm infants via MiSeq Illumina technology and to compare the archaeal community 

of healthy preterm infants to those with disease (necrotising enterocolitis (NEC) and late 

onset sepsis (LOS)). Additionally, this chapter aims to validate sequencing results using 

quantitative polymerase chain reaction (qPCR). qPCR aims to accurately quantify archaeal 

load and determine if there is a correlation with DOL investigating the role of early 

colonisation. 
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2.0 Chapter 2: Research methodology  
 

To investigate the preterm infant stool microbiota multiple methodologies were explored. 

Firstly, stool samples were collected, DNA was extracted with a commercial DNA extraction 

kit, then quantified via Qubit fluorometer/NanoDrop spectrophotometer and agarose gel 

electrophoresis. Illumina sequencing was performed for microbiota analysis and 16S rRNA 

gene qPCR for bacterial and archaeal investigations. The theory of each method is explained 

followed by specific methodological processes.  

A list of reagents, chemicals, commercial kits and equipment used throughout this research 

can be found in the appendix (A.2). 

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 

(Prof Janet Berrington and Dr Nicholas Embleton) at the Royal Victoria Infirmary (RVI) 

Neonatal Intensive Care Unit (NICU), Newcastle. The stool samples were stored at 

Northumbria University under Human Tissue Act regulations in -80 °C biobank freezers. The 

collection of samples was approved by the National Health Service 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 (A.1. Ethical Approval) under the REC approval reference number 

10/H0908/39 and informed parental consent was given on behalf of the babies. 
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2.2  Sample sourcing 
Stool samples (n = 163 healthy and n = 66 NEC) were tracked by a demographic centralised 

master database detailing the characteristics of the preterm infants. The characteristics 

included on the demographic list were 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, gestational age, disease status 

specifically NEC or sepsis, details of infectious pathogens, feeding regime (breast milk, 

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

of treatment. These details determined the metadata used for the analysis of data and to 

investigate the patterns of health. Disease was diagnosed (NEC, LOS or other infections) by 

the clinicians independently, in addition sepsis was confirmed by blood testing at the 

Freeman hospital, Newcastle. 

2.3 Inclusion criteria and patient cohort 
Assigning causality of features associated with health was carefully considered with 

supervisors and support from Dr Janet Berrington and Prof Nicholas Embleton. An example 

of sample and demographic details are found in Appendix A.4 and A.5 and briefly shown in 

Table 2.1. The inclusion criteria for the healthy and diseased cohort are displayed in Figure 

2.1.   
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Figure 2.1 Preterm infant inclusion flowchart. Flowchart detailing sampling selection and 

inclusion criteria for preterm infants cared for at the RVI, Newcastle that resulted in the final 

study cohort. n is the number of stool samples collected from preterm infants.   
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Table 2.1 Clinical characteristic of the preterm infants in this study. The preterm infants 

were chosen based on inclusion criteria and disease status (i.e., NEC diagnosis) from clinic 

information gained from demographic records at the RVI and researchers at Northumbria 

University. n is the number of patients (preterm infants).   

2.4 Sample collection and preparation  
Preterm infants were recruited to this study at the Royal Victoria Infirmary (RVI), neonatal 

intensive care unit (Newcastle-Upon-Tyne, UK) between December 2014 and May 2017. 

Stool samples from preterm infants were collected directly from the nappy by the neonatal 

nurses from the RVI NICU. Collections were daily if the health of the infant allowed. Sample 

size varied but those above 0.25 g were deemed as useful to the study. The stool samples 

were placed in universal tubes 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. Parents gave written informed consent for their infant to participate in 

this study. For the NEC cohort, male participants are higher than female, however gender is 

not considered to be a risk factor for NEC. Carter and Holditch-Davis (2008) found a 

statistically non-significant relationship between male gender and NEC.  

 

Characteristic Healthy (n = 19) NEC (n = 15) 

Male/Female 9/10 11/4 

Gestational age (weeks) 
24+6 to 32+3 

(mean 29.1) 

24+3 to 28 

(mean 25.2) 

Delivery: c-section/vaginal 8/11 7/8 

Feeding: breast/formula 19/0 15/0 

Antibiotics: yes/no 19/0 15/0 

Probiotics: yes/no 14/5 15/0 
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2.5 Anthropometric measurements  
Basic physical examinations were carried out by neonatal nurses using standard procedures, 

including weighing scales that measure in kilograms (kg) or grams (g) to the nearest 10 g, 

disposable paper tape measure that measures in centimetres (cm) to the nearest millimetre 

(mm) and infantometer which measures in cm to the nearest mm. The daily weights from 

the preterm infant's medical record were collected and entered into demographic 

centralised master database and then extracted without editing or deletion for the research 

reported here. For the majority of cases, weights could not be recorded daily. Instead, 

weights were taken over 3 time points at birth, day 14 and day 28 and converted to Z scores. 

Weight-for-age Z scores were calculated using the Fenton growth chart for preterm infants 

- Actual Age Calculator V8 (3rd April 2017). The Fenton preterm growth chart can be used to 

calculate exact Z cores and percentiles for up to 20 babies at a time, with age defined in 

weeks and days. Exact Z score calculators for the revised Fenton preterm infant charts are 

available for download here: http://ucalgary.ca/fenton. Z score was calculated using the 

equation: 

 

 

 

 

2.6 DNA extraction of stool (PowerLyzerTM PowerSoil® DNA Isolation 
Kit)  
DNA was extracted from stool samples for analysis of the total community using 

the PowerLyzerTM PowerSoil® DNA Isolation Kit (MoBio), specially made for large scale 

extraction from soil samples. 0.25 g of stool samples were added to a PowerBead tube 

containing 0.1 mm glass beads. 750 μL of Bead Solution was added following 60 μL of 

solution C1 and the mix inverted several times and vortexed gently for 10-15 

minutes. Solution C1 aids in cell lysis and contains sodium dodecyl sulphate which break 

down fatty acids and lipids associated with the cell membrane. The PowerBead tubes were 

secured horizontally on to a vortex adapter tube holder and vortexed at maximum speed for 

10 minutes, ensuring complete homogenisation of the samples. This step mechanically lyses 

the cells present in the stool samples and releases all the contents of the cells, including 
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DNA. The PowerBead Tubes were placed in the centrifuged at 10,000 x g for 3 minutes and 

the supernatant (approx. 400-500 ml) was transferred to a clean 2 ml collection tube. At this 

point the supernatant still contained some soil particles. Following this, 250 ml of Solution 

C2 was added to the collection tube and vortexed for 5 seconds. The suspension was 

centrifuged for 1 minute at 10,000 × g to separate the liquid phase (containing the DNA) 

from the solid phase (containing the non-DNA organic and inorganic material). Up to 

600 μL of supernatant was transferred to a sterile collection tube, avoiding the transfer of 

any of the pellet to ensure high DNA purity. 200 μL of solution C3 was added and briefly 

vortexed and incubated at 4 oC for 5 minutes to remove further cell proteins and debris. The 

suspension was centrifuged for 1 minute at 10,000 × g, again to separate the liquid phase 

from the solid phase. Avoiding the transfer of any of the pellet, up to 750 μL of supernatant 

was transferred to a sterile collection tube and 1.2 mL of solution C4 was added to the 

supernatant and vortexed for 5 seconds. Solution C4 is a high salt solution which facilitates 

DNA binding to the silica membrane of the spin filter. The supernatant (675 μl) was loaded 

on to a MB Spin Column and centrifuged at 10,000 x g for 1 minute. Once the flow through 

was discarded an additional 675 μl of supernatant was added to the column and this was 

repeated until all the supernatant mix had passed through the spin filter leaving only DNA 

bound to the membrane. 500 μl of Solution C5 was added to the column and centrifuged for 

30 seconds at 10,000 x g. Solution C5 is an ethanol wash solution to clean the DNA bound to 

the spin filter membrane by removing residual salt and other contaminants. The flow 

through was discarded and the tubes were then centrifuged again for 1 minutes at 10,000 x 

g. The spin filter was carefully placed in a clean 2 ml collection tube, avoiding splashing any 

Solution C5 on to the MB Spin Column. 100 μl of Solution C6 was added to the centre of the 

white filter membrane and centrifuged for 30 seconds at 10,000 x g to elute DNA from the 

spin filter membrane. Solution C6 is a low salt sterile elution buffer which causes DNA bound 

to the spin filter in the presence of high salt to be selectively released. There is no EDTA 

present in solution C6 to prevent interference in downstream processes. The MB spin filter 

was discarded, and the eluted DNA was stored at -20 °C for use in downstream applications.  
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2.6.1 Theory of DNA quantification  
Prior to downstream analysis, total DNA concentration should be accurately estimated (Bhat 

et al., 2010). UV-vis spectrophotometry is the most common technique used to quantify 

DNA, due to high precision and consistency, in addition to quick sample measurement time 

(Yu et al., 2017; Simbolo et al., 2013). Traditionally concentration of a sample is measured 

in a cuvette where a considerable amount (at least 50 μL) is prepared (Desjardins and 

Conklin, 2010). Micro-reactions of less than tens of μL are impossible to measure using 

conventional cuvette methods (García-Alegría et al., 2020; Desjardins and Conklin, 2010). 

Additionally, agarose gel electrophoresis analyses the size and molecular weight of DNA 

fragments when comparing to a reference Hyperladder. Analysis is based on separation via 

molecular size and structural conformation by use of an electric field (Lee et al, 2012). 

Understanding DNA fragment size is crucial to determine if the assigned target sequence will 

amplify. However, reliance on reference Hyperladder quality and visual analysis from the 

investigator limits specificity (Lee et al, 2012). The NanoDrop™ ND-1000 has been suggested 

as an alternate measurement tool, with increased application for low biomass samples, 

accurately detecting DNA yield at 0.5 ng/µl (Seiler et al, 2016; Simbolo et al, 2013). 

 

The performance of the NanoDrop™ ND-1000 is based on ultraviolet–visible 

spectrophotometric analysis for nucleic acids and proteins (García-Alegría et al., 2020). The 

system is designed to determine DNA quantity (ng/ μl) and quality (purity ratios) requiring 

small quantity samples of 1 μl volumes (Yu et al., 2017; Desjardins and Conklin, 2010). The 

use of small volumes is particularly useful in preterm infant studies due to the instruments 

ability to measure tiny volumes, thus saving DNA for downstream applications. The purity 

of total DNA extracts is measured at A260/A280 nm or A230/A260 nm to detect other 

possible contaminants such as proteins and residual phenol (Desjardins and Conklin, 2010). 

Pure DNA has an A260/A280 nm ratio, ranging between 1.8 and 2.0. A ratio <1.8 is indicative 

of residual protein, phenol, or other reagent associated with the extraction protocol, where 

a ratio >2.0 indicates RNA contamination (Desjardins and Conklin, 2010; Ivarsson and 

Carlson, 2010).   
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While the NanoDrop™ ND-1000 has its advantages, it has also been criticized for higher 

estimates of DNA quality whereas the Bioanalyzer, Qubit and TapeStation gave the 

concentration estimates the closest to the concentrations informed by the supplier, based 

on quality control assessments (Hussing et al., 2015).  A study by Simbolo et al., (2013) 

suggests that the NanoDrop™ ND-1000 could be used first to assess the presence of 

contaminants in a sample and then use the Qubit fluorometer or other techniques such as 

polymerase chain reaction (PCR) to quantify the DNA (Ivarsson and Carlson, 2010; Yu et al., 

2017). PCR is a useful tool to simply ensure DNA present in the sample and is the correct 

size. 

2.6.1.1 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) and 60 ml of 1 x 

TBE was carefully added to the Erlenmeyer flask and placed on a hotplate. Once the solution 

reached boiling point and the agarose powder dissolved the Erlenmeyer flask was swirled 

until clear and removed from the hotplate. The solution was cooled to 55 oC, then 6 

μl Sybr Safe DNA stain was added to the gel and swirled until an even colour was reached. 

The molten agarose was poured into the casting tray, which was assembled earlier. The 

surface was checked for bubbles and uncovered areas and the gel was allowed to set for 20 

minutes. Once the gel was set the dams and combs were carefully removed and the casting 

tray was submerged in approximately 500 ml of 1 x TBE in the electrophoresis tank (Edvotek 

M6). 2 μl of loading buffer was added to each DNA sample and mixed by pipetting up and 

down. The loading buffer contains glycerol which is denser than water which helps the 

samples sink to the bottom of the well. 5 μl of hyperladder (1kb) was loaded in to the first 

well, alongside 5 μl of the DNA samples in subsequent wells. The lid was placed on the 

electrophoresis tank and was connected to the power pack. The gel was ran at 150V for 40 

minutes and viewed using the BioRad Alpha Imager Gel Doc system to confirm the presence 

of nucleic acid product (ng/band) of correct size by comparison with fragments from the 

hyperladder (BioLabs).   
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2.6.1.2 NanoDrop™ ND-1000 
The NanoDrop™ ND-1000 was used to determine the average concentration of DNA in a 

sample as it can accurately quantify a 1µl sample in the 500-5ng/µl-1 range. Briefly, 1µl of 

dH20 was applied to the pedestal, to calibrate the instrument. Subsequently, 1μl DNA from 

the extracted samples was pipetted onto the 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 average concentration 

values were calculated and used for sequencing preparation. 

2.6.1.3 Qubit fluorometer 
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 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 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 2.2. 

Volume (μL) Standard (μL) Sample (μL) 

Working solution/stock 190 195 

Standard 10 0 

Sample 0 5 

Total volume 200 200 

Table 2.2 Qubit assay tube preparation. 

 

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 



42 
 

the light emitted measured. The dilution calculator was used to determine the stock 

concentration of the original sample. 

2.7 Theory of Illumina Sequencing 
Among the next-generation sequencing platforms, the Illumina platform offers by far the 

highest number of sequence reads per run (Pylro et al., 2014). Low sample throughput and 

read length (up to 300bp) are comparable to Roche/454 pyrosequencing platform but for a 

fraction of the price with the greatest coverage yet possible (Besser et al., 2018; Fadrosh et 

al., 2014; Caporaso et al., 2012). Illumina sequencing utilises a paired-end bridge 

amplification procedure followed by sequencing by synthesis (SBS) (Figure 2.2, Zhang et al., 

2011; Kozich et al., 2013). The sequencing throughput can generate 2 x 250bp paired end 

reads. Template DNA molecules are produced by fragmentation (or amplification of the 

short gene fragment by PCR i.e., V4 region of the 16S rRNA gene) of the samples which are 

tagged with adapters, one on each end (5’ and 3’) (Mardis 2013; Moorthie et al., 2011). Once 

the specific universal adapters are ligated these fragments are then hybridised to a glass 

surface known as a flow cell coated with a lawn of universal probes (Buermans and den 

Dunnen, 2014; Moorthie et al., 2011). Each fragment is isothermally amplified, as a result a 

compliment of the hybridised fragment is created termed the reverse strand. The original 

template is cleaved ready for a process known as bridge amplification. Bridge amplification 

utilises two tethered universal primers through PCR to create clusters of identical DNA 

across the flow cell (Moorthie et al., 2011; Kozich et al., 2013).  

 

SBS begins with hybridisation of a universal sequencing primer to the adapter added in the 

first stage (Moorthie et al., 2011). Chain extension requires all four nucleotides and a DNA 

polymerase (Metzker, 2010). The flow cell is read one nucleotide at a time into oligo-primed 

cluster strands, simultaneously (Zhang et al., 2011). Each nucleotide is labelled with 

removable terminators that fluoresce with different dyes and also act as a base to terminate 

polymerisation, preventing multiple extensions (Buermans and den Dunnen, 2014). Each 

cluster is identified by colour imaging, before terminators and fluorescent labels are cleaved 

in preparation for the next incorporation and imaging cycle (Buermans and den Dunnen, 

2014).  
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The MiSeq platform creates high quality data compared to other available methods (e.g., 

Ion Torrent), however there are limitations to the method. Problems known as phasing and 

pre-phasing can cause noise in the cluster signal (Salter et al, 2014). Phasing can occur due 

to errors in base incorporation leading to a cluster lagging behind, whereas pre-phasing 

advances too fast incorporating multiple bases per cycle (Ledergerber and Dessimoz, 2011). 

Phred score analysis (Q score) is one of the most common metrics to monitor and detect the 

probability of these base call errors (Bokulich et al, 2013). The Phred framework transforms 

the values of several predictive features of sequencing traces to a probability based on a 

lookup table (Zhang et al., 2017). The software consists of two parts: base-calling and quality 

score definition. Its base-calling module includes extraction of cluster intensity signals, 

normalisation, corrections of phasing and colour crosstalk and image processing (Zhang et 

al., 2017). Its quality scoring module generates error rates using a modification of the Phred 

algorithm, namely, a lookup table method on a calibration data set (Zhang et al., 2017). Q 

scores are defined as a property that is logarithmically related to the base calling error 

probabilities (P)2 (Illumina, 2011). The calculation is as follows: 

Q = − 10 log10 P 
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Figure 2.2 Paired-end bridge amplification, with sequencing by synthesis. Paired end 

sequencing enables both ends of the DNA fragment to be sequenced. The distance between 

each paired read is known, therefore alignment algorithms can use this information to map 

the reads over repetitive regions more precisely. This results in much better alignment of 

the reads.  
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The main target for sequencing and identification of microbial communities is the 16S rRNA 

gene phylogenetic marker. Sequencing the entire gene allows detection of conserved gene 

regions. In addition, variable gene regions allow specific and sensitive amplification and 

detection of bacterial genera and, in some instance, species (Wang and Qian, 2009). Primers 

can bridge the nine hypervariable and conserved regions for detection between 

phylogenetic groups and improve sequencing quality (Wang and Qian, 2009). Amplification 

bias, primer mismatch and sensitivity differences with each variable region is present, due 

to different evolutionary rates and coverage (O’Callaghan et al, 2019). The V4 variable 

region, used in this research is stated to be the most reliable region, along with the V5 region 

when compared across multiple sequencing platforms (Clooney et al, 2016), plus the most 

optimum for short reads and high coverage (Ghyselinck et al, 2013). Bias to specific taxa 

within each variable region has been observed, with an underestimation of Proteobacteria, 

but overestimation of Firmicutes from V3 and V4 regions detected using Ion Torrent 

sequencing (Laursen, Dalgaard and Bahl, 2017) or by computational construction (Wang and 

Qian, 2009). Benefits and limitations are present for all variable regions, thus matching the 

primer sequence to application is necessary. 

 

2.7.1 Next generation sequencing (NGS) - Illumina sequencing method 
To accurately determine the microbial community within the gut of preterm infants, samples 

were processed and sequenced using the benchtop MiSeq (Illumina) platform based on 

‘Schloss wet-lab MiSeq SOP’ (available at - 

https://github.com/SchlossLab/MiSeq_WetLab_SOP). The whole NGS process was carried 

out by the “NU-OMICS” facility at Northumbria University with the universal 16S rRNA gene 

primer specific to the V4 region (Table 2.3).   
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Primers  Sequence (5’-3’) 

Index primer ATTAGAWACCCBDGTAGTCCGGCTGACTGACT 

V4F TATGGTAATTGTGTGCCAGCMGCCGCGGTAA 

V4R AGTCAGTCAGCCGGACTACHVGGGTWTCTAAT 

Table 2.3 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). Sequencing accuracy is assessed 

using Phred quality scoring detailed in 2.7.  

2.7.1.1 PCR and confirmation 
Extracted DNA from the samples was aliquoted in to a 96 well plate including 163 samples, 

2 positive controls and 2 negative controls. In a new 96 well plate, 17 µl AccuPrime PFX 

SuperMix was added in to each well before 2 µl of each paired set of index primers (10 µm) 

and 1 μL of the DNA template. Each plate also contained 1 positive control well of 1 μL PhiX 

mock microbial community and 1 negative control well of 1 μL of PCR grade dH2O. Following 

this, plates were vortexed briefly and placed in a thermocycler (Applied Biosystem, 2720) 

ready for amplification. PCR was carried out using the following cycling conditions: initial 

denaturation at 95 °C for 2 minutes, then 30 cycles of denaturing at 95 °C for 20 seconds, 

annealing at 55 °C for 15 seconds and extension at 72 °C for five minutes, plus a final 

extension step at 72 °C for ten minutes. Successful PCR was confirmed using an agarose gel 

(1%) on a subset of samples per plate. 

2.7.1.2 Clean up, normalisation and pooling 
Normalisation was performed by loading 18 µl of PCR product and 18 µl binding buffer to 

corresponding wells of the normalisation plate (Invitrogen SequalPrep) and the contents 

mixed by pipetting and vortexing 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 then added, mixed by pipetting and vortexed before being spun down. Following 
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incubation at room temperate for 5 minutes, 5 μL from each well was pooled and the plates 

frozen at -20 °C for later use.  

2.7.1.3 Library Quality Control and Quantification 
Library quality control and optimum dilutions were assessed by a Bioanalyser (Agilent 

bioanalyser 2100) and qPCR using KAPA SYBR FAST qPCR Master Mix (Anachem Ltd.). The 

pooled library underwent serial dilutions to generate the following dilutions; 1:1, 1:10, 

1:1000, 1:2000, and 1:4000 used to calculate library concentration. 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. 

2.7.1.4 Sequencing run 

All reagents and samples were thawed prior to setup, alongside a 500-cycle reagent 

cartridge. Positive sequencing controls were prepared by mixing 10 µl 0.2 NaOH and 10 μL 

of library as well as bacteriophage PhiX genome at 500 bp used as an in-run control for 

quality sequencing (2 µl PhiX, 3 µl nuclease free H2O, 5 µl 0.2 NaOH). Following 5-minute 

incubation 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. Library preparations and 

5% PhiX were mixed in a tube and loaded onto the flow cell (600 µl) into well 17. Read 1 

sequencing primer (3.4 μL) was pipetted into well 12, the index primer (3.4 μL) was placed 

into well 13 and read 2 sequencing primers (3.4 μL) was placed in well 14. 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. 
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2.7.2 NGS data processing 
Raw data generated using next generation sequencing technology was bioinformatically 

processed to reduce the error rate by trimming the primer and barcode sequences and 

removing reads with a poor-quality score. Two pipelines, Mothur and Bioconductor were 

utilised in the processing of raw sequence reads.  

 

In a sample there are potentially thousands of unique sequences (Westcott & Schloss, 2015). 

During the course of amplification errors can arise, which can introduce some noise into the 

dataset (Dhariwal et al, 2017). The traditional strategy of clustering is implemented by 

Mothur, whereby sequence reads are clustered into Operational Taxonomic Units (OTUs) at 

97% similarity but may overestimate evolutionary similarity between sequences (Nguyen et 

al, 2016; Westcott & Schloss, 2015). Nevertheless, Mothur is a popular platform to analyse 

sequencing information from rRNA amplicons (Westcott & Schloss, 2015; Schloss, 2020). In 

comparison to other bioinformatics pipelines Mothur can cluster a significantly higher 

number of OTUs per sample than Quantitative Insights into Microbial Ecology (QIIME) 

(López-García et al., 2018). 

 

The Divisive Amplicon Denoising Algorithm (DADA) 2 is a new method that was developed 

aimed at replacing OTU analysis (Callahan, McMurdie & Holmes, 2017; Moossavi et al., 

2020). DADA2 resolves some of these single nucleotide errors by using sample inference 

taking into account sequences, quality scores and abundances determining if the error is 

correct and based on this can resolve some of the errors (Moossavi et al., 2020). The end 

product of DADA2 is amplicon sequence variants (ASVs), with clusters differentiated by only 

one nucleotide alteration. This improves specificity, accuracy and resolution of bacterial 

detection (Callahan, McMurdie and Holmes, 2017). ASV analysis allows for improved 

comparison across studies, due to clustering via the specific DNA sequence (Callahan, 

McMurdie and Holmes, 2017). Low read counts are likely due to sequencing errors or 

contamination, with removal beneficial for downstream analysis (Dhariwal et al, 2017; 

Jervis-Bardy et al, 2015).  
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2.7.3  R (Bioconductor) 

2.7.3.1 Bacterial data processing 
Sequencing data FastQ files of forward (read 1) and reverse (read 2) were processed by 

Bioconductor workflow via DADA2 (Version 2; Callahan et al., 2016a) in R (R Core Team, 

2018). Sequencing results were trimmed and filtered with a Q score of <30. Using DADA2 

1.16 (Callahan et al., 2016b) sequence data was demultiplexed and dereplicated, with errors 

detected and removed. Forward and reverse paired sequences were merged, clustered into 

ASVs and chimeras removed (DADA2 1.16). Low read count features with <2 for 20% ASVs 

were removed before assigning taxonomy via SILVA training set (Callahan et al., 2016a). 

DECIPHER and phangorn packages were used to construct the phylogenetic tree. A Phyloseq 

object including sequencing table, taxonomy table and metadata was then created for 

further downstream analysis. The filtered sample sets were processed through Phyloseq 

(McMurdie and Holmes, 2013) and ggplot2 (Wickham, 2016) for abundance (relative), alpha 

diversity (Shannon), Spearman’s Rho correlation and Pearson’s correlation coefficient 

analysis. Results were then further analysed in R by one-way ANOVA, Tukey tests and non-

parametric Wilcoxon (R Core Team, 2018). 

 

Statistical analysis of sequencing data involves applying relative abundance measurements. 

This method analyses percentage composition of a genus in relative comparison to total 

genera, at an overall abundance of 100% (Badri et al, 2018). This avoids bias and allows 

visualisation and comparison between subgroups independent of given bacterial 

abundance, which may not capture all DNA within a sample (Badri et al, 2018). Diversity 

analyses includes Shannon alpha diversity indices. Alpha diversity assesses local bacterial 

sample composition, determining variety and number of bacterial genera (Shannon, 1958). 

Shannon diversity indices are the sum of a proportion of species relative to total number or 

species in community, accounting for species richness, abundance and evenness (Jovel et al, 

2016; Schloss et al, 2016). Species richness refers to the number of species in a community, 

Species abundance is the number of individuals per species, and relative abundance refers 

to the evenness of distribution of individuals among species in a community (Pyron, 2010). 

Additional analysis includes Pearson’s correlation coefficient (or Pearson’s product-moment 

correlation). Correlation is measured by a statistic called the correlation coefficient, which 
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represents the strength of the putative linear association between the variables in question 

(Mukaka, 2012). It is a dimensionless quantity that takes a value in the range −1 to +1. A 

correlation coefficient of zero indicates that no linear relationship exists between two 

continuous variables, and a correlation coefficient of −1 or +1 indicates a perfect linear 

relationship (Sedgwick, 2012; Puth et al., 2014). It is used when both variables being studied 

are normally distributed (Mukaka, 2012). Initial analysis included all samples and negative 

controls. Following this, samples were grouped based on day of life and negative controls 

were removed. Samples were reprocessed through Phyloseq in an identical manner. 

