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Abstract 

The human microbiome - defined as the microbial communities that live in and on              
our bodies - is emerging as a key factor in human diseases. The expanding research               
field that investigates the role of the microbiome on human cancer development,            
termed oncobiome, has led to important discoveries such as the role of            
Fusobacterium  nucleatum in colorectal cancer carcinogenesis and tumor        
progression. Motivated by these discoveries, this thesis studied the oncobiome from           
different perspectives, investigating whether alterations to microbial profiles were         
associated with disease status or an adverse response to treatment. We used both             
biopsy tissue samples and 16S rRNA amplicon sequencing (N = 36), as well as              
privately and publicly available fecal whole metagenomes (N = 764) to investigate            
microbiome-colorectal cancer (CRC) associations. We observed significant       
increases in species richness in CRC, regardless of sample type or methodology,            
which was partially due to expansions of species typically from the oral cavity, as well               
as an overabundance of specific taxa such as  Bacteroides  fragilis ,  Fusobacterium ,           
Desulfovibrio and  Bilophila  in CRC. Functional potential analysis of CRC          
metagenomes revealed that the choline trimethylamine-lyase ( cutC ) gene was         
over-abundant in CRC, with the strength of association dependent on four identified            
sequence variants, pointing at a novel potential mechanism of CRC carcinogenesis.           
Predictive microbiome signatures trained on the combination of multiple datasets          
showed very high and consistent performances on distinct cohorts (average AUC           
0.83, minimum 0.81). To investigate the microbiome’s role in response to treatment,            
we profiled microbial communities of gastric wash samples in gastric cancer patients            
(N = 36) before and after neoadjuvant chemotherapy through 16S rRNA amplicon            
sequencing. Gastric wash microbial communities presented remarkably high        
inter-individual variation, with significant decreases in richness and phylogenetic         
diversity after treatment and associations with pH, pathological response and sample           
collection. The most abundant genera found in patients before or after chemotherapy            
treatment included  Streptococcus ,  Prevotella ,  Rothia and  Veillonella . Despite        
limitations inherent to differing experimental choices, this thesis provides microbiome          
signatures that can be the basis for clinical prognostic tests and hypothesis-driven            
mechanistic studies, as well as supporting the role of the human oral microbiome in              
whole-body diseases. 

 
Keywords : Oncobiome; metagenomics; 16s rRNA; colorectal cancer; gastric cancer;         
microbiome 
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Resumo 
O microbioma humano - definido como as comunidades microbianas que vivem           
sobre e dentro do corpo humano - está se tornando um fator cada vez mais               
importante em doenças humanas. O campo de estudo que investiga o papel do             
microbioma no desenvolvimento do câncer humano, denominado  oncobioma , está         
crescendo e já levou a importantes descobertas como o papel da espécie            
Fusobacterium  nucleatum na carcinogênese e progressão tumoral de tumores         
colorretais. Motivado por estas descobertas, esta tese de doutorado analisou o           
oncobioma por diferentes perspectivas, investigando se alterações nos perfis         
microbianos estavam associados à presença da doença ou a uma resposta adversa            
ao tratamento. Usamos tanto amostras de tecidos de biópsias e o sequenciamento            
do gene 16S rRNA (N = 36), quanto metagenomas fecais públicos e privados (N =               
764), para investigar associações entre o microbioma e o câncer colorretal (CCR).            
Observamos um aumento significativo da riqueza microbiana no CCR,         
independentemente do tipo da amostra ou metodologia, que era em parte, devido ao             
aumento de espécies tipicamente presentes na cavidade oral. Observamos também          
um aumento da abundância de táxons específicos no CCR, que incluíam           
Bacteroides  fragilis ,  Fusobacterium ,  Desulfovibrio e  Bilophila . Analisando o potencial         
funcional dos metagenomas, encontramos um aumento significativo da enzima liase          
colina trimetilamina ( cutC ) no CCR, cuja associação era dependente de 4 variantes            
de sequência, demonstrando ser um possível novo mecanismo de carcinogênese no           
CCR. Assinaturas preditivas do microbioma treinadas na combinação dos estudos          
demonstraram ser altamente preditivas e consistentes nos diferentes estudos         
(média de AUC 0.83, mínimo de 0.81). Para investigar o possível papel do             
microbioma na resposta ao tratamento, analisamos os perfis microbianos do suco           
gástrico de pacientes com câncer gástrico (N = 36) antes e depois do tratamento              
quimioterápico neoadjuvante. As comunidades microbianas apresentaram uma       
variabilidade inter-individual notavelmente grande, com diminuições significativas na        
riqueza e diversidade filogenética pós tratamento, além de estarem associadas          
principalmente ao pH, mas também à resposta patológica e ao tempo da coleta. Os              
gêneros mais abundantes encontrados nos pacientes antes ou depois da          
quimioterapia incluíam  Streptococcus ,  Prevotella ,  Rothia e  Veillonella . Apesar das         
limitações inerentes às escolhas experimentais, esta tese proporciona assinaturas         
do microbioma que podem servir de base para testes clínicos prognósticos e            
estudos mecanísticos, além de dar mais suporte ao papel do microbioma oral em             
doenças humanas.  

 
Palavras-chave : oncobioma; metagenômica; 16s rRNA; câncer colorretal; câncer        
gástrica ;   microbioma 
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Chapter 1. Introduction 
 
1.1 The human gut microbiome 

The human gut microbiome - defined as the collection of microbial genes,            
genomes and products that populate our intestinal tract - is the most diverse of the               
human body, with an estimated richness of 500-1000 bacterial species  (Ramakrishna           
2007) representing the bulk of the microbiota (10 12 bacteria/gm feces)  (Sommer and            
Bäckhed 2013) and about 10 million genes  (Qin et al. 2010) . The human gut              
microbiome maintains a symbiotic relationship with the gut mucosa and imparts           
substantial metabolic, immunological and gut protective functions in the healthy          
individual  (Jandhyala et al. 2015) . Strain population structures from the vast majority            
of species found in the human gut exhibit genomic variation, persisting within their             
hosts for years, indicating a stable co-existent ecosystem  (Faith et al. 2013;            
Schloissnig et al. 2012) . Strains are largely host-specific  (Faith et al. 2013;            
Schloissnig et al. 2012) , with similar strains being shared among closely related            
individuals. However, some strains of the same species may encode considerably           
different sets of genes and gene copy numbers  (Greenblum  et al. 2015) , with up to               
30% difference between their genomes  (Zhang and Zhao 2016) . Such intra-species           
variation endows each strain with potentially distinct functional capabilities, including          
virulence  (Gill et al. 2005; Salama et al. 2000; Solheim et al. 2009) , motility  (Zunino               
et al. 1994) , nutrient utilization  (Siezen et al. 2010) , and drug resistance  (Gill et al.               
2005) , with trends identified in species profiles often being poorly translated to gene             
profiles and vice versa  (Muegge et al. 2011; Turnbaugh et al. 2008) .  

The understanding of our microbiota, together with the determination of its           
composition when contrasting healthy vs. diseased states allows the identification of           
microorganism disturbances that are possibly related to disease development and          
offers a new approach for diagnosis as well as preventive and therapeutic            
interventions. Therefore, studies have investigated perturbations to the human gut          
microbiome related to disease, including inflammatory bowel disease (IBD), Crohn’s          
disease, obesity, colorectal cancer, among others  (Turnbaugh et al. 2008; Kostic et            
al. 2012; Gevers et al. 2014) .  

 

1.2 The oncobiome 

In 2002, estimates indicated that infectious agents had a central role in 17.8%             
of all hepatic, gastric and cervical cancers (1.9 million cases)  (Parkin 2006) .            
Motivated by these estimates, the fact that several body sites (such as the oral              
cavity, gastrointestinal tract and skin) have continuous contact with the exterior world            
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and cancers genetics can only explain a small proportion of disease incidence,            
studies have focused on the interplay between the human microbiome and cancer            
development, known as the ‘oncobiome’  (Thomas and Jobin 2015) . The oncogenic           
role of viruses, such as the Human Papillomavirus (HPV), has long been recognized             
(Moore and Chang 2010) , however there is still little direct evidence that the             
symbiotic microbiota can modulate carcinogenesis in humans. The most recognized          
link between bacteria and cancer is the case of  Helicobacter pylori (HP) and gastric              
adenocarcinomas  (Marshall and Warren 1984; Peek and Crabtree 2006) . This          
bacterium has been shown to secrete several virulence factors which include  CagA            
(cytotoxin-associated gene A),  VacA (vacuolating cytotoxin A),  urease , and  NapA2          
(neutrophil-activating protein A) that cause oxidative stress, chronic inflammation,         
and host DNA damage, leading to cancer  (Hardbower et al. 2013; Koeppel et al.              
2015; Wroblewski and Peek 2013) . HP is the first bacterium to be designated a type I                
carcinogen by the World Health Organization. 

Carcinogenesis is an inherently inflammatory process, with many        
proinflammatory and immunosuppressive pathways acting in conjunction with        
neoplastic processes. Microbial products, such as lipopolysaccharide (LPS),        
hydrogen sulfide and reactive oxygen species, can impact the innate and adaptive            
immune system and favor tumor growth in the colon  (Grivennikov et al. 2012) , or              
even provide mechanisms for tumor immune evasion  (Gur et al. 2015) .           
Bacteria-derived genotoxic substances, such as the toxin  fragilysin produced by the           
Enterotoxigenic  Bacteroides fragilis  and the toxin  colibactin  produced by  Escherichia          
coli  of the B2 phylogenetic group, have the ability to cause DNA damage. So far,               
studies have identified roles of specific bacteria in carcinogenesis  (Rubinstein et al.            
2013; Kostic et al. 2012) , modulation of the tumor microenvironment  (Kostic et al.             
2013) , and interference with anti-cancer immune responses and        
immune-surveillance that facilitate chemotherapy activity  (Zitvogel et al. 2013;         
Galluzzi et al. 2015; Vétizou et al. 2015) ( Figure 1 ). The emerging concept that              
cancer needs to be studied considering the complex tumor microenvironment, which           
includes components such as tumor cells, immune infiltrates and the surrounding           
microenvironment and the microbiome, may aid in the development and          
improvement of cancer treatment, including immunotherapy  (Pitt et al. 2016) .  
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Figure 1.  Role of the microbiota in cancer initiation, promotion, dissemination, and response to therapy.               
(a)  The microbiota can directly and indirectly affect the development and maintenance of inammation, which is                
one of the hallmarks of cancer. The microbiota can also affect the development of cancer-promoting conditions,                
such as obesity and metabolic syndrome, and modulate many of the inammatory and immune mechanisms               
regulating cancer initiation and progression.  Source : Dzutsev et al. 2015.  (b)  Recent advances in human               
microbiome research show mechanistic evidence of how the microbiome can modulate different hallmarks of              
cancer.  Source:  Fulbright et al. 2017 . 
 
 
1.3 Techniques for studying the microbiome 

Culture-based studies have contributed significantly to our understanding of         
the microbial world, but over the years have reached technical limitations inherent to             
the methodology. Since about 1% of the microbial world is culturable with current             
techniques  (Schloss and Handelsman 2005) , this methodology has taken a back           
seat in recent years. A great leap forward in our understanding of the human              
microbiome came with a significant drop in the cost of DNA sequencing and a              
method termed “metagenomics”, whereby the whole genetic material of a microbial           
community is sequenced. Microbial community membership and composition is then          
determined through bioinformatic and ecological approaches ( Figure 2 ).  

There are two major strategies for analysing metagenomic DNA; via          
polymerase chain reaction (PCR) amplification of the prokaryotic 16S rRNA gene or            
via whole metagenome shotgun (WMS) sequencing. Each strategy has its pros and            
cons, depending on the aims of the study and tissue-type, which impacts the             
human/non-human nucleic acids ratio. 16S rRNA amplicon sequencing is quick,          
simple and with relatively inexpensive sample preparation and bioinformatic         
infrastructure and analysis. It is amenable to low-biomass and highly          
host-contaminated samples, providing a snapshot of community composition,        
membership and structure. However, it is subject to amplification biases  (Bonnet et            
al. 2002) , which can be magnified by the choice of primers and variable region              
(Walker et al. 2015) , that in most cases leads to limited genus level resolution and               
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functional information. WMS sequencing on the other hand can directly infer the            
relative abundance of microbial functional genes, provide species and strain-level          
resolution  (Scholz et al. 2016) , capture phages, viruses, plasmids, microbial          
eukaryotes and does not suffer from PCR-related biases. It can also estimate  in situ              
growth rates for target organisms with sequenced genomes  (Korem et al. 2015) ,            
allows the recovery of genomes (metagenomic assembled genomes - MAGs)  (Parks           
et al. 2017) and can be used to mine for novel gene families. However, this method                
is relatively expensive, laborious and with complex bioinformatic infrastructure and          
analysis. Samples with a high contamination of host-derived DNA and organelles           
may obscure microbial signatures and large sequencing depths are typically          
required. Other techniques to study the microbiome include metatranscriptomics,         
metametabolomics, metaproteomics and microarrays. However, some of these        
methods are still emerging and without comprehensive databases or analytical          
pipelines, have not yet been widely adopted.  

 
Figure 2.  Current and emerging bioinformatic methods for studying the human microbiome . Community             
DNA is extracted from a sample containing several microbial species (colored differently). Total DNA is extracted                
and the composition of the community can be determined by amplifying and sequencing the 16S rRNA gene.                 
Highly similar sequences are grouped into operational taxonomic units (OTUs), and these OTUs are classified               
using databases of recognized organisms. OTUs can then be analyzed in terms of presence/absence,              
abundance, or phylogenetic diversity. To determine biomolecular and metabolic functions present in the             
community, the total metagenomic DNA may be sequenced and compared with function-oriented databases.             
Alternatively, sequenced community DNA can be compared to reference genomes. The emerging fields of              
metatranscriptomics, metaproteomics, and metametabolomics will aid in our understanding of the human            
microbiome.  Source :  Morgan et al. 2013 .  
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1.4 Colorectal cancer 

Tumors of the lower digestive tract, which include colon and rectal cancer, are             
the third most commonly diagnosed neoplasia with 1.4 million people diagnosed           
annually  (Torre et al. 2015) . The World Health Organization estimates an increase of             
77% in the number of newly diagnosed colorectal (CRC) cases and an increase of              
80% in deaths from CRC by 2030  (Binefa et al. 2014) . Sporadic, as opposed to               
hereditary, CRCs account for approximately 70%-87% of cases  (Frank et al. 2017)            
and genetics can only explain a small proportion of disease incidence  (Galvan  et al.              
2010; Foulkes 2008) . This points to the potential role of other variables including             
lifestyle and environmental factors as disease co-determinants. Reported risk factors          
associated with CRC include age, tobacco and alcohol consumption, lack of physical            
activity, increased body weight and diet  (Johnson et al. 2013; Wei et al. 2004; Huxley               
et al. 2009) . Of particular importance is the fact that all of these risk factors can                
directly or indirectly modify the microbiota, and since human colonic cells have high             
replication rates (10 11 small intestine epithelial cells being shed each day)  (Williams            
et al. 2015) , makes them more susceptible to mutations and consequent           
carcinogenic transformation, motivating researchers to investigate possible bacterial        
genera and species associated with CRC. 

Due to practical issues related to obtaining the required biopsy samples - from             
patients and controls - studies have focused their analyses of microbial community            
compositions on either tissue samples of more specific regions of the lower digestive             
tract, such as the proximal/distal colon and the rectal tissue, or fecal samples. Fecal-              
and tissue-associated microbiota have been shown to be significantly different          
(Durbán et al. 2011; Hong et al. 2011; Mira-Pascual et al. 2015; Flemer et al. 2017)                
which could lead to a lack of representativeness with respect to the bacterial biofilm              
of the rectal mucosa  (Durbán et al. 2011; Gevers et al. 2014) , reflecting the disease               
state but possibly not the tumor microenvironment. Despite these differences and           
limitations, fecal microbiota studies have contributed greatly in our understanding of           
the general gut microbiota composition and its dysbiosis in different scenarios  (Wu et             
al. 2013; Sabino et al. 2016) . Whereas, colon and rectal cancers have been routinely              
studied together as CRC, evidences indicate these to be distinct nosological entities.            
Differences in embryological origin, anatomy, treatment, metastatic potential, and         
outcome between colon cancer and rectal cancer have led to discussions as to             
whether neoplastic lesions of these two anatomical sites should be considered as            
different diseases, with further dichotomization of colon cancers into distal and           
proximal  (Tamas et al. 2015) . 

