


Figure 1.2 Outline of the Cryptosporidium parvum life cycle [Adapted and modified from
(Bones et al, 2019)]. Oocysts ingested release sporozoites, which infiltrate the ileum and grow
into trophozoites and type I meronts, which include type I merozoites. Type I Merozoites can
evolve into trophozoites or type II meronts, which release type II merozoites, which then
mature into undifferentiated gamonts. Gamonts can be classified as macrogamonts or
microgamonts, with the latter producing microgametes that fertilise macrogamonts.
Sporulation takes place inside the host, releasing thick-walled oocysts into the environment as
well as thin-walled oocysts that self-infect the same host organism.

At this stage of the life cycle, the oocysts will be of two forms. The first, is the thick-walled,

which will be excreted in the environment and can be found in dung. The second are

thin-walled oocysts that are believed to release sporozoites into the small intestine which

initiate a new round of infection (Pumipuntu and Piratae, 2018). The thick-walled oocysts

which are released by the infected hosts will be ingested by new hosts eating contaminated

food or drinking contaminated water and the life cycle will repeat (O’Donoghue, 1995). The
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routes of transmission of oocyte through various environmental resources from animals to

human and then back to animals is shown in Figure (1.3).

Figure 1.3 An illustration showing various routes of oocyte transmission from animal to
human in a cyclic form through environmental resources (the figure was designed using Mind
the Graph, paid version)

1.4 Genomics

DNA sequencing is defined as a process of extracting the sequence of nucleotides in a DNA

molecule. Back in 1977, DNA sequencing technology came into existence with the

development of  Sanger’s ‘chain-termination’ or dideoxy technique for sequencing technique

(Sanger et al. 1977). And later, this technique was improved with fluorometric based detection

and fragment separation  through capillary-based electrophoresis. This technique was known

as first generation DNA sequencing which was able to sequence only a short fragment of

DNA up to around 1 kb. Later, this was improved by the shotgun sequencing technique in

which overlapping DNA fragments were cloned and sequenced separately. Presently to get

information about the whole genome, biologists use whole genome and next generation

sequencing. This  technology of Next Generation Sequencing (NGS) raises the possibility of
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producing an enormous volume of data, about one billion short reads per run, dramatically

increased throughput and substantially lowered expenditure. This feature of Next Generation

Sequencing expands the realm of experimentation beyond determining the order of bases.

Besides, sequencing the whole genome allows for studying precise large-scale comparisons of

genomes and predicting pathways of evolution at a genomic level of detail and with certainty

impossible to reach via earlier technologies. Further, resequencing the human genome via

NGS enhanced the understanding of the link between genetic differences and human health

disease (Metzker, 2010).

The most commonly used technology for Sequencing today is Illumina sequence technology,

namely sequencing by synthesis (SBS) using cyclic reversible termination (CRT). This

sequencing technology supports both single-read and paired-end libraries and offers a

short-insert paired-end capability for high-resolution genome sequencing. The technology also

combines short insert and longer reads to increase the ability to fully characterise large

genomes. The termination of DNA synthesis after the incorporation of single nucleotides

represents the most important feature of CRT and the use of a dideoxynucleotide, which is an

adaption of the of Sanger method which used no reversible chain termination but provided the

basis for the initial development of reversible blocking groups 3′-O-allyl-dNTPs and

3′-O-azidomethyl-dNTPs (Metzker et al, 1994) and (Canard and Sarfati, 1994). The Illumina

method has an innovative DNA replication step called ‘bridge amplification’ that enables the

DNA fragments to be amplified in situ, creating individual colonies of clonal DNA. This

means that the sequencing progresses across thousands of fragments of DNAat the same time

so that the fluorescent signal can be more easily read by the sequencing machine.

1.5 The Cryptosporidium Genome

Genomics is the field of biology defined as the study of genomes and their functions. A

genome describes the complete DNA content of a cell or an organism. Genome sequencing of

parasites (Warrenfeltz et al, 2020) began more than 20 years ago when a number of genome

sequencing projects were initiated to understand the diseases and identify therapeutic targets.
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Today many pathogenic parasites that are medically important have been subjected to whole

genome sequencing (Forrester and Hall, 2014). These sequencing projects allowed the

identification and discovery of genes involved in many protozoan diseases with a focus on

drug resistance, drug targets and antigens that could be vaccine targets (Mu et al, 2007). Then

next generation sequencing technologies opened new ways for parasite biologists to better

understand the mechanism and functions of parasitic disease through the application of

comparative genomics and functional genomics such as RNAseq (Talavera-Lopez and

Andersson, 2017) . Thus, understanding the molecular mechanism by which pathology occurs

by using genomics to reveal the parasite (and host) components is important (Khan et al,

2018). Currently, 40 Cryptosporidium species have been recognized in humans and animals

(Feng et al, 2018). However, the genetic basis and molecular mechanism by which these

species cause disease remains unclear.

Genotyping techniques are used for the identification of Cryptosporidium species such

as Restriction Fragment Length Polymorphism (RFLP), Polymerase Chain Reaction (PCR)

and Sanger sequencing of the 18S rRNA gene (Xiao et al, 2017). In Cryptosporidium parvum

(C. parvum) and Cryptosporidium hominis (C. hominis), the gp60 gene is used as a typing

locus, and alleles are discriminated either by Sanger sequencing (Alves et al, 2003) or by

qPCR (Xiao et al, 2001). Whole genome sequence and comparative genomics have been

widely used for the characterization of Cryptosporidium spp for understanding the molecular

basis and epidemiology of cryptosporidiosis. This has been enabled by technology which has

provided whole genome determination from clinical samples (Hadfield et al., 2015) and

enabled profound insight into population structures and evolutionary relationships between

populations of these parasites (Nader et al 2019; Tikhule et al 2021). Cryptosporidium

genomic data are available in CryptoDB and NCBI database (Warrenfeltz et al, 2020), these

genomic databases provide important information about the genetic basis of Cryptosporidium

spp which are of great interest for public health veterinary research (Heiges et al, 2006). These

studies have revealed that the C. hominis genome is 9.2 Mb in size with a GC content 31.7%

and the C. Parvum genome is 9.1 Mb in length with a GC content of 30.3 %. They have

3,994 genes and 3,952 genes respectively (Xu et al, 2004)
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Next generation sequencing and whole genome sequencing has been reported for the

important hosts and disease models - Mus musculus domesticus, Homo sapiens and cattle (Fan

et a, 2019). Further functional genomics approaches and comparative genomic analyses of

Cryptosporidium spp have improved biologist’s knowledge about their molecular genetics and

evolution. Thus, next generation sequencing technology is a new opportunity for

computational biologists to provide a new approach to utilize genomics which includes

comparative genome sequencing, transcriptomics, proteomics, metabolomics and epigenetics

for the study of parasitic diseases (Preidis et al,2015).

1.6 The Microbiome

The term microbiome describes the microbial communities in a particular environment

(including the body or a part of the body). The microbiomes of the gut are of particular interest

as they are known to be so diverse and they can influence so many aspects of health in humans

and animals (Young, 2017). These microbial communities comprise bacteria, flagellate

protozoans, ciliates, anaerobic fungi and viruses, present in all animals. The gastrointestinal

tract plays an important role in the digestion and abstraction of nutrients from food and hosts

an abundance of microbes. The gut microbiome plays a significant role in maintaining various

nutritional, physiological, immunological, and protective functions (deMenezes et al, 2011).

Vertebrate hosts and their microbiota are thought to have co-evolved and in doing so have

each gained advantageous capabilities resulting in a symbiotic relationship between the enteric

microbiota and the gut and its host.

1.7 Microbiome Analysis

Within a complex ecosystem like that of the microbiome, the comparative analysis of

composition can be performed through rapid identification of microbial taxa based on 16S or

18S rRNA gene sequences. Molecular identification has supplanted traditional culture with the

development of NGS technology, providing a window into the variety of microbial

communities. The majority of these investigations are based on 16S rRNA gene sequencing,
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which contains multiple highly conserved regions interspersed with varied areas (Figure 1.4).

The conserved areas serve as "anchors" for building PCR primers, while the variable regions

are sequenced to identify the bacteria (Fuks et al., 2018). In the approximately 1.5kbp of the

16s rRNA gene, there are 9 (V1-V9) V sections, each of which carries a distinct sequence

depending on the bacterial species. PCR primers designed to be specific to the V1-V2 or

V3-V4 regions can yield around 500bp amplified products. In this method genes are amplified

using 16S rRNA primers that are each coupled to an adapter sequence for next-generation

sequencing analysis, and the products are then attached to random recognition sequences and

sequence nucleotides by Index PCR. Mi-seq can now be used to sequence the data. The

sequence data is then examined using specialised software, and analyses (phylogenetic

analysis, bacterial flora identification study) of the bacterial flora present can then be

generated (eg. Figure. 1.5).