2.7.4  Mothur  

2.7.4.1 Archaeal data processing 

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. 

 

The statistics were calculated in R (R Core Team, 2020) using mothur output (Schloss et al., 

2009) as described above. Statistical analysis of sequencing data involves applying relative 

abundance measurements. Genus level abundance data were compared using univariate 

analysis (nonparametric Wilcoxon or nonparametric Kruskal-Wallis). Results were then 

further analysed in R by nonparametric Kruskal-Wallis and nonparametric Pairwise Wilcoxon 

Rank-Sum (R Core Team, 2017). Statistical methods were controlled using false discovery 

rate (FDR), which controls type I errors and has the power to detect true positives (Korthauer 

et al., 2019; Benjamini and Hochberg, 1995). Diversity analyses includes Shannon alpha 

http://www.mothur.org/wiki/MiSeq_SOP
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diversity indices, as this method is useful for low read counts and low biomass samples as it 

accounts for the impact of rare taxa (Schloss et al, 2016). Correlation coefficient was 

analysed using the non-parametric version of Pearson’s correlation – Spearman’s rank 

correlation coefficient. Spearman’s rank correlation coefficient was used to measure the 

strength and direction between two ranked variables.  

2.7.4.2 Miseq primer specificity 
The primer set from the Miseq wet lab standard operating procedure (SOP) was analysed 

using Ribosomal Database Project (RDP) sequencing analysis tool. ProbeMatch tool provided 

by the RDP was utilised to identify sequence similarity between 16S rRNA gene sequences 

and primers. The parameters included full-length sequences (<1200) of good quality. 

Coverage included Haloarchaea, Thermoacidophiles and Methanogens which are commonly 

found in the gut.  

2.8 Theory of quantitative polymerase chain reaction (qPCR) 
qPCR is a technique used in molecular biology for the detection and quantification of a target 

DNA monitored in real time using DNA-intercalating dyes or sequence-specific fluorescent 

probes (Bustin, 2010; Lind et al, 2006; Kralik and Ricchi, 2017). Many scientific fields utilise 

this technique from fundamental biology to food safety, due to high sensitivity and ease of 

use in comparison to culture-based methods (Schrader et al, 2012; Tajadini et al., 2014). In 

addition, qPCR can be used to simultaneously detect different microorganisms in a given 

sample (Karlen et al., 2007; Kralik and Ricchi, 2017). The technique is based on conventional 

PCR, however, rather than requiring external quantification of PCR product (e.g., agarose gel 

electrophoresis), a quantifiable output is generated following each qPCR cycle. It does not 

require additional steps such as agarose gel electrophoresis increasing precision and 

decreases post-processing requirements (Lind et al, 2006). There are three major steps that 

make up each cycle in a qPCR reaction including the following: denaturation, annealing and 

extension which are explained below (Table 2.3, Figure 2.3).  
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Step Temperature Process 

Denaturation 95oC 

Double-stranded DNA (dsDNA) template is heated to 

high temperature. This disrupts the hydrogen bonds 

between the complementary base pairs causing dsDNA 

to separate into single-stranded DNA (ssDNA). 

Annealing 50 to 65°C 

After denaturation, the reaction temperature is lowered 

to ∼50 to 65°C. This promotes the binding of forward 

and reverse primers to each of the ssDNA templates and 

the subsequent binding of DNA polymerases to the 

primer-template hybrid. 

Extension 68 to 72°C 

After annealing, the reaction temperature is raised to 

∼68 to 72°C. This enables DNA polymerase to extend 

the primers, synthesizing new DNA strands 

complementary to the ssDNA template in the 5’ to 3’ 

direction. 

Table 2.4 Overview of the basic steps in the qPCR cycling reaction. High temperatures 

(usually 95oC) are used to denature double stranded DNA (dsDNA) into single stranded DNA. 

During annealing the temperature is lowered based on calculated melting temperature (Tm) 

of the primers to allow primers to bind to gene of interest (Thermo Fisher Scientific Inc, 

2014). A change in temperature is used to control the activity of Taq (Thermus aquaticus) 

DNA polymerase, an enzyme which is used to extend the DNA sequence to generate dsDNA 

of the target sequence. The process is then repeated over multiple cycles to increase PCR 

target product.  
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Figure 2.3 Diagrammatic representation of quantitative polymerase chain reaction. qPCR cycling methodology including input double 

stranded DNA, denaturation to create single stranded DNA (1), annealing of primers (2) and extension to create double stranded DNA of the 

target sequence (3)
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2.8.1  Relative qPCR with melt curve analysis (MCA) 
Two different real-time qPCR-MCA assays, with the fluorescent SYBR Green dye were used 

in this study. The concentration of target genes in preterm stool samples can be determined 

using quantification cycle (Cq) values produced from a ten-fold dilution of standards. Cq is 

the qPCR cycle number which the fluorescent signal of the amplified product crosses the 

cycle threshold representing background signal (Yuan et al, 2006). Standard curve dilutions 

should aim to cover the expected range of the assay (Bustin et al, 2009), plus 20% either side 

(Svec et al, 2015). Standard curves are especially important with expected low copy number 

samples, to ensure confidence in negative findings (Bustin et al, 2009). 

 

qPCR is a highly sensitive method, with the theoretical ability to detect low amounts of DNA 

(<101; Bustin et al, 2009). However, a limit of detection (LOD) must be determined for each 

assay. LOD is the minimum concentration detected as significant from the control, with 

reasonable certainty across replicates within the experiment (Bustin, 2010; Bustin et al, 

2009; Forootan et al, 2017; Kralik and Ricchi, 2017). The theoretical LOD is rarely met (101) 

due to experimental variation, background noise from samples and DNA carryover from 

previous PCR experiments (Bustin et al, 2009).  

 

PCR methodologies utilising SYBR Green dye enables the use of melt curve analysis to 

confirm specificity of the amplified product without gel electrophoresis or sequencing 

(Andree et al., 2010). Recent improvements in PCR methods have shown melt curve analysis 

to be useful for single nucleotide polymorphism (SNP) detection and differentiation of 

hetero- and homozygotes, as well as species detection (Andree et al., 2010). The PCR 

products were ramped through a temperature range to generate melt profiles from a 

change in florescence intensity that occurs when the product is heated (Tindall et al., 2009). 

Melting data was displayed as derivative curves to assess melt peak which distinguishes 

specific products from other products that melt at different temperatures, such as primer-

dimers (Farrar and Wittwer, 2017). 
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2.8.2 SYBR dye or TaqMan fluorescently labelled probes 
Classic fluorescent dyes for example SYBR, bind to all newly synthesised dsDNA (Lind et al, 

2006). The SYBR Green dye method has more popularity in measuring gene expression 

profile but can also be used a confirmatory test (figure 2.4, Tajadini et al., 2014). SYBR Green 

emits fluorescence when bound to the minor groove of dsDNA, therefore, the increasing 

amount of dsDNA present in the reaction tube leads to the greater number of bound dyes 

and increasing fluorescent signal from SYBR Green (Andree et al., 2011; Tajadini et al., 2014). 

dsDNA-binding dyes provide the most convenient and cost-effective option for qPCR, 

however, the principal drawback to intercalation-based detection is that it is not sequence-

specific. Any dsDNA produced from off-target and non-template amplification will be 

observed, resulting in less accurate quantification (Nagy et al, 2017). To check for primer-

dimer artifacts and to ensure amplification specificity, a melt curve analysis (post-

amplification) can be performed (Tajadini et al., 2014). Target specific probes aim to increase 

specificity of the assay. Unlike SYBR probes, TaqMan probes are sequence specific, thus only 

fluoresce when bound to a targeted sequence, rather than all dsDNA contributing to 

fluorescence (Nagy et al, 2017; Lind et al, 2006). 

2.8.3 qPCR methodology limitations 
Inhibition in qPCR can lead to incorrect reporting of results. This occurs due to nonspecific 

binding, DNA degradation or cross-linkage (Schrader et al, 2012). Inhibition can derive from 

sample matrices (Pennington, 2014; Schrader et al, 2012), sample storage buffers, sample 

handling or environmental plasticware (Gallup and Ackermann, 2008; Schrader et al, 2012). 

Inhibition can prevent amplification or lead to an inverse in expected Cq values (Pennington, 

2014; Trombley Hall et al, 2013). Diluted samples are expected to contain lower target DNA, 

thus a higher Cq. Although individual qPCR optimisation is beneficial, non-standardised 

protocols create inconsistency and reduce comparison across research. The MIQE qPCR 

guidelines (Bustin et al, 2009) have assisted with replication by encouraging researchers to 

supply maximum information on methodology within publications (Bustin, 2010). 
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Figure 2.4 qPCR using SYBR Green. DNA polymerase extends the sequence-specific primer during the extension phase by incorporating dNTPs 

complementary to the DNA template. As newly synthesized double-stranded DNA is produced, SYBR Green; will bind to the DNA complexes 

and fluoresce. 
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2.8.4  Preparation of standard curve 
A single, pure species of Enterococcus faecalis, Bifidobacterium bifidum and 

Methanobacterium formicicum were purchased from the German Collection of 

Microorganisms and Cell Cultures (DSMZ, Braunschweig, Germany; http://www.dsmz.de) 

and used to prepare both standard curves. The DNA was serially diluted using 9 μL of 

nuclease free H20 added to 8 Eppendorf tubes, followed by 1 μL of DNA in to the first tube. 

The tube was vortexed for 5 seconds. 1 μL of solution was transferred from the first tube in 

to the second tube and briefly vortexed. The process was repeated for all 8 tubes. This 

dilution series gives 10-fold dilutions; each tube in the series contains 10% of the cells in the 

previous tube. Cq values were converted in to copy numbers using the straight-line equation 

(Figure 4.3, 4.4 and 5.10). Qubit fluorometer was used to detect starting DNA quantity. DNA 

required to contain the copy number of interest was calculated using the equation:  

 

 

If samples were diluted, then the copy number was multiplied by the correct dilution factor. 

For example: 

443819.686 x 10-1 = 4438196.86 copies of DNA/µl 

2.8.5  PCR optimisation 
To ensure positive methodology, PCR reagents, primers and conditions were optimised. 

Firstly, a temperature gradient PCR was performed to optimise primer annealing 

temperature. PCR reactions contained 2X PCR master mix (Promega), 1 µl DNA, 1.0 µM 

forward and reverse primers (Ent240F 5’ TGCATTAGCTAGTTGGTG 3’; Ent578R 5’ 

TTAAGAAACCGCCTGCGC 3’, Ryu et al., 2012; F 5’ GCGTGCTTAACACATGCAAGTC  3’; R 5’ 

CACCCGTTTCCAGGAGCTATT 3’, Penders et al., 2005), 0.05 µg/ml BSA and nuclease free H2O 

to a total of 20 µl. PCR conditions were; initial denaturation at 95 °C for two minutes, 

followed by 40 cycles of denaturation at 95 °C for one minute, annealing at 45-65 °C 

temperature gradient for one minute, extension at 72 °C for one minute, and a final 

extension at 72 °C for 15 minutes. Further optimisation was performed for primer 

concentration (0.1 µM, 0.5 µM, 1.0 µM). PCR conditions were as above with the annealing 

temperature selected at 60 and 63°C due to optimum amplification in previous steps. 
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Following each protocol, an agarose gel electrophoresis was performed to detect optimum 

conditions for sample analysis. 

2.8.6 Quantitative PCR amplification of Enterococcus 
Absolute qPCR aimed to determine 16S rRNA gene bacterial levels within stool samples. All 

qPCR-melt curve analysis assays were performed using the CFX96 Real-Time PCR Detection 

System (Bio-Rad Laboratories, Hercules). For Enterococcus, the reaction mix was loaded into 

clear-well PCR plates (catalogue no. HSP9611; Bio-Rad) and contained 2× iTaq SYBR Green 

mix (Bio-Rad), 1.0 µM of forward and reverse primer (Ent240F 5’ TGCATTAGCTAGTTGGTG 

3’; Ent578R 5’ TTAAGAAACCGCCTGCGC 3’), 2 μL DNA template, and nuclease free H2O for 

the no template control (NTC), to a total of 20 μL. Standard curves for all qPCR runs consisted 

of DNA from diluted Enterococcus faecalis (107 - 101). The conditions were as follows: Taq 

polymerase activation at 95 °C for three minutes, followed by 40 cycles of annealing at 95 

°C for 15 seconds and extension at 63 °C for one minute. Extracted DNA from frozen stool 

samples, DNA extraction kit negative controls, plus standard curve and NTCs were assayed 

in triplicate. Data collection was enabled at the extension step. The melt curve protocol 

followed with 10 seconds at 95°C and then one minute each at 0.2°C increments between 

60°C and 95°C. Data collection was enabled at each increment of the melt curve.  

2.8.7 Quantitative PCR amplification of Bifidobacterium 

Absolute qPCR aimed to determine 16S rRNA gene bacterial levels within stool samples. For 

Bifidobacterium, the reaction mix was loaded into clear-well PCR plates (catalogue no. 

HSP9611; Bio-Rad) and contained 2× iTaq SYBR Green mix (Bio-Rad), 1.0 µM of forward and 

reverse primer (Arc787F 5’ GCGTGCTTAACACATGCAAGTC  3’; Arc1059R 5’ 

CACCCGTTTCCAGGAGCTATT 3’), 2 μL DNA template, and nuclease free H2O for the no 

template control (NTC), to a total of 20 μL. Standard curves for all qPCR runs consisted of 

DNA from diluted Bifidobacterium bifidum (107 - 101). The conditions were as follows: Taq 

polymerase activation at 95 °C for five minutes, followed by 40 cycles of annealing at 95 °C 

for 30 seconds extension at 60°C for 30 seconds. The thermal profile for melt curve 

determination began with an incubation of 1 min at 60°C with a gradual increase in 

temperature (1°C/15 s) to 95°C, during which time changes in fluorescence were monitored. 

Data collection was enabled at each increment of the melt curve.  
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2.8.8 Quantitative PCR amplification of Archaea 
Absolute qPCR aimed to determine 16S rRNA gene archaeal levels within stool samples. For 

archaea, the reaction mix was loaded into clear-well PCR plates (catalogue no. HSP9611; Bio-

Rad) and contained 2× iTaq SYBR Green mix (Bio-Rad), 1.0 µM of forward and reverse primer 

(F 5’ ATTAGATACCCSBGTAGTCC  3’; R 5’ GCCATGCACCWCCTCT 3’), 2 μL DNA template, and 

nuclease free H2O for the no template control (NTC), to a total of 20 μL. Standard curves for 

all qPCR runs consisted of DNA from diluted Methanobacterium formicicum (107 - 101). The 

conditions were as follows: Taq polymerase activation at 95 °C for three minutes, followed 

by 39 cycles of annealing at 95°C for one minute, extension at 60°C for one minute and 72°C 

at one minute and 30 seconds. The thermal profile for melt curve determination began with 

an incubation of 1 min at 60°C with a gradual increase in temperature (0.5°C/15 s) to 95°C, 

during which time changes in fluorescence were monitored. Data collection was enabled at 

each increment of the melt curve.  

 

Copy numbers per genome, of each reference organism, were obtained from the rrnDB, the 

Ribosomal RNA Operon Copy Number Database (http://rrndb.mmg. msu.edu).  

2.8.9  Statistical analysis of qPCR 
Analysis included collecting the Cq and Sq per sample and control and calculating 16S rRNA 

gene copy number/µl by comparison to in-run standard curves. Copy number/µl were log10 

transformed. Replicates with a standard deviation >0.4 were removed, optimum R2 standard 

curve was >0.98. The same pool of prepared standards were used in each run, however 

preparation was repeated if cycle numbers varied between consecutive assays. Inhibition 

was assessed via sample dilutions of neat, 1 in 2, 1 in 10 and 1 in 20. Results were assessed 

by individual sample, per patient, day of life, gestational age, delivery mode, Z score and 

sample type (sample and negative controls). Investigations were conducted via 

nonparametric Wilcoxon test and visual results created by ggpubr and ggplot2 in R (R Core 

Team, 2020. Correlation was preformed using Pearson’s correlation coefficient for normal 

distribution of qPCR data, while Spearman’s rank correlation coefficient was used for non-

linear rank-based correlation coefficients.  
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3.0 Chapter 3: The preterm infant and health-associated 
microbial patterns 
 

Abstract 

The aims of this chapter are:  

• To identify a normal set of gut microbes that colonise preterm infants who were not 

diagnosed as having NEC or LOS and find features that characterise a healthy 

microbiota.  

• Investigate the relationship between the gut microbiota and Z score, to determine if 

specific taxa are positively associated with growth.   

• To compare the gut microbiota of disease preterm infants (specifically NEC and LOS) 

to healthy preterm infants, to elucidate changes in bacterial community. 

 

Methods: Longitudinal stool samples (n=231) from 34 patients (<32-week gestation) were 

collected over 30 days (+/- 3 days). Bacterial DNA was extracted from 0.25 g of stool sample 

for analysis of gut community, using PowerLyzer™ PowerSoil® DNA Isolation Kit. DNA was 

subjected to molecular analysis using sequencing via the V4 region of the 16S rRNA gene 

primer using Illumina MiSeq technology. Healthy and diseased preterm infants were 

matched by gestational age, all of which were being treated in the NICU at the RVI, 

Newcastle Upon-Tyne.  

 

Results: The relative abundance of Enterococcus and Veillonella are significantly increased 

by DOL. Only two bacteria were significantly correlated to gestational age at week 24 and 

week 31. In addition, Bifidobacterium had a strong negative correlation to caesarean born 

preterm infants and Klebsiella was strongly positively correlated to vaginally delivered 

preterm infants. Staphylococcus was tentatively correlated to Z score at DOL 20-30 and 

preterm infants with a positive score had a greater α-diversity by DOL 20-30. The relative 

abundance of healthy and diseased preterm infant stool samples were not significantly 

different, however α-diversity was significantly increased by DOL in healthy preterm infants 

with greatest levels at DOL 20-30. 
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Conclusion: In the healthy preterm population, ‘normal’ microbial patterns could not be 

established, however certain members of the microbiota were significantly increased by 

DOL. The abundance of Bifidobacterium was greater in preterm infants delivered via 

caesarean section rather than vaginal delivery. We still lack a clear picture of the gut 

microbiota associated with Z score. Further clinical studies are needed to better understand 

how different species of bacteria in the gut microbiome may affect weight gain.  

3.1 Introduction 
The gut is of particular relevance to human health, as it contains the most diverse set of 

microbes (Greenhalgh et al., 2016; Nogacka et al., 2018; Kho et al., 2018). Early-life gut 

microbiota is crucial for development of the immune system, which occurs soon after birth 

(Angelakis and Raoult, 2018). Studies carried out in germ-free mice have demonstrated that 

gut microbiota provide essential nutrients, metabolise dietary fibre into short chain fatty 

acids and ensure proper development of the immune system (Yu et al., 2016; Arboleya et 

al., 2015; Singh et al., 2017). Unfortunately, these developmental factors are often altered 

in the preterm population due to gestational age (GA), feeding type, maternal 

chorioamnionitis, delivery mode, antibiotic exposure and the environment in the neonatal 

intensive care unit (NICU) (Groer et al., 2017; Stewart et al., 2012; Backhed et al., 2012). 

Delivery mode and GA are the focus of many studies since these factors may influence 

preterm gut colonisation (McBurney et al., 2019). Previous evidence indicates substantial 

differences in the gut microbiota composition and stability between vaginal delivered (VD) 

and caesarean section (CS) preterm infants (Holzer et al., 2017; Reyman et al., 2019). 

Notably, Bifidobacterium was more abundant in VD preterm infants compared to preterm 

infants delivered via CS. The potentially proinflammatory and pathogenic Enterococcus and 

Klebsiella were more abundant in preterm infants born via CS, suggesting that vaginal 

delivery is essential in acquiring commensal bacterial such as Bifidobacterium in early life 

(Pai et al., 2018; Chong et al., 2020). GA was also found to be an impacting factor on the gut 

(Grier et al., 2017; Cole et al., 2014). Preterm infants born at an earlier GA (<32 weeks) had 

decreased abundance of Lactobacillus, Bacteroides, Streptococcus, and Bifidobacterium 

compared to healthy full-term infants (Dogra et al., 2015).  
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A healthy gut microbiome would constitute a set of microbial taxa present among all healthy 

preterm infants (Dirk et al., 2012; Lloyd-Price et al., 2016; Backhed et al., 2012). The 

identification of such microbes would indicate normal taxonomic composition in the 

preterm infant gut and with early intervention microbial configurations that are implicated 

in disease could be corrected (Loftus et al., 2021; Angelakis and Raoult, 2018; Greenhalgh et 

al., 2016). Recent studies are interested in exploring the potential relationship between 

early microbiota development and weight-gain, in hopes of providing insight into potential 

weight manipulation (Arboleya et al., 2017; Yee et al., 2019). Healthy growth was previously 

associated with greater amounts of Bifidobacterium and Streptococcus in the first 6 months 

of life (Younge et al., 2019; Robertson et al., 2019). Between 6 and 12 months change in 

weight-for-age Z score was positively associated with the presence of several strains 

including Prevotella, Ruminococcus spp, Clostridium spp, Eubacterium spp and Bacteroides 

(Angelakis and Raoult, 2018; Kamng’ona et al., 2019). While Escherichia and Staphylococcus 

were associated with severe acute malnutrition (Robertson et al., 2019; Angelakis and 

Raoult, 2018). Z scores are one of the most common tools used to describe growth in the 

preterm population (Riddel and Donlevy, 2010). Z score method is important for clinical care 

and research as it allows a more precise assessment of growth and progress can be 

compared for a particular preterm infant over time and/or across populations (Riddel and 

Donlevy, 2010; El Mouzan et al., 2017). A greater understanding of how the early-life gut 

microbiota impacts preterm infant growth could potentially lead to novel microbially 

derived therapies and biomarkers of health (Arrieta et al, 2014; Sanidad and Zeng, 2020).  

 

Bacteria have been implicated in the causal pathway for necrotising enterocolitis (NEC) and 

late onset sepsis (LOS) in animal models and by circumstantial evidence in the preterm 

population (Morowitz et al., 2010; Niño, Sodhi and Hackam, 2016; Mai et al., 2011). NEC is 

a life-threatening bowel disease and has caused 21% of all deaths in infants born <32 weeks' 

gestation (Niño, Sodhi and Hackam, 2016). Many studies have demonstrated that bacterial 

diversity in NEC patients appears different from healthy, with fewer Firmicutes and a bloom 

in Proteobacteria before NEC onset (Elgin et al., 2016; McGuire et al., 2015; Warner and 

Tarr, 2016). Similarly, Klebsiella have been detected in greater quantities in preterm infants 

diagnosed with NEC, compared to healthy preterm infants (Mai et al., 2011). Any 

disturbance of the neonatal microbiota development process may have important 
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implications for health (Nogacka et al., 2018). Therefore, a stable and diverse gut microbiota 

is vital in preterm development, as few consistent changes may precede the development 

of NEC and LOS (Reyman et al., 2019; Neu and Walker, 2011; Dizzell et al., 2021).  

 

Chapter three aims to explore longitudinal colonisation patterns within the gut of healthy 

preterm infants, in the hope that a defined health associated pattern can better identify a 

diseased microbiome and deliberately intervene to move a diseased microbiome back to a 

healthy state. To further explore the microbial colonisation patterns over time we 

investigated delivery mode and gestational age to determine if microbes correlate to these 

factors. The interaction between gut microbiota and Z score is a relatively new field in 

microbiome research, thus we aim to examine the correlation between Z score and bacterial 

colonisation in early life. In addition, bacterial profiles of heathy preterm infants and 

diseased preterm infants are compared in order to assess changes.  

3.2 Method  
Subject characteristics, as well as anthropometric variables, at birth, day 14 and day 28 

(including gender, gestational age and weight) were recorded. Growth Z scores were then 

calculated based on Fenton growth charts (Fenton, 2013) used to interpret growth 

measurements.  

 

Ethical approval was obtained from the NHS via the Research Ethics Committee (County 

Durham and Tees Valley Research Ethics Committee) and informed parental consent on 

behalf of the preterm infants. All the stool samples were collected from preterm infants 

hospitalised in the Neonatal Intensive Care Unit (NICU) at the Royal Victoria Infirmary (RVI) 

Newcastle. Sequencing of extracted DNA samples were performed using MiSeq (Illumina) 

wet lab standard operating procedure (SOP), with the universal 16S rRNA gene primer 

specific to V4 region (Callahan et al, 2016a; Callahan et al, 2016b; Kozich et al, 2013) by 

Northumbria University (Newcastle), as described previously (Chapter 2.7, Stewart et al., 

2016).  
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3.2.1 Sequence processing and bioinformatics analysis of 16S rRNA gene 
amplicons 

All Illumina quality-approved reads from 163 healthy and 66 diseased samples were 

exported as sample specific FastQ files and pre-processed using R (R Core Team, 2018), 

package DADA2 1.16 (Callahan et al., 2016b), Bioconductor (Version 2; Callahan et al., 

2016a), Phyloseq (McMurdie and Holmes, 2013), ggplot2 (Wickham, 2016) and Microsoft 

Excel as previously described (Chapter 2.7.2). Differences between and among infants in 

repeated measurements of growth and bacterial composition parameters were assessed by 

an analysis of variance (ANOVA) and post hoc Tukey test, Pearson’s correlation coefficient 

and non-parametric unpaired Wilcoxon test and Spearman’s Rho correlation, depending on 

the data distribution. Shapiro-Wilk normality tests were performed, to indicate that it best 

approximated a normal distribution. The data was corrected using FDR as this metric has 

been shown to have greater power to detect true positives, while still controlling the 

proportion of type I errors at a specified level. 
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3.3 Patient characteristics in the study 
Demographic information is in Table 3.1 and inclusion criteria can be found in chapter 2.3 In 

total, 34 patients contributed to the analysis of the total community. The number of samples 

collated within each group during the cohort study are shown in the table below. 

Table 3.1 Summary of patient demographics from healthy and diseased stool samples. 

Patient characteristic data from all patients providing stool samples for the study. 

Characteristics were assessed between conditions of preterm birth. Comparison between 

groups was performed via nonparametric Kruskal Wallis test. Categorical data was assessed 

using nonparametric Fisher’s exact test. Significance threshold for comparisons was 

p=≤0.05. 

