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GLOSSARY AND ABREVIATIONS 
 
 

Glossary 
 
 

16S rRNA gene: the gene that encodes for the RNA of the 30S small subunit of a 

prokaryotic ribosome. It is present in every prokaryotic cell and its sequence it’s 

highly conserved because of its slow rate of evolution. Therefore is used by 

microbiologists for reconstructing prokaryotic phylogenies. 

Activated phage:  prophage that has become activated and has lysed its host with the 

consequent virion release, which can therefore be isolated from the filtrate 

fraction (also named extracellular temperate phages). 

Algorithm: a process or set of rules used by a computer program in calculations or other 

problem-solving operations to achieve the most optimal solution. 

Allogenic transplant: fecal transplantation of a healthy donor's fecal microbial 

community to a patient. 

Autologous transplant: fecal transplantation of an individuals' own fecal microbial 

community to itself, consequently used as a control in FMT experiments. 

Bacteriophage- phage: virus of bacteria. 

BLAST: A program used to find regions or significant sequence similarity between 

nucleotide sequences (BLASTn), protein sequences (BLASTp), or nucleotide and 

protein sequences (BLASTx and BLASTt) through local alignment of the 

sequences. 



 
 

xv 

Bray-Curtis dissimilarity index: statistic used to quantify the compositional dissimilarity 

between two different sites or samples, based on species presence, absence, and 

abundance.  

Cas-proteins: proteins found generally upstream of the CRISPR array necessary to 

incorporate spacer sequences from invading elements into the host chromosome, 

and process the CRISPR-array into crRNAs to target and cleave the invader DNA 

(or RNA in Type III and VI systems). 

Cellular metagenome: Metagenome of cellular DNA in a community. Because cells 

contain prophages and replicating viruses within them, viral DNA is also 

represented in cellular metagenomes. 

Centroid: Average distance of the dissimilarities between samples. The concept of 

centroid is the multivariate equivalent of the mean. It minimizes the sum of the 

squared distances from the points of the cloud to a point in the space. 

Chronic infection: viral or bacteriophage infection characterized by a constant release of 

virions without killing the infected cell. 

Cluster Analysis: analysis that groups together similar items. 

Coliphage: bacteriophage that infects E. coli 

Community shuffling model: a shift in activated prophages found as extracellular phage 

particles that can contribute to a shift of the microbial community, ultimately 

leading to dysbiosis and disease 
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Contig: Nucleotide sequence generated from assembly of short (250-300bp) sequencing 

metagenomic reads (in the context of this thesis contig is generally 

interchangeable with viral sequence). 

Core bacteriophages: bacteriophages shared among >50% of healthy individuals 

(analyzed so far). 

Core community (of bacterial species): bacterial species shared among >90% of healthy 

individuals (defined in a cohort of 124 European individuals). 

Core Prophage (CP): prophage identified in the genome of a core bacterial species. 

CRISPR-Cas system: an small RNA-based acquired immune defense system against 

mobile elements, such as bacteriophages and plasmids, found in Archaea and 

Bacteria 

crRNA: transcript containing a portion of the direct repeat (DR) and the CRISPR-spacer 

sequence derived from a CRISPR-array. 

Distance Based-Redundancy Analysis (DB-RDA): Redundancy Analysis is a constrained 

ordination technique applied on a dissimilarity matrix to quantify how much of 

the variation can be explained by a certain variable. Briefly, it regresses the 

ordination scores based on environmental variables and subsequently plots them. 

If the variable of interest impacts the community structure, the DB-RDA result 

should represent well the dissimilarities between communities in the ordination 

space.  

Diversity of the community: number of species and their abundance in an ecological 

community. Generally represented by a diversity index, which is a quantitative 
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measure of both, the richness and evenness of a community (e.g.  Shannon 

Diversity Index). 

Dysbiosis: shift in the composition or/and structure of a host-associated community that 

is associated or results in host disease. 

e-value: is a parameter that describes the number of hits one can expect to see by chance 

when searching a database of a particular size. It decreases exponentially as the 

score of the match increases.  

Episome or Episomal element: extrachromosomal (generally replicating) genetic element. 

Evenness of the community: a metric reflecting how similar the relative abundances of 

different species in a community are.  

Extracellular phage: phage (either temperate or lytic) that has lysed its host with the 

consequent virion release, which can therefore be isolated from the filtrate 

fraction (also named activated phages). 

Extracellular temperate phages: prophage that has become activated and has lysed its host 

with the consequent virion release, which can therefore be isolated from the 

filtrate fraction (also named activated phages). 

Fecal Microbial Transplantation or transplant (FMT): transplantation of feces from a 

healthy individual to the gut of an individual suffering a gastrointestinal-related 

disease to restore a healthy microbiota community structure and therefore health. 

Fecal Filtrate Transplantation (FFT): transplantation of fecal filtrates to the gut of another 

individual. 

Generalist phage: phage able to infect a wide range of related or distal bacterial hosts.  
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Gnotobiotic mouse models: germ-free mouse that is colonized with and exogenous 

microorganisms in order to study the effect of the microorganism in the host.  

Healthy gut phageome (HGP): more accurately defined as the healthy gut phage 

community, composed of core and common phages frequently associated with 

healthy individuals which are less prevalent in individuals with inflammatory 

bowel disease (IBD). 

Healthy gut phages:  phages shared among healthy individuals, and whose presence has 

been correlated with health. 

High scoring pairs (HSP): a local alignment produced by BLAST that achieves one of the 

highest alignment scores in a given search. HSP corresponds to the matching 

region between the query sequence and the database hit sequence. 

Homologous Virus Diversity Index  Diversity index calculated from the diversity of 

homologous virus which are viral sequences from the same virus or from highly 

relate viruses.  

Horizontal Gene Transfer: movement of genetic material between non-offspring cells or 

between cells and their parasites, including viruses. 

Induction: excision of a temperate phage genome from the host genome to undergo lytic 

cycle with subsequent lysis of the cell and release of phage virions. 

Lysis:  cell death due to rupture of the cell wall or membrane. 

Lysogen: a lysogenic bacterial cell, that is a bacteria containing a prophage in its genome. 
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Lysogeny: strategy in which a phage, upon injection of its DNA into a susceptible host, 

integrates its DNA into the host chromone to be passively replicated by the cell 

machinery simultaneously with the bacterial chromosome.  

Lytic phage: phage that upon injection of its DNA into its susceptible host cell replicates 

its genome, produces structural proteins and ultimately lyses the cell to release its 

progeny virions. 

Metabolic Syndrome (MetS): a combination of symptoms that put an individual at high-

risk for diabetes, cardiovascular disease and non-alcoholic fatty liver. They 

include: high waist circumference, insulin resistance, high blood pressure, high 

triglycerides levels and low high-density lipoprotein cholesterol (HDL). 

Metagenome: ensemble or reads generated by deep-sequencing of DNA of a community 

of more than one organism. 

Metagenomics based on 16S rDNA: specific amplification of a variable region of the 

conserved 16S rRNA gene using primers specify to highly conserved regions of 

the gene, followed by deep-sequencing of the amplicons to determine the 

membership of a bacterial community (generally genus level or higher). 

Metagenomics: Study of DNA isolated directly from environmental samples. DNA is 

isolated, fragmented an deep-sequenced generating a large amount of short (250-

300bp) reads (metagenome) that are assembled together with bioinformatic 

programs to render an ensemble of DNA sequences from all the organisms 

present in the microbial community under study. 
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Microbiome: all the genes encoded by the microorganisms associated with a particular 

site or environment (the microbiota). 

Microbiota: all the microorganisms associated with a particular site or environment. 

Network analysis: similarly to cluster analysis, network analysis (as used in this thesis) 

groups related DNA-sequences in groups of highly related sequences.  

Non-core Prophage (NP): prophage identified in the genome of a non-core bacterial 

species. 

Oligo-Nucleotide Frequency analysis (ONF): analysis based on the comparison of the 

frequency of oligonucleotides (e. g. 4-mer or 6-mer) in different nucleotide 

sequences to identify associations between the sequences. 

Open Reading Frame (ORF): a region in a nucleotide sequence that can be translated into 

a protein. 

Operational taxonomic unit (OTU): A term used to define a group of closely related 

organism identified from sequencing variable regions of the highly conserved 16S 

rRNA gene used to classify bacterial and archaeal organisms.  

Ordination: statistical technique that takes multivariate data (objects with multiple 

variables) and represents objects as points in a two or three-dimensional frame, 

where the closer the points are the more similar the samples are, e.g. PCoA, 

NMDS. 

Orthologous Genes: genes found in different species that evolved from a common 

ancestral gene by speciation and generally have similar functions.  
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Pathogenesis determinant: one or various genes that change the phenotype of a bacteria to 

virulent, thus disease causing bacteria. 

Phage Orthologous Groups: clusters of orthologous genes in complete phage genomes. 

Polymerase Chain Reaction: a molecular technique use to specifically amplify a DNA 

sequence generating several orders of magnitude more copies of  the specific 

sequence from a single or few copies DNA molecule. 

Prebiotic: a non-digestible food ingredient that can only be metabolized by gut 

microorganisms with potentially beneficial consequences.  

Primer: Short sequence of DNA complementary to a specific DNA sequence used to 

amplify that sequence through PCR. A primer complementary to the positive 

strand and another one complementary to the minus strand in facing directions are 

necessary. 

Principal Coordinate Analysis (PCoA or PCO): also known as metric multidimensional 

scaling, is a multivariate ordination technique that attempts to summarize and 

represent similarity between objects in a low dimensional Euclidean space.  

Probiotic: live microorganisms, in particular bacteria an yeast, that promote health 

Prophage reservoir:  all the prophages encoded in normal members of the gut microbial 

community. 

Prophage reservoir:  all the prophages encoded in normal members of the gut microbial 

community. 

Prophage:  bacteriophage genome integrated in the bacterial host genome. 
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Protospacer associated motif (PAM): 3 or 5nt motif found upstream or downstream 

(depending on the CRISPR-system) of the invading nucleic acid genome 

necessary for target and cleavage of the molecule.  

Protospacer: sequence homologous to a CRISPR-spacer sequence found in the invading 

nucleic acid genome.  

Pseudolysogeny: stage of halted development of a bacteriophage lytic and/or lysogenic 

cycle in a host cell without multiplication of the phage genome, which is stably 

maintained in the cell line as an episomal element without degradation. Upon 

favorable conditions, virus replication restarts.  

Richness of the community: number of species found in an ecological community.  

Similarity Percentages Analysis (SIMPER): Analysis that identifies which species 

contribute the most to dissimilarities between communities. 

Singleton: sequence (nucleotide sequence in the context of this thesis) that is not 

homologous to any other sequence in the data set.  

SM buffer: buffer that contains Mg2+ and is used for routine manipulation of phage 

suspensions 

Spacer: also referred to as CRISPR-spacer, is a sequence of approximately 30bp that 

comes from an invader element, such as a phage or a plasmid, that gets 

incorporated into the bacterial or archaeal chromosome and it’s used to target the 

invader element DNA (RNA in Type-III and Type VI systems) and destroy it, in 

turn protecting the host cell from infection. 

Specialist phage: phage able to infect one or very few related bacterial hosts. 
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Steady-state: a state describing a microbial community which involves maintenance of 

the community structure at the taxonomic and function level, and is characterized 

by high resilience (ability to return to an equilibrium state after a stress-related 

perturbation). 

Superinfection: infection of one single cell with multiple viruses. 

Temperate phage:  bacteriophage that has the ability to integrate its DNA in the bacterial 

genome of its host. 

Virulent phage:  synonym for lytic phage. 

Whole-community metagenomes: See cellular metagenomes. 
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Abbreviations 
 
 
BC: Bacterial Core community 

BLAST: Basic Local Alignment Search Tool 

CD:  Crohn’s Disease 

CD: Crohn's Disease 

CDI: Clostridium difficile Infection 

CP: Core Prophage 

CRISPR: Clustered Regularly Interspaced Short Palindromic Repeats 

DB-RDA: Distance Based-Redundancy Analysis 

EC-phage: Extracellular phage 

FF: Fecal Filtrate 

FFT: Fecal Filtrate Transplant 

FMT:  Fecal Microbial Transplantation 

GAM: General Additive Model 

GLM: General Linear Model 

GM: Gut Microbiome 

HDL: High-Density Lipoprotein cholesterol 

HGP:  Healthy Gut Phageome 

HGT: Horizontal Gene Transfer 

HSP: High Scoring Pairs 

HV: Homologous Virus 

HVDI: Homologous Virus Diversity Index 
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IBD:  Inflammatory Bowel Disease 

IDBA: Iterative De Bruijn graph Assembler 

LabDSV: Laboratory for Dynamic Synthetic Vegephenonenology 

MetS:  Metabolic Syndrome 

NC: Non-Core bacterial community 

NP: Non-core Prophage 

ONF: Oligo Nucleotide Frequency 

ORF: Open Reading Frame 

OTU: Operational Taxonomic Unit 

PAM: Protospacer Associated Motif 

PCoA: Principal Coordinate Analysis 

PCO: Principal Coordinate Analysis 

PCR: Polymerase Chain Reaction 

PHACCS: Phage Communities From Contig Spectrum 
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ABSTRACT 
 

 
The human body is colonized by a diverse microbial community known as the 

human microbiota. Most of these microbes, reside in the human intestinal tract. The gut 
microbiota has coevolved with humans and has become essential for multiple 
physiological functions that range from digestion, to development of the immune system, 
protection for pathogens, and even behavior. The gut microbial community is primarily 
dominated by Bacteria and their viruses- bacteriophages (or phages for short). Even 
though our knowledge of the contribution of the former to human health is extensive, the 
role of bacteriophages in human health and disease has been explored considerably less. 
Study of bacteriophages in other microbial environments has highlighted their importance 
in influencing the structure and function of their host community. Therefore, 
understanding the role of bacteriophages in the human gut ecosystem, and overall, in 
human health, has become a focus of current research. The main overarching hypothesis 
of this thesis is that human gut bacteriophages contribute to human health. To test this 
hypothesis, viral metagenomic surveys of healthy and disease individuals, together with 
experiments in a gnotobiotic mouse model system were performed. A group of 
bacteriophages shared among healthy individuals and significantly depleted in 
individuals with IBD was identified. Moreover, a host reservoir for these phages was 
identified in the core gut bacterial community of healthy subjects. Study of phage 
dynamics during an FMT treatment in patients with metabolic syndrome further 
highlighted the association of bacteriophages with human health. Patients that showed 
significant clinical improvement harbored a richer community, and a community more 
similar to healthy donors than patients that did not respond to the treatment. Moreover, a 
set of potential phage biomarkers associated with health and treatment outcome were 
identified. Lastly, experiments in gnotobiotic mice demonstrated the ability of 
bacteriophage-enriched filtrates to modify the microbial community structure. This result 
highlights the potential use of bacteriophages to manipulate the human gut microbiota, 
and potentially restore human health.  
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CHAPTER ONE 

 
INTRODUCTION 

 
 

Introduction 
 
 

The human body is host to a vast number of microbial dwellers found on the skin 

and all mucosal surfaces, which are collectively known as ‘the human microbiota’ (47). 

Most human-associated microbes are found in the intestinal tract, and are primarily 

bacteria, together with their respective viruses- bacteriophages or phages for short. The 

gut microbiota and its genetic composition (‘the gut microbiome’) have co-evolved with 

humans, interacting primarily through a commensal-mutualistic relationship, and have 

become a vital component of human physiology (13). For instance, gut microbes are 

essential for complete and proper immune system development, and constitute key 

players in nutrition and pathogen-protection. Even though the bacterial composition 

varies among individuals, there are core bacterial species and a microbiota structure 

defined at the taxa level that has been associated with health (150, 154). 

Even though viruses are considered molecular parasites, commonly associated 

with detrimental consequences for their host, they are one of the greatest driving forces of 

host evolution (63). In particular, bacteriophages are known to exert a major influence on 

the structure and function of their associated microbial communities (166, 188). Despite 

the negative perception of viruses, bacteriophages have been shown to be both beneficial 

(e.g. phage therapy and food safety) and detrimental to humans (e.g. important delivery 

agents of virulence genes). However, the indirect benefits that long-term gut-associated 
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phages might provide to humans have been understudied. The overarching theme of the 

research presented in this thesis is to investigate the role of gut bacteriophages as health-

maintaining agents in humans, using primarily metagenomic surveys of the human gut 

phage community during health and disease. The primary questions proposed to increase 

our understanding of how phages may contribute to human health are the following:  

 
Questions 

 
 

1.! Is there a shared gut phage community associated with healthy individuals?  

2.! What are the bacterial-hosts associated with prevalent bacteriophages found in 

healthy individuals? 

3.! What are the bacteriophage dynamics during fecal microbial transplantation 

(FMT) and are specific bacteriophages associated with the outcome of FMT 

treatment?  

4.! Can bacteriophage-enriched filtrates be used to change the gut bacterial 

community structure? 

 
Hypothesis 

 
 

This thesis will test the following hypothesis: (i) There is a core gut bacteriophage 

community prevalent among healthy individuals and associated with human health; (ii) 

shared phages among individuals are likely to be found in the core bacterial species as 

prophages; (iii) bacteriophages dynamics during fecal microbial transplantation are 

associated with treatment outcome; (iv) bacteriophage-enriched filtrate transplantation 
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can be used as an alternative to fecal transplantation to change the gut bacterial 

community structure. 

 

This thesis is presented in the following sections: Chapter 2 is an extensive review on the 

current knowledge on the human gut bacteriophage community and its implications for 

health and disease. Chapter 3 describes the identification of a healthy gut phageome 

(HGP), which is composed of core and shared gut bacteriophages prevalent in healthy 

individuals, which are less frequently found in patients with inflammatory bowel disease. 

Chapter 4 describes the host prophage reservoir for the HGP identified in Chapter 3. 

Chapter 5 investigates bacteriophage dynamics following fecal bacterial transplantation 

and identifies a potential association between the bacteriophage community of Metabolic 

Syndrome (MetS) patients and their response to treatment. Chapter 6 directly tests the 

ability of bacteriophage-enriched filtrates to modify the bacterial community structure 

using gnotobiotic mouse models. Finally, Chapter 7 summarizes the major findings of 

this work, the overall implications of these findings on the study of the role of phages in 

gut microbial ecology and suggestions for future research directions. 
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CHAPTER TWO 

 
THE HUMAN GUT PHAGE COMMUNITY AND ITS IMPLICATIONS FOR  

 
HEALTH AND DISEASE 
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Abstract 

Abstract: In this review, we assess our current understanding of the role of bacteriophages 

infecting the human gut bacterial community in health and disease. In general, 

bacteriophages contribute to the structure of their microbial communities by driving host 

and viral diversification, bacterial evolution, and by expanding the functional diversity of 

ecosystems. Gut bacteriophages are an ensemble of unique and shared phages in 

individuals, which encompass temperate phages found predominately as prophage in gut 

bacteria (prophage reservoir) and lytic phages. In healthy individuals, only a small 

fraction of the prophage reservoir is activated and found as extracellular phages. Phage 

community dysbiosis is characterized by a shift in the activated prophage community or 

an increase of lytic phages, and has been correlated with disease, suggesting that a proper 

balance between lysis and lysogeny is needed to maintain health. Consequently, the 

concept of microbial dysbiosis might be extended to the phage component of the 

microbiome as well. Understanding the dynamics and mechanisms to restore balance after 

dysbiosis is an active area of research. The use of phage transplants to re-establish health 



 
 

7 

suggests that phages can be used as disease treatment. Such advances represent milestones 

in our understanding of gut phages in human health and should fuel research on their role 

in health and disease.  

Keywords: gut microbiome bacteriophages; gut microbiome phages; gut prophage 

reservoir; healthy gut phages 

1. Introduction 

The human gut is home to one of the most densely populated known microbial 

communities and is required for human health. Human cells, microbial cells (which include 

bacteria, archaea, protozoa, and fungi), and their viruses coexist in a dynamic equilibrium 

in healthy individuals (114). In the gut, the most abundant members of the microbiome are 

bacteria and their bacteriophages (114). Even though individuals have relatively distinct 

gut microbial communities at lower taxonomical levels (66), a general concept of a healthy 

microbiome has emerged (14, 114). The gut microbiome of healthy adult individuals is a 

succession of “steady-states” characterized by high resilience (ability to return to an 

equilibrium state after a stress-related perturbation) (Box 1) (14, 55, 155), a conserved 

functional profile independent of taxonomic membership!(14, 85, 154, 190), and a common 

structure at the phyla level ! (14, 150), in which Firmicutes and Bacteroidetes are the 

dominant members. A dysbiotic state, characterized by an altered microbiome community 

structure that departs from a balanced ecology, has been correlated with multiple diseases 

and conditions! (14, 44, 114, 139, 150). Currently, research efforts are directed towards 

understanding the processes that lead to gut dysbiosis and how equilibrium can be re-

established in order to maintain health. 



 
 

8 

Since the discovery of phages by Felix D’Herelle 100 years ago, human-associated 

bacteriophages have been largely studied from a disease perspective in the context of single 

pathogenic bacterial species (186), either as treatment to eliminate a bacterial disease or as 

pathogenesis-determinant vectors for bacteria (32, 195). However, bacteriophages are not 

always associated with disease. They are the most abundant entities on the planet, and are 

considered one of the major drivers of the structure and function of microbial communities 

(71). The increased appreciation for the influence of bacteriophages in microbial 

communities has spurred extensive investigation into the role that phages play in the human 

microbiome, and how they can ultimately contribute to health or disease (157).  

It has been proposed that a shift in the gut bacteriophages community composition 

can contribute to the shift from health to disease (50, 129, 139). We refer the reader to 

excellent reviews on the subject (48, 50, 129, 143). However, the specific role and effect 

of phages beyond correlation in health and disease remains to be determined. Despite 

advances in understanding the positive contribution of bacteriophages to human health 

(48), the detailed phage-microbe dynamics that take place during healthy “steady-states” 

of the microbiome remain elusive, and deserve further investigation. 

In this review, we describe our current understanding of the gut phage community. 

We examine the role of phages in shaping the microbiome structure from birth to 

adulthood. We highlight some of the potential dynamics that can contribute to a resilient 

and balanced coexistence of bacteria and their phages during “steady-states” of a healthy 

adult microbiome. Specifically, we focus on the balance between lysis and lysogeny and 

its potential impact on health. We also revisit the early ideas of phage therapy, albeit 
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applying them at the whole community scale, and explore the possible use of 

bacteriophages to recover the necessary structure of the microbiome and reestablish health. 

2. Outcome of Phage–Bacteria Interactions 

The fate of a bacterial cell upon infection with a phage can be either cell death 

(lysis), or temporary symbiosis (lysogeny, chronic infections). Lytic phages (also known 

as virulent phage), introduce their viral genome into the cell, undergo replication, and lyse 

their host cell to release the progeny virions. Lysogenic phages (also known as temperate 

phage), after introducing their DNA into the host cell, can either undergo lytic replication 

or integrate their DNA in the bacterial chromosome and replicate passively with their host 

without producing any virions (206). The integrated phage is known as a prophage. In 

response to certain triggers, the prophage can become activated and switch to the lytic 

cycle. In pseudolysogeny, the DNA is maintained as an episomal element. Once favorable 

conditions arise, the phage begins either the lytic or lysogenic cycle. It is thought that this 

mechanism can lead to persistent infections and might contribute to phage survival during 

unfavorable growth conditions in natural environments (38, 115). It has been proposed that 

Bacteroides and Escherichia species can be infected in this manner in the gut (90, 124). 

Finally, chronic infections involve the release of virions without killing the infected cell 

(181). To our knowledge, the incidence and consequences of chronic bacteriophages in the 

gut has not been explored. 

Phages influence microbial community structure and function through various 

mechanisms (30, 146, 165, 176, 177). Density-dependent lysis of bacterial species in a 

microbial community (also known as Lotka-Volterra dynamics (116, 193)) promotes 
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microbial diversity and evolution, and maximizes the efficiency of resource usage by the 

community (165, 176, 177). On the other hand, lysogeny can influence the community 

composition through indirect benefits to the bacterial lysogen (prophage carrier bacteria) 

and through horizontal gene transfer (HGT) of beneficial genes between hosts (25, 89, 129, 

133, 147, 164, 200). Prophage-encoded selective advantages include: (i) protection from 

superinfection; (ii) release of activated prophages from a subset of the lysogenized 

population that can subsequently lyse competing species; (iii) prophage-encoded 

pathogenesis determinants such as toxins or host adherence factors; (iv) genes that increase 

fitness of the lysogen under certain conditions; and (v) reducing the substrate utilization by 

its host (32, 147). Unfavorable conditions and low host density are parameters known to 

primarily select for phages which undergo lysogenic replication, both under laboratory 

conditions and in complex environments (31, 147). Recently, examination of natural 

bacterial communities has shown that increasing host densities might select for the strategy 

of lysogeny as well (98). 

To fully understand the role of phages in shaping the gut microbial community 

structure, one needs to consider four major influences of the system: the human host and 

its immune system, the structure and function of the microbial community itself, the 

environmental inputs, and the gut viral community (both eukaryotic and prokaryotic). Both 

the role of eukaryotic viruses and the interactions between the immune system and viruses 

have been studied and reviewed elsewhere (34, 35, 59, 135, 162, 202). Although the role 

of the host immune system in shaping the phage community and the role of external factors 
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is not the focus of this review, it is important to note that these factors play an important 

role as well (Figure 2.1). 

 

Figure 2.1. Major factors influencing the structure, function, and dynamics of the gut phage 
community. Factors that can influence the phage community and serve as a source of 
phages are marked in thick black circles. Factors that only influence the viral community 
composition are marked in grey. 

 

3. Development of the Gut Phage Community 

The microbiome structure of healthy newborns evolves in the first 2–3 years of life 

from a near sterile environment towards a diverse adult-like microbiome that is maintained 

throughout adulthood, until age-related changes progressively promote composition 

changes towards an elderly-like microbiome (Figure 2.2) (140, 204). Breitbart et al. carried 

out the first study of infant gut bacteriophages from 1 week to 3 months of age, and showed 

that the viral diversity in newborns was extremely low and dynamic (24). More recently, 

two studies examined the dynamics of viruses and the microbiota during the first 2 and 2.5 

years of life, respectively!(111, 159). 
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Figure 2.2. Schematic representation of the gut phage community development with age. 
Individuals are colonized early after birth, within 0–4 days after birth (DOB). During the 
first days of life, the diversity of the phage community is high and the microbial community 
abundance and diversity is low (111). A reduction in Caudovirales diversity leads to an 
expansion and a shift in the microbial community composition and an increase in 
Microviridae phage diversity and abundance. A relatively stable phage community is 
maintained during the adult life. Changes in the phage community associated with a shift 
towards an elderly-like microbial community are unknown.  

These analyses showed that the gut is colonized by phages quickly after birth (1–4 

days), that gut phages are more similar between infants than between adult individuals, and 

that the phage community undergoes considerable changes early in life (111, 159). There 

is a slight decrease in double stranded DNA (dsDNA) phage diversity, specifically of 

Siphoviridae phages, and an increase in single stranded DNA (ssDNA) phage diversity in 

infants compared to adults (111, 159). Lim et al. showed that the phage community richness 

is highest in the first 1–4 days of life. The authors hypothesize that the community 

undergoes reverse Lotka-Volterra dynamics, in which the initial high diversity of 

bacteriophages is not supported by the low microbial abundance, leading to a collapse of 

the phage diversity and the predatory pressure (111). Consequently, an increase in the 

microbial abundance and a shift in the community composition drives a shift in the phage 

community composition as well (111) (Figure 2.2). The authors could not determine the 

provenance of the phages or their lifestyle. They venture that phages might be transmitted 

from the mother to the baby through the placenta (111). Another possibility could be the 
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transmission of phages through the mother’s breast-milk, although Breitbart et al. 

demonstrated that the most abundant phages in infants were not found in breast milk nor 

formula. An important source of phages early in life is activated prophages from the 

microbial community (24, 136, 179). A recent study identified and analyzed prophages 

from Bifidobacterium species, a dominant member of the infant microbiome, and showed 

how they can deeply impact the infant gut microbiota development (117). Little is known 

about how bacteriophages influence the shift from the adult to the elderly microbiome.  