Figure 1.4 shows the 16S rRNA gene’s conserved, variable and hypervariable sections, as well
as the numerous primer pairs used for metagenomic sequencing. Blue represents conserved
regions, grey represents variable regions and red represents hypervariable regions. Some
hypervariable sections, such as H3 and H9 are longer than H5 or H7, so the nine hypervariable
regions are not evenly distributed. Primers are constructed in a conserved area to produce a
PCR product that spans one or more hypervariable regions (V4) (e.g., V1-2 or V3-5).
Single-end (Roche 454) or double-end (Illumina) PCR product sequencing gives data for
microbiota profiling (Adapted from Shahi et al, 2017).
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Figure 1.5 pipeline for visualization of honey bee 16S-rRNA microbiome data. Meta-Analysis
provides the tabulated data, visualized in a bar chart where x-axis denotes differential
abundance for the classes A) Bifidobacterium, B) Lactobacillus, C) Snodgrassella, and finally,
D) (unknown genus) the order Pasteurellales and the y-axis represents the percentage
abundance of microbiome components - their interrelatedness can be described by
phylogenetic comparisons visualized as trees, which can then be compared with each other to
determine the core components using heatmaps (Gkantiragas and Gabrielli, 2021).

The evolutionary conservation of the 16S rRNA gene in prokaryotes or the 18S rRNA gene in

eukaryotes can be used as a marker gene to reduce complexity. This ‘metabarcoding’ approach

can resolve evolutionary relationships between individuals without cultivating the organisms

(Deng et al, 2008). These approaches have elucidated the vast diversity of bacterial genera and

species (Larue et al, 2005). Preferentially, inferences can be made by sequencing Polymerase

Chain Reaction (PCR) amplicons from the ribosomal 16S rRNA gene having restricted

domains for archaea and bacteria (Janda and Abbott, 2007). In 16S rRNA libraries the primers

used can produce low quality regions. Thus, for short read sequencing, it is recommended to

use the trimming software like cutadapt, sickle, fastqMcf. In 16S rRNA it is advisable to trim
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along all the sequences using a quality threshold to generate high quality sequences for

analyses. In taxonomic classification regions of the bacterial 16S rRNA gene are clustered by

two widely accepted approaches. Primarily the sequences are clustered into phylotypes based

on their previous similarities with annotated sequences in referential databases (Liu et al,

2008). Operational taxonomic units (OTUs) are essentially clusters of sequences reaching a

defined similarity threshold that can be de novo from 16S sequences (Sun et al, 2012).

Reference databases developed for the annotation of the sequenced bacterial metagenomes,

including the Green-genes database, the Ribosomal Database Project (RDP) and the SILVA

database (Balvočiūtė and Huson, 2017). OTUs can be compared to these datasets to provide a

phylogenetic position for the clusters and therefore allow comparison of taxonomic

composition across different samples. Highly dissimilar sequences are challenging as they

form less defined clusters. Also, the read-counts must be normalised before comparison using

the total sum and upper quartile normalisation procedures. The normalisation produces sample

specific dispersion as well as minimises the variability in samples (Dillies et al, 2013). The

complete linkage method represents hierarchical clustering of similar bacterial patterns.

Quantification of beta diversity can be done either via phylogenetic relationships or

non-phylogenetic (taxon based). For example, UniFrac (unique fraction), which can measure

the amount of 'unique evolution' of a community in comparison to others. The

non-phylogenetic approach includes Bray-Curtis dissimilarity; it is robust to analyze

microbiome data. Thus, while using the different primers for different regions 16S rRNA gene

led to disagreement due to distinct binding affinities of it to flanking regions and the varied

resolution capacity of each variable region in taxa (Seorgel et al, 2015). To put it concisely,

performing 16S rRNA sequencing is simple methodologically. To begin with, DNA needs to

be extracted from the sample. Then, the targeted hypervariable regions are amplified by PCR,

samples are then combined together in equal proportions prior to sequencing. On the other

hand, shot-gun metagenomics accounts for a high-quality sequence which enables the specific

taxonomic and functional sequencing and also led to the discovery of novel bacteria or their

genes, preferably in archaea (Norman et al, 2015). Therefore, it is important to analyze

meta-transcriptomics, proteomics, metabolomics and metadata, like clinical and dietary
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information to derive mechanistic models that explain the structure and function of the

microbiome.

Metagenomics, unlike metabarcoding, involves sequencing of all microorganisms in the

sample. Amplicon sequencing based on 16S rRNA gene results in deciphering microbial

biodiversity in a great range of environments including human gut (Yatsunenko et al, 2012)

and (Lozupone et al, 2007), plant roots (Lundberg et al, 2012), ocean thermal

vents (McCliment et al, 2006) and hot springs (De León et al, 2013). However, amplicon

sequencing results in the production of varying estimates of microbial diversity

(Logares et al, 2014). In addition, sequencing error and incorrectly assembled amplicons result

in the occurrence of artificial unidentified sequences (Wylie et al, 2012). Amplicon

sequencing cannot directly resolve biological functions of the taxa identified. As microbiomes

mostly comprise unculturable bacteria, often a large number of the detected species are novel

and difficult to classify (Acinas et al, 2004). On the other hand, metagenomic shotgun DNA

sequencing represents an alternative powerful environmental sequencing approach that refers

to both community biodiversity and metabolic function as well as the possible detection of

uncultured microbiota. Instead of targeting a specific genomic locus for amplification in 16S

amplicon sequencing, DNA is firstly sheared, then, independently sequenced. Resulted DNA

sequences are aligned to various genomic locations for the myriad genomes present in the

sample. Most reads will be resulted from protein coding sequences that provide insight into

the biological functions of the metagenome (Sharpton, 2014). MG-RAST is also available for

annotation purposes. For comparing microbiomes an approach called beta diversity can be

used which considers the community difference of varied environments (Tuomisto, 2010).

Owing to the ease of use, reproducibility, sensitivity, and speed of dealing with nucleic acids,

traditional microbiological methods have been quickly replaced by newer molecular

approaches. These methods enable high-throughput investigation of complex and diverse

microbial communities such as those found in soil, freshwater, and saltwater, as well as the

microbiota that coexists with a host organism (plant, mouse, human, etc). These approaches,
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for example, have been successfully utilised to characterise the plant (rhizosphere), animal,

and human microbiome, particularly the complex gut microbiota (Boughner & Singh, 2016).

Therefore, it is important to analyse omics methods including metagenomics,

meta-transcriptomics, meta-proteomics, metabolomics and metadata, having their own set of

benefits when it comes to studying microbial diversity, adaptive evolution, metabolic

alterations, and resistance mechanisms to deepen our understanding of single strains or

communities under harsh environments (Li and Wen, 2021). These omics techniques have the

potential to discover candidate genes, enzymes, metabolites regulating metabolic pathways

that may build comprehensive metabolic models to describe how community members interact

and how the external environment affects their actions in their respective species.

Furthermore, integrated multi-omics analysis can link complete information at various

biomolecular levels, resulting in more precise and full global adaptability processes in ever

changing activities of microorganisms from enteric bovine livestock. Therefore, the future

development path is to continue investigating resistance mechanisms and to apply omics data

to the creation of highly efficient engineering strains.

1.8 Analysis of Microbiomes using NGS

The Next Generation Sequencing technology has also allowed the study of human

microbiomes at a resolution that was not previously possible and enabled the creation of ‘field

guides’ to the taxa found particularly in the human gut (Eisenstein, 2020). Field guides in

human microbiomes refer to the taxa specific to a particular organ, to a particular health

condition, or to the link between differential abundance of a given taxon and being

commensal, opportunistic or pathogenetic. However, many recent studies refer to the

difficulties pertaining to this area of research, as microbial communities tend to change

dynamically, and some changes are so far unexplainable (Dethlefsen, 2007). For instance, the

proposed speculated field guides are of limited use as they cannot clearly distinguish healthy

from unhealthy microbiomes due to the vast differences between the microbiomes of

apparently healthy individuals (Eisenstein, 2020). This complication is due to the involvement

of complex combinations of environmental conditions, genetic makeup and lifestyle (diet) that
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globally influenced human microbiomes (Vangay et al, 2018) this explains the difficulties in

determining whether an individual is healthy or at risk of a given metabolic disease, ex.,

Type-2 Diabetes, based on microbiome composition. Understanding the clinical implications

of those differences is also a challenge, given the extensive interactions among microbes and

with their host, as well as the conditions in which that individual survives. Interestingly,

preterm birth can profoundly affect the signature of microbiomes of children, for whom

normal signatures require a comparatively long time to be established (Callahan et al, 2017).

Researchers have speculated that a healthy microbiome might not be healthy in another

context (Eisenstein, 2020).