So far, only two studies have investigated the rectal microbiota exclusively           
(without the inclusion of colon samples). One study  (Sanapareddy et al. 2012)            
investigated rectal biopsy samples from 33 control individuals and 38 individuals with            
adenomas. Adenoma samples presented increased richness when compared to         
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controls, as well as increased abundance of the eubacterial genera  Helicobacter ,           
Pseudomonas and  Acinetobacter . The other study  (Araújo-Pérez et al. 2012) used           
rectal swabs and biopsy samples in order to investigate differences in microbial            
communities between these two sampling strategies and found significant         
differences between them.  

In work by Zeller et al. 2014, the accuracy of fecal WMS sequencing for CRC               
detection was compared to the accuracy of the clinically used fecal occult blood test              
(FOBT). The authors found that both had similar accuracy, however, when both            
approaches were combined, they observed a 45% increase in sensitivity without           
losses in specificity (area under the receiver operator curve (AUC) = 0.87; true             
positive rate = 0.72). Microbial species that contributed with >51% of the total             
absolute weight in their classification models included two  Fusobacterium nucleatum          
subspecies;  Fusobacterium nucleatum vicentii  and  Fusobacterium nucleatum       
animalis , and also  Porphyromonas asaccharolytica ,  Peptostreptococcus stomatis ,       
Clostridium  symbiosum and  Clostridium hylemonae , all of whom were enriched in           
CRC samples. In terms of functional potential, the authors found 24 KEGG modules             
and 20 CAZy families to significantly differ in abundance in CRC patients, with host              
cell glycans being significantly more exploited in the CRC-associated microbiome.          
However, the authors state that using the functional profile alone did not improve             
classification accuracy in terms of the taxonomic and FOBT classification model           
(AUC = 0.77). Yu et al. 2015 used a different approach for taxonomic profiling of their                
samples, creating species-level molecular operational taxonomic units using the         
mOTU profiling software (Sunagawa et al. 2013) and two other species-level           
methods; metagenomic linkage groups (MLGs) and mapping reads to the IMG           
database. They found a significant enrichment of  Eubacterium ventriosum in healthy           
controls and of  Parvimonas micra ,  Solobacterium moorei and  Fusobacterium         
nucleatum in CRC samples across all three methodologies. In two of the three             
methodologies, they found a significant enrichment of  Peptostreptococcus stomatis         
in CRC samples. Using random forests for their machine learning approach of CRC             
detection, the authors obtained AUCs ranging from 0.86-0.96 depending on the           
classification methodology. For biomarker discovery, the authors used the minimum          
redundancy maximum relevance (mRMR) feature selection method  (Peng  et al.          
2005) on a catalogue of 140,455 disease-associated genes they created using a            
Metagenomic Wide Association Study (MGWAS). The authors found 20 genes in           
their cohort that were strongly associated with CRC status, but when they attempted             
to use these genes to classify samples of another Danish CRC metagenomic            
dataset, an AUC of 0.71 was achieved. In work by Feng et al. 2015  (Feng et al.                 
2015) , the authors found 130,715 genes to be differentially abundant between their 3             
samples groups (CRCs, advanced adenomas and healthy controls). These genes          
were then used to create MLGs and were classified by mapping reads to the IMG               
database using species-level resolution. The authors found a number of MLGs           
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classified as different  Bacteroides and  Parabacteroides species enriched in CRC          
samples, which also included MLGs classified as  Clostridium symbiosum ,  Bilophila          
wadsworthia ,  Escherichia coli and  Alistipes putredinis . The authors then selected,          
using random forests and cross-validation, 15 MLGs that performed well on their            
training set and achieved an AUC of 0.96 on their test set.  

Recently, some multi-cohort studies have investigated the link between CRC          
and the gut microbiome, either through 16S amplicon sequencing or WMS           
sequencing. Using eleven publicly available 16s rRNA datasets on stool and           
tissue-based CRC microbiota, Drewes et al. 2017 found that CRC tissues were            
enriched for invasive biofilms,  Bacteroides fragilis and oral pathogens which included           
Fusobacterium nucleatum ,  Parvimonas micra , and  Peptostreptococcus stomatis . In        
total, 84% of tumors harbored at least one measure of microbial dysbiosis associated             
with CRC (enrichment of oral microbes, presence of biofilms or enrichment with  B.             
fragilis ). Using 4 publicly available WMS CRC stool datasets, Dai et al. 2018             
identified seven CRC enriched bacteria ( Bacteroides  fragilis ,  Fusobacterium        
nucleatum ,  Porphyromonas  asaccharolytica ,  Parvimonas  micra ,  Prevotella      
intermedia ,  Alistipes  finegoldii , and  Thermanaerovibrio  acidaminovorans ) that       
achieved an AUC of 0.8 when used to classify CRC samples and correlated with              
lipopolysaccharide and energy biosynthetic pathways.  

 

1.5 Gastric cancer 

Gastric carcinomas (GC) are the 4th most frequent cause of cancer,           
accounting for the second highest cancer mortality rate worldwide, with a 5 year             
survival rate of only 20-30%  (Nobili et al. 2011; Cenitagoya  et al. 1998; Crew and               
Neugut 2006) . GC mortality has been dropping around the globe, but still remains a              
serious public health concern in Asia, Andean countries, Eastern Europe and Brazil,            
where some cities present high prevalence and incidence rates. The main etiologic            
agents associated with GCs include: low consumption of carotenoids and ascorbic           
acid, high ingestion of salts and nitrates, infection with  Helicobacter  pylori  (HP),            
infection with the Epstein-Barr virus (EBV), genetic factors, obesity and tobacco use            
(Crew and Neugut 2006) . The chronic gastric infection of  H .  pylori , a gram-negative             
bacilli present in 50% of the world population  (Wang and Yang 2013) , is nowadays              
considered the principal etiologic factor of gastric cancer. The prevalence of HP for             
long periods of time increases gastric cancer susceptibility in up to 75%, due to the               
activation of different pathways that control the response to oncogenic stimuli in            
epithelial cells, leading to increased cell proliferation and migration and, most           
importantly, a constant inflammatory response  (Polk and Peek 2010) .  

19 

https://paperpile.com/c/7bDTqF/OwUl+OslL+az9u
https://paperpile.com/c/7bDTqF/mx2D+0IBr
https://paperpile.com/c/7bDTqF/OwUl+OslL+az9u
https://paperpile.com/c/7bDTqF/OwUl+OslL+az9u
https://paperpile.com/c/7bDTqF/az9u
https://paperpile.com/c/7bDTqF/bBYP
https://paperpile.com/c/7bDTqF/DNR9


 

Recent studies have investigated the association between microbial        
communities and GC, despite the knowledge that HP infection alone is a strong             
driver of gastric carcinogenesis. This is in part due to the hypothesis that other              
bacteria might play a role in cancer initiation, particularly those that can reduce             
nitrate. Coker et al. 2017 performed 16S rRNA sequencing of gastric mucosal            
samples from 81 cases that included superficial gastritis (SG), atrophic gastritis (AG),            
intestinal metaplasia (IM) and gastric cancer and validated their results using 126            
additional mucosal samples. The authors found an enrichment of 21 and a depletion             
of 10 bacterial taxa in GC compared with SG, which included  Peptostreptococcus            
stomatis ,  Streptococcus  anginosus ,  Parvimonas  micra ,  Slackia  exigua and  Dialister         
pneumosintes  and were correlated with the results from their validation cohort. The            
authors also reported a significant increase in the number of oral bacteria in GC              
compared to the other groups and a decrease in species richness when compared to              
SG. When evaluating the effect of HP on microbial communities, the authors found             
significantly more interactions among gastric microbes in HP-negative than         
HP-positive samples, however, no differences were observed in taxonomic diversity          
or richness in the gastric microbes between HP-positive and HP-negative samples           
within each disease stage. Ferreira et al. 2018 performed 16S rRNA sequencing of             
tissue samples (either biopsies or surgical specimens) from 54 patients with gastric            
carcinoma and 81 patients with chronic gastritis, finding that patients with gastric            
carcinoma had significantly decreased microbial diversity when compared to patients          
with chronic gastritis, exhibiting also significant differences in microbial community          
composition between the two groups. The authors found an enrichment of the            
genera  Phyllobacterium ,  Achromobacter, Lactobacillus, Clostridium, Citrobacter  and       
Rhodococcus and of the  Xanthomonadaceae family in gastric carcinoma samples,          
whereas  Helicobacter ,  Neisseria ,  Prevotella and  Streptococcus were enriched in         
patients with chronic gastritis. The enrichment of  Citrobacter ,  Phyllobacterium ,         
Rhodococcus and  Lactobacillus in gastric carcinoma patients and enrichment of          
Helicobacter and  Neisseria in chronic gastritis patients were validated using          
additional samples analyzed via 16s rRNA amplicon data (79 gastric carcinoma           
cases) and quantitative polymerase chain reaction (qPCR) of specific genera (15           
chronic gastritis patients and 23 gastric carcinoma patients). By calculating a           
microbial dysbiosis index (MDI), the authors found a higher MDI in gastric carcinoma             
patients compared to chronic gastritis patients, exhibiting an inverse correlation with           
alpha diversity and a direct correlation with beta diversity. The authors also found, via              
functional metagenomic inference, that gastric carcinoma microbial communities had         
increased nitrate and nitrite reductase functions when compared to chronic gastritis           
patients. Sung et al. 2016 addressed differences in microbial communities between           
gastric fluid and gastric mucosa samples from 4 individuals. The authors found that             
gastric fluid samples possessed higher diversity and richness when compared to           
paired gastric mucosa samples. The authors also found differences in phyla           
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composition, with HP and  Proteobacteria exhibiting higher abundances in mucosa          
samples compared to gastric fluid samples.  

Perioperative chemotherapy associated with surgery is one of the main          
strategies in the treatment of stage II and III GC patients, which account for the               
majority of cases. In this context, the addition of some cycles of chemotherapy             
before and after surgery reduces the risk of tumor relapse and death. However,             
chemotherapy response is heterogeneous and so far there are no standard methods            
to assess its efficacy. An increasing amount of evidence shows that the gut             
microbiota can modulate the host’s response to chemotherapeutic drugs, with three           
main clinical outcomes: facilitation of drug efficacy; abrogation and compromise of           
anticancer effects; and mediation of toxicity  (Alexander et al. 2017) . The           
mechanisms by which the microbiota can modulate the host’s response to           
chemotherapeutic drugs include: 

i) Immunomodulation: intestinal microbiota can facilitate      
chemotherapy-induced immune and inflammatory responses.  Routy et al. 2017 and          
Vétizou et al. 2015 showed the importance of the gut microbiome in the treatment of               
metastatic melanoma patients and mice models with novel targeted         
immunotherapies such as anti-PD-L1 and anti-CLTA-4, demonstrating differences in         
gut microbial profiles in treatment responders and non responders.  

ii) Metabolism and enzymatic degradation: direct and indirect bacterial         
modification of chemotherapeutic drugs might potentiate desirable effects, abrogate         
efficacy or liberate toxic compounds. Geller et al. 2017 showed that treatment with             
gemcitabine led to important changes in the gut microbiome of mice, and that             
gamma-proteobacteria possessing the long isoform of the gene cytidine deaminase          
were able to rapidly degrade the drug into an inactive form, leading to             
chemo-resistance. 

iii) Reduced diversity: chemotherapy induces changes in the diversity of the           
mucosal and fecal microbiota through altered biliary excretion and secondary          
metabolism or associated antibiotic use and dietary modifications  (Montassier et al.           
2014; van Vliet et al. 2009; Montassier et al. 2015) . As a result, pathobionts might               
predominate, leading to deleterious effects such as diarrhoea  (van Vliet et al. 2009) . 
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1.6 Motivation and aims 

The gut microbiome can have direct and/or indirect effects in cancer initiation,            
promotion and response to therapy  (Vétizou et al. 2015; Geller et al. 2017;             
Rubinstein et al. 2013; Kostic et al. 2013) . There are different proposed mechanisms             
as to how these effects may occur: through dysbiosis, production of bacterial toxins,             
secondary bacterial metabolites, among others. Motivated by these broad and          
important microbial effects, in this thesis we studied the association between the            
gastric and the gut microbiome and cancer from different perspectives, investigating           
whether alterations to microbial profiles were associated with disease status or an            
adverse response to treatment. 

1. Due to the absence of studies that evaluated the rectal tissue microbiota in             
the context of rectal cancer exclusively, in the second chapter of this thesis,             
entitled “ Tissue-associated 16S rRNA community profiling of rectal carcinoma         
patients ”, we used biopsy tissue samples to profile bacterial communities that           
were associated with the rectal mucosa through 16S rRNA amplicon          
sequencing, characterizing the bacterial diversity, community structure and        
membership when contrasting healthy and diseased states.  

2. Recent multi-cohort studies have investigated the link between the         
microbiome and CRC but had limitations that included low sample size, use of             
the low-resolution 16S rRNA amplicon sequencing approach, or low diversity          
of the targeted populations. Therefore, in the third chapter of this thesis,            
entitled “ Combined metagenomic analysis of colorectal cancer datasets ”, we         
identified reproducible CRC microbial biomarkers and assessed prediction        
accuracies for CRC detection across populations, datasets, and conditions         
through fecal WMS sequencing.  

3. The gut microbiota can modulate the host’s response to chemotherapeutic          
drugs, with studies showing an association between gut microbial composition          
and both immunotherapy response and chemotherapy efficacy. Therefore, in         
the fourth chapter of this thesis, entitled “ Neoadjuvant chemotherapy         
treatment in gastric cancer patients reveals shifts in gastric microbial          
communities ”, our aim was to assess whether gastric microbial communities          
were modulated by neoadjuvant chemotherapy treatment, aiding in the         
discovery of microbial markers of response to treatment that could help           
improve treatment decisions and outcomes in patients with a potentially          
curable disease. 
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Chapter 2. Tissue-Associated 16S rRNA Community 
Profiling of Rectal Carcinoma Patients  
 

In face of the microbiota gradient found in the human digestive tract  (Flemer             
et al. 2017; Zhang et al. 2014; Gao et al. 2015) , the possibility that tissue-associated               
microorganisms could play a more direct role in cancer initiation and development            
and the absence of studies investigating the microbiome of rectal tumors exclusively,            
this chapter focuses on investigating microbial communities present in rectal tissue           
samples, when contrasting healthy and tumor samples, through 16S rRNA amplicon           
sequencing. The results presented in this chapter are a modified version of the             
results published by  Thomas et al. 2016 .  

 

2.1 Materials and Methods 

2.1.1 Cohort 
 

With the help of Dr. Eliane Camargo Jesus, a total of 36 subjects were              
included after approval by AC Camargo Cancer Center’s ethics review board           
(ACCCC - 1614/11, January 30 th , 2012). Tissue biopsies were collected from           
subjects belonging to one of the following groups: 

Non-cancer subjects –  (Non-Cancer, NC, n= 18): All subjects had medical           
indication of exploratory colonoscopy due to complaints, such as bleeding,          
abdominal pain, constipation and chronic diarrhea. No subjects had personal or           
familial history of colorectal cancer or colitis (either ulcerative, Crohn’s, radiation or            
infectious colitis, chronic inflammatory illnesses), previous colonic or small bowel          
resection, nor previous colon adenomas or familial polyposis syndrome. Only          
individuals with complete colonoscopies that allowed the full visualization of the           
entire colon and showed no significant clinical alterations were included. 

Colonoscopy and biopsy procedures for the NC subjects -  All patients           
received standard instructions for preparation for colonoscopy that included         
consumption of 500 ml of mannitol for bowel cleansing, luftal and bisacodyl. Eligible             
subjects gave written informed consent to provide colorectal biopsies, had their           
anthropometric measures taken and answered questions about diet, consumption of          
alcohol and tobacco. Colonoscopy was performed using a Pentax videoscope model           
FC38LX. During biopsy procurement, the rectum was inflated with air and care was             
taken not to use any suction during advancement of the scope to 7-8 cm from the                
anal verge. Sterile biopsy forceps were not taken out of the channel of the scope               
until an area that was completely clear of stool was seen with clear pink mucosa.               
Biopsies were taken with 2.2 mm sterile standard forceps. 
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Patients diagnosed with Rectal Adenocarcinomas  (Rectal-Cancer, RC,  n= 18):         
Tumor specimens, located in the higher (N=15), mid (N=22) and lower rectum (N=1),             
were obtained from surgeries to remove the tumor mass. All subjects belonging to             
this group were recruited with the help of Drs. Samuel Aguiar Junior and Ademar              
Lopes at AC Camargo Cancer Center’s Pelvic Surgery Department, in São Paulo,            
Brazil. We included patients that were diagnosed with rectal adenocarcinoma          
[tumors of stage pT1 or pT2 low- or mid-straight, pT1 or pT2 or pT3 high-straight],               
that had not undergone any neoadjuvant therapy and had their tumors surgically            
resected at the Pelvic Surgery Department, AC Camargo Cancer Center, with           
diagnosis confirmed by Dr. Maria Dirlei Begnami of the Pathology Department of the             
same institution. After the histopathologic confirmation of rectal adenocarcinoma         
diagnosis, surplus samples were macrodissected and used for DNA extraction and           
bacterial community profiling.  Exclusion criteria were: patients subjected to         
neoadjuvant therapy prior to tissue collection; patients reporting inflammatory bowel          
diseases or with hereditary cancer syndromes. We also excluded all subjects (cases            
and controls) who reported the use of antibiotics for at least 4 weeks prior to               
sample-collection. 
  