 

 Healthy preterm infants Diseased preterm infants 

1 Non-diseased Clinically confirmed NEC 

2 Very low birth weight (<1500g) Clinically confirmed LOS 

3 Less/no antibiotics Very low birth weight (<1500g) 

4 Weight gain over 30 days (+/- 2 days)  

5 Feeding not discontinued  

6 No other complications e.g., surgery, 

infections 

 

Table 3.2 Table of inclusion criteria for healthy and diseased preterm infants. Preterm 

infants each received antibiotics and were all breast fed.  

 

Characteristic Healthy (n = 19) Diseased (n = 15) p.value (<0.05) 

Male/Female 9/10 11/4 0.091 

Gestational age (weeks) 
24+6 to 32+3 

(mean 29.1) 

24+3 to 28 

(mean 25.2) 
0.397 

Delivery: caesarean 

section/vaginal 
8/11 7/8 0.025 

Feeding: breast/formula 19/0 15/0 1.000 

Antibiotics: yes/no 19/0 15/0 1.000 

Probiotics: yes/no 14/5 15/0 0.053 
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3.4 Results  

3.4.1 Sequencing read counts from healthy preterm infants  
Stool had detectable read counts within all samples, with 4678 individual amplicon sequence 

variants (ASVs). Read counts varied from 2 to 96,226, with a mean read count of 68,114. All 

DNA kit negatives also yielded read counts, with an average read count of 139, ranging from 

3 to 1151.  

 

Detected ASVs were classified to 47 different phyla. Most ASVs were assigned to the genus 

level, with 639 assigned across all samples. Only a small portion were assigned to the species 

level with 154 individual species detected.  

3.4.2 Overview of gut microbiota in healthy preterm infants 
The most abundant genus in the gut of preterm infants includes Escherichia/Shigella, 

Enterococcus, Bifidobacterium, Bacteroides, Citrobacter, Staphylococcus, Lactobacillus, 

Klebsiella, Haemophilus, Veillonella and Clostridium_sensu_stricto1.  

 

On visual assessment, the relative abundance (%) of bacterial genera differed across patients 

over the course of 30 days (+/- 2 days) (Figure 3.1). Inter- (differences across patients) and 

intra- (differences within patients) variability was observed in the composition of gut 

microbiota.  

 

NA values are from the taxonomy table of the phyloseq object. When taxonomic ranks 

cannot be classified, columns are filled with NA. Patient 541 has a dominance of NA over the 

course of the first few weeks of life (days 0 - 22), meaning the samples could not be classified 

at the genus level. In addition, patient 526 has certain samples that could not be classified. 

Taxonomic assignment requires the k-mer profile of the sequences (to be classified) to be 

compared against the k-mer profiles of all sequences in a training set of sequences with 

assigned taxonomies. The reference sequence with the most similar profile is used to assign 

taxonomy to the query sequence. In this case, the family level was the lowest classification 

available.  
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Figure 3.1 Overview of genera found in the healthy preterm infant gut. Relative abundance 

plots from V4 16S rRNA amplicon sequencing of extracted DNA from stool samples on 

different days. Reads were clustered into genera for visual analysis plots created in phyloseq 

(R Core Teams, 2017). Patient numbers are shown at top of the box. Bacteria were pruned 

in phyloseq, and samples removed with less than 40 total reads. The number of samples 

collected differs for each preterm infant; hence some preterm infants have more sequencing 

profiles than others.   
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3.4.3 Relative and percentage abundance of healthy preterm infants 
Due to the unequal number of sampling, one sample was selected between days 0-10, 10-

20 and 20-30 for each patient to determine if there was a trend in the gut microbiota over 

time. This excluded patient 421 due to no sample being available on these specific days. 

Therefore only 18 preterm infants were included in the analysis (Figure 3.2). 

 

Escherichia/Shigella had the highest relative abundance of all samples at DOL 0-10, 

contributing 29% from stool samples (Figure 3.2). Staphylococcus was the second most 

abundant genera from samples contributing 26% at DOL 0-10, followed by Bifidobacterium 

and Klebsiella (20% and 13%, respectively). Staphylococcus decreased to 2% by DOL 20-30, 

whereas Klebsiella increased contributing 21% in samples. The average relative abundance 

of Veillonella steadily increased contributing 0% at DOL 0-10 to 6% at DOL 20-30 in samples. 

 

Two genera were significantly increased over time (approx. 30 days). These include 

Enterococcus (p = 0.01) and Veillonella (p = 0.02), and these two genera also displayed a 

strong positive correlation (R2 0.99 and R2 0.99, respectively) to DOL. Citrobacter was 

strongly positively correlated with DOL (R2 0.89) but was not significant (Table 3.3). 

Bifidobacterium (R2 -0.96), Escherichia/Shigella (R2 -0.92) and Staphylococcus (R2 -0.92) 

displayed a strong negative correlation with DOL but were not significant (p = 0.33; p = 0.26 

and p = 0.26; Table 3.3).  
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Figure 3.2 Average relative abundance correlated with DOL. Average relative abundance 

plot from V4 16S rRNA amplicon sequencing of extracted DNA from stool samples. Genera 

were clustered into genera for visual analysis plots created in ggplot2 (R Core Teams, 2018). 

 Genus Coefficient (r) p.value (<0.05) 

1 Escherichia/Shigella -0.92 0.26 

2 Klebsiella 0.77 0.27 

3 Enterococcus 0.99 0.01 

4 Bifidobacterium -0.96 0.33 

5 Staphylococcus -0.92 0.26 

6 Veillonella 0.99 0.02 

7 Haemophilus 0.88 0.63 

8 Citrobacter 0.89 0.14 

9 Clostridium_sensu_stricto_1 0.79 0.43 

10 Lactobacillus 0.85 0.47 

Table 3.3 Most abundant bacterial genera correlated with DOL. Top ten most abundant 

genera present in stool samples. Correlation was assessed using Pearson’s correlation 

coefficient to a threshold of p=≤0.05. Significance is highlighted in bold.  
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3.4.4 Inter-individual variation within healthy preterm infants 
The preterm infants in this cohort each had differing microbiota signatures over the 

sampling time (Figure 3.3). Enterococcus contributed <50% relative abundance in all preterm 

infants at the start of life and increased in two preterm infants on days 10 and 12 

contributing to 98% for patient 435 and 73% for patient 473. Four preterm infants have a 

greater relative abundance of Bifidobacterium on days 8 and 9 of life, contributing to >50%. 

These were patient number 452, 526, 545 and 566. Patients 429 and 457 have a dominance 

of Escherichia/Shigella over the three time points while four remaining genera contribute 

<12%.  

 

The strength and linear relationships between the top five genera and DOL were measured 

using a Pearson's correlation coefficient. The top five genera from samples collected from 

patient 382 exhibit a strong positive correlation (0.90, 0.94 and 0.75) between DOL whereas, 

patient 541 displayed no correlation (-0.09, -0.10 and -0.13). Correlation varied between 

preterm infants and within preterm infants.   
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Figure 3.3 Line graph of longitudinal change in the most abundant genera. Average relative abundance plots from V4 16S rRNA amplicon 

sequencing of extracted DNA from stool samples. Line graphs were generated in Microsoft Excel.  
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3.4.5 Bacterial colonisation patterns over time 

3.4.5.1 Correlation between bacterial relative abundance and gestational 
age  
Pearson’s correlation coefficient (R Core Teams, 2018) was applied to each genus and 

gestational age and analysed over three time points. Preterm infants born at a 24-week 

gestation are dominated by Klebsiella and Escherichia/Shigella, with a strong positive 

correlation between Enterococcus and DOL (R2 = 0.99, p = 0.02; Figure 3.4). In addition, there 

was a strong negative correlation for Klebsiella, but this was not significant (R2 = -0.97, p = 

0.13). Preterm infants born at a 25-week gestation had a strong negative correlation 

between Staphylococcus and DOL (R2 = -0.95, p = 0.21), and a strong positive correlation 

between Bifidobacterium and DOL, however, no significance was detected (R2 = 0.98, p = 

0.09). There was a strong negative significant correlation between Escherichia/Shigella and 

DOL at 31-week gestation (R2 = -0.99, p = 0.01; Figure 3.4). Bifidobacterium was found in 

greater abundance in preterm infants born after a 29-week gestation, while preterm infants 

born at a 32-week gestation have a higher variability of microbiota profiles than any other 

gestation.  

 

Other genera did correlate to different gestations over time, but they were not significant 

(Appendix A.6.3). Correlation varied between each genus and different gestational ages.   
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Figure 3.4 Bacterial colonisation in different gestational ages over time. Relative 

abundance plot from V4 16S rRNA amplicon sequencing of extracted DNA from stool 

samples, ASVs were clustered into genera for visual analysis plots created using ggplot2 (R 

Core Team, 2018).
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3.4.5.2 Correlation between bacterial relative abundance and delivery mode 
At DOL 0-10, Escherichia/Shigella were the most abundant genera, contributing 52% in 

samples in vaginal delivery (VD) (Figure 3.5). Staphylococcus had similar relative abundance 

for both VD and caesarean section (CS) born preterm infants (24% and 29%, respectively). 

Bifidobacterium and Klebsiella were greater in CS born preterm infants at DOL 0-10, 

contributing 34% and 21% in stool samples. On DOL 10-20, the relative abundance of 

Enterococcus (33%), Klebsiella (14%) and Bifidobacterium (10%) increased in VD preterm 

infants (Figure 3.5). Preterm infants born via CS had an increase in Klebsiella (32%) and a 

decrease in Staphylococcus (10%), Bifidobacterium (26%) and Enterococcus (10%) at DOL 10-

20. At DOL 20-30, Bifidobacterium decreased to 15% in CS delivery while increasing in VD 

preterm infants, contributing 16% in samples. The relative abundance of Klebsiella (20%) 

increased in VD preterm infants, while Staphylococcus (1%) decreased over time in samples. 

Lactobacillus and Clostridium Sensu Stricto 1 were found in relatively low abundances in VD 

preterm infants and were not detected in CS born preterm infants. On the other hand, 

Veillonella was detected in preterm infants born via CS only, albeit in low amounts. 

 

There was a strong negative correlation between relative abundance of Bifidobacterium and 

preterm infants born via caesarean section over time (R2 = -0.99, p = 0.05).   In addition, 

there was a strong positive correlation between relative abundance of Klebsiella and 

vaginally delivered preterm infants over time (R2 = 0.99, p = 0.05; Appendix A.6.4). 
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Figure 3.5 Bacterial colonisation in delivery mode over time. Relative abundance plot from 

V4 16S rRNA amplicon sequencing of extracted DNA from stool samples, ASVs were 

clustered into genera for visual analysis plots created using ggplot2 (R Core Team, 2018).
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3.4.6 Longitudinal analysis of bacterial α-diversity  
To investigate the changes in gut diversity across three main time points, the α-diversity 

characteristics were estimated using the top ten genera and DOL. Shannon diversity index 

demonstrated that the stool microbiota diversity was significantly lower at the start of life 

(p = 0.01) (Figure 3.6). A lower α-diversity score (0.204) was observed at DOL 0-10 but 

increased significantly by DOL 20-30 (2.474).   

 
Figure 3.6 Boxplots of Shannon diversity indexes distinguishing between DOL. Alpha 

diversity analysis of ASV data from V4 16S rRNA amplicon sequencing from preterm infant 

stool samples. Samples were grouped according to sample collection on days 0-10, 10-20 

and 20-30. Plotted are interquartile ranges (IQRs; boxes), medians (dark lines in the boxes), 

and the lowest and highest values within 1.5 times IQR from the first and third quartiles 

(whiskers above and below the boxes). Shannon-Weiner index was calculated using excel 

and compared using a one-way ANOVA and assessed pairwise differences using a post 

hoc Tukey’s HSD test in R (R Core Team, 2018). 

 

 

 

 

https://www.frontiersin.org/articles/10.3389/fmicb.2019.02258/full#B41
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3.4.7   Early colonisation of the gut microbiome and its relationship with Z score 
3.4.7.1 Z score and bacterial abundance 
At DOL 0-10, Z scores range from positive scores (0.6) to negative scores (-2.2), at DOL 10-20 positive scores (1.4) to negative scores (-1.9) and 

at DOL 20-30 a wider range of Z scores are observed from 4.2 to -1.1. Univariate analysis did not highlight a significant difference between 

positive and negative Z scores and bacterial (relative) abundance at DOL 0-10 p = 0.94, DOL 10-20 p = 0.97 and DOL 20-30 p = 0.54.  

Figure 3.7 Analysis of bacterial communities by NGS between average relative abundance and Z scores over time. Relative abundance plots 

from V4 16S rRNA amplicon sequencing of extracted DNA from stool samples plotted against Z score. ASVs were clustered into genera for visual 

analysis plots created in ggplot2 (R Core Team, 2018).

https://www.frontiersin.org/articles/10.3389/fmicb.2019.02258/full#B41
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Investigations were carried out on each preterm infant and their individual Z score to 

determine if any genus correlated to Z score. There was a lack of correlation between 

bacterial abundance and Z score at DOL 0-10 and 10-20 (Table 3.6 and 3.7). At DOL 20-30 

Staphylococcus was negatively, significantly correlated to Z score (R2 = -0.46, p = 0.05; Table 

3.8). 

 

 

 

 

 

 

 

 

Table 3.4 Average relative abundance correlated with Z score DOL 0-10. Top ten most 

abundant genera present in stool samples. Correlation was assessed using Spearman’s Rho 

correlation analysis to a threshold p=≤0.05.  

 

 

 

 

 

 

 

 

 

 

 

 

 

Z score (at DOL 0-10) 

Genus Coefficient (r) p.value (<0.05) 

Escherichia/Shigella 0.17 0.49 

Klebsiella -0.41 0.09 

Enterococcus 0.19 0.46 

Bifidobacterium 0.02 0.95 

Staphylococcus 0.09 0.71 

Veillonella 0.12 0.64 

Haemophilus -0.14 0.57 

Citrobacter 0.08 0.75 

Clostridium_sensu_stricto_1 0.04 0.88 

Lactobacillus 0.29 0.25 
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Table 3.5 Average relative abundance correlated with Z score DOL 10-20. Top ten most 

abundant genera present in stool samples. Correlation was assessed using Spearman’s Rho 

correlation analysis to a threshold p=≤0.05. 

 
 
 
 
 
 
 
 
 
 
 
 

 

 

 

 

 

Table 3.6 Average relative abundance correlated with Z score DOL 20-30. Top ten most 

abundant genera present in stool samples. Correlation was assessed using Spearman’s Rho 

correlation analysis to a threshold p=≤0.05. Significance is highlighted in Bold. 

Z score (at DOL 10-20) 

Genus Coefficient (r) p.value (<0.05) 

Escherichia/Shigella 0.22 0.36 

Klebsiella -0.16 0.54 

Enterococcus 0.19 0.45 

Bifidobacterium 0.01 0.95 

Staphylococcus -0.21 0.41 

Veillonella -0.05 0.83 

Haemophilus -0.11 0.67 

Citrobacter 0.20 0.42 

Clostridium_sensu_stricto_1 -0.32 0.18 

Lactobacillus 0.29 0.33 

Z score (at DOL 20-30) 

Genus Coefficient (r) p.value (<0.05) 

Escherichia/Shigella 0.12 0.63 

Klebsiella 0.22 0.39 

Enterococcus -0.03 0.92 

Bifidobacterium 0.17 0.49 

Staphylococcus -0.46 0.05 

Veillonella -0.14 0.57 

Haemophilus -0.35 0.16 

Citrobacter -0.37 0.12 

Clostridium_sensu_stricto_1 0.01 0.96 

Lactobacillus 0.29 0.23 
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3.4.7.2 Bacterial diversity across positive and negative Z scores  
Z scores were further divided in to negative and positive scores (with 0 being placed in the 

positive group). At DOL 0-10, the diversity of the bacterial communities is lower than DOL 

20-30, as expected for preterm infants. No significant differences in α-diversity were 

detected between positive and negative Z scores at DOL 0-10 (p = 0.82; Figure 3.8 A). 

Likewise, there was no significant difference between positive and negative Z scores at DOL 

10-20 (p = 0.80; Figure 3.8 B). However, at DOL 20-30 diversity increases in positive scores, 

showing statistically significant differences (p = 0.02; Figure 3.8 C).  

Figure 3.8 Alpha diversity analysis of positive and negative Z scores. α-diversity analysis of 

ASV data from V4 16S rRNA amplicon sequencing from stool samples. Each box plot 

represents Z scores divided by positive and negative scores. Plotted are interquartile ranges 

(IQRs; boxes), medians (dark lines in the boxes), and the lowest and highest values within 

1.5 times IQR from the first and third quartiles (whiskers above and below the boxes). Alpha 

diversity was compared using a Wilcoxon test and box and whisker plots were created in 

ggplot2 (R Core Teams, 2018). 
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3.4.7.3 Correlation between alpha diversity and Z score  
Each black dot represents a preterm infant Z score (preterm infants may share the same Z 

score), with Z score measurements ranging from -2.2 to 4.2 over 30 days. The scatter graph 

represents the lowest to greatest change in weight-for-age Z score. There was a very weak 

positive correlation between Z scores and α-diversity, but no significance was detected (R2 

= 0.26, p = 0.06; Figure 3.9).  

 
Figure 3.9 Correlation between Z score and α-diversity. α-diversity analysis of ASV data 

from V4 16S rRNA amplicon sequencing from paired stool samples. Each dot represents a 

stool sample in accordance with Z score. Scatter plot was created in ggplot2 and ggpubr (R 

Core Teams, 2018).  

 
 

3.4.8 Sequencing read counts from diseased preterm infants 
Stool had detectable read counts within all samples, with 1366 individual amplicon sequence 

variants (ASVs). Read counts varied from 2 to 62, 042, with a mean read count of 48, 050.  
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3.4.8.1 Relative and percentage abundance: Comparison between healthy 

and diseased preterm infant samples 

Staphylococcus was the highest relative abundance of all samples contributing 25% in 

diseased preterm infants. Enterococcus was the second greatest genus (22%) in diseased 

preterms but contributed 19% in the healthy population. Bifidobacterium was greater in 

healthy preterms (15%) and reduced in preterms with diseased (5%). Bacillus, Pseudomonas 

and Salmonella all contributed 1% in diseased samples, but did not contribute to healthy 

samples. Veillonella, Haemophilus and Clostridium_sensu_stricto_1 were found in healthy 

preterm samples but not diseased. Univariate Mann-Whitney tests showed no significant 

difference between the relative abundance of genera of healthy and diseased preterm 

infants (p = 0.91; Figure 3.10). 

 

 
Figure 3.10 Relative abundance of healthy and diseased stool samples. Average relative 

abundance plot from V4 16S rRNA amplicon sequencing of extracted DNA from stool 

samples. Genera were clustered into genera for visual analysis plots created in ggplot2 (R 

Core Teams, 2018). 
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Table 3.7 Ten most abundant genera in stool samples. Top ten most abundant amplicon 

sequence variants (ASVs) present in stool samples, divided into groups: healthy and 

diseased. All bacterium displayed are classification genera. Bacteria in bold were detected 

for that group only.  

 

3.4.8.2 Bacterial diversity structure: Comparison between healthy and 
diseased preterm infants 
Diversity analysis was performed using Shannon index. Diseased preterm infants had a lower 

average diversity (0.343), while healthy preterm infants had a greater α-diversity on average 

(1.359). Black dots represent maximum values in dataset, which are potential outliers. 

Univariate analysis highlighted significant differences between the two groups (p = <0.001; 

Figure 3.11). 

 Healthy preterm infants Average 

relative 

abundance 

Diseased preterm 

infants 

Average 

relative 

abundance 

1 Escherichia/Shigella 29% Staphylococcus 25% 

2 Klebsiella 20% Enterococcus 22% 

3 Enterococcus 19% Escherichia/Shigella 21% 

4 Bifidobacterium 15% Klebsiella 19% 

5 Staphylococcus 7% Bifidobacterium 5% 

6 Veillonella 4% Citrobacter 4% 

7 Haemophilus 2% Bacillus 1% 

8 Citrobacter 2% Pseudomonas 1% 

9 Clostridium_sensu_stricto_1 1% Lactobacillus 1% 

10 Lactobacillus 1% Salmonella 1% 
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Figure 3.11 Alpha diversity analysis of healthy and diseased preterm stool samples. Alpha 

diversity analysis of ASV data from V4 16S rRNA amplicon sequencing from stool samples. 

Each box plot represents Z scores divided by positive and negative scores. Plotted are 

interquartile ranges (IQRs; boxes), medians (dark lines in the boxes), and the lowest and 

highest values within 1.5 times IQR from the first and third quartiles (whiskers above and 

below the boxes). Shannon-Weiner index was calculated using Excel and compared using 

non-parametric Mann-Whitney test and corrected using FDR. Box and whisker plots were 

created in ggplot2 (R Core Teams, 2018). 
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3.5 Discussion 
Dysbiosis in the microbiome has been associated with numerous diseases such as cancer, 

allergies, and inflammatory bowel disease, however dysbiosis of a microbial community can 

be difficult to define (Lloyd-Price et al., 2016; D’Argenio and Salvatore, 2015; Dominguez-

Bello et al., 2019). An understanding of the development of a healthy microbiome, and the 

many different bacterial taxa that are encountered in the absence of overt disease, is 

therefore a necessary first step to identifying microbial patterns (Putignani et al., 2014; 

Lloyd-Price et al., 2017). Identification of such patterns may also assist in preventing disease 

onset, by finding features that broadly distinguish healthy from unhealthy microbiomes 

(Lloyd-Price et al., 2016). Even if there is no one healthy microbiota, this research is valuable 

to learn more about how the gut microbiota varies among the healthy preterm population, 

how microbiota changes with time, and the impact of gestational age and mode of delivery 

(Shanahan et al., 2020; Valdes et al., 2018; Nogacka et al., 2018; Rutayisire et al., 2016).  

 

Previous research has shown potential for linking variations in the gut microbiota to growth 

status (using Z scores for measurement), thus utilised as important markers of the health 

and wellbeing (Casey, 2008; Riddle and Donlevy, 2010; Kamng’ona et al., 2019). Certain 

bacteria, such as Bacteroides, have been related with higher Z scores (Vael et al., 2011; 

Scheepers et al., 2014). However, this evidence is still limited and focuses on full-term 

infants and obesity prevention, whilst less is known on the relationship between microbiota 

and Z scores (weight gain) in preterm infants (Arboleya et al., 2017). If there is an 

appropriate pattern of growth that preterm infants follow in relation to the gut microbiota, 

it may assist in characterising a pattern of delayed growth and/or delayed maturation of the 

microbiota (Greenhalg et al., 2016; Robertson et al., 2019). Furthermore, characterising the 

gut microbiota in healthy and diseased preterm infants is necessary to compare the bacterial 

communities, and to be able to confirm if there is a normal microbial pattern in healthy 

preterm infants (Chernikova et al., 2018; Drell et al., 2014).   
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3.5.1 A healthy microbiome cannot be defined by a single idealized 

community composition, as the gut varies in relative abundance over time. To facilitate 

comparisons, samples were clustered into DOL. As expected, Escherichia/Shigella, Klebsiella, 

Enterococcus and Staphylococcus were found to be major components of the preterm infant 

gut, with inter-individual and intra-individual variation among the healthy preterm 

population (Figure 3.1; Milani et al., 2017; Cong et al., 2016; Angelakis and Raoult, 2018; 

Rodríguez et al., 2015). A detailed analysis of the most abundant genera revealed that the 

development of the microbiota composition was random and by DOL 20-30 there were still 

rapid shifts in the microbiota. Previous studies have shown conflicting results with regards 

to the differences in the relative abundance of bacterial genera, with the microbiota 

dominated by two phyla; Proteobacteria and Firmicutes but differing more than an order of 

magnitude at genera level (Milani et al., 2017; Turroni et al., 2016).  

 

A novel analysis separated samples into: DOL 0-10, 10-20, and 20-30, and the top ten genera 

were measured by relative abundance at these time points (Figure 3.2). Using Pearson’s 

correlation coefficient Enterococcus and Veillonella are significantly associated with DOL (p 

= 0.012 and p = 0.022; Figure 3.2). Enterococcus and Veillonella, both members of the 

phylum Firmicutes, are primary contributor to the gut microbiota (Stokholm et al., 2018), 

plus highly abundant in the oral microbiota (Béchon et al., 2020). A study by Arrieta et al. 

(2015) identified Veillonella as being ‘protective’ in babies 3 months of age at risk of asthma. 

Enterococcus has previously been tested for beneficial properties and developed as a new 

probiotic, due to the health-promoting effects such as treatment of diarrhoea and immune 

regulation (Nueno-Palop, and Narbad, 2011; Jung et al, 2020). The prevalence of 

Enterococcus may be attributable to the organism’s resistance to several clinical antibiotics, 

therefore being given the ability to flourish in the gut from birth (Salamaga et al., 2017). 

Veillonella, Enterococcus and Citrobacter (0.99) were positively correlated to DOL, whilst 

others such as Escherichia/Shigella and Staphylococcus displayed a strong negative 

correlation to DOL, similar to the findings of Arboleya et al., (2017). Genera which typically 

reside on adult skin including Staphylococcus were found in high abundance in the gut 

microbiota suggesting skin contact may be an important source of bacterial acquisition, even 

within the nursery environment (Cogen, Nizet and Gallo, 2008). A low abundance of 
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Bifidobacterium and Lactobacillus were also detected in stool despite their reported 

prevalence by others (Grier et al., 2017; Ficara et al., 2018; Arrieta et al., 2014). This may be 

attributable to differences among preterm infants for example, clinical interventions such 

as instrumentation, exposure to antibiotics and/or alterations in diet, such as formula 

feeding and periods of fasting (Hunt et al., 2011). The top five genera (Figure 3.3) displayed 

differing microbiota signatures over the sampling time and did not correlate to DOL. Overall, 

a microbial pattern specifically related to DOL was not detected, which could potentially be 

related to the hospital environment, for example, surfaces of the room or ongoing 

interactions with multiple healthcare providers, which have the potential to impact 

microbial colonization (Stewart et al., 2017; Nogacka et al., 2018; Milani et al., 2017). 