It is generally held that the description of a ‘commensal’ microbe is temporally and

spatially influenced as this microbe can be converted to advantageous microbe due to the

change in relative abundance or if this microbe exists in a different environmental condition

(Rothschild et al, 2017) also a commensal microbe could become pathogenic in a different

environment. Thus, researchers are required to think beyond the term field guides and begin to

dissect interactive forces between microbes, on one hand, and between microbes and their

hosts, on the other hand. Therefore, recent applications of gut microbiome engineering in

medicine and the diet industry ought to handle the problem of imprecise definition of either

healthy microbiome or dysbiosis due to the large compositional complexity of both in either

cases. For example, the importance of microbiome engineering, particularly in humans

(targeting pre/probiotic, microbiome transfer, signalling molecule, drugs, and synthetic

biology), animals (targeting feeding enzymes, pre/probiotic, and), plants (targeting

microbiome transfer, signalling molecules), and soil (targeting agricultural management) has

been reported to promote gut health, disease prevention, resist environmental stresses, and

improve soil fertility respectively (Foo et al., 2017). Accordingly, researchers are required to

conduct more experiments in order to refute the role of the commensal versus opportunistic

gut microbiota in human health and disease. Moreover, individual microbes can vary in

colonization density of a given niche possibly due to the physicochemical differences, of

which some are highly abundant in one niche while less abundant in another niche (Biesbroek,

2012).
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Gene catalogues might be a good alternative to 16S for amplicon sequencing when

trying to detect and study targeting pathogens at a low density. This method uses mapping of

raw microbiome data against published reference genomes of the target pathogene with low

density, Therefore pathogen’s abundance, diversity and genetic background in terms of

resistome and other genes that can cause functional shifting of the microbiome might be

detected. However there are technical hurdles to this as low bacterial density and susceptibility

to bias caused by environmental contamination are two major problems when studying

pathogenic bacteria. Mitigating the pernicious effect of contamination in low density artificial

communities is also a major hurdle to analysis of microbiomes was recently discussed

(Eisenhofer, 2019). Saladié and others indicated that the choice of DNA extraction protocol

has dramatic effects in the study of microbes pathogens with low density (Saladié, 2020).

1.9 Bovine Gut Microbiome

Ruminants including cattle have a stomach with four compartments specialised to pre-gastric

digestion. These four compartments are called the rumen, reticulum, omasum and abomasum

of which the rumen is the largest and most studied. In new-born calves, rumen remains

non-functional for around three weeks, and later starts functioning, and after 6 months, it

becomes fully functional. However, the rumen is the home of diverse bacteria, protozoa, and

fungi whose function is to break the feed. The diversity of the microbial communities is highly

influenced by the age and the type of feed they consume. Ruminants, in a symbiotic

relationship with the microorganisms in the rumen, degrade and use fibrous feed as a source of

energy and nutrients, thus act synergistically to ferment plant structural and non-structural

carbohydrates and proteins. Around eighty-eight difference bacterial genera cultured from

various rumens were identified with meta-analysis approach (Kim et al. 2011). The calf rumen

remains sterile in the womb and gets exposed to microflora for the first time by ingestion of

microbiota while in the birth canal. The subsequent establishment of anaerobic microbes

comes from the mother and the environment. The rumen can be thought of as an anaerobic and

methanogenic fermentation compartment containing microorganisms capable of using

cellulolytic food and increasing their output (i.e. hay, straw, silage and grass). The rumen
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microbiome, or the community of microbes that live in the rumen, is distinguished by its high

population density, wide diversity (which includes bacteria, archaea, protozoa, and fungi), and

their complicated interactions. These microorganisms are found in three intersecting

micro-environments in the rumen: the solid phase, which makes up 70% of the

microbiological bulk, the liquid phase, which makes up 25% of the microbial mass, and the

rumen epithelial cells and protozoa, which make up 5% of the microbial mass. Interestingly,

ruminants can utilise the components that the human body is unable to break down, such as

lignocellulose, thanks to the action of their microbiota. In the rumen, the interaction between

the host and the bacteria is synergistic as the host contributes heat, moisture, and food, while

the bacteria create protein and by-products of digestion, such as the aforementioned VFAs, for

the host.

The predominant phyla present in the rumen of 2-week-old calves are Firmicutes and

Bacteroidetes, with Proteobacteria accounting for 20% of the sequenced bacteria. In contrast,

analysing the microbiome of rumen from grain-fed animals using pyrosequencing approach

(Callaway et al, 2010) Succinivibrio, Prevotella, Megasphaera, Bacteroides, Butyrivibrio,

Clostridium and Ruminobacter were observed at 3% or greater. Prevotella and Butyrivibrio are

two genera that predominate the forage-fed cattle (Dehority and Orpin, 1988). By the use of

Terminal Restriction Fragment Length Polymorphism (T-RFLP) technique which is used to

determine microbial communities features, it was found that high levels of Prevotella were

observed in the ruminal bacteria from cattle grazing pasture. Prevotella is one of major

ruminal genuses across most bovine diets, and first bacteria isolated from rumen belonged to

same genus (de Menezes et al, 2011). Apart from the bacterial microbiome, there is enough

enumeration of protozoans in the rumen which have been studied through microscopy, within

which Entodinium accounts about 95% and is dominant genus in the rumen, especially in

animals fed high grain diets. With molecular approaches like DNA fingerprinting, Epidinium

caudatum, Entodinium caudatum and Isotricha prostoma were found to be harboured in the

rumen (Sylvester et al, 2004). Neocallimastigomycota, anaerobic fungi have been isolated

from rumen and feces of numerous animals that feed on plants including ruminant and

mono-gastric animals (Griffith et al, 2010; Liggenstoffer et al, 2010). The abundance of the
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rumen fungal community has been estimated to be around 10% of the total microbial biomass,

with variations according to diet and individual (Krause et al, 2013). The heterogeneity of

rumen microbial environment and its potential role in animal physiology raise numerous

interesting questions concerning gene transfer and the evolution of common roles among its

microbial members within niche-like nature, thus produces an understanding of lateral gene

transfer (Kav et al, 2012; Mizrahi, 2012). However, with Next Generation Sequencing

technology it can be suggested that the rumen plasmids play an important role in rumen

functions like respiration and metabolism (Kav et al, 2012). Thus, it is clear that for ruminant

livestock efficiency of food digestion and metabolism and hence important agricultural traits

such as optimal growth and milk production require the presence of an effective and efficient

microbiome (Jami et al., 2014).

1.10 Metabarcoding and metagenomic studies of the bovine digestive system

The term metabarcoding refers to the identification of the community composition via analysis

of the sequences of marker genes, while metagenomics refers to the analysis of the whole

genomes in an environmental niche. Ruminants harbour a diverse symbiotic or commensal

microbiota in their rumen. This microbiota involves bacteria, archaea, ciliated protozoa, fungi

and viruses (Mizrahi et al, 2021). Main action of this microbiota is the degradation of complex

plant fibres and polysaccharides, thereby providing the host with nutrients such as volatile

fatty acids, proteins and vitamins. In return, the host provides the substrates and environment

suitable for the survival of the commensal microbiota (Choudhury, et al, 2012). It is known

that host genetics and diet participate in shaping its rumen microbiota (Li, 2019). Other factors

influencing variation in rumen microbiota involve lactation cycles and age (Jami et al, 2013)

and (Jewell, et al, 2015). Ruminants do not manufacture the enzymes required to digest most

complex plant polysaccharides, thus the rumen provides a rich and dense habitat for anaerobic

microorganisms to perform this metabolic function. Cellulolytics, amylolytics, proteolytics;

and other functional categories of rumen microbes; breakdown a wide range of feed

components or further metabolise some of the compounds generated by other microbes

(Hungate, 1966). For example, Methanogens or methane-forming archaea that metabolize
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hydrogen produced by some fermentative microbes to produce methane. The methane

produced during this fermentation adds to global human greenhouse gas emissions and results

in a 2–12% reduction in the animal's feed energy (Ripple et al., 2014; Johnson & Ward, 1996).

Variations in methane formation and feed conversion to animal products are caused by

differences in rumen microbial populations (Kittelmann et al., 2014; Jami et al., 2014;

Carberry et al., 2012). As a result, understanding these communities is critical to

comprehending ruminal conversions of plant material into both unwanted and beneficial

ruminant products. In a survey of rumen microbiota of 742 rumen from 32 species/sub-species

of ruminants across continents, influences of diet, geographical regions, and genetic

background of the host are highly linked (Henderson, 2015). Among high-throughput omics

technologies, metagenomics approaches, for example, revealed that phylum Bacteroidetes is

energetically less favourable in the host rumen compared to phylum Firmicutes as the latter

increases nutrient availability to the host (Hart et al, 2018). Phyla Firmicutes and

Bacteroidetes were reported to be the most abundant members in rumen and gut microbiomes

at both the DNA and protein levels and comprise key fibre degraders (Hart et al, 2018). Other

taxa that are efficient in hemicellulose degradation include genera Prevotella, Butyrivibrio and

Pseudobutyrivibrio (Moraïs and Mizrahi, 2019). The latter genera are considered as dominant

taxa in the colonisation and degradation of hemicellulose as they comprise a broader

enzymatic repertoire that enables them to digest fibre efficiently (Hart et al, 2018).

Selenomonas ruminantium and members of the Succinic Vibrionaceae family are also

considered as dominant members of the rumen microbiome as they utilise secondary

fermentation products of other microbes (Scheifinger and Wolin, 1973).

The 16S rRNA gene sequencing in rumen and cecum of ruminants showed Prevotella

as an important gene in their community (Pitta et al, 2010). About 41 sequences of 16S rRNA

genes from the bovine rumen concluded that M. ruminantium and M. stadtnanae are the

predominant species (Whitford et al, 2001). In another study, Methanobrevibacter phylotypes

have also been observed in high frequency (Wright et al, 2007). Studies have initially focussed

on the composition, structure and functions of the microbial communities - including bacteria,

fungi, protozoans and viruses (Wang et al, 2015), and their impact on metabolites and gaseous
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products produced, mainly CO2, H2, H2S, CH4 obtained from them due to their environmental

impact (Pimentel et al, 2013).