2.1.2 DNA extraction 
 

DNA extraction started after incubating the samples for 18 hours in 600µl of a              
lysis buffer (Qiagen) and 15µl of proteinase K (20µg/µl) at 55ºC. After this period,              
DNA samples were extracted using a standard phenol chloroform protocol, followed           
by ethanol precipitation, quantification using a spectrophotometer (Nanodrop –         
Thermo Scientific) and visualized on 2% agarose gels to inspect DNA integrity. 
  
2.1.3 PCR amplification and sequencing of the V4-V5 region of 16S rRNA gene 
 

The V4-V5 region was amplified using a primer set designed to generate            
amplicons compatible with the chemistry available for the Ion Torrent PGM platform,            
that allowed ~400 nt of high quality sequences (Ion PGM Sequencing 400 Kit).             
Coverage of the primer set was evaluated using the Ribosomal Database Project’s            
(RDP - Release 11.2), ProbeMatch  (Cole et al. 2014) and the ARB Silva’s (Release              
115) TestPrime  (Klindworth et al. 2013) . The forward primer         
(5’-AYTGGGYDTAAAGNG-3’) and reverse primer    
(5’-CCGTCAATTCNTTTRAGTTT-3’) corresponded to positions 562 and 906,       
respectively, of the  Escherichia coli  16S rRNA gene. 

Three 50µl amplification replicate reactions were performed per sample, each          
containing: 2.5µM of each primer; 25µl of Kapa Hotstart High Fidelity Master Mix             
(Kapa Technologies) and 25ng of genomic DNA (gDNA). Thermocycling conditions          
were: 95ºC, 3 min; 98ºC, 15 sec and 40ºC, 30 sec for 35 cycles; followed by a last                  
extension step at 72ºC for 5 min. Amplicons of the three reactions from each subject               
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were pooled and purified using a MinElute PCR Purification Kit (Qiagen). The            
purified products were run on 1.5% agarose gels and gel bands within the expected              
amplicon range were excised using sterile and disposable scalpels and purified using            
the Qiaquick gel extraction kit (Qiagen) to remove artifacts, primer-dimers and           
non-specific bands. Amplicons were end-repaired and Ion Torrent adaptors with          
barcodes were ligated. Equimolar amounts of amplicons from each sample were           
pooled, using the Ion Torrent qPCR quantitation kit (Thermo Scientific), and used for             
emulsion PCR. All samples were sequenced on the Ion torrent PGM platform            
(Thermo Scientific) using two 318 v2 chips. Samples from both groups were            
processed simultaneously, to avoid possible batch effects. 
  
2.1.4 Sequence analysis 
 

Sequences processed by the Ion Torrent server (v3.6.2) were used as input            
into the  Qiime ( Quantitative insights into microbial ecology ) software package          
(Version 1.6.0)  (Caporaso et al. 2010) . We first removed sequences with an average             
quality score <20 using a 50nt sliding window. Then, we identified barcodes used for              
subject-assignment, allowing a maximum of 2 mismatches, and discarded         
sequences with no barcodes, and <200nt or >500nt after barcode removal. PCR            
primers identified at the start or at the end of the reads, allowing a maximum of 4nt                 
mismatches, were trimmed and sequences with no identifiable primers were          
discarded. After primer trimming we removed all sequences below 200nt and the            
remaining sequences were used as input for downstream analysis. 

Filtered sequences were clustered with 97% identity using UPARSE         
(implemented in  USEARCH v7)  (Edgar 2013) and the seed sequence of each cluster             
was picked as a representative. Chimeric sequences (and clusters) were identified           
using UCHIME  (Edgar et al. 2011)  and the Broad Institute’s chimera slayer database             
(version microbiomeutil-r20110519) and excluded from further analysis. The RDP         
classifier  (Wang et al. 2007) , as implemented within the  Qiime  interface (default            
parameters), was used to assign taxonomic ranks using a minimum confidence value            
of 80% and, subsequently, to each operational taxonomic unit (OTU). Unless           
otherwise stated, OTUs that occurred in less than 25% of all samples and with less               
than 3 reads were not considered. 
 In this chapter as well as in subsequent chapters we use the following             
definition for relative abundance of a taxon: for a given sample, it is the number of                
sequenced reads associated with that taxon divided by the total number of reads that              
have passed quality control, multiplied by 100. 
 
2.1.5 Alpha and beta diversity analysis 
 

We rarefied the OTU table to 17,414 sequences per sample in order to             
calculate species diversity, using the Shannon-Weaver index  (Shannon 1948) and          
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the Simpson index  (Simpson 1949) , and richness (by using the observed species)            
implemented in the R Phyloseq package  (McMurdie and Holmes 2013) . 

For beta diversity analysis, OTU-representative sequences were aligned using         
PyNAST  (Caporaso, Bittinger, et al. 2010) against the aligned  greengenes core set            
(DeSantis et al. 2006) with  Qiime default parameters, and the alignments were            
lanemask-filtered  (Lane 1991) . A phylogenetic tree was built using FastTree  (Price           
et al. 2009) , weighted and unweighted UniFrac  (Lozupone and Knight 2005)           
distances were calculated and a distance matrix was generated. Using the R            
phyloseq package, distance matrices were used to calculate coordinates for principal           
coordinate analysis (PCoA). 

Enterotypes.  Community types of each sample were analyzed by the Dirichlet           
multinomial mixture model-based method  (Holmes et al. 2012) using rarefied genera           
level counts of 16S rRNA sequencing reads. Partitioning around medoids (PAM)           
enterotyping was performed in R using genera level relative abundances and the            
“cluster” package  (Maechler et al. 2018) . We applied 4 distance metrics: Weighted            
UniFrac, Unweighted UniFrac, root Jensen-Shannon divergence and Bray-Curtis and         
assessed the quality of the clusters using prediction strength  (Tibshirani and Walther            
2005) , silhouette index and the Caliński-Harabasz statistic  (Rousseeuw 1987) using          
the “fpc” R package. 
  
2.1.6 Differential abundance analysis 
 

To investigate differences in OTU, phyla and genera abundances between          
both groups, raw counts were normalized then log transformed using the           
normalization method below, as performed by a previous study  (Sanapareddy et al.            
2012) : 
 

ormalized count log10( ( raw count umber of  sequences in that sample) verage number of  sequences/sample 1 ) N =  ÷ n × a +   

 
We also evaluated high-level phenotypical differences in microbial        

composition between both groups. Quality control passed sequences were         
closed-reference picked at 97% identity using UCLUST_Ref  (Edgar 2010) and the           
green genes core set (Version 13.5). The resulting OTU table was rarefied to 13,944              
sequences and submitted to BugBase  (Ward et al. 2017) in order to calculate             
differences between both groups in terms of microbial phenotypes. 
  
2.1.7 Data validation 
 

With help of our collaborators Ana Maria Camargo Aranha and Paola Avelar            
Carpinetti, we detected and quantified the absolute number of 16S rRNA  B. fragilis             
copies in our samples using the  QX200 TM Droplet Digital TM PCR System  (Bio-Rad).            
The primers used to amplify  the  B. fragilis  16S rRNA gene were: BF-fwd             
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5’-TCRGGAAGAAAGCTTGCT-3’ and BF-rev 5’-CATCCTTTACCGGAATCCT-3’    
(Tong et al. 2011) and to ensure further specificity, a labeled probe BF-p             
5’[FAM]-ACACGTATCCAACCTGCCCTTTACTCG-3’ [BHQ1]  (Tong et al. 2011) was       
included in the reaction. We used a commercial RNAseP  Copy Number Reference            
Assay (Thermo-Fisher Scientific) to detect and quantify human DNA. Microdroplets          
(~20.000/reaction) were generated on the Bio-Rad  QX-100 following the         
manufacturer's instructions. RNAse P and  B. fragilis ddPCR were performed in 96            
well-plates, in a final volume of 20µl, containing: 15ng of total DNA, 10ul of ddPCR               
supermix for probes (Bio-Rad), 8 pmol of each PCR BF-primer and 2 pmol of the               
BF-probe, or 1µl of RNAse P assay. PCR conditions were: 50ºC- 2 minutes; 95ºC-              
10 minutes; 95ºC- 15 seconds and 60ºC- 1 minute for 40 cycles. After cycling, the               
96-well plate was immediately transferred on a  QX200 Droplet Reader (Bio-Rad),           
where flow cytometric analysis determined the fraction of PCR-positive droplets          
versus the number of PCR-negative droplets in the original sample. Data acquisition            
and quantification was carried out using  QuantaSoft Software (Bio-Rad). To ensure           
the accuracy of the results, a minimum of 10,000 acceptable droplets per reaction             
were required for quantification using the  QuantaSoft software . Samples yielding a           
minimum of 3 positive droplets from 10–15,000 droplets analyzed were scored as            
positive.  
  
2.1.8 Immunohistochemistry 
 

Immunohistochemistry was performed by our collaborator Rafael Malagoli        
Rocha in an automated Benchmark platform (Ventana Medical Systems) for Anti- B.           
fragilis LPS antibody (mouse monoclonal - Abcam 1265/30) in whole slide tissues.            
Alkaline phosphatase conjugated to secondary polymeric system was used for IHC           
visualization. The selection of positive and negative samples was guided by the            
high-throughput sequencing (HTS) data and used to confirm the presence of  B.            
fragilis  in the sample set. The primary antibody was omitted to evaluate background             
staining. 
  
2.1.9 Statistical analysis 
 

Wilcoxon tests were used to compare mean differences between tumor and           
biopsy samples for phyla, genera and OTU log-abundances.  P-values were          
corrected for multiple testing using the Benjamini and Hochberg procedure          
(Benjamini and Hochberg 1995) . Fold changes for each genera/OTU were calculated           
using: 
 

og2F C log2(RC average ) log2(NC average 1)  L =  + 1 −  +   
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Chi-Square tests were performed on subject’s categorical data such as          
gender, alcohol and tobacco use and vital status. Student t-tests were performed to             
compare differences in the means between both groups for age, height, weight, BMI             
and alpha diversity. We used ANOSIM and ADONIS  (Oksanen et al. 2018) to             
compare differences in beta-diversity between groups using 3 distance metrics          
weighted UniFrac, unweighted UniFrac and Bray-Curtis for categorical and numerical          
variables, respectively. Linear models were built using normalized counts at the           
genera and OTU level to investigate associations with clinical-pathological         
characteristics of rectal-cancer samples, such as lymph node and perineural          
neoplastic invasion status. Unless otherwise stated, values were reported as mean           
± standard deviation and  p-values <0.05 were considered statistically significant. All           
calculations were performed within the R statistical computing environment  (R Core           
Team 2018)  unless otherwise stated. 
 

2.2 Results 

We analyzed tissue-associated bacteria from mucosal biopsies of 18         
non-cancer controls and 18 rectal adenocarcinoma tumors using 16S rRNA high           
throughput amplicon sequencing. With the help of Dr. Helano Carioca Freitas, we            
found no significant differences between rectal-cancer and non-cancer subjects         
regarding age and gender distribution, tobacco and alcohol use and other risk factors             
(Table 1). All samples consisted of rectal-biopsies. The biopsies of individuals with no             
tumor lesions derived from the mid rectum and were distributed along the            
~12cm-long human rectum, with most samples deriving from the higher-mid rectum           
(94%).  Effect size analysis using pairwise distances  (Kelly et al. 2015) between both             
groups revealed an  ω 2 ranging from 0.13 – 0.26, depending on the metric, with              
PERMANOVA  p-values <0.001, indicating that this sample size allows the          
observation of significant microbial differences between the two sample groups.  

Our analyses indicated that the PCR primers used here (V4-V5 region of the             
16S rRNA gene) covered 84.4% and 52.1% of all eubacterial sequences present in             
the ARB SILVA database and the Ribosomal Database Project, respectively          
( Appendix 1 ). Coverage rates were evenly distributed among most bacterial phyla,           
except for  Verrucomicrobia ,  where coverage rates were 21% and 10.9%, dropping           
below the 75% and 48% averages of taxa present in the SILVA and RDP databases,               
respectively. 

 
2.2.1   Sequence analysis 
 

A total of 12,078,140 sequence reads were generated, with a mean sequence            
length of 304.5nt ± 97.34nt (standard deviation - std). After quality filtering and primer              
trimming, 5,593,020 (46.3%) sequences remained, with an average of 155,361          
sequences/sample and a mean sequence length of 315nt ± 30nt. 
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Table 1 – Subject and sample data 

Demographic Non-cancer 
(n=18) 

Rectal-cancer (n=18) p-value 

Age 55.2 ± 15.7 59.3 ± 8.8 0.348 

Gender (%) 
Female 

Male 

  
9 (50) 
9 (50) 

  
8 (44) 

 10 (56) 

  
1 

Height 1.65 ± 0.08 1.70 ± 0.09 0.1 

Weight 73 ± 14.1 73.8 ± 13.5 0.87 

BMI 26.6 ± 3.7 25.3 ± 3.6 0.29 

Alcohol Use (%) 
Yes 
No 

Undetermined 

  
8 (44) 

10 (56) 
0 (0) 

  
5 (28) 

12 (67) 
 1 (5) 

  
0.568 

Tobacco Use (%) 
Yes 
No 

Undetermined 

  
12 (67) 
6 (33) 
0 (0) 

  
6 (28) 

11 (62) 
1 (5) 

 
0.129 

Pathological tumor size 
staging (%) 

pT2 
pT3 

N.A.   
5 (28) 

 13 (72) 

N.A. 

Pathological lymph node 
metastasis staging (%) 

pN0 
 pN1 
 pN2 

N.A.   
  

11 (62) 
 3 (16) 
 4 (22) 

N.A. 

Distant metastasis 
staging (%) 

M0 

N.A. 18 (100) N.A. 

Invasion (%) 
Perineural 

Angiolymphatic 

N.A. 4 (22) 
14 (78) 

N.A. 

Vital Status (%) 
Alive 

Deceased 

18 (100) 
0 (0) 

17 (95) 
1 (5) 

1 

N.A. – Not applicable 
   

When all individuals were considered, a total of 3,222 OTUs were obtained.            
Thirty-one (0.7%) OTUs were identified as chimeras by UCHIME and 209 (4.7%)            
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could not be assigned to a taxonomic rank. After filtering OTUs with less than three               
sequences and not present in at least 25% of all samples (NC and RC combined),               
1,327 OTUs remained. 
 
2.2.2 Alpha and beta diversity 
 

We observed significantly higher species richness and species diversity in          
rectal cancer samples compared to controls. This was observed for the number of             
OTUs, the Shannon index and the Simpson Index ( p-values = 0.002, <0.001 and             
<0.001, respectively) ( Figure 3A-B ). When we stratified rectal-cancer samples into          
smaller (pT2) and larger tumors (pT3), we observed an increase in species richness,             
with an average of 280 and 366 OTUs, respectively, compared to 236 OTUs in NC;               
however this effect reached no statistical significance between pT2 and pT3, maybe            
because of the reduced number of pT2 samples (N=5, compared to N=13 for pT3)              
( Figure 3B ). 

Using three distance metrics we observed consistent and statistically         
significant differences between the sample groups when considering cancer status          
(Bray-Curtis, Unweighted and Weighted UniFrac;  p-value 0.001; ANOSIM using 999          
permutations), but not for any other categorical or numerical variable, which included            
amplicon library construction, age, gender, BMI, alcohol and tobacco use ( Figure           
3D; Appendix 2 ).  