 

The work presented in this chapter corroborates previous studies (Nogacka et al., 2018; 

Stewart et al., 2018; Milani et al., 2017) by showing a low α-diversity in preterm infants at 

the start of life which increases over time (Figure 3.6). Alpha diversity was investigated 

longitudinally and was found to significantly increase by DOL 20-30. Rutayisire et al, (2016) 

suggest bacterial α-diversity increased throughout the first 30 days with longitudinal stool 

samples, which is what is reflected in this study. ANOVA and post hoc Tukey test were 

utilised to test the difference between the groups; DOL 0-10 and DOL 20-30 were found to 

be statistically significant (p = 0.01) suggesting that the preterm infant gut becomes more 

diverse and complex over the course of 30 days.  

 

3.5.2 Bacteria correlate to different gestations over time; however, this may 

not be causal. The gut microbiota composition in the 18 preterm infants was 

longitudinally followed and was characterized by strong dominance of certain bacteria 

(Figure 3.4). Typically, one of five genera, Escherichia/Shigella, Bifidobacterium, 

Enterococcus, Staphylococcus or Klebsiella represented >50% of the reads in a given sample. 

In preterm infants, the first colonising bacteria are mainly facultative anaerobes e.g., 

Staphylococcus and Enterococcus then finally obligate anaerobes e.g., Bifidobacterium and 

Bacteroides (Chen et al., 2020; Grier et al., 2017; Cong et al., 2016). Notably, there was a 

higher abundance of Staphylococcus at DOL 0-10 (ranged from 0.6% - 36%), as opposed to 

DOL 20-30 (ranged from 0.4% - 5%) for all gestations except preterm infants born at 31- 
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weeks. Staphylococcus was negatively correlated at GA 24 to 32 over 30 days (from R2 = -

0.75 to R2 = -0.96), however, this was not significant (Appendix A.6.3). There was a significant 

correlation between the preterm infant born at a 24-week gestation and relative abundance 

of Enterococcus over time (R2 = 0.99, p = 0.01). Enterococcus spp are generally the first 

bacterium to colonise the preterm infant gut, which has been assumed to cause outbreaks 

in the NICU, producing nosocomial infections such as sepsis (Moles et al., 2015). However, 

the result of this study suggests healthy preterm infants also harbour substantial 

proportions of Enterococcus within the gut (83% relative abundance in the stool sample). In 

addition, preterm infants born at a 31-week gestation had a strong, significant negative 

correlation of Escherichia/Shigella over time (R2 = -0.99, p = 0.02), another bacterium 

assumed to cause infectious disease in preterm infants (Westerbeek et al., 2006; Stewart et 

al., 2012). Preterm infants born at all gestations often switched from one pattern of 

microbiota to another within days, consistent with previous reports (Groer et al., 2017; 

Chernikova et al., 2018). Preterms infants born at an earlier GA (e.g., 24 weeks) did not 

conform to the pattern of a preterm born at a later GA with increasing age, suggesting that 

GA does not influence long-term establishment of the preterm gut microbiota. Healthy 

preterm infant bacterial communities would expect to see increased Bifidobacterium as GA 

increases, (Stewart et al., 2018), and although there was a greater abundance after a 29-

week gestation, Bifidobacterium does not dominate the gut microbiota. There was a 

reduced abundance of Bifidobacterium at gestational ages 26 and 31 in our healthy cohort, 

inconsistent with previous studies (Korpela et al., 2018). The findings suggests that 

Bifidobacterium may not play an essential role in health (Stewart et al., 2018), since other 

genera (e.g., Escherichia/Shigella) were found in greater abundance in our healthy preterm 

infants.  

 

3.5.3 Bacteria correlate to mode of delivery over time. Many bacteria were 

correlated to delivery mode, however, only two were significant (Appendix A.6.4). Klebsiella 

had a strong, positive significant correlation with vaginally delivered (VD) preterm infants 

over time (R2 = 0.99, p = 0.05).  In contrast to this study, Reyman et al, (2019) found a 

reduction of Klebsiella in vaginally delivered preterm infants over the first year of life. In 

previous research Klebsiella has been thought to contribute to NEC and LOS, by encoding 
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numerous virulence genes and antibiotic resistance genes, however, there is no record of 

infection in our healthy cohort of preterm infants (Chen et al., 2020). In addition, 

Bifidobacterium had a strong, negative significant correlation in preterm infants born via 

caesarean section (CS) (R2 = -0.99, p = 0.05). An increased abundance of Bifidobacterium in 

preterm infants born via CS is unusual, as reduced abundance is expected (Blaser and 

Dominguez-Bello, 2016; Hendrickx et al., 2018; Dahl et al., 2018). Escherichia/Shigella, a 

common pathogen, is dominant at DOL 0-10 in VD preterm infants (52% relative abundance) 

compared to preterms born via CS (1% relative abundance). Notably, there is a greater 

abundance of Staphylococcus at DOL 0-10, which may be expected at the start of life 

(Mitchell et al., 2020; Milani et al., 2017; Stokholm et al., 2016) as skin microbiota can be 

transferred to the infant during CS (Cong et al., 2016). Our findings indicate that 

Staphylococcus is decreased over time in both delivery modes. The similarities could be due 

to the fact that preterm infants had a greater exposure time to bacteria in the NICU 

environment (e.g., equipment, staff, and surfaces), which are also responsible for shaping 

the preterm microbiota (Chong et al., 2018; Stewart et al., 2017).  

 

3.5.4 Staphylococcus was negatively correlated to Z scores and α-diversity 

was significantly increased in positive Z scores (at DOL 20-30). Univariate analysis 

highlighted no significant differences were detected across relative abundance of genera 

and positive and negative Z scores at DOL 0-10, 10-20 and DOL 20-30 (Figure 3.7). For 

Spearman’s Rho correlation Staphylococcus was significantly correlated to Z score at DOL 

20-30 (R2 = -0.46, p = 0.05; Table 3.8). The findings are in accordance with Yee et al., (2019) 

who reported relative abundances of Staphylococcus were negatively correlated to weight 

gain during preterm infant NICU stay. It was hypothesised that Staphylococcus, a very 

relevant opportunistic infectious agent, and the predominant agent causing neonatal late-

onset sepsis (LOS) in very low birth weight (VLBW) preterm neonates (Moles et al., 2020), 

may be indicative of dysbiosis, which in turn appears to be associated with reduced infant 

weight gain (Yee et al., 2019). Whether there is an important link between Staphylococcus 

and weight loss remains to be elucidated as these results would require validation in 

preferentially larger cohorts.  
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Z scores of individual healthy preterm infants were divided in to positive and negative 

measurements and measured via Shannon diversity (H’) (Figure 3.8). Wilcoxon test showed 

no significant difference between Z scores and α-diversity at DOL 0-10 and 10-20. However, 

at DOL 20-30 α-diversity was significantly different between positive and negative Z scores 

(Figure 3.8 C, p = 0.02). This suggests that preterm infants with negative Z scores have low 

α-diversity microbiota. Younge et al., (2019) found that Z scores were significantly lower in 

preterm infants with growth failure, suggesting that a low gut diversity may contribute to 

impaired growth. In previous studies, low microbial diversity has been associated with 

impaired barrier function and intestinal inflammatory conditions, including NEC in preterm 

infants (Dobbler et al., 2017; Warner and Tarr, 2016). In addition, we found a lack of 

correlation between α-diversity and Z score (R2 = 0.26, p = 0.06; Figure 3.9). 

 

3.5.5 Bacterial profiles do not significantly differ between healthy and 

diseased preterm infants; however, α-diversity was significantly increased in 

the healthy cohort. Bacterial profiling comparing genera was subsequently examined in 

order to elucidate the community structure generating the change in health and disease 

state (Figure 3.10) and α-diversity (Figure 3.11). There was no significant difference in 

bacterial abundance between healthy and diseased preterm infants (p = 0.91), however, at 

the genera level there was a reduction in Escherichia/Shigella and Bifidobacterium in 

diseased preterm infants. Compared with existing studies in comparable cohorts, the 

development of NEC is consistent with over representation of potentially pathogenic 

organisms such as Escherichia and Klebsiella and a under representation of Clostridium 

(Warner et al., 2016). There is insufficient evidence to explain if the introduction of such 

microbes (i.e., Escherichia) may lead to imbalances of the gut but recent studies have 

hypothesised that intestinal transfer could increase exposure to microbial antigens 

(Weström et al., 2020; Sanidad and Zeng, 2020). Staphylococcus (coagulase-negative) is 

known to be the most common bacterium responsible for LOS (Grisaru-Soen et al., 2012; 

Stewart et al., 2012), followed by Klebsiella and Escherichia (Zonnenberg et al., 2019; Dong 

and Speer, 2014). Comparable to Dong and Speer (2014), we identified an increase in 

Staphylococcus in the diseased preterm infants (with confirmed NEC or sepsis). The increase 
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in Staphylococcus cannot be linked to risk factors before or at the onset of LOS in this study, 

as we did not analyse the predicted time points.  

 

Alpha diversity was significantly reduced in diseased preterm infants (p = <0.001; Figure 

3.11) determined by univariate Mann-Whitney, corresponding to previous studies (Chong et 

al., 2021; Itani et al., 2018; Aujoulat et al., 2014). Our data suggests that increase of 

microbiota diversity could be an indicator for gut health.  NEC might be related to lack of gut 

bacterial α-diversity, however much larger datasets will be required to more precisely 

elucidate how these factors (Dirk et al., 2012; Itani et al., 2017; Calvert et al., 2020).  

3.5.6 Further considerations 
Efforts to define what a ‘normal’ gut microbiota means are still progressing. A healthy 

microbiome may be categorised further by metabolic functions provided by the microbiome 

and its behaviour over time (Rutayisire et al, 2016; Lloyd-Price et al., 2016). Establishing 

consistent relationships between specific taxa and health has been especially problematic, 

in part because of differences in how studies define clinical populations, handle sample 

preparation and DNA sequencing methodology, and use bioinformatics tools and reference 

databases, all of which can affect the result substantially (Milani et al., 2017; Lim et al., 2014; 

Sun and Chang, 2014). Other limitations of this study included sample size. Increasing the 

sample size could be considered by future studies, as the statistical analysis of preterm infant 

gut microbiota development could be hindered by low subject numbers (n=34). Nutrition 

was not considered while conducting analyses. Preterm infant feeding patterns and 

consumption may have a large effect on the gut microbiota early in development (Cong et 

al., 2017). Feeding type and modular additives may have impacted the results in Chapter 3.  
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3.6 Conclusion 
The healthy preterm infant gut is characterised by rapid, dramatic shifts in the composition 

of the microbial community. Enterococcus and Veillonella were increased over time in the 

healthy preterm infant cohort. Preterm infants born via caesarean section had greater 

Bifidobacterium than preterm infants born vaginally. Staphylococcus was significantly 

correlated to Z score at DOL 20-30. The healthy preterm infants with positive Z scores had 

greater α-diversity by DOL 20-30. Our results underline the interest of exploring the gut 

microbiota as a potential target for favouring growth in preterm infants. Collectively, this 

work lays the foundation for additional studies to determine if gut colonisation with certain 

taxa may significantly affect growth of preterm infants.  
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4.0 CHAPTER 4: Quantitative analysis of Enterococcus and 
Bifidobacterium within the gut of healthy preterm infants  
 
Abstract 
Aim: The aim of chapter 4 was to investigate Enterococcus and Bifidobacterium within the 

gut of healthy preterm infants using quantitative PCR (qPCR) to establish if there is a 

difference between positive and negative Z scores. Plus, to determine if Z score correlates 

to Enterococcus and Bifidobacterium levels. Finally, to understand if Enterococcus and 

Bifidobacterium levels relate to gestational age (GA), mode of delivery and day of life (DOL). 

 

Method: Stool samples (n = 146) from 19 infants were collected from healthy preterm 

infants cared for in the Royal Victoria Infirmary (Newcastle upon Tyne, UK). Bacterial DNA 

was extracted from 0.25 g of stool sample for analysis of bacterial load, using PowerLyzer™ 

PowerSoil® DNA Isolation Kit. Quantitative polymerase chain reaction (qPCR) was used to 

quantify stool bacterial load using SYBR green with species specific 16S rRNA primers. The 

samples were divided by 0-10, 10-20 and 20-30 days. For the preparation of standard curves, 

pure cultures of appropriate strains were used, and standard curves were diluted from 107 

to 101 in triplicate.  

 

Results: Bacterial load of Enterococcus and Bifidobacterium were comparable for positive 

and negative Z scores and no correlation was observed between Z score and Enterococcus 

and Bifidobacterium levels over time. GA was correlated to bacterial load of Enterococcus 

and Bifidobacterium. Bacterial load of Enterococcus and Bifidobacterium also displayed 

definitive patterns across certain GAs. Preterm infants delivered via caesarean section had 

greater Bifidobacterium levels than vaginally delivered preterm infants at birth.   

 

Conclusion: Overall findings suggest no correlation between bacterial load of Enterococcal 

or Bifidobacterium levels and Z score, as bacterial loads were comparable for both positive 

and negative scores over 30 days. Delivery mode does not have long lasting effects on 

Enterococcal or Bifidobacterium levels. Further work is required to determine if GA has an 

independent effect on stool Enterococcal and Bifidobacterium load. 
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4.1 Introduction 
Traditionally culture-based techniques were used to determine the composition of the gut 

microbiota (Pandya et al., 2017). Today, conventional stool culturing for the quantification 

of bacteria is less favourable since these methodologies require much time and effort 

(Magalhães et al., 2019; Nadkarni et al., 2002; Willinger, 2017). Many bacterial species are 

difficult to grow in the laboratory and certain species develop a viable but non-cultivable 

state, which is why culturing is not always an option (Magalhães et al., 2019; Vaz-Moreira et 

al., 2011). Due to these limitations, culture-based technologies may not readily provide an 

overview of the gut microbial composition (Galazzo et al., 2020). Alternatively, quantitative 

polymerase chain reaction (qPCR) is a widely applied technology for direct detection and 

quantification of bacteria in many disciplines (Kralik and Ricchi, 2017; Mackay, 2004). qPCR-

based quantification includes a fast, reliable, and cost-effective means to verify next 

generation sequencing results. The majority of research uses sequencing methods; thus, the 

exact bacterial load copy number cannot be accurately determined. The use of qPCR is the 

optimum methodology for quantifying bacterial load and to determine values of absolute 

abundance (Galazzo et al., 2020; Kleyer, Tecon and Or, 2017). Species-specific qPCR offers 

estimation of relative abundance of bacterial species in the context of complex microbial 

communities (Brukner et al., 2015). 

 

Understanding the development of preterm infants is important since intensive care 

treatment is often required, with an increased risk of serious infections such as NEC and LOS 

(Lee et al., 2021). Equally, the various potential factors influencing the intestinal bacterial 

colonisation of preterm infants need to be studied. Therefore, given that the association 

between gut microbiota and aspects of health is still not well-understood (Lloyd-Price et al., 

2016; Bäckhed et al., 2012), clinical factors including Z score, gestational age and mode of 

delivery will be investigated longitudinally throughout this chapter. Most recently, the 

involvement of the gut microbiota on weight gain was investigating using qPCR (Arboleya et 

al., 2017). Enterococcal and Bifidobacterium levels were shown to have a significant effect 

on preterm infants during the first 3 months of life (Arboleya et al., 2017). For this reason, a 

detailed assessment of the changes in weight gain linked to microbial community 

composition is required to understand appropriate microbial patterns predictive of health 

(Robles Alonso and Guarner, 2013). Also, gestational age is a factor influencing bacterial 
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numbers and species, whereas mode of delivery has previously been described as having an 

impact on the prevalence and quantity of Bifidobacteria in studied infants (Grześkowiak et 

al., 2015; Dieterich et al., 2018).  

 

Enterococcus and Bifidobacterium are highly represented in the early gut microbiota 

(Dieterich et al., 2018), potentially influencing long-term factors that affect health 

(Greenhalgh et al., 2016). Enterococcus is believed to initially colonise the preterm infant 

gut, reaching 108–1010 cells/g stool a few days after birth (Ciliborg et al., 2012), while 

Bifidobacterium has been reported as necessary for healthy development and protection of 

the preterm gut (Grier et al., 2017; Angelakis et al., 2012). Therefore, the aim of this chapter 

was to investigate Enterococcus and Bifidobacterium levels related to Z score (positive and 

negative) over the first 30 days (+/- 2 days), since evidencing associations between 

microbiota composition and weight gain have been detected (Arboleya et al., 2017; Younge 

et al., 2019). Moreover, to determine if Z score correlates with stool Enterococcus and 

Bifidobacterium load over time. Although this interaction is only beginning to be explored in 

preterm infants, it may offer an indicator of maturation, such as a regular or definitive 

progression of bacterial load (Arboleya et al., 2017). Finally, we aimed to investigate the 

relationship between stool bacterial load of Enterococcus and Bifidobacterium related to 

gestational age, delivery mode and day of life, since studies suggest these variables can 

influence gut microbial development.  

4.2 Method 
This study was carried out after obtaining an ethical approval from the NHS via the Research 

Ethics Committee (County Durham and Tees Valley Research Ethics Committee) and 

informed parental consent on behalf of the babies. All the stool samples were collected from 

preterm infants hospitalised in the Neonatal Intensive Care Unit (NICU) at the Royal Victoria 

Infirmary (RVI) Newcastle. Identical samples to those used in Chapter 3 and 5 for sequencing 

experiments were utilised for this qPCR protocol. 
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The absolute levels of the different bacterial populations analysed, including the main 

representatives of the predominant genera in the preterm infant gut (Enterococcus and 

Bifidobacterium), were determined by qPCR using primers and conditions previously 

described in Chapter 2.7.6. The SYBR Green methodology was modified as described 

previously (Quagliariello et al., 2016; Ryu et al., 2013, Chapter 2.7.6), and amplified to target 

the 16S rRNA gene using a CFX real-time thermal cycler (Bio-Rad). The standard curve 

(straight-line equation; Figure 4.3 and 4.4) was used to convert Cq values to copy number/µl. 

If samples were diluted, then the copy number was multiplied by the correct dilution factor. 

Copy number/µl was calculated using the equation: 

 

 
The MIQE guidelines define the minimum information necessary for evaluating qPCR 

experiments and were followed throughout qPCR experiments (Bustin et al, 2009; Bustin et 

al., 2010). Amplification efficiency was monitored based on the slope of the regression line, 

calculated by ‘Efficiency= 10 –(1/slope)-1’ (Svec et al, 2015). If theoretical doubling is met 

then an optimum efficiency score of 100% and R2 value of 1.000 would be expected (Ruijter 

et al, 2012). However, efficiency of 90-110% or R2 >0.980 are accepted (Larionov, Krause and 

Miller, 2005). Efficiency <90% represents low reaction efficiency, with scores >110% 

suggesting sample inhibition (Thermo Fisher Scientific Inc, 2014). Potential PCR inhibitors 

can originate from the purification method or from the plastics used during sample 

preparation. Examples of inhibitors originating from DNA preparation are phenol (Katcher 

and Schwartz, 1994), proteases, detergents (SDS), and salts (Thermo Fisher Scientific Inc, 

2014). If the R2 value of standard curves decreased below the threshold (<0.980), the qPCR 

experiment was rejected and repeated to avoid misinterpretation of results. 

 

Standards and samples were assayed in triplicate (technical replicates), with Cq values 

calculated as the average of the three results. If standard deviation of the replicates was 

>4,000 then analysis was repeated, as this indicates inaccuracy and unreliable results. 

However, if the removal of an anomalous replicate decreased the standard deviation to an 

acceptable level (<4,000) then two replicates were used to calculate the average copy 

number. Duplicates were used for 12 out of 149 samples, in which the outlier was rejected. 

Some samples were diluted 1:10 and 1:20 to sit within the standard curve. The limit of 
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detection (LOD) for this assay was <100 copies/µl due to sensitivity range of the primers (Liu 

et al., 2012), confirmed by standard curve limits. Samples falling below the threshold were 

stated as out of range (OOR) and not analysed to ensure accuracy of results.  

 

No template controls (NTCs) were processed alongside standards and samples to monitor 

contamination. NTCs contain all reaction components apart from the sample to act as a 

background negative control and aid in detecting contamination (Bustin et al., 2009). The 

expected Cq from NTCs is zero, due to the absence of target DNA for the primer sequence to 

bind and amplify (Thermo Fisher Scientific Inc, 2014). Contamination was suspected if 

amplification was observed greater than the threshold and/or within ten cycles of the most 

dilute standard. If detected, the experiment was rejected and repeated with fresh reagents. 

To further reduce the possibility of contamination, assays were prepared in a designated 

restricted access qPCR area. Designated pipettes, reagents and sterile consumables, 

including filter tips and sterile Eppendorf tubes were also used throughout preparation and 

experiments. Post-run analysis using a melt curve was performed at the end of each qPCR 

cycle.  

 

The data of Enterococcus and Bifidobacterium loads, DNA copies, were converted to log10 

scale. One sample was chosen at each time point between 0-10 days, 10-20 days and 20-30 

days. Normality of qPCR data distribution was analysed by Shapiro–Wilk test. Pearson’s 

correlation coefficient for normal distribution of qPCR data, Spearman’s rank correlation 

coefficient for non-linear rank-based correlation coefficients, unpaired Wilcoxon test and 

Kruskal-Wallis were used to compare experimental data. 
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4.3 Results 

4.3.1  PCR optimisation  
PCR optimisation was performed to ensure assay conditions would achieve maximum 

amplification efficiency. Positive controls were used as the PCR template. Negative controls 

did not display amplification of the target sequence throughout optimisation. 

 

4.3.1.1 Temperature gradient 
A temperature gradient PCR was performed to optimise the primer annealing temperature 

(55-65 °C). The optimum amplification was detected at 63°C for Enterococcus and 60°C for 

Bifidobacterium. Amplification did not occur above 64 °C. 

 

4.3.2  qPCR optimisation 

4.3.2.1 qPCR assay specificity verification: melt curve and gel analysis 
The specificity of primers for Enterococcus and Bifidobacterium were determined by 

examining the dissociation curves after qPCR of serially diluted genomic DNA samples. A 

single peak for each primer set was observed after 40 cycles (Figure 4.1 and 4.2). All primer 

pairs produced unique products without primer dimers or other nonspecific amplification 

products. Visualisation of the amplification products in the agarose gel further confirmed 

that all products were of the expected length. Dissociation curves (melt peak) were observed 

at 84.5oC for Enterococcus and 82.0oC for Bifidobacterium (Figure 4.1 and 4.2). Temperature 

was raised from 60oC to 90oC during the analysis.   
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Figure 4.1 Melt curve analysis of Enterococcus from a SYBR® Green assay. An example of dissociation curve of Enterococcus used for qPCR. 

Change in fluorescence with increasing temperature is measured. The signal drop is the presumed melting temperature of the product created.   
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Figure 4.2 Melt curve analysis of Bifidobacterium from a SYBR® Green assay. An example of dissociation curve of Bifidobacterium used for 

qPCR. Change in fluorescence with increasing temperature is measured. The signal drop is the presumed melting temperature of the product 

created.   
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Table 4.1 Summary of bacterial groups, pure cultures, primers, and annealing temperatures used for SYBR green qPCR.

Target organism 
Strains used for 

standard curves 
Primer Sequence (5’-3’) Ta (°C) Size (bp) Reference 

Bifidobacterium 
Bifidobacterium bifidum 

DSM  20082 

Forward 

primer 
GCGTGCTTAACACATGCAAGTC 

60 246 
Penders et al., 

(2005) 
Reverse 

primer 
CACCCGTTTCCAGGAGCTATT 

Enterococcus 
Enterococcus faecalis 

DSM 14588 

Forward 

primer 
TGCATTAGCTAGTTGGTG 

63 356 
Ryu et al., 

(2012) 
Reverse 

primer 
TTAAGAAACCGCCTGCGC 
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4.3.3 Absolute qPCR 

4.3.3.1 Standard curve results  
Standard curves were used as a reference to determine 16S rRNA gene copy number (101-

107). Standards were assayed in triplicate with Cq and Sq calculated as the mean of the three 

values. Example standard curve qPCR results are presented, including amplification plot and 

standard curve example (Figure 4.3 and 4.4), in addition to standard curve copy number 

results (Figure 4.2).  

 

The accuracy of sample results from a qPCR assay is dependent on the accuracy of the 

standard curve (Thermo Fisher Scientific Inc, 2014). All standards included in analysis 

presented an acceptable R2 value, with an average of 0.984 (0.975-0.996). The slope of the 

standard curves ranged across experiments from -3.231 to -3.931, with an average of -3.474. 

The optimum slope would be -3.333 to display perfect doubling, with a range from -3.100 to 

-3.600 accepted (Thermo Fisher Scientific Inc, 2014).  

 

The average amplification efficiency across experiments was 96.36%, with this ranging from 

83.04-103.48%. Although two experiments presented below the optimum efficiency, the 

average was still within the optimum range. Low efficiency is not a criterion to reject an 

assay but can indicate less than optimum conditions (Thermo Fisher Scientific Inc, 2014).  

 

The LOD of each assay was assessed by monitoring standard curves. Standard 07 was the 

lowest concentration standard for the assay, with an average Cq of 31.26 for Enterococcus 

and 32.98 for Bifidobacterium. The LOD was confirmed, as standard 08 presented with 

greater standard deviation and less consistency across experiments, compared to standard 

07. If samples fell below the LOD threshold, they were stated as OOR for this specific assay. 
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Figure 4.3 (A) qPCR standards amplification plot. An example of the qPCR amplification plot of standard curves created on CFX-96 Manager 

V3.1. Displayed as cycle number (Cycles) compared to relative florescence units (RFU). The threshold fluorescent is indicated by red line along 

the bottom. (B) qPCR standard curve example. An example qPCR standard curve used for reference, comparing log10 starting quantity (Sq) with 

mean quantification cycle (Cq). R2 and slope displayed. Results correlate to Table 4.2. 
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Content Cq Cq mean Cq std.dev Sq Sq(log10) 

Standard 01 

8.44 

8.45 
 

0.14 2.74 x 107 7.535 8.60 

8.41 

Standard 02 

12.90 

12.56 0.44 2.74 x 106 6.535 12.73 

12.06 

Standard 03 

16.85 

16.71 0.26 2.74 x 105 5.535 16.88 
16.42 

Standard 04 

20.64 

20.30 0.49 2.74 x 104 4.535 19.74 

20.52 

Standard 05 

24.45 

24.49 0.21 2.74 x 103 3.535 24.73 

24.31 

Standard 06 

28.00 

28.04 0.09 2.74 x 102 2.535 28.15 

27.99 

Standard 07 

31.02 

31.26 0.31 2.74 x 101 1.535 31.61 
31.15 

Table 4.2 qPCR standard curve copy number results. An example of calculated copy 

numbers from Enterococcus standard curve (Standard 01-07) amplified by V4 16S rRNA gene 

primers, presented as quantification cycle (Cq), starting quantity (Sq) and Sq log10.   
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Figure 4.4 (A) qPCR standards amplification plot. An example of the qPCR amplification plot of standard curves created on CFX-96 Manager 

V3.1. Displayed as cycle number (Cycles) compared to relative florescence units (RFU). The threshold fluorescent is indicated by red line along 

the bottom. (B) qPCR standard curve example. An example qPCR standard curve used for reference, comparing log10 starting quantity (Sq) with 

mean quantification cycle (Cq). R2 and slope displayed. Results correlate to Table 4.3.  
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Table 4.3 qPCR standard curve copy number results. An example of calculated copy 

numbers from Bifidobacterium standard curve (Standard 01-07) amplified by V4 16S rRNA 

gene primers, presented as quantification cycle (Cq), starting quantity (Sq) and Sq log10.  