Disruption in the proper gut phage community development has been correlated 

with a higher risk of disease onset. A study by Reyes et al. compared the virome of healthy 

twins, and twins discordant for severe acute malnutrition (SAM) during their first 2.5 years 

of life (159). The virome in individuals that suffer SAM is significantly less variable during 

the first years of life than that of healthy individuals. However, only one of the twins 

showed disease symptoms, suggesting that a healthy phage community development 

towards an adult-like community is important in maintaining health, but its disruption is 

not enough to result in disease. However, this work provided a set of valuable viral markers 

(including both prokaryotic and eukaryotic viruses) that can be used to identify at-risk 

populations. Deep sequencing and analysis of whole community metagenomes using novel 

metagenomics methods has proven useful in the characterization of bacterial species at the 

strain level and associated phages in young infants. Applying these methods to understand 

health and disease-related phage-host candidates will be valuable to understand the proper 

development of the gut phage community (136, 179).  
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4. Characteristics of the Adult Gut Phage Community 

The diversity of phages associated with the adult human gut has been examined 

both through transmission electron microscopy (TEM) of virus particles isolated from stool 

samples and metagenomic analysis. It is important to note that the virus particles in the 

feces predominantly represent extracellular temperate phages (prophages that have become 

activated and lysed their host upon virion release) and lytic phages (Figure 2.3). For 

brevity, phage particles found within stool samples will be referred to as EC-phages 

(phages found as extracellular particles). Recent studies aimed at optimizing phage 

particles (PPs) extraction from stool samples have reported higher PP counts than 

previously thought. Individuals have between 109–1010 particles per gram of feces (dry 

weight) compared to 1011–1012 bacteria (36, 84). In fact, Hoyles et al. hypothesized that 

due to inefficiency in the purification process, the actual phage concentration in feces could 

range between 1010–1012 particles/g of feces (84). A significant number of these phages are 

associated with the mucosal gut membrane (16, 125). Even taking into account more 

accurate PP counts, the virus to microbe ratio (VMR) in the gut is still significantly lower 

compared to other microbial communities (98). TEM analysis revealed primarily 

Myoviridae, Siphoviridae, and Podoviridae-like morphologies characteristic of phages 

from the Caudovirales order (36, 84). 
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Figure 2.3. The adult gut phage community in health and disease. Bacteriophages 
found in human stool are an ensemble of lytic phages and activated prophages that 
arise from a larger prophage reservoir found in the gut microbial community. It 
has been proposed that the increase in phage diversity in IBD patients comes from 
activation of a larger fraction of the prophage reservoir, which in turn leads to a 
decrease in bacterial diversity (139). An increase of lytic phages has also been 
correlated with disease (72), suggesting that a proper balance between lytic phages 
and activated prophages is important to maintain health. 

 

Metagenomic analysis of whole community and EC-phages provides a broader 

understanding of the actual community diversity. EC-phage metagenomes demonstrate the 

individuality and stability over time of gut phages (122, 130, 131, 156). The bacteriophage 

community is dominated by dsDNA and ssDNA phages. The majority of RNA viruses 

found in the gut are plant and human viruses (207), with only a limited number of RNA 

gut bacteriophages being described in primate metagenomes (104). RNA coliphages have 

been isolated from the gut at very low titers (82), compared to other coliphages (72) or 

Bacteroides phages (90). Generally, the phage community consists of a few dominant DNA 

phage types, with a tail of less abundant phages (130). The most abundant phage types can 
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represent more than 15% of the total phage community (130). Most of the phages that can 

be taxonomically classified are from the Caudovirales order, and the Microviridae family 

(36, 130, 131, 156).  

Even though representation of gut phages in public databases is increasing, 

approximately 50% of the sequences cannot be classified (Figure 2.4). Methods to 

overcome the low rate of classified sequences have been developed. For example, phage 

genome (21, 121) and phage protein-cluster analysis (112, 171, 172), or the recently 

developed Homologous Virus Diversity Index (HVDI) (173) reduce the data complexity 

and enhance virus classification of metagenomic datasets. These methods, similar to other 

analysis pipelines such as PHACCS (Phage Communities From Contig Spectrum) (8), can 

also be used to analyze the diversity of the phage community. For instance, HVDI 

determines the diversity of the phage community after genome-based similarity analysis 

and binning. Overall, this type of analysis reduces the diversity estimates that single contig-

based analysis provides (21, 88, 122, 172). Part of the inability to classify more gut viruses 

can be explained by the underrepresentation of Firmicutes and Bacteroides phages in 

public databases (143). Some of the most used metagenomic analysis pipelines for viral 

metagenomes are MetaVir (170), Virome (201), and Megan (86). Waller and colleagues 

attempted to increase the accuracy of phage taxonomic classification and quantification by 

identifying phage-specific orthologous protein groups (196). These include several 

quantitative taxon-specific maker genes that can be used to classify bacteriophage 

sequences within whole community and EC-phages metagenomes. They were able to 

identify 15 different bacteriophage taxa (mostly at the genera level) in human gut 
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metagenomes. The most abundant taxa are podovirus, myovirus, and siphovirus, and their 

abundance varies between individuals (36, 84, 95). 

 

Figure 2.4. Bacteriophages in adult healthy individuals. The bacteriophage community of 
adult individuals is composed of members of the Caudovirales order, the Microviridae 
family and a large fraction of unclassified phages. Healthy individuals contained a 
relatively unique phageome and a set of shared phages between individuals that is globally 
distributed (<5% of total phageome). This set of shared phages has been correlated with 
health and proposed as the healthy gut phageome (HGP). 
 

Analyses which have expanded our knowledge of Microviridae phages have 

increased our appreciation for their importance and abundance in the adult gut phage 

community (95, 111, 159, 169). Microviriade phages are ssDNA phages, with a small 

genome size, typically between 4–7 kb that are currently divided into four groups: 

Microvirus, Pichovirinae, Alpavirinae, and Gokushovirinae. The two latter groups are 

highly associated with the gut microbial community (169). Despite the initial 

categorization of Microviridae as lytic phages, some have been identified as prophages of 

Bacteroides and Parabacteroides species (105, 169). The decrease in the 

Microviridae:Caudovirales ratio has been correlated with diseases such as inflammatory 

bowel disease (IBD), suggesting that Microviridae phages are important for health (139). 

Importantly, a significant fraction of EC-phages is classified as temperate phages. 
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Even though the gut phage community is stable over time and is for the most part 

unique to an individual, global analyses of gut metagenomic datasets across the world have 

revealed that there is a globally distributed phageome (60, 122, 142, 145, 159, 184). On a 

small scale, it has been observed that individuals that share living spaces tend to have more 

similar phages (163). Some of these shared phages are transmitted between household 

members. Individuals that are not undergoing antibiotic therapy are more frequently the 

source of these transmissions (118). Moreover, a recent study analyzing the Earth’s virome 

showed that 83% of the gut viral sequences were found in at least two individuals, and 30% 

were found in more than 10% of the metagenomes (148 human stool metagenomes) (145). 

A similar trend was observed in more limited studies that support the existence of a 

reservoir of common phages (Box 1) (60, 122, 142, 159, 184). One of the most globally 

distributed phages is the novel phage termed crAssphage which was found in 73% of all 

the fecal metagenomes analyzed (450)! (60). A separate study, aimed at understanding 

poorly represented phages in EC-phages metagenomes, revealed a group of Bacteroidales-

like phages that is shared between individuals (142). Moreover, these phages could be used 

to classify individuals into four different viral-enterotypes (groups characterized by a 

certain virus membership profile) based on the abundance profile of these phages in the 

139 gut metagenomes analyzed (142). Overall, the gut phage community is an ensemble 

of phages with a component that is unique to each individual, and a component that is 

shared by many individuals (Figure 2.4). The presence of shared bacteriophages among 

healthy individuals raises the question of what is their role in maintaining health. 
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Recently we carried out a study to characterize the extent of a global gut phageome 

and its implication in health (121), and showed a correlation between shared phages and 

health status. In this work, we combined ultra-deep sequencing of two healthy individuals 

with gut phage metagenomic analysis of healthy and diseased individuals (139). Using 

4301 phages found in the two study individuals, a set of 23 “core phages” was identified 

in more than 50% of healthy individuals from different geographic locations, and a set of 

155 “common phages” was found in 20–50% of the individuals. More shared phages were 

identified in the additional healthy phage metagenomes. Importantly, both the percentage 

of individuals that carry each core phage and the percentage of total core and common 

phages that each individual carried were reduced in individuals suffering from IBD. Even 

though these phages represent only a minor component of the total community (<5%) 

(Figure 2.4), their relation to health led us to propose the existence of a Healthy Gut 

Phageome (HGP)(Box 1). The existence of a prophage reservoir in individuals that is 

maintained over time and serves as an important source for EC-phages (Figure 2.1) (50, 

72, 184) led us to hypothesize that a fraction or the totality of the HGP in healthy 

individuals can potentially arise from this reservoir. However, the origin of the HGP and 

its role and mechanisms in contributing to the healthy structure of the microbiome is 

unknown and is currently under investigation.  

5. Towards an Equilibrium between Lysis and Lysogeny 

The balance between lysis and lysogeny, and a differential spatial distribution of 

phages appears to be correlated with health (72, 108, 139) (Figure 3). Local distribution of 

phages in the gut is altered in dysbiotic states. Viral communities associated with the lumen 
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and mucosal surfaces differ in healthy mice. A greater increase of temperate Caudovirales 

in mucosal-associated phages compared to luminal phages in obese mice results in the loss 

of these differences (96). It has been shown that in leukaemic diseases (72), and in IBD 

(108), individuals shed a higher number of EC-phages in their feces. This can be due to 

either higher rates of lytic phage activity or higher prophage induction. Studies by Furuse 

and colleagues focused exclusively on coliphages showed that most coliphages in 

leukaemic patients were virulent, as opposed to a dominance in temperate phages in healthy 

individuals (72). Additionally, Norman and colleagues hypothesized that the increased 

phage diversity in IBD patients might be due to the activation of prophages (139). A 

combination of whole community and EC-phage metagenomic analysis has been used to 

determine the proportion of lytic versus temperate phages in stool samples. The percentage 

of EC-phages which can be classified as temperate ranges between 17–37% (130, 184). 

Because phage contigs generally represent incomplete phage genomes, these numbers are 

only a lower bound. Waller et al. analyzed the abundance of whole community phage taxa 

and prophage-reservoir taxa in 252 fecal metagenomes from 207 individuals, and 

determined that the combined prophage reservoir of individuals was novel (196). 

Moreover, a total of seven out of 15 phage taxa from whole gut community analysis were 

found as predicted-prophages (196). Additionally, the relative abundance of temperate 

phages in the community has been estimated by quantifying the number of metagenomic 

reads associated with typical-lysogeny genes such as integrases. These estimations depend 

on multiple parameters, and range from 25–50% of the EC-phages as temperate (180, 184). 

This approach suggests that the contigs identified as temperate phages comprise a 
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significant percentage of the entire community. Additionally, in vitro studies have shown 

a high proportion of temperate coliphages as well (72). Consequently, the dominance of 

gut bacterial communities by temperate phages has become a paradigm of the field. It has 

been proposed that the reduction of the VMR ratio in high-density microbial communities 

can be driven by a suppression of lysis and a switch to lysogeny (98); however, Weitz and 

colleagues concluded that there is not enough evidence to support these claims yet, and 

that further work is needed to characterize the relative abundance and role of lysogeny in 

shaping dynamics within environmental and human-associated systems (199).  

Understanding the balance between lytic phages, activated prophages, and the total 

prophage reservoir is important in understanding the healthy gut. Mills and colleagues 

proposed the community shuffling model (Box 1)!(50, 129), which explains the shift from 

health to disease through increased induction of certain prophages. Prophage activation is 

likely sensitive to stress, therefore processes such as inflammation in patients with IBD are 

likely to result in an increase of prophage activity (Figure 3). Determining activation 

dynamics of specific prophages during “steady!states” may help to identify what is 

necessary to bring a community structure back to equilibrium from dysbiotic states. A 

study aimed at investigating the active portion of the total prophage reservoir and the level 

of prophage activation showed that: (i) prophage activation varies with time; (ii) 

approximately 24% of predicted prophages with a known host are active in at least two 

individuals; (iii) an abundance of prophage-taxa is generally correlated with the abundance 

of activated prophages; and (iv) a set of 50 active core prophages are found in more than 

half of the individuals (196). Furthermore, the activation levels of the 25 most abundant 
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prophages predicted from reference genomes showed no or a low level of induction for 

~50% of the prophages, as indicated by the equal abundance of prophage and host DNA 

(molar ratio 1:1). In ~40% of the cases, the abundance of the prophages was less than the 

abundance of its host genome (molar ratio < 1), suggesting that the prophage was absent 

in a portion of the host population. In the remaining 10% of the cases, prophages were 

considerably more abundant (molar ratio > 1), suggesting prophage induction of a large 

portion of the population or infection in a different host. These findings are consistent with 

a similar study previously carried out by Stern et al.! (184). Prophages associated with 

reference genomes that contained either antibiotic resistance genes or virulence factors 

were found to be activated at low levels in almost all individuals (196). These results 

suggest that prophages with beneficial genes for the host are more likely to be maintained 

active within the community. Additionally, some prophage taxa were related to multiple 

host taxa. This implies that the host with which a given prophage is associated might be 

more important than the presence or absence of the prophage itself. Recent studies have 

shown molecular mechanisms involved in controlling the switch between lysis and 

lysogeny at the single cell level (38, 64, 206). The importance of a carrier state of the 

temperate phage as a non-integrated episome to maintain a stable coexistence of a phage 

and its host has recently been shown (38), adding complexity to the studies of lysogeny. 

Combining molecular studies with whole community and EC-phage analysis of phages 

correlated with health and disease will likely contribute significantly to our understanding 

of the equilibrium of phages during health.  
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Among the various anti-phage defense systems that bacteria encode, such as 

restriction modification systems or abortive infections (107, 132), the CRISPR/Cas system 

may play a role in lysogeny (76). The CRISPR (Clustered Regularly Interspaced Short 

Palindromic Repeats) system is a phage defense system found in Archaea and Bacteria. 

Upon phage infection, a small fragment of the invading phage genome of approximately 

30 bp (known as a spacer sequence) becomes incorporated into the bacterial chromosome 

in a CRISPR array (183). This spacer sequence is later used to recognize and destroy 

invading phages. A set of CRISPR spacers targeting temperate phages has been identified 

(128, 183, 184). In some cases, encoding for a spacer sequence against a prophage will 

lead to cell death (61), however, both elements can occasionally coexist (23). For instance, 

recent work done by Goldberg et al. (76) shows that the type III CRISPR/Cas system in 

Staphylococcus epidermidis tolerates lysogenization, but prevents lytic infection and 

reduces prophage induction through the degradation of transcripts necessary for lytic 

replication. Stern and colleagues identified 991 spacer-targeted phages in the human 

gastrointestinal microbiome (184). Approximately 37% of these were temperate phages 

and were being targeted by spacers conserved among different individuals, demonstrating 

the prevalence of prophage-targeting spacers. However, in most cases (85%), if an 

individual encoded a spacer sequence, its phage target was not present. Thus, the most 

likely scenario is that the CRISPR system in the gut contributes to the ecology of frequently 

activated prophages. 

Gnotobiotic mice models have proven useful for understanding gut phage 

dynamics. Duerkop et al. (58) demonstrated that the induction of the prophage provides an 
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advantage to its host by killing competitors, both in vitro and in vivo. De Paepe and 

colleagues (50) modeled prophage activation and showed that prophage induction in the 

mouse gut is higher than in vitro, and that it results in a significant cost to its bacterial host. 

However, the cost of induction is compensated by the initial killing of susceptible cells by 

the released virions, after which the initial lysogen strain and newly infected cells that have 

become lysogenized coexist. During their experiment, resistant mutants independent of 

phage pressure arose, which demonstrates that bacterial selection in vivo depends on a 

variety of factors. Importantly, they captured the occurrence of HGT, which suggests that 

the role of phages in promoting HGT can be studied using mouse models. In a separate 

study, Reyes et al. hypothesized that prophage activation occurs in feces due to nutrient 

limitation (156). To test this hypothesis, germ-free mice were colonized with 

Marvinbryantia formatexigens and Bacteroides thetaiotaomicron, and RNA transcription 

was measured to study prophage expression in the cecum and feces. Only one out of three 

prophages from M. formatexigens was fully expressed in feces. In contrast, 50% of the 

samples from the cecum showed expression of the same prophage. Only genes involved in 

the maintenance of lysogeny were expressed for the other monitored phage, both in the 

cecum and feces. Mouse models to study phage-host dynamics of more complex 

communities have also been developed (158). Mice colonized with a consortium of 15 

human gut bacterial species were challenged with human EC-phages and changes in the 

host community, EC-phages and prophage activation were simultaneously measured. The 

study found that human EC-phages could replicate and affect the community structure in 

the mouse model. In this study, the similarity between the phage relative abundance found 
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in the feces as compared to the cecum depended on the phage type. One of the 15 bacterial 

species (Bacteroides cellulosyliticus WH2) was represented by a library of transposon 

mutants. As expected, there were no phage mutants in the cI repressor (necessary to control 

the switch between lysogeny and lysis). Interestingly, phages with mutations in the cI-Rha 

intergenic region, which facilitate prophage induction, were selected and maintained at 

high relative abundance, even before prophage induction. These results suggest that 

prophages might be providing fitness advantages to their host through mechanisms 

unrelated to “killing competitors.” Importantly, mouse models can also be used to study 

interactions between lytic phages and the gut microbiota. Recently, Maura and colleagues 

developed a model to study phage replication in the gut (124-126). Reyes demonstrated 

that there are spatial differences in the activation of certain prophages (156). Maura showed 

the replication of lytic phages differed between small intestine, colon, and feces, and 

between the lumen and mucosal surfaces as well. Interestingly, they demonstrated that 

these differences could be attributed to variable cellular microbial states affecting phage 

susceptibility (125). We refer the reader to a detailed review on this work carried out by 

Maura and colleagues (124). Recently, Santiago-Rodriguez and colleagues developed a 

chemostat-based gut model that is representative of the bacteriophage community found in 

feces (174). Additionally, high-throughput gut models such as gut-on-a-chip that can 

somewhat mimic the human environment seem promising to unravel bacteriophage-

bacteria host dynamics in the gut (17, 96, 127).   

A combination of evidence suggests that lysis does not control the microbial 

community in a kill-the-winner-like fashion, as is observed in many other microbial 
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environments (164, 204). The stability of the healthy gut phage community, and the 

presence of a large prophage reservoir within the gut, is indicative of a steady-state system. 

Some groups have suggested that lytic phages might provide protection to the human host 

from bacterial pathogens (16). Barr et al. discovered an innate bacteriophage-mediated 

immune system in which bacteriophages adhere to mucus (BAM) can confer protection to 

the underlying human epithelium from pathogens (16, 17). Their later work (16) shows 

that phages attached to mucus have a reduced diffusion capacity that enables them to kill 

cells at low abundance more efficiently. They further integrate the role of lytic activity with 

the high prevalence of lysogeny (180). Briefly, they propose that lysogeny is important in 

the lumen and regions with lower mucus concentration, and that constitutes a first layer of 

protection from bacterial pathogens by providing competitive advantages to their host. If 

the pathogen is still able to outcompete the commensal organisms and get closer to the 

epithelial cells, the BAM immunity, which preferentially attacks low abundance members, 

will destroy the pathogen. It is reasonable to speculate that BAM immunity might affect 

low abundance commensal members of the microbiome as well, such as Proteobacteria. If 

this was the case, lysis could contribute to the structure of the community in a kill-the-loser 

dynamic. However, it is important to keep in mind that BAM immunity has only been 

demonstrated in a single host species system at relatively low cell concentrations. Overall, 

these studies highlight the importance of a proper balance between lysogeny and lysis.  

Determining the host range of the gut phage community is critical for understanding 

phage dynamics. The culture-independent advantage that viral metagenomics provides 

comes at the cost of losing host context. Initially, gut phage–host relationships were 



 
 

27 

predicted through comparison to phages with known hosts (130, 156), and comparison of 

whole-community metagenomes to EC-phage metagenomes. Bioinformatic advances are 

providing new tools to predict phage–host interactions in microbial communities (62). For 

instance, Marbouty et al. presented a novel whole-community metagenomic technology 

that takes advantage of physical contact between the phage and bacterial host genomes to 

predict phage hosts (62, 123). Their results showed that even though phages tend to have a 

preferred bacterial host, multiple phages were associated with more than one taxonomic 

group. Additional studies indicate that the host range of some phages in the gut might be 

much broader than previously thought (133, 145, 172, 196). Experimentally, some lytic 

phages and activated prophages within the gut have been shown to have a broad host range 

(72, 90, 94, 126). Thus, the gut phage community is likely a collection of viruses 

representing a spectrum of host ranges from specialist phage-taxa (connected to one or a 

low number of bacterial taxa), to generalist phage-taxa connected with multiple bacterial-

taxa (up to four different phyla) (172, 196). However, observations from bioinformatic 

analysis of large datasets should be tested experimentally. Understanding the potential and 

actual host-range of phages under conditions of gut health and disease is needed for 

advancement of the field.  

6. Gut Phages, Microbial Resilience, and Health 

A hallmark of an adult healthy gut microbiome is its resilience. It has been shown 

that the phage community may partially contribute to this feature (133) (Figure 2.5).  
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Figure 2.5. Phage community resilience and its contribution to the resilience of the 
bacterial community. A characteristic of a healthy microbiome is its ability to recover 
quickly from perturbations, after which a new “steady state” is established. Antibiotic 
administration results in profound changes in the microbial community, while changes in 
the viral community are only moderate. Phage–bacteria network interactions increase after 
perturbation and new networks are established in the new steady states. The phage 
component likely contributes to the recovery of the microbial community through the 
mobilization of beneficial genes. 
 

After rapid changes early in life, the adult gut phage community remains 

remarkably stable (122, 131, 156). Approximately 80% of the phages are maintained over 

2.5 years (duration of study) in an individual (131). Despite this stability, certain external 

factors can promote changes in its diversity or and composition. Minot et al. (130) 

demonstrated that the composition of the virome changes with drastic dietary shifts. 

Although they did not examine whether it returns to its normal composition after the end 

of the imposed diet regime, the high phage community stability over 2.5 years observed in 

their longitudinal study suggests that the phage community is maintained despite minor 

dietary changes. Howe et al. showed that different diets can promote differential long-term 

changes in the stability of the mouse phage community and in its interaction network with 

the microbial community (83). Thus, long term effects of different diets and treatments on 
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the phage community should be studied and considered when using microbiome-targeted 

therapeutic treatments to promote health. 

The gut microbiota is deeply affected by antibiotic treatment, after which a new, 

but similar, microbial “steady-state” is restored (55, 68) (Figure 2.5). In contrast, the 

diversity of the viral community measured through the HVDI index is unaffected despite a 

shift in the overall viral community membership, and the persistence of certain viral species 

(2, 118). Overall, individual-specific patterns are maintained and the viral community 

reaches a new “steady-state” after antibiotic treatment as well (2, 118). Interestingly, an 

increase of antibiotic-resistance genes in the gut virome has been associated with antibiotic 

exposure (2, 133). Modi and colleagues demonstrated the HGT-based contribution of the 

phage fraction to the resilience of the microbiome after antibiotic treatment (133) (see Sun 

et al. for a detailed review (187)). The functional resilience of a healthy microbiome is not 

strictly dependent on taxonomic diversity. Multiple gut microbial communities can provide 

a similar level of functional resilience (14, 55, 155). In comparison, due to a high fraction 

of unknown sequences in gut metagenomes, the functional diversity provided by the 

phageome is not well understood (156). Moving towards a more complete understanding 

of the functionality of the gut phageome is needed. Overall, the potential of phages to 

contribute to the resilience of the microbiome suggests that phages play a role in 

maintaining a healthy equilibrium in the gut and are likely influential in the re-

establishment of healthy symbiosis from disease. 
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Before phages were considered as a tool to shift a dysbiotic community back to 

eubiosis, fecal microbial transplantation (FMT) was used to successfully treat certain 

diseases (20, 79) (Figure 2.6).  

Figure 2.6. Fecal microbial and the potential of viral filtrate transplant treatment to restore 
health. Fecal microbial transplants are considered a successful tool to treat certain 
microbiota-associated diseases and disorders (7, 15, 27-29, 40, 70, 79, 80, 110, 134, 191, 
194). Recently, a pilot study demonstrated that a transplantation of viral filtrates was 
sufficient to restore health in Clostridium difficile patients. This result highlights the 
potential for viruses to influence microbial communities, ultimately affecting health and 
disease. 
 

FMT involves the transplantation of feces from a healthy individual to the gut of 

an individual suffering a gastrointestinal-related disease. FMTs are highly successful in the 

treatment of Clostridium difficile infection (CDI), with recovery rates approaching 95% 

(70, 134, 191). In contrast, the treatment of other disorders, including but not limited to 

inflammatory bowel disease(80), irritable bowel syndrome (7), and metabolic 

syndrome(110, 194), has variable rates of success (80). The scientific community is trying 

to identify predictive markers for the successful establishment of the new microbiota that 

leads to an effective treatment.  
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The role of phages in the re-establishment of health during FMT treatments has 

received little attention thus far. To our knowledge, only two studies have followed the 

establishment of bacteriophages during FMT treatments. Broecker and colleagues followed 

a CDI patient who had received FMT treatment for four and half years (27-29). Microbial 

community DNA was sequenced and approximately 10 different bacteriophage types were 

detected (27). Further analysis revealed the presence of 22 viruses throughout donor and 

patient samples. Most of the phages were found only in one sample, but some were 

successfully transferred from the donor to the patient (27). Chehoud et al. analyzed the EC-

phage community of a single donor and three ulcerative colitis patients that had received 

FMT (40). The successful transfer of 32 different donor viral contigs to FMT recipients 

was reported. Moreover, they showed that phages from the Siphoviridae family (which 

tend to be temperate) were more efficiently transmitted than phages from other taxonomic 

groups. This result suggests that temperate phages might have a competitive advantage 

over others, either by having higher host range, higher host availability, or by being 

transmitted together with their host as prophages. Analysis of the phage component in a 

diversity of FMT trials with different success rates might be able to explain variations 

among trials. Thus, it is important to consider phages as a key component of the 

microbiome in further FMT analysis. Interestingly, risperidone-induced weight gain can 

be reproduced in mice through transplantation of the fecal phage fraction alone, which 

suggests that healthy phage community transplantation might have positive effects as well 

(15). 
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A recent pilot study has shown that the gut phage community by itself may be 

sufficient to eliminate CDI and promote the recovery of a healthy microbiome structure 

(144) (Box 1) (Figure 2.6). In this study, fecal filtrate transplants (FFT), in which cells are 

removed but smaller particles such as viruses are retained, were effective in the treatment 

of five patients suffering from CDI. In all the cases, FFT restored normal stool habits and 

eliminated CDI symptoms for at least six months. Although only the viral community of 

one donor and one recipient was analyzed through metagenomics, high similarity between 

their viral community suggests the successful establishment of microbiome-associated 

phages through FFT. Caution is necessary in the interpretation of these results, since other 

variables, such as other mobile elements, might be responsible for the changes. Overall, 

these results highlight that bacteriophages alone might be able to shape the structure of the 

microbial community and serve as therapeutic agents to restore and maintain health. Future 

clinical studies are needed to determine the role of phages in restoring health and to 

increase our knowledge on the role of phages in human health. 