Enterotyping analysis using a Dirichlet multinomial mixture model divided our          
cohort in two clusters ( Figure 4A-C ). Enterotype I was significantly enriched for            
rectal-cancer samples, whilst enterotype II was composed mostly of non-cancer          
samples ( p-value 0.0001, Fisher’s exact test). Enterotype I had higher abundances           
of  Bacteroides, Clostridiales ,  Dorea  and other genera, whilst enterotype II was           
characterized by elevated amounts of  Pseudomonas and  Brevundimonas ( Figure         
4D ). When using the PAM based enterotyping method and criterion adopted by a             
meta-analysis of human enterotypes  (Koren et al. 2013) , we found two enterotypes            
with prediction strength above 0.9 (meaning that 90% of the data points fall within the               
cluster and 10% are outliers) using the Weighted UniFrac distance ( Appendix 3 ). 
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Figure 3 .  Alpha and beta diversity for non-cancer and rectal-cancer samples.  (a) Rarefaction curves              
showing the average number of observed OTUs for both groups. Error bars represent ± standard error of the                  
mean. Blue: non-cancer samples; red: rectal-cancer samples.  (b) Rarefaction curves showing the average             
number of observed OTUs for NC samples and for smaller (pT2) and larger rectal tumors (pT3). Error bars                  
represent ± standard error of the mean. Blue: non-cancer samples; red: rectal-cancer samples.  (c) Boxplots               
showing alpha diversity in rectal-cancer samples and non-cancer samples using different metrics (Observed             
OTUs, Shannon index and Simpson index).  (d) Principal Coordinate Analysis (PCoA) ordination plots for four               
distance metrics (Bray-Curtis, Jensen-Shannon Divergence, Weighted and Unweighted UniFrac). Ellipses          
represent the 95% confidence level assuming a multivariate t-distribution.  Source:   Thomas et al. 2016 . 
 
2.2.3 Global signatures of the microbial community 
 

We observed a significant difference in the log abundances of 6 out of 12              
detected phyla between both groups ( Appendix 4 ). The most abundant phyla           
identified were (in decreasing order)  Proteobacteria ,  Firmicutes ,  Bacteroidetes ,        
Fusobacteria ,  Actinobacteria, and  Verrucomicrobia . In non-cancer samples, we        
observed higher log abundances of  Actinobacteria ,  Cyanobacteria,  Proteobacteria        
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and  Planctomycetes, whose presence was detected in 9/18 NC samples, with an            
average log abundance of 0.54 and was absent from all RC individuals ( p-value <              
0.001). In rectal-cancer we found greater log abundances of  Bacteroidetes and of            
the much less known candidate phylum  OD1  (also known as  Parcubacteria) , whose            
presence was detected in 14/18 RC samples with an average log abundance of 0.71              
versus 1/19 NC samples and an average log abundance of 0.02 ( p-value  < 0.001). 
  

 
Figure 4. Enterotyping analysis reveals the presence of two community types.  (a) Fitting to the Dirichlet                
Multinomial Mixture model indicates optimal classification into two community types.  (b) Distribution of             
rectal-cancer samples and non-cancer samples in both enterotypes ( p = 0.0001, Fisher's exact test).  (c)               
Non-metric dimensional scaling (NMDS) ordination plot of Jensen–Shannon divergence values between           
samples. Red, community type-1; green, community type-2.  (d) Relative abundances of the top 8 most divergent                
genera between the two community types.  Source:  Thomas et al. 2016 . 
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Genera log abundances.  At the genus level, 86 out of 260 genera (33%)             
showed significant differential log abundances between both groups ( Figure 5A ).          
The top five genera with differential log abundances between the groups were            
Bacteroides ,  Phascolarctobacterium ,  Odoribacter ,  Parabacteroides, Desulfobrio     
(more abundant in the cancer group) and  Lactobacillus,  Pseudomonas ,  Bacillus,          
Escherichia ,  Acinetobacter  (more abundant in the non-cancer set) ( Figure 5B ). 

Of the 1,492 OTUs identified, 163 (10.9%) were found to have significant            
differential log abundances between both groups ( Figure 5C ). Three OTUs assigned           
to the genus  Bacteroides,  two belonging to B. fragilis and one to  B. uniformis,  as well                
as OTUs assigned to  Bilophila  sp. and  Fusobacterium sp., were significantly more            
abundant in rectal-cancer samples ( Figure 5D ). In non-cancer samples, OTUs          
assigned to  Alcaligenes faecalis, Bacillus cereus , Lactobacillus delbruecki ,  Prevotella         
melaninogenica  and Pseudomonas ssp  had higher log abundances compared to          
rectal-cancer samples. Four OTUs belonging to the  Bacilli  class were more abundant            
among non-cancer samples, including  Lactobacillus delbrueckii  ( Figure 5D ). 
 

 
Figure 5. Genera and OTU level differential abundance signatures.  (a) Volcano plot for all 260 genera found                 
in our samples. Red points indicate genera with an adjusted  p-value <0.05; green points indicate genera with an                  
adjusted  p-value <0.05 and log2FC >1. Points circled in black are genera shown in the adjacent boxplot.  (b)                  
Boxplots showing log abundances for 5 genera with significant increases (top) and 5 genera with significant                
decreases in rectal-cancer samples (bottom).  (c) Volcano plot for 1492 OTUs found in our samples. Points color                 
scheme is the same as in  (a) .  (d) Boxplots showing log abundances for 5 OTUs with significant increases (top)                   
and 5 OTUs with significant decreases in rectal-cancer samples (bottom).  Source:  Thomas et al. 2016 . 
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2.2.4 Digital droplet polymerase chain reaction of  Bacteroides fragilis         
abundance 
 

As two OTUs classified as  Bacteroides  fragilis  were among the smallest           
p-values found and with the highest fold change between the groups, we designed a              
specific ddPCR assay for  B. fragilis in order to verify the validity of the results using                
an alternative approach. As can be seen in  Figures 6A and  6B , we observed the               
expected correlation ( R 2 = 0.78) between both methods and confirmed the higher            
ratio of  B. fragilis/ human DNA in rectal cancer samples, validating the results of our              
sequencing approach ( p-value = 0.04, Wilcoxon Rank-Sum Test). To further          
evidence the presence of  B. fragilis in tumor specimens, we performed an            
immunohistochemistry assay on 3 rectal-cancer samples using an anti- B. fragilis          
LPS antibody and found that this bacterium was present in rectal-cancer tissue            
(Figure  6C-D ). 
 

 

Figure 6. Alternative approaches demonstrating the presence of  B. fragilis.  (a)  B. fragilis ddPCR              
quantification correlates with HTS-derived data. Using linear regression we obtained a correlation of R 2  = 0.78,  p                 
< 0.001. Blue: non-cancer samples; red: rectal-cancer samples.  (b) Boxplot showing log10 of the ddPCR ratio                
found for  B. fragilis after normalizing for RNAseP values for both groups. Blue: non-cancer samples; red:                
rectal-cancer samples.  (c,d) Immunohistochemisty analysis of two  B. fragilis- positive rectal-cancer samples,           
demonstrating the presence of this microbe (antibodies are labeled in red and shown with arrows) using                
magnification of 1000X.  Source:  Thomas et al. 2016 . 
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2.3 Discussion 

We observed increased species-diversity and -richness among rectal-cancer        
samples. Higher species-diversity and -richness were seen in rectal tissue samples           
from adenomas compared to normal samples  (Sanapareddy et al. 2012) and CRCs            
versus adenomas  (Nakatsu et al. 2015) and increased richness was found in CRCs             
compared to both adenomas and controls  (Mira-Pascual et al. 2015) . However, when            
looking at fecal samples, studies have had conflicting results. One study found            
increased richness of both genes and genera along the adenoma-carcinoma          
transition  (Feng et al. 2015) , whereas another found a decrease in diversity when             
comparing carcinoma samples and normal controls  (Ahn et al. 2013) and a third             
found no differences between controls, adenomas and carcinomas  (Zeller et al.           
2014) . It is noteworthy to state that these fecal studies grouped proximal and distal              
colon cancers together with rectal cancers, which could have led to differences in             
their results. We should also note that the five cases of early-stage lesions (pT2)              
showed, on average, intermediate microbial richness, when compared to non-cancer          
biopsies and a more advanced neoplastic stage (pT3). This suggests that increased            
species richness of cancer lesions could have an early role in rectal carcinogenesis. 

Alterations found at the phylum level include higher levels of  Cyanobacteria           
(possibly  Melainabacteria )  (Soo et al. 2014) ,  Actinobacteria ,  Bacteroidetes ,  OD1 ,         
Proteobacteria and  Planctomycetes  in the RC-group. We should note an important           
abundance difference for bacteria of the candidate phylum  OD1 ( Parcubacteria ).          
These highly adapted organisms have not been isolated in vitro yet; they have small              
genomes (<1Mb) and reduced metabolic properties identified in a range of anoxic            
environments. The absence of biosynthetic capabilities and DNA repair enzymes,          
derived from the genomic analyses of some  OD1 bacteria, suggests a role as             
ectosymbionts  (Nelson and Stegen 2015) . However, the putative role of these           
microbes in rectal cancer remains to be determined. A second phylum,           
Planctomycetes , which are atypical bacteria relatively close to  Verrucomicrobia and          
more frequently observed in aquatic environments (such as saltwater, fresh water           
and acidic mud)  (Fuerst and Sagulenko 2011) , also showed potential as a biomarker             
for RC, with striking differences between the groups. 

Bacteroides fragilis , a symbiotic organism common to the human intestinal          
tract, was found to be more abundant in rectal-cancer samples seen by 16S rRNA              
sequencing and confirmed by ddPCR. Other studies that investigated         
tissue-associated bacteria also found increased abundance of  B. fragilis in tumor           
samples  (Zeller et al. 2014; Nakatsu et al. 2015; Drewes et al. 2017) .  B. fragilis has                
been identified as an important human intestinal symbiont and has been suggested            
to act as a “keystone pathogen” in the development of CRC  (Hajishengallis et al.              
Curtis 2012) .  B. fragilis is an obligate anaerobe and is a minority member of the               
normal colonic microbiota with a propensity for mucosal adherence  (Sears et al.            
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2014) . Previous reports have linked enterotoxigenic  B. fragilis (ETBF) to human           
diarrheal illnesses and increased tumorigenesis in an IL-23-dependent and         
STAT3-dependent manner  (Wick et al. 2014) . The toxin fragylisin, produced by           
ETBF, is a zinc-dependent metalloprotease that triggers NF-kB signaling and cleaves           
E-cadherin, and has been suggested to be oncogenic  (Wu et al. 2009) . Bacterial             
genera known for their role in butyrate production, such as  Ruminococcus ,           
Roseburia, and  Butyricimonas were more abundant among rectal-cancers, differing         
from results reported so far  (Bultman and Jobin 2014) .  An OTU assigned to  Bilophila,              
a bile-resistant, strictly anaerobic bacterial genus, was also more abundant among           
rectal-cancer samples, and evidence suggests that products of bacterial bile acid           
conjugation, secondary bile acids, are carcinogenic  (McGarr et al. 2005; Ridlon et al.             
2014) .  Desulfovibrio , a commensal sulfate-reducing bacterium, may contribute to         
mucosal inflammation through hydrogen sulfide production, a resulting by-product of          
sulfated mucin metabolism  (Earley et al. 2015) .  Phascolarctobacterium,  known to          
produce propionate via succinate fermentation, was also increased among cancer          
samples. On the other hand, we found that  Lactobacillus delbrueckii was more            
abundant in non-cancer samples. Probiotic  Lactobacilli can modify the enteric flora           
and are thought to have a beneficial effect on enterocolitis. Treatment of            
IL-10-deficient mice with the probiotic  Lactobacillus salivarius ssp . reduced the          
intensity of mucosal inflammation and the incidence of colon cancer from 50% to             
10%  (O’Mahony et al. 2001) . 
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Chapter 3. Combined metagenomic analysis of colorectal       
cancer datasets  
 

Recent multi-cohort studies have investigated the link between the         
microbiome and CRC  (Dai et al. 2018; Drewes et al. 2017) but have suffered from               
low sample size and technical limitations such as taxonomic resolution and           
cross-dataset comparability. The recent availability of multiple whole-metagenome        
shotgun datasets of CRC cohorts  (Zeller et al. 2014; Feng et al. 2015; Vogtmann et               
al. 2016; Hannigan et al. 2017; Yu et al. 2017) presents a distinct opportunity for               
studying the cancer-associated microbiome. This chapter describes the methods and          
results obtained by combining multiple small whole-metagenome shotgun CRC         
cohorts of potentially low generalizability, to obtain a better representation of the            
spectrum of cancer cases and controls, providing strain-level and functional potential           
resolution, aiding in the understanding of the microbiome’s possible role in cancer            
initiation and promotion. The results presented in this chapter are a modified version             
of the results by Thomas, Manghi et al. 2019. 

 

3.1 Materials and methods 

3.1.1 Cohorts 
 

The study was approved by the local ethics committees (Cohort1: Ethics           
committee of Azienda Ospedaliera “SS. Antonio e Biagio e C. Arrigo” of Alessandria,             
Italy, protocol N. Colorectal_miRNA_CEC2014 and Cohort2: Ethics committee of         
European Institute of Oncology of Milan, Italy, protocol N. R107/14-IEO 118) and            
informed consent was obtained from all participants.  

For Cohort1, samples were collected from patients recruited in a          
hospital-based manner at Clinica S. Rita in Vercelli, Italy with the help of our              
collaborators Drs. Alessio Naccarati, Sonia Tarralo, Barabara Pardini, Antonio         
Francavilla, Gaetano Gallo and Mario Trompetto. Patients with hereditary CRC          
syndromes or with previous history of CRC, with uncompleted or poorly cleaned            
colonoscopy were excluded from the study. Patients were recruited at initial           
diagnosis and had not received any treatment prior to fecal sample collection and             
subjects reporting the use of antibiotics were excluded from the study. On the basis              
of colonoscopy results, recruited subjects were classified into three categories: 1)           
healthy subjects: individuals with colonoscopy negative for tumor, adenomas and          
other diseases; 2) adenoma patients: individuals with colorectal adenoma/s; and 3)           
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CRC patients: individuals with newly diagnosed CRC. A total of 80 subjects were             
recruited divided into 29 CRC patients, 27 adenomas and 24 controls. Stool was             
collected in Stool Nucleic Acid Collection and Transport Tubes with RNA stabilising            
solution (Norgen Biotek Corp) and returned before performing the colonoscopy.          
Aliquots of the stool samples were stored at -80°C until use. DNA was extracted from               
aliquot of fecal samples using the Qiamp DNA stool kit (Qiagen).  

For Cohort2, samples were collected from patients recruited at the European           
Oncology Institute in Milan, Italy with the help of our collaborators Drs. Maria             
Rescigno, Chiara Pozzi, Sara Gandini and Davide Serrano. A total of 60 subjects             
were recruited, divided into 32 CRC patients and 28 controls. Controls, matched for             
age (± 5 years) and season of blood withdrawn (± 2 years), were recruited among               
subjects who underwent recent colonoscopy and had negative or no other relevant            
gastrointestinal disorders.  Subjects reporting the use of antibiotics were excluded.          
Fecal samples were collected from healthy subjects and patients (before surgery, or            
any other cancer treatment) and directly frozen at -80°C in resuspension buffer (TES             
buffer: 50 mM Tris-HCL, 10 mM NaCl, 10 mM EDTA, pH 7.5) and kept in liquid                
nitrogen until DNA extraction.  DNA was extracted from fecal samples with G’NOME            
DNA isolation kit (MP) following a published protocol  (Furet et al. 2009) . 

With the help of Federica Armanini, sequencing libraries were prepared using           
the NexteraXT DNA Library Preparation Kit (Illumina), following the manufacturer’s          
guidelines. Sequencing was performed on the HiSeq2500 (Illumina) at the internal           
sequencing facility of the Centre for Integrative Biology, Trento, Italy.  

With the help of Paolo Manghi and Edoardo Passoli, we downloaded 5 public             
fecal shotgun CRC datasets covering samples from 6 different countries, totaling 313            
CRC patients, 143 adenomas and 308 controls ( Table 2 ). We manually curated            
metadata tables for the public cohorts according to the curatedMetagenomicDataset          
(Pasolli et al. 2017) R-package grammatical rules (cMD). The metadata table           
includes ten fields (sampleID, subjectID, body_site, country, sequencin_platform,        
PMID, number_reads, number_bases, minimum_read_length, median_read_length)     
that are mandatory for all datasets in addition to other fields that are dataset-specific. 
 

3.1.2 Sequence pre-processing, taxonomic and functional profiling 

With the help of Francesco Asnicar, fecal metagenomic shotgun sequences          
obtained from the Italian cohorts were subjected to a pre-processing pipeline           
whereby sequences were quality filtered using trim_galore (parameters: --nextera         
--stringency 5 --length 75 --quality 20 --max_n 2 --trim-n) discarding all reads with             
quality less than 20 and shorter than 75 nucleotides and then aligned to the human               
genome (hg19) and the PhiX genome for human and contaminant DNA removal            
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using bowtie2  (Langmead and Salzberg 2012) . Samples with a high percentage of            
reads mapping to the human genome and/or smaller than 1Gb were excluded.  