To fulfil the demands of an ever-growing population, it is necessary to continue to

actively seek for and create new technologies and resources for producing animal proteins in

an economically, environmentally, and socially acceptable manner (Myer, 2019). Many

factors, including diet, animal management, host genetics, and the complex symbiotic

microbiota inhabiting the gastrointestinal system, influence the nutritional condition of beef

cattle and other ruminants. The focus on microbial implications on beef nutrition and feed

efficiency has increased appropriately throughout the last decade. Further characterization of

the complex matrix between the host and its ruminal and lower gastrointestinal microbiota

holds promise for optimising bovine production because the gut microbial communities are

critical for the degradation of low-quality feedstuffs into glucogenic, lipogenic, and

aminogenic precursors involved in energy metabolism and sustenance via other vital nutrients.

Ruminants' gut microbiota likely outnumber their monogastric counterparts in terms of

compositional and functional diversity, turning forage energy into high-quality protein and

influencing production characteristics like feed efficiency. The USDA-NIFA National Program

for Genetic Improvement of Feed Efficiency in Beef Cattle funded several of the earliest

studies looking at the relationship between the gut microbiota and beef cattle feed efficiency.

This study found a link between rumen, jejunum, cecum, and distal colon/rectum microbial

populations and feed efficiency in steers (Myer et al, 2017). These findings were based on a

feed efficiency metric that took the highest variation of average daily gain (ADG) and average

daily feed intake (ADFI) within each Cartesian quadrant into consideration (Myer et al, 2015).

In the rumen, the group of steers with higher ADG and lower ADFI (i.e., the feed-efficient

group) had considerably higher relative abundances of Firmicutes taxa, demonstrating that

higher feed efficiency is linked to more abundant Firmicutes populations. This link was

fascinating because the Firmicutes-to-Bacteroidetes ratio has been linked to fat deposition

increases and energy harvesting in dairy cattle (Ley et al., 2005; Jami et al., 2014).

Butyrivibrio was found to be the genus with the greatest relative abundance that differed

among the feed efficiency groups in jejunal bacterial investigations (Myer et al, 2016). Many
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taxa of the family Lachnospiraceae were found in the cecum of feed-efficient steers, including

Butyrivibrio, Pseudobutyrivibrio, and Blautia, indicating that energy availability to host

intestinal tissues is important (Myer et al, 2017). Colonic bacteria like Faecalibacterium were

found to be suggestive of feed-efficient steers (Myer et al, 2017), and this has been linked to

increased weight gain and lower diarrhoea rates in calves (Oikonomou et al, 2013). As a

result, Faecalibacterium abundances in growing animals may be beneficial for maintaining

weight and preventing gastrointestinal infections. These research could be important in

defining the microbial impact on beef cattle feed efficiency across the rumen and lower

gastrointestinal tract, as well as showing the potential influence of particular microbial species

on phenotypic rather than global microbial alterations. Similar studies are also being

conducted in the field of rumen microbiology to identify the bovine genome-microbiome link,

with the ultimate goal of genetically modifying the rumen microbiome for improved

production efficiency (Clemmons et al, 2019). Interdisciplinary systems-based concepts will

surely be crucial for advancements in the field of rumen microbiology. Researchers have

already begun to find heritable microorganisms and microbial characteristics in human and

animal systems when considering gut microbiomes as heritable phenotypes (Sasson et al,

2017).
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Some of the examples of microbiota present in ruminants, humans, and their cross transferring

provided in the literature has been shown in Figure (1.6).

Figure 1.6 Microbial composition of microbiome in Rumenants (cattle) and human gut
systems. A) Composition and abundance of bacterial taxa from rumen microbes, as
determined by pyrosequencing of the 16 S rDNA gene B) similarity of Bovine Rumen
Microbiota across Individual Animals (Adapted from Jami E, and Mizrahi I (2012). C)
different regions of the human GI tract constitute different concentrations and groups of
microorganisms, D) composition of the human gut microbiome showing dominant bacterial
communities and fungal or protozoan species covering a small fraction (Adapted from
Srivastava et al, 2022).

This figure highlights there are some common core microbial signatures to human gut

microbiota and the gut microbiota of animals (principally consisting of Bacteroidetes,

Firmicules, Actinobacteria) forming a complex ecological community, although some are not
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completely explored yet. It also describes that the variations of microbial composition of

bovine rumen microbiota across individual animals (Jami E, and Mizrahi I (2012). Although it

is apparent that some human gut bacterial diseases originate from animals (demonstrating that

human-to-animal transmission happens) the extent to which normally non-pathogenic

commensal taxa are transferred between people and animals has not been fully investigated

(Ellis et al, 2013). However, below an example has been highlighted of colonization of the

human gut by bovine bacteria present in parmesan cheese showing the cross transfer of

microbes from cattle to humans (Milani et al, 2019). This figure depicts how dairy

cattle-associated bacteria can be transferred to the human gut via consumption of parmesan

cheese across the food production chain and employed a multiomics approach (shotgun

metagenomics and bifidobacterial ITS profiling) (Figure 1.7). Milani et al. (2019) stated that

the engraftment of bacteria carried across the Parmesan cheese production chain to the human

gut may be aided by regular consumption of cow's milk, suggesting putative co-operative

behavior amongst some food-vectored bacteria. Additionally, it could also be possible to

identify persistent microbial taxa and functions that are indicative of efficient beef cattle once

the influence of host genetic variation on rumen microbiome composition and heritable

microbiota is established. These activities will help to accelerate microbial ecology research

and production agriculture so that high-quality protein can be produced efficiently and

sustainably for human consumption, resulting in a food-secure global population.
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Figure 1.7 An example of colonization of the human gut by bovine bacteria present in
Parmesan cheese showing the cross transfer of microbes from cattle to humans (adapted from
Milani et al, 2019). 

1.11 The Gut Microbiome Changes in Response to Pathogen infection

The changes in gut microbiome may change the infectivity and growth of parasites associated

with intestinal infections. Germ-free or gnotobiotic animals lack a microbiome and are

generally effective models for considering the importance of the microbiome in disease.

Nevertheless, some harmful implications, like reduced mucosal linings due to an absence of

microbial stimulation of mucosa production in germ-free sea bass [Centropristis] (Rekecki et

al, 2009), have been observed. Moreover, in dogs and mice, the turnover rate of the intestinal

epithelium was decreased due to reduced interaction with the bacteria that stimulates the

immune system and histological development (Fasano and Shea-donoghue, 2005). In

germ-free animals the physiological changes were also seen that decreased or increased the

34



size of the organs; as noted in germ-free rats, which have smaller hearts and caeca that are four

to six times larger than rats with ‘normal’ microbiomes (Gordon et al, 1963).

The 'normal' microbiome can be disrupted by many factors of which colonisation of

pathogens is the most important which results in a shift of microbiome population (Heselmans

et al, 2004). Cryptosporidiosis is a gastrointestinal disease caused by apicomplexan parasite

Cryptosporidium that affects young ruminal livestock, specifically neonatal calves, and can

cause a disastrous effect upon animal health. In the 1970s, the first case of Cryptosporidiosis

in cattle was detected (Panciera et al, 1971) and in 1983 infected calves with neonatal

diarrhoea were experimentally detected that were attributed to Cryptosporidium species

(Tzipori et al, 1983). Nowadays Cryptosporidiosis has been declared as an endemic disease in

cattle which can cause neonatal enteritis (Cho and Yoon, 2014). Four species of

Cryptosporidium have been detected of which C. parvum showed clinical symptoms in

neonatal calves (Fayer et al, 2005). The age-related distribution of Cryptosporidium species

may be suggested as changes in microflora of the host due to dietary habits that affect the

ability of the parasite to infect the gut. This has been supported by the age-related

susceptibility of pigs to C. scrofarum; while C. suis infected all age groups of pigs, C.

scrofarum only infected older animals (Kvac et al, 2009). Pigs are thought to be one of the

most important Cryptosporidium reservoir hosts among vulnerable animals as many species

such as C. suis, C. parvum, C. muris, C. andersoni, C. scrofarum, and C. tyzzeri have been

isolated from pigs (Yui et al., 2014). However, there are reports which have highlighted that

pigs are susceptible to C. hominis and C. meleagridis infections, implying that pigs could be a

source of infection for humans and other animals, posing an unseen threat to human security

(Sheoran et al., 2012). It has been recently suggested that specific alterations in the

host-microbiome allow for more favourable growth of cryptosporidial parasites including a

significant decrease in anaerobes and overgrowth of Enterobacteriaceae leading to a reduction

in butyrate production (Charania et al, 2020). These alterations in the microbiota provide the

conditions for other bacterial pathogens or commensals to flourish. Therefore,

cryptosporidiosis can lead to long-term dysbiosis of the gut (Partida Rodriguez et al, 2017). It

has been reported that infections with C. parvum are associated with changes in the microbiota
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that lead to a reduction in faecal indole (Chappel et al, 2016). These changes include a

decrease in the proportion of E. coli. Bacillus spp and an increase in Prevotella spp and

Bacteroides. These changes can completely disrupt the normal microbiome of the host and

may thereby cause fatal interactions due to alterations in immune response (Peterson et al,

2007).