7. Remarks and Future Directions 

It is becoming clear that bacteriophages contribute to the human gut microbial 

community structure and function, ultimately influencing states of health and disease. The 

proper development and structure of the gut phage community is likely important in 

maintaining health (139, 159), suggesting that the concept of microbial dysbiosis can be 

extended to the phage component of the microbiome. Many of the bacteriophages present 

in the gut arise from the induction of prophages present in the resident bacterial community 

(50). However, only a fraction of the total prophage reservoir in healthy individuals can be 
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found as EC-particles (196). Preliminary studies suggest that the more active prophages 

tend to encode beneficial genes for their bacterial host. Determining what factors influence 

prophage activation from the large bacterial reservoir, during healthy and dysbiotic states, 

will shed light onto mechanisms by which the gut phage community impacts health and 

disease. The influence of lytic phages in the gut has received less attention (124), but it has 

been suggested that they may significantly contribute to the protection of the human host 

from pathogen colonization (16, 180).  

Currently, the study of gut viral ecology is primarily in a descriptive phase, in which 

basic ecological parameters such as diversity, spatial distribution, and connectivity 

between community members are being determined in different human populations of 

varying health states. In the near future, it is important that the field continues to move 

beyond studies of correlation and further investigate the direct impacts of gut viruses during 

health and disease. Mouse model systems, artificial consortiums of gut microbial 

communities, bacterial genome editing, and novel bioinformatic analysis of metagenomic 

datasets, bioreactors, and ex vivo model systems can be used to this end. Ecology-driven 

studies should be performed as well. Constant external inputs can lead to stochastic events 

within this “internalized external” environment. Determining stable associations between 

microbial species and the human gut as opposed to transient microbial species will increase 

our understanding of associations important to human health. Isolating representative 

phages from the human gut is necessary to develop useful models to be able to study the 

molecular mechanisms of bacteria-phage interactions in the gut (102). Additionally, the 

spatial distribution of phage infection in health and disease as well as the temporal co-
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evolution of phages and their hosts in vivo will provide important information on the 

ecology of bacteriophages in the gut. Continued efforts among researchers to generate 

curated databases with reference phage genomes and host genomes will allow for a more 

systematic investigation of host-virus interactions. Further incorporation of computational 

models to investigate host-virus dynamics will help advance our understanding of viral gut 

ecology.  

The possibility of a widely-distributed gut phageome among healthy individuals 

has important implications for disease treatment. We propose that the healthy phage 

community may be sufficient to return a dysbiotic community to a healthy “steady-state”. 

Preliminary evidence showing both the contribution of the phage community to the 

resilience of the microbiome!(133), and the recovery of diseased individuals through fecal 

filtrate transplants! (144), provide exciting evidence for this proposal. We anticipate the 

chemostat and mouse models that mimic the gut community will be useful to determine to 

what extent phages can be used to manipulate the microbiota structure, and for testing 

mixtures of microbes that can be used in fecal transplant treatments to decrease risks 

associated with such practices!(151). The mechanisms by which phages influence microbial 

community structure and function in the healthy and diseased gut microbial community is 

an exciting area of research.  

Box 1. Key concepts and definitions of the human gut phage community. 

Gut phages and health: gut phages play a role in shaping the gut microbiome 
structure and function, ultimately affecting health and disease.  
Healthy gut phages: phages shared among healthy individuals, and whose presence 
has been correlated with health.  
Prophage reservoir: all the prophages encoded in normal members of the gut 
microbial community. 
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Resilience: the capacity of a community to recover from a perturbation and return to a 
new steady-state. 
Community shuffling model: a shift in activated prophages found as extracellular 
phage particles can contribute to a shift of the microbial community, ultimately leading 
to dysbiosis and disease.  
Potential clinical applications: phages may be used to re-establish a healthy microbial 
community structure and recover health.  
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Abstract 
 
 

The role of bacteriophages in influencing the structure and function of the healthy human 

gut microbiome is unknown.  With few exceptions, previous studies have found a high 

level of heterogeneity in bacteriophages from healthy individuals. To better estimate and 

identify the shared phageome of humans, we analyzed a deep DNA sequence dataset of 

active bacteriophages and available metagenomic datasets of the gut bacteriophages 

community from healthy individuals. We found 23 shared bacteriophages in more than 

half of 64 healthy individuals from around the world. These shared bacteriophages were 

found in a significantly smaller percentage of individuals with gastrointestinal/irritable 

bowel disease (IBD). A network analysis identified 44 bacteriophages groups of which 9 

(20%) were shared in more than half of all 64 individuals. These results provide strong 

evidence of a healthy gut phageome (HGP) in humans. The bacteriophage community in 

the human gut is a mixture of three classes: a set of core bacteriophages shared among 

more than half of all people, a common set of bacteriophages found in 20-50% of 

individuals, and a set of bacteriophages that are either rarely shared or unique to a person. 
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We propose that the core and common bacteriophage communities are globally 

distributed and comprise the HGP, which plays an important role in maintaining gut 

microbiome structure/function, and thereby contributes significantly to human health. 

 
Significance statement 

 
 

Humans need a stable, balanced gut microbiome (GM) to be healthy. The GM is 

influenced by bacteriophages that infect bacterial hosts. In this work, bacteriophages 

associated with the GM of healthy individuals were analyzed, and a HGP was discovered. 

The HGP is composed of core and common bacteriophages common to healthy adult 

individuals and is likely globally distributed. We posit that the HGP plays a critical role 

in maintaining the proper function of a healthy GM. As expected, we found that the HGP 

is significantly decreased in individuals with gastrointestinal disease (ulcerative colitis 

and Crohn’s disease). Together, these results reveal a large community of human gut 

bacteriophages that likely contribute to maintaining human health.  

 
Introduction 

 
 

The human body supports a diverse community of microorganisms, the majority 

of which are thought to be bacteria residing in the lower gastrointestinal tract (10, 85, 

150, 154). A ‘healthy gut microbiome (GM)’ concept, where similar, but not the same 

microbes provide common functions that promote human health is supported by 

metagenomic sequencing of microbes and comparative analyses of gene content (154). 

The ‘healthy GM’ structure is conserved among individuals at higher taxonomic levels 
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(especially phylum) (85, 150), and a core GM at the species level shared by more than 

90% of the individuals. Shared bacterial species have been proposed to form a ‘core 

bacterial community’ that provides beneficial functions (154). This concept, however, is 

based almost entirely on bacterial sequence data and with few exceptions (130, 131, 139, 

156) has not considered the role of bacteriophages.  

Gut bacteria host a diverse bacteriophage community (phageome) that potentially 

helps determine microbial colonization and contributes to shaping GM structure and 

function. The active phageome of a healthy humans (i.e. actively replicating as opposed 

to non-replicating, integrated prophage) has been estimated to comprise 35-2800 viruses 

(130, 156), the vast majority of which have no significant sequence homology to known 

bacteriophages. Although the phageome was found to be relatively stable within a person 

(130, 139, 156), comparative phageome analysis at a global scale has received little 

attention.  

To address large-scale phageome overlap, we assembled metagenomic reads from 

a novel, deep bacteriophage dataset from stool samples of two healthy individuals and 

analyzed currently available data from 62 healthy people around the world. This analysis 

identified 23 bacteriophages that were present in more than half of all individuals. We 

then applied a sequence-based viral community network tool (21) to identify closely-

related viruses at higher taxonomic levels. This analysis identified 44 bacteriophage 

groups of which 9 (20%) were shared across more than half of individuals around the 

globe. We propose shared bacteriophages as a Healthy Gut Phageome (HGP) and that 
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together with their core bacterial hosts, play an essential role in maintaining GM function 

in the healthy human gut. 

 
Results 

 
 

Previous studies that identified a core GM in healthy people showed that 

increasing the depth of sequencing was critical to detect shared bacterial species (154). 

Thus, we conducted an ultra-deep baseline study of the active human gut phageome of 

two healthy, unrelated adults at two sampling intervals (15 or 3 months). We focused our 

efforts on DNA bacteriophages because of their relevance to host bacteria and because 

most (>95%) RNA viruses in the human gut are likely plant viruses (207). Total DNA 

was extracted from stool samples as well as purification of virus-like particles (VLPs). 

TEM analysis of VLPs showed a high concentration of head-tailed bacteriophages 

consistent with their taxonomic classification in the Caudovirales order (Podoviridae, 

Siphoviridae and Myoviridae). Microviridae bacteriophages were also identified and no 

eukaryotic virus sequences were found. 16S rDNA-based metagenomics (103) of total 

stool DNA confirmed that the bacterial community of both individuals was typical of 

healthy human adults, dominated by Bacteriodetes and Firmicutes. Also as expected, the 

GM structure was stable between time points. Unlike previous studies, DNA extracted 

from VLPs was sequenced without prior amplification to avoid potential amplification 

bias. Sequencing yielded a total of 8.1 Gb of data, representing one of the most in-depth 

human gut phageome studies to date, even after deduplication of reads (Table S3.1). 
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Rank abundance analysis indicated that sufficient sequencing depth was achieved per 

sample to detect dominant bacteriophages (S3.1). 

Four individual active phageome datasets were assembled together resulting in 

4,301 contigs (ALL). A total of 70 complete circular and 2 nearly-full length linear phage 

genomes, based on end sequence comparison were identified (Table S3.2; Referred to as 

‘complete’ genomes). The remaining contigs were potentially complete or partial phage 

genomes. On average, 73% (range 66-79%) of sequencing reads from each sample 

assembled into the ALL contigs, demonstrating a relatively even contribution from both 

individuals. Consistent with previous studies (130, 156), the diversity of the phage 

community was low (Shannon diversity index=4.25, SD=0.95) and the phage distribution 

was similar in each person, being dominated by a few phages, with no more than 115 

genomes accounting for 75% of the normalized reads (S3.1). A total of 1,703 of the 4,301 

contigs (40%), and 63 of the 72 (88%) complete genomes contained at least one ORF 

with homology to a phage protein demonstrating their viral origins. However, only 314 

(7%) of ALL contigs contained a family taxon-specific POG (mostly to Caudovirales). 

This indicates that the majority (60%) of active bacteriophages in the GM are novel, with 

only a limited subset that can be taxonomically classified. Taken together, this approach 

was successful in assembling complete phage genomes and showed the expected 

community structure. 

To maximize the identification of shared phages between our two test subjects, 

reads from the four samples were mapped to the ALL contigs. Recruitment of a single 

read was used as evidence of phage presence in a particular sample, allowing the 
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identification of both high and low abundance phages that were not originally assembled 

due to low coverage. As has been shown previously (130, 156), phageome structure was 

more similar within individuals over time (Bray-Curtis distance= 0.47, SD=0.24) than 

between individuals (BC distance=0.96, SD=0.01). However, 17% of ALL contigs were 

present in both individuals in at least one time point, and 7% were present in both 

individuals at all time points. Of the 72 complete genomes, 56 (78%) were found in both 

individuals. These results reveal that there is a smaller but significant fraction of phage 

sequences shared between these two unrelated test subjects.  

Given the high level of inter-individual phageome variability previously reported, 

the identification of significant phageome overlap between our two test subjects was 

surprising, but consistent with the existence of a core microbial community identified by 

others (154, 189). This result led us to investigate the presence of ALL contigs in other 

human gut phageome datasets. The dataset by Norman et al (139), was selected for 

comparison based on the large number of healthy (n=62) and diseased subjects (n=102), 

their geographic distribution, and the sequencing depth achieved (Table S3.1). The 

dataset was de-duplicated and 11% of the total reads were mapped to ALL contigs (Table 

S3.3). In total, 1,787 of the 4,301 ALL contigs (42%) were present in at least one person 

from the Norman dataset; 1,679 (39%) were present in 2-19% of people (termed ‘low 

overlap’ bacteriophages), 132 (3%) were detected in 20-50% (termed ‘common’ 

bacteriophages), and 23 (0.5%) were present in >50% (termed ‘core’ bacteriophages) 

(S3.2). Of the 72 complete genomes from our two subjects, 10 (14%) were core and 23 

(32%) were common bacteriophages (Figure 3.1). One of the core bacteriophage 
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belonged to the recently identified ‘crAssphage’ (60). Our independent identification of 

crAssphage supports the robustness of our approach and highlights the discovery of a 

significantly expanded set of core GM bacteriophages. Given their prevalence, we refer 

to both core and common bacteriophages as the ‘healthy gut phageome’, or HGP. It is 

important to note that the 155 bacteriophages comprising the HGP represented only 4% 

of the estimated total bacteriophage community, and we presume that a larger set of HGP 

bacteriophages will be discovered with increasing sequencing depth of additional 

individuals. Also, the observation that some HGP members were detected by a single 

sequencing read suggests that they are either rare members of the GM or that the 

sequencing depth of the Norman dataset was too low to accurate estimate their true 

presence (Figure S3.3). Regardless, these results support the presence of a broadly 

distributed HGP in healthy human adults.  

 

Figure 3.1. Heat map indicating the presence of the 72 complete bacteriophage genomes in 
the globally-distributed 62 healthy individuals represented in the Norman dataset (139). 
The percentage of healthy individuals from 3 global locations (Boston, Cambridge, 
Chicago) that harbor each of the complete bacteriophage genomes is indicated. Nine 
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bacteriophage, including crAssphage (Bacteriophage 31), were present in > 50% of the 
individuals (core), and 46% were found in > 20% of the individuals (core and common). 
Each line is a bacteriophage (phage). 
 

To add confidence to these results, we reversed the process by first independently 

assembling the bacteriophage community from healthy individuals within the Norman 

dataset, followed by read recruitment from all the individuals.  We observed the same 

general findings. Of the 13,707 bacteriophage contigs from the 62 Norman healthy 

individuals, 1,408 (9%) were found in more than 20% of the individuals and 115 (0.83%) 

were found in more than 50% of the individuals. The average size of these contigs was 

7kb, compared to 32kb of the HGP bacteriophages from our ALL dataset. This suggested 

that these contigs could be partial fragments from the core and common bacteriophages 

identified in the two test individuals. When we compared the HGP from the two test 

individuals with the Norman-HGP we identified all the HGP bacteriophages initially 

identified in our ALL set. Of the 1,408 shared bacteriophages in the Norman dataset, 

1013 (71%) were highly related to the HGP. We also identified additional potential core 

bacteriophages (n=10) and common bacteriophages (n=86) (Table S3.4). These results 

show that our approach of using only two test individuals but ultra-deep sequencing their 

bacteriophage community was sufficient to detect a HGP.  We speculate that a much 

larger HGP will be identified by analyzing additional healthy individuals.  

Erroneous mapping of sequencing reads was tested by mapping over 38 million viral 

metagenomic reads from other environments (marine and hot spring environments) and a 

synthetic data set to ALL contigs. No reads were recruited. We used a synthetic dataset to 

estimate the percentage of true positives by mapping the synthetic reads back to a 
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collection of 1197 Caudovirales (including the 50 genomes from which the synthetic 

reads were derived). The error rate used to create this dataset was set at 1.5% (a value set 

by the program) compared to the estimated Illumina error rate of 0.0046% (168). We 

found that 93% of the contigs called were true positives (Table S3.5) and that increasing 

the number of reads required to call a contig did not significantly change this percentage 

(Table S3.5). Given the high error rate in the synthetic dataset, the frequency of miscalled 

contigs in our experimental datasets is likely much lower (~1 order of magnitude), 

providing confidence that using even a single read to identify shared bacteriophages is a 

valid approach. 

To investigate whether HGP bacteriophages play a role in maintaining human 

health, we compared the prevalence of core bacteriophages in healthy individuals to those 

with IBD (n=66 with ulcerative colitis, UC; n=36 with Crohn’s disease, CD) (139) 

(Figure 3.2). While core bacteriophages are found on average in 62% of healthy 

individuals, their prevalence was reduced by 42% and 54% on average in UC and CD 

patients, respectively (p-value < 0.0001) (Figure 3.2A). Moreover, healthy subjects 

harbored on average 62% of the 23 core bacteriophages, however in UC and CD patients 

the average is significantly reduced to 37% and 30% respectively (p-value < 0.0001) 

(Figure 3.2B). These results suggest that the HGP is significantly perturbed in diseased 

patients.  
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Figure 3.2. Reduction of the HGP present in IBD patients. (A) Comparison of 
percentage of healthy individuals (H) (n=62) versus IBD diseased individuals (CD and UC) 
(n=102) that harbor each of the 23 core HGP identified in this study. (B) Percentage of 
core, common and unique bacteriophage (unique and low overlap bacteriophage were 
pooled) present in all healthy and IBD individuals. Median is shown with a horizontal black 
bar. The number of core and common bacteriophage that IBD individuals harbor is 
significantly lower compared to healthy individuals. Significance was calculated using a 
Sidak’s multiple comparison test with a 95% confidence interval. 

 
To analyze the HGP structure, we conducted a network analysis using ALL 

contigs. The network groups viruses based on sequence homology to identify related 

viruses and to organize short contigs from partial genomes that dominate metagenomic 

datasets (21). A total of 240 statistically supported groups were identified (clustering 

coefficient value of 0.667 and modularity value of 0.675), with 44 containing 5 or more 

contigs (Figure 3.3A, Table S3.6). Groups with <5 contigs represented only 11% of the 

total reads and were excluded in order to focus on the largest groups of related sequences. 

Of the 72 complete genomes, 45 (63%) were present and belonged to 17 different groups. 

One of these groups contained crAssphage and three new complete crAssphage-related 

genomes. Previously classified phage genomes were mapped onto the network to test the 

accuracy of the grouping, and in nearly all cases (25 of 28), phages belonging to the same 
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family grouped together. We also evaluated 172 artificially fragmented Caudovirales 

genomes.  The fragmented genomes clustered as expected, with 20 of 26 being family-

specific groups. Only 6 groups had fragments from more than one family, which is 

consistent with the high-level of horizontal gene transfer shown between bacteriophages 

(113). These results suggest that the 44 network-defined groups can be considered 

roughly as family-level groups. Only 14 of the 44 network-defined groups contained 

classified bacteriophages, supporting that novel bacteriophages are abundant in the 

human gut.  The network analysis proved useful in reducing the complexity of 

metagenomic datasets by organizing contigs into biologically relevant groups. Whether 

the members of these groups carry out similar functions in the gut is a subject for future 

study.  
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Figure 3.3. Network-based analysis of the bacteriophage community in the human gut 
from two healthy individuals. (A) Graphical representation of the 44 network groups 
(colored by group) with >5 contig membership. Each dot represents a contig. (B) Core 
groups (present in more than half of the individuals) are highlighted and labeled in red. (C) 
Heat map representing the percentage of individuals that have at least one member of each 
phage group. (D) Schematic organization of the bacteriophage community associated with 
the healthy gut microbiome. 

 
The network analysis supports the global distribution of the HGP. The majority (41 

of 44) of network-defined groups were present in at least one of our test subjects (Table 

S3.7); in the Norman study (Figure 3.3C), 12 groups were present in 2-20% of 

individuals (low overlap group; 13 were present in 20-50% (common groups); and 9, 

including the crAssphage and 2 other groups with complete genome representatives, were 
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present in >50% of healthy individuals (core groups, Figure 3.3B). Overall, the viral 

network represents a more encompassing view of the viral community than can be seen 

by only looking at the limited number of specific taxa classified by fragmented sequence 

information and supports the existence of a definable HGP.  

 
Discussion 

 
 

The overall objective of this study was to investigate the presence of a HGP. We 

propose that the phageome of healthy people can be divided into three classes (Figure 

3.3D): (i) the ‘core’, found in more than half of all individuals, (ii) the ‘common’, shared 

among many individuals, and (iii) the ‘low overlap/unique’, found in a limited number of 

individuals. The core is composed of at least 23 bacteriophages in this study, and is 

significantly reduced in UC and CD patients, suggesting that these bacteriophages play a 

role in maintaining human health. Our results do not account for temporal dynamics in 

either the GM or phageome. Therefore, our estimates of sharing (>50%, 20-50%, 2-20%) 

for these bacteriophages categories are conservative and may need to be refined with 

temporal data from more subjects. 

The role of bacteriophages in the human GM is poorly understood. In most 

bacteria-dominated ecosystems, bacteriophages play a key role in shaping community 

structure and function (166, 188). Thus, it is expected that the human gut ecosystem is 

strongly affected by the activity of bacteriophages. Microbe-virus interactions are often 

dominated by lytic interactions in a prey-predator dynamic (165). However, community 

sequence analysis of the human gut indicates that lysogenic bacteriophages (prophages) 
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dominate over lytic bacteriophages (130, 156, 184). It is thought that the majority of 

bacterial cells contain at least one prophage, and that selective activation of a subset of 

these prophages is what can be detected as the active phageome in stool samples. The 

dynamics that arise from a lytic-lysogenic balance in the gut are still unknown. However, 

the active gut bacteriophages have been shown to influence bacterial population 

dynamics in a murine gut microbial ecosystem model (158), and to confer advantages to 

certain microbiome members during stress, such as antibiotic exposure (133). We 

presume that the active phageome of healthy people plays a critical role in maintaining 

the structure and function of a healthy gut ecosystem. While the HGP represents a small 

proportion of the overall potential gut bacteriophage community, elucidating the role of 

the active phageome in a healthy gut will be essential to fully understanding its potential 

roles in disease or rehabilitation following episodes of microbiome imbalance. 

Identification of a human HGP was somewhat surprising. Currently, two 

somewhat contrasting views of human gut phageome exist. On one hand, there is 

evidence of more phageome similarity among relatives and household members 

compared to unrelated individuals (139, 156). On the other hand, there is evidence that 

some phages are common to unrelated people (60, 158, 159, 184). Stern et al (184) 

identified 991 bacteriophage sequences from cellular metagenomes that were shared 

across 124 individuals. The majority of these bacteriophages appeared to be integrated 

prophages, and only a small fraction was present as VLPs. We found an expanded set of 

shared phages as well as phages that were unique to individuals. It is likely that the core 

HGP is hosted by core gut bacteria detected by others (154, 189). Our work provides a 
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more comprehensive view and accurate estimate of phageome overlap. We presume even 

more overlap will be discovered with greater sequencing depth, the application of similar 

network analytical approaches, and consideration of more individuals.  

In humans, viruses are often viewed as deleterious disease causing agents, but the 

existence of an HGP suggests that the net influence of bacteriophages in the human gut is 

not deleterious, but rather beneficial. Despite large differences in the species composition 

of gut bacteria between people, there is a reproducible, higher-level taxonomic signature 

(150). This higher-level structure is thought to be a marker of a healthy gut ecosystem. 

We posit that bacteriophages play an essential role in this ecosystem and that the human 

HGP, arising from the large pool of cellular prophages, likely contributes to the proper 

function of the healthy GM by influencing the stability and maintenance of a healthy 

ecosystem through active lysis and predator-prey dynamics.  

Our results increase the known repertoire of shared bacteriophages in healthy 

humans and expand the number of complete core HGP genomes from 1 (crAssphage) to 

9 representatives. Network analysis identified groups of related viruses, and provided a 

powerful tool to organize and reduce the complexity of fragmented metagenomic data. 

We suspect that our efforts (sequencing and computation) underestimated the full extent 

of the human HGP, and that larger studies will generate even more accurate estimates of 

HGP prevalence, which will allow for a better understanding of the cosmopolitan human 

phageome. Future studies are needed to address the role of the HGP in health and disease, 

and to assess the potential use of core bacteriophages for clinical therapeutics and 

controlled manipulation of the human gut ecosystem. 
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Materials and Methods 
 
 

Sample collection 

Samples were collected from two individuals of 26 and 55 years at two time 

points over a period of time from time 0 to 3 or 15 months respectively. Both individuals 

were healthy, with normal bowel movement (at least once every 2 days and no more than 

3 times a day), and had not received antibiotics for >2 months before the collection of the 

samples. Collections were carried out with subject’s informed consent under an approved 

IRB protocol.  

VLP isolation, DNA extraction and sequencing 

VLPs were purified based on Minot et al (130) (Modification: 0.45-micron 

filtration). The 1.5 g/cm3 fractions were pooled, dialyzed, DNAse treated, and DNA 

extracted using PureLink Viral DNA/RNA extraction kit (Invitrogen), and sequenced 

using MiSeq Paired End Illumina Technology. 

Bacteriophage sequences assemblies 

Bacteriophages sequences from two test individuals were initially assembled 

using MIRA 4.0 (41) and VICUNA (203) (quality trimmed reads using Trimmomatic 

V0.32 (22), 25bp overlap at a minimum of 90% identity, and a minimum contig size of 

1000 bp). Contigs generated by MIRA and VICUNA were further assembled to each 

other using Geneious 9.0.2 (contigs had to overlap across 250 bp at 98% identity to be 

assembled) (92). An ALL dataset was generated by assembling contigs from all time 

points and individuals together, at 500 bp overlap at a minimum of 98% identity, using 

Geneious. Norman dataset reads were quality trimmed using Trimmomatic. Individual 
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reads were grouped by cohort and pooled reads were cross-assembled with IDBA-UD 

(149) using minimum and maximum kmer lengths of 20 and 120 respectively (139). 

Contigs longer than 1,000bp obtained were pooled together and assembled using 

Geneious and manually curated using the same parameters as in our experimental 

approach. 

Bacteriophage community analysis  

Reads were recruited to contigs using Geneious with high stringency parameters 

(a read needed to be  >98% identical across its entire length (300bp) to be recruited). The 

number of reads per contig was normalized to the length of the contig (number of total bp 

aligned to contig/bp of contig). The percentage of total normalized reads to a contig was 

considered the percentage of the bacteriophage community accounted for by a particular 

contig. Bray-Curtis (BC) distances and between communities and Shannon index was 

calculated using vegan package in R. 

Taxonomic classification and detection of bacteriophage genes 

ORFs were predicted using the WebMGA server. Proteins longer than 100 aa 

with less than 1% of the length of ambiguities were queried against ACLAME database 

(evalue <1e-10) and contigs were classified based on Waller (196). 

Detection of contigs in publicly available metagenomes 

Reads from the Norman dataset (139) were quality trimmed using Trimmomatic 

V0.32 (22) and de-duplicated using cd-hit-dup (69). Trimmed unique reads were mapped 

to All contigs using high stringency parameters (90% identity across the full length of the 

maximum read length (250bp) using Geneious). Reads shorter than this length will not 
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aligned, thus these parameters only allow for high quality de-duplicated reads to be 

recruited to contigs. 

Read recruitment controls 

Because read length from the hot springs datasets (21) was very heterogeneous 

(340-855bp), reads were aligned at 90% over the minimum length of these datasets. 

Reads from marine metagenomes (deep ocean hydrothermal vent (SRR3133481)) were 

mapped with the same aligning parameters as the reads from the Norman dataset, 

adjusting the read length to the size of the reads from this dataset (202bp). A synthetic 

dataset was generated from randomly selected 50 genomes from a list of 1,197 complete 

Caudovirales genomes downloaded from NCBI with Grinder (9). The generated 

2,000,000 illumina reads (250bp) were mapped to ALL contigs and to the set of 1,197 

genomes using the same parameters as for Norman reads (see above). 