 

Table 2 . Sizes and characteristics of the large-scale CRC metagenomic datasets           
used in this study. 

Dataset Groups Age  BMI Gender 
F/M 

Country # of 
reads  

(x 10^9) 

ZellerG_2014  
(Zeller et al. 2014) 

Control (61) 
Adenoma (42) 

CRC (53) 

60.6 +/- 11.4 
63  +/- 9.1 

66.8 +/- 10.9 

24.7 +/- 3.2 
25.9 +/- 4.1 
25.5 +/- 5.2 

54.1/45.9 
28.5/71.5 
45.2/54.8  

 
France  

 
9.36 

YuJ_2015 
(Yu et al. 2015) 

Control (54) 
CRC (74) 

61.8 +/- 5.7 
66 +/- 10.6 

23.5 +/- 3 
24 +/- 3.2 

38.9/61.1 
35.1/64.9 

China 7.2 

FengQ_2015  
(Feng et al. 2015) 

Control (61)* 
Adenoma (47) 

CRC (46) 

67 +/- 6.5 
66.5 +/- 7.9 
67 +/- 10.9 

27.6 +/- 3.8 
28 +/- 4.7 

26.5 +/- 3.5 

41/59 
51.1/48.9 
39.1/60.9 

 
Austria  

 

 
8.3 

VogtmannE_2016  
(Vogtmann et al. 

2016) 

Control (52) 
CRC (52) 

61.2 +/- 11 
61.8 +/- 13.6 

25.3 +/- 4.2 
24.9 +/- 4.2 

28.8/71.2 
28.8/71.2 

USA 6.9 

HanniganGD_2017 
(Hannigan et al. 

2017) 

Control (28) 
Adenoma (27) 

CRC (27) 

 
NA 

 
NA 

 
NA 

USA (54) 
Canada 

(28) 

 
0.53 

CM_Cohort1 
(This study) 

Control (24) 
Adenoma (27) 

CRC (29) 

67.9 +/- 7.1 
62.8 +/- 8.6 
71.4  +/- 8.2 

25.3 +/- 3.5 
25.3 +/- 4.1 
25.7 +/- 4.1 

45.8/54.1 
40.7/59.3 
20.7/79.3 

 
Italy  

 

 
8.18 

CM_Cohort2 
(This study) 

Control (28) 
CRC (32) 

 57.8 +/- 8.3 
58.4  +/- 8.4 

24.6 +/- 3.8 
26.8 +/- 4.3 

42.9/57.1 
28.1/71.9 

Italy 5.15 

 
Total 

Control (308) 
Adenoma (143) 

CRC (313) 

-- -- -- --  
45.6 

*Numbers differed from the original sample numbers reported in the article due to metadata and/or sequence processing                 
issues. NA = Not available.  

We used MetaPhlAn2  (Truong et al. 2015) for quantitative profiling the           
taxonomic composition of the microbial communities of all metagenomic samples,          
whereas HUMANn2  (Abubucker et al. 2012) was used to profile pathway and gene             
family abundances and StrainPhlAn  (Truong et al. 2017) and PanPhlAn  (Scholz et al.             
2016) for strain-level profiling. Oral species were defined by analyzing 463 oral            
samples from the Human Microbiome Project dataset  (Human Microbiome Project          
Consortium 2012) and 140 saliva samples from  (Brito et al. 2016) . Species with             
>0.1% abundance and >5% prevalence were deemed to be of oral origin.  

3.1.3 Machine learning analysis  

With the help of Paolo Manghi, our machine learning analyses exploited 4            
types of microbiome quantitative profiles: taxonomic species-level relative        
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abundances and marker presence/absence patterns inferred by MetaPhlAn2  (Truong         
et al. 2015) , gene-family and microbial pathway relative abundances estimated by           
HUMAnN2  (Abubucker et al. 2012) .  

All machine learning experiments were run using Random Forest  (Breiman          
2001) , as this approach has been shown to outperform other popular learning tools             
for microbiome data  (Pasolli et al. 2016) . Analyses were conducted using MetAML            
(Pasolli et al. 2016) with the Random Forest implementation taken from Scikit-Learn            
(Pedregosa et al. 2011) . We used an ensemble of 1000 estimator trees and             
Shannon entropy to evaluate the quality of a split at each node of a tree; we set the                  
minimum number of samples per leaf at 5 and 30% of the total number of features,                
and chose no maximum depth of the trees, as indicated elsewhere  (Hastie et al.              
2009) . For the marker presence/absence profiles we used the number of features            
equal to the square root of the total number of features, and this percentage was               
further decreased to 1% when using gene-family profiles as they have a substantially             
higher number (>2 million gene families). 

We measured the inside-dataset prediction capability through 10-fold        
cross-validations. Each fold contained a balanced proportion of positive and negative           
classes. The procedure of forming the folds and assessing the models was repeated             
20 times and the final result is an average over 200 tests. In the LODO               
(Leave-One-Dataset-Out) approach, the moiety of data excluded from the training for           
testing corresponds to a whole cohort of patients. This technique was applied to all              
the cohorts, with each cohort hosting a balanced number of positive and negative             
cases. In the cross-stage prediction, datasets were considered two by two: one was             
used for training the model, the other to test it. 

3.1.4 Statistical analysis 

We performed univariate analyses on a per dataset basis using LEfSe           
(Segata et al. 2011) to identify features that were statistically different among groups             
and estimate their effect size. Multivariate analysis was conducted using linear           
models fitted to the data using the limma R package  (Ritchie et al. 2015) and               
possible confounders such as age, gender and BMI were included in the models. For              
the meta-analysis on taxonomic and functional profiles, we converted relative          
abundances to arcsine-square root transformed proportions and used the  escalc          
function from the R metafor package that employed Hedge’s standardized mean           
difference statistic to calculate random effects model estimates. We quantified study           
heterogeneity using the I 2 estimate (percentage of variation reflecting true          
heterogeneity) as well as Cochran’s Q test to assess statistically significant           
heterogeneity. P-values obtained from the random effects models were corrected for           
multiple hypothesis testing correction using the Benjamini-Hochberg procedure and         
corrected  p-values <0.05 were considered statistically significant. Cluster analysis         
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was conducted by calculating distance matrices from phylogenetic trees using the           
APE R package, clustering using partitioning around medoids (PAM) and computing           
clusters’ prediction strength using the cluster R package. Associations between          
distances and categorical metadata was performed using the  anosim function from           
the vegan R package.  

3.1.5 Identification and quantification of TMA producing enzymes 

We downloaded amino acid sequences that matched the keywords “ cutC ” and           
” cutD ” from UniProt90  (Apweiler et al. 2004) , mapped their IDs to EMBL CDS using              
UniParc and used the resulting DNA sequences to search, using BLASTn  (Altschul            
et al. 1990) , all 48,902 prokka  (Seemann 2014) annotated genomes available in our             
repository  (Segata et al. 2013) . Matching queries were filtered to include only            
alignments with >80% identity and length >1000nt for  cutC and >800nt for  cutD , and              
a e-value <1e-15. We used ShortBRED  (Kaminski et al. 2015) to identify short seed              
sequences that were representative of the filtered queries using UniProt’s UniRef100           
database and quantified them in the metagenomes, normalizing by the number of            
reads per kilobase million (RPKM). The pipeline was also applied to identify and             
quantify the L-carnitine/gamma-butyrobetaine antiporter ( caiT ) and the dioxygenase        
yeaW , responsible for producing TMA preferentially via carnitine degradation  (Koeth          
et al. 2014) . In order to investigate differences in  cutC sequence types, we clustered              
cutC sequences at 97% sequence identity using UCLUST  (Edgar 2010) and aligned            
raw reads to the clustered  cutC database using bowtie2  (Langmead and Salzberg            
2012) . From the bam files we calculated the breadth and depth of each sequence              
and generated their corresponding consensus sequence using Samtools  (Li et al.           
2009) and VCF utils  (Danecek et al. 2011) . We chose the representative  cutC             
sequence for each sample using two criteria: i) the highest breadth; ii) if there were               
multiple  cutC sequences with the same breadth, the one with highest depth. We             
filtered representative  cutC sequences from each sample to include only those with a             
breadth >80%, aligned them using MAFFT  (Katoh and Standley 2013) , built a            
phylogenetic tree using fastTree  (Price, Dehal, and Arkin 2010) which was refined            
using RAxML  (Stamatakis 2014) and visualized using GraPhlAn  (Asnicar et al.           
2015) .  
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3.2 Results 
 
3.2.1 Italian cohorts 

We performed shotgun metagenomic sequencing of the stool microbiome of          
140 CRC patients and controls recruited in two distinct italian cohorts and obtained a              
total of 4.1 x 10 9 paired-end sequences, with an average depth of 23 million ± 12                
million human DNA-free metagenomic reads.  

Quantitative microbiome taxonomic profiles revealed microbial species       
significantly associated with CRC for both of the newly sequenced cohorts ( Figure            
7A-B ). Several of these associations were however dataset-specific. Bacterial         
species enriched in CRC in at least one of the two datasets included  Escherichia              
coli, Fusobacterium nucleatum,  Clostridium symbiosum ,  Parvimonas micra ,       
Peptostreptococcus stomatis ,  Eubacterium ventriosum ,  Gemella morbillorum ,      
Porphyromonas asaccharolytica and  Solobacterium moorei , whose associations with        
CRC have been already reported  (Zeller et al. 2014; Feng et al. 2015; Yu et al.                
2017) . On the other hand, enrichment of the methanogenic  Methanobrevibacter          
smithii  and Methanosphaera stadtmanae  in CRC has not been previously reported in            
the literature.  

Although the adenoma-associated microbiome has been reported to resemble         
the healthy gut microbiome  (Zeller et al. 2014) , we found three bacterial species             
significantly enriched in adenomas. The first two are  Rothia dentocariosa  and           
Staphylococcus aureus and could be consistent with an increased oral-to-gut          
microbial influx in disease  (Flemer et al. 2017; Kostic et al. 2012; Drewes et al.               
2017) . The third adenoma-associated organism is  Collinsella  aerofaciens , which has          
been linked with increased CRC risk  (Moore and Moore 1995) , and also with             
proinflammatory cytokines such as tumor necrosis factor alpha ( TNF-α ) and the           
Monocyte Chemoattractant Protein 1 ( MCP-1 )  (Zhang et al. 2001; Tanaka et al.            
2006) . Both the number of microbial species and gene richness were higher in CRC              
patients compared to controls for Cohort2 (85 vs 73 average species  p = 0.0002, and               
286,141 vs 265,278 gene families  p = 0.01 -  Figure 7C ), but these differences were               
not detected in Cohort1.  
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Figure 7 - Two novel metagenomic cohorts identify clear but only partially overlapping microbiome              
signatures associated with CRC.  (a) Relative abundances (log scale) and effect sizes (estimated using the               
LDA score in LEfSe) for the significantly different microbial species in CRC-associated samples compared to               
control samples for Cohort1 and  (b)  for Cohort2.  (c)  Alpha diversities measured as the total number of species                  
and the total number of UniProt90 gene families in each sample for the two cohorts.  (d) Beta-diversities                 
estimated with the Bray-Curtis dissimilarity metric for intra- and inter-condition comparisons in the two cohorts.  
 

3.2.2 Taxonomic and functional profiling of all available datasets 

The five publicly available datasets were also sequenced at high depth (from            
average 43 million ± 18 million to 66 million ± 15 million,  Appendix 5 ) except for the                 
Hannigan et al. study (6.5 million ± 3.8 million).  

When we evaluated microbial richness and diversity in CRC samples and           
controls, we found species richness was higher in CRC samples compared to            
controls, and the increase was significant in four of the six deeply sequenced             
datasets ( p < 0.05) when accounting for differences in read depth and is not              
confounded by age, BMI or gender. Meta-analysis of standardized mean differences           
using the number of microbial species by random effects model  (DerSimonian and            
Laird 1986) confirmed the presence of a higher number of bacterial species in CRC              
compared to controls (μ=0.5, 95% CI [0.16, 0.85],  p-value = 0.004), although with             
significant heterogeneity across datasets (I 2 = 74.8%,  p-value = 0.0007, Q-test).           
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Shannon diversity, however, was instead neither increased nor decreased between          
disease conditions ( Appendix 7 ). We also tested whether the CRC-associated          
microbiome possesses more oral cavity-associated species than controls, as         
previously hypothesized  (Flemer et al. 2017; Drewes et al. 2017) . Using 153 species             
identified from existing datasets  (Brito et al. 2016; Human Microbiome Project           
Consortium 2012) as being typical colonizers of the oral cavity, we found increased             
oral species richness in CRC samples for all six deeply sequenced datasets            
compared to controls (one significant with  p-value 0.01; meta-analysis μ=0.16, 95%           
CI [-0.03, 0.35],  p-value = 0.017) ( Appendix 8 ). Similarly, the total abundance of oral              
species in the stool microbiome of CRC patients was also significantly higher            
compared to controls (meta-analysis μ=0.23, 95% CI [0.07, 0.39],  p-value  = 0.003).  

Several CRC biomarker species were identified by univariate statistics using          
LEfSe  (Segata et al. 2011) independently in the majority of the datasets:            
Fusobacterium nucleatum ,  Solobacterium moorei ,  Porphyromonas asaccharolytica ,      
Parvimonas micra ,  Peptostreptococcus stomatis,  and  Parvimonas ssp.  Other        
species were identified in fewer datasets or were dataset specific ( Figure 8A ). Some             
of the cross-cohort CRC biomarker species have already been suggested  (Flemer et            
al. 2017; Kostic et al. 2012; Drewes et al. 2017) and many of them are commonly                
found in the oral cavity (8 out of the 39 total biomarkers found in at least 2 datasets)                  
consistently with the increased oral taxa presence in CRC samples mentioned           
above.  

We then pooled evidence of differential abundance across datasets by          
random effects meta-analysis. Among the 21 differentially abundant species at FDR           
< 0.005, those with the highest effect size were again  F. nucleatum ,  S. moorei ,  P.               
asaccharolytica ,  P. micra and  P. stomatis . The meta-analysis additionally identified          
Clostridium symbiosum , which has been already tested as a marker for early CRC             
detection  (Xie et al. 2017) ( Figure 8B ). Other differentially abundant species at FDR             
< 0.05 have not been previously reported in CRC case/control studies, including            
Streptococcus tigurinus  and  Streptococcus dysgalactiae , and 3 different        
Campylobacter species ( Appendix 9) .  Campylobacter has been shown to co-occur          
with  Fusobacterium species, pointing at a potential synergistic effect of such           
microbes  (Warren et al. 2013) . We also found  Gemella morbillorum and           
Streptococcus gallolyticus  to be relevant biomarkers, as previously suggested in          
smaller cohorts  (Feng et al. 2015; Andres-Franch et al. 2017; Boleij et al. 2011) . In               
contrast, only 12 species were associated with the control population in the            
meta-analysis and only four were significantly enriched for the same populations in at             
least 3 datasets. Control-associated species with the highest effect sizes were           
Gordonibacter pamelae  and  Bifidobacterium catenulatum ( Figure 8B ), which are         
generally considered beneficial microbes and have been used as probiotic          
supplements  (Picard et al. 2005; Fijan 2014) . The substantially higher number of            
species enriched in CRC than in controls (49 vs 12), even when focusing only on               
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species with putative oral origin (16 vs 2,  Appendix 10 ), points to the existence of a                
reproducible taxonomic signature of the CRC-associated microbiome and a generally          
higher relative abundance of non-cancer associated species that are much more           
diverse and thus harder to be identified through differential abundance analysis.  

Figure 8 - Reproducible taxonomic and functional microbial biomarkers for CRC across datasets. (a)              
Upset plot showing the number of taxonomic biomarkers identified using LefSE on MetaPhlAn2 species profiles               
shared by combinations of datasets.  (b)  Pooled effect sizes  for the 20 significant features with the largest effect                  
size calculated using a meta-analysis of standardized mean differences and a random effects model on               
MetaPhlAn2 species abundances and on  (c)  HUMANn2  pathway abundances .  Bold lines represent the 95%              
confidence interval for the random effects model coefficient estimate (marked with a black circle).  (d)  Scatter plot                 
of crude and age, gender and BMI adjusted coefficients obtained from limma for MetaPhlAn2 species               
abundances.  (e)  Scatter plot of crude and age, gender and BMI adjusted coefficients obtained from limma for                 
HUMANn2   pathway abundances.  