1.12 The Role of the Microbiome in Cryptosporidiosis

Compared to the human faecal microbiome and its association with various diseases such

diarrhoea, very little is known about microbiome changes during cryptosporidiosis. The

primary shield between the host tissue and the microbiota is mucus which prevents microbial

translocation (McGuckin et al., 2011). Also, the antimicrobial peptides produced by intestinal

lineages of cells provides an important role in limiting the exposure to microbiota. These

antimicrobials enhance the enzymatic action on bacterial cell walls or the inner compartments

of the cell as well (Hooper and Macpherson, 2010). RegIIIγ, a mucosal peptide with

antibacterial action is expressed either after birth or after the colonisation of the germ-free

mice (Cash et al., 2006). RegIIIγ also maintains the segregation between microbiota and host

intestine creating a visualised separation called a demilitarised zone (Vaishnava et al., 2011).

Memory T cells reside mostly in the tissues that are harboured by microbiota like skin and GI

tract. Mostly IL-17 (Th17) and IFNγ (Th1) T cells are found in the GI tract and develop in

response to signals derived from the microbiota (Macpherson and Harris, 2004; Ivanov et al.,

2008; Gaboriau-Routhiau et al., 2009).

In pre-weaned dairy calves, Firmicutes was the most prevalent phylum observed in the faecal

samples with prevalence ranging from 63.84% to 81.90%, this was followed by phylum

Bacteroidetes with prevalence ranging from 8.36% to 23.93%, Proteobacteria (23.72% to

9.75%), Fusobacteria (0.76% to 5.67%) (Oikonomou et al, 2013). However, in the early weeks

of life, the incidence of diarrhoea was highly associated with a reduction of microbial

diversity. It was observed that an increase in microbial diversity in the faecal samples after the

second week was associated with higher weight gain. The higher prevalence of

Faecalibacterium spp. were associated with higher weight gain and less diarrhoea
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(Oikonomou et al, 2013). In another study, an increase in the Fusobacterium abundance was

observed in the stool samples of animals infected with C. parvum. The severity of diarrhoea

increased high with an increase of Fusobacterium and C. parvum, suggesting the role of

Fusobacterium as an important factor of cryptosporidiosis in animals (Ichikawa-Seki et al,

2019).

Aims of the study presented

1) To assemble a pipeline for the simultaneous detection of Cryptosporidium and

compositional analysis of metagenomes in genome shotgun sequences derived

from bovine faecal DNA.

2) To utilize these data to understand the potential impact of Cryptosporidium

infection on the faecal microbiome.
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CHAPTER 2

Benchmarking methods for detecting Cryptosporidium using metagenomic
shotgun methods

2.1 Introduction
In this chapter a pipeline is set out for Cryptosporidium detection in faecal DNAs using
metagenomic shotgun sequencing to ascertain the possibility of identifying Cryptosporidium,
evaluating the parasite load and determining what a cut-off for detection would be. While
metagenomic sequencing is a very powerful method to determine the taxonomic content of a
sample, there are potential sources of error from contamination or mismapping of reads.
Therefore, initially it was set out to simply determine if it is possible to tell the difference
between an un-infected sample and an infected sample, and what the threshold of detection is.

2.1.1Mapping methods
Read mapping is the process by which short reads of DNA sequences are aligned to a
reference genome (or genomes) in order to determine where the query sequence originated
from and if the query genome has any differences from the reference. Mapping software
represents a big challenge when mapping large numbers of short reads, since some software
depends on shredding the reference genome sequence while other softwares chops read
sequences for the scanning process which sometimes requires large virtual memory (Li and
Durbin, 2009). Here in this study BWA (Li and Durbin, 2009) and CENTRIFUGE (Kim et al,
2016) were used to assess which mapping method would produce an accurate detection of
Cryptosporidium derived reads from a mixed sample. BWA maps sequences to specific
reference genomes whereas CENTRIFUGE maps sequences to a database consisting of many
genomes with different lengths and checks which genomes are hit by the sequences.

2.1.2 Using metagenomics to find pathogens
Metagenomic shotgun sequencing has been used previously to find pathogens, for example
(Yang et al. 2016) applied metagenomic methods across the beef production food chain to
identify a number of different common pathogens. They used the log read count as a proxy for
relative abundance of the pathogens (although the total cell count was not known) and
demonstrated that the relative abundance for a number of pathogens increased. Huang et al.
(2017) used a similar approach to accelerate the method for identifying pathogens in
foodborne disease outbreaks. The use of this method in public health has been reviewed,
metagenomic methods for pathogen detection can provide rapid information such as strain
typing and potentially clinically important traits such as antibiotic resistance but it may lack
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sensitivity for pathogens that are at low abundance compared to PCR detection (Miller et al,
2013).

Before applying these methods on ‘real world’ samples, first benchmarking samples were used
to understand the threshold of detection. In this case samples of DNA from human faecal
samples that have been ‘spiked’ with increasing quantities of Cryptosporidium DNA were
used. These samples were sequenced and benchmarked with a variety of methods to find the
detection threshold.

2.2 Material and methods
Previous approach was applied on two sets of spiked samples i.e samples that had a specific
quantity of Cryptosporidium cells added to them. A single human faecal sample was split into
thirteen equal (250 mg) parts with different numbers of Cryptosporidium oocysts (a log
dilution, as described in Table 2.1) and using 2 different sets of extraction conditions. The
second set comprised a single faecal rabbit sample similarly split into 5 (250 mg) parts spiked
with Cryptosporidium oocysts (as described in Table 2.2).
The human samples were obtained from King’s College London where the DNA of the 13
samples was extracted from the stool of a patient with a non-enteric disorder using the Qiagen
DNeasy Powersoil Pro extraction kit (according to the manufacturer’s instructions), in brief,
stool samples were lysed by chemical and mechanical homogenization. Lysis buffer was added
to a mixed zirconium bead tube containing 250 mg of feces and oocysts. Bead beating was
performed using a bead beater (PowerLyser). DNA was purified from the lysates via the
supplied silica spin filter membranes. DNA was eluted using a 10 mM Tris elution buffer and
the Qubit dsDNA BR assay kit was used to calculate the DNA concentration in each sample.
Six samples (S1T, S2T, S3T, S4T, S5T and S6T) out of the 13 underwent an additional heating
step of 70o C for 5 min to encourage cell lysis, these are marked with a letter ‘T’ in their
sample ID. One sample (S0) is a control sample with no C. parvum oocysts added. Each
sample was sequenced using an Illumina NOVAseq 6000 system using 2×150bp paired-end
reads.
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Table 2.1 Spiked human faecal samples from King’s College London. Number of
Cryptosporidium parvum (IOWA) added to each 250 mg aliquot of faecal material. S1T to
S6T were heat treated at 70oC for 5 min.

Sample ID
Total number of
paired-end reads

Positive/ Negative PCR
for Cryptosporidium after

spike-in

Number of
Spike-in

Cryptosporidium
Oocysts

S0 3,510,890 Pseudo-control 0

S1 3,911,740 Positive 107

S2 3,587,910 Positive 106

S3 3,869,916 Positive 105

S4 3,499,240 Positive 104

S5 3,573,980 Positive 103

S6 4,267,300 Positive 102

S1T 3,664,230 Positive 107

S2T 4,114,610 Positive 106

S3T 3,729,520 Positive 105

S4T 3,777,270 Positive 104

S5T 4,853,910 Positive 103

S6T 3,130,760 Positive 102

In comparison, the uninfected rabbit samples were acquired from the University of East
Anglia, prepared by a different investigator and the kit that was used for the DNA extraction
was the FastDNA SPIN Kit for Feces (MP biochemicals, according to the manufacturer’s
instructions), Briefly, samples were mixed with the lysing matrix supplied. Oocysts were
disrupted using zirconium beads but utilising a vortex adapter rather than a dedicated
bead-beater, no heat treatment was employed. Following centrifugation at 14,000 × g for 5
min supernatant was transferred to a fresh tube and precipitated. The resulting supernatant was
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mixed with binding solution and then applied to a spin column and DNA eluted with the tris
buffer.

Table 2.2 Spiked rabbit samples from University of East Anglia. Number of
Cryptosporidium parvum (IOWA) added to each 250 mg aliquot of faecal material. MMNC is
the unspiked sample which served as a negative control.