Network analysis 

The network analysis was carried out based on Bolduc et al 2015 (21). Briefly, 

network analysis is based on an all-versus-all BLASTn/leuvin search that incorporates 

both the number and strength of matches between contigs to group related sequences into 

discrete groups. BLASTN analysis was performed with default parameters, except e-

value cutoff was set to 1E-10 and max target sequences to 10,000. Matches were filtered 

based on the parameters of HSP >200 (minimum alignment length), and 75% nucleotide 

identity. The network algorithm measures the number and weight (HSP and e-value) of 

these connections and clusters sequences into groups of highly related sequences. The 

network was manually curated and visualized using Gephi with ARF view. A network 
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control was performed on 172 complete Caudovirales genomes associated with bacterial 

host from the human gut (141). Genomes were fragmented into 9,000 with 50bp overlap 

using an in-house python script (21) and network analysis was performed using the same 

parameters used in the ALL dataset network. 

Identification of HGP bacteriophages in Norman assemblies 

HGP bacteriophages were identified via network analysis. Contigs from our ALL 

and Norman dataset were pooled together. An all-versus-all BLASTN analysis was 

performed and network analysis was applied (see above). Contigs that were in the same 

group as HGP bacteriophages identified in our analysis were considered closely related 

HGP bacteriophages.  
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CHAPTER FOUR 

 
INTERACTIONS OF THE HEALTHY GUT PHAGE COMMUNITY (HGP) WITH  

 
THE CORE GUT BACTERIAL COMMUNITY!

 
 

Contribution of Authors and Co-Authors 
 
 

 Manuscript in Chapter 4 

Author: Pilar Manrique 

Contribution: Contribute to experimental design, implemented data analysis 

and manuscript preparation. 

Co-Author: Mark Young 

Contribution: Contributed to experimental design, data analysis and 
manuscript preparation. 

  



 
 

58 

Manuscript Information Page 
 
 

Pilar Manrique1, Mark Young2* 

1 Department of Microbiology and Immunology, Montana State University, Bozeman, 

MT 59717 

2 Department of Plant Sciences & Plant Pathology, Montana State University, Bozeman, 

MT 59717. 

*To whom correspondence should be addressed. Mark J. Young; Address: 406-994-5158; 

Department of Plant Sciences & Plant Pathology, P.O. Box 173150, Bozeman, MT 

59717-3150; Phone number: Email: myoung@montana.edu 

 

Status of the manuscript: 

___Prepared for submission to a peer-reviewed journal 

_X_Officially submitted to a peer-reviewed journal 

___Accepted by a peer-reviewed journal 

___Published in a peer-reviewed journal 

 

Submitted and accepted for review in PLOS Computational Biology 

  



 
 

59 

Research Article 

INTERACTIONS OF THE HEALHTY GUT PHAGE COMMUNITY (HGP) WITH  
 

THE CORE GUT BACTERIAL COMMUNITY 
 
Pilar Manriquea, Mark J. Youngb* 
aDepartment of Microbiology and Immunology, Montana State University, Bozeman, MT 59717 
bDepartment of Plant Sciences and Plant Pathology, Montana State University, Bozeman, MT 59717 
*Corresponding author: myoung@montana.edu 
 

Abstract 

 
We recently described a healthy gut phageome (HGP) consisting of 155 bacteriophage 

genomes associated with the healthy gut microbial community. This work investigates 

whether the HGP represents activated bacteriophage from the prophage reservoir found 

within the core bacterial species shared among most individuals. To answer this question, 

we examined the prophage content found in bacterial genomes from core and non-core 

bacterial strains within the human gut (154), and compared the relation between these 

two prophage populations to the HGP phages. We identified 58 HGP phages that are 

related to prophages found in 60% of the core bacterial genomes (n=106) as compared to 

only 21 HGP phages found in 13% of the non-core bacterial genomes (n=111).  Overall, 

there was a significantly higher number of host-phage associations detected between 

HGP phages and core bacterial species as compared to HGP associations with non-core 

bacterial species. Additionally, for many of the HGP phages, we detect evidence for an 

extended host range beyond a single host. These results support the hypothesis that the 

HGP is an activated subset of the prophage reservoir that is primarily associated with the 

shared bacterial community present in healthy individuals. This work provides a 
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framework to further examine the role of lysogeny and host-phage dynamics in the 

function of the healthy human gut and during dysbiotic states. 

 

Keywords 

Healthy human gut bacteriophage, human gut bacteriophage, human gut prophage 

reservoir, microbiome-associated bacteriophage. 

 
Introduction 

 

Bacteriophages (also referred to as phages) often influence their associated 

microbial community structure and function (50, 122, 129, 167, 188). Recently, we 

identified a shared healthy gut phageome (HGP) prevalent in healthy individuals (121). 

The combined deep sequencing of gut bacteriophage communities of healthy individuals 

along with analysis of available gut bacteriophage metagenomic data sets (139) led to the 

identification of 23 bacteriophages that are found in ≥50% of healthy individuals (termed 

core phages) and 132 bacteriophages found in 20-50% of healthy individuals (termed 

common phages). We also noted a significant decrease in HGP phages in inflammatory 

bowel disease (IBD) patients, both in the percentage of individuals that harbor core 

phages and in the total number of core and common phages that each individual carries. 

These results led us to propose the possibility that the HGP is involved in maintaining 

health. 

It has been previously shown that the gut microbial community harbors a large 

reservoir of prophages (temperate phages that integrate their DNA into their hosts’ 
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chromosome) (130, 156, 184, 196). A subset of these prophages are thought to be 

activated at any given time and comprise a significant fraction of the phages detected in 

stool samples (130, 156, 184, 196). Under stress conditions, such as antibiotic exposure, a 

different subset of prophages becomes activated (122, 132, 133, 139). It has been 

suggested that a delicate balance between the active and inactive prophages is necessary 

to maintain health (122). For instance, the gut phage community of individuals suffering 

IBD shows an increase in viral diversity and a decrease in bacterial diversity, which 

could be explained by the activation of certain subset of prophages (139). Therefore, is 

important to identify which subset of the total prophage reservoir is active during health. 

While the HGP represents only a small component of the entire phage community (~4%), 

it is widely distributed in healthy individuals and is correlated with health (121). Thus, 

identifying the source of HGP phages is important to advance our understanding of their 

role in human health.  

Among all the bacteria found within the human gut, a common core subset of 

bacteria has been identified as highly prevalent in most individuals (Fig 1) (154). This 

core bacterial community was identified by mapping metagenomic sequencing reads 

from the gut microbial community of 124 European individuals onto 194 previously 

isolated and sequenced human gut-associated bacterial genomes. This analysis resulted in 

the identification of a shared gut bacterial core community (BC) composed of 75 

bacterial species found in ≥50% of individuals, and a non-core gut bacterial community 

(NC) composed of 93 bacterial species found <50% of individuals.  
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Fig 4.1. Schematic representation of analysis workflow. To test whether the HGP was 
associated with the core bacterial community, a database of core bacterial genomes and 
non-core bacterial genomes determined by Qin et al was assembled (154). Prophages from 
these bacterial genomes were predicted with VirSorter (171) and compared to the HGP 
genomes through BLASTn, network and Oligo Nucleotide Frequency analysis to identify 
potential HGP prophages. The level of relatedness to specific prophages, the bacterial 
source of prophages and the number of prophages from a particular genus that grouped 
with HGP phages in a virus group was used to identify potential host for HGP prophages. 
These associations were further confirmed using Oligo Nucleotide Frequency analysis. 
Detailed outline shown in (Fig. S4.1 ).  
 

In this work, we test the hypothesis that the prophages found in the shared 

bacterial core community are a major source of the HGP phages by comparing the 

associations between the HGP phages and the prophages found within the BC and the NC 

bacterial communities.  
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Results 
 

HGP phages associations with prophages derived from the gut core microbial community 

To investigate whether the core bacterial community is a potential source for HGP 

phages in the form of prophages, we compared the prophage members found in the BC 

with the prophages found in the NC microbial communities to the HGP (Fig 4.1). This 

was accomplished by first constructing a custom database of 217 human gut strains made 

up from 106 BC strains (representing 71 of the 75 BC species) and 111 NC strains 

(representing 93 NC species) previously identified by others (Table S4.1 and Fig 4.1A) 

(154). Prophages were predicted in the BC and NC communities using VirSorter (171) 

resulting in the identification of 392 BC prophages (CP), and 318 NC prophages (NP). 

On average, 3 prophages were identified per bacterial genome. From the 217 bacterial 

genomes analyzed, 201 (93%) encoded for at least one prophage to a maximum of 12 

prophages per bacterial strain.  

To identify associations between core and common phages identified in Manrique 

et al (121) and the prophage community, the level of relatedness between each HGP 

phage and the prophages associated with the BC and NC was determined. Relatedness 

was calculated as the HGP phage genome length homologous to a particular prophage 

over at least 250bp at more than 70% identity (Fig 4.1). The highest scored pairs for each 

HGP phage were selected. We found that 60/149 (40%) HGP phages are associated with 

33 prophages (Fig 4.2A). Note that 6 HGP sequences were excluded from this analysis 

(see Material and Methods). More than one HGP phage can be associated with an 

individual provirus because they may share genomic regions (e.g. integrase genes), or 
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because multiple HGP members are matching to different regions of the same prophage. 

It is important to note than even though Qin and colleagues used the genomes of isolated 

bacterial strains to identify a core bacterial community, individuals’ metagenomic reads 

seldom mapped to strain-specific regions of these genomes, which commonly comprise 

prophage sequences (Fig 4.1) (154). This result is consistent with the now well-

established fact that individuals harbor different bacterial strains (66, 154), and 

constrained Qin et al to identify core bacteria to only the species level. Consequently, 

high levels of relatedness between HGP phages and prophages from unrelated sources are 

not to be expected. Taking these limitation into account, it is surprising that 60 HGP-

prophage pairs (60 HGP phages homologous to 33 prophages) were identified. Not 

surprisingly, a wide range of relatedness to prophages was observed, ranging from 

0.15%-100% coverage of HGP genome (ranging from 250bp to >58kb base pairs of 

homology >70% identity) (Table S4.2). From the 60 identified HGP-prophage 

associations, 22 HGP phages were homologous to its correspondent prophage over more 

than 75% of their genome, while 11 of these were homologous to a prophage >90% of 

their genome. For example, 97% of the HGP phage 58 genome (58kb) was homologous 

to prophage CP-282 at 96% identity. In the remaining 38 cases, the percentage of the 

genome that shares similarity with the closest prophage is < 75% of the HGP 58 genome, 

suggesting a more distal relationship between these prophage-HGP phage pairs (Table 

4.2). Of the 33 prophages that were related to the HGP, 30 were prophages found in BC 

genomes compared to only 3 prophages that were found in NC genomes. Overall, these 
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results indicate that HGP phages can be derived from the gut prophage reservoir and 

suggest a greater association between HGP phages and prophages from BC species. 

 

 

Fig 4.2. Identification of HGP prophages associated with the shared bacterial core 
community prophages (BC) as compared to the non-shared bacterial community 
prophages (NC). A) The maximum level of relatedness to a BC or a NC prophage for 60 
HGP phages that had homology to a cellular prophage. B) The number of BC and NC 
prophages with homology to HGP phages identified by BLASTn analysis. Statistical 
significance of the difference between the percentage of CP and NP prophages associated 
with HGP phages was calculated using a Chi-squared test with 0.05 significance level.  
 

Finding any relation between the HGP phages and prophages encoded in different 

individuals’ cellular strains is remarkable.  To examine if the same trend was observed 

when analyzing HGP phage-prophage associations beyond the highest ranking pair, all 

associations that met the stringency threshold were included in the analysis. This resulted 

in the identification of 150 prophages associated with 60 HGP phages (Fig 4.2B). As 

observed previously, of these 150 prophages, 128 prophages (85%) were derived from 

the BC members as compared to 22 prophages (15%) from the NC community (Fig 

4.2B). From the 392 prophages predicted from the BC, 30% were related to the HGP. In 
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contrast, only 7% of the 318 predicted prophages from the NC were related to HGP 

phages (Fig 4.2B), showing that HGP phages are significantly more likely to be 

homologous to BC prophages as compared to the NC prophages (p=0). These results 

further support the finding that HGP phages are derived from the gut prophage reservoir.  

Many of the HGP phages are incomplete genomes, potentially hindering the 

ability to fully detect HGP-prophage associations. To overcome this limitation, the 

connections between bacterial prophages and the HGP were visualized through network 

analysis (Fig 4.3). This type of analysis is based on an all-to-all sequence comparison, 

and related phages are grouped together based on the weight and number of sequence 

similarities between their genomes (21). Network analysis was applied to 859 phage 

genomes under study (149 HGP phages, 392 prophages from BC genomes and 318 

prophages from NC genomes). This network analysis resulted in 45 phage groups. Eight 

of these groups included both HGP phages (n=82) and prophages (n=341), encompassing 

nearly 50% of the input genomes (Fig 4.3A). As expected, the remaining network groups 

contained only prophages or only HGP phages and thus do not inform us of the potential 

prophage origin of these HGP phages.  The 8 network groups that contain both HGP and 

prophages, consistent with previous results, were made up primarily by prophages 

derived from the BC and HGP phages (p=0.02) (Fig 4.3B). Of these 8 groups, two were 

exclusively constituted by HGP phages and BC prophages (Fig 4.3A). Furthermore, from 

the total number of predicted BC prophages, a significantly greater number of BC 

prophages were grouped with the HGP through network analysis (75% vs 15%, p=0) (Fig 

4.3C). This result increases the number of HGP associated with prophages from 60 to 82. 
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Overall, network analysis increases the number of detected associations between HGP 

and the cellular prophage reservoir, with the majority of HGP phages being associated 

with prophage derived from the BC genomes.  

 

 

Fig 4.3. Identification of broader relations between HGP phages and cellular 
prophages through network analysis. A) Network analysis of HGP and cellular 
prophages. Only groups that contain both HGP phages and cellular prophages are colored 
(mixed groups). B) Number of HGP phages and cellular prophages found in mixed network 
groups that included both HGP and cellular prophages. C) Number of BC prophages 
compared to NC prophages included in mixed network groups. Statistical significance of 
the difference between the number of BC and NC prophages found in groups with HGP 
phages was calculated using a paired one-tail t-test with 0.05 significance level. D) The 
number of BC and NC prophages with homology to HGP phages identified by network 
analysis.  
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Identifying potential hosts for HGP phages in the gut core microbial community 

The origin of prophages related to HGP phages was exploited to investigate 

possible host associations for the HGP phages with gut bacterial species and genera. If a 

bacterial genome (usually representing a bacterial strain) contained a prophage with 

homology to a HGP phage, its species was considered a possible host for the HGP phage 

(Fig 4.4). The same was done at the genus level. When multiple species of the same 

genus contained a prophage related to a HGP phage, the species of the strain containing 

the prophage with the highest level of relatedness was selected. Within the 217 bacterial 

genomes, 161 different bacterial species (71 BC, 93 NC), including 49 genera, were 

analyzed. Consistent with our hypothesis, at the species level, the HGP was associated 

with 55 bacterial species, most of which (n=43, 78%) were from the BC (p < 0.00001) 

(Fig 4.4). At the genus level, HGP phages were associated with 20 genera (n=49, 41%), 

which, in most cases, contain both core and non-core species (Fig 4.5).  

 

Fig 4.4. Network of associations between HGP phages and gut bacterial species.  
The associations between the HGP phages and both the BC and the NC bacterial species 
based on homology with the predicted HGP prophages. The size of the circles is 
proportional to the number of associations. Statistical significance of the difference 
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between the number of HGP associated with BC compared to NC species was calculated 
using a Chi-squared test with 0.05 significance level. 
 

 

Fig 4.5. Host prediction of HGP phages. A) Host genus predicted by sequence homology 
between HGP phages and bacterial genomes shown as a heat map. The highest percentage 
of HGP phage identified within a species from each genus is represented. Pink circles 
represent cases in which the ONF analysis agreed with the BLASTn-based analysis. Host 
prediction using this method was only applied to phages >5kb due to accuracy levels, and 
only results with values <0.3 were further analyzed. B) The number of BC and NC 
associated prophages from each genus within network groups that contained both predicted 
prophages and at least one HGP phages is shown as a heat map. In all panels, horizontal 
grid bars separate bacterial families. Vertical grid bars separate different network groups. 
Phages within network groups are considered related phages. 
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Potential hosts for the HGP phage can be more accurately inferred by their 

associations at the genus level than at the species level (Fig 4.1 and 4.5) (62). The most 

common HGP hosts were members of the Bacteroides, Clostridium, Blautia and 

Ruminococcus genus. From the 60 HGP phages with homology to bacterial genomes, 22 

had homology to a prophage region with > 30% of their genome length matching the 

prophage region at >90% identity at the nucleotide level. The core genome of related 

viruses, which frequently share host range, can range from 30% of the genome to over 

90% (39, 81, 137). Thus, HGP phages that are homologous to a prophage over 30% of 

their genome possibly have the same host as the prophage. Eleven of the 22 HGP phages 

had homology over >90% of their genome length (Fig 4.2A and 4.5A). These 

associations between a prophage and a HGP phage likely represent the same or highly 

related phages (30-90% genome length homologous to prophage). The remaining 38 

cases (where < 30% genome length was homologous to the prophage), likely represent 

associations with distally related phages that may have shared at least one host species at 

some point in time (Fig 4.2A and 4.5A). This is based on the assumption that phages with 

overlapping hosts tend to exchange viral genes more often, whereas phages lacking 

common hosts seldom exchange genes (3, 37, 39, 45, 81, 106). From the 60 best HGP 

phage-prophage associations, the HGP phage and the prophage were in the same viral 

network group in 45 of the combinations (75%). Additionally, the number of predicted 

prophages from a specific genus (known true host) that are in the same network group 

with HGP phages can be indicative of potential hosts at the genus level (Fig 4.1 and 

4.5B). For example, Group 4 contains HGP phages 103, 123, 163, 170,219, 356 and 409, 
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which are predicted to interact with Bacteroides species and Parabacteroides species. 

That same group contains 66 additional Bacteroides prophages and 3 Parabacteroides 

prophages, suggesting that it is highly likely that phages which belong to this viral group 

will be able to infect species from either of these genera as well. 

To further support the detected HGP-host associations, oligonucleotide frequency 

(ONF) analysis was performed (Fig 4.1 and 4.5A). ONF is a host prediction method 

based on the tendency of dsDNA viruses to share highly similar patterns of ONF with 

their hosts, and it has been successfully used to predict host species at the genus level for 

viral genomes exceeding 5kb (3). As a control, we first predicted the most likely host for 

the 710 previously identified prophages. From these 710 prophages, ONF analysis 

predicted hosts for 654 prophages (*test parameter < 0.3). As expected, the accuracy of 

the predictions was much greater at the genus level. ONF analysis predicted the same 

species from which the prophage was originally derived in only 206 cases (n*=654, 

31%), whereas ONF predicted the correct genus from which the prophage was derived in 

558 of the cases (85%).  Ahlgren and colleagues reported 40% accuracy at the genus 

level, thus our correct prediction of a prophage’s host in 85% of the cases exceeded this 

expectation. We then applied ONF analysis to predict the most likely hosts at the genus 

level for the HGP. From the 60 HGP with a predicted host by BLASTn analysis, 40 had a 

predicted host by ONF analysis (>5kb, test parameter < 0.3). From these 40 host-HGP 

predictions, 17(42%) agreed with the BLASTn analysis prediction at the genus level (Fig 

4.5A). Is important to note that ONF predicts only a single most probable host. Thus, 

BLAST-based host predictions are not to be invalidated by a lack of agreement with the 
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ONF analysis. Generally, we observed agreement between ONF analysis and BLAST-

based host predictions, adding confidence to the host prediction at the genus level for 

specific HGP phages. Overall, the use of three methods for predicting host-HGP 

associations (predicted prophage-HGP phage sequence comparison, network analysis, 

and ONF) can be combined to infer probable hosts based on close and distal relations to 

the HGP (Fig 4.1). For instance, only 6.5% of HGP phage 103 was found in a 

Bacteroides species genomes by direct BLAST analysis. However, this phage was 

grouped by network analysis with 66 Bacteroides prophages, and ONF analysis predicted 

that the Bacteroides genus is the most likely host for this phage as well (Fig 4.5).  

Similarly, HGP phage 8 has <1% homology to Clostridium phages, however, 16 

Clostridium prophages are in the same network group, and ONF analysis predicts this 

genus as the most likely genus for this phage. 

The detected host-virus interactions give some insight into the possible host range 

of the HGP. HGP phages for which a phage-host association was detected (n=60) were 

associated with 43 BC and 14 NC species, representing 20 genera and 12 families. On 

average, a single HGP phage was associated with 3 species, 2 genera, 1 family, and 1 

phyla. In 31% of the cases (19/60 HGP), a phage only interacted with one single bacterial 

species (specialist). However, it was common to have a phage associated with multiple 

host species (72%), genera (53%), and even families (30%) (generalist). In contrast, only 

8 phages (13%) were associated with more than one phyla. However, is important to note 

that most of the associations between a phage and species from multiple genera or 

families are associations in which <30% of the HGP phage genome had homology to the 
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host genome. Consequently, the ability for these phages to infect multiple taxa within the 

human gut microbiota must be confirmed through experimentation. Overall, these results 

suggest that the potential host range for some HGP phages might be broader than first 

thought. 

 
Discussion 

 

The overall objective of this study was to determine if prophage associated with 

the gut bacterial community could serve as a source of HGP phages, and more 

specifically if the shared core microbial community serves as a primary prophage 

reservoir for the HGP (Fig 4.1). We found that 40% of HGP phages are likely activated 

prophages interacting with 55 microbial species (Fig 4.4 and 4.5). Most of these bacterial 

species belong to the core bacterial community (78%), supporting the hypothesis that the 

core gut bacterial community serves as a reservoir for HGP prophages. It is important to 

note that the BC community comprises less than 10% of the total microbial species 

associated with the human gut (114, 154). Thus, the evidence that members of the BC 

community were associated with almost half of the HGP phages surpassed our 

expectations. Importantly, variability in the prophage content among bacterial strains 

increases the significance of the identified relations in this study (S2 Table). Furthermore, 

it has been estimated that 25-50% of the total active bacteriophage population within an 

individual is related to prophages (98, 122, 130, 184). Given that the HGP only accounts 

for ~4% of the total active viral community, identifying over 40% of the HGP phages as 

prophages in a subset of the total bacterial community is striking.  
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Prediction of the host range of viral species has long been sought in microbial 

ecology to understand how phages contribute to the maintenance of the community 

structure. Classic culture dependent methods generally show that phages tend to 

specialize in infecting only a few hosts, however, phages with broad host range have also 

been observed (19, 52, 94, 101, 168, 198). For example, it has been shown that prophages 

isolated from the vaginal microbiome have broad host range upon activation (94). The 

study of microbial communities through metagenomics has fostered the development of 

bioinformatic approaches to predict host-phage interactions from complex metagenomic 

data sets (3, 73, 74, 172, 192). This type of analysis generally identifies both specialist 

phages and a larger fraction of broad-host phages (62, 133, 145, 172, 196). In agreement 

to what has been shown by others, we show that similar phages (grouped together 

through network analysis) tend to infect similar hosts (Fig 4.5A) (81). Moreover, HGP 

phages appear to be both specialist (phages with narrow host range) and generalist 

(phages with broad host range) (Fig 4.4 and 4.5A). Overall, our result is consistent with 

previous analysis of bacteria-phage interactions in the gut and other environments, in 

which both, generalist and specialist viruses coexist. 

 It is important to point out some of the limitations of this HGP-host association 

study. For the most part, this work does not provide resolution of host-phage associations 

at the phage strain or even species level. Most likely, each identified phage-host 

association corresponds to a group of related phages and these hosts. For example, HGP 

phage-156 is a clear example of a generalist phage, for which a range of hosts were 

predicted at different resolutions. We could predict 3 potential host species from the 
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genus Bacteroides with high resolution, since > 84% of HGP phage-156 was found in 

their genome in the form of a prophage. Even with this high-level of genome coverage 

and identity, is highly likely that these phage sequences represent multiple strains of the 

same phage. Thus, it is still not possible to determine if sequence deviation from the 

original prophage found in these bacterial strains has an impact on host infectivity. 

However, high sequence similarity and the number of Bacteroides prophages in the same 

network group make Bacteroides a likely host genus for HGP-156. Additional potential 

host species from the Bacteroides and Parabacteroides genera were also predicted but 

with lower resolution (low genome coverage). Because phages are known to be able to 

infect isolates from the environment that they were originally isolated from with higher 

frequency (101), we hypothesize that if our HGP-host analysis was carried out using 

bacterial isolates from the same individuals from which the HGP was derived, a higher 

number and more precise associations would be observed. A second limitation is having 

incomplete HGP genomes, which limits our ability to detect associations within the 

prophage community. Lastly, this study focuses on only a small part of the total gut 

microbial community which have lysogenic replication strategies. However, lysogenic 

strategies may represent only a subset of the total host-virus interactions in the gut 

microbiome. Despite these limitations, this study represents a step forward in our 

understanding of phage ecology in the human gut by identifying a prophage reservoir for 

nearly half of the HGP phage.   

The discovery of HGP phages associated with healthy individuals prompts us to 

consider the role of the active HGP phages in maintaining health. It has been previously 
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hypothesized that high cell density environments are enriched in temperate phages for 

three main reasons: (1) to be able to kill competitors, (2) to protect themselves from 

superinfection and (3) to obtain phage-encoded colonization advantages (185). In vivo 

experiments using mono-species colonized gnotobiotic mice have confirmed that 

prophage activation in the gut confers colonization advantages to their bacterial-host by 

killing competitors (51, 58). However, as the complexity of the microbial community 

increases, the role of prophage activation in shaping the community structure, and 

therefore impacting human health, is less clearly defined (158). Importantly, it has been 

hypothesized that a shift in the active prophage profile contributes to dysbiosis in the gut 

bacterial community structure in patients with inflammatory bowel disease (50, 122, 129, 

139). Overall, the direct role of phages and prophages in health and disease remains an 

important area of study. We believe the discovery of core HGP phages predominant in 

healthy individuals as prophages, together with the identification of their potential host(s) 

provides a starting point to investigate the role of HGP prophages in health and dysbiosis.  

 
Conclusion 

 

HGP phages are phages commonly found in healthy individuals and their 

presence has been correlated with health. Here we identify the prophage community 

found in the shared gut bacterial core species as an important reservoir for the HGP. The 

results presented here also allowed us to identify potential HGP host-phage associations. 

This work provides important information to continue the investigation of the role of 
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lysogeny in the gut, and it will allow further investigation into the role of the HGP during 

health and disease.  

 
Material and Methods 

 
 

Microbial community custom databases 

Core and non-core microbial species and strains list was obtained from list of 194 

public human gut bacterial genomes in Qin et al 2010 (154). All the sequences belonging 

to these species (strains identified in the paper and related strains in some cases) were 

retrieved from the human gut microbiome project available in NCBI and converted into a 

custom blast database. In total 71/75 core species we available. In the cases where 

genomes were sequenced to completion, only chromosomal DNA was included 

(excluding plasmid DNA). Both databases contain a similar number of members from 

both complete bacterial genomes or whole genome shotgun DNA sequencing contigs 

produced by the Human Gut Microbiome Project (85). The BC database contains 

genomes from 106 bacterial strains, representing 71 species, 26 genera, 15 families, and 4 

phyla (Bacteroidetes, Firmicutes, Actinobacteria and Verrucomicrobia) and the NC 

database contains sequence data from 111 bacterial strains, representing 93 species, 35 

genera, 25 families and 6 phyla. Only in two species, there was a strain identified as 

member of the core microbial community and another strain identified as part of the non-

core microbial community (S1 Table). 
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Prophage prediction 

Prophages were predicted with VirSorter (171) through the iVirus platform (21), 

selecting the virome database and providing contigs assembled from phage gut 

metagenomes (121) as additional reference file. Bacterial genomes composed of contigs 

or scaffolds were concatenated. All predicted-prophage categories were used. Prophages 

predicted in between scaffolds and prophages with regions of homology to ribosomal 

RNA genes (BLASTn analysis using e-value > 1E-10) were manually curated using 

information available in annotated genomes.  