Functional potential of the microbiome was also significantly associated with          
CRC samples. We found overall increased richness of UniProt gene families in CRC             
samples in two of the 7 datasets, with percentages of unmapped reads ranging             
between 20 and 40% ( Appendix 11 ). We found 35,271 single gene families            
associated with CRC and 23,562 associated with controls (FDR < 0.05). Of the             
metagenomically reconstructed whole microbial pathways, 175 were associated with         
disease status, divided in 164 CRC-associated and only 11 control-associated          
pathways. Among pathways with the largest effect size ( Figure 8C ), we found            
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starch, stachyose and galactose degradation to be associated with control status.           
We also found that the CRC-associated microbiota showed an association with           
gluconeogenesis and with the capacity for uptake and metabolism of amino acids via             
the putrefaction (L−histidine degradation to L-glutamate) and fermentation pathways.  

Using strain-level resolution of species based on single nucleotide variants,          
we found geographically distinct  Eubacterium rectale and  Dorea formicigenerans         
strains between westernized and non-westernized samples ( Figure 9A ), in         
concordance with previously published results  (Truong et al. 2017) , however, we           
found no apparent disease-specific strains ( Appendix 12 ). Using strain-level         
resolution by identifying gene composition, we reconstructed 2  Bacteroides fragilis          
sub-species present in 109 samples ( Figure 9B ) and found a subtree to be             
marginally enriched with CRC samples ( p  = 0.08, Fisher Test).  

 
Figure 9 - Complementary strain-level analyses reveal associations with geography and disease.            
(a)  Strain population structures for  Eubacterium rectale  and  Dorea formicigenerans associated with geography,             
reported as phylogenies built on the concatenated alignments of each species-specific reconstructed marker set.              
(b)  Gene family presence/absence profiles of 109 metagenomically detected  Bacteroides fragilis strains using 58              
reference genomes. Each column represents a strain from a sample and each row a gene family.  

3.2.3 Machine learning analysis 

When assessing the predictability of the CRC condition using quantitative          
species-level taxonomic profiling in each cohort via unbiased cross validation, we           
observed performances ranging from 0.59 AUC score for the Hannigan et al. dataset             
(Hannigan et al. 2017) to 0.92 AUC score for the Feng et al. dataset  (Feng et al.                 
2015) (average 0.80 AUC,  Figure 10A ). The dataset with the worst AUC score was              
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sequenced at the lowest depth (9.5 times fewer reads per sample than the mean),              
which may explain its poor prediction accuracy. When we considered the functional            
potential of the gut microbiome by means of UniProt90 gene family abundances, we             
found that predictions improved, with AUCs ranging from 0.49 (Hannigan et al.            
dataset) to 0.83 (Zeller et al. dataset - with a mean of 0.75,  Figure 10B ). 

 
Figure 10 - Assessment of prediction performances of the gut microbiome for CRC detection within and                
across cohorts .  (a) Cross prediction matrix reporting prediction performances as AUC values obtained using a               
random forest (RF) model on species-level relative abundances. Values on the diagonal refer to 20 times                
repeated 10-fold stratified cross validations. Off-diagonal values refer to the AUC values obtained by training the                
classifier on the dataset of the corresponding row and applying it on the dataset of the corresponding column.                  
The Leave-One-Dataset-Out (LODO) row refers to the performances obtained by training the model on the               
species-level abundances and MetaPhlAn2 markers using all but the dataset of the corresponding column and               
applying it on the dataset of the corresponding column. ( b) Cross prediction matrix of AUC values obtained using                  
HUMANn2 UniProt90 gene-family abundances and HUMANn2 pathway relative abundances.  (c) Prediction           
performances for the two Italian cohorts at increasing numbers of external datasets considered for training the                
model. The dark yellow line interpolates the median AUC at each number of training datasets considered.  (d)                 
Prediction performances at increasing number of datasets in the training, using HUMANn2 UniProt90 gene-family              
abundances. 

We then tested whether and how much the microbial signatures of CRC            
remained predictive across distinct datasets and cohorts. To this end, we trained the             
random forest classifier on each single “training” dataset and applied the model on             
each distinct “testing” dataset. For most of the datasets this led to decreased AUC              
values when compared to single cross validation AUCs, maintaining a significant           
AUC spread across cohorts (minimum 0.5 and maximum 0.84 cross dataset AUC).            
These results were further confirmed when we used either pathway or gene            
family-abundances for CRC prediction ( Figure 10B ). For datasets whose CV AUC           
values were greater than 0.8 (4 datasets), this approach decreased prediction power,            
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whereas datasets with poorer AUC values (3 datasets) achieved slight improvements           
in prediction. A feature selection approach was also applied by exploiting the internal             
feature ranking of the Random Forest classifier. These results are presented in            
Figure 3 of Thomas, Manghi et al. 2019. 

To try to overcome the limitations of single cross-dataset predictions, we           
performed a Leave-One-Dataset-Out (LODO) analysis  (Riester et al. 2014) in which           
the microbiome-CRC association of the samples in each dataset was predicted using            
a classifier trained using the combination of all samples in the remaining datasets.             
For taxonomic profiles, we found this approach to work best in terms of prediction              
accuracies, reaching AUC values >0.80 for all the six deeply sequenced datasets            
( Figure 10A ). For functional profiles, gene families performed similarly well, with           
AUC values >0.75, whereas pathway abundances were not comparably informative          
in predicting CRC ( Figure 10B  - Bottom).  

When we assessed the prediction performances using increasingly larger         
subsets in the training cohort,  AUC values sharply increased when moving from one             
to two training datasets (7% median AUC improvement) and from two to three             
datasets (2% median AUC improvement,  Appendix 13 ). Prediction performances         
tended to plateau for some of the testing datasets when using the largest possible              
training set ( Figure 10C-D ), but improvements (>1% AUC) were still detected for            
three datasets even when transitioning from using 5 to 6 training datasets.  

3.2.4   Quantification of choline TMA-lyase enzymes  

Microbiome-derived metabolites have been implicated in carcinogenesis  (Di        
Martino et al. 2013; Ou et al. 2012) . We chose to focus on trimethylamine (TMA), an                
amine produced by bacteria from choline and carnitine, because it has been recently             
shown to play a role in complex diseases such as atherosclerosis  (Jie et al. 2017) ,               
which shares molecular pathways of disease development and progression with          
cancer  (Ross et al. 2001) , and primary sclerosing cholangitis  (Kummen et al. 2017) .             
Since dietary components have been shown to be linked with CRC risk  (Johnson et              
al. 2013; Wei et al. 2004; Huxley et al. 2009) , we hypothesized that the              
TMA-producing potential of the human gut microbiome could also be associated to            
CRC  (Oellgaard et al. 2017) . To test this hypothesis, we built a database for genes               
belonging to the main TMA-synthesis pathways and then used them to reconstruct            
and quantify the presence of such genes in the 764 CRC-associated metagenomes.            
The main genes associated with TMA-synthesis are those encoding for the choline            
TMA-lyase ( cutC ), the L-carnitine dioxygenase ( yeaW ) and the        
L-carnitine/gamma-butyrobetaine antiporter ( caiT ) and we identified them in 923,         
5185 and 5709 available bacterial genomes, respectively. Putative  cutC sequences          
belonged mainly to  Proteobacteria (mostly  Gamma - and few  Deltaproteobacteria )         
and  Firmicutes (mainly from  Clostridia and few  Bacilli ), with few  Actinobacteria as            
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reported previously  (Rath et al. 2017) . Screening the 7 CRC-associated          
metagenomic datasets, we found that only one dataset had a significant increase of             
caiT  in CRC samples compared to controls, whereas no significant differences were            
detected for  yeaW . However, we found increased abundance of  cutC in CRC            
samples compared to controls in all seven datasets, with statistical significance at            
alpha 0.05 for 4 datasets ( Figure 11A ) and a significant  p-value (0.002) when             
meta-analysing all samples together (μ=0.23 with 95% CI: 0.08 to 0.39, I^2 = 0%,              
Q-test = 0.7).  

 
Figure 11 - Choline TMA-lyase  cutC and its genetic variants are a strong biomarker for CRC-associated                
stool samples. (a)  Boxplots showing the log of reads per kilobase million (RKPM) abundances obtained using                
ShortBRED for the choline TMA-lyase enzyme  cutC . P-values were calculated by wilcoxon rank-sum tests              
comparing values between controls and carcinomas for each dataset.  (b) Phylogenetic tree of sample-specific              
cutC sequence variants identifies four main sequence subtypes. Tips with no circles represent  cutC sequence               
variants from genomes absent from the datasets. Taxonomy was assigned using BLASTn and a  cutC  sequence                
database (criteria of 80% coverage, >97% identity and minimum 2000 nt alignment length). 
 

We further explored the role of  cutC  in the gut microbiome by reconstructing             
sample-specific sequence variants using a reference-aided targeted assembly        
approach. We found a large sequence divergence for the gene encoding this            
enzyme and identified four main sequence subtypes that correlated with taxonomy.           
The most prevalent (46.5%)  cutC sequence type belonged to an unknown uncultured            
Eubacterium  species with only 95% sequence identity to the closest known and            
taxonomically characterized variant. This  cutC variant was associated with non-CRC          
samples  (OR 0.38, 95% CI [0.25, 0.57],  p = 0.0001, Fisher Test) ,  whereas  cutC              
sequence types mostly belonging to  Hungatella hathewayi and Clostridium         
asparagiforme  ( Firmicutes ) were significantly CRC-associated (OR 2.14, 95% CI         
[1.29, 3.56],  p = 0.004, Fisher Test), as were sequence types belonging to  Klebsiella              
oxytoca and  Escherichia coli  (OR 1.85, 95% CI [1.13, 3],  p = 0.02, Fisher Test -                
Figure 11B) . 
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3.3 Discussion 

This study was performed across multiple datasets, populations, and         
conditions, through a combined analysis of fecal CRC metagenomes from two           
previously unpublished cohorts and five publicly available datasets. Robustly linking          
gut microbiome members and functions with CRC samples is currently a crucial task             
because although direct specific host-microbe interactions have been shown to be a            
causal link for malignancies  (Dejea et al. 2018; Cougnoux et al. 2014; Wu et al.               
2009; Chung et al. 2018) , indirect mechanisms may have a higher impact on the              
development of carcinomas. In our analysis of seven independent cohorts, we           
indeed found a panel of reproducible microbiome members as well as strain-level            
determinants beyond the validated mechanisms in specific variants of  Escherichia          
coli  (Cougnoux et al. 2014; Dejea et al. 2018; Cuevas-Ramos et al. 2010) or              
Bacteroides fragilis  (Dejea et al. 2018; Ulger Toprak et al. 2006) . In addition to              
previously identified bacteria such as  F. nucleatum ,  Parvimonas , and         
Peptostreptococcus stomatis, whose association we consistently confirm, newly        
identified correlates include  Streptococcus tigurinus ,  Streptococcus dysgalactiae ,       
and  Campylobacter species. We find that the gut microbiome in CRC has greater             
richness than controls, partially due to the presence of oral cavity-associated species            
rarely found in healthy guts, challenging the hypothesis that decreased          
alpha-diversity is always associated with intestinal dysbiosis.  

The identification of reproducible microbial biomarkers for CRC may enable          
the design of non-invasive diagnostic tools. We developed machine learning models           
able to distinguish between carcinoma patients and controls with an average           
performance above 0.81 AUC when validated on fully independent datasets. Larger           
datasets (n > 1,000) will very likely further increase this performance and the             
combination of a microbiome model with a fecal occult blood test and patient risk              
factors could substantially improve this diagnostic accuracy. The accuracy of CRC           
prediction increases with the number of microbes or microbial genes used, with            
single biomarkers being much inferior to multi-featured diagnostic models. However,          
nearly maximal accuracy was achieved with as few as 15 to 25 microbes or few               
hundred genes, providing the potential for an inexpensive clinical microbiological          
test. 

Methodological aspects are critical to the evaluation of the gut microbiome as            
a potential diagnostic tool. Datasets can be sensitive to technical artefacts arising            
from different experimental procedures, such as the choice of DNA extraction, which            
causes significant effects on the observed microbial profiles  (Costea et al. 2017) ,            
and to heterogeneity of factors implicated in microbial shifts in healthy populations,            
including biogeography, diet, and host genetics  (David et al. 2014; Bonder et al.             
2016; Truong et al. 2017) . Rigorously performed cross-study validation, such as           
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those performed here in a LODO approach  (Pasolli et al. 2016) , provides a realistic              
expectation of prediction accuracy for cohorts with a similar proportion of disease            
and controls. First, in contrast to the case-control cohorts analyzed here, any            
potential target population of a diagnostic test will have much lower disease            
prevalence. Relevant accuracy measures of a test score, such as Positive Predictive            
Value, can however be calculated for populations of various disease prevalence           
given sensitivity and specificity estimated from case-control studies  (Vollmer 2006) .          
Second, pitfalls such as using all patients to identify discriminative features before            
performing cross-validation, can be highly optimistically biased and hence should          
never be reported  (Simon et al. 2003) . Recent reports of microbiome-based CRC            
prediction accuracy  (Dai et al. 2018) are unfortunately affected by this pitfall. We thus              
reiterate the importance of rigorously tested models to provide a realistic estimate of             
the potential of microbiome-based diagnostic tools. 

The diversity and subject-specificity of the human gut microbiome is not yet            
fully uncovered, with many microbial genes having unknown function, and with           
strain-level diversity that is transparent to current analysis pipelines. Large scale           
shotgun metagenomics can begin to overcome this, as shown here by the novel             
identification of a link between CRC and the microbial pathway producing           
trimethylamine from choline  (Kalnins et al. 2015; Craciun and Balskus 2012; Craciun            
et al. 2014) . The key enzyme for this pathway, the  cutC choline TMA-lyase, is more               
abundant in the gut microbiomes of adenoma patients and further elevated in            
carcinoma patients, with specific variants of  cutC characterizing controls, adenomas,          
and carcinomas. TMA-producing choline lyases have been found to be associated           
with atherosclerosis  (Jie et al. 2017) , and higher plasma trimethylamine oxide           
(TMAO) and choline levels have been reported to be correlated with CRC risk  (Bae              
et al. 2014; Xu et al. Li 2015; Guertin et al. 2017) . We highlighted the importance of                 
strain-level gene resolution in understanding any potential carcinogenic role of  cutC :           
CRC-associated variants mostly originated from  Hungatella hathewayi ,  Clostridium        
asparagiforme ,  Klebsiella oxytoca,  and  Escherichia coli , whereas no significant         
enrichment was detected for a  cutC variant carried by a newly reconstructed            
Eubacterium species. Thus, genetic variants in key microbial genes involved in           
choline-induced TMA production by the gut microbiome are a plausible and novel            
potential mechanism for colorectal carcinogenesis. Further work is needed to          
establish the changes in protein structure and function associated with the genetic            
variants identified here.  
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Chapter 4. Neoadjuvant chemotherapy treatment in gastric       
cancer patients reveals shifts in gastric microbial       
communities 

 

Gastric carcinomas account for the second highest cancer mortality rate          
worldwide, with a 5 year survival rate of only 20-30%. The principal line of treatment               
for these tumors is through neoadjuvant chemotherapy, which aims to eradicate the            
tumor through the combination of radiotherapy and chemotherapy. However,         
chemotherapy response is heterogeneous, with no standard methods to assess its           
efficacy. The gut microbiota has been shown to modulate the host’s response to             
chemotherapeutic drugs and could provide a novel mechanism to explain such           
heterogeneity. This chapter describes the methods and results used to profile           
microbial communities of gastric cancer patients who underwent neoadjuvant         
chemotherapy treatment, aiming to identify microbial markers that could predict          
treatment efficacy. 

 

4.1 Materials and Methods 

4.1.1 Cohort 
 

This work was part of a larger study that investigated epidemiological and            
genomic aspects of gastric cancers in a sample of the Brazilian population and was              
funded by FAPESP (2014/26897-0). With the help of Lais Senda and Dr. Thais             
Bartelli, a total of 36 patients were included after approval by A.C.Camargo Cancer             
Center’s ethics committee (protocols 2134/2015 and 2169/2016).  