 
 
 
 

Content Cq Cq mean Cq std.dev Sq Sq (log10) 

Standard 01 

13.82 

13.69 0.21 2.62 x 107 7.717 13.46 

13.81 

Standard 02 

17.30 

17.27 0.20 2.62 x 106 6.717 17.46 

17.06 

Standard 03 

20.89 

21.05 0.41 2.62 x 105 5.717 21.52 
20.74 

Standard 04 

24.29 

24.29 0.23 2.62 x 104 4.717 24.07 

24.53 

Standard 05 

27.58 

27.57 0.42 2.62 x 103 3.717 27.99 

27.15 

Standard 06 
30.68 

30.34 0.32 2.62 x 102 2.717 30.29 

30.05 

Standard 07 

32.91 

32.98 0.07 2.62 x 101 1.717 33.04 
32.98 
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4.3.4 Enterococcal load between positive and negative Z scores  
Mean Enterococcal load is greater for negative Z scores at DOL 0-10 (4.183 log10) compared 

to positive scores (3.059 log10). At DOL 10-20, mean Enterococcal load is slightly greater in 

negative Z scores (6.374 log10) over positive Z scores (6.263 log10) but positive Z scores are 

much higher by DOL 20-30. Error bars represent the standard error of the mean.  

Univariate analysis highlighted mean bacterial load of Enterococcus was not significantly 

different between Z scores at DOL 0-10 p = 0.603, DOL 10-20 p = 1.000 and DOL 20-30 p = 

0.106.   

Figure 4.5 qPCR analysis of mean Enterococcal load and Z score from preterm stool 

samples. Copy number per µl was calculated as mean bacterial load (Log10) for visual analysis 

plots created in ggplot2 (R Core Teams, 2020). Significance of mean bacterial load was 

analysed over positive and negative Z score via Wilcoxon test to a threshold of p=≤0.05.  
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4.3.4.1 Correlation between Enterococcal load and Z score 
The black dots represent the lowest to greatest change in Z score related to Enterococcal 

load. Enterococcal levels were not correlated to Z score (R2 = 0.181, p = 0.243). 

 
Figure 4.6 qPCR analysis of mean Enterococcal load and Z scores. Significance of 

Enterococcal load and weight-for-age Z score was analysed via Pearson’s coefficient 

correlation. Scatter plots were created in ggplot2 and ggpubr (R core, 2020).  
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4.3.5 Bifidobacterium load between positive and negative Z scores 
At DOL 0-10, mean Bifidobacterium load is greatest in preterm infants with a positive Z score 

(4.337 log10, p = 0.685), however this becomes comparable by DOL 10-20 (4.194 log10 and 

3.866 log10, p = 0.954). At DOL 20-30 preterm infants with a positive Z score is greatest at 

3.977 log10, compared to 3.250 log10 for negative scores, however mean Bifidobacterium 

load was not significant (p = 0.932).  

Figure 4.7 qPCR analysis of mean Bifidobacterium load and Z score from preterm stool 

samples. Copy number per µl was calculated as mean bacterial load (Log10) for visual analysis 

plots created in ggplot2 (R Core Teams, 2020). Significance of mean bacterial load was 

analysed over positive and negative Z score via Wilcoxon test to a threshold of p=≤0.05.  
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4.3.5.1 Correlation between Bifidobacterium load and Z score 
The black dots represent the lowest to greatest change in Z score related to Bifidobacterium 

levels. Bifidobacterium load was not correlated to Z score (R2 = 0.121, p = 0.430).  

 
Figure 4.8 Correlation Bifidobacterium load and Z scores. Significance of mean bacterial 

load and weight-for-age Z score was analysed via spearman correlation. Scatter plots were 

created in ggplot2 (R Core Teams, 2020).  
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4.3.6  Mean Enterococcal load and gestational age  
At DOL 0-10, mean Enterococcal load is greatest for preterms born at week 24 (7.823 log10) 

and is lowest for preterm infants born at GA week 25 (5.024 log10). At DOL 10-20, mean 

Enterococcal load is greatest for preterms born at GA 24 (7.279 log10) followed by GA 25 at 

7.103 log10. At DOL 20-30, mean Enterococcal load was increased for preterms born at GA 

29, 30, 31 and 32, however, mean Enterococcal load decreased for preterms born at weeks 

24 and 27.  

 

For Pearson’s correlation coefficient, mean bacterial loads of Enterococcus for GA 25 and 29 

weeks were strongly, positively correlated over time (0.84 and 0.96, respectively). Also, 

mean Enterococcal load for GA 24 weeks was strongly, negatively correlated at -0.99, which 

was significantly decreased over time (p = 0.01; Table 4.4).  

 

Gestation Correlation P value (<0.05) 

Week 24 -0.99 0.01 

Week 25 0.84 0.36 

Week 26 0.49 0.67 

Week 27 0.03 0.97 

Week 29  0.96 0.17 

Week 30* 0.71 0.49 

Week 31* 0.10 0.93 

Week 32* 0.54 0.64 

Table 4.4 Bacterial load of Enterococcus at gestational ages correlated over time. 

Correlation was performed via Pearson’s correlation coefficient (p=≤0.05, bold and italics) 

between absolute qPCR bacterial loads from preterm infant stool samples. Asterix highlights 

an average of results taken for that gestational age. 
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The scatter plot with Loess lines fitted over the data points displayed ‘U’ shaped patterns in 

Enterococcal load for preterm infants born at gestational ages 26, 27, 30, 31 and 32 weeks 

over a 30 day period (Figure 4.9). Enterococcal load shows different patterns at gestation 

week 24, 25 and 29 with week 24 decreasing over time, and weeks 25 and 29 increasing over 

time.  
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Figure 4.9 qPCR analysis of Enterococcal loads and gestational age over time. Extracted 

DNA was amplified using V4 16S rRNA gene primers and displayed as mean bacterial load. 

Copy number per µl was calculated as mean Enterococcal load (Log10) for visual analysis plots 

created in ggplot2 and ggpubr using Loess smoothing method (R Core Teams, 2020). 
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4.3.7 Mean Bifidobacterium load and gestational age 
Mean Bifidobacterium load is greatest for preterm infants born at GA 24 at DOL 0-10 and 

10-20 (7.814 log10 and 7.199 log10, respectively) but decreases at DOL 20-30 (5.287 log10). At 

DOL 20-30, mean Bifidobacterium load is greatest for preterm infants born at GA 31 (7.096 

log10), closely followed by GA 26 and 27.  

 

Pearson’s correlation coefficient analysis highlighted a strong positive correlation between 

mean Bifidobacterium load and DOL at GA 26, 27, 29 and 32 (0.88, 0.87, 0.93 and 0.87 

respectively). There is a strong negative correlation at GA 24, 25 and 30 at -0.95, -0.82 and -

0.87 respectively (Table 4.5).  

 

Gestation Correlation P value (<0.05) 

Week 24 -0.95 0.19 

Week 25 -0.82 0.38 

Week 26 0.88 0.31 

Week 27 0.87 0.32 

Week 29  0.93 0.25 

Week 30* -0.98 0.13 

Week 31* 0.62 0.57 

Week 32* 0.87 0.33 

Table 4.5 Bacterial load of Bifidobacterium at gestational ages correlated over time. 

Correlation was performed via Pearson’s correlation coefficient (p=≤0.05) between absolute 

qPCR bacterial loads from preterm infant stool samples. Asterix highlights an average of 

results taken for that gestational age.  
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The scatter plot with Loess lines fitted over the data points displayed an increase in 

Bifidobacterium load for preterm infants born at gestation 26, 27, 29, 31 and 32 weeks over 

time (Figure 4.10). Bifidobacterium load decreased at 24-, 25- and 30-weeks’ gestation over 

time.  
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Figure 4.10 qPCR analysis of Bifidobacterium loads and gestational age over time. 

Extracted DNA was amplified using V4 16S rRNA gene primers and displayed as mean 

bacterial load. Copy number per µl was calculated as mean Bifidobacterium load (Log10) for 

visual analysis plots created in ggplot2 and ggpubr (R Core Teams, 2020). 
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4.3.8 Mean Enterococcal load and delivery mode  
Stool samples had comparable mean Enterococcal loads in vaginally delivered preterm 

infants (3.841 log10) and caesarean delivered preterm infants at DOL 0-10 (3.676 log10). 

Enterococcal levels were greater in vaginally delivered preterm infants at DOL 10-20 and 

greater in caesarean section born preterm infants by DOL 20-30. Error bars represent the 

standard error of the mean.  

Univariate analysis did not highlight differences between Enterococcal load and mode of 

delivery on DOL 0-10 p = 0.953, DOL 10-20 p = 0.746 and DOL 20-30 p = 0.605.  

 

Figure 4.11 qPCR analysis of Enterococcal loads and delivery mode over time. Extracted 

DNA was amplified using V4 16S rRNA gene primers and displayed as mean Enterococcal 

load. Copy number per µl was calculated as mean Enterococcal load (Log10) for visual analysis 

plots created in ggplot2 (R Core Teams, 2020).  

 

 

 



118 
 

4.3.8.1 Correlation between Enterococcal load and delivery mode 
Enterococcal load were not correlated to DOL in caesarean delivered preterm infants (R2 = 

0.131, p = 0.581), or vaginally delivered infants (R2 = -0.195, p = 0.372).  

 

 

Figure 4.12 Correlation Enterococcal load and delivery mode. Significance of mean 

Bifidobacterium load was analysed at different delivery modes via Pearson’s coefficient 

correlation test. Scatter plots were created in ggpubr (R Core Teams, 2020).  
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4.3.9 Mean Bifidobacterium load and delivery mode 
Stool samples had greater mean Bifidobacterium loads in caesarean section (4.957 log10) 

preterm infants compared to vaginally delivered preterm infants at DOL 0-10 (2.937 log10), 

however mean Bifidobacterium loads are comparable by DOL 20-30 (caesarean at 3.771 

log10, vaginal at 3.725 log10).  

Univariate analysis did not highlight differences between Bifidobacterium load and mode of 

delivery on DOL 0-10 p = 0.148, DOL 10-20 p = 0.643 and DOL 20-30 p = 0.862.  

Figure 4.13 qPCR analysis of Bifidobacterium loads and delivery mode over time. Extracted 

DNA was amplified using V4 16S rRNA gene primers and displayed as mean Bifidobacterium 

load. Copy number per µl was calculated as mean bacterial load (Log10) for visual analysis 

plots created in ggplot2 (R Core Teams, 2020).  
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4.3.9.1 Correlation between Bifidobacterium load and delivery mode 
Bifidobacterium levels were not correlated to DOL in caesarean delivered preterm infants 

(R2 = -0.232, p = 0.311) or vaginally delivered preterm infants (R2 = 0.196, p = 0.369).  

 
Figure 4.14 Correlation Bifidobacterium load and delivery mode. Significance of mean 

Bifidobacterium load was analysed at different delivery modes via Pearson’s coefficient 

correlation test. Scatter plots were created in ggpubr (R Core Teams, 2020).  
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4.3.12  Correlation between Enterococcal load and DOL 
Univariate analysis did not highlight significant differences between Enterococcal load and 

DOL (Figure 4.15 A, p = 0.481).  

Enterococcus levels displayed no correlation in relation to DOL at 0.17 (Figure 4.15 B, p= 

0.268, R2 = 0.17). 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.15 qPCR data from preterm infant stool samples displayed as mean Enterococcal 

load. (A) Bar graph showing mean Enterococcal load, samples were grouped by DOL. (B) 

Scatter plot showing correlation test between mean Enterococcal load and DOL. Significance 

of mean Enterococcal load over different time points was analysed via Spearman’s 

correlation test to a threshold of p=≤0.05. Copy number per µl was calculated as mean 

bacterial load (Log10) for visual analysis plots created in ggplot2 (R Core Teams, 2020). 
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4.3.13  Correlation between Bifidobacterium load and DOL 
Univariate analysis did not highlight significant differences between Bifidobacterium load 

and DOL (Figure 4.16 A, p = 0.982).  

Bifidobacterium levels did not correlate to DOL at 0.03 (Figure 4.16, B, p = 0.821, R2 = 0.035). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.16 qPCR data from preterm infant stool samples displayed as mean 

Bifidobacterium load. (A) Bar graph showing mean Bifidobacterium load, samples were 

grouped by DOL. (B) Scatter plot showing correlation test between mean Bifidobacterium 

load and DOL. Significance of mean Bifidobacterium load over different time points was 

analysed via PCC to a threshold of p=≤0.05. Copy number per µl was calculated as mean 

bacterial load (Log10) for visual analysis plots created in ggplot2 (R Core Teams, 2020).
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4.4  Discussion 
To date, minimal research has been performed to determine if increased bacterial load of 

stool is associated with aspects of health, nor how the bacterial load changes temporally. 

Many studies are now addressing the association of the gut microbiome with postnatal 

growth; hence, it would be valuable to discover a biomarker that might be useful to inform 

weight progression and management in preterm infants (Thahir et al., 2020; Taft et al., 

2020). 

 

qPCR provides a highly sensitive and specific means of quantifying a nucleic acid sequence 

and does not require post-PCR steps (Kralik and Ricchi, 2017). The qPCR approach is an 

established method for measuring viral load which can be used to manage and guide therapy 

in viral infections such as human immunodeficiency virus (Simon et al., 2014; Lisboa et al., 

2010). The potential benefits of qPCR are also used in the diagnosis of disease severity such 

as pneumococcal sepsis (Darton et al., 2009). Despite the use of qPCR being supported by 

literature (Simon et al., 2014; Abdulkadir et al., 2016), studies that use bacterial load to guide 

therapeutic management are rare (Simon et al., 2014). Quantitative bacterial load 

measurement is not a new concept in clinical practice and could be used more frequently as 

it can provide valuable prognostic information and is twice as sensitive as blood cultures for 

the detection of invasive diseases such as pneumococcal pneumonia (Lisboa et al., 2010). 

Therefore, this study aims to link bacterial load of Enterococcus and Bifidobacterium to Z 

score to investigate if qPCR measurements of either could be an indicator of health. 

 

Bifidobacterium was detected by qPCR in 100% of stool samples, whereas Enterococcus was 

detected in 73.6%, with 27.4% not having a detectable bacterial load above the LOD for the 

assay. The qPCR assay is thought to give higher yield for amplification of the 16S rRNA for 

detection of bacterial DNA compared to sequencing, as previously described by Dridi et al., 

(2009).  
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4.4.1 There is no difference in bacterial load of Enterococcal and 
Bifidobacterium between stool samples irrespective of Z score 
Enterococcal levels were greater in negative Z scores over the first 20 days of life, however, 

load levels appear to increase in positive scores and decrease in negative scores by DOL 20-

30. Although a difference was observed there was no significant differences between Z 

scores and Enterococcal loads. Bacterial loads of Bifidobacterium were greater in positive 

scores over the course of 30 days, but no significant differences were identified. The findings 

suggests that Enterococcus and Bifidobacterium contribution in stool has minimal effect on 

weight gain in healthy preterm infants. On the contrary, previous studies have indicated an 

association between the gut microbiota and weight gain (Arboleya et al., 2017). Grier et al., 

(2017) carried out a study focussed on the impact of nutrition on longitudinal development 

of the gut microbiota (divided into phase 1, 2 and 3) and preterm infant growth. Phase-

specific changes in the microbiota and preterm infant growth were significantly associated 

with the ratio of proteins, carbohydrates, and lipids and total caloric intake (Grier et al., 

2017). Possibly, subsequent analyses could focus on the nutritional aspect of a healthy 

preterm infant, as the influence of nutritional intake was not factored into this study. 

Differences in our findings between other studies may depend on the timing of sampling, 

detection by differing techniques or may reflect a true representation of the individual 

differences of the gut microbiota (Brooks et al., 2018).  

 

Bifidobacterium and Enterococcus are some of the earliest colonisers in the gut of preterm 

infants, with Bifidobacterium found to be particularly greater in abundance in breast-fed 

full-term infants (Jiao et al., 2019; Arboleya et al., 2012; Hornef, 2018). Several studies have 

investigated Bifidobacterium and the pivotal roles in maintaining human health (Cilliborg et 

al., 2012). Specifically, Bifidobacteria provide modulation of the immune system, breakdown 

non-digestible dietary carbohydrates and potential protection of the host against pathogens 

by competitive exclusion (O'Callaghan and van Sinderen, 2017). While Enterococcus has 

been linked to healthy gut development (Are et al. 2008; Stewart et al., 2014), participating 

in the modulation of the immune system (Hornef, 2018). Although bacterial loads of 

Bifidobacterium and Enterococcus did not provide a clear link with Z score, postnatal growth 

still remains a major global health problem, and therefore, an important research priority 

(Younge et al., 2019). Further work should incorporate samples from an unhealthy cohort to 
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investigate and compare the role of community microbial dynamics between preterm 

infants.  

4.4.2  Bacterial load correlates with gestational age over time 
Bacterial loads of Enterococcus were positively correlated to DOL for preterm infants born 

at a 25- and 29-week gestation, and negatively correlated with preterm infants born at a 24-

week gestation. There was a significant association between Enterococcal load and gestation 

at week 24 over a 30-day period (p = 0.01). Bacterial loads of Bifidobacterium were positive 

correlated to DOL at GAs 26, 27, 29 and 32 weeks. Also, a strong negative correlation was 

observed at gestation 24, 25 and 30 weeks between bacterial loads of Bifidobacterium and 

DOL. Perhaps the increase in bacterial loads could be due to that fact preterm infants are 

given increased interaction with parents/carers, and therefore, being introduced to many 

environmental factors, however, we would expect to see this for all gestational ages 

(Chernikova et al., 2018). On contrary, a negative correlation between bacterial loads and 

DOL would not be consistent with the explanation above. Preterm infants born at an early 

gestation (weeks 24 and 25) that were negatively correlated with Enterococcal and 

Bifidobacterium load may imply greater gestational immaturity related to a less diverse gut 

microbiota. Though, there are no consistent patterns between early GA and lower bacterial 

load or later GA and higher bacterial loads of Enterococcal and Bifidobacterium. The 

differential development of the gut microbiota as a result of gestational age should be 

considered in future studies exploring the gut microbiota. It is noteworthy that the observed 

correlations could be a result of noise related to sampling or laboratory variability rather 

than true longitudinal shifts in abundance. 

 

Interestingly, patterns emerged for Enterococcal load for preterm infants born at gestation 

26, 27, 30, 31 and 32, showing a decrease in bacterial load around DOL 10-20, increasing by 

DOL 20-30. Preterm infants born at GAs 26, 27, 29 and 32 weeks all displayed a similar 

pattern in Bifidobacterium load showing an increase over time.  
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4.4.3 Lack of correlation and no significant differences between 
Enterococcal/Bifidobacterium load and delivery mode over time  
Mode of delivery is suggested as being a factor for altered and delayed intestinal bacterial 

composition in CS-delivered preterm infants (Fanaro et al. 2003). At DOL 0-10 Enterococcal 

load is comparable for caesarean section (CS) and vaginally delivered (VD) preterm infants. 

By DOL 20-30 Enterococcal levels are greater in CS born preterm infants, which corresponds 

to previous studies (Reyman et al., 2019). Specifically, full term infants born by CS showed 

higher abundance of Enterococcus than VD full-term infants (Reyman et al., 2019). 

Univariate analysis did not highlight any significant differences between delivery mode and 

Enterococcal load over the three time points, and in addition Enterococcal levels were not 

correlated with either CS or VD over a 30-day period. Often a greater abundance of 

Enterococcus may be caused by antibiotic treatment, which in previous study’s has 

demonstrated an increase in number of Enterococci in an infant’s stool (Hufnagel et al., 

2007). This is due to the bacterium being intrinsically resistant to clinically achievable 

concentrations of aminoglycosides (Hufnagel et al., 2007).  

 

At DOL 0-10 Bifidobacterium levels are greater in CS born preterm infants as opposed to VD 

preterm infants. Bifidobacterium load decreased over a 30-day period in preterms born via 

CS but increased in VD preterm infants. The findings contradict previous studies that found 

Bifidobacterium to be more abundant in VD full-term infants but correspond to studies 

suggesting a delayed colonisation by up to 30 days in CS delivered full-term infants 

(Rutayisire et al., 2016; Reyman et al., 2019; Anu et al., 2008; Palmer et al., 2007; Penders 

et al., 2006). A higher colonisation rate of Bifidobacterium in preterm infants born via CS 

may be due to probiotic use (Zhang et al., 2015), since most preterm infants (14/19) in this 

study were administered Infloran® (Laboratorio Farmaceutico SIT, Italy) containing 

Bifidobacterium bifidum ATCC15696 and Lactobacillus acidophilus NCIMB70174, soon after 

initial introduction of feeds. Univariate analysis did not highlight any significant differences 

between delivery mode and Bifidobacterium load over the three time points, and in addition 

Bifidobacterium levels were not correlated with either CS or VD. Findings here suggest that 

mode of delivery does not impact Enterococcal and Bifidobacterium load.  
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4.4.4  Lack of correlation between bacterial load and DOL 
After analysing stools samples by qPCR, results for both Enterococcus and Bifidobacterium 

showed no substantial differences in bacterial load over time, indicating that stool samples 

are not highly variable in microbial content. A greater mean bacterial load was detected at 

DOL 20-30 for Enterococcus, but a PCC test determined there was no correlation over time 

(p= 0.268). Mean bacterial loads were approximately 6.535 log10 (∼2.26 × 107) for 

Enterococcus and 5.304 log10 (∼1.27 × 106) for Bifidobacterium between the three time 

points. Data from other researchers had indicated bacterial load per gram of stool in 

preterm infants was 1.4 × 109, based on a similar SYBR green methodology (Abdulkadir et 

al., 2016). This is more than an order of magnitude higher than the 107 16S rRNA copies/ul 

of stool in our preterm infants. The results confirm that Enterococcal and Bifidobacterium 

bacterial load are not linked to DOL, contradicting sequencing data in Chapter 3. 

4.4.5 Further considerations 
Analysis included a healthy preterm infant subset only (n=19). The approach described in 

this study could be adjusted to quantify samples from diseased preterm infants, thereby 

contributing to the understanding of disease, in addition to aspects of health. Sampling 

comparison cohorts from the preterm population provides a more flexible study design and 

allows for assessment of characteristics in both comparison cohorts. Matched paired 

analysis may strengthen findings in this chapter as identical patient samples could present 

comparable or different microbiotas. Longitudinal studies are useful for examining the 

natural course of disease over time. Variables can be evaluated over an extended period of 

time which would be beneficial when describing the prevalence of disease, or more positive 

outcomes linked to health.  

 

An ideal assay examining total bacterial load rather than species-specific load would be 

beneficial for future studies. Total bacterial levels may help elucidate the dramatic shifts in 

the gut microbiota over narrow time intervals. Although total bacterial load restricts the 

ability to reflect absolute concentrations of individual bacterial species, species-specific load 

may reflect investigator bias (Tettamanti Boshier et al., 2020). Without knowledge of total 

bacterial load, it is impossible to infer whether shifts in the community may be the result of 
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either an absolute increase in the number of Enterococcal/Bifidobacterium or a decrease in 

the number of bacteria other than Enterococcal/Bifidobacterium.  

4.5 Conclusion 
Overall findings suggest no impact of Enterococcal or Bifidobacterium levels on Z score, as 

bacterial loads were comparable for both positive and negative scores over 30 days. Delivery 

mode does not affect Enterococcal or Bifidobacterium levels. Further work needs to be 

carried out to determine if gestation has an independent effect on stool Enterococcal or 

Bifidobacterium load. 
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5.0  Chapter 5: Exploring the archaeome of preterm infants: 
Detection of archaeal signatures in the gut 
 
Abstract 

Aim: The aim of chapter 5 was to determine whether archaea can be found in the gut of 

preterm infants via MiSeq Illumina technology and to compare the archaeal community of 

healthy preterm infants to those with disease (NEC and LOS). Additionally, this chapter aims 

to validate sequencing results using quantitative polymerase chain reaction (qPCR). qPCR 

aims to accurately quantify microbial load and determine if there is a correlation with DOL 

investigating the role of early colonisation.  

 

Method: Stool samples were analysed from 15 preterm infants with confirmed NEC and LOS, 

plus 19 healthy preterm infants, matched by gestational age, all of which were being treated 

in the NICU at the RVI, Newcastle Upon-Tyne. The communities were assessed with 16S 

rRNA gene sequencing (MiSeq, Illumina) and the samples were analysed at defined intervals 

for 30 days (+/- 3 days). qPCR was used to quantify stool microbial load using SYBR green 

with 16S rRNA primers. The samples were considered into categories: 0-10, 10-20 and 20-

30. For the preparation of standard curves, pure cultures of appropriate strains were used, 

and standard curves were diluted from 107 to 101 in triplicate. 

 
Results: The analysis of the healthy archaeal communities revealed inconsistent patterns, 

with the profiles generally dominated by Euryarchaeota (mainly the genus 

Methanobacterium). Alpha diversity did not increase over time. Sequencing results 

confirmed a significant difference between healthy samples and DNA kit negative controls 

at the genus level. Also, qPCR revealed a difference between archaeal load and most 

negative controls. Two OTUs (002 and 004) were significantly increased in samples from 

healthy preterm infants.  

 

Conclusion: Overall, results from the 16S rRNA amplicon gene sequencing suggested that 

archaea, even if low in abundance, are detectable in the preterm infant gut. Findings here 

suggest that a specific archaeal profile is present from stool, with links to increased 

Methanobacterium and unclassified Archaea in healthy preterm infants. Further exploration 
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may increase understanding of the role of the archaeal communities in health and disease. 

In addition, qPCR was a promising tool for detecting archaea in stool samples of preterm 

infants, but further studies should optimise DNA extraction of archaea to improve 

quality/yield.   