 

Homology searches, control datasets and optimal homology parameter determination 

BLASTn homology searches were performed under the same conditions for the 

HGP phages and the control datasets. HGP genomes from Manrique et al were used. Six 

HGP genomes were identified as potential plasmid sequences and were excluded from 

analysis, rendering a total of 149 HGP sequences. Matches with an e-value higher than 

1E-10 and a percent identity less than 50% were filtered out of the analysis. To estimate 

the optimal homology parameters at which the false positive detection rate was non-

statistically relevant, we put together a set of 714 viral sequences unrelated to the HGP or 

BC that had a similar length distribution to the 149 HPG genomes under study. When 

comparing the HGP genomes to the control dataset, only the length-identity combinations 

that reduced the number of hits to less than 1% were considered. The optimal parameters 

were determined to be a match length of >250bp with >70% identity, which excluded 

99.75% of the false positives and included the largest amount of our data. A custom 
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control database consisting of non-gut species host genomes was constructed as well. 

This database consists of 1,904 genomes comprise 50 different species and includes 26 

complete genomes and sequences from single cells genomics data. There were no 

matches under the optimal BLASTn parameters, confirming the validity of these 

parameters. The coverage of a particular HGP phage in a predicted prophage was 

calculated as the percentage of a particular HGP phage genome that was homologous to a 

particular prophage (Fig 4.1).  

 

Network analysis 

The network analysis was carried out based on Bolduc et al (21). Briefly, network 

analysis is based on an all-versus-all BLASTn/leuvin search that groups related 

sequences into network groups. BLASTn analysis was performed with default 

parameters, except e-value cutoff was set to 1E-10 and max target sequences to 10,000. 

Matches were filtered based on the parameters of high-scoring segment pair (HSP) length 

> 250 (minimum alignment length), >70% nucleotide identity and HSP/query length ratio 

of >1%. The network algorithm measures the number and weight of these connections 

and clusters sequences into groups of highly related sequences.  

 

Oligo Nucleotide Frequency (ONF) analysis 

ONF analysis was performed on HGP phages >5kb and 217 bacterial strains using 

VirHostMatcher (3) The 6-kmer frequencies for all host and phages >5kb was calculated. 
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The dissimilarity indexes were calculated using d*2 background normalization method. 

Only indexes <0.3 were considered for further analysis.  

 
Abbreviations 

 
 

HGP: Healthy Gut Phageome, BC: Bacterial Core community, NC: Non-core bacterial 

community, ONF: OligoNucleotide Frequency, CP: Bacterial Core Community 

Pophages, NP: Non-Core Bacterial Community Prophages. 
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ABSTRACT 
 
 

Objective: Individuals with Metabolic syndrome (MetS) have an increased risk 

for cardiovascular disease and diabetes. Treatment of MetS symptoms with Fecal 

Microbiota Transplant treatment can be an effective, however, its success rate is 

intermediate (50% success rate) and its difficult to predict. The aim of this study is to 

determine if gut bacteriophages are associated with the outcome of FMT intervention.  

Design: A longitudinal study of the bacteriophage community of healthy donors 

and patients before and after FMT treatment was performed. Patients were assigned to 

either an autologous control group (patients received their own stool microbial 

community, n=3) or an allogenic group (patients received a healthy-donor’s microbiota; 

n-patients=6, n-donors=5). Virus-like particles were purified from stool samples and a 

total of 46 DNA viral-metagenomes were obtained. Differences in bacteriophage 

dynamics between allogenic group and controls, and specifically between responders 
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(subjects that showed significant increase in peripheral insulin sensitivity) and non-

responders were investigated.  

Results: The FMT treatment caused a greater displacement of the original 

bacteriophage community in responders as compared to non-responders in the first weeks 

after FMT intervention. Overall, the viral community composition was sufficient to 

differentiate patients from the allogenic group based on treatment outcome. Responders 

on average had a higher richness and a more similar community to the donor’s viral 

community at baseline. Importantly, bacteriophage groups were identified that can 

potentially be used as biomarkers for predicting outcomes of MetS FMT treatments.  

Conclusions: Despite the small size of this study, differences between the 

bacteriophage community at baseline in MetS patients correlated with the outcome of 

FMT treatment, suggesting a contribution of bacteriophages to the success of the 

treatment. The obtained results provide a basis for the development of personalized FMT 

treatment. 

 
SIGNIFICANCE OF THE STUDY 

 
 
What is already known about this subject? 

!! Metabolic syndrome (MetS) increases the risk of diabetes, cardiovascular disease, and 

is an increasing public health concern. 

!! Fecal Microbial Transplant interventions (FMT) can be used to successfully treat 

MetS patients. However, FMT treatment success rate is intermediate (~50%) and 

unpredictable. 
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!! The bacterial community can only partially explain treatment outcome. 

What are the new findings? 

!! Bacteriophage community structure can be used to differentiate FMT responders from 

non-responders.   

!! The degree of similarity between patient and donor’s bacteriophage community at 

baseline is important for FMT treatment outcome. 

!! A potential set of bacteriophage biomarkers have been identified that may be useful 

for predicting MetS FMT treatment outcomes.  

How might it impact on clinical practice in the foreseeable future? 

!! The results of this study strongly suggest that analysis of donors and patients 

bacteriophage prior to FMT treatment  could be used to increase FMT success.  

!! Pre-screening for biomarkers associated with positive FMT outcome has the potential 

to reduce cost associated with unsuccessful interventions. 

!! This study highlights the importance of bacteriophages during FMT treatment and 

justifies expanded studies on the contribution of bacteriophage to successful FMT 

treatments.  

 
INTRODUCTION 

 
 

Individuals with Metabolic syndrome (MetS) have an increased risk of diabetes, 

cardiovascular disease and non-alcoholic fatty liver. Diagnosis of MetS is based on the 

presence of three of the following manifestations: high waist circumference, insulin 

resistance, high blood pressure, high triglycerides levels in blood and low high-density 
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lipoprotein cholesterol (HDL) (26). MetS is highly prevalent and a growing public health 

concern. Obesity is an important risk factor for MetS, since approximately 75% of obese 

individuals have a metabolic disorder. However, 40% of lean individuals are also 

metabolically unhealthy (26, 205). Therefore, an increased understanding of MetS 

etiology and the development of a successful treatments is desired. 

The composition and structure of the gut microbial community has been 

associated with obesity, diabetes and MetS (56). Changes in the microbial community 

can affect the human host through inappropriate activation of the immune system, 

reduced production of beneficial metabolites for the human host, and reduced production 

stimulation of mammalian peptides necessary for glucose homeostasis (56, 175). 

Moreover, specific bacterial species have been linked to either MetS or a healthy state 

(49, 100). For instance, certain Prevotella, Lactobacillus and Bacteroides species, are 

associated with insulin resistance, while Akkermansia municiphila and Faecalibacterium 

prausnitzii are associated with increased insulin sensitivity. 

Manipulation of the gut microbiota by fecal microbial transplantation (FMT) is a 

promising approach for treatment of gastrointestinal conditions (79). For example, 

treatment of C. difficile infections (CDI) with FTM is effective in >85% of the cases 

(>700 patients) (49). However, success rate of FMT in other gastrointestinal diseases is 

highly variable (7, 80, 122). It has been previously shown that FMT treatment of lean-

donor fecal microbiota into MetS patients transiently improves insulin sensitivity (up to 

six weeks) (100). However, only 50% of the patients show clinical improvement as 

indicated by >10% increase in glucose disappearance rate (Rd) in the first 6 weeks after 
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treatment. Even though specific changes in the bacterial community composition were 

associated with a positive clinical outcome, it alone was not sufficient to explain the 

variation in patient response, underscoring the need for a greater understanding of  the 

factors influencing MetS FMT success  in order improve clinical outcomes (100).  

Viruses of bacteria (bacteriophages, or simply phages) can significantly influence 

the structure and function of their host community (50, 122, 129, 156, 188).To our 

knowledge, neither the composition and structure of the phage community in patients 

with MetS nor its role in MetS-FMT has been previously investigated. We present here a 

temporal analysis of the phage community of adults with MetS that underwent FMT 

treatment with samples from healthy donors. Both responders and non-responders to 

FMT treatment were examined (100). Our results show that differences in the phage 

community in MetS patients are associated with FMT outcome. These results allowed us 

to identify potential phage biomarkers that could aid in development of a treatment with a 

more predictable positive response.  

 
RESULTS 

 
 
Study design 

The experimental design is summarized in Figure S5.1. MetS patients were 

assigned to one of two treatment groups. The allogenic group received processed-stool 

fecal sample from healthy donors and the autologous group received their own processed-

stool fecal sample as a treatment control. Based on the known treatment outcome (50% 

success rate), patients from the allogenic group were further divided into Responder and 
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Non-responder sub-groups (100). Longitudinal analysis of viral filtrates from three 

autologous patients (A), three non-responders (N), three responders (R), and five healthy 

donor controls was performed to determine whether the phage community could be 

associated with treatment success. Viral-like particles were isolated at week 0 (pre-FMT) 

from donors and recipients, and at week 3, 6, 12 and 18 post-FMT from recipients. DNA 

was extracted and deep-sequenced, generating a total of 46 metagenomes and 62 Gb of 

data (Table S5.1). 

 

Diversity and richness of the viral community before and after FMT treatment  

Sequences from viral metagenomes were grouped together by individual (14-

individuals’ metagenomes) and assembled to produce 28,869 viral contigs >3000 bp 

(Table S2). Abundance of viral contigs in each individual time point was determined by 

read recruitment (See Material and Methods). Homologous viruses (HV) were identified 

and grouped together based on the Homologous Virus Diversity Index technique (HVDI) 

(2). HV groups constitute sequences that likely belong to the same or highly related 

viruses. It is important to note that HV groups will contain viruses transferred from 

donors to recipients, as well as viruses shared between subjects. A total of 19,234 

sequences were grouped into 1,544 HV, whereas 9,635 could not be clustered and 

remained as singletons. Because singletons are unique to individuals and thus do not 

provide information about inter-individual similarities, analysis was focused primarily on 

HV groups.  
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Previous results demonstrated that the bacterial diversity at baseline (T0) in study 

subjects was associated with FMT treatment outcome (100). Therefore, we examined the 

phage diversity and richness of HV groups. The average diversity (Shannon-diversity-d) 

and richness (number of HV groups-r) at baseline was 3.4 and 125 respectively (Figure 

S5.2A). Two of the three non-responders had low baseline-diversity (N-d: 2.6, 2.5, 3.6; 

R-d: 4.2, 3, 3.5), while all responders had a higher community richness as compared to 

non-responders (N-r: 62, 50, 128; R-r: 162, 140, 139). This difference was maintained in 

samples post baseline (Figure S5.2A,B). Differences in richness between donor and 

recipients have been shown to be associated with recovery in CDI patients after FMT 

(208). In our study, all responders had higher richness than their donors. However, one 

non-responder did as well, suggesting that it might be beneficial but not sufficient to 

improve insulin sensitivity (Figure S5.2C). Overall, these results suggest that the more 

diverse and richer the viral community is at baseline, the more likely the FMT will result 

in clinical improvement. However, this association should be confirmed in an experiment 

with larger number of individuals. 

 

Phage transfer during FMT course 

To determine the impact of FMT treatment on the recipients original viral 

community, the transfer of viruses from donor to recipients was investigated (Figure 5.1). 

At baseline, the original viral community of MetS patients includes phage present only in 

the subject and viruses shared with the donor. After FMT treatment, the original 

community will undergo changes, and the new viral community will also include 
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invading phage (only found in donor’s baseline, and in recipient after FMT), and new 

viruses that were not detected at baseline in either the recipient or in the donor, thus, their 

origin cannot be determined (unknown origin viruses) (Figure 5.1A). As expected, the 

percentage of the post-FMT viral community occupied by baseline viruses was higher in 

groups that had received their own fecal microbial community (average A= 80%, 

N=65%, R=57%, Figure 5.1B, C). The largest change occurred in the first 21 days post-

FMT treatment in responder patients (p-value=0.0128, Table S3). However, by 54 days 

post-FMT treatment the original community in responders returned to levels similar to 

those in the rest of the patients, possibly reflecting the transient effects of the FMT 

treatment. Overall, this result demonstrates that allogenic FMT transplant has a greater 

impact in the viral community than control treatment, and it suggests that the greater 

displacement of the original community early after intervention could be associated with 

treatment outcome.  
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Figure 5.1. Changes in the viral community of MetS subjects after FMT. A) Schematic 
representation of the composition of the viral community after FMT in allogenic recipients 
(invading contigs will not be part of the autologous viral community). B) Barplot of the 
community structure after FMT in MetS subjects. C) Changes through time in the original 
community relative abundance of recipients. D) Changes through time in invading viruses 
relative abundance in allogenic patients. 
 

On average, invading donor viruses comprised 11% of the viral community in the 

allogenic group, being slightly larger in responder vs. non-responder patients (N= 8%, R= 

14%). In two of the three responders, invasion was observed soon after treatment 

(average at W3 in N=3.9%, R= 17%, Figure 5.1D). Viruses from the donor were also 

detected in non-responder patients, but at much lower relative abundance (Figure S3). In 

the case of responders, the relative abundance of invading viruses mirrored their 

abundance in the donor. Overall, these results show that donor viruses can be established 

in the recipients and that the abundance of invading viruses may be  important for 

treatment success. 

 

Differences in the viral community between ‘treatment-outcome’ groups 

To determine what type of phages were present in healthy donors as compared to 

MetS patients, viruses were taxonomically classified. ORFs from viral contigs  were 

compared by psiBLAST to the Phage Orthologous Groups database (POGs) (121, 196). 

Overall, 12,668 viral contigs (n=28,869, 44%) were classified based on a POG match. 

This included 268 HV contigs that were classified at the rank order or less (n=1,544, 

17%). As is common with phage sequences from the human gut, only a small component 

is similar to known bacteriophages(121). However, it is worth noting that the classified 
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viruses in this study represent a large portion of the total viral community (40% of total 

ReadsPerKbperMillion-RPKM for classified HV groups). In all individuals, the classified 

phage were dominated by members of the Caudovirales (Figure 5.2A). In contrast to Zuo 

et al (208), differences in total Caudovirales abundance between responders and non-

responders were not detected, and viruses from the Microviridae family were 

underrepresented. However, differences between the classified phage community 

between treatment groups were apparent (Figure 5.2A). In non-responders, a larger 

proportion of the classified viruses were ‘9936 group of lactococcal phages’, which were 

reduced in responders and barely detected in the donors. Moreover, responders were 

enriched in unclassified Caudovirales.  
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Figure 5.2. Classified Phage community during FMT and potential implications for 
treatment outcome. A) Bar plot representing the relative abundance of the classified viral 
community of each taxa in each time point. B) PCoA analysis of BC dissimilarity index of 
raw abundance of classified phages in study subjects.  
 

To determine whether the structure of the classified phage community could 

separate study subjects by treatment outcome, Principal Coordinate Analysis (PCoA) was 

applied to Bray-Curtis distance between all subjects and time points (Figure 5.2B). 

Responders’ samples clustered away from those of the non-responders (centroid analysis 
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p-value= 0.006, Table S4). Interestingly, contrary to non-responders, the centroid 

distance between responders and donors was not significantly different, suggesting that 

the healthy donors’ phage community is more similar to responders’ phage community 

(N-p=0.012, R-p=0.450, Table S4) than to that of non-responders. Overall these results 

suggest that the classified phage community is significantly different between subjects 

that respond differently to FMT treatment.  

To gain insights into differences that extend beyond the classified viral 

community, a similar analysis was carried out on all HV groups. Because of high inter-

individual virome variation, the analysis was focused on the shared viral community 

(Figure 5.3). Like previously reported, the viral community of study subjects can be 

partitioned in core viruses (>50% of the individuals), shared viruses (20-50%) and low 

prevalent-unique viruses (121). There were 548 ‘shared’ HV groups, with 83 of these 

found in more than 50% of study subjects (‘core’). On average, the core HV groups 

accounted for 44% of the relative abundance in the viral communities. It is important to 

note that donor-recipient pairs will have more shared HV groups than two unrelated 

subjects. Most core HV groups were absent or harbored at a lesser extent in the non-

responder patients (Figure 5.3A). For instance, the average number of core groups in the 

responder group was 78 HV versus only 58HV in non-responders. Likewise, the average 

abundance was 240 RPKM in responders versus 192 in non-responders.  
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Figure 5.3. Core HV groups differentiate MetS patients by treatment outcome. A) Heat 
map representation of log10 of raw abundance of core HV groups found among study 
subjects. Columns are organized based on average hierarchical clustering of BC 
dissimilarity and rows are organized based complete hierarchical clustering of Euclidean 
distances. B) PCoA analysis of BC dissimilarity index of raw abundance of core HV 
groups.  

 

To further explore differences between the viral community of study subjects, the 

core viral community was subjected to PCoA analysis (Figure 5.3B). In this case, the two 

principal coordinates accounted for more than 39% of the variation and clustered 

responders further away from non-responders (p-value=0.006, Table S5.5). Non-

responders also clustered significantly further apart from the donors group (p-
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value=0.450, Table S5). The average distance between a recipient and its donor was 

considerably smaller in two of the responders (R=0.65, sd=0.20, mean N= 0.87, sd 

N=0.07, mean p-value=0.4). However, responder 3, which had the highest donor’s virus 

invasion, was as far away from its donor as the non-responders. To quantify the 

differences in the core HV by outcome group, the amount of variation that was explained 

by the ‘outcome’ variable was determined through DB-RDA (Figure S5.4). From the 

total variation, only 26% was explained by this variable, suggesting that, even though 

core HV can successfully separate patients by treatment outcome, the virome can only 

partially explain treatment outcome. Overall, these results suggest that the core HV 

community is enough to separate patients based on response to treatment. Moreover, 

recipients that have a community that is more similar to the donor might favor the 

outcome of the FMT intervention. 

 

Identification of potential phage biomarkers associated with treatment outcome 

Viruses that could differentiate healthy and disease subjects were identified 

through similarity percentages analysis (SIMPER) (43). SIMPER analysis determines 

how much each virus contributes to the dissimilarities between subjects, and identifies 

the viruses that best account for differences between groups. Based on the health status of 

individuals at baseline (treatment outcome information was excluded) 62 HV groups 

explained most of the difference between donors and MetS patients (Figure 5.4). There 

were 11 HV groups that were primarily present in both responders and donors (Figure 

5.4A, box). The only responder that did not harbor these HV groups at baseline (R3) 
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rapidly acquired them after treatment. In contrast, none of the non-responders acquired 

these HV groups (Figure 5.4B, arrow). From these 11 HV groups, six were Caudovirales 

phages.  

 
Figure 5.4. HV Biomarkers for FMT treatment success. A) Heat map of abundance at 
baseline and B) after FMT of the most influential HV groups in the BC dissimilarity values 
among healthy and MetS subjects. Blue box highlights HV groups found primarily in 
responders and donors that were tested for use as biomarkers of treatment success. 
 

The possibility of using these 11 HV groups as biomarkers for predicting 

treatment success was investigated. Contigs included in these 11 HV groups were 

selected and further assembled, rendering 801 potential biomarker sequences. These 

sequences were scored to identify sequences associated with health and response to 

treatment. At least one sequence (top scored) from the most abundant Caudovirales 
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groups was selected. Conserved regions between all subjects were identified and 

quantitative PCR (q-pcr) primers were designed. From the four HV groups being tested, 

we could detect three HV-groups in responders and its donors’ viral DNA, both at 

baseline and through-out the FMT course (Table 1). Importantly, these HV-groups were 

detected in R3 after the FMT. The same viral sequences were not detected in the viral 

DNA from non-responders. An expanded blind testing of these potential biomarkers in a 

larger cohort of treated patients will determine the applicability of these sequences as 

biomarkers of treatment outcome. Overall, these results highlight the possibility of using 

specific phage groups to estimate the likelihood of MetS FMT treatment success.  

 
Figure 5.5. PCR of potential HV Biomarkers on viral DNA of study subjects. qPCR was 
carried out on viral filtrate DNA in triplicate. Error bars represent one standard error 
measure.  
 
 

DISCUSSION 
 
 

The overall objective of this study was to investigate gut bacteriophage dynamics 

in MetS subjects that undergo FMT treatment and to examine the potential association of 

phage with the treatment outcome. Our results indicate a possible association between the 
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baseline viral communities present in donors and recipients and the treatment clinical 

outcomes. The more closely related the phage communities between donors and MetS 

receipts, the more likely the positive clinical response (Figure 5.2, 5.3). Importantly, 

phage groups that could potentially be used as biomarkers for predicting success of FMT 

treatment of MetS patients could be identified (Figure 5.4). It is important to note that the 

small sample size of our study reduces our statistical power and precludes us from 

making more definitive conclusions. However, these results should provide support for a 

more expanded study. 

Recently, analysis of the role of bacteriophages during FMT in CDI and 

ulcerative colitis patients has been reported (28, 29, 40, 46, 208). While bacteriophages 

influenced the outcome of CDI-FMT (208), no difference was observed among UC 

patients (46). Zuo et al reported that before FMT treatment, lower Caudovirales-richness 

was observed in recipients as compared to donors, and that following FMT treatment, a 

high relative abundance of invading phage was significantly associated with treatment 

success (208). Possibly due to significant differences in disease etiology, changes in the 

viral community of MetS patients were considerably different to that of CD patients. 

MetS responders generally had a more diverse community than non-responders and a 

richer community than their donors. However, these features alone were not sufficient for 

success (Figure S5.2). The pattern of donor virus invasion was less clear (Figure 5.1D). 

Instead, shortly after FMT treatment, changes in the baseline viral community of 

responders were considerably greater compared to non-responders (Figure 5.1C). 

Importantly, responders could be differentiated from non-responders based on the 
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community structure, and the viral community of responders and donors had a greater 

overlap (Figure 5.2, 5.3). Therefore, we hypothesized that MetS patients with a less 

distorted viral community at baseline are more likely to show clinical improvement.  

Interest in the role of bacteriophages in the gut microbial community has recently 

increased (156, 177). Evidence for the beneficial impact of gut bacteriophage in human 

health is emerging (122). We previously reported the existence of a healthy gut 

phageome (HGP) in healthy individuals that was less prevalent in patients with 

inflammatory bowel disease (IBD). We did not find similar decreased prevalence of the 

HGP in MetS patients, suggesting that changes in the HGP might be only characteristic 

of certain gut diseases. In a recent pilot study, transplantation of fecal filtrates (FFT) 

alone restored health in CDI patients (144). Fecal filtrates are highly enriched in viruses, 

specifically bacteriophages, suggesting that FFT benefits may be at least partially 

attributed to bacteriophages. Interestingly, a recent study showed that certain viruses 

encode insulin-like peptides, which are sufficient to stimulate insulin signaling, 

suggesting that specific viral features could contribute to health in MetS patients (4). 

However, it’s important to note that FFT can also induce disease symptoms, emphasizing 

the importance of a balanced viral community to maintain health (15).  

Changes in the viral community in FMT recipients might arise from three 

different sources (Figure 5.1): donor invading contigs, low-abundance viruses in 

recipient, and previously inactive prophages in either donor or recipient. Similar to donor 

invading bacterial strains, donor invading viruses once established can be maintained 

through time and typically constitute a small percentage of the entire viral community 
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(110). Invading viruses can be free viruses that find a host in the new microbial 

community or, more likely, temperate phages that are transferred inside their ‘Trojan 

bacterial-horse’ (40). The original recipient’s viral community will also undergo changes. 

Relative abundance of pre-FMT viruses that get transferred post-FMT might change, and 

the activated-prophage profile will likely change as well. Future studies should be 

directed at the mechanism(s) of phage establishment and the direct function that phage 

play during gut FMT treatment in shaping the function and structure of gut microbial 

community and the outcomes of FMT treatment.  

Overall, our study highlights that the baseline viral community in patients with 

MetS and their donors have the potential to contribute to the success of the FMT 

treatment, and it highlights the need to consider bacteriophages in the study and 

optimization of FMT treatments. 

 
MATERIAL AND METHODS 

 
 
Extended material and methods available in supplemental data (Appendix C).  

Sample source and selection 

The FMT trial analyzed here is described in detail in Koote et al (100). 

Individuals with the highest and lowest Rd rate were selected as responders and non-

responders respectively. Three individuals from the autologous treatment group were 

randomly selected.  

 

 



 
 

102 

Virus purification and sequencing data process 

Fecal samples (1g) were resuspended in SM buffer, span down and subsequently 

filtered through 2 and 8-micron filters (fecal filtrates) (See extended material and 

methods in supplementary data). After DNAse treatment, DNA from viral fecal filtrates 

was extracted and the DNA sequenced using HiSeq Illumina technology (Table S1). 

Reads were quality trimmed (22) and assembled with IDBA (149). Reads from individual 

study subjects were pooled together and assembled. In total, 14 assemblies were 

generated: 9 cross-assemblies for patients (3x autologous, 3x non-responders and 3x 

responders FMTs) and 5 single-subject assemblies for each healthy donor. High-quality 

reads were de-duplicated, subsampled and mapped to assembled contigs. Contig 

abundance was determined based on number of Reads Per (contig) Kb per Million reads 

(RPKM). Contigs with hits to 16S rDNA were eliminated. Efforts in removing bacterial 

contamination were discrete to avoid removing prophage sequences. Only contigs with 

>7RPKM (minimum RPKM in donors) were considered present (Table S2).  

Homologous virus identification 

An all-to-all BLASTn analysis was performed using assembled contigs > 3000bp 

(173, 174). The resulting BLASTn file was parsed using network analysis to determine 

group membership (21, 121). 

Taxonomic classification 

ORFs were predicted with prodigal (87) for all individual viral contigs (n=28,869) 

and compared to the POG database (121, 196). Contigs that contain at least one taxa 

marker gene were classified. When multiple sequences with a taxa marker gene were in 
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the same HV group, their taxonomy was always concordant, therefore, their taxonomy 

was extended to all contigs from the group.  

Ordination analysis 

Bray-Curtis dissimilarity matrix was calculated using the Vegan R package (57), 

and PCoA and DB-RDA were carried out using LabDSV (160) and the Vegan R package 

(57) respectively.  Analysis of centroids was performed through permutation analysis 

using Adonis  within the Vegan R package (5).  