Patients diagnosed with gastric adenocarcinomas and subjected to        
neoadjuvant therapy were enrolled in the study, whereas  patients who reported the            
use of antibiotics for at least 4 weeks prior to sample-collection were excluded.             
Gastric wash samples were collected during endoscopy at AC Camargo Cancer           
Center’s Department of Endoscopy with the help of Dr. Adriane Pelosof and Lais             
Senda and kept at -20 o C until sample processing. Gastric wash pH was measured             
using pH strips. Gastric juice or gastric wash samples were collected in two time              
points: i) before the 1st infusion of chemotherapy and ii) on average 16 days after the                
end of the neoadjuvant treatment. The time interval between both collections points            
was on average 102 +/- 22 days. Clinical response to neoadjuvant chemotherapy            
was assessed by a trained medical physician using the percentage of viable tumor             
cells after treatment and pathological tumor staging after treatment, as a means to             
access possible ‘downstaging’.  
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4.1.2 DNA extraction 
 

DNA extraction started after incubating the samples for 18 hours in 600µl of a              
lysis buffer (Qiagen) and 15µl of proteinase K (20µg/µl) at 55ºC. After this period,              
DNA samples were extracted using a standard phenol chloroform protocol, followed           
by ethanol precipitation, quantification using a spectrophotometer (Nanodrop –         
Thermo Scientific). 
  
4.1.3 PCR amplification and sequencing of the 16S rRNA gene 
 

The V3-V4 region of the 16S rRNA gene was amplified by polymerase chain             
reaction using the primers U341F 5’-CCTACGGGRSGCAGCAG-3’ and 806R        
5’-GGACTACHVGGGTWTCTAAT-3’. Amplification reactions were carried out in       
triplicates using Kapa Hotstart High Fidelity Master Mix (Kapa Technologies) and           
~20ng of genomic DNA (gDNA) as the PCR template. Thermocycling conditions           
were: 95°C for 5 min, 25 cycles of 95°C for 45s, 55°C for 30s and 72°C for 45s and a                    
final extension of 72°C for 2 min. Amplicons were verified in agarose gels and              
between 50-100ng of PCR products were sent for sequencing. Paired-end amplicon           
sequencing was performed by Neoprospecta Microbiome Technologies (Santa        
Catarina, Brazil) on an Illumina MiSeq platform using the MiSeq Reagent Kit v3             
(600-cycle).  
 
4.1.4 Data processing 
 

16S rRNA primers were trimmed from demultiplexed sequences using the          
cutadapt  (Martin 2011) plugin available in  Qiime2 (v 2018.8.0)  (Bolyen et al. 2018)             
allowing a maximum of 10% mismatches. Resulting sequences were joined using the            
VSEARCH  (Rognes et al. 2016) plugin and filtered by allowing at most 3 nucleotides              
in direct succession with a phred score less than 10 before being truncated.             
Sequences that maintained at least 75% of their length following truncation were            
retained and used as input into the Deblur plugin  (Amir et al. 2017) . Deblur              
generates single‐nucleotide resolution OTUs (100% sequence identity) after        
correcting for Illumina sequencing errors and therefore circumvents establishing         
sequence identity thresholds. This approach results in amplicon sequence variants          
(ASVs), also known as exact sequence variants (ESVs), oligotypes, zero‐radius          
OTUs (ZOTUs), and sub‐OTU (sOTUs). The minimum reads‐option was set to 3 and             
all sequences were trimmed to 400 bp. Additional filtering steps in Deblur included             
filtering reads which contained PhiX or adapter sequences, only retaining sequences           
matching to known 16S sequences (greengenes 88% identity OTUs) and filtering           
PCR‐originated chimeras  (Amir et al. 2017) . The RDP classifier (v 2.12)  (Wang et al.              
2007) was used to assign taxonomic ranks using a minimum confidence value of             
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50%. Species level classification was performed using SPINGO (v 1.3) (Allard et al.             
2015) trained on release 11.2 of the RDP database and a minimum confidence value              
of 50%. Species-level assignments were appended to the RDP classification only for            
species whose genera level assignments were in agreement. Samples were          
considered to be HP positive from 16S rRNA amplicon sequencing the relative            
abundance of ASVs classified as HP were >1% of the total.  
 
4.1.5 Alpha and beta diversity analysis 
 

To account for uneven library sizes, we rarefied the ASV table to 1,126             
sequences/sample in order to calculate species diversity, using the Shannon-Weaver          
index  (Shannon 1948) , the Simpson index  (Simpson 1949) and Faith’s phylogenetic           
diversity  (Faith and Baker 2007) , and richness (by using the observed species) using             
qiime2 . 

For beta diversity analysis, ASV-representative sequences were aligned using         
MAFFT  (Katoh and Standley 2013) against the aligned  greengenes core set           
(DeSantis et al. 2006) with  qiime2 default parameters, and the alignments were            
lanemask-filtered  (Lane 1991) . A phylogenetic tree was built using FastTree  (Price et            
al. 2009) , weighted and unweighted UniFrac  (Lozupone and Knight 2005) distances           
were calculated and a distance matrix was generated.  

 
4.1.6 Statistical analysis 
 

Paired Wilcoxon tests were used to compare mean differences between pre           
and post chemotherapy patients for genera and ASV abundances. P-values were           
corrected for multiple testing using the Benjamini and Hochberg procedure          
(Benjamini and Hochberg 1995). We used ANOSIM and ADONIS (Oksanen et al.            
2018) to compare differences in beta-diversity for different clinical variables using 3            
distance metrics; weighted UniFrac, unweighted UniFrac and Bray-Curtis for         
categorical and numerical variables, respectively. Unless otherwise stated, values         
were reported as mean ± standard deviation and p-values <0.05 were considered            
statistically significant. All calculations were performed within the R statistical          
computing environment (R Core Team 2018) unless otherwise stated. 

4.2 Results 

4.2.1 Patient characteristics 
 

We analyzed bacterial communities from gastric wash samples from 72          
samples collected from 36 patients before and after neoadjuvant chemotherapy          
treatment using 16S rRNA high throughput amplicon sequencing ( Table 3 ).  
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Table 3 – Characteristics of gastric adenocarcinoma patients 

Demographic Patients with gastric adenocarcinomas  
(n = 36) 

Age, average 58.3 +/- 11.3 

Gender,  N  (%) 
Male 

Female 

 
24 (66.7) 
12 (33.3) 

BMI, average 26.1 +/- 3.9 

Lauren’s histological classification,  N  (%) 
Diffuse 

Intestinal 
Mixed 

NA 

 
18 (50) 

11 (30.6) 
4 (11.1) 
3 (8.3) 

H .  pylori , % 
Positive 
Negative 

NA 

 
6 (16.7) 

17 (47.2)  
13 (36.1) 

Neoadjuvant chemotherapy treatment,   N  (%) 
Folfox/Xelox 

 
cisplatin/5-fluorouracil + capecitabine/cisplatin 

 
epirubicin/oxaliplatin/capecitabine 

 
epirubicin/cisplatin/capecitabine 

 
docetaxel/cisplatin/5-fluorouracil 

 
docetaxel/cisplatin/5-fluorouracil modified 

 
24 (66.7) 

 
1 (2.7) 

 
4 (11.1) 

 
5 (13.9) 

 
1 (2.8) 

 
1 (2.8)  

Pathological tumor staging after treatment,  N  (%) 
T1-T2 
T3-T4 

NA 

 
20 (55.5) 
11 (30.6) 
5 (13.9) 

Vital status,  N  (%) 
Deceased (cancer) 

Deceased (other cause) 
Alive with disease 

Alive without disease 

 
5 (13.9) 
2 (5.6) 
9 (25) 

20 (55.5) 

Current use of proton pump inhibitors (PPIs - 
omeprazol, ranitidine, pantoprazol or nexium) 

Yes 
No 
NA 

 
 

16 (44.4) 
15 (41.7) 
5 (13.9) 

Complete pathological response after treatment,  N  (%) 
Yes 
No 

 
5 (13.9) 

31 (86.1) 

Clinical response after treatment,  N  (%) 
Yes 
No 

 
7(19.4) 
7 (19.4) 

*NA - Not available 
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4.2.2 Alpha and beta diversity  
 

A total of 5,412,729 sequence reads were generated and after quality filtering,            
primer trimming, read merging and the Deblur pipeline, 944,010 (17.4%) sequences           
remained, with an average of 13,111 sequences/sample. When all samples were           
considered, a total of 3,289 ASVs were obtained.  

 
Figure 12 - Alpha diversity before and after chemotherapy treatment.  Boxplots showing alpha diversity in               
gastric adenocarcinoma samples before and after treatment using different metrics (Observed ASVs, Shannon             
index, Phylogenetic Diversity and Evenness - Pielou’s E). Points represent individual samples and lines              
connecting points represent values for the same patient before and after treatment.  
 

We found a significant decrease in number of observed ASVs and           
phylogenetic diversity after neoadjuvant chemotherapy ( p < 0.05,  Figure 12 ).          
However, patients presented mixed directions in terms of alpha diversity, with 21-26            
patients presenting decreases and 10-15 patients presenting increases after         
treatment, depending on the metric.  

We used three distance metrics to evaluate differences in microbial          
communities between different clinical variables ( Table 4 ). When considering all          
three metrics (Bray-Curtis, Unweighted and Weighted UniFrac), we found consistent          
and statistically significant associations between patients and pH ( p < 0.05, 999            
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Permutations), whereas other variables such as pathological response after         
treatment and sample collection were significant for at most one of the three metrics.  

Table 4 –  ANOSIM and ADONIS p-values for beta diversity metrics  

Variable Bray-Curtis Weighted UniFrac Unweighted UniFrac 

Pathological response , pre 
chemotherapy 

(Responders = 5) 
(Non responders = 31) 

0.34 0.34 0.37 

Pathological response , post 
chemotherapy 

(Responders = 5) 
(Non responders = 31) 

0.08 0.15 0.01 

Clinical response , pre 
chemotherapy 

(Responders = 7) 
(Non responders = 7) 

0.73 0.62 0.55 

Clinical response , post 
chemotherapy 

(Responders = 7) 
(Non responders = 7) 

0.26 0.44 0.58 

HP presence , pre 
chemotherapy 

(HP positive = 12) 
(HP negative = 24) 

0.47 0.41 0.74 

Sample collection , pre or post 
chemotherapy 

(N = 72) 

0.09 0.06 0.03 

Gender , pre chemotherapy 
(Male = 24) 

(Female = 12) 

0.34 0.1 0.58 

Age , pre chemotherapy 
(N = 36) 

0.3 0.65 0.44 

BMI , pre chemotherapy 
(N = 36) 

0.31 0.75 0.41 

Current PPI use , pre 
chemotherapy 
Yes (N = 16) 
No (N = 15) 

0.56 0.61 0.44 

pH , pre or post chemotherapy 
 (n = 71) 

0.001 0.001 0.001 

Patient 
(N = 36) 

0.001 0.001 0.001 
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4.2.3 Changes in microbial abundances in response to treatment 

The most abundant genera found in patients before or after chemotherapy           
treatment included  Streptococcus ,  Prevotella ,  Rothia and  Veillonella (which together         
accounted for an average of 62% relative abundance -  Figure 13 ). After multiple             
hypothesis testing correction, we found no genus to be differentially abundant when            
comparing patient samples before and after chemotherapy treatment. 

 
Figure 13 - Genera relative abundances before and after chemotherapy treatment.  Barplots showing relative              
abundances for the 15 most abundant genera amongst patients. Samples from the same patient are surrounded                
by boxes.  
 

The most abundant species in patients before chemotherapy treatment         
included  Helicobacter  pylori ,  Rothia  mucilaginosa  and  Prevotella  melaninogenica        
(which together accounted for an average of 12.9% relative abundance), whereas           
species most abundant in patients after chemotherapy treatment included  Rothia          
mucilaginosa ,  Veillonella  dispar  and Prevotella  melaninogenica  (which together        
accounted for an average of 11.4% relative abundance) .  After multiple hypothesis           
testing correction, we found no species to be differentially abundant when comparing            
patient samples before and after chemotherapy treatment. Of note, HP abundance           
did seem to be modulated by chemotherapy treatment ( p = 0.007; adjusted P-value             
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0.34), with 30.6% patients exhibiting decreased abundance and 2.7% increased          
abundance after treatment ( Figure 14) .  

 
Figure 14 - Relative abundance of  Helicobacter  pylori before and after treatment. Points represent individual               
samples and lines connecting points represent values for the same patient before and after treatment. Dashed                
line indicates the relative abundance threshold of 1% for determining presence or absence of HP.  
 
4.2.4 Contrasting neoadjuvant responders x non-responders 

 
When assessing treatment response either via downgrading or pathological         

response, 7 and 5 patients were considered to respond to neoadjuvant treatment,            
whereas 7 and 31 patients were considered to have no response, respectively.            
Therefore, we investigated differences in microbial communities between these two          
sets of patients before treatment.  

We found no differences in terms of alpha diversity between responders and            
non responders before treatment ( p > 0.05). Differences in alpha diversity before and             
after treatment were heterogeneous between responders and non responders, with          
60% of both responders and non responders exhibiting decreases in alpha diversity            
after treatment ( Figure 15 ). However, evenness did seem to be decreased in            
responders compared to non responders. 

When analyzing genera level abundances, two genera,  Veillonella and         
Oribacterium , presented significant differences between the groups ( p < 0.05), but           
were not significant after multiple hypothesis testing correction ( Figure 15 ). When           
analyzing species level abundances, only one species was differentially abundant          
between the groups,  Oribacterium  sinus , but again, after multiple hypothesis testing           
correction this difference was no longer significant.  
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Figure 15 - Alpha diversity and genera abundances in treatment responders and non responders. (A)               
Boxplots showing alpha diversity in gastric adenocarcinoma samples before and after treatment separated             
according to treatment response using different metrics (Observed ASVs, Shannon index, Phylogenetic Diversity             
and Evenness - Pielou’s E). Points represent individual samples and lines connecting points represent values for                
the same patient before and after treatment. P-values were calculated by wilcoxon rank sum tests between                
responders and non responders prior to treatment.  (B)  Boxplots showing relative abundances of  Veillonella and               
Oribacterium  amongst treatment responders and non responders before treatment.  

4.3 Discussion 

Microbial communities of gastric juice/wash samples from gastric        
adenocarcinoma samples presented remarkably high inter-individual variation, with        
relatively lower intra-individual variation, as seen by genera level abundances and           
distances between samples. This variation could be caused by pH, which was            
significantly associated with microbial communities in all distance metrics, as well as            
other factors such as HP presence, diet, age and BMI. Recent studies have shown              
that HP infection leads to significant changes in microbial diversity and dominates            
the gastric microbiota  (Klymiuk et al. 2017; Ferreira et al. 2018) . In our study, the               
presence of HP did not have a significant effect on gastric wash microbial             
communities. This could be explained by the low sample size of HP positive samples              
as well as the sampling method, since most studies used biopsy tissue samples.  

Changes in alpha diversity due to treatment were heterogeneous amongst          
patients, further highlighting the inter-individual variability, with patients presenting         
significant decreases in richness and phylogenetic diversity after treatment. Reduced          
diversity due to chemotherapy treatment using fecal samples collected form          
non-Hodgkin's lymphoma patients has been reported previously, leading to infectious          
complications such as bloodstream infections and diarrhea  (Montassier et al. 2015;           
Montassier et al. 2014)  and may be a common occurrence during treatment.  

We found  Streptococcus to be the most dominant genus amongst samples, in            
concordance with previous studies investigating gastric microbial communities of HP          
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negative samples  (Klymiuk et al. 2017; Ferreira et al. 2018; Coker et al. 2018) . The               
most abundant species detected in the samples are considered to be oral microbes,             
with an enrichment of oral taxa being reported in gastric cancer samples compared             
to atrophic gastritis and intestinal metaplasia  (Coker et al. 2018) . This indicates that             
the presence and abundance of oral taxa in gastric cancer might be important for              
tumor initiation and progression. At various taxonomic levels we found no differences            
in abundance before and after treatment, possibly due to the small effect size of              
treatment on microbial communities and the large inter-individual variability. Despite          
these limitations, we observed decreases in HP abundance after chemotherapy          
treatment in HP positive patients. HP-positive gastric cancer patients have been           
shown to have a more favourable outcome when compared HP-negative patients,           
possibly implying that the host immune system is modulated by HP enhancing            
chemotherapeutic efficacy  (Nishizuka et al. 2018) . Out of the 14 patients we were             
able to categorize into treatment responders and non responders using downgrading           
evaluation, 3 patients who responded were HP positive whereas 2 non responders            
were HP positive.  

When we evaluated differences in microbial communities between responders         
and non responders to neoadjuvant chemotherapy, we found no significant          
differences in alpha diversity. We observed differences in  Veillonella and          
Oribacterium abundances between the groups, which after multiple hypothesis         
testing correction were non significant. The limited sample size used in this analysis             
may have hindered the Wilcoxon test’s sensitivity to detect differences between the            
groups  (Weiss et al. 2017; Hawinkel et al. 2017) , however some interesting trends             
emerged, warranting further analysis and increased sample sizes.  
 