5.1 Introduction 

In preterm infants’ the archaeal communities remain relatively unexplored, with very little 

known about colonisation and the overall role in preterm health (Wampach et al., 2017; 

Palmer et al., 2007; Conway de Macario and Macario, 2009). Upon first discovery, almost 50 

years ago, it was presumed archaea were not involved in human physiology or pathogenicity 

(Conway de Macario and Macario, 2009; Eckburg et al., 2003; Gaci et al., 2014). Today, this 

view has changed with extensive studies associating methanogens with obesity, 

malnutrition, inflammatory bowel diseases and periodontal diseases (Sereme et al., 2019; 

Chaudhary et al. 2018; Ghavami et al. 2018). The first methanogenic archaea characterized 

in humans was isolated from human stool culture and identified as Methanobrevibacter 

smithii (M. smithii; Miller et al., 1982; Chaudhary et al., 2018). Methanobrevibacter were 

reported to be the most abundant archaeal species in the human body and were estimated 

to be present in approximately 95% of the human gut (Gaci et al., 2014; Koskinen et al., 

2017; Hoffman et al., 2013). Palmer et al., (2007) were the first to investigate stool samples 

from healthy full-term infants and mothers using qPCR assays. Predominance of M. smithii 

with one additional (uncultured) archaeal phylotype were discovered in meconium samples 

and stool samples (Palmer et al., 2007). Although archaea of the gut are generally 

methanogenic, there is one report of halophilic archaea found in biopsies from inflammatory 

bowel disease patients (Oxley et al. 2010; Delong, 1998). Microscopic observation after 

fluorescence in situ hybridization provided evidence of the presence of viable archaeal cells 

in these cultures (Oxley et al. 2010; Conway de Macario and Macario, 2009; Buriánková et 

al. 2013). 

 

There has been renewed interest towards the contribution of archaea in human health and 

disease. Their role as potential opportunistic infectious pathogens is only emerging now 

(Koskinen et al., 2017; Chaudhary et al., 2017). An overview of the different types of archaea 
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found in the preterm infant gut and the diseased conditions which have been associated 

with archaea present in the human body are presented in Table 5.0.
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Archaea Order Habitat Disease conditions Reference 

Methanobrevibacter 

smithii and 

Methanobrevibacter 

oralis 

Methanobacteriales Human colostrum and 

milk 

None Togo et al., 2019 

Methanobrevibacter 

smithii and 

Methanobrevibacter 

stadtmanae 

Methanobacteriales Gut Irritable bowel disease (IBD) - 

crohn’s disease and ulcerative 

colitis. 

Ghavami et al., 2018; 

Carbonero et al., 2009 

Methanobrevibacter 

smithii 

Methanobacteriales Gut Obesity Samuel and Gordon, 

2006;  

Zhang et al., 2009;  

Armougom et al., 2009 

Methanobrevibacter 

smithii 

Methanobacteriales Colon Colorectal Cancer - Enrichment 

of Natrinema sp. J7-2, 

depletion of methanogenic 

archaea 

Coker et al., 2020 

Methanobrevibacter 

smithii and 

Methanobrevibacter 

luminyensis 

Methanobacteriales Arteries Atherosclerosis  Ramezani et al., 2018; 

Brugère et al., 2014 

Methanobrevibacter 

oralis 

Methanobacteriales Subgingival dental 

plaque; periodontitis-

related lesions and 

peri- implant pockets 

Periodontal disease by 

syntrophic interactions with 

sulfate-reducing bacteria, 

dental calculus 

Ferrari et al., 1994; 

Nguyen-Hieu et al., 

2013; Kulik et al., 2001; 

Huynh et al., 2016 
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Methanosphaera 

stadtmanae  

Methanobacteriales Gut Prevalence of MSS is increased 

in IBD patients and is 

associated with an antigen-

specific IgG response 

Lecours et al., 2014 

 

Candidatus 

Methanomassiliicoccus 

luminyensis  

Methanomassiliicoccales  Gut None Dridi et al., 2012; Iino 

et al., 2013 

Candidatus 

Methanomethylophilus 

alvus  

Methanomassiliicoccales Gut None Borrel et al., 2012  

Candidatus 

Methanomassiliicoccus 

intestinalis  

Methanomassiliicoccales Gut None Borrel et al., 2013 

Methanobrevibacter 

sp. N13 

Methanobacteriales Pulpal tissues Periodontitis lesions Huynh et al., 2015; 

Huynh et al., 2016 

Table 5.1 Methanogenic species and pathological conditions in and on the human body.
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The number of archaeal signatures in the human body has increased due to 16S rRNA gene 

amplicon sequencing allowing the capture of their identity (Pausan et al., 2019; Brablcová 

et al. 2015). Despite this, many human methanogenic archaea are often overlooked in 

conventional 16S rRNA gene amplicon studies due to primer bias, DNA extraction bias and 

depth bias (which cause an assembler to produce shorter contigs or under covered regions 

might lead to a missed single nucleotide polymorphism in an important region; Ross et al., 

2013; Pausan et al., 2019; Koskinen et al., 2017). Primers for the 16S rRNA gene amplicon 

sequencing method utilise a ‘universal’ approach which is thought to be mainly bacteria-

targeting and unsuitable for characterisation of the broad spectrum of archaea (Koskinen et 

al., 2017; Gaci et al., 2014). Extracted DNA is subjected to PCR amplification using a PCR 

primer set that targets a taxonomically informative gene that is common to the prokaryotes 

(bacteria and archaea). The approach is often criticised for inferring the diversity and 

abundance of archaea from ‘side products’ of studies targeting bacteria (Boers, Jansen and 

Hays, 2019; Pausan et al., 2019; Koskinen et al., 2017). However, coverage to both domains 

stand at 96.4% for bacteria and 86.5% for archaea, but many authors contend that there is 

a lack of primer availability for archaea due to the dominance of bacteria within the gut 

(Togo et al., 2019; Pausan et al., 2019; Koskinen et al., 2017). In order to validate the results 

in this study, qPCR will be performed to confidently ascertain the presence of archaea in the 

stool samples.  

 

The aim of chapter 5 was to determine if archaea are present in the gut of preterm infants 

during the first month of life. Since the early microbiota plays an important role in immune 

system development, we sought to determine if archaea are involved in initial colonisation. 

More specifically, to compare the archaeal community in the gut of healthy preterm infants 

to those with NEC and LOS and evaluate any differences in the archaeal community. qPCR 

will be employed to quantify microbial numbers in stool to confirm the true presence of 

archaea in the gut and to understand archaeal development over time. Thus, the 

relationship between microbial load and day of life (DOL) will be investigated.  
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5.2  Method  
This study was carried out after obtaining ethical approval from the NHS via the Research 

Ethics Committee (County Durham and Tees Valley Research Ethics Committee) and 

informed parental consent on behalf of the preterm infants. All the stool samples were 

collected from preterm infants hospitalised in the Neonatal Intensive Care Unit (NICU) at the 

Royal Victoria Infirmary (RVI) Newcastle. The protocols involved in this study ensured good 

sampling based on time intervals from NEC diagnosis (+/- 3 days) as well as +/- 2 weeks 

before and after NEC depending on the availability and suitability of the samples obtained. 

In total, 231 samples were obtained which constituted 66 from confirmed NEC and sepsis 

cases and 163 as their corresponding controls from matched infants. Controls were selected 

and matched with NEC cases by gestational age, birth weight, day of life and delivery mode. 

Where the desired sample was not available, then a sample from a preterm infant which 

had the optimal matching characteristics was selected (Table 5.2). 

 

Microbial DNA was extracted from 0.25 g of stool sample for analysis of the archaeal 

community, using PowerLyzer™ PowerSoil® DNA Isolation Kit. Sequencing was performed 

using MiSeq (Illumina) wet lab SOP, with the universal 16S rRNA gene primer specific to the 

V4 region (Callahan et al., 2016a; Callahan et al., 2016b; Kozich et al., 2013) by Northumbria 

University (Newcastle) as described in Chapter 2.7.1 qPCR was carried out using the same 

method described in Chapter 4.2.  

5.2.1 Sequence processing and bioinformatics analysis of 16S rRNA gene 
amplicons 
All Illumina quality-approved reads from 231 samples were exported as sample specific 

FastQ files and pre-processed in the mothur pipeline (version 1.42.3) (Schloss et al., 2013). 

Detailed description of analysis conducted can be found in section 2.7.4.1. Briefly, the 

sequencing read pairs were demultiplexed based on the unique molecular barcodes, reads 

merged via mothur v.1.42.3 (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. A mock community (with known sequences/organisms, and at which proportions 

we expect to find them) was utilised to assess the error rates. If the workflow performs well 

on the mock sample, it gives confidence in the accuracy of the results on the rest of the 
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samples (Edgar, 2010). 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. Sequences generated from 

mothur were also blasted against the online NCBI genome database 

(https://blast.ncbi.nlm.nih.gov/Blast.cgi) to confirm genuine archaeal classification. 

 

The mothur-generated files with corresponding metadata were inputted into R (Callaghan 

et al., 2016). 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, 2020) to form a merged physeq object. The data frame file was exported and 

subjected to normality (Shapiro-Wilk, p.value < 0.05, non-normal/nonparametric data) 

conducted in R (R Core Team, 2020). Analysis of the taxonomic diversity profile used R 

‘Phyloseq’ (McMurdie and Holmes, 2013), ‘Vegan’ package (Dixon, 2003) and ‘ggplot2’ 

package (Wickham, 2016). Significant differences in genera were determined using 

univariate Wilcoxon test and Kruskal-Wallis test. All p values were adjusted for multiple 

comparisons using the false discovery rate (FDR) algorithm (Benjamini and Hochberg, 1995), 

unless otherwise stated. Species richness and the evenness of the abundance were 

quantified using the Shannon– Weaver index ecological measure and compared among day 

of life (DOL). 

 

 

 

 

 

 

 

 

 

 

 

 

https://blast.ncbi.nlm.nih.gov/Blast.cgi
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5.3  Patient characteristics in the study 
Characteristic Healthy (n = 19) NEC (n = 15) p.value 

Male/Female 9/10 11/4 0.091 

Gestational age (weeks) 
24+6 to 32+3 

(mean 29.1) 

24+3 to 28 

(mean 25.2) 
0.397 

Delivery: c-

section/vaginal 
8/11 7/8 0.025 

Feeding: breast/formula 19/0 15/0 1.000 

Antibiotics: yes/no 19/0 15/0 1.000 

Probiotics: yes/no 14/5 15/0 0.053 

Table 5.2 Summary of patient demographics from healthy and diseased stool samples. 

Patient characteristic data from all patients providing stool samples for the study. 

Characteristics were assessed between conditions of preterm birth. Comparison between 

groups was performed via nonparametric Kruskal Wallis test. Categorical data was assessed 

using nonparametric Fisher’s exact test. Significance threshold for comparisons was 

p=≤0.05.  

5.4  Pre-analysis 

5.4.1  Validation of primers 
The primer set from the Miseq wet lab SOP was analysed using Ribosomal Database Project 

(RDP) sequencing analysis tool. ProbeMatch tool provided by the RDP was utilised to identify 

sequence similarity between 16S rRNA gene sequences and primers. The parameters 

included full-length sequences (<1200) of good quality. Coverage included Haloarchaea, 

Thermoacidophiles and Methanogens which are commonly found in the gut.  
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5.4.2 Library size of healthy preterm infant stool samples 
 

Figure 5.1 Pie chart showing overall archaea in stool samples of healthy preterm infants. 

Analysis of OTU data from V4 16S rRNA amplicon sequencing of extracted stool samples 

were clustered by genera and plotted in Excel.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 



139 
 

Rarefaction curves indicate the most diverse samples are 215, 2605 and 1612 with the 

highest number of mapped reads. Samples 2496 and 195 also increase but seem to approach 

the saturation plateau. The majority of samples (90.4%) are less diverse, as the number of 

species (OTUs) does not increase (Figure 5.2). Sample size refers to the number of reads per 

sample.    

Figure 5.2 Rarefaction curves comparing sample size to number of observed OTUs. 

Rarefaction curves of OTUs clustered at the 97% phylotype similarity level. Plots were 

created using vegan (R Core Teams, 2020).  
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5.5  Results – healthy preterm infant cohort 

5.5.1 Sequencing read counts from archaea samples and kit negative 
controls 
The stool sample microbiota is compared to negative controls of the PowerLyzer™ 

PowerSoil® DNA Isolation Kit due to the relatively low abundance in the samples. Read 

counts of the healthy cohort ranged from 996-1, whereas the DNA kit negative controls 

ranged from 165-1.  

5.5.2 Relative and percentage abundance comparison between healthy 
samples and DNA kit negative controls 
Methanobacterium was detected as the most prominent genus, contributing 76% to healthy 

samples and 50% to DNA kit negative controls (Figure 5.3). Unclassified Archaea (18%) was 

the second most abundant, followed by unclassified Thermoprotei (16%) in DNA kit negative 

controls, both decreased in healthy samples (5% and 6%, respectively). Unclassified 

Methanobacteriaceae contributed to 1% relative abundance in healthy samples but is not 

present in kit negatives.  

 

Univariate analysis highlighted a significant difference in genera between healthy samples 

and kit negative controls (p = <0.001).  
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Figure 5.3 Relative abundance of preterm infant stool samples and DNA kit negative 

controls. Relative abundance plots from V4 16S rRNA amplicon sequencing of extracted DNA 

from stool samples and kit negative controls, to investigate the archaea contribution from 

DNA extraction kit negatives. OTUs were clustered into genera for visual analysis relative 

abundance plots created in ggplot2 (R Core Team, 2020). Significance was analysed via 

nonparametric two-samples Wilcoxon test to a threshold of p=<0.05. 
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5.5.3  Sequencing read counts from healthy preterm infants 
Read counts were detected in 52 out of a total 163 samples analysed (128 individual OTUs). 

Read counts varied from 996 and 1, with a mean read count of 22 reads per sample. 5 DNA 

kit negatives also yielded read counts but were not assigned individual OTUs. 

 

In the entire set of 128 archaeal 97% OTUs were assigned at the phylum level Euryarchaeota 

and Crenarchaeota, 67 reads (52.3%) could not be classified as any genera. The remaining 

61 reads were classified as genera shown above. Species level was not classified. 

5.5.4  Relative and percentage abundance of healthy preterm samples 
The taxonomic classification of the gut archaeome revealed the predominance of sequences 

assigned to the phylum Euryarchaeota (66%), followed by the phylum Crenarchaeota (13%). 

At the genus level, the preterm gut archaeome showed relative abundant (%) sequences 

assigned to the methanogen group; the genera Methanobacterium in the family 

Methanobacteriaceae were most abundant (76%) in 41 out of 52 samples (Figure 5.4). 61% 

of samples comprised Methanobacterium, while no other genera could be detected in those 

samples. Minor contributions from the unclassified Archaea and unclassified Thermoprotei 

(5% and 6% relative abundance, respectively) are present in samples.  

 

Seventeen other archaeal genera were detected in lower abundance. At the individual level, 

samples 1630 and 4056 harboured a dominance of Methanocalculus and 

Methanobrevibacter, respectively. No sequences were assigned to Methanobacterium for 

the two samples.  
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Figure 5.4 Genus level bar plot of individual healthy stool samples. Relative abundance 

plots from V4 16S rRNA amplicon sequencing of extracted DNA from stool samples. OTUs 

were clustered into genera for visual analysis plots created using phyloseq (R Core Teams, 

2020). 
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5.5.5 Temporal development of archaea in the gut of healthy preterm 
infants 
Out of a total of 19 healthy preterm infants, 18 displayed some archaea in the gut. On visual 

assessment, the relative abundance (%) of archaeal genera differed across patients over the 

course of thirty days. Inter- (differences across patients) and intra- (differences within a 

patient) variability was observed in the composition of gut microbiota. This variability 

appeared less pronounced for Methanobacterium, which was present in the majority of 

preterm infant samples (figure 5.5).  

 

Preterm infants that were colonised with genera other than Methanobacterium, including 

patient 404, which is exclusively colonised by unclassified Thermoprotei at day 15 of life. An 

interesting observation is Methanocalculus which is only detected in patient 405 on day 10 

of life, however Methanobacterium was dominant in the gut thereafter. 

Methanobrevibacter was unique to patient 473 on day 25 of life yet, Methanobacterium is 

present before and after this period.  

Figure 5.5 Genus level bar plot of healthy preterm infant stool samples analysed by patient 

number and DOL. Relative abundance plots from V4 16S rRNA amplicon sequencing of 

extracted DNA from stool samples on different days. Numbers at the top of the box indicate 

patient number. OTUs were clustered into genera for visual analysis plots created 

in phyloseq (R Core Teams, 2020).  



145 
 

5.5.6  Archaea α-diversity structure of healthy preterm infants 
Alpha diversity characteristics were estimated using Shannon diversity analysis at different 

time points – DOL 0-10, 10-20 and 20-30. The points on the graph show individual samples. 

Diversity was greater at DOL 0, although this increase was not continuous and decreased in 

most samples over the course of 30 days (+/-2 days). The diversity of archaea are relatively 

low across all samples at DOL 20-30. DOL did not have a significant impact on α-diversity (p 

= 0.561), as determined using a non-parametric Kruskal-Wallis statistical test.  

 

Figure 5.6 Shannon diversity of the archaeal communities in healthy preterm infants 

plotted over DOL. Alpha analysis of OTU data from V4 16S rRNA amplicon sequencing of 

stool samples plotted in ggplot2. Samples were grouped by DOL. Significance was analysed 

via nonparametric Kruskal-Wallis to a threshold of p=<0.05.  
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5.5.7  Relative and percentage abundance: Comparison between archaea 

and bacteria in healthy preterm infant samples 

To better explore community structure of both domains (archaea and bacteria), the relative 

abundance of the top genus in early life was compared. In the archaeal population, 

Methanobacterium was detected as the most prominent genus, contributing 76% to healthy 

samples. Comparatively, within the bacterial population, the genus Escherichia/Shigella was 

the most dominant in healthy samples accounting for 29%. Klebsiella and Enterococcus are 

the second and third most abundant genus contributing to 20% and 19%, respectively. 

 
Figure 5.7 Relative abundance of archaea and bacteria found in the gut of healthy preterm 

infants. Average relative abundance plots from V4 16S rRNA amplicon sequencing of 

extracted DNA from stool samples. Samples were divided in to two groups: bacteria and 

archaea to analyse to relative abundance of each population. OTUs were clustered into 

genera for visual analysis relative abundance plots created in ggplot2 (R Core Team, 2020).  
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5.6  Results – Healthy vs diseased preterm infants 
 
5.6.1 Relative and percentage abundance: Comparison between healthy and 
diseased samples 
134 individual OTUs were detected. From this, 128 were detected in the healthy cohort, and 

only 7 detected in the diseased cohort. 

 

Methanobacterium was the most abundant genera in healthy samples (76%), whereas 

Methanobacterium was substantially depleted in diseased samples (4%). 

Methanobrevibacter was the most abundant genus in diseased samples (48%), followed by 

Methanosarcina (23%) and Methanoculleus (17%). Methanoregula was present in 1% of 

diseased samples but was not found in healthy samples.  

 

At the genera level, there was a variation between archaeal profiles, however, univariate 

analysis did not highlight a significant difference between healthy and diseased stool 

samples (p = 0.113).  

 

At the OTU level, two OTUs (002 and 004) were significantly different across healthy and 

diseased samples. One OTU was from Methanobacterium (p = <0.001, FDR = <0.001) and the 

other from unclassified Archaea (p = 0.023, FDR = 0.038). The two OTUs were of significantly 

greater abundance in healthy samples compared to diseased.  
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Figure 5.8 Comparison of community profiles from healthy and diseased preterm infant 

stool samples. Relative abundance plots from V4 16S rRNA amplicon sequencing of 

extracted DNA from stool samples. Samples were divided in to two groups: healthy and 

diseased to analyse to relative abundance of each cohort. OTUs were clustered into genera 

for visual analysis relative abundance plots created in ggplot2 (R Core Team, 2020). 

Significance was analysed via nonparametric two-samples Wilcoxon test to a threshold of 

p=<0.05. 
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5.7 Validation of sequencing results via qPCR 

5.7.1  PCR optimisation 
PCR optimisation was performed to ensure assay conditions would achieve maximum 

amplification efficiency. Positive controls were used as the PCR template. Three negative 

controls did not display amplification of the target sequence throughout optimisation. Two 

kit negative controls displayed detectable microbial loads and were removed alongside 

samples that were extracted concurrently. 

 

5.7.2 qPCR assay specificity verification: melt curve and gel analysis 
The specificity of primers for Methanobacterium were determined by examining the 

dissociation curves after qPCR of serially diluted genomic DNA samples. A single peak for 

each primer set was observed after 39 cycles (Figure 5.8). All primer pairs produced unique 

products without primer dimers or other nonspecific amplification products. Visualization of 

the amplification products in the agarose gel further confirmed that all products were of the 

expected length (273 bp). Dissociation curves (melt peak) were observed at 85.70oC for 

Methanobacterium (Figure 5.8). Temperature was raised from 60oC to 90oC at 0.5% 

increments during the analysis.   
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Figure 5.9 Melt curve analysis of Methanobacterium from a SYBR® Green assay. An example of dissociation curve of Methanobacterium used 

for qPCR. Change in fluorescence with increasing temperature is measured. The signal drop is the presumed melting temperature of the product 

created.   
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5.7.3 Absolute qPCR 

5.7.3.1 Standard curve results  
Standard curves were used as a reference to determine 16S rRNA gene copy number (101-

107). Standards were assayed in triplicate with Cq and Sq calculated as the mean of the three 

values. Example standard curve qPCR results are presented, including amplification plot and 

standard curve example (Figure A and B, 5.9), in addition to standard curve copy number 

results (Table 5.4). 

 

The accuracy of sample results from a qPCR assay is dependent on the accuracy of the 

standard curve (Thermo Fisher Scientific Inc, 2014). All standards included in analysis 

presented an acceptable R2 value, with an average of 0.996 (0.981 - 1). The slope of the 

standard curves ranged across experiments from -3.316 to -3.782, with an average of -3.504. 

The optimum slope would be -3.333 to display perfect doubling, with a range from -3.100 to 

-3.600 accepted (Thermo Fisher Scientific Inc, 2014).  

 

The average amplification efficiency across experiments was 98.29%, with this ranging from 

86.77 - 99.04%. Although one experiment presented below the optimum efficiency, the 

average was still within the optimum range. Low efficiency is not a criterion to reject an 

assay but can indicate less than optimum conditions (Thermo Fisher Scientific Inc, 2014).  

 

The LOD of each assay was assessed by monitoring standard curves. Standard 07 was the 

lowest concentration standard for the assay, with an average Cq of 32.83 for 

Methanobacterium. The LOD was confirmed, as standard 08 presented with greater 

standard deviation and less consistency across experiments, compared to standard 07. If 

samples fell below the LOD threshold, they were stated as OOR for this specific assay. 
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Target  Strains used for 
standard curves 

Primer Sequence (5’-3’) 
Ta 

(°C) 
Size 
(bp) 

Reference 

Archaea 
Methanobacterium 

formicicum 

DSM 2639 

787_F 
ATTAGATACCCSBGTAGT

CC 

60 273 

Yu et al., 

2006, 

Reitschuler 

and Lins, 

2014  

1059_R GCCATGCACCWCCTCT 

Table 5.3 Summary of microbial groups, pure cultures, primers, and annealing 

temperatures used for SYBR green qPCR. 
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Figure 5.10 (A) qPCR standards amplification plot. An example of the qPCR amplification plot of standard curves created on CFX-96 Manager 

V3.1. Displayed as cycle number (Cycles) compared to relative florescence units (RFU). The threshold fluorescent is indicated by red line along 

the bottom. (B) qPCR standard curve example. An example qPCR standard curve used for reference, comparing log10 starting quantity (Sq) with 

mean quantification cycle (Cq). R2 and slope displayed. Results correlate to Table 5.4. 
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Content Cq Cq mean Cq std.dev Sq Sq(log10) 

Standard 01 

10.77 

10.80 
 

0.31 2.10 x 107 7.477 10.79 

10.89 

Standard 02 

13.90 

14.49 0.21 2.10 x 106 6.477 14.73 

14.56 

Standard 03 
17.90 

18.16 0.42 2.10 x 105 5.477 18.25 

18.00 

Standard 04 

21.64 

21.70 0.49 2.10 x 104 4.477 20.74 
21.52 

Standard 05 

25.45 

25.40 0.27 2.10 x 103 3.477 25.73 

25.31 

Standard 06 

28.84 

29.02 0.44 2.10 x 102 2.477 29.15 

30.07 

Standard 07 
32.66 

32.81 0.31 2.10 x 101 1.477 31.61 

32.98 

Table 5.4 qPCR standard curve copy number results. An example of calculated copy 

numbers from Methanobacterium standard curve (Standard 01-07) amplified by V4 16S 

rRNA gene primers, presented as quantification cycle (Cq), starting quantity (Sq) and Sq log10. 
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5.7.4 Microbial load comparison between healthy samples and DNA kit 
negative controls 
To investigate the archaeal signal from DNA extraction kit reagents, negative controls were 

compared to preterm infant stool samples. Negative controls yielded detectable microbial 

load in 40% (2/5), with detection below the threshold in 60% (3/5). The mean detectable 

microbial load from negative controls was 147.25 copies/µl (1.955 log10; Figure 5.10), 

ranging from 252.13 – 32.38 copies/µl. There was no significant difference in mean microbial 

load between samples and negative controls (p = 0.479; Figure 5.10), however the majority 

of negative controls were excluded from this analysis because they were OOR.   

 

 

Figure 5.11 Comparison of microbial loads from preterm infant stool samples and negative 

controls. qPCR data of stool samples and negative controls within the range of the assay. 

Extracted DNA was amplified using 16S rRNA gene primers and displayed as microbial load 

(log10).  
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5.7.5 Mean microbial load and DOL 
The two kit negatives with detectable microbial loads were removed from further analysis, alongside samples that were extracted 

simultaneously, to remove any possible contaminants.  

Mean microbial load is comparable across DOL 0-10 at 2.165 log10, DOL 10-20 2.262 log10 and DOL 20-30 2.275 log10 (Figure A; 5.11). For the 

spearman correlation, mean microbial load displays no correlation in relation to DOL at R2 0.032, with microbial load and DOL not appearing to 

be significant (Figure B; 5.11, p= 0.845).  