Biomarker analysis 

Potential biomarkers within HV groups were identified using the dissimilarity 

index generated with SIMPER (57). Individual contigs from HV groups were extracted 

and assembled. Contigs were scored based on abundance and presence in responders, 

non-responders and donors. The highest-scored contigs in the Caudovirales HV groups 

were visually inspected. Primers to conserved areas between subjects were designed 

using Geneious (92). Target sequences were amplified using q-PCR, both in total DNA 

and in viral filtrate DNA. PCR on viral DNA (Figure 5.5) was done in 1:100 dilution of 

DNA material in triplicate using SsoAdvanced™ Universal SYBR® Green Supermix.  
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ABSTRACT 
 
 

A large spectrum of diseases including Inflammatory Bowel Disease (IBD), 

Metabolic Syndrome and even mental disorders such as bipolar disorder and autism, are 

associated with a dysbiotic structure of the gut microbiota. Currently, Fecal Microbial 

Transplantation (FMT) is being used to modify the microbial community structure and 

restore health in patients with gastrointestinal-associated disorders. However, undesired 

side effects and co-transfer of pathogenic microbes or undesirable traits, such as obesity, 

remain a safety concern. Bacteriophages (or phages) are an essential component of 

microbial ecosystems and their ability to influence their host community makes them 

attractive therapeutic agents to manipulate the gut microbiota. Therefore, removal of the 

bacterial component through filtration before transplantation could provide a safer 

alternative to whole community microbial transplantation. The objective of the research 

presented here is to establish a baseline study to systematically investigate if 
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bacteriophage filtrates can be used to modify the gut microbiota. For this purpose, germ-

free mice were colonized with two healthy donors’ fecal microbial communities, and 

were later challenged with different cocktails of bacteriophage-enriched filtrates isolated 

directly from stool samples. Changes in the overall bacterial community structure were 

identified. The effect of the treatment was dependent on both the phage source and the 

source of the established bacterial community, suggesting that matching between donors 

and recipients would be necessary for treatment success. Overall, the work presented here 

demonstrates that bacteriophage-enriched filtrates can be used as a potentially safer 

alternative than whole community microbial transplantation to modify the gut associated 

microbial community structure. 

 
 

Introduction 
 
 

The human microbiota can be manipulated in order to promote or reestablish 

health in a variety of ways, which primarily include: antibiotics, prebiotics and 

probiotics, diet, and fecal microbial transplantation. Antibiotics are used to treat bacterial 

infections and certain gut-associated diseases such as Inflammatory Bowel Disease (138). 

However, antibiotic resistance is on the rise and antibiotics can pervasively disturb the 

microbiota structure, which can itself result in additional health problems such as higher 

risk of infection with opportunistic pathogens, deregulation of the metabolism and even 

immune disorders, especially when used in children (68). The efficacy of diet and in 

particular prebiotics, which are non-digestible (by human host as opposed to gut bacteria) 
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food ingredients that booster the growth of specific beneficial members of the 

community, remains difficult to proof (67), and the rate of long-term establishment of 

probiotic bacteria is currently low (54, 120). Fecal microbial transplantation (FMT) is 

becoming one of the most successful treatments to restore a wide range of gastro-

intestinal diseases from Clostridium difficile infections (CDI), to mental-disorders such as 

bipolar disorder (65) and autism (91). During FMT treatment, sick patients receive stool 

microbial community from a healthy individual (‘probiotic treatment on a large scale’), 

after which health is rapidly restored (e.g. >85% of treated CDI patients recover from 

infection) (122).  

FMT modes of action are not completely understood. Current hypothesized 

mechanisms during FMT in CDI patients include: competition for available nutrients, 

production of antimicrobial molecules that inhibit C. difficile growth or spore 

germination, stimulation of bile acids that inhibit C. difficile spore germination and 

appropriate stimulation of the immune system that results in proper barrier gut function 

(93). However, it’s important to note that these mechanisms are not mutually exclusive 

and that most are currently attributed to the bacterial component of the microbiota. 

Moreover, CDI patients harbor a much less diverse community than patients suffering 

other types of gastro-intestinal disorders, simplifying the dynamics of the treatment. 

Mechanisms of action during FMT of non-CDI patients with a more complex microbial 

community remain to be elucidated. 

Stool samples are composed primarily of bacterial cells (only a portion of which 

are viable), and bacteriophages or viruses of bacteria (phages for short) (20, 84). A recent 
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pilot study demonstrated that transfer of bacterial cells is not necessary for treatment 

efficacy, suggesting that a significant fraction of the beneficial effects of FMT can be 

attributed to the filtrate fraction of the stool sample (144). Phages are highly abundant in 

the human gut (1010-1012 phages per gram of fecal material), and the appreciation of their 

role in shaping the human gut microbial community is increasing (18, 50, 143, 166). 

Their ability to drive the structure, function and evolution of microbial communities 

suggests that their contribution during FMT transplant is likely higher than previously 

appreciated. The role of the overall phage community during FMT remains to be 

elucidated and is focus of active research (40, 46, 208).  

Several model systems have been developed to study the role of human gut 

microbial communities in health and disease, such as in-vitro bioreactors (174), mini-

bioreactors (11, 12) and gnotobiotic mouse models (190). Bioreactor systems allow for 

experiment reproducibility and high-throughput of experiments, at the cost of excluding 

human-microbiota interactions. Gnotobiotic mice models have the advantage of more 

closely mimicking the conditions of the human gut (190). Both models have been used to 

study the role of bacteriophages in defined, simple microbial communities made up of 

two strains of the same bacterial species, and in more complex communities made up of a 

consortium of 15 known organisms (51, 58, 158, 197). In this work, we demonstrate that 

bacteriophage enriched fecal filtrates can be used to shift the structure of a complex 

bacterial community, and show that gnotobiotic mouse model systems can be used to 

systematically test the compatibility between complex phage cocktails and different 

recipient’s microbial communities.  
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Results 
 
 

Established microbial community in gnotobiotic mice is highly influenced by source of 
human microbiota OTU  
 

OTU Occurrence in the dataset: To test whether phages can impact the gut 

community structure, gnotobiotic mice gut microbial community was challenged by oral 

application of either three different phage filtrates or SM buffer as control treatment 

group (Fig. 6.1). Subsequently, longitudinal analysis of the bacterial community structure 

was carried out using PCR amplification and sequencing of the V3-4 16S rRNA gene. A 

total of 291 bacterial OTUs were detected (Table S6.1). From these OTUs, 282 were 

passed from the mothers to their F1 offspring, including the most abundant species found 

in the mothers. Mice humanized with M1-microbiome had a total of 169 OTUs, while 

mice humanized with M2-microbiome had 221 OTUs. One hundred and eight OTUs 

were found in both M1 and M2 mice. Overall, the number of OTUs present in each 

individual mouse ranged from 35-77 OTUs (mean=42) in M1-mice, and 51-81 

(mean=65) in M2-mice. Despite the slight difference in richness, the diversity of the 

bacterial community was low and similar for both microbiome groups (Average Shannon 

diversity index M1-mice= 2.48, sd=0.14; M2-mice=2.25, sd=0.13). The distribution of 

OTUs is characterized by rare species that only appear in a small percentage of the 

samples, and a subset of ubiquitous OTUs found in most all mice (Fig S6.1). The total 

number of OTUs remained relatively constant throughout the sampling time course, with 

only a few exceptions in day 15 after gavage in M1-mice, and day 3 before gavage in 

M2-mice (Fig. S6.2). This result is independent of viral filtrate gavage, since mice 
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gavaged with SM buffer control show an increase in richness at day 15. Importantly, 

despite a few outliers, the number of OTUs is similar in different treatment groups in M1-

mice (ANOVA p-value=0.38) (Fig. S6.3). However, there is significant variation in the 

number of species observed in treatment groups in M2-mice (ANOVA p-value=0.008). 

Most of this variation is associated with rare OTUs. 

 

 

Figure 6.1. Schematic representation of experimental design. To minimize the variation in 
gut bacterial communities, two groups of female mice were humanized with fecal samples 
from two different healthy human donors (microbiome groups M1 and M2 creating M1-
mice and M2-mice) and bread. Their F1-generation was challenged with orally applied 
phage-filtrates. Mice in treatment group A were gavaged with phages isolated from mice 
humanized with the other microbiome (Non-Self phages), Group B mice received phages 
isolated from mice belonging to the same microbiome group (Self-phages), Group C 
received a mixture of self and non-self phages (Mixed phages), and group D received SM 
buffer as a mock treatment. Longitudinal sampling was carried out for a total of 28 days, 
approximately two weeks before and after the phage gavage, to determine both the day-to-
day variation and variation specific to phage-filtrate treatment. A total of 159 samples, 
including 98 M1-mice, and 61 M2-mice were analyzed (Table S6.1, S6.2).  
 

OTU abundance: Both mice groups harbor a community dominated by a small 

number of OTUs, with only 4 and 5 OTUs found at an average abundance greater than 

5% in M1- and M2-mice respectively (Fig. 6.2A, S6.4, S6.5; only the 50 most abundant 

OTUs are shown for brevity). Interestingly, the most abundant OTUs are shared by the 

two microbiome groups (Fig. 6.2A). The membership of rare OTUs (not find in every 
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mouse) appears to be different between microbiome groups. Taxonomic classification of 

the OTUs identified species from the genus Bacteroides as the major players in both 

microbiome groups (Fig. 6.2B, S6.4, S6.5). Overall, the gut microbial community of 

gnotobiotic mice appears to be distinct depending on the donor microbiome, and 

dominated by a few abundant bacterial species with a small number of low abundance 

bacterial species (average richness = 50 species).  

 

 

Figure 6.2. OTU abundance and taxonomy. A) The hierarchical clustering heat map of the 
50 most abundant OTUs in the data set is shown. Samples are clustered based on Bray-
Curtis dissimilarity index using the Unweighted Pair Group Method with Arithmetic Mean 
method. B) Mean abundance and taxonomy of OTUs by Genera in each donor group.  
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Differential respond to treatment in M1 and M2 groups 

We hypothesized that addition of phage to humanized gnotobiotic mice would 

change the structure of the bacterial communities, increasing the dissimilarity between 

samples before and after phage gavage. To test this hypothesis, the Bray-Curtis (BC) 

dissimilarity index between communities was calculated and represented in two-

dimensional space using Principal Coordinates Analysis (PCoA) (Fig. 6.3). The first axis, 

which accounts for most of the variation (82%), separates the samples based on 

microbiome group, demonstrating that microbiome group is the biggest source of 

variation in this study. 

 

 

Figure 6.3. Principal Coordinates Analysis (PCoA) of bacterial communities. Plots 
were generated using Bray-Curtis dissimilarity index among all sample’s community 
structure. The two components explained 82 and 5% of the variance respectively.  
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Bacterial community changes in M1-mice microbiome 

To gain further insights between treatment groups, ordinations were carried out on 

samples separated by donor group. When analyzed by microbiome groups, the first two 

axes of the PCoA in M1-mice explained 33% and 17% of the variation respectively (Fig. 

6.4A). Ideally, over 70% of the variation should be explained by the first two axis, 

however, an ordination representing 50% of the variation can still be informative (33). 

Time was modeled with a Generalized Additive Model (GAM) as a function of 

ordination coordinates (grey contour lines, Fig. 6.4A), which explained 69% of the 

deviance (Table S6.3). As expected, the variable 'group' was significantly related to the 

ordination coordinates, primarily as determined by axis 2, but only explained 5% of the 

deviance. In fact, days 3 and 4 after gavage, specifically in the Non-self and Mixed phage 

treatment groups, were found distal (above) to the rest of the samples on axis 2. 

Interestingly, these changes seem to be maintained through day 15. This difference 

suggests effective impact of phage treatment on the bacterial communities. To test 

whether the variation through time was different in groups treated with phage compared 

to mock treatment controls, analysis of homogeneity of multivariate dispersion (known as 

beta-dispersion) was used (6). Permutation analysis (which is not sensitive to differences 

in beta-dispersion (5)) was used to test for significant distance between the centroids in 

ordination space of each treatment group, thus measuring how different this communities 

are. Beta-dispersion, which can be considered as a measure of beta-diversity, was 

significantly greater in Non-self phage treated groups as compared to Self-treated groups 

and mock treatment (p-value= 0.0005 and 0.006 respectively), suggesting greater 
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variation through time in this group (Fig. S6A, Table S6.4-S6.6). Analysis of centroids 

revealed that the centroids of all the phage treated groups were significantly further apart 

from the mock treated group in M1-mice (Table S6.7, S8). Overall, these results indicate 

that in mice humanized with M1, the treatment with Non-self phage caused the greatest 

alteration in the bacterial community structure. 

 

Figure 6.4. PCoA Analysis separated by microbiome day and group. Plots were generated 
using Bray-Curtis dissimilarity index among the community structure of samples from the 
same microbiome group. The two components explained 33 and 17% of the variance 
respectively in M1-mice; similarly, 28 and 22% of the variance was explained in M2-mice.  
 

Bacterial community changes in M2-mice microbiome 

Results for M2-mice samples were considerably different (Fig. 6.4B). In the M2-

mice ordination approximately 50% of the variation was encoded in the first two 

axes.  The GAM model of time as a function of ordination coordinates was similar to 

M1-mice (70% of deviance explained) (Table S6.9).  In contrast to M1-mice, the 

percentage of the deviance explained by variable 'group' on the ordination was 
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considerably larger than for the M1-mice (22% vs 5%), again primarily as determined by 

axis 1 (Table S6.10).  Contrary to what we observed in M1-mice, the beta dispersion was 

larger after Self- and Mixed phage treatment compared to Non-self phage treated groups, 

suggesting that phage treatment with Self-phage had a larger impact on the bacterial 

community (Fig. S6.6B, Table S6.11-6.13). Centroid analysis showed that the centroids 

from Self- and Mixed phage treated groups were significantly further away from Non-self 

treatment group (Fig S6.6B, Table S6.14, S6.15). It is important to note that, when 

analyzing the beta-dispersion on both M1 and M2 groups at the same time, only M1-mice 

Non-self phage treatment group has a beta-dispersion significantly larger than Self-phage 

and mock treated groups, suggesting that phage treatment had a significantly greater 

impact in mice humanized with M1 (Fig. S6.7, Table S6.16).  

Taken together, these results suggest that phages can significantly impact 

bacterial community structure and that this influence depends both on the source of the 

phages and the source of the bacterial community.  

 

Phage gavage is associated with changes in the bacterial community  
Structure 

To examine if the differences in microbial communities between samples within 

treatment groups were due to phage treatment, samples were analyzed using distance-

based redundancy analysis (DB-RDA). Constrained ordination techniques such as DB-

RDA model the dissimilarity among samples based on variables of interest (e. g. 

treatment group and gavage), and subsequently represent the samples in the ordination 

space using eigen-vector analysis based on the fitted values (161). The main premise is 
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that if the variables under study are highly correlated with samples dissimilarities, the 

constrained axis will be able to explain most of the variation. Moreover, significance of 

the constraints can be tested by permutation analysis, and differences in the ordination 

space coordinates of different groups can be determined and statistically tested. 

Assuming the initial communities of the different treatment groups are relatively similar, 

we would expect that effective phage treatment would change the structure of the 

bacterial communities only in phage treatment groups. Therefore, constraining the 

ordination using the treatment group and gavage variable should significantly increase 

the variation explained by the constraints. Additionally, we would expect to see 

differences in the before and after gavage samples only in the groups that have been 

treated with phage, that is the centroids of the samples before and after gavage should be 

in different quadrants of the ordination space in the phage treated groups. The variation 

explained by the constrained axis in M1-mice was 58%, with axis 1 and 2 representing 

48% and 22% of the constrained variation respectively (Fig. 6.5A). Importantly, the 

correlation between the ordination distances and the real distances is high (r=0.846, Fig. 

S8A). Step-wise variable fitting and significance analysis of the model and variables 

demonstrated that the model significantly increased the variation explained and that all 

the variables tested (time, treatment group and gavage) were significant (Table S17, S18). 

Moreover, it can be seen that most samples before gavage are found in the bottom left 

quadrant and that upon phage treatment primarily samples from Non-self and Mixed 

phage treatment are found in other quadrants (Fig. 6.5A). This visual interpretation is 

supported by centroid position analysis (Table S19). Overall, this result supports the fact 
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that greater differences between M1 bacterial communities in the phage treated groups 

are associated with phage treatment.  

 

Figure 6.5. DB-RDA analysis of microbial communities by microbiome group. Plot were 
generated using the Bray-Curtis dissimilarities among samples from the same microbiome 
group (A-M1, B-M2). Samples are colored by day (left) and by group (right). Analysis was 
constrained by the variables ‘day’, ‘treatment group’ and ‘gavage’. 
 

The same DB-RDA analysis was carried out with M2-mice (Fig. 6.5B). 

Correlation between the ordination distances and real distances is considerably lower 
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than in the M1-mice, suggesting that the variables tested do not influence the 

dissimilarities between communities as much as in M1-mice (r=0.69, Fig. S6.8B). Even 

though permutation analysis showed an effect of the phage treatment, there was no 

significant differences between treatment groups. This result is not surprising since the 

Mock treated group, which contributes the most to differences between gavage effect in 

different treatment groups, is missing. Moreover, the greater variability in M1-mice, 

reflected in apparent differences in the bacterial communities before phage gavage 

between treatment groups (samples before gavage occupy more than one quadrant), and 

in the presence of outliers might be confounding the analysis. Overall, DB-RDA analysis 

of M2-mice further supports that the influence of phage on the bacterial community is 

dependent on the initial bacterial community. 

 

Identification of changes in bacterial OTUs after phage gavage treatment 

Once overall changes in the bacterial community structure were demonstrated, we 

next attempted to identify specific OTUs that were affected by phage treatment. Due to 

the high variation in M2-mice and the reduced effect of phage gavage on this community, 

efforts were focused on M1-mice. Because most OTUs in M1 are found at extremely low 

abundance, only OTUs that accounted for more than 5% of the community were 

investigated (6 unique OTUs). The most significant differences were identified in the 

trend of OTU3 abundance based on treatment group (p-value= 0.004491 **). A steep 

decline in the abundance of OTU3 was observed only in Non-self and Mixed treated 

groups (Fig. 6.6). Interestingly, the niche taken by OTU3 seemed to be occupied 
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primarily by OTU1 (Fig. S6.9). Overall, these results demonstrate that our experimental 

set up allows not only for identification of holistic changes in the bacterial community, 

but changes in particular taxa as well. 

 

Figure 6.6. Average OTU3 abundance through time in M1-mice. Regression analysis of 
OTU abundance was modeled through generalized linear (GLM) and generalized additive 
models GAM).  

 
 

Discussion 
 
 

The objective of this study was to test whether human gut microbiome associated 

viruses (bacteriophages) actively influence the human gut bacterial community structure . 
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Our results show that a mixture of phage can affect the structure of a human-derived 

complex bacterial community in gnotobiotic mice. Moreover, the effect due to phage 

treatment seems to depend on both the source of the phage (different effect between Non-

self and Self phage in M2-mice) and on the source of the donor microbiome (differences 

between M1 and M2-mice) (Fig. 6.3, 6.5). 

Bacteriophage can influence their bacterial communities in a variety of ways. 

Lytic phage can lyse their bacterial host resulting in fluctuations in host abundance (165). 

Alternatively, phages can partner up with their host, providing the latter with competitive 

advantages in exchange of passive replication of the phage DNA, strategy commonly 

known as lysogeny. Some of these advantages include, but are not limited to, protection 

from superinfection, release of phages by a subpopulation of the infected host that can 

kill competing taxa, and phage-encoded genes that can increase the fitness of the bacterial 

host. Most of these outcomes result in the maintenance of the host in the community, 

and/or decrease of a competing bacterial strain or species in the community (122, 166). 

Liberated niches due to phage predation will consequently be colonized by other bacterial 

population. In this work, the bacterial community structure in the presence and absence 

of added phage communities was temporally characterized using 16S rRNA gene deep 

sequencing rendering OTUs representing different bacterial species. It is therefore 

important to note that this study does not provide resolution at the strain level and that 

only phage influence that results in fluctuations in bacterial OTUs can be measured. For 

instances, phage encoded advantages that simply aid in maintaining an OTU at a 

relatively constant level cannot be measured. Therefore, we suspect that the influence 
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detected in this work is an underestimation of the actual effect of phages on the bacterial 

community structure.  

It is important to note that our approach prevents us from determining the 

mechanisms by which phages are affecting their host community. Even though the 

abundance of phages in fecal filtrates is high, the influence of other biomolecules found 

in the filtrates cannot be completely ruled out with our experimental approach (20, 144). 

Moreover, despite our efforts to mimic a complex human derived bacterial community, 

the humanized mice microbiome is largely dominated by species belonging to the 

Bacteroidetes phyla, with low representation of the Firmicutes phyla, which are known to 

be major players in the human gut microbiome. Interestingly, the donor samples used in 

this study had a Bacteroidetes dominated bacterial community as well, suggesting a 

possible bias in the sequencing methodology or a bias against Firmicutes species 

introduced with our current methodology.  

Efforts directed at modifying gut associated bacterial communities to provide 

clinical health benefits are increasing (122). Fecal microbial transplant treatment (FMT), 

is successful when applied to individuals which have undergone a reduction in their gut 

microbial community diversity (e. g. patients with C. difficile infection) (151). However, 

in patients that maintain a higher bacterial community diversity, FMT success seems to 

be highly variable (80, 110, 134, 194). Even though the source of this variation is 

currently under investigation, it is suspected that both the initial and the donor’s viral 

community are likely to impact the success of this type of treatment (144, 208). 

Therefore, model systems that enable the study of the influence of phages are of 
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importance to advance our basic understanding of the regulation of gut microbial 

communities. 

In this work, we show that phage-filtrates can be used to change the gut microbial 

community in gnotobiotic mice, and that the effect of the phage community is source 

dependent, potentially representing the variation found in FMT trials. We believe that 

studies using humanized mice models will advance our understanding on the role of 

bacteriophages in microbial communities and will provide a trackable experimental 

system to test the potential of phage mixtures for fecal filtrate transplants (FFT) to 

modify human-gut associated microbiota.  

 
 

Material and Methods 
 
 

Mice breeding and husbandry 

Approximately 1 gr of human stool sample from two healthy donors was 

resuspended in PBS buffer in anaerobic conditions. Consequently, 3 7-week old germ 

free females per donor were gavaged with the respective human stool slurries. Mice were 

kept in germ-free isolators until they were humanized. Afterwards, mice were kept in a 

laminar flow sterile hood in self-contained cages (Alternative design). Females were 

bread with a germ-free male. To minimize gut microbial community variation F1 pups 

from different females were randomly rearranged within cages twice before weaning. 

Female F1 pups were weaned 21 days after day of birth, and were randomly assigned to 4 

different treatment groups. Females humanized with microbiome 2 did not produce 

enough progeny to include mock treatment group.  
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Phage gavage 

Cages were cleaned weekly. Two hours prior gavage 1gr of mice pellets was 

collected from each treatment group cage. Briefly, a total of 1 gr of mice pellets for each 

microbiome donor group were collected and homogenized in 7 ml of SM buffer. Stool 

slurry was centrifuged at 5,000 rpm for 30 min and subsequently filtered through a 0.8 

and 0.45um filter. Equal volumes of filtrate from each microbiome group were mixed to 

render the Mixed-phage filtrate. Each mouse was gavaged with 200ul of phage-filtrate or 

SM-buffer depending on the treatment group. 

  

Characterization of microbial communities 

Total DNA was extracted from mice stool pellets with PowerSoil® DNA 

Isolation Kit (MoBio). The variable region 3 and 4 of the 16S-ribosomal gene was 

amplified through PCR using specific primers. Amplicons were deep sequenced using 

Illumina Miseq. Sequencing reads were analyzed using mothur pipeline (178). OTUs 

represented by less than 5 reads in the data set were discarded. Reads were rarefied to 

6,004 reads per sample (minimum number of reads in a sample). Operational Taxonomic 

Units (OTUs) were identified as sequences with 97% identity thus representing microbial 

species. However, taxonomic classification of each OTU was only done down to Genus 

level. Species abundance was normalized to relative abundance of OTUs in the 

community. Subsequent analysis of the data was done primarily using LabDSV (160) and 

Vegan packages in R. 

 



 
 

126 

Ordinations 

PCoA analysis was carried out using the pco function in LabDSV package in R 

(160). Number of dimensions was set to 3. To determine the correlation between a 

variable of interest and dissimilarity between communities, a Generalized Additive 

Model (GAM) with thin plate spline was carried out. The distribution of a specific 

environmental variable was represented in the ordination space using the R Surf function. 

Beta-dispersion (or homogeneity of variance) was calculated using the betadisp() 

function on centroids from Vegan package, adjusting for small sample bias in beta 

diversity and adding a constant to make all eigenvalues positive. Significance of 

differences in beta-dispersion was calculated using an ANOVA test followed by a 

multiple pairwise comparison test (corrected for multiple comparison with Tukey 

method). Furthermore, significance of differences in centroid distances was calculated 

using the adonis() function from Vegan package followed by a pairwise ADONIS test 

corrected for multiple comparison with Bonferroni method. DB-RDA analysis was 

carried out using the dbrda() function from the package Vegan. Bray Curtis dissimilarity 

index was chosen for it has provided the best results in the past and is one the most 

common distances used in microbial ecology. Step-wise variable optimization was 

carried out using step.cca() function from the LabDSV package (160). Significance for 

the model and variables was determined using anova.cca() function from package Vegan 

in R. 
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Liner models of specific bacterial species 

Generalized Linear Models (GLM) and Generalized Additive Models (GAM) on 

OTU abundance were performed using stats and mgcv R packages respectively. Poisson 

regression were performed using Poisson error distribution specified in the parameter 

family. The significance of each variable was determined with an ANOVA test using 

Chi2 distribution. Models were also compared using ANOVA test using Chi2 

distribution. To analyze if the temporal trends were different depending on the treatment 

groups, interaction terms between time and group were necessary and thus included in 

GLMs. GAMs cannot model interactions; therefore, the data was split by group to 

attempt to model unimodal or multimodal distributions through GAMs. Due to the low 

number of replicates, none of the outliers were excluded from the analysis at any time. It 

is important to note that corrections for serial effects due to time were not included 
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CHAPTER SEVEN 

 
CONCLUDING REMARKS 

 

 The human gut harbors a microbial ecosystem of great importance to human 

health. Bacteriophages are major forces of microbial evolution, function and community 

structure, therefore, investigating their role in the human gut bacterial community is 

essential to understand the overall gut microbial dynamics and their implications for 

health. Most research focused on bacteriophages and humans involves events of disease 

outbreak or dysbiosis, and-or use of bacteriophages as a tool for beneficial purposes. 

However, the study of the role of bacteriophages during ‘healthy steady states’ is scarce. 

The research presented here involved primarily metagenomic surveys of healthy and 

disease individuals, and experiments in gnotobiotic mouse models. The overall goal is to 

begin to unravel the role gut bacteriophage community in human health and disease. To 

investigate the role of gut phages as health maintaining-agents four major questions and 

hypothesis were proposed (Chapter 1). The answers inferred from this investigation and 

concluding remarks for each of the hypothesis are as follows:  

 
Question 1: Is there a shared gut phage community associated with healthy individuals? 

 
 

Hypothesis 1: There is a core gut bacteriophage community prevalent among healthy 

individuals and associated with human health. 

 
The existence of a shared microbial community in healthy individuals described 

by others lead us to investigate the possibility of a corresponding shared bacteriophage  
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community associated with healthy individuals. The phage community of two study 

subjects was characterized at two different time points through ultra-deep DNA 

sequencing of active phage particles isolated from fecal samples. Network analysis was 

applied to phage sequences and a significant overlap between individuals’ phage 

community was revealed. Phages identified in this study were used to mine publicly 

available metagenomes of healthy individuals and inflammatory bowel disease (IBD) 

patients. A set of 132 shared phages were identified in a significant portion of the healthy 

subjects under study (>20%) and 23 were found in over 50% of individuals (core 

phages). Interestingly, these phages were less prevalent in individuals with IBD. Thus, 

we proposed that the phage community of healthy individuals can be divided in core, 

shared and low-overlap/unique phages. Furthermore, we propose that the combination of 

core and shared phages constitutes the Healthy Gut Phageome (HGP), which potentially 

contributes to human health (121). The results of this study support Hypothesis 1. 