Sample ID
Total number of
paired-end reads

Positive/ Negative PCR
for Cryptosporidium after spike-in

Number of Spike-in
Cryptosporidium

Oocysts

MMNC 3,495,590 Negative 0

MMPC 3,939,682 Positive 107

MM6 562,221 Positive 106

MM5 3,035,760 Positive 105

MM4 211,433 Positive 104

2.2.1 Genome sequencing

Sequencing was carried out using the LITE protocol by the Genomic Piplines group at the
Earlham Insitute (Perez-Sepulveda et al, 2021). Briefly, A master mix containing Nextera
buffer, Nextera enzyme, and f DNAse-free water was combined with of normalized DNA.
This reaction was incubated at 56 °C for 10 min. Then, appropriately barcoded P7 adapter was
added, and then a master mix containing appropriately barcoded P5 primer , Kapa Robust 2G
5× reaction buffer, dNTPs, Kapa Robust 2G polymerase, and DNase-free water were added to
the tube. This PCR amplified as follows: 72 °C × 3 min, 98 °C for 2 min, then 14 cycles of
98 °C × 10 s, 62 °C × 30 s and 72 °C × 3 min, followed by a final incubation at 72 °C for 5 min.

The amplified library purification using magnetic beads had pelleted, the supernatant was
removed and discarded, and the beads washe and re-suspended in 25 μL of 10 mM TRIS-HCl,
pH 8 (Elution Buffer) and the supernatant containing the DNA was transferred. Libraries were
pooled in equimolar concentrations and sequenced across three lanes of Illumina NOVAseq
6000 system.
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2.2.2 K-mer Density Analysis

The K-mer analysis tool KAT (Mapleson et al, 2017) was used on read files generated from
sequencing lanes to compare K-mer spectra, each set of reads were compared to their
corresponding ones from the other lane. flag -t was set to 4 to use 4 threads on HPC and
-m 27 as K-mer length shown in the following command:

kat comp -t 4 -m 27 -o output_file Lane1_L001_R1.fastq.gz
Lane2_L002_R1.fastq.gz #this tool compares and draws a
histogram of the shared K-mer between reads

kat plot density ${file}/kat_density-main.mx -o
${file}/kat.density.png #this tool is to visualise K-mer hashes
of 2 reads

2.2.3 Taxonomic classification and quantification

CENTRIFUGE version 1.0.3 (Kim et al, 2016) was used on each reads from all lanes to label
and quantify the species within all the reads using the nt database. The flag -x also was used
to produce an output file with taxonomy information in Kraken format. In addition, the flags
-1 and -2 were used because the read files were paired-end, and the flag -q because the
input reads are in FASTQ format. The command was run as below.

srun centrifuge -x nt databases -1
R1_lane_1.fastq.gz,R1_lane_2.fastq.gz,R1_lane_3.fastq.gz -2
R2_lane_1.fastq.gz,R2_lane_2.fastq.gz,R2_lane_3.fastq.gz -q --report-file
centrifuge_output_for_sampleX.tsv

#there should NOT be white spaces between read files, only just
commas

2.2.4 Mapping and and counting aligned Cryptosporidium reads

In order to perform this stage BWA version 0.7.13 (Li and Durbin, 2009), was implemented
for each sample all read files for R1 from all the three lanes were combined into one R1 read
file and the same applied on R2 read file as well. Then for each sample the R1 combined files
and R2 combined files mapped to single database references genome consisted of 7
Cryptosporidium reference genome shown in Table 2.3 using the command:
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bwa index Cryptosporidium_combined_reference_genomes.fasta

bwa mem  crypto_combined_reference_genomes.fasta R1_cobined_sampleX.fastq.gz
R2_combined_sampleX.fastq.gz >  mapping_of_sampleX.sam

samtools sort -o mapping_of_sampleX.bam mapping_of_sampleX.sam
samtools index mapping_of_sampleX.bam

Table 2.3 Details of 7 Cryptosporidium reference genomes used to build a single database to
be used in the mapping phase with BWA.

Reference Genome Accession
number

Genome Assembly Length
in Mb

Cryptosporidium hominis_30976 GCA_001483515.1 9.06

Cryptosporidium hominis_37999 GCA_000804495.1 9.05

Cryptosporidium hominis_TU502 GCA_000006425.1 8.74

Cryptosporidium hominis_TU502_2012 GCA_001593465.1 9.11

Cryptosporidium hominis_UKH1 GCA_001593475.1 9.16

Cryptosporidium parvum_IOWA GCA_015245375.1 9.12

Cryptosporidium parvum_IowaII GCA_000165345.1 9.10

Then the number of reads that hit Cryptosporidium from the mapped reads by BWA is
calculated. Thus the command was used to get the number of reads

samtools view -b -F12 mapping_of_sampleX.bam | cut -f1 | sort | uniq >
bothEndsMapped.txt
Cat bothEndsMapped.txt | wc -l

The number of Cryptosporidium reads detected is normalised to the total number of reads
generated by calculating the number of Cryptosporidium reads per million. This is calculated
using the following formula:

Cryptosporidium reads per million = 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐶𝑟𝑦𝑝𝑡𝑜𝑠𝑝𝑜𝑟𝑖𝑑𝑖𝑢𝑚 ℎ𝑖𝑡𝑠 𝑏𝑦 𝐵𝑊𝐴 𝑜𝑟 𝐶𝐸𝑁𝑇𝑅𝐼𝐹𝑈𝐺𝐸
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑇𝑜𝑡𝑎𝑙 𝐶𝑟𝑦𝑝𝑡𝑜𝑠𝑝𝑜𝑟𝑖𝑑𝑖𝑢𝑚 𝑟𝑒𝑎𝑑𝑠 𝑓𝑜𝑟𝑚 𝑎𝑙𝑙 𝑙𝑎𝑛𝑒𝑠 × 10 6
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2.3 Results

2.3.1 K-mer Density Analysis

As the samples were split across sequencing lanes it is crucial to ensure that the different lanes
did not introduce batch effects by introducing different error profiles. To ensure this was the
case, read files from different lanes were checked that they shared the same k-mer content.
The result of k-mer density using KAT (Mapleson et al, 2017) in Figure (2.1) shows that the
k-mer content from all these samples are consistent across lanes. It is noted that there is a
positive correlation in k-mer content between read files from different lanes and there was no
sign that k-mer content was mutually exclusive. Thus, the read files across all sequencing
lanes can be confidently combined.

Figure 2.1 Kat density plot comparing read file 1(x-axis) from a single  sequencing lane
against read file 1 (y-axis) from another sequencing lane for samples (a) S0, (b) S1 and (c)
S1T.
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2.3.2 Identifying Cryptosporidium using BWA and CENTRIFUGE
Table (2.4) presents the total number of reads from all lanes alongside the number of
Cryptosporidium reads detected using the two different methods, BWA (Li and Durbin, 2009)
and CENTRIFUGE (Kim et al, 2016) in accordance with the earlier normalisation equation
(Cryptosporidium reads per million).

Table 2.4 Comparison between Cryptosporidium reads per million from BWA and
CENTRIFUGE for both, King’s College London spiked human samples with Cryptosporidium
parvum (IOWA) added to each 250 mg aliquot of faecal material. S1T to S6T were heat
treated at 70oC for 5 min from. And rabbit samples acquired from University of East Anglia,
where they are spiked with Cryptosporidium parvum (IOWA) added to each 250 mg aliquot of faecal
material. Both samples S0 and MMNC served as a negative control.

Sample ID
Total number of

paired-end reads in
sample from all lanes

CENTRIFUGE
Cryptosporidium
Unique reads per

Million

BWA reads mapped to
Crypto per million

Number of Spike-in
Cryptosporidium

Oocysts

S0 3,510,890 9.40 1,937.40 0

S1 3,911,740 136.77 4,113.51 107

S2 3,587,910 16.44 1,840.35 106

S3 3,869,916 9.82 26,973.20 105

S4 3,499,240 7.14 22,784.09 104

S5 3,573,980 11.19 22,095.53 103

S6 4,267,300 11.25 8,815.41 102

S1T 3,664,230 112.17 14,099.82 107

S2T 4,114,610 14.34 6,024.14 106

S3T 3,729,520 13.94 24,321.09 105

S4T 3,777,270 9.53 12,464.82 104

S5T 4,853,910 8.86 1,299.57 103

S6T 3,130,760 6.39 4,222.94 102

MMNC 3,495,590 31.18 55,783.72 0

MMPC 3,939,682 248.24 4,783.38 107

MM6 562,221 329.05 1,202.37 106

MM5 3,035,760 61.27 5,793.28 105

MM4 211,433 42.57 1,314.84 104
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Figure 2.2 Number of Cryptosporidium read per million produced by both CENTRIFUGE
(Black bars) and BWA (Gray bars) for human samples with no heat treatment (A), human
samples with heat treatment (B) and rabbits samples (C)

Figure (2.2) shows Cryptosporidium reads per million generated by CENTRIFUGE in human

derived samples with maximum of over 100 reads per million where oocysts were spiked 107 
in 250 mg of feces. While the highest number of Cryptosporidium reads per million for the

results generated by BWA is nearly 27000 reads per million, where the spik-in amount is 105

oocysts in 250 mg of feces. In the corresponding rabbit samples the highest number of
Cryptosporidium reads per million produced by BWA is above 55000 reads per million in the
negative sample. However, CENTRIFUGE gave a number of reads per million as almost 330

reads per million at spiking amount of oocysts in 250 mg of feces. Overall, it is observed106

that the results from CENTRIFUGE show that sample S1 had the most reads classified as
Cryptosporidium followed by S2. Samples S3, S4 and S5 had a nearly similar abundance to
each other which correspond to the background detection rate. In the abundance of
Cryptosporidium derived sequence reads while the results obtained from BWA (using a
bespoke database of Cryptosporidium genomes) does not. Using both methods the control
samples appear to give a surprisingly high level of reads that map Cryptosporidium. The read
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hits were visually inspected to validate the results and therefore hits across diffrent genes were
identified.