 

Figure 5.12 qPCR data from preterm infant stool samples displayed as mean microbial load. (A) Bar graph showing mean microbial load, 

samples were grouped by DOL. (B) Scatter plot showing correlation test between mean microbial load and DOL.  



157 
 

5.8 Discussion 
Details about preterm infant colonization by archaea remain limited, as the focus is mostly 

directed to the bacterial domain (Pausan et al., 2018; Vianna et al., 2019; Pimentel et al., 

2012; Hoffman et al., 2013). The use of 16S rRNA gene amplicon sequencing has improved 

detection of archaea, revealing the presence of previously undetected archaeal species in 

stool samples (Koskinen et al., 2017; Pausan et al., 2019). If archaea are found to be 

inhabitants of the preterm infant gut, even if low in abundance, this will further define 

microbial colonisation in the preterm population. Previous studies have emphasised the 

need for studying all three domains of life (archaea, bacteria and eukaryotes) to fully 

understand how the individual taxa affect host physiology (Wampach et al., 2017). The 

development of the preterm infant gut microbiota is urgently needed to guide clinical 

practices that support growth of healthy preterm infants (Berrington et al., 2013; Blaser and 

Dominguez-Bello 2016; Ficara et al., 2020).  Thus, the aim of this chapter was to identify 

archaea as one of the first colonisers within the gut of preterm infants and elucidate 

differences between health and disease.  

 

Taxonomic assignment of 16S rRNA gene sequences are typically performed with the SILVA, 

RDP or Greengenes databases, but these classifiers have rather limited training sets for 

archaea (Koskinen et al., 2017). RDP training set taxonomies only go to the genus level; 

therefore, sequences could not be classified further (Schloss, 2019). The 16S rRNA reference 

(RDP) version 18 was utilised with a collection of 20,712 bacterial and 601 archaeal 16S rRNA 

gene sequences with an improved taxonomy compared to version 16 (Wright, 2019; Schloss, 

2019). Stool samples had detectable read counts from sequencing methodology, including 

both healthy and diseased cohorts, although the greatest read counts were from the healthy 

preterm infant samples. Previous research has detected read counts in stool samples using 

shotgun metagenomics, obtaining an average of 27,640,474 reads in patients with colorectal 

cancer, a read count higher than detected in this study (Coker et al., 2020). Post-process 

rarefying of data has been suggested as a method to normalise read counts. However, this 

can lead to discarding important samples in low library sizes and errors when differential 

abundance is displayed, thus was not applied here (McMurdie and Holmes, 2014). 
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Here we found that archaea were detected in 56.4% of samples by qPCR and only 25.5% by 

sequencing, which is in correspondence with other studies. Dridi et al., (2009) found qPCR 

was a more specific method of detection for archaea compared to sequencing technologies. 

An advantage of the species-specific detection method (such as qPCR) is proof of the 

presence of known species despite their comparatively low abundance (Koskinen et al., 

2017). According to current scientific knowledge, primer bias was suggested as a limitation 

of the 16S amplicon sequencing; however, we cannot be certain that this influenced our 

results (Togo et al., 2019; Koskinen et al., 2017).  

 

5.8.1 Archaea are present in the preterm infant gut, albeit in low amounts. A 

detailed analysis of the most abundant genera revealed that the development of the 

microbiota composition is highly variable (Coker et al., 2020; Kim et al., 2020; Gaci et al., 

2014). Overall, signatures of methanogenic archaea were found to be the most abundant 

with Methanobacterium being detected in 41 out of 52 of the stool samples (76%) (Lurie-

Weinberger & Gophna, 2015; Pausan et al., 2019). Methanobacterium dominated the early 

archaeal component of the microbiota in some preterm infants but was virtually absent at 

this stage in other infants. In addition, Methanobacterium varied greatly from infant to 

infant in the timing of the first appearance but was present to some degree in nearly all 

infants. Other taxa including Methanobrevibacter, Methanosarcina, Methanocalculus, and 

Methanosaeta tended to appear only transiently. It is common to find Methanobacterium 

in the gut at early life. Hudson and Roberts, (1993) found methanogens colonised the gut of 

5 healthy full-term infants by 1-week of age. Early establishment of methanogens correlated 

with a more complex gut microbiota, which was characterised by high levels of Clostridia, 

Bacteroides and Enterobacteria (Hudson and Roberts, 1993), in comparison with the findings 

of this study - Clostridium_sensu_stricto_1 and Enterobacteria such as Escherichia/Shigella 

were found in high abundance in our healthy preterm infants.  

 

It is undetermined whether rapid colonisation of methanogens is incidental to anaerobic 

respiration whereby H2 is respired to produce CH4, which in turn improves fermentation 

efficiency (Pimentel et al., 2012; Gaci et al., 2014). Other factors may play an important role, 

and it is likely to assume that these may be nutritional since methanogens derive their 



159 
 

energy from simple carbon compounds and H2 – the end products of bacterial fermentation 

(Hudson and Roberts, 1993; Wolf et al., 2016). In vitro studies (using healthy human 

subjects) have shown that H2 production is common within 

the Firmicutes and Bacteroidetes phyla, the two key microbes colonizing the gut (Wolf et al., 

2016). Furthermore, sources of H2 can be produced through the oxidation of reduced 

ferredoxin and pyridine nucleotides by microbial hydrogenases (Hylemon, Harris and Ridlon, 

2018). Genes encoding various hydrogenases are widespread throughout bacteria and 

archaea known to inhabit the colon (Wolf et al., 2016). The results can also be interpreted 

to indicate that hydrogen-using methanogens are outcompeting other hydrogen-consuming 

microbes, thereby giving way to Methanobacterium (Conway de Macario and Macario, 

2009). The data could also indicate that the acquisition of archaea might result from the 

carer of the individual preterm infant or environmental exposure (Togo et al., 2019).  

 

The results from 16S rRNA gene sequencing could not classify 5% of archaea in the stool 

samples. The sequences were not accurately classified to a given phylum using the RDP 

database. There are two factors that affect the number of unclassified results: the reference 

files and the read quality. When the reference does not match to the sequence, then a 

sequence with a confidence score below the threshold (80%) is classified as “unclassified”. 

Another reason for OTUs not being classified is too many competing taxa (Schloss et al., 

2013). One example of this includes sequencing of the V4 region and the inability to 

differentiate between Escherichia and Shigella because the sequences are identical. 

However, when sequencing another region, they may be identified as two individual 

taxonomic groups. Both DNA fragment length and the database of choice (e.g., RDP, SILVA, 

Greengenes) can affect the classification level (Schloss et al., 2013).  

  

We addressed the question of whether there is a temporal pattern in the preterm infant 

stool samples and a high variability was observed in the composition of archaea. Compared 

to bacteria, the relative abundance of archaea is much lower (Miller and Wolin, 1982), 

although the recent improvements in cultivation and DNA detection may help to estimate 

these numbers more accurately (Dridi et al., 2009; Khelaifia and Drancourt, 2012). Alpha-

diversity was reduced throughout the first 30 days of life but was not significant, which is 

consistent with other results (Wampach et al., 2019; Chaudhary et al., 2018). Low diversity 
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of human-associated archaea could be due to the predominance of bacteria in the 

communities, but this is undetermined (Dridi et al., 2011; Koskinen et al., 2017; Sereme et 

al., 2019). High interpersonal variation of archaeal communities is a common theme in 

human microbiome research and our results support this observation (Berrington et al., 

2013; Stewart et al., 2017; Pausan et al., 2019; Lloyd-Price et al., 2017). 

 

Furthermore, we compared the relative abundance of archaeal and bacterial populations in 

the gut of preterm infants.  The analysis gives an overview of early colonisation of the two 

domains of life. The most abundant bacterial coloniser in the early gut includes 

Escherichia/Shigella, Klebsiella and Enterococcus, whereby the microbial composition is 

more evenly distributed compared to the archaeal population. As mentioned previously, the 

earliest archaeal colonisers include Methanobacterium, with small contributions from 

Methanocalculus and Methanobrevibacter. Future work should focus on examining the 

progressive nature of gut colonisation and succession of all domains of life. When 

considering the early gut microbiota, it would be useful to further define the potential 

links/shifts between the archaeal and bacterial communities. The progressive nature of 

preterm infant gut colonization and succession may lead to disruption of colonisation, 

disease state or changes in long-term development (Wampach et al., 2017) An important 

question in this context is whether a diverse microbiota is more resilient to disturbances and 

beneficial for the host as it has been proposed for bacterial constituents of the gut 

microbiota (Wampach et al., 2017). 

 

Current research indicates that a preterm infant’s gut health should be assessed by looking 

at the microbial population as a whole rather than aiming for a subgroup of select organisms 

(Wampach et al., 2017). In the preterm population, further work should aim to understand 

the relation between microbe-microbe interactions, in addition to microbe-host interaction 

since there is a lack of knowledge in this area (Turjeman and Koren, 2022). Understanding 

the microbiome and its composition can enable researchers to use it as an evaluative tool 

(Cullen et al., 2020; Coyte and Rakoff-Nahoum, 2019). General microbial testing (looking at 

the microbial population in the gut) should be exploited as a relatively inexpensive way to 

screen for diseases that once required specialist visits and invasive procedures (Turjeman 

and Koren, 2022). Currently this approach is used on patients following chemotherapy 

https://pubmed.ncbi.nlm.nih.gov/?term=Rakoff-Nahoum%20S%5BAuthor%5D
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whereby the microbiota of patients that gained weight was found to be different to those 

who did not gain weight (Turjeman and Koren, 2022). Future work should promote the use 

of the microbiota as a robust, low-cost diagnostic or prognostic tool, that allows healthcare 

professionals to assess, improve, and monitor preterm infants gut health (Cullen et al., 

2020).  

 

5.8.2 DNA kit negative controls have significantly different archaeal 

abundance compared to samples. The use of DNA extraction kits may introduce some 

contamination that can distort taxonomic distributions and significantly impact the 

interpretation of results (Weyrich et al., 2019; Glassing et al., 2016). While the presence of 

contamination is never welcomed, the effects are particularly problematic in low abundance 

samples (Weiss et al., 2014) Due to the samples in this study containing a low abundance, it 

was essential to investigate relative abundances of DNA kit negatives compared to healthy 

stool samples. The possibility that the archaeal DNA might not be derived from the samples 

but may in fact represent contaminants of the reagents used for DNA extraction needs to 

be addressed (Salter et al., 2014; Wampach et al., 2017). Although, the sequencing of the 

DNA kit negatives and stool samples both yielded very low coverage, DNA kit negative 

controls were found to be significantly different to healthy preterm infant stool samples (p 

= <0.001).  

 

5.8.3  Healthy preterm infants have distinctly different archaeal profiles 

compared to diseased preterm infants. The number of archaeal OTUs detected in 

each group (diseased and healthy infants), based on a 97% sequence identity threshold, was 

substantially larger in healthy samples compared to those with NEC and LOS (128 and 7 

OTUs, respectively). Although overall archaeal profiles differed between healthy and 

diseased preterm infants, no significant differences in relative abundance were detected. 

This could be due to variation between samples or perhaps the sample size was not large 

enough to pick up a statistically significant difference (Sexton et al., 2008). Trends for 

increased Methanobacterium were identified in healthy samples, with a trend for greater 

Methanobrevibacter in diseased samples. Positive correlations of Methanobrevibacter and 

the ingestion of carbohydrates have been observed, which support specific proposals for the 
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interactions of members of the gut microbiota with dietary components and with each other 

(Hoffman et al., 2013).  

 

A single Methanobacterium OTU was more abundant in healthy samples (FDR = <0.001), 

suggesting the organism may play a significant role in promoting healthy development, via 

host metabolism, preventing inflammatory response and/or through microbial interactions 

(Pimentel et al., 2012; Pausan et al., 2019). One OTU assigned as unclassified Archaea was 

also significant (FDR = 0.038). The query sequences (OTU002 and OTU004) could be placed 

into BLAST, which may possibly detect the sequence match or sequence identity. Previous 

research describes Methanobacterium as commensal microbes (Pausan et al., 2019), whilst 

others have a renewed interest towards the contribution of methanogens in human disease 

(Chaudhary et al., 2018; Coker et al., 2020; Table 1.0). Chaudhary et al., (2018) suggested 

that methanogens should be considered as an important target for the studies relating to 

modulation of the gut microbiota in humans for improving health or reducing risk of disease. 

Changes in the archaeal gut community have been associated with development and 

progression of colorectal cancer (Coker et al., 2020), apical periodontitis (Vianna et al., 2006) 

and inflammatory bowel disease (IBD; Ghavami et al., 2018). The findings highlight the need 

for additional studies to be completed. More information needs to be obtained from 

quantitative studies and larger cohorts of preterm infants. Further research may wish to 

focus on methanogens for varied time points to establish dynamic changes in gut 

microbiotas between health and diseased preterm infants.  

  

5.8.4 Caution should be taken to ensure archaeal load is not due to 

contamination. Species-specific qPCR is often utilised to differentiate and confirm the 

microbial load and importance of associated OTUs, which may be clinically beneficial for 

detection of the disease. To accurately determine the amount of DNA present in the DNA 

extraction kits, qPCR was performed using serial dilutions of pure microbial DNA derived 

from Methanobacterium formicicum. There was a clear difference between three kit 

negative controls and samples. The three kit negative controls were OOR at 34.38 for kit 2, 

36.03 for kit 4 and 35.18 for kit 5. The mean microbial load for the three kit negatives were 

less than the samples, and therefore were not seen as contaminants due to their low 
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microbial load. However, microbial loads were detected in two kit negative controls (kit 

negative control 1 and 3) and showed no significance when compared to stool samples (p = 

0.479). The mean microbial load that corresponded to archaea in the stool was greater than 

or equal to the negative controls. The possible contaminant(s) (kit 1 and kit 3) could be 

responsible for the abundance of archaea in certain samples (Lipsitch, Tchetgen and Cohen, 

2010). Thus, the two kit negative controls with detectable microbial loads were removed, 

alongside samples that were extracted concurrently. 

 

Kit negative controls are a critical component in experiments and show the need to be 

cautious with low abundance samples (Lipsitch, Tchetgen and Cohen, 2010). Once the 

samples and two kit negative controls were removed, the focus of the next analysis was to 

assess microbial load to uncover correlations between DOL. Comparable microbial loads 

were reported at all time points at 2.165 log10 (DOL 0-10), 2.262 log10 (DOL 10-20) and 2.275 

log10 (DOL 20-30). No correlation was found between mean microbial load and DOL (R2 = 

0.032, p = 0.845), suggesting that stool samples are not highly variable in microbial content 

over time. These findings are important because early colonisation affects the development 

of preterm infants, in particular innate and adaptive activation and recognition (Bang and 

Schmitz, 2015; Togo et al., 2019).  

 

Attempts to control DNA contamination were made possible by including negative control 

samples alongside biological samples at the DNA extraction and PCR steps (Davis et al., 

2018). However, the introduction of contaminant DNA can happen through several 

mechanisms, such as mishandling at the sequencing core, mishandling in the lab, DNA 

extraction kit, PCR reagents, or inherent properties of the sample (i.e., low biomass) (Sheik 

et al., 2018). The MoBio/Qiagen Power Soil kit was used in this study, which is the most 

frequently used DNA extraction method among microbiome studies (Saltzer et al., 2014; 

Videnska et al., 2019). Nevertheless, it should be noted that these kits are designed for high 

biomass, chemically complex samples, and are likely not optimized for low biomass 

subsurface environments (Sheik et al., 2018). The optimum DNA extraction technique for 

hard to lyse archaeal cells appears to be the spin-column filter-based kit that incorporates 

mechanical and enzymatic lysis such as E.Z.N.A. stool DNA kit (Pausan et al., 2019; 

Roopnarain et al., 2017; Khelaifia and Drancourt, 2012; Dridi et al., 2009). A comparative 
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study employed the QIAamp Stool DNA mini kit and found 90% M. smithii was extracted 

from stool, a detection level with high sensitivity (Dridi et al., 2009). Future experiments 

should employ these methods and determine which is the optimum in detecting archaea 

embedded in the gut microbiome, as human specimens such as stool relies on efficient DNA 

extraction (Dridi et al., 2009; Khelaifia and Drancourt, 2012).  

5.8.5 Further considerations 
Quantification of archaeal diversity and community ecology remains limited, as sequence 

coverage of archaea is usually low owing to the inability of available prokaryotic primers to 

efficiently amplify archaeal compared to bacterial rRNA genes (Bahram et al., 2019). Studies 

are beginning to address the need for archaea-specific, amplicon-based NGS protocol and 

optimisation of primer pairs. Optimisation involves testing different 16S rRNA gene targeting 

primer pair combinations suitable for NGS amplicon sequencing for the detection and 

quantification methods of archaea as human commensals (Bahram et al., 2019; Takahashi 

et al., 2014; Pausan et al., 2018). Although the 16S rRNA gene amplifying primer used for 

sequencing covered both domains’ (bacteria and archaea), the nature of the gut microbiota, 

with bacteria accounting for the majority of the composition, likely caused a lack of primer 

availability for archaea. This would explain why the archaeal domain is more extensively 

detected with qPCR using the archaea-specific primers rather than using the more generic 

16S rRNA gene primers used for the amplicon sequencing. 

5.9  Conclusion 
Overall, results from the 16s rRNA amplicon gene sequencing suggested that archaea, even 

if low in abundance, are detectable in the preterm infant gut. Findings here suggest that a 

specific archaeal profile is present from stool, with links to increased Methanobacterium and 

unclassified Archaea in healthy preterm infants. Further exploration may increase 

understanding of the role of the archaeal communities in health and disease. In addition, 

qPCR was a promising tool for detecting archaea in stool samples of preterm infants, but 

further studies should optimise DNA extraction of archaea to improve quality/yield.   
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6.0 CHAPTER 6: Discussion and concluding remarks 
 

6.1 Research project aims 

There is an urgent need for a more in-depth analysis of preterm infants who remain healthy 

throughout their stay on the neonatal intensive care unit (NICU) (Bäckhed et al., 2012; 

Karnati et al., 2020). Many studies have focussed on the development of diseased preterm 

infants however, the development of ‘healthy’, non-diseased preterm infants has not been 

extensively researched (Pammi et al., 2017; Chernikova et al., 2018; Parker, 2020). A great 

proportion of preterm infants (roughly 70%) thrive on the NICU, however, there is much less 

information on their outcomes because they are thought to be at relatively low risk of 

developing abnormalities and have not been routinely followed (Dollings and Brown, 2016; 

D’Agata et al., 2019).  

This research project aimed to increase current knowledge and understanding of the 

preterm infant gut microbiota via multiple technologies. The specific aims are; 

• To use 16S rRNA molecular analysis via MiSeq Illumina technology to identify a 

normal set of microbes that colonize healthy preterm infants, primarily in the 

gut. Also, to correlate taxa with preterm infant growth, based on change in Z 

score. Finally, to compare the gut microbiota between healthy and diseased 

(specifically NEC and LOS) preterm infants to elucidate changes in the bacterial 

community. 

• To investigate Enterococcus and Bifidobacterium within the gut of healthy 

preterm infants using quantitative PCR (qPCR) to establish if there is a difference 

in their abundance between positive and negative Z scores. Plus, to determine if 

Z score correlates to Enterococcus and Bifidobacterium Levels. Finally, to 

understand Enterococcus and Bifidobacterium levels related to gestational age, 

mode of delivery and day of life (DOL). 

• To determine whether archaea can be found in the gut of preterm infants via 

MiSeq Illumina technology and to compare the archaeal community of healthy 

preterm infants to those with disease (NEC and LOS). Additionally, chapter 5 aims 

to validate sequencing results using qPCR. qPCR aims to accurately quantify 
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archaeal load and determine if there is a correlation with DOL investigating the 

role of early colonisation. 

6.2 Summary of key findings 
The work presented in this thesis found bacterial health-associated patterns within the gut 

inconclusive (Chapter 3); findings that extend those previously reported (Bäckhed et al., 

2012; Milani et al., 2017). Each preterm infant (n=19) displayed a different bacterial 

community, which fluctuated over a 30-day period. Two bacterial genera were significantly 

associated with DOL and these included Enterococcus and Veillonella. Several studies have 

shown that the gut microbiota of preterm infants differ from that of healthy full-term infants 

with common anomalies of opportunistic bacteria such as Enterococcus beginning to bloom 

(Korpela et al., 2018; Moles et al., 2013). Multiple external factors can affect the 

characteristics of gut microbial communities including hospital environment, enteral 

feeding, antibiotic use, mode of delivery and gestational age (Aguilar-Lopez et al., 2021; 

Zhang et al., 2015). Internal factors include, but are not limited to, microbial interactions, 

pH, immune responses, and bile and pancreatic secretions (Bull and Plummer, 2014; Zhang 

et al., 2015). Analysis of GA and relative abundance found a strong positive significant 

correlation between Enterococcus and DOL for the preterm infant born at a 24-week 

gestation, in addition, preterm infants born at 31-week GA displayed a strong negative 

significant correlation between Escherichia/Shigella by DOL 20-30. Vaginally delivered 

preterm infants had a strong positive significant correlation between Klebsiella and DOL. 

Caesarean delivered preterm infants displayed a strong negative significant correlation 

between Bifidobacterium and DOL. There was a tentative correlation between 

Staphylococcus and Z score at DOL 20-30 but requires further investigation, as there was no 

direct link between Z score and any other early-gut microbiota (relative abundance %). α-

diversity increased over time in preterm infants with positive scores, suggesting that a high 

gut diversity may contribute to better growth. Findings also include no distinct difference in 

bacterial gut profiles between healthy and diseased preterm infants but did indicate a 

significance between α-diversity, supporting evidence from previous studies (Milani et al., 

2017; Aujoulat et al., 2014; Cilieborg et al., 2012; Stewart et al., 2012).  
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Findings from the qPCR study (Chapter 4) indicate that Enterococcal and Bifidobacterium 

load were not correlated to positive or negative Z scores, also, univariate analysis did not 

highlight significant differences between Z scores. There was a lack of correlation between 

GA and Enterococcal and Bifidobacterium load, in addition to delivery mode. However, 

scatter graph using Loess lines displayed patterns of Enterococcal load that decreased at 

DOL 10-20 and increased by DOL 20-30 in most gestations. Bifidobacterium was shown to 

increase over time (using Loess lines) in the majority of gestations, but not in preterm infants 

born at 24-, 25- and 30-weeks gestational age. Enterococcal and Bifidobacterium levels did 

not correlate to caesarean section or vaginal delivery. Also, univariate analysis did not 

highlight significant differences between Enterococcal and delivery mode. Similar findings 

were found for Bifidobacterium load and delivery mode, with differences in Bifidobacterium 

load, however, they were not significant. Several studies have demonstrated a delayed 

colonisation by Bifidobacterium in caesarean born preterm infants and a greater abundance 

of Bifidobacterium in vaginally delivered preterm infants, but this is not supported by our 

results (Rutayisire et al., 2016; Stewart et al., 2017; Reyman et al., 2019; Bäckhed et al., 

2015; Wampach et al., 2017; Penders et al., 2006). An increase in Bifidobacterium load in 

preterm infants born vaginally was observed over time, becoming comparable with preterm 

infants born via caesarean section. The theory that delivery mode may influence long term 

establishment of the preterm infant gut microbiota is not supported by our results, as 

bacterial loads of Enterococcus and Bifidobacterium were not significantly different between 

vaginal or caesarean delivery (Makino et al., 2013; Reyman et al., 2019). qPCR results did 

not indicate an association between Enterococcal load and DOL, contradicting sequencing 

results in chapter 3. A plausible explanation could be that relative abundance measures by 

sequencing does not reflect absolute concentration (Tettamanti Boshier et al., 2020). 

Tettamanti Boshier et al., (2020) suggest that shifts in composition appear less abruptly when 

measured by single-species qPCR than by sequencing technology such as NGS.  

 

Archaea were detected via 16S rRNA gene amplicon sequencing and qPCR, albeit of low 

abundance and diversity (Chapter 5). The number of archaeal OTUs detected in each group 

(diseased and healthy preterm infants), were larger in healthy samples compared to those 

with NEC and sepsis. A total of 66 diseased stool samples yielded 7 OTUs, while 163 healthy 

stool samples yielded 52 individual OTUs. As already mentioned in the discussion in Chapter 
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5, the ability to detect a difference with a given level of confidence depends on the variability 

within the population and the size of the samples used in the study (Sexton et al., 2008). 

Healthy and diseased samples have distinct archaeal profiles, with a significant increase of 

Methanobacterium and unclassified Archaea at the OTU level. Relative abundance of 

samples and DNA kit negative controls display significant differences in archaeal abundance. 

Although at the quantitative level (qPCR study), samples and two kit negatives lacked 

statistical significance, hence were excluded from further analysis. Exclusion of samples and 

kit negatives gives assurance there is no contamination in the remainder of stool samples 

when discussing the biological significance of archaeal profiles.  

6.3 Strengths and limitations 
Collection of stool samples for microbiome analysis were undertaken at NICU Newcastle, 

RVI, by trained staff under stringent protocols. Immediate freezing is required; therefore, 

contamination was kept to a minimum and the samples were stored as quickly and safely as 

possible. Fouhy et al., (2015) explained that rapid freezing of samples prior to DNA 

extraction and culturing, preserves the integrity of the microbiota. The length of storage at 

-80 °C has been investigated and had no discernible negative effect on the ability to provide 

viable results for stool samples (Kia et al., 2016). The collection of stool samples can be 

difficult due to visiting hours, prioritising patient cases and irregular sampling time points, 

thus this should be considered during analysis. While the sample sizes for Chapter 3 and 5 

were a viable size it would have been useful to increase sample cohort to draw stronger 

conclusions, and to allow alignment of healthy and diseased samples more stringently. The 

sample cohort for Chapter 4 was limited to healthy preterm infants, but it forms a useful 

foundation for analysis. Once again, Chapter 4 could have been strengthened by increasing 

sample size and alignment of healthy and diseased cohorts would have allowed for a 

comparison study.  

 

The Z score system is a preferred method in research settings and for investigating the 

nutritional status of groups of preterm infants and children (Mildred et al., 2017; El Mouzan 

et al., 2017). However, sometimes when applying Z scores to assess growth in preterm 

infants it does not provide an accurate reflection of growth (Song et al., 2018). Birth weight 

percentile and gestational age can have a significant effect on the Z score; therefore, these 
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factors were adjusted before translating weight gain into Z score (Rochow et al., 2019). It 

must be noted that the physiological condition of postnatal adaptation is not reflected by 

the Z score approach, which includes weight loss during the first few days of life (El Mouzan 

et al., 2017). A fixed value for the standard deviation is applied to preterm infants of 

different birth weights, experiencing a similar weight loss (approximately 10%) and this 

calculation may cause issues to arise. Consequently, a limitation of this study was the 

inability to determine absolute change in weight g/kg/day, as Z scores could track growth 

differently (El Mouzan et al., 2017).  