 
Question 2: What are the bacterial host associated with prevalent viruses 

found in healthy individuals? 
 
 

Hypothesis 2: Shared phages among individuals are likely to be found in the core 

bacterial species as prophages. 

 
The study of viral communities through metagenomic analysis generally results in 

the loss of information regarding viral particle morphology and bacterial host (62). 

Therefore, Question 2 addressed the identification of the HGP host reservoir. We 

hypothesized that the shared gut phages would be associated with the core bacterial 
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community that had previously been reported by others (154). We identified potential 

hosts for 58 HGP phages in the core microbiota. Importantly, we demonstrated that HGP 

are more likely to be associated with core bacterial species than with other members of 

the microbiota (non-core members). Moreover, a broader range of associations was 

identified between certain HGP phages and their host, suggesting that broad host range 

might be a more common phenomenon in the human gut than previously thought. The 

results presented in this thesis support Hypothesis 2 and provide relevant information for 

and expanded investigation on the role of the HGP in human health.  

 
Question 3: What are the bacteriophage dynamics during fecal microbial transplantation 

(FMT), and are bacteriophages associated with the outcome of FMT treatment? 
 
 

Hypothesis 3: Bacteriophages dynamics are important during fecal microbial 

transplantation and are associated with treatment outcome. 

 
To further explore the association between phages and human health, Question 3 

sought to investigate bacteriophage dynamics during a human FMT clinical trial, and to 

determine whether the phage community was associated with treatment outcome. To 

answer this question, a deep longitudinal metagenomic analysis of the bacteriophage 

community in patients with Metabolic Syndrome (MetS) before and after FMT was 

performed. Our findings show that responder individuals undergo more deeper change in 

their original phage community (baseline-disease state) as compared to non-responders, 

and that responders harbor a more ‘healthy-like’ phage community than non-responders, 

which might positively contribute to treatment outcome. Importantly, a set of phage 
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biomarkers potentially associated with treatment response was identified. The results of 

this preliminary investigation suggest that the bacteriophage community is indeed 

important in in FMT treatment outcome, however, results ought to be confirmed in a 

larger cohort of individuals under treatment. The findings of this thesis support 

Hypothesis 3.  

 
Question 4: Can bacteriophage-enriched filtrates be used to change the gut bacterial 

community structure? 
 
 

Hypothesis 4: Bacteriophage-enriched filtrate transplantation can be used as an 

alternative to fecal transplantation to change the gut bacterial community structure. 

 
Finally, Question 4 attempts to determine if the ability of phages to impact their 

host community can be exploited as a potentially safer alternative to whole community 

fecal transplants. To test this hypothesis in a systematic manner, we used a humanized 

gnotobiotic mouse model to directly investigate changes in the gut bacterial community 

structure associated with application of phages purified directly from stool samples. We 

were able to demonstrate that phage-filtrates significantly modify the structure of the 

bacterial community. Interestingly, we found that the phage effect depends both on the 

microbial community and the source of bacteriophages. This experimental model sets an 

experimental foundation to test systematically the effectiveness and safety of phage-

enriched filtrates in a variety of gut-associated disorders. Moreover, it provides an 

excellent model system to investigate the overall role of bacteriophages in complex 

human gut communities. The results in this section support Hypothesis 4. 
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Future Directions 
 
 

Several questions emerge from this research, and should in turn guide potential 

future directions of this investigation. Using bioinformatics approaches the existence of a 

HGP was demonstrated. Whether the HGP is simply associated with health or its 

presence or absence directly contributes to health or causes diseases remains to be 

determined. Future research that allows for mechanistic determination and causation of 

observed phenomenon through metagenomic surveys should be pursued. In the future, 

direct isolation of more HGP members will be important to increase our knowledge on 

their contribution to human health. The identification of potential hosts for over 40% of 

the HGP should provide a significant head start for this task. Additionally, confirmation 

of the broad range of certain HGP phages and its implications for phage-host dynamics in 

the gut should be further explored. Implications of the gut phage community in treatment 

outcome in MetS-FMT and the validity of phage groups as biomarkers for treatment 

success should be confirmed in a larger experimental trial. Finally, a combination of 

culturing methods and experiments carried out in mouse models and chemostat should 

further inform us on the role of phages human gut ecosystem, and should be exploited to 

design more efficient and safe treatments to resolve gut microbiota dysbiosis and 

associated diseases. 
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Conclusions 
 
 

The main goal of this thesis was to explore the possibility that gut bacteria-

associated viruses contribute to human health. The overall conclusions of this thesis 

support that this is indeed the case and highlight the importance of human gut 

bacteriophages for human health.  
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Figure S3.1. Bacteriophage community abundance distribution. (A, B=individual 1), (C, 
D=individual 2). (Left panels) Relative abundance of the most abundant bacteriophage 
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(10-0.1% range) in the gut of study individuals. (Right panels) Percentage of normalized 
reads that are recruited to percentage of contigs shown in different abundance ranges of 
the community. On average, 7% of the bacteriophage contigs in each community account 
for 91% of the normalized reads, showing that a minority of the bacteriophage species 
dominates the bacteriophage community. 
 
 



 
 

138 

 

Figure S3.2. Percentage of bacteriophages present in more than 20% of healthy 
individuals. 62 healthy individuals form 3 cohorts around the world were screened for all 
the bacteriophages (complete and partial) assembled in this study (4301). 160 
bacteriophages were present in more than 20% of the individuals and the percentages of 
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individuals that harbor them in each cohort are represented as a heat map. Each line of 
the heat map represents a bacteriophage. 
 

 

 

Figure S3.3. Detection of HGP bacteriophage using increasing detection threshold. Core 
HGP (Healthy Gut Phageome) bacteriophages were identified in individuals by read 
recruitment of high quality de-duplicated reads to bacteriophage contigs. If there was one 
read recruited the virus was considered present in an individual. The percentage of 
individuals in which we could detect these bacteriophages using increasing detection 
thresholds (1 read versus 2, 5, 10, 50 or 100) is represented.  
 
 



 
 

 

Table S3.1. Sequencing depth compared between datasets used in this study 
 

Dataset No. of 
reads 

No. of 
unique 
reads 

% 
Unique 
reads 

Bp* No. of total bp No. of unique 
bp n bp per 

individual 

Unique 
sequencing 

depth 
comparison 

Unique 
seq. 

depth 
compar

ison 
Reyes 1,318,248 1,229,707 93 251† 331,454,378 312,560,713 12 27,621,198 26,046,726 82.23 
Minot 907,909 904,562 100 544† 493,947,707 492,539,860 6 82,324,618 82,089,977 26.09 

Norman 153,591,468 80,230,006 52 250 38,397,867,000 19,057,800,725 62 619,320,435 307,383,883 6.97 
Manrique 

1.1 5,813,020 3,588,782 62 300 1,743,906,000 974,237,582 1 4,031,007,600 2,278,580,409 0.94 

Manrique 
1.2 7,623,672 4,945,215 65 300 2,287,101,600 1,304,342,827 1    

Manrique 
2.1 6,631,762 3,621,775 55 300 1,989,528,600 957,459,794 1 4,126,410,600 2,005,029,078 1.07 

Manrique 
2.2 7,122,940 3,895,252 55 300 2,136,882,000 1,047,569,284 1    

n = number of individuals in study. Unique sequencing depth was calculated by dividing total of unique base pairs per individual in dataset by 
total unique 
base pairs per individual in Manrique dataset. 

       

*Length of untrimmed deduplicated 
reads. 

        

†Average read length. Original reads length was 
heterogeneous. 
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Table S3.2. Information about complete genomes 

Phage 
group in 
network 

Phage Genome 
length 

Healthy 
individuals 
with phage 
(Norman 
data set) 
n=62 

Percentage 
of healthy 
individuals 
with phage 

Taxonomy Type of 
genome 

n.i.n Phage 375 5,820 59 95 not classified Circular 
13 Phage 31 96,711 57 92 not classified Circular 
n.i.n Phage 468 6,401 53 85 Microviridae Circular 
37 Phage 48 56,540 46 74 not classified Circular 
12 Phage 345 5,835 45 73 Microviridae Circular 
41 Phage 25 84,871 39 63 Caudovirales Circular 
7 Phage 58 61,291 38 61 Caudovirales Circular 
12 Phage 536 5,769 38 61 not classified Linear 
37 Phage 14 96,114 37 60 Caudovirales Circular 
41 Phage 81 85,111 32 52 Caudovirales Circular 
13 Phage 26 96,024 30 48 not classified Circular 
23 Phage 23 94,753 28 45 dsDNA viruses Circular 
23 Phage 18 96,620 26 42 dsDNA viruses Circular 
15 Phage 11 156,560 26 42 not classified Circular 
n.i.n Phage 148 36,364 25 40 dsDNA viruses Circular 
7 Phage 93 45,306 24 39 Caudovirales Circular 
n.i.n Phage 20 102,927 22 35 not classified Circular 
29 Phage 51 43,881 21 34 Caudovirales Circular 
37 Phage 115 39,855 20 32 Caudovirales Circular 
16 Phage 68 57,271 20 32 Caudovirales Circular 
11 Phage 29 96,982 20 32 not classified Circular 
6 Phage 85 45,769 20 32 Caudovirales Circular 
11 Phage 33 96,365 19 31 not classified Circular 
37 Phage 97 43,545 18 29 dsDNA viruses Circular 
15 Phage 13 152,970 18 29 not classified Circular 
15 Phage 12 155,773 18 29 not classified Circular 
6 Phage 67 56,277 17 27 Caudovirales Circular 
29 Phage 82 45,634 16 26 Caudovirales Circular 
n.i.n Phage 101 43,360 16 26 Caudovirales Circular 
6 Phage 15 140,123 15 24 Caudovirales Circular 
n.i.n Phage 10 177,409 15 24 not classified Circular 
n.i.n Phage 449 5,755 13 21 not classified Circular 
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n.i.n Phage 516 5,504 13 21 not classified Circular 
n.i.n Phage 24 99,239 12 19 not classified Circular 
24 Phage 76 51,439 11 18 not classified Circular 
n.i.n Phage 43 77,090 10 16 Caudovirales Circular 
24 Phage 77 51,074 9 15 not classified Circular 
13 Phage 36 87,718 8 13 not classified Circular 
6 Phage 141 37,732 7 11 Caudovirales Circular 
13 Phage 35 90,345 7 11 not classified Circular 
7 Phage 61 41,548 6 10 dsDNA viruses Circular 
7 Phage 106 41,925 6 10 dsDNA viruses Circular 
n.i.n Phage 405 7,603 5 8 not classified Circular 
n.i.n Phage 98 43,537 5 8 Caudovirales Linear 
16 Phage 132 35,573 4 6 Caudovirales Circular 
29 Phage 198 23,531 4 6 Caudovirales Circular 
29 Phage 136 37,523 4 6 Caudovirales Circular 
8 Phage 94 44,194 4 6 dsDNA viruses Circular 
n.i.n Phage 108 40,910 4 6 Caudovirales Circular 
7 Phage 110 41,293 3 5 dsDNA viruses Circular 
n.i.n Phage 73 44,832 3 5 Caudovirales Circular 
n.i.n Phage 158 34,522 3 5 Caudovirales Circular 
n.i.n Phage 70 50,286 3 5 Caudovirales Circular 
7 Phage 46 77,094 2 3 Caudovirales Circular 
n.i.n Phage 127 38,570 2 3 dsDNA viruses Circular 
n.i.n Phage 72 54,603 2 3 Myoviridae Circular 
n.i.n Phage 498 6,047 2 3 not classified Circular 
n.i.n Phage 2126 1,077 2 3 not classified Circular 
6 Phage 142 37,127 1 2 Caudovirales Circular 
35 Phage 38 84,151 1 2 dsDNA viruses Circular 
41 Phage 47 75,845 1 2 Caudovirales Circular 
n.i.n Phage 71 54,702 1 2 dsDNA viruses Circular 
n.i.n Phage 171 31,919 1 2 Caudovirales Circular 
n.i.n Phage 145 37,040 1 2 Caudovirales Circular 
4 Phage 622 3,811 0 0 not classified Circular 
6 Phage 107 40,223 0 0 dsDNA viruses Circular 
10 Phage 66 44,776 0 0 Podoviridae Circular 
20 Phage 32 96,526 0 0 not classified Circular 
n.i.n Phage 55 61,931 0 0 dsDNA viruses Circular 
n.i.n Phage 545 5,360 0 0 Microviridae Circular 
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n.i.n Phage 2955 1,002 0 0 not classified Circular 
n.i.n Phage 1675 1,732 0 0 not classified Circular 

 

Table S3.3 Number of reads from Reyes, Minot, and Norman datasets recruited to ALL 
contigs dataset 

Cohort Individual Total 
reads 

Total 
reads 
used 

% 
Reads 
used 

Total 
unique 
reads* 

% 
Unique 
reads* 

Unique 
reads 
used 

% 
Unique 
reads 
used 

Minot Healthy† 907,909 112,535 11 904,562 100 NA NA 

Reyes Healthy† 1,318,248 348,747 28 1,229,707 93 NA NA 

Boston Healthy 1 1,855,868 151,886 8.18 751,022 40 30,162 4 

Boston Healthy 2 3,077,606 919,913 29.89 1,459,460 47 322,958 22 

Boston Healthy 3 2,363,534 431,989 18.28 1,415,938 60 235,284 17 

Boston Healthy 4 2,545,426 174,344 6.85 1,138,171 45 75,142 7 

Boston Healthy 5 3,594,714 1,987,264 55.28 1,829,231 51 617,223 34 

Boston Healthy 6 3,032,490 869,133 28.66 1,184,156 39 144,158 12 

Boston Healthy 7 2,754,790 830,673 30.15 1,943,469 71 395,908 20 

Boston Healthy 8 2,736,014 6,236 0.23 1,208,815 44 2,166 0 

Boston Healthy 9 2,677,362 1,165,711 43.54 2,031,749 76 575,048 28 

Boston Healthy 10 1,217,356 37,264 3.06 704,349 58 28,478 4 

Boston Healthy 11 3,963,300 165,613 4.18 2,243,045 57 68,805 3 

Boston Healthy 12 3,410,232 3,095 0.09 1,516,125 44 1,582 0 

Boston Healthy 13 3,212,322 1,384,980 43.11 1,764,791 55 326,411 18 

Boston Healthy 14 2,035,696 1,366,499 67.12 1,197,715 59 530,039 44 

Boston Healthy 15 1,435,100 357,568 24.91 891,091 62 192,196 22 

Boston Healthy 16 5,688,510 837,832 14.73 3,207,930 56 240,724 8 

Boston Healthy 17 4,192,464 647,346 15.44 2,366,494 56 67,784 3 

Boston Healthy 18 2,612,060 56,094 2.15 1,430,980 55 17,392 1 

Boston Healthy 19 2,774,234 276,275 9.96 1,282,998 46 206,015 16 

Boston Healthy 20 3,741,796 860,840 23 1,823,341 49 184,955 10 

Cambridge Healthy 21 813,036 40,290 4.95 362,723 45 30,453 8 

Cambridge Healthy 22 2,191,674 53,945 2.46 798,150 36 12,521 2 

Cambridge Healthy 23 3,987,976 1,259,661 31.59 1,487,481 37 212,936 14 

Cambridge Healthy 24 744,306 96,954 13.02 520,367 70 53,508 10 

Cambridge Healthy 25 1,412,874 9,063 0.64 429,886 30 6,229 1 

Cambridge Healthy 26 2,148,478 20,278 0.94 1,200,855 56 14,646 1 

Cambridge Healthy 27 2,167,272 695,799 32.1 1,261,182 58 364,978 29 

Cambridge Healthy 28 1,982,540 145,999 7.36 734,000 37 15,439 2 
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Cambridge Healthy 29 2,456,352 1,699,167 69.17 1,325,059 54 562,147 42 

Cambridge Healthy 30 2,205,292 343,671 15.58 1,183,795 54 144,100 12 

Cambridge Healthy 31 2,242,066 6,184 0.27 979,536 44 4,666 0 

Cambridge Healthy 32 1,666,460 618,605 37.12 1,013,793 61 266,076 26 

Cambridge Healthy 33 873,858 2,584 0.29 391,024 45 1,836 0 

Cambridge Healthy 34 889,734 34,762 3.9 399,021 45 14,981 4 

Cambridge Healthy 35 2,477,270 82,617 3.33 864,305 35 49,443 6 

Cambridge Healthy 36 2,755,938 1,066,225 38.69 1,458,486 53 251,497 17 

Cambridge Healthy 37 2,747,478 160,672 5.85 1,227,408 45 64,346 5 

Cambridge Healthy 38 2,964,822 600,366 20.25 1,263,739 43 143,055 11 

Cambridge Healthy 39 3,169,706 511,639 16.14 1,242,348 39 128,583 10 

Cambridge Healthy 40 3,101,720 225,445 7.27 953,805 31 47,335 5 

Cambridge Healthy 41 3,488,468 170,214 4.88 2,002,130 57 129,009 6 

Chicago Healthy 42 2,403,326 14,722 0.61 1,391,663 58 5,223 0 

Chicago Healthy 43 2,410,296 509,131 21.12 1,345,791 56 95,852 7 

Chicago Healthy 44 2,368,680 580,817 24.52 1,321,717 56 133,899 10 

Chicago Healthy 45 2,213,436 530,977 23.99 1,395,454 63 289,514 21 

Chicago Healthy 46 3,332,532 72,812 2.18 1,983,779 60 22,311 1 

Chicago Healthy 47 1,886,752 1,195,555 63.36 601,889 32 92,555 15 

Chicago Healthy 48 2,414,120 307,535 12.74 1,347,958 56 193,963 14 

Chicago Healthy 49 1,892,214 4,268 0.22 511,371 27 3,383 1 

Chicago Healthy 50 2,731,028 180,879 6.62 1,702,024 62 58,545 3 

Chicago Healthy 51 1,968,640 185,476 9.42 1,191,892 61 37,410 3 

Chicago Healthy 52 1,981,600 19,512 0.98 1,374,198 69 8,691 1 

Chicago Healthy 53 2,704,256 101,438 3.75 2,047,476 76 53,442 3 

Chicago Healthy 54 2,699,190 205,790 7.62 1,470,581 54 38,420 3 

Chicago Healthy 55 2,733,304 72,812 2.66 1,624,789 59 56,216 3 

Chicago Healthy 56 2,574,044 581,983 22.61 1,301,623 51 123,267 9 

Chicago Healthy 57 2,658,816 664,954 25.01 1,496,994 56 295,962 20 

Chicago Healthy 58 2,182,842 112,919 5.17 1,481,366 68 90,999 6 

Chicago Healthy 59 2,426,646 444,779 18.33 1,598,184 66 332,880 21 

Chicago Healthy 60 1,590,130 468,032 29.43 742,336 47 79,208 11 

Chicago Healthy 61 1,570,368 477,413 30.4 1,108,109 71 268,227 24 

Chicago Healthy 62 1,441,054 2,383 0.16 700,849 49 1,598 0 

Boston Disease 1 2,388,256 24,222 1.01 NA NA 22,654 NA 

Boston Disease 2 2,363,664 1,398,078 59.15 NA NA 574,102 NA 

Boston Disease 3 2,575,262 1,589,148 61.71 NA NA 730,253 NA 

Boston Disease 4 2,134,480 94,343 4.42 NA NA 62,443 NA 
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Boston Disease 5 2,453,782 54,306 2.21 NA NA 43,918 NA 

Boston Disease 6 1,416,910 58,142 4.1 NA NA 51,045 NA 

Boston Disease 7 2,183,796 100,330 4.59 NA NA 44,764 NA 

Boston Disease 8 2,992,536 803,376 26.85 NA NA 315,793 NA 

Boston Disease 9 3,079,596 109,046 3.54 NA NA 86,546 NA 

Boston Disease 10 1,209,042 153,107 12.66 NA NA 49,222 NA 

Boston Disease 11 2,651,402 929,362 35.05 NA NA 541,354 NA 

Boston Disease 12 2,112,430 14,213 0.67 NA NA 10,424 NA 

Boston Disease 13 2,506,052 3,550 0.14 NA NA 2,768 NA 

Boston Disease 14 835,412 143,716 17.2 NA NA 91,479 NA 

Boston Disease 15 614,422 104,165 16.95 NA NA 47,673 NA 

Boston Disease 16 2,773,122 107,708 3.88 NA NA 55,308 NA 

Boston Disease 17 2,349,140 416,753 17.74 NA NA 289,689 NA 

Boston Disease 18 4,892,418 118,074 2.41 NA NA 47,234 NA 

Boston Disease 19 3,930,552 6,221 0.16 NA NA 5,446 NA 

Boston Disease 20 3,374,786 194,894 5.78 NA NA 106,648 NA 

Boston Disease 21 1,162,722 4,247 0.37 NA NA 4,154 NA 

Boston Disease 22 2,123,106 1,384,249 65.2 NA NA 595,006 NA 

Boston Disease 23 2,969,610 1,806,143 60.82 NA NA 971,425 NA 

Boston Disease 24 1,213,940 1,195 0.1 NA NA 1,099 NA 

Boston Disease 25 2,182,894 229,344 10.51 NA NA 76,412 NA 

Cambridge Disease 26 785,338 39,670 5.05 NA NA 32,284 NA 

Cambridge Disease 27 1,840,304 304,711 16.56 NA NA 226,167 NA 

Cambridge Disease 28 5,050,694 1,315,276 26.04 NA NA 748,814 NA 

Cambridge Disease 29 1,014,488 85,600 8.44 NA NA 41,023 NA 

Cambridge Disease 30 1,205,032 23,593 1.96 NA NA 22,036 NA 

Cambridge Disease 31 2,494,434 279,913 11.22 NA NA 134,044 NA 

Cambridge Disease 32 807,868 9,754 1.21 NA NA 8,814 NA 

Cambridge Disease 33 1,978,690 930,080 47 NA NA 500,668 NA 

Cambridge Disease 34 2,577,566 46,319 1.8 NA NA 42,910 NA 

Cambridge Disease 35 2,102,706 106,816 5.08 NA NA 94,586 NA 

Cambridge Disease 36 2,815,246 438 0.02 NA NA 434 NA 

Cambridge Disease 37 2,199,754 277,888 12.63 NA NA 203,917 NA 

Cambridge Disease 38 2,110,646 289 0.01 NA NA 289 NA 

Cambridge Disease 39 1,016,694 24,639 2.42 NA NA 21,817 NA 

Cambridge Disease 40 738,246 5,724 0.78 NA NA 5,433 NA 

Cambridge Disease 41 2,096,784 171,075 8.16 NA NA 146,212 NA 

Cambridge Disease 42 3,247,232 2,295,486 70.69 NA NA 813,457 NA 
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Cambridge Disease 43 554,096 3,318 0.6 NA NA 3,291 NA 

Cambridge Disease 44 1,544,178 903,730 58.52 NA NA 452,230 NA 

Cambridge Disease 45 2,648,994 132,091 4.99 NA NA 115,464 NA 

Cambridge Disease 46 2,091,574 112,650 5.39 NA NA 73,381 NA 

Cambridge Disease 47 1,559,028 1,492 0.1 NA NA 1,489 NA 

Cambridge Disease 48 2,670,292 26,551 0.99 NA NA 25,670 NA 

Cambridge Disease 49 2,056,264 5,923 0.29 NA NA 5,352 NA 

Cambridge Disease 50 3,119,110 81,631 2.62 NA NA 63,264 NA 

Cambridge Disease 51 945,096 188,307 19.92 NA NA 63,761 NA 

Cambridge Disease 52 1,047,788 21,311 2.03 NA NA 20,805 NA 

Cambridge Disease 53 947,354 78,380 8.27 NA NA 35,183 NA 

Cambridge Disease 54 1,729,208 736,357 42.58 NA NA 163,249 NA 

Cambridge Disease 55 2,589,948 3,042 0.12 NA NA 3,019 NA 

Cambridge Disease 56 631,500 19,934 3.16 NA NA 19,197 NA 

Cambridge Disease 57 2,524,278 4,144 0.16 NA NA 4,121 NA 

Cambridge Disease 58 1,362,442 245,797 18.04 NA NA 87,344 NA 

Cambridge Disease 59 2,806,760 1,194,774 42.57 NA NA 250,341 NA 

Cambridge Disease 60 2,213,584 544,664 24.61 NA NA 170,054 NA 

Cambridge Disease 61 2,412,222 356 0.01 NA NA 353 NA 

Cambridge Disease 62 2,639,446 41,137 1.56 NA NA 38,139 NA 

Cambridge Disease 63 3,800,714 66,612 1.75 NA NA 57,373 NA 

Cambridge Disease 64 4,179,442 32,927 0.79 NA NA 30,340 NA 

Cambridge Disease 65 2,927,868 418 0.01 NA NA 415 NA 

Cambridge Disease 66 4,635,050 592,274 12.78 NA NA 366,585 NA 

Cambridge Disease 67 4,126,486 140,083 3.39 NA NA 117,236 NA 

Cambridge Disease 68 2,277,294 2,755 0.12 NA NA 2,697 NA 

Cambridge Disease 69 2,963,800 1,116,595 37.67 NA NA 346,965 NA 

Cambridge Disease 70 1,859,700 1,163 0.06 NA NA 1,158 NA 

Cambridge Disease 71 2,307,386 10,457 0.45 NA NA 10,051 NA 

Cambridge Disease 72 2,041,424 8,242 0.4 NA NA 7,926 NA 

Cambridge Disease 73 2,621,932 227,027 8.66 NA NA 161,484 NA 

Cambridge Disease 74 2,007,874 219 0.01 NA NA 219 NA 

Cambridge Disease 75 3,611,160 831,708 23.03 NA NA 366,327 NA 

Cambridge Disease 76 1,596,724 1,087 0.07 NA NA 1,079 NA 

Cambridge Disease 77 2,670,084 1,511 0.06 NA NA 1,469 NA 

Chicago Disease 78 2,299,262 1,010 0.04 NA NA 1,005 NA 

Chicago Disease 79 2,565,346 139 0.01 NA NA 138 NA 

Chicago Disease 80 2,342,156 68,152 2.91 NA NA 49,162 NA 
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Chicago Disease 81 3,298,802 1,464,153 44.38 NA NA 626,228 NA 

Chicago Disease 82 2,539,358 1,901 0.07 NA NA 1,855 NA 

Chicago Disease 83 2,981,682 281,269 9.43 NA NA 201,063 NA 

Chicago Disease 84 2,394,688 91,325 3.81 NA NA 77,979 NA 

Chicago Disease 85 3,830,506 1,266,358 33.06 NA NA 715,601 NA 

Chicago Disease 86 3,502,954 16,400 0.47 NA NA 15,722 NA 

Chicago Disease 87 3,352,598 149,741 4.47 NA NA 73,399 NA 

Chicago Disease 88 2,929,918 331,619 11.32 NA NA 252,323 NA 

Chicago Disease 89 3,473,508 1,074,750 30.94 NA NA 509,394 NA 

Chicago Disease 90 1,214,702 3,317 0.27 NA NA 3,220 NA 

Chicago Disease 91 3,825,838 21,981 0.57 NA NA 20,243 NA 

Chicago Disease 92 2,431,028 388,718 15.99 NA NA 110,424 NA 

Chicago Disease 93 2,125,146 248,822 11.71 NA NA 131,995 NA 

Chicago Disease 94 2,879,428 469,166 16.29 NA NA 115,545 NA 

Chicago Disease 95 2,267,290 270,505 11.93 NA NA 63,267 NA 

Chicago Disease 96 2,804,470 579,565 20.67 NA NA 187,402 NA 

Chicago Disease 97 3,202,992 184,491 5.76 NA NA 64,034 NA 

Chicago Disease 98 2,759,690 24,435 0.89 NA NA 23,751 NA 

Chicago Disease 99 1,092,508 6,756 0.62 NA NA 6,499 NA 

Chicago Disease 100 3,637,688 328,733 9.04 NA NA 141,947 NA 

Chicago Disease 101 3,119,986 396,859 12.72 NA NA 183,655 NA 

Chicago Disease 102 2,732,006 1,316,100 48.17 NA NA 522,713 NA 

*Initially, total reads (unduplicated) were mapped to ALL contigs. In healthy individuals, 
all reads were deduplicated and then mapped to our contigs. Because deduplication did 
not modify our results, in disease individuals only used reads (reads that mapped to our 
contigs initially) were further trimmed, deduplicated, and remapped. 
†Individuals from this dataset were not analyzed separately. 
 