Figure 2.3 setting a detection cutoff at 60 reads per million (dotted Red line) for
Cryptosporidium reads given by CENTRIFUGE. Five samples exceed the cutoff, one human
sample with no heat treatment (A), one human sample with heat treatment (B) and three rabbit
samples (C)

2.4 Discussion

From Figure (2.2) it seems that BWA might be giving inaccurate results because the human
samples with no heat treatment S1, S2, S3, S4, S5 and S6 were spiked with different amount
of Cryptosporidium however there is no clear difference between the control sample S0 and

the rest of the samples from BWA. It was expected that samples with C.parvum oocysts in 107

250 mg of feces spike-in would have more Cryptosporidium reads than samples with 106

C.parvum oocysts in 250 mg of feces and with C.parvum oocysts in 250 mg of feces as105

illustrated in Figure (2.4). However, BWA gave a background level of detection that meant
that it was not possible to observe the increase in Cryptosporidium in the spike in samples
while CENTRIFUGE had a much lower background detection rate. It is likely that this is due
to mismapping of reads to the Cryptosporidium reference genomes as my database only
contained Cryptosporidium references and therefore any reads that are common to many
genomes, such as low complexity regions and repeat regions will map, regardless of what
organisms the originated from. Whereas, CENTRIFUGE appears to be working better than
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BWA by giving results which are consistent with the number of Cryptosporidium cells in the
spike in samples. Therefore the cutoff detection for Cryptosporidium would be 60 reads per
million (Figure 2.3) this would equate to 107 oocysts in 250 mg of feces and should be
identifying Cryptosporidium as it is double of the negative control reads in the rabbit derived
sample.

Figure 2.4 A comparison between the number of Cryptosporidium reads per million and the
numbers of oocysts spiked into human and rabbit samples.

Interestingly, there was little variation in read numbers and hence sensitivity of detection
between the two treatments of the human spiked samples indicating good consistency in the
preparations and little effect from the heat treatment. By comparison rabbit spiked samples
showed relatively higher read numbers for the same number of spiked oocysts indicating that
the kind of host faeces and the exact sample preparation may have a considerable effect on the
sensitivity of detection.
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Surprisingly, there appears to be a large number of reads mapping to Cryptosporidium in the
negative control samples and the samples with a low number of spike-in cells. This could have
a number of explanations:

1. The negative control may have come from a host with a Cryptosporidium infection that
was undetected. However this would seem unlikely as PCR is highly sensitive.

2. There may be other organisms present that are not in the CENTRIFUGE database but
are similar enough to Cryptosporidium that the reads map to the Cryptosporidium
reference.

3. There could be cross contamination of samples; whereby material from positive
samples has contaminated the other samples during DNA prep or library construction.

4. Some of the molecular barcodes of the genomic library have been misassigned due to
sequence errors. This is unlikely as the barcodes used are quite different to each other
however it has been reported in other studies that this has occurred.
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CHAPTER 3

Analysis of the interaction of Cryptosporidium and the gut microbiome in
humans and cattle

3.1 Introduction
The previous chapter (Chapter 2) demonstrates how to detect Cryptosporidium presence in
spiked samples and set a cutoff for detection. Therefore this approach should be able to
simultaneously measure the presence of Cryptosporidium in a faecal sample and study the
microbiome of the host from the same metagenomic shotgun dataset. In this chapter, previous
method was applied to human and animal samples to test if the presence of Cryptosporidium
in the gut impacts the microbiome. Here, the same pipeline that was developed in Chapter 2
was applied to human and two sets of cattle samples and also to investigate the wider
eukaryotic and prokaryotic microbiome to ascertain if there are differences in the infected
individuals.

3.1.1 The impact of infection on microbiomes
The microbiome plays a crucial role in a host's health, the gut metabolome seems to be
influenced by changes that occur to gut microbiota composition (Corrêa‐Oliveira et al, 2016),
pathogen colonization affecting the natural pattern of the microbiome (Heselmans et al,
2004). Furthermore, pathogens may cause chronic gut microbiome imbalance (Partida
Rodriguez et al, 2017). Cryptosporidium infection can lead to antimicrobial peptide
deprivation which has an impact on the gut microbiota content, increasing gram-negative
bacteria abundance (Rossignol et al, 2006). Cryptosporidium has been demonstrated to impact
the host microbiome in a number of studies. For example Karpe et al. (2021) has shown in
mice Cryptosporidium caused an increase in the proportion of bacteria associated with a
stressed gut environment which in turn caused an increase in host proteins involved in energy
pathways and Lactobacillus Glyceraldehyde-3-phosphate dehydrogenase were upregulated
during infection. Also, in mice Charania et al. (2020) demonstrated that the microbiome of the
host can influence the susceptibility to infection. Moreover, Ichikawa-Seki et al (2019) have
shown that in cattle Fusobacterium (some of which are known to be pro-inflammatory) may
be an important aggravating factor of cryptosporidiosis as it is associated with infection.

50



3.2 Methods
Human stool samples were acquired from Public Health Wales where all samples had tested
positive for Cryptosporidium by PCR. The DNA had been extracted using Invitrogen purelink
microbiome DNA purification kit and was sequenced at the Earlham Institute on an Illumina
Novaseq on 3 lanes using paired end reads with a read length of 150bp.   (Table 3.1).

3.2.1 Samples used in this study

Table 3.1 Human samples acquired from Public Health Wales where all samples had been
tested  positive for Cryptosporidium by PCR test.

Human samples

Sample ID
Total number
of paired-end

reads

Positive/ Negative
For Cryptosporidium

UKCU18 3,260,560 Positive

UKH101 2,974,560 Positive

UKH102 2,950,612 Positive

UKH104 212,252 Positive

UKH105 2,987,530 Positive

UKUB17 3,197,680 Positive

The first set of 11 cattle samples were taken from Calves and their mothers from a farm in
Europe as part of the Help for Dairy Cows project (H4DC) and provided by the University of
Kent where the DNA extraction was conducted by using Invitrogen purelink microbiome
DNA purification kit. 2 samples out of the 11 were PCR negative to Cryptosporidium (B165,
B174). While the remaining 9 samples out of 11 were positive to Cryptosporidium by PCR as
shown in Table (3.2). These samples were sequenced on an Illumina Novaseq on 3 lanes using
paired end reads with a read length of 150bp. At the Earlham institute, also the samples K-mer
content was analysed as demonstrated in the previous chapter (2.2.1)
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Table 3.2 Cattle samples acquired from University of Kent where 2 samples are negative
and the rest are positive for Cryptosporidium by PCR test.

Cattle samples

Sample ID
Total number
of paired-end

reads
Positive/ Negative PCR test

B165 3,350,120 Negative

B174 3,799,090 Negative

B19 3,126,340 Positive

B45 4,577,790 Positive

B50 3,967,128 Positive

B54 3,388,520 Positive

B8 4,106,290 Positive

N2 3,243,295 Positive

N3 3,495,561 Positive

N4 4,404,238 Positive

N5 4,393,070 Positive

The second set of Cattle samples were 36 pre existing dataset of cross-breed dairy adult
African cattle faecal microbiome collected from two regions of Tanzania, Rungwe region and
Lushoto region (Kibegwa et al, 2020) obtained from MG-RAST repository from a
metagenomic project
(https://www.mg-rast.org/mgmain.html?mgpage=project&project=mgp81260). QIAamp DNA
Stool Mini Kit (Qiagen, USA) was used in DNA extraction. These had not been tested for
Cryptosporidium. (Table 3.3). These samples were sequenced on an Illumina MiSeq using
paired end reads with a read length of 200bp.
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Table 3.3 Tanzanian Cattle samples downloaded from MG-RAST based on their collection
location with their total number of reads.