 

The combination of multiple methodologies, including Illumina sequencing and qPCR used 

in this research creates a broad view of the preterm gut microbiota, increasing accuracy and 

reliability of findings. Sequencing provides reliable information to distinguish bacterial 

sequences to the genus level, with qPCR displaying increased accuracy for microbial load 

measurements (Kim et al., 2017). The use of 16S rRNA gene amplicon sequencing offers a 

detailed account of the overall microbial populations, however, it does not allow the full 

sequencing of 16S rRNA gene (Soriano-Lerma et al., 2020). In this thesis, the V4 domain was 

the only region studied, which may introduce some limitations by only allowing 

classifications of the individual taxa at the genus level. This can impact the interpretation of 

the results, as the direct effect of strains or specific species cannot be described (Kim et al., 

2017; Soriano-Lerma et al., 2020). Furthermore, amplification bias towards Firmicutes from 

the V4 primer may increase the abundance in this study (Wang et al., 2009). However, this 

bias would then be expected in comparable amounts across all samples. 16S rRNA is still the 

gold standard for sequencing microbial communities (Soriano-Lerma et al., 2020). It should 

also be noted that other gut microbiome components (e.g., gut viral and/or fungal 

colonization) cannot be ruled out, as they have not been characterised in the study and 

could be partly or fully responsible for some of the observed effects. 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). To 

reduce chimera associated OTU/ASV identification and improved filtering and denoising the 

UCHIME program in Mothur, and the ‘removeBimeraDenovo’ command in DADA2 were 
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applied (Edgar et al., 2011; Schloss et al., 2009, 2011; Al-Shehri et al., 2016; Callahan et al., 

2016a).  

 

To further strengthen the reliability of the findings two analytical software platforms were 

used to process the data set. First, analysis of the 16S profiles from stool comprised of 

standard algorithms including R packages (Chapter 3). Specifically, DADA2 (Divisive 

Amplicon Denoising Algorithm 2) open-source software package was used to infer exact ASV 

(R Core Team, 2018; Yu et al., 2017; 236 McMurdie and Holmes, 2015). Second, Mothur 

Miseq SOP (Chapter 5) was applied to 16S profiles which uses a fixed sequence identity cut-

off, allowing comparison with previous studies (Schloss et al., 2009). Both R and Mothur 

differ in the clustering algorithms. Mothur clusters sequences within a percent sequence 

similarity threshold (typically 97%) into OTUs (Nguyen et al., 2016). In comparison, DADA2 

is a full amplicon workflow based on sequence probability rather than sequence identity and 

detects by one nucleotide variation, therefore offering the best sensitivity (Callahan, 

McMurdie and Holmes, 2017: Prodan et al., 2020). Both algorithms are well-established 

denoising methods, however, the standard OTU approach has been criticised for 

overestimating the evolutionary similarity between pairs of sequences and producing 

spurious sequence reads (Callahan et al., 2017; Nguyen et al., 2016). Koskinen et al., (2017) 

assessed the impact of the data processing pipelines (including Mothur, QIIME and DADA2) 

and found that DADA2 allows for the most conservative detection of archaeal signatures in 

human samples. To overcome these problems further analysis using ASVs through the 

DADA2 pipeline may be useful to run for comparison in future research (Callahan et al., 

2016b, 2017). 

 

The method described in chapter 5 enabled the successful extraction of archaeal DNA, 

however, we recommended that additional studies exploring the archaeal communities 

search for optimal extraction methods. The detection of archaea is highly dependent on 

methodology used and the E.Z.N.A. stool DNA kit (Omego Bio-tek) could be a better 

alternative to MoBio/Qiagen Power Soil kit used in this study (Pausan et al., 2019). It is also 

important to consider whether further investigation and development is required to assess 

primer selection and PCR amplification. Doubts over the reliability of the “universal” primer 

warrant additional analyses (Pausan et al., 2019; Koskinen et al., 2017). The search for 
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optimal methods including preparatory laboratory work, subsequent primer selection, and 

PCR amplification should continue for studies focussed on archaea in the gut.  

6.4 Future research 
Conclusions have been presented and discussed, although further research would be 

required to allow application and integration into clinical settings. Future research would 

include but is not limited to the suggestions below.  

 

Further enhancements to research methodology may include Propidium monoazide (PMA) 

which is an impermeable dye which intercalates and covalently binds genomic DNA to inhibit 

amplification of non-viable bacteria during PCR (Richardson et al., 2017). This will be useful 

to select for viable metabolically active bacteria, as both viable and non-viable bacteria are 

amplified (Young et al, 2017). This only occurs within a compromised cell membrane, and 

will not penetrate intact cell membranes, thus distinguishing between viable, metabolically 

active, and nonviable, non-metabolically active bacteria (Richardson et al., 2017). This 

method has shown to improve diversity evenness for rare community members (Rogers et 

al, 2013) and remove sequencing bias (Young et al, 2017). In addition, a major benefit of 

assessing the viable community rather than just the total community is that it potentially 

gives insight into taxa that are driving major metabolic activities and participating in 

microorganism/host interactions, and thus may give insight into strategies to alter outcomes 

(Tannock et al., 2004; Peris-Bondia et al., 2011). This would be informative for archaeal 

analysis, as microbial load levels did not differ between certain stool samples and two 

negative controls, but the proportion of viable archaea may differ and be an interesting and 

valuable insight.  

 

Software is available to monitor and deal with contamination issues. Decontam and 

SourceTracker2 packages would have been beneficial to identify contaminating archaeal 

sequences in stool samples relative to negative controls in this research (Callahan et al., 

2018; Sheik et al., 2008). The two methods implemented in decontam are 

the frequency and prevalence methods. The frequency method utilises the distribution of 

the frequency of each sequence feature as a function of the input DNA concentration used 

to identify contaminants. On the other hand, prevalence-based contaminant identification 



172 
 

uses prevalence (presence/absence across samples) of each sequence feature in true 

positive samples and compares them to the prevalence in negative controls to identify 

contaminants (Callahan and Davis, 2018). SourceTracker2 uses a combination of Bayes’ 

theorem and Gibbs sampling to analyse data from large bacterial 16S rRNA marker-gene 

NGS libraries. In this method, data from hundreds or thousands of species is utilised, and 

allows simultaneous estimation of the proportion of multiple source environments 

contributing to a given environment, including an estimate of unknown sources (McGhee et 

al., 2020). Applying SourceTracker2 or decontam to future experiments to help identify 

which samples warrant downstream analyses and for removal of contaminants would be 

useful to reduce technical variation due to DNA extraction kit (Sheik et al., 2008). Future 

research will continue to assess archaeal communities within the gut of preterm infants. The 

number of informative samples in this study is relatively small as sampling was convenient 

rather than targeted. Much larger datasets, plus longer observation studies will be required 

to confidently ascertain if archaeal signatures are contaminants or true signals of the 

preterm gut. To precisely elucidate changes in the archaeal community, a comparison study 

of healthy and diseased cohorts using qPCR-based technology will be beneficial and will 

provide insight into absolute levels of archaea.  

 
Multi-omics approaches are important to better understand the functional implications 

resulting from the shifts in the community. This involves implementation of a range of ‘omic’ 

techniques into experimental design, such as proteomics, transcriptomics, and 

metabolomics. In terms of bacteria playing a positive role in the gut, organisms such as 

Lactobacillus and Bifidobacterium ferment short chain fatty acids (SCFAs), that are either 

utilised by the gut epithelial or excreted in stool (Hester et al., 2015). Diet can impact the 

composition of the microbiome and the exposure to SCFAs, which, in turn may influence gut 

epithelial in ways that could guide healthy development or increase the risk of NEC (Hester 

et al., 2015). Metabolomic biomarkers are becoming increasingly popular to explain changes 

in gut microbial composition (Rios-Covian et al., 2016). Future studies will determine 

variations in stool SCFAs and explore associations between gut microbiota and SCFAs. 

Because bacteria have distinct metabolic requirements, their metabolites may be used as a 

biomarker for indirectly detecting and characterizing the microbiome (Cullen et al., 2020). A 

valid and reliable biomarker could confirm a healthy gut status by quickly identifying 
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dysfunction in biological processes (Rios-Covian et al., 2016; Greenhalgh et al., 2016). 

Product of microbes of the gut can be studied using gas chromatography-mass spectrometry 

(GC-MS) (Kanani, et al., 2008). Analysis of a wide range of diverse microbes and possible 

changes in the gut may not be detected by conventional methods but are identified through 

GC-MS (Kanani, et al., 2008). Gas chromatography is widely used due to its reproducibility, 

high sensitivity, and peak resolution, and is coupled with mass spectrometry mainly to 

reduce interference between analytes but also to compensate for lack of separation (Kanani 

et al., 2008). Previously, this technique proved successful for detecting subtle changes in 

metabolite profiles and was found to be the most common technique for quantifying SCFAs 

over recent years (Lin, 2004).  

6.5  Research implications and clinical relevance 
The findings of this thesis enhance the knowledge of the microbiome within preterm infants 

and highlights the need for resolving bacterial and archaeal dynamics in future longitudinal 

studies.  

 

Identifying generalisable trends in the gut would have been a potential marker of health, 

however, a normal pattern could not be identified. Certain bacterial genera were linked to 

DOL, yet the clinical relevance requires further investigation. Herein, it was found that 

preterm infants with positive Z scores have a greater diversity in the gut compared to 

preterm infants with negative Z scores, which underpin the requirement for further studies 

to fully explore and evaluate novel microbial features. The gut microbiota and Z score is of 

clinical interest since the outcome is to develop strategies to enhance growth, although 

realistically this may be difficult to achieve (Younge et al., 2018). Comparison of healthy and 

diseased preterm infants adds to knowledge relating to the longitudinal development of the 

gut microbiota.  

 

Few studies have focused on stool bacterial load in preterm infants despite DNA detection 

being biologically meaningful and clinically relevant. qPCR is useful for measuring individual 

differences of bacterial load present in preterm infant stool. The successional changes 

between bacterial load and birth mode over time, in addition to bacterial load and 

gestational age, is important for preterm infant gut microbiota status. It is hoped that these 
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findings will contribute to knowledge around preterm infant development. The findings 

open up new insights into the development of preterm infants which could lead to 

comparison studies, potentially elucidating biomarkers for health or disease.  

 

Furthermore, the work in this thesis has shown for the first time that archaea are one of the 

earliest colonisers in the gut of preterm infants, however the biological significance needs 

to be further investigated. Archaeal communities of healthy and diseased preterm infants 

need more attention, to ascertain if they contribute to altered early life microbiota. With a 

more comprehensive understanding of the crucial early life phases and their effect on health 

and disease, therapeutics can be tailored to support optimal microbial–immune 

homeostasis. To achieve these goals, further funding and research is required for the 

underrepresented archaeal gut community.  

 

6.6 Conclusion 
This thesis indicates that a healthy gut microbiota could not be identified in preterm infants. 

Staphylococcus was significantly correlated to Z score; however, the findings are 

inconclusive. This is the first direct evidence that highlights greater gut α-diversity in preterm 

infants with positive Z scores, indicating that more complex communities may enhance 

weight gain. Healthy and diseased preterm infants had similar bacterial profiles, but a 

greater diversity was observed in healthy preterm infants. Enterococcal and Bifidobacterium 

load was not significantly correlated with Z score. Bifidobacterium load was greater in 

caesarean born preterm infants as opposed to vaginally delivered. Our findings correlated 

bacterial load of Enterococcal and Bifidobacterium to certain gestational ages, however, 

further work is required to determine if GA has an independent effect on stool 

Enterococcal/Bifidobacterium load. Archaea are one of the first members of the preterm 

infant gut, albeit in low amounts. Archaeal profiles of healthy and diseased preterm infants 

are distinct and links to health and disease may be possible with further research and 

optimisation.  
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A.2. List of reagents, chemicals and commercial kits 

Applied Biosystems  
 - ExoSap-IT PCR product clean up kit (78201.1) including ExoSap-IT reagent  
 - 2X TaqMan Fast advanced master mix with UNG (4444554) 
Bioline  
 - 5X DNA loading buffer blue (BIO-37045)  
 - Agarose, molecular grade (BIO-41026)  
 - HyperLadder 1 KB (BIO-33053) 
Fisher Scientific 
 - Tris-borate-EDTA (TBE buffer 10X)(B52) 
 - Ampicillin, sodium salt irradiated (11593-027) 
Illumina  
 - MiSeq reagent kit (MS-102-2002) including reagent cartridge and flow cell,    
plus hybridisation buffer (HT1) and incorporation buffer (PR2)  
 - Nextera index kit i7 (N701-N712), i5 (S501-S508; FC-131-1002)  
 - PhiX control kit V3 (FC-110-3001) 
Invitrogen  
 - One shot TOP10 competent cell kit (C404003), including One Shot TOP10    
chemically competent E. coli, pUC19 DNA (10 pg/µl) and S.O.C. medium 
 - SYBR Safe DNA gel stain, 10,000X (S33102)  
 - X-Gal (15520034) 
Kapa Biosystems  
 - KAPA library quantification kit (KK4824) 
New England BioLabs  
 - Bovine Serum Albumin (BSA) molecular biology grade 20 mg/ml (B9000S)  
 - EcoRI kit (R0101L) including EcoRI enzyme (R0101S) and EcoRI reaction        
buffer 10X (B0101S) 
Promega  
 - 2X PCR mastermix (M750B), including Taq DNA polymerase and dNTPs  
 - MgCl2 solution 25mM (A315H)  
 - Nuclease free H2O (P119A)  
 - PGEM-T easy vector system (A1360) including, PGEM-T easy vector (A137A;  50 
ng/ul),  control insert DNA (A363A; 4 ng/µl) T4 DNA ligase (M180A), 2X  rapid ligation 
buffer (C671A),  nuclease free H2O (P119A) 
 - PureYield plasmid miniprep system (A1223) containing, cell lysis buffer  (A145D), 
 neutralisation solution (A157D), endotoxin removal wash  (A158D), column wash 
solution  (A159D), elution buffer (A160D), mini  columns (A166B) and collection 
tubes (A167B). 
Qiagen 
 - PowerSoil® DNA Isolation Kit – QIAGEN (100 preps) (157040062)  
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A.3. List of equipment 

Agarose gel tank, Edvotek Bio-Rad (HU13, 3638) 

Bioanalyzer system, Agilent Genomics, 2100 (5067.4628) 

Bio-Rad CFX connect real time system (CFX manager V3.1) 

Bio-Rad gel doc EZ gel imager (Image lab 3.0) 

Centrifuge, Christ RVC2-18 D-37520 

EDVOcycler PCR machine (V6.2) 

Illumina MiSeq, Northumbria University, Newcastle, UK 

Microcentrifuge, Sigma D-37520 

Spectrophotometer, NanoDrop One, Thermo Fisher Scientific (V1.4 software) 

Spectrophotometer, NanoDrop 1000, Thermo Fisher Scientific (V3.8.1 software) 

Thermal cycler, Applied Biosystems (2720) 

Thermal cycler, C100 touch Bio-Rad 

ThermoMixer, Eppendorf 

UV spectrophotometer, Jenway (7305) 

Vortex Genie 2, Jencons, Scientific Industries 

Vortex Chip IKA M51 orbital shaker 

Qiacube 
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A.4. Demographic information in analysis of stool samples (example) 

Patient 
no 

DOB Sample Date Age at time of samples 
(days) 

Sample 
no 

545 18/03/17 26/03/17 8 /4927 

    27/03/17 9 /4933 

    29/03/17 11 /4925 

    31/03/17 13 /4920 
    02/04/17 15 /4932 

    03/04/17 16 /4965 

    05/04/17 18 /4957 

    06/04/17 19 /4959 
    07/04/17 20 /4955 

    08/04/17 21 /4961 

    11/04/17 24 /4985 

    12/04/17 25 /4981 
    13/04/17 26 /4983 

    14/04/17 27 /4979 

    19/04/17 32 /4982 
Table A.1 Example of preterm infant samples were collected for study.   

A.5. NGS sample metadata example 

A.5.1 Healthy preterm infant cohort 

Patient 
no 

Sex 
Gestational 

age 
Delivery Feeding Antibs Probiotics Birthweight 

BW at 
DC 

369 Female 24+6 Vaginal Breast Yes Yes 705 2860 

382 Female 30+1 Caesarean Breast Yes Yes 620 980 

404 Male 27+2 Vaginal Breast Yes Yes 1080 3100 

405 Female 26+2 Caesarean Breast Yes Yes 750 1640 

429 Male 29+2 Caesarean Breast Yes Yes 1320 2240 

432 Female 26+2 Vaginal Breast Yes Yes 1597 3160 

437 Female 31+2 Vaginal Breast Yes Yes 1475 2990 

452 Female 30+1 Vaginal Breast Yes Yes 1480 2760 

457 Male 25+5 Vaginal Breast Yes Yes 840 1710 

473 Female 25+1 Vaginal Breast Yes Yes 705 1740 

512 Female 27+5 Caesarean Breast Yes Yes 820 1220 

525 Male 32+3 Caesarean Breast Yes Yes 1750 1990 

526 Male 32+3 Caesarean Breast Yes Yes 1380 1940 

541 Male 32 Caesarean Breast Yes Yes 1020 2190 

545 Male 29+6 Vaginal Breast Yes Yes 1125 2190 

555 Male 30+3 Caesarean Breast Yes Yes 1390 3106 

566 Female 30 Caesarean Breast Yes Yes 1480 1885 

Table A.2 Example of healthy preterm infant metadata.  
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A.5.2 Diseased preterm infant cohort 

Patient 
no 

Disease Sex 
Gestational 

age 
Delivery Feeding Antibs Probiotics Birthweight 

445 NEC Male 25+2 Vaginal Breast Yes Yes 840 

443 NEC Female 26+6 Vaginal Breast Yes Yes 910 

451 NEC Male 24+3 Vaginal Breast Yes Yes 500 

415 NEC Female 27+1 Caesarean Breast Yes Yes 640 
416 NEC Male 27+1 Caesarean Breast Yes Yes 850 

475 
NEC and 

LOS 
Male 26+2 Caesarean Breast Yes Yes 860 

393 NEC Male 25+2 Caesarean Breast Yes Yes 700 

364 NEC Female 24+3 Vaginal Breast Yes Yes 600 

345 
NEC and 

LOS 
Male 24+3 Vaginal Breast Yes Yes 860 

335 NEC Male 25+2 Vaginal Breast Yes Yes 755 
336 NEC Male 27 Caesarean Breast Yes Yes 1220 

337 NEC Male 25+5 Vaginal Breast Yes Yes 870 

313 NEC Female 28 Caesarean Breast Yes Yes 1120 
277 NEC Male 24 Caesarean Breast Yes Yes 620 

270 NEC Male 25 Vaginal Breast Yes Yes 750 

Table A.3 Example of diseased preterm infant metadata. 

A.6. Additional results 

A.6.1 NanoDrop spectrophotometer DNA extraction results example 

Sample 
number 

Repetition Average 
ng / uL 1 2 3 

1600 35.9 43.9 41.2 40.3 

1775 72.6 86.5 84.8 81.3 

2522 99.9 101.0 99.9 100.2 

2611 169.8 161.7 166.7 166.1 

2605 114.8 124.8 117.0 181.8 

2786 141.2 131.7 137.9 136.9 
2879 66.0 68.8 68.1 67.6 

1608 69.9 69.9 71.4 70.4 

1648 108.4 103.4 102.9 104.9 

2610 246.0 251.7 251.6 249.7 
K-1 0.8 1.1 0.8 0.9 

K-2 1.7 1.7 1.9 1.7 

K-3 2.4 1.9 2.3 2.2 

K-4 0.0 0.7 0.1 0.2 
K-5 -1.0 -2.4 -1.8 -1.7 

Table A.4 Example of NanoDrop spectrophotometer sample results following DNA 

extractions. Example NanoDrop results from preterm infant samples in triplicate from stool 

samples and the respective kit negatives (K 1-5).  



215 
 

A.6.2 Qubit concentrations 

Sample number 
Tube concentration 

(ng / mL) 
Stock concentration 

(ng / mL) 

3732 
234 9.36E+03 

230 9.20E+03 

3700 
160 6.36E+03 

161 6.40E+03 

2078 
172 6.88E+03 

172 6.88E+03 

2101 
100 4.00E+03 

102 4.08E+03 

2825 
132 5.28E+03 

132 5.28E+03 

Kit neg 1 
0.50 20.0 

0.56 22.4 
Table A.5 Example of Qubit concentrations following DNA extraction. Example Qubit 

results from preterm infant stool samples and kit negative (Kit neg 1). 

 
 
 
A.6.3 Correlation analysis gestational age and DOL 

Escherichia/Shigella 

Gestational age (weeks) 

24 

(n=1) 

25 

(n=2) 

26 

(n=2) 

27 

(n=2) 

29 

(n=2) 

30 

(n=4) 

31 

(n=3) 

32 

(n=4) 

DOL 0 - 10  25% 54%   66% -  25%  1%  48%  0.1%  

DOL 10 - 20 - 36% 40% - 53% 0.7% 33% 0.07% 

DOL 20 - 30 - 44% 34% - 50% 4% 17% 10% 

Coefficient (r)  - -0.56 -0.94 - 0.81 0.82 -0.99 0.86 

p.value (<0.05) - 0.62 0.22 - 0.39 0.39 0.02 0.34 

 

Klebsiella 

Gestational age (weeks) 

24 

(n=1) 

25 

(n=2) 

26 

(n=2) 

27 

(n=2) 

29 

(n=2) 

30 

(n=4) 

31 

(n=3) 

32 

(n=4) 

DOL 0 - 10  49% 1%  3%  29% - 22% - - 

DOL 10 - 20 21% 6% 39% 54% - 36% 0.1% 0.04% 

DOL 20 - 30 8% 0% 26% 46% - 26% 32% - 

Coefficient (r)  -0.97 -0.16 0.63 0.67 - 0.28 - - 

p.value (<0.05) 0.13 0.90 0.57 0.54 - 0.82 - - 

 
 



216 
 

Enterococcus 

Gestational age (weeks) 

24 

(n=1) 

25 

(n=2) 

26 

(n=2) 

27 

(n=2) 

29 

(n=2) 

30 

(n=4) 

31 

(n=3) 

32 

(n=4) 

DOL 0 - 10  13% 12%  -  49%  0.5%  11%  9%  4%  

DOL 10 - 20 50% 42% 0.3% 11% 6% 10% 8% 25% 

DOL 20 - 30 83% 11% 27% 12% 15% 14% 16% 7% 

Coefficient (r)  0.99 -0.02 - -0.85 0.99 0.72 0.80 0.13 

p.value (<0.05) 0.01 0.98 - 0.34 0.08 0.49 0.41 0.92 

 

Bifidobacterium 

Gestational age (weeks) 

24 

(n=1) 

25 

(n=2) 

26 

(n=2) 

27 

(n=2) 

29 

(n=2) 

30 

(n=4) 

31 

(n=3) 

32 

(n=4) 

DOL 0 - 10  6% 1%  -  - 30%  30%  0.1%  16%  

DOL 10 - 20 15% 5% 0.07% 2% 12% 27% 5% 8% 

DOL 20 - 30 5% 13% 0.3% 9% 18% 19% 0.1% 14% 

Coefficient (r)  0 0.98 - - -0.65 -0.97 0 -0.24 

p.value (<0.05) 1 0.09 - - 0.54 0.16 1 0.85 

 

Staphylococcus 

Gestational age (weeks) 

24 

(n=1) 

25 

(n=2) 

26 

(n=2) 

27 

(n=2) 

29 

(n=2) 

30 

(n=4) 

31 

(n=3) 

32 

(n=4) 

DOL 0 - 10  2% 43%  4%  0.6%  16%  16%  26%  21%  

DOL 10 - 20 0.07% 9% 0.2% - 5% 3% 0.09% 7% 

DOL 20 - 30 0.4% 1% 1% 0.03% 5% 1% 0.6% 2% 

Coefficient (r)  -0.77 -0.95 -0.75 - -0.87 -0.92 -0.86 -0.96 

p.value (<0.05) 0.43 0.21 0.46 - 0.33 0.25 0.34 0.17 

 

Veillonella 

Gestational age (weeks) 

24 

(n=1) 

25 

(n=2) 

26 

(n=2) 

27 

(n=2) 

29 

(n=2) 

30 

(n=4) 

31 

(n=3) 

32 

(n=4) 

DOL 0 - 10  1% -  -  -  0.02% -  -  0.03% 

DOL 10 - 20 - - - 9% - 5% 0.2% 4% 

DOL 20 - 30 - - - 11% - 5% 0.004% 13% 

Coefficient (r)  - - - - - - - 0.98 

p.value (<0.05) - - - - - - - 0.140 
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Haemophilus 

Gestational age (weeks) 

24 

(n=1) 

25 

(n=2) 

26 

(n=2) 

27 

(n=2) 

29 

(n=2) 

30 

(n=4) 

31 

(n=3) 

32 

(n=4) 

DOL 0 - 10 - - - - - 0.1% 0.5% 0.4% 

DOL 10 - 20 - - - - 0.05% 0.06% 7% 7% 

DOL 20 - 30 - - - - - 0.3% 0.8% 6% 

Coefficient (r)  - - - - - -0.72 -0.66 0.79 

p.value (<0.05) - - - - - 0.49 0.54 0.42 

 

Clostridium_sensu_stricto_1 

Gestational age (weeks) 

24 

(n=1) 

25 

(n=2) 

26 

(n=2) 

27 

(n=2) 

29 

(n=2

) 

30 

(n=4) 

31 

(n=3) 

32 

(n=4) 

DOL 0 - 10 0.3% - 0.6% - - - 0.5% - 

DOL 10 - 20 - - - - - 0.07% 0.1% - 

DOL 20 - 30 - - - - - 0.1% 3% - 

Coefficient (r)  - - - - - - 0.79 - 

p.value (<0.05) - - - - - - 0.41 - 

Table A.6 Relative abundances, correlation coefficient and p values for gestational age 

and DOL analysis. Individual bacterium shown in each table. Values highlighted in bold are 

significant.  
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A.6.4 Correlation analysis delivery mode and DOL  

Table A.7 Relative abundances, correlation coefficient and p values for delivery mode and DOL analysis. Values highlighted in bold are 

significant.   