Publication status.  The results presented in this chapter will be part of a larger              
article where we will explore the microbial communities in gastric cancer from            
different perspectives, which include comparing pre-cancerous lesions with gastric         
cancer and different histological subtypes. As of November 20th, 2018, this study is             
still ongoing.  
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5. Conclusions 
 

In this thesis we investigated possible roles of the microbiome in different            
cancer related scenarios, providing hypotheses and insights of direct or indirect           
effects the microbiome may have in tumor initiation, promotion and response to            
therapy.  

Despite limitations inherent to differing experimental choices (fecal  versus         
tissue samples and 16S rRNA amplicon sequencing  versus WMS sequencing) and           
tumor biology (differences between proximal, distal and rectal tumors), common          
aspects between the studies emerged. We found increased bacterial richness in           
rectal tumors compared to normal tissue biopsies derived from control patients           
(Chapter 2), which was also seen using a different approach and a larger sample              
size in the meta-analysis of fecal CRC metagenomes (Chapter 3). This increased            
richness was partially due to the influx of species of putative oral origin, warranting              
further investigations to see whether these species are indeed found in the oral             
cavity of CRC patients and whether they are the same strain. Further investigations             
can also answer the timing these oral species reach the lower GI tract (pre-tumor              
development or post) and the route (blood or upper GI tract). Species and genera              
such as  Bacteroides fragilis ,  Fusobacterium, Bilophila and Desulfovibrio , found to be           
more abundant in rectal tumors (Chapter 2), were concordantly more abundant in the             
meta-analysis of fecal CRC metagenomes and provide further support of their role in             
CRC, as biomarkers of disease presence or drivers of carcinogenesis.  

The use of fecal WMS sequencing provides certain advantages over 16S           
rRNA sequencing, which now seem necessary to advance current knowledge of the            
role of microbiome in CRC. An example of such an advantage is the ability to               
evaluate the functional potential of the microbiome, which was crucial in determining            
that the abundance of the choline TMA-lyase  cutC was increased in CRC, a novel              
finding, and that the most prevalent  cutC  variant found in control samples came from              
an unknown uncultured  Eubacterium spp (Chapter 3). This result, along with other            
recent evidence (Wirbel et al. 2019), points to bacterial metabolism as a strong             
candidate for tumor initiation and promotion, warranting future studies to investigate           
the association of bacterial metabolites and transcripts with CRC, possibly via the            
metatranscriptomics and metametabolomics. Another advantage of using fecal WMS         
sequencing is the possibility to profile microbes from known species with strain-level            
resolution, which enabled us to evaluate possible associations between strain          
population structures and CRC. Using SNVs we found strong associations between           
strain population structures and geographical location, but no apparent         
disease-associated strains. When using a genomic composition-based approach, we         
found that CRC samples tended to possess a dominant  Bacteroides fragilis species            
with a different genomic composition than that of controls. The analysis of strain             
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population structures in the gut microbiome is still limited, as current sequencing            
depths cannot provide sufficient coverage of low abundant species and can only            
provide information on the dominant strain, but they nevertheless provide a path to             
deepen our understanding of the relationship between the gut microbiome and CRC.  

We also investigated whether microbial communities present in the gastric          
wash of GC patients were modulated by neoadjuvant chemotherapy treatment or           
were different in treatment responders and non responders (Chapter 4). The           
microbiome’s role in the response to immunotherapy has gained significant attention           
lately, as evidence suggests it to be an important factor when assessing treatment             
outcome. Our results indicate a high variability between patients, possibly higher           
than that observed in the gut microbiome, affecting the consistency and           
reproducibility of our findings. Despite this limitation, preliminary analysis indicated a           
high prevalence and abundance of bacteria of putative oral origin in the samples;             
whether these bacteria are in fact active members of the community remains to be              
investigated.  

A common theme emerged in this work, which is the presence of bacteria of              
putative oral origin in the different cancer types. Evidence supporting the role of the              
human oral microbiome in both oral cavity and whole-body diseases has been            
accumulating  (Gao et al. 2018) , with associations of oral dysbiosis in gastrointestinal            
diseases such as irritable bowel syndrome (IBD)  (Atarashi et al. 2017) , immune            
diseases such as rheumatoid arthritis ( Zhang et al. 2015) and endocrine diseases            
such as type II diabetes  (Xiao et al. 2017) . Therefore, the oral cavity may serve as a                 
reservoir for potential gastro-intestinal pathobionts that, when translocated to other          
body sites, can exacerbate both intestinal and systemic diseases. This warrants           
future studies to include the sampling of the oral cavity when investigating            
microbiome/disease associations to assess whether oral dysbiosis may also be a           
driving factor in disease.  

The effects of non-antibiotic drugs on the gut microbiome have been largely            
overlooked. A recent study investigated the effects of more than 1,000 marketed            
drugs against 40 representative gut bacterial strains, finding that metformin,          
commonly used for the treatment of type II diabetes, proton pump inhibitors (PPIs)             
and antipsychotics inhibited the growth of at least one strain  in vitro  (Maier et al.               
2018) . PPIs, which are drugs that reduce acid secretion in the stomach and are              
therefore commonly used to treat gastroesophageal reflux, have also been shown to            
affect the gut microbiome, with an over-representation of multiple oral bacteria in the             
faecal microbiome of PPI-users  (Imhann et al. 2016) . As PPIs lead to increased             
gastric pH, oral bacterial translocation will certainly be facilitated in this scenario and             
could be one of the ways these bacteria reach the stomach and/or gut. Therefore,              
future human microbiome studies will need to carefully catalogue and account for the             
use of non-antibiotic drug use in their samples.  
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Appendix 1 

Coverage analysis of the V4-V5 16S rRNA primers.  Percentage of entries for each             
bacterial phyla capable of being amplified by the primer pair used in this study using two                
distinct databases. The releases of the SILVA (115) and the RDP (11.2) databases used for               
this analysis contained, respectively, 621,948 and 2,518,232 16S rRNA sequences. 

 SILVA Database RDP database 

Taxonomy Coverage (%) Coverage (%) 

Acidobacteria 91.9 32.2 

Actinobacteria 87.4 64.0 

Firmicutes 86.5 62.2 

Proteobacteria 86.1 48.6 

Eubacteria 84.4 52.1 

Bacteroidetes 84.1 46.8 

Spirochaetes 76.1 59.3 

Lentisphaerae 46.3 62.2 

Verrucomicrobia 21.6 10.9 

 

Appendix 2 
 

ANOSIM and ADONIS P-values for beta diversity metrics.  

Variable Bray-Curtis Weighted UniFrac Unweighted 
UniFrac 

Cancer Status 0.001 0.001 0.001 

Age 0.174 0.084 0.416 

Gender 0.39 0.467 0.765 

Alcohol Use 0.837 0.616 0.821 

Tobacco Use 0.443 0.317 0.511 

BMI 0.328 0.346 0.215 

Library Construction 0.079 0.162 0.053 
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Appendix 3 
Cluster structure recovered from relative abundances of genera level counts using four            
distance metrics. Cluster quality was tested using:  (A) prediction strength, (B) silhouette            
index and  (C)  Caliński-Harabasz statistic. 
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Appendix 4 
Boxplots showing log abundances for the 12 most abundant phyla in rectal cancer and non               
cancer samples. Phyla with significant differences are labeled with (*). Significant p-values            
were found for  Cyanobacteria ,  Actinobacteria ,  Bacteroidetes ,  OD1 ( p- values < 0.001),          
Proteobacteria  ( p- value  = 0.002) and  Planctomycetes  ( p- value  = 0.002).  
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Appendix 5 

Sequencing depths in CRC datasets. Boxplots showing the total number of reads per             
group and per dataset. P-values were calculated by Wilcoxon rank-sum tests comparing            
values between controls and carcinomas for each dataset. 
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Appendix 6 
Species richness in CRC datasets. (A)  Boxplots showing the total number of bacterial             
species per group and per dataset calculated using raw metaphlan2 bowtie2 indexes.            
P-values were calculated by Wilcoxon rank-sum tests comparing values between controls           
and carcinomas for each dataset. (B)  Boxplots showing the total number of bacterial species              
per group and per dataset using rarefied metaphlan2 bowtie2 indexes to the 10th percentile.              
(C)  Multivariate analysis of species richness using crude and age, gender and BMI adjusted              
limma coefficients.  (D)  Meta-analysis of  crude and adjusted  multivariate richness coefficients           
using a random effects model. Bold lines represent the 95% confidence interval for the              
random effects model estimate. 
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Appendix 7 
Shannon diversity in CRC datasets. (A)  Boxplots showing the Shannon diversity of            
bacterial species per group and per dataset calculated using raw metaphlan2 bowtie2            
indexes. P-values were calculated by Wilcoxon rank-sum tests comparing values between           
controls and carcinomas for each dataset. (B)  Boxplots showing the Shannon diversity of             
bacterial species per group and per dataset using rarefied metaphlan2 bowtie2 indexes to             
the 10th percentile.  (C)  Multivariate analysis of species richness using crude and age,             
gender and BMI adjusted limma coefficients.  (D)  Meta-analysis of  crude and adjusted            
multivariate Shannon diversity coefficients using a random effects model. Bold lines           
represent the 95% confidence interval for the random effects model estimate. 
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Appendix 8 
Analysis of putative oral species richness in CRC datasets. (A)  Boxplots showing the             
total number of bacterial species per group and per dataset calculated using raw metaphlan2              
bowtie2 indexes. P-values were calculated by Wilcoxon rank-sum tests comparing values           
between controls and carcinomas for each dataset. (B)  Multivariate analysis of putative oral             
species richness using crude and age, gender and BMI adjusted limma coefficients.  (D)             
Meta-analysis of  crude and adjusted  multivariate putative oral species richness coefficients           
using a random effects model. Bold lines represent the 95% confidence interval for the              
random effects model estimate. 
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Appendix 9 
Meta-analysis of CRC datasets using species-level MetaPhlAn2 profiles. Effect sizes of           
significant species found using a meta-analysis of standardized mean differences and a            
random effects model on MetaPhlAn2 species-level abundances. Bold lines represent the           
95% confidence interval for the random effects model estimate.  
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Appendix 10 
Analysis of putative oral species abundances in CRC datasets.  (A)  Effect sizes of             
significant putative oral species identified using a meta-analysis of standardized mean           
differences and a random effects model. Bold lines represent the 95% confidence interval for              
the random effects model estimate.  (B)  Boxplots showing the total log abundance of putative              
oral species in each dataset and each group. P-values were obtained by Wilcoxon rank-sum              
tests comparing values between controls and carcinomas for each dataset. 
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Appendix 11 
Functional richness of gene families in CRC datasets.  (A)  Scatter plot showing the total              
number of reads and the total number of gene families identified using HUMANn2. Ellipses              
represent the 95% confidence level assuming a multivariate t-distribution.  (B)  Boxplots           
showing the total number of gene families per group and per dataset. P-values were              
obtained by Wilcoxon rank-sum tests comparing values between controls and carcinomas for            
each dataset.  (C)  Boxplots showing the percentages of unmapped reads across datasets            
and groups for UniProt90 gene families.  
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Appendix 12 
Results from StrainPhlAn associations with metadata.  

    ANOSIM on distances from 
phylogenetic trees 

Clustering of distances using PAM 
(only species with prediction strength > 0.8) 

Species Sample 
Size 

Disease 
p-value 

Country 
p-value 

Dataset 
p-value 

Maximum 
Prediction 
Strength 

Number 
of 
Clusters 

Disease 
Fisher 
p-value 

Country 
Fisher 
p-value 

Faecalibacterium spp. 462 0.972 0.001 0.001 0.66 NA NA NA 

Eubacterium rectale * 375 0.951 0.001 0.001 0.96 2 0.736 0 

Bifidobacterium longum 304 0.673 0.001 0.001 0.83 2 0.064 0.961 

Ruminococcus torques 299 0.002 0.471 0.036 0.77 NA NA NA 

Bifidobacterium 
adolescentis 

241 0.604 0.153 0.04 0.62 NA NA NA 

Dorea formicigenerans * 225 0.997 0.001 0.001 0.92 3 0.439 0 

Eubacterium hallii 224 0.223 0.019 0.015 0.88 2 0.673 0.027 

Bacteroides caccae 215 0.247 0.001 0.001 0.81 3 0.234 0.02 

Escherichia coli 215 0.057 0.029 0.025 0.99 2 0.139 0.101 

Akkermansia spp. 214 0.638 0.001 0.005 1.00 2 0.454 0.002 

Barnesiella spp. 193 0.597 0.182 0.904 0.74 NA NA NA 

Parabacteroides merdae 192 0.623 0.332 0.373 0.96 2 0.527 0.152 

Roseburia intestinalis 169 0.262 0.001 0.001 0.65 NA NA NA 

Ruminococcus lactaris 164 0.895 0.001 0.001 0.66 NA NA NA 

Dorea longicatena 152 0.401 0.439 0.437 0.73 NA NA NA 

Ruminococcus obeum 149 0.331 0.638 0.622 0.66 NA NA NA 

Eubacterium siraeum 148 0.538 0.002 0.003 0.98 2 0.71 0.002 

Ruminococcus gnavus 135 0.036 0.002 0.003 0.86 3 1 0.267 

Bacteroides 
thetaiotaomicron 

132 0.993 0.909 0.887 0.80 NA NA NA 

Streptococcus salivarius 123 0.08 0.008 0.004 0.69 NA NA NA 

Methanobrevibacter smithii 121 0.073 0.036 0.028 1.00 2 1 0.153 

Alistipes putredinis 120 0.26 0.001 0.01 0.94 2 1 0.045 

Bacteroides uniformis 116 0.381 0.373 0.127 0.67 NA NA NA 
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Ruminococcus bromii 113 0.784 0.001 0.001 0.59 NA NA NA 

Phascolarctobacterium spp. 112 0.403 0.001 0.001 1.00 2 0.678 0 

Streptococcus thermophilus 105 0.449 0.24 0.104 0.74 NA NA NA 

Coprococcus comes 100 0.86 0.001 0.001 0.95 2 1 0.049 

Bacteroides dorei 96 0.952 0.014 0.329 0.69 NA NA NA 

Bifidobacterium bifidum 87 0.85 0.016 0.107 0.61 NA NA NA 

Coprococcus sp ART55 1 81 0.49 0.001 0.002 0.66 NA NA NA 

Odoribacter splanchnicus 81 0.055 0.003 0.002 0.75 NA NA NA 

Bacteroides stercoris 71 0.349 0.39 0.622 0.68 NA NA NA 

Bacteroides eggerthii 69 0.461 0.08 0.295 0.95 3 0.568 0.602 

Streptococcus 
parasanguinis 

69 0.791 0.236 0.313 0.79 NA NA NA 

Roseburia hominis 68 0.942 0.003 0.002 0.72 NA NA NA 

Bacteroides massiliensis 66 0.671 0.014 0.02 1.00 2 0.77 0.07 

Roseburia inulinivorans 66 0.858 0.028 0.003 0.43 NA NA NA 

Bacteroides cellulosilyticus 64 0.309 0.419 0.176 0.62 NA NA NA 

Bacteroides fragilis 58 0.214 0.431 0.399 0.45 NA NA NA 

Bacteroides ovatus 55 0.436 0.686 0.613 0.94 2 0.574 0.436 

Butyrivibrio crossotus 46 0.82 0.016 0.04 0.99 2 1 0.022 

Dialister invisus 46 0.81 0.149 0.073 0.74 NA NA NA 

Sutterella wadsworthensis 45 0.995 0.011 0.089 0.68 NA NA NA 

Bacteroides salyersiae 43 0.346 0.019 0.042 0.69 NA NA NA 

Bacteroides vulgatus 36 0.732 0.023 0.051 0.63 NA NA NA 

Clostridium bartlettii 36 0.425 0.007 0.003 0.44 NA NA NA 

Clostridium sp L2 50 34 0.284 0.001 0.003 0.55 NA NA NA 

Klebsiella pneumoniae 33 0.862 0.924 0.943 0.29 NA NA NA 

Parabacteroides distasonis 32 0.03 0.668 0.607 0.00 NA NA NA 

Clostridium leptum 29 0.79 0.705 0.701 0.41 NA NA NA 

Clostridium symbiosum 29 0.161 0.013 0.019 0.53 NA NA NA 
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Appendix 13 
Prediction performances using MetaPhlAn2 species abundances for all datasets at          
increasing numbers of external datasets considered in the training model. The dark            
yellow line interpolates the median AUC at each number of training datasets considered. 
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