Cattle samples from Rungwe region Cattle samples from Lushoto region

Sample ID Total number of reads Sample ID Total number of reads

TMP017787 395,167 TRZ505 859,596

TMP017800 315,166 TRZ511 253,257

TMP017811 726,815 TRZ531 834,245

TMP017852 409,782 TRZ562 464,850

TMP017871 430,555 TRZ577 401,816

TMP017887 364,184 TRZ578 1,128,833

TMP017891 528,171 TRZ674 363,852

TMP017909 793,242 TRZ677 335,147

TMP017921 835,335 TRZ679 889,849

TMP017926 449,874 TRZ689 333,285

TMP017982 719,285 TRZ718 836,335

TMP018001 684,545 TRZ721 1,037,625

TMP018016 840,437 TRZ728 701,396

TMP018023 357,863 TRZ1429 338,294

TMP018027 310,963 TRZ1464 439,797

TMP018032 233,470 TRZ1469 419,444

TMP018046 311,466 TRZ1474 614,810

TMP018060 497,494 TRZ1480 914,889
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3.2.2 Taxonomic classification and quantification of humans and University of Kent cattle
samples

CENTRIFUGE version 1.0.3 (Kim et al, 2016) was run on all reads from all lanes to label and
quantify the species within all the reads using the nt database. The flag -x also was used to
produce an output file with taxonomy information in Kraken format. In addition, the flags -1
and -2 were used because the read files were paired-end, and the flag -q because the input
reads are in FASTQ format. The command was run as below.

srun centrifuge -x nt databases -1
R1_lane_1.fastq.gz,R1_lane_2.fastq.gz,R1_lane_3.fastq.gz -2
R2_lane_1.fastq.gz,R2_lane_2.fastq.gz,R2_lane_3.fastq.gz -q --report-file
centrifuge_output_for_sampleX.tsv

3.2.3 Mapping and and counting aligned Cryptosporidium reads of humans and University of
Kent cattle samples

In order to perform this stage BWA version 0.7.13 (Li and Durbin, 2009), was used for each
sample all read files for R1 from all the three lanes were combined into one R1 read file and
the same applied on R2 read file as well. Then for each sample the R1 combined files and R2
combined files were mapped to single database references genome which consisted of 8
Cryptosporidium reference genomes (which are provided in Appendix II) using the command:

bwa index Cryptosporidium_combined_reference_genomes.fasta

bwa mem  crypto_combined_reference_genomes.fasta R1_cobined_sampleX.fastq.gz
R2_combined_sampleX.fastq.gz >  mapping_of_sampleX.sam

samtools sort -o mapping_of_sampleX.bam mapping_of_sampleX.sam
samtools index mapping_of_sampleX.bam

Then it was needed to calculate the number of reads that hit Cryptosporidium spp genomes
from the mapped reads by BWA (Li and Durbin, 2009). Thus the command was used to get
the number of reads

samtools view -b -F12 mapping_of_sampleX.bam | cut -f1 | sort | uniq >
bothEndsMapped.txt
Cat bothEndsMapped.txt | wc -l

54



3.2.4 Analysis of pre existing dataset

For the Tanzanian dataset the same previous approach was used to identify Cryptosporidium
as previously, except in this attempt CENTRIFUGE was only employed to calculate and
identify the reads that hit Cryptosporidium against the nt database. Some amendments were
done to the use of flags of CENTRIFUGE due to the reads being interleaved, thus flag -U
was used alongside with flag -q because input read files were also in FASTQ format. And to
obtain an output file with taxonomy information the flag -x was used.

srun centrifuge -x nt databases -U sample_read.fastq -q --report-file

centrifuge_output_for_sampleX.tsv

3.3 Results

3.3.1 Identifying Cryptosporidium BWA vs. CENTRIFUGE for human and H4DC samples

In Tables (3.4 and 3.5)  again the total number of reads from all lanes was employed.
Subsequently, Cryptosporidium reads per million were calculated separately by the numbers
that were generated by both BWA (Li and Durbin, 2009) and CENTRIFUGE (Kim et al,
2016) according to the following equation:

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐶𝑟𝑦𝑝𝑡𝑜𝑠𝑝𝑜𝑟𝑖𝑑𝑖𝑢𝑚 ℎ𝑖𝑡𝑠 𝑏𝑦 𝐵𝑊𝐴 𝑜𝑟 𝐶𝐸𝑁𝑇𝑅𝐼𝐹𝑈𝐺𝐸
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑇𝑜𝑡𝑎𝑙 𝐶𝑟𝑦𝑝𝑡𝑜𝑠𝑝𝑜𝑟𝑖𝑑𝑖𝑢𝑚 𝑟𝑒𝑎𝑑𝑠 𝑓𝑜𝑟𝑚 𝑎𝑙𝑙 𝑙𝑎𝑛𝑒𝑠 × 10 6

Table 3.4 Comparison between Cryptosporidium reads per million from BWA and
CENTRIFUGE for human samples from Public Health Wales

Sample ID

Total number
of paired-end

reads in
sample from 3

lanes

CENTRIFUGE
Cryptosporidium

Unique reads
per Million

BWA reads mapped to
Crypto per million

UKCU18 3,260,560 7.36 1,233.53
UKH101 2,974,560 10.76 8,091.28
UKH102 2,950,612 31.18 2,920.41
UKH104 212,252 2,341.56 16,150.61
UKH105 2,987,530 51.88 17,870.95
UKUB17 3,197,680 254.87 11,273.80
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As these human samples are from infected individuals which had PCR positive results for
Cryptosporidium infection, Figure (3.1) shows that CENTRIFUGE detects infection in two of
the samples where sample (UKH104) looks to have a much more severe infection with an
extremely high number of reads hitting Cryptosporidium. Despite the fact that all of the 6
samples were positive for Cryptosporidium by PCR, confidently sample (UKH104) would be
the one that is coming from a highly infected human as it shows that Cryptosporidium reads
exceeded 1000 reads per million which may indicate that there is an acute infection

Figure 3.1 Number of Cryptosporidium reads per million produced by both CENTRIFUGE
with a detection cutoff (dotted red line) where two samples exceed the cutoff.
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Table 3.5 Comparison between Cryptosporidium reads per million from BWA and
CENTRIFUGE for cattle samples from University of Kent

Sample ID

Total number
of  paired-end

reads in
sample from

all lanes

CENTRIFUGE
Cryptosporidium Unique

reads per Million

BWA reads
mapped to
Crypto per

million

B165 3,350,120 42.98 2,791.24
B174 3,799,090 31.06 21,996.85
B19 3,126,340 8.64 5,059.91
B45 4,577,790 39.76 17,988.16
B50 3,967,128 41.09 17,915.23
B54 3,388,520 38.36 21,734.56
B8 4,106,290 6.09 22,861.27
N2 3,243,295 28.67 26,778.94
N3 3,495,561 32.04 4,859.59
N4 4,404,238 2.50 24,116.32
N5 4,393,070 5,054.78 105,915.00

In European cattle (unspiked) samples that are PCR positive to Cryptosporidium,
CENTRIFUGE still outperforms BWA in terms of Cryptosporidium read accuracy. Figure
(3.2) shows Cryptosporidium reads given by CENTRIFUGE where sample (N5) has a much
higher number of Cryptosporidium reads exceeding 1,000 reads per million compared to the
negative samples (B165 and B174) that have less than 100 reads per million.
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Figure 3.2 Number of Cryptosporidium read per million produce by both CENTRIFUGE and
BWA with a detection cutoff (dotted red line) where only one sample exceeds the cutoff.
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3.3.2 Analysis of the microbiota in Cryptosporidium infected human samples
The microbiota of the infected human samples was analysed to identify whether there were
any changes associated with infection. As a control for this analysis the un-spiked control
sample (S0) was used. Firstly, to identify any clusters, PCA analysis was used (Figure 3.3) to
be able to distinguish the similarities and variations in the microbiome composition between
all samples. PCA was performed based on the phylum assigned to each read, the clear outlier
from the PCA analysis presented (brown dot) is sample (UKH104) which also has by far the
most read mapping to Cryptosporidium. The other samples are separated along principle
component 2. In both the eukaryotic microbiota and the bacterial microbiota UKH104 is an
outlier.

Figure 3.3 PCA analysis for both bacterial and eukaryotic components of infected bovine
where it shows that samples UKUB17, UKCU18, UKH101, UKH102, UKH105 and S0
(control sample form King’s College London) are clustering together. Whereas sample
UKH104 is an outlier which suggests that there has been a change in its both eukaryotic and
bacterial microbiota.
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3.3.2.1 Bacterial microbiota changes associated  with Cryptosporidium infection in human
samples

Looking at Figure (3.4) sample (UKH104) has significant changes to its bacterial microbiome
where there were over 80% Bacteroidetes while in the control sample (S0) there were less than
30% Bacteroidetes. In addition a pattern of changes in the microbiome in response to
infection was observed, sample (UKH104) has much reduced microbiome diversity while it
has an increased proportion of Bacteroidetes.

Figure 3.4 The bacterial component of human unspoked samples
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3.3.2.2 Eukaryotic microbiota

By comparison in Figure (3.5) the eukaryotic microbiome content does not noticeably change
in humans infected with Cryptosporidium as noticeably all samples have the same abundance
of Eukaryota in the human gut although sample (UKH104) has marginally more Apicomplexa
in it than the other samples, presumably due to the high presence of Cryptosporidium.
However, unlike the observations in the bacterial microbiota,  there is no clear evidence of
major changes in the other phyla associated with the Cryptosporidium infection.

Figure 3.5 Eukaryotic microbiota a changes associated with Cryptosporidium infection in
human samples
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3.3.3 Analysis of the microbiota in Cryptosporidium infected European bovine samples

Principal component analysis was used to identify any clustering of the samples based on the
eukaryotic or prokaryotic component of their microbiota. Based on this analysis (Figure 3.6),
there is a small cluster of five samples in the PCA analysis of the bacterial content but this
does not specifically align with the Cryptosporidium content and sample B165 is an outlier.
There is no clustering from the eukaryotic content. The two negative control samples B165
and B174 do not cluster together on either sample.

Figure 3.6 PCA analysis for both bacterial and eukaryotic components of infected bovine
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