Table S3.4 New HGP contigs identified in Norman individuals 

Phage contig Network 
group* 

Length 
(bp) 

Cohort Type of 
phage 

% 
Individuals 
with contig 

Cross_Contig_26 1 37893 Cross COMMON 23 

Cross_Contig_43 1 21615 Cross COMMON 38 
Cross_Contig_241 1 12042 Cross COMMON 34 
Boston_contig_469 1 6505 Boston COMMON 27 
Boston_contig_638 1 5530 Boston COMMON 31 
Boston_contig_682 1 5315 Boston COMMON 28 
Chicago_contig_492 1 5284 Chicago COMMON 20 
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Cambridge_contig_529 1 5267 Cambridge COMMON 23 
Boston_contig_353 2 8332 Boston COMMON 20 
Boston_contig_194 3 13150 Boston COMMON 28 
Cambridge_contig_359 3 6330 Cambridge CORE 58 
Cambridge_contig_378 3 6169 Cambridge CORE 56 
Boston_contig_524 3 6163 Boston COMMON 38 
Chicago_contig_388 3 6120 Chicago CORE 55 
Cambridge_contig_392 3 6079 Cambridge CORE 53 
Boston_contig_540 3 6068 Boston COMMON 30 
Boston_contig_1250 3 5858 Boston COMMON 41 
Chicago_contig_459 3 5565 Chicago COMMON 38 
Chicago_contig_515 3 5176 Chicago COMMON 25 
Cross_Contig_124 11 10476 Cross COMMON 34 
Cambridge_contig_553 11 5122 Cambridge COMMON 20 
Cross_Contig_11 20 94996 Cross COMMON 23 
Cambridge_contig_58 20 20080 Cambridge COMMON 20 
Cross_Contig_309 22 5673 Cross COMMON 34 
Boston_contig_86 23 22335 Boston COMMON 22 
Cross_Contig_21 29 14389 Cross COMMON 20 
Cross_Contig_67 29 13787 Cross COMMON 22 
Boston_contig_579 29 5891 Boston COMMON 22 
Boston_contig_11 41 51927 Boston COMMON 30 
Cross_Contig_198 41 30179 Cross COMMON 30 
Cross_Contig_240 41 12059 Cross COMMON 22 
Cross_Contig_16 42 42054 Cross COMMON 31 
Cambridge_contig_463 42 7029 Cambridge COMMON 22 
Cross_Contig_288 42 6952 Cross COMMON 20 
Cross_Contig_327 42 5106 Cross COMMON 25 
Cambridge_contig_313 49 6699 Cambridge COMMON 39 
Chicago_contig_530 49 5040 Chicago COMMON 34 
Chicago_contig_310 59 6806 Chicago COMMON 38 
Boston_contig_480 59 6446 Boston COMMON 22 
Cambridge_contig_722 59 6289 Cambridge COMMON 33 
Chicago_contig_670 59 5589 Chicago COMMON 27 
Cambridge_contig_544 59 5176 Cambridge COMMON 23 
Cross_Contig_125 68 10471 Cross COMMON 48 
Cambridge_contig_289 68 7087 Cambridge COMMON 44 
Chicago_contig_309 69 6807 Chicago CORE 52 
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Boston_contig_455 69 6683 Boston CORE 53 
Boston_contig_472 69 6487 Boston COMMON 31 
Cambridge_contig_380 69 6161 Cambridge CORE 56 
Cross_Contig_265 75 8774 Cross COMMON 23 
Chicago_contig_362 76 6258 Chicago COMMON 28 
Boston_contig_62 77 26488 Boston COMMON 20 
Boston_contig_246 77 10888 Boston COMMON 20 
Cambridge_contig_480 80 5603 Cambridge CORE 50 
Boston_contig_76 82 23429 Boston COMMON 42 
Boston_contig_446 83 6793 Boston COMMON 20 
Cambridge_contig_326 83 6605 Cambridge COMMON 20 
Chicago_contig_389 83 6115 Chicago COMMON 25 
Cross_Contig_107 86 30526 Cross COMMON 28 
Cross_Contig_10 86 29265 Cross COMMON 33 
Cross_Contig_203 86 27447 Cross COMMON 39 
Cross_Contig_232 86 14021 Cross COMMON 27 
Chicago_contig_156 86 10806 Chicago COMMON 30 
Cross_Contig_136 86 6963 Cross COMMON 31 
Cambridge_contig_413 86 5961 Cambridge COMMON 27 
Cross_Contig_32 90 15929 Cross COMMON 28 
Cambridge_contig_372 100 6226 Cambridge COMMON 25 
Cambridge_contig_381 100 6158 Cambridge COMMON 20 
Chicago_contig_391 100 6097 Chicago COMMON 27 
Boston_contig_624 100 5627 Boston COMMON 27 
Boston_contig_607 103 8783 Boston COMMON 28 
Cambridge_contig_1460 103 6335 Cambridge COMMON 30 
Boston_contig_15 112 46981 Boston COMMON 20 
Boston_contig_197 116 13014 Boston COMMON 34 
Cross_Contig_194 128 54756 Cross COMMON 28 
Chicago_contig_34 128 27151 Chicago COMMON 23 
Cross_Contig_237 128 12633 Cross COMMON 20 
Boston_contig_389 128 7556 Boston COMMON 22 
Cambridge_contig_482 128 5598 Cambridge COMMON 20 
Boston_contig_238 154 11135 Boston COMMON 20 
Cross_Contig_112 171 20983 Cross COMMON 20 
Cambridge_contig_99 259 14728 Cambridge COMMON 30 
Cambridge_contig_349 355 6389 Cambridge COMMON 28 
Boston_contig_498 355 6330 Boston COMMON 25 
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Cambridge_contig_360 355 6328 Cambridge COMMON 31 
Boston_contig_499 355 6325 Boston COMMON 28 
Boston_contig_534 355 6090 Boston COMMON 34 
Boston_contig_805 355 6073 Boston CORE 50 
Chicago_contig_471 355 5479 Chicago COMMON 41 
Chicago_contig_517 355 5166 Chicago COMMON 34 
Boston_contig_712 374 5185 Boston COMMON 23 
Cambridge_contig_347 387 6407 Cambridge COMMON 23 
Boston_contig_512 387 6218 Boston COMMON 34 
Cambridge_contig_448 387 5779 Cambridge COMMON 20 
Cambridge_contig_318 478 6674 Cambridge COMMON 25 
Cross_Contig_82 678 7268 Cross COMMON 23 
Cross_Contig_65 686 15244 Cross CORE 53 

*Network groups from this analysis do not correspond to the groups from the ALL data 
set viral network reported in the main text of the manuscript 
Cross= Reference sequence from contigs from different cohorts assembled together 
through Geneious 
 
Table S3.5 Mapping error 

Number of reads used to deem a 
contig present 

1 read  5 reads 10 reads 50 reads 100 reads 

Number of miss-called contigs 88 75 68 65 47 
Percentage of miss-called contigs 7.35 6 6 5.43 4 
Percentage of reads assigned correctly  92.9 93.6 94 95 95.7 

 
Table S3.6 Network phage groups membership 

Phage group Partial or complete phage 
in group 

Complete phage in 
group 

Type of group 

0 8 0 COMMON 

1 10 0 COMMON 
2 15 0 COMMON 
3 12 0 UNIQUE 
4 401 1 LOW OVERLAP 
5 13 0 LOW OVERLAP 
6 87 6 CORE 
7 55 6 CORE 
8 9 1 COMMON 
9 7 0 LOW OVERLAP 
10 31 1 UNIQUE 
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11 5 2 COMMON 
12 21 2 CORE 
13 38 4 CORE 
14 8 0 COMMON 
15 34 3 COMMON 
16 8 2 COMMON 
17 6 0 UNIQUE 
18 14 0 COMMON 
19 23 0 UNIQUE 
20 11 1 UNIQUE 
21 10 0 LOW OVERLAP 
22 6 0 UNIQUE 
23 23 2 CORE 
24 17 2 LOW OVERLAP 
25 6 0 UNIQUE 
26 86 0 LOW OVERLAP 
27 13 0 UNIQUE 
28 5 0 COMMON 
29 70 4 CORE 
30 21 0 COMMON 
31 39 0 COMMON 
32 18 0 UNIQUE 
33 9 0 UNIQUE 
34 27 0 COMMON 
35 6 1 LOW OVERLAP 
36 6 0 LOW OVERLAP 
37 76 4 CORE 
38 24 0 CORE 
39 10 0 LOW OVERLAP 
40 11 0 LOW OVERLAP 
41 65 3 CORE 
42 5 0 LOW OVERLAP 
43 5 0 LOW OVERLAP 

n.i.n 2927 27 NA 
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Table S3.7 Percentage abundance of groups identified by network analysis in study 
individuals 

Type of group Group 
modularity 

Ind 1.1 % 
abundance  

Ind 1.2 % 
abundance 

Ind 2.1 % 
abundance 

Ind 2.1 % 
abundance 

COMMON* 0 0.00207 0.00159 4.52315 2.47754 

COMMON 1 0.00049 0.00919 0.01510 0.05499 

COMMON 2 0.05792 0.05503 0.00311 0.02340 
LOW OVERLAP 3 0.05174 0.02023 0.00000 0.00000 

LOW OVERLAP* 4 1.65490 1.91315 0.64609 0.00379 

LOW OVERLAP* 5 1.08013 0.63914 0.00077 0.00064 

CORE* 6 0.05625 0.58890 0.26431 1.08263 
CORE* 7 0.48983 2.24226 2.26408 1.78312 

COMMON 8 0.00120 0.08517 0.01230 0.03857 

LOW OVERLAP* 9 0.01241 0.00807 1.76858 6.35078 

LOW OVERLAP* 10 6.21385 3.33748 0.01114 0.04167 
COMMON 11 0.02273 0.06262 0.00001 0.00002 

CORE 12 0.00021 0.00011 0.83638 0.08588 

CORE crAss * 13 2.99378 7.48511 6.39268 2.14646 

COMMON* 14 0.00434 0.02476 4.52753 5.94310 
COMMON* 15 2.04563 3.75031 5.28411 0.05871 

COMMON 16 0.00025 0.00566 0.13152 0.93935 

UNIQUE 17 0.01964 0.02016 0.00000 0.00000 

COMMON 18 0.04959 0.14101 0.00634 0.00893 
UNIQUE 19 0.12483 0.06110 0.00095 0.00000 

UNIQUE* 20 1.75002 1.28069 0.00110 0.00235 

LOW OVERLAP 21 0.00043 0.03610 0.03044 0.18893 

UNIQUE 22 0.02037 0.01944 0.01566 0.00008 
CORE 23 0.26482 1.23041 0.01855 0.04704 

LOW OVERLAP* 24 0.41936 0.45055 0.00032 0.00051 

UNIQUE 25 0.02952 0.00056 0.00988 0.03019 

LOW OVERLAP* 26 0.50105 1.44541 0.00098 0.00089 
UNIQUE 27 0.04299 0.04920 0.03193 0.00005 

COMMON 28 0.00343 0.04986 0.00001 0.00001 

CORE* 29 0.47551 6.59520 0.09686 0.19398 

COMMON 30 0.00093 0.21476 0.00183 0.12193 
COMMON* 31 0.62457 1.75915 0.00061 0.00104 
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UNIQUE 32 0.07919 0.04450 0.05080 0.00000 

UNIQUE* 33 0.00082 3.58184 0.00160 0.00154 
COMMON* 34 36.84313 11.69128 0.03600 0.04777 

LOW OVERLAP 35 0.45843 0.63070 0.00028 0.00027 

LOW OVERLAP 36 0.02125 0.04164 0.00005 0.00000 

CORE 37 0.02155 0.08632 0.50364 0.72711 
CORE* 38 0.96062 1.16425 0.00183 0.00599 

LOW OVERLAP 39 0.01166 0.04177 0.00000 0.00000 

LOW OVERLAP* 40 0.02795 0.00148 1.72280 3.47818 

CORE* 41 33.66155 37.48097 54.24468 68.57825 
LOW OVERLAP 42 0.00376 0.01963 0.00039 0.00596 

LOW OVERLAP 43 0.00103 0.00083 0.00186 0.03037 

NA Not in 
network 

8.87767 11.60375 16.48756 5.44738 
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Figure S4.1. Schematic representation of analysis. A) To test whether the HGP was 
associated with the core bacterial community, a database of core bacterial genomes and 
non-core bacterial genomes determined by Qin et al was assembled (154). B) Prophages 
from these bacterial genomes were predicted and compared to the HGP genomes through 
BLASTn analysis and network analysis to identify potential HGP prophages. C) The 
level of relatedness to specific prophages, the source of related prophages, together with 
the number of prophages from a particular genus that grouped with HGP phages in a 
virus group was used to identify potential host for HGP prophages. These associations 
were further confirmed using Oligo Nucleotide Frequency analysis. 
 

Table S4.1 Host strains used. Table containing information from strains used in this 
work. 
Host Type Name of strain 
CORE Akkermansia muciniphila ATCC BAA 
CORE Alistipes putredinis DSM 17216 
CORE Anaerotruncus colihominis DSM 17241 
CORE Bacteroides caccae ATCC 43185 
CORE Bacteroides caccae CL03T12C61  
CORE Bacteroides capillosus ATCC 29799 
CORE Bacteroides cellulosilyticus CL02T12C19  
CORE Bacteroides cellulosilyticus DSM 14838 
CORE Bacteroides cellulosilyticus strain KLE1257 
CORE Bacteroides coprocola DSM 17136 
CORE Bacteroides coprophilus DSM 18228 
CORE Bacteroides dorei 5 1 36 D4  
CORE Bacteroides dorei CL02T00C15  
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CORE Bacteroides dorei CL02T12C06  
CORE Bacteroides dorei CL03T12C01  
CORE Bacteroides dorei DSM 17855 
CORE Bacteroides eggerthii 1 2 48FAA  
CORE Bacteroides eggerthii DSM 20697 
CORE Bacteroides finegoldii CL09T03C10  
CORE Bacteroides finegoldii DSM 17565 
CORE Bacteroides fragilis 3 1 12  
CORE Bacteroides intestinalis DSM 17393 
CORE Bacteroides intestinalis strain KLE1704 
CORE Bacteroides ovatus 3 8 47FAA  
CORE Bacteroides ovatus ATCC 8483 
CORE Bacteroides ovatus CL02T12C04  
CORE Bacteroides ovatus CL03T12C18  
CORE Bacteroides ovatus strain KLE1656 
CORE Bacteroides pectinophilus ATCC 43243 
CORE Bacteroides plebeius DSM 17135 
CORE Bacteroides sp.2 2 4   
CORE Bacteroides sp.4 3 47FAA   
CORE Bacteroides sp.9 1 42FAA   
CORE Bacteroides sp.D1   
CORE Bacteroides stercoris ATCC 43183 
CORE Bacteroides stercoris CC31F  
CORE Bacteroides thetaiotaomicron VPI-5482  
CORE Bacteroides uniformis ATCC 8492 
CORE Bacteroides uniformis CL03T00C23  
CORE Bacteroides uniformis CL03T12C37  
CORE Bacteroides uniformis strain KLE1607 
CORE Bacteroides vulgatus ATCC 8482 
CORE Bacteroides vulgatus CL09T03C04  
CORE Bacteroides xylanisolvens XB1A draft genome 
CORE Bifidobacterium adolescentis L2-32  
CORE Bifidobacterium catenulatum DSM 16992 
CORE Bifidobacterium pseudocatenulatum DSM 20438 
CORE Blautia hansenii DSM 20583 
CORE Butyrivibrio crossotus DSM 2876 
CORE Catenibacterium mitsuokai DSM 15897 
CORE Clostridiales sp.SS3 4   
CORE Clostridium asparagiforme DSM 15981 
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CORE Clostridium bartlettii DSM 16795 
CORE Clostridium bolteae 90A5  
CORE Clostridium bolteae 90A9  
CORE Clostridium bolteae 90B3  
CORE Clostridium bolteae 90B7  
CORE Clostridium bolteae 90B8  
CORE Clostridium bolteae ATCC BAA-613 
CORE Clostridium leptum DSM 753 
CORE Clostridium methylpentosum DSM 5476 
CORE Tyzzerella nexile DSM 1787 
CORE Clostridium scindens ATCC 35704 
CORE Clostridium sp.L2-50   
CORE Clostridium sp.M62 1   
CORE Clostridium sp.SS2 1   
CORE Collinsella aerofaciens ATCC 25986 
CORE Coprobacillus sp. D7 
CORE Coprococcus comes ATCC 27758 
CORE Coprococcus eutactus ATCC 27759 
CORE Dorea formicigenerans 4 6 53AFAA  
CORE Dorea formicigenerans ATCC 27755 
CORE Dorea longicatena DSM 13814 
CORE Enterococcus faecalis TX0104  
CORE Eubacterium biforme DSM 3989 
CORE Eubacterium hallii DSM 3353 
CORE Eubacterium rectale M104 1  
CORE Eubacterium siraeum 70 3  
CORE Eubacterium siraeum DSM 15702 
CORE Eubacterium ventriosum ATCC 27560 
CORE Faecalibacterium prausnitzii A2-165  
CORE Faecalibacterium prausnitzii M21 2  
CORE Faecalibacterium prausnitzii SL3 3  
CORE Holdemania filiformis DSM 12042 
CORE Bryantella formatexigens DSM 14469 
CORE Parabacteroides distasonis CL03T12C09  
CORE Parabacteroides distasonis CL09T03C24  
CORE Parabacteroides johnsonii CL02T12C29  
CORE Parabacteroides johnsonii DSM 18315 
CORE Parabacteroides merdae ATCC 43184 
CORE Parabacteroides merdae CL03T12C32  
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CORE Parabacteroides merdae CL09T00C40  
CORE Parabacteroides sp.2 1 7   
CORE Prevotella copri DSM 18205 
CORE Roseburia intestinalis M50 1  
CORE Ruminococcus bromii L2-63  
CORE Ruminococcus gnavus ATCC 29149 
CORE Ruminococcus gnavus CC55 001C  
CORE Ruminococcus lactaris ATCC 29176 
CORE Ruminococcus lactaris CC59 002D  
CORE Ruminococcus obeum A2-162  
CORE Ruminococcus obeum ATCC 29174 
CORE Ruminococcus sp.SR1 5   
CORE Ruminococcus torques L2-14  
CORE Streptococcus thermophilus LMD-9 
CORE Subdoligranulum variabile DSM 15176 
NON-CORE Acidaminococcus sp. D21 
NON-CORE Actinomyces odontolyticus ATCC 17982 
NON-CORE Anaerobaculum hydrogeniformans ATCC BAA-1850 
NON-CORE Anaerococcus hydrogenalis DSM 7454 
NON-CORE Anaerofustis stercorihominis DSM 17244 
NON-CORE Anaerostipes caccae DSM 14662 
NON-CORE Bacteroides fragilis NCTC 9343 
NON-CORE Bacteroides fragilis YCH46 
NON-CORE Bacteroides sp. 1_1_6 
NON-CORE Bacteroides sp. 3_2_5 
NON-CORE Bacteroides sp. D2 
NON-CORE Bifidobacterium adolescentis ATCC 15703 
NON-CORE Bifidobacterium angulatum DSM 20098 
NON-CORE Bifidobacterium animalis subsp. lactis AD011 
NON-CORE Bifidobacterium bifidum NCIMB 41171 
NON-CORE Bifidobacterium breve DSM 20213 
NON-CORE Bifidobacterium dentium ATCC 27678 
NON-CORE Bifidobacterium gallicum DSM 20093 
NON-CORE Bifidobacterium longum DJO10A 
NON-CORE Bifidobacterium longum NCC2705 
NON-CORE Bifidobacterium longum subsp. infantis ATCC 15697 
NON-CORE Bifidobacterium longum subsp. infantis ATCC 55813 
NON-CORE Blautia hydrogenotrophica DSM 10507 
NON-CORE Butyrivibrio fibrisolvens 16/4 
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NON-CORE Citrobacter sp. 30_2 
NON-CORE Citrobacter youngae ATCC 29220 
NON-CORE Clostridiales bacterium 1_7_47FAA 
NON-CORE Clostridium hathewayi DSM 13479 
NON-CORE Clostridium hiranonis DSM 13275 
NON-CORE Clostridium hylemonae DSM 15053 
NON-CORE Clostridium ramosum DSM 1402 
NON-CORE Clostridium sp. 7_2_43FAA 
NON-CORE Clostridium spiroforme DSM 1552 
NON-CORE Clostridium sporogenes ATCC 15579 
NON-CORE Clostridium symbiosum ATCC 14940 
NON-CORE Collinsella intestinalis DSM 13280 
NON-CORE Collinsella stercoris DSM 13279 
NON-CORE Desulfovibrio piger ATCC 29098 
NON-CORE Enterobacter cancerogenus ATCC 35316 
NON-CORE Enterococcus faecium TX1330 
NON-CORE Enterococcus sp. 7L76 
NON-CORE Escherichia coli SE11 
NON-CORE Escherichia sp. 1_1_43 
NON-CORE Escherichia sp. 3_2_53FAA 
NON-CORE Escherichia sp. 4_1_40B 
NON-CORE Eubacterium dolichum DSM 3991 
NON-CORE Eubacterium rectale DSM 17629 
NON-CORE Fusobacterium gonidiaformans ATCC 25563 
NON-CORE Fusobacterium mortiferum ATCC 9817 
NON-CORE Fusobacterium sp. 2_1_31 
NON-CORE Fusobacterium sp. 4_1_13 
NON-CORE Fusobacterium sp. 7_1 
NON-CORE Fusobacterium sp. D11 
NON-CORE Fusobacterium sp. D12 
NON-CORE Fusobacterium ulcerans ATCC 49185 
NON-CORE Fusobacterium varium ATCC 27725 
NON-CORE Gordonibacter pamelaeae 7-10-1-b 
NON-CORE Helicobacter bilis ATCC 43879 
NON-CORE Helicobacter canadensis MIT 98-5491 
NON-CORE Helicobacter cinaedi CCUG 18818 
NON-CORE Helicobacter pullorum MIT 98-5489 
NON-CORE Helicobacter winghamensis ATCC BAA-430 
NON-CORE Lactobacillus acidophilus ATCC 4796 
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NON-CORE Lactobacillus acidophilus NCFM 
NON-CORE Lactobacillus antri DSM 16041 
NON-CORE Lactobacillus brevis ATCC 367 
NON-CORE Lactobacillus brevis subsp. gravesensis ATCC 27305 
NON-CORE Lactobacillus buchneri ATCC 11577 
NON-CORE Lactobacillus casei ATCC 334 
NON-CORE Lactobacillus casei BL23 
NON-CORE Lactobacillus delbrueckii subsp. bulgaricus ATCC 11842 
NON-CORE Lactobacillus delbrueckii subsp. bulgaricus ATCC BAA-365 
NON-CORE Lactobacillus fermentum ATCC 14931 
NON-CORE Lactobacillus fermentum IFO 3956 
NON-CORE Lactobacillus gasseri ATCC 33323 
NON-CORE Lactobacillus helveticus DPC 4571 
NON-CORE Lactobacillus helveticus DSM 20075 
NON-CORE Lactobacillus hilgardii ATCC 8290 
NON-CORE Lactobacillus johnsonii NCC 533 
NON-CORE Lactobacillus paracasei subsp. paracasei ATCC 25302 
NON-CORE Lactobacillus plantarum subsp. plantarum ATCC 14917 
NON-CORE Lactobacillus plantarum WCFS1 
NON-CORE Lactobacillus reuteri CF48-3A 
NON-CORE Lactobacillus reuteri DSM 20016 
NON-CORE Lactobacillus reuteri JCM 1112 
NON-CORE Lactobacillus reuteri MM2-3 
NON-CORE Lactobacillus reuteri MM4-1A 
NON-CORE Lactobacillus reuteri SD2112 
NON-CORE Lactobacillus rhamnosus LMS2-1 
NON-CORE Lactobacillus ruminis ATCC 25644 
NON-CORE Lactobacillus sakei subsp. sakei 23K 
NON-CORE Lactobacillus salivarius ATCC 11741 
NON-CORE Lactobacillus salivarius UCC118 
NON-CORE Lactobacillus ultunensis DSM 16047 
NON-CORE Leuconostoc mesenteroides subsp. cremoris ATCC 19254 
NON-CORE Listeria grayi DSM 20601 
NON-CORE Megamonas hypermegale ART12/1 
NON-CORE Mitsuokella multacida DSM 20544 
NON-CORE Oxalobacter formigenes HOxBLS 
NON-CORE Oxalobacter formigenes OXCC13 
NON-CORE Parvimonas micra ATCC 33270 
NON-CORE Proteus penneri ATCC 35198 
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NON-CORE Providencia alcalifaciens DSM 30120 
NON-CORE Providencia rettgeri DSM 1131 
NON-CORE Providencia rustigianii DSM 4541 
NON-CORE Providencia stuartii ATCC 25827 
NON-CORE Roseburia inulinivorans DSM 16841 
NON-CORE Ruminococcus sp. 18P13 
NON-CORE Ruminococcus sp. 5_1_39BFAA 
NON-CORE Streptococcus infantarius subsp. infantarius ATCC BAA-102 
NON-CORE Weissella paramesenteroides ATCC 33313 

 

Table S4.2 HGP Coverage in strains. Table containing information about the 
percentage coverage of HGP phages in its best match host strain.  

Host type Virus % Bp 
covered 

Host Best match 

CORE Virus_10 0.48 Blautia_hansenii_DSM_20583_scaffolds 
CORE Virus_101 1.24 Bryantella_formatexigens_DSM_14469 
CORE Virus_101 0.61 Clostridiales_sp_SS3_4 
CORE Virus_101 3.13 Clostridium_bolteae_90B3_scaffolds 
CORE Virus_101 0.64 Coprococcus_comes_ATCC_27758_scaffolds 
CORE Virus_103 23.39 Bacteroides_dorei_CL02T00C15_scaffolds 
CORE Virus_103 23.39 Bacteroides_dorei_CL02T12C06_scaffolds 
CORE Virus_103 5.73 Bacteroides_dorei_CL03T12C01 
CORE Virus_103 1.04 Bacteroides_dorei_DSM_17855_scaffolds 
CORE Virus_103 0.74 Bacteroides_uniformis_strain_KLE1607_scaffolds 
CORE Virus_103 2.45 Bacteroides_vulgatus_CL09T03C04_scaffolds 
CORE Virus_104 0.59 Clostridium_bolteae_90B7_scaffolds 
CORE Virus_104 1 Clostridium_leptum_DSM_753_scaffolds 
CORE Virus_109 0.76 Alistipes_putredinis_DSM_17216_scaffolds 
CORE Virus_109 0.86 Bacteroides_caccae_CL03T12C61_scaffolds 
CORE Virus_109 96.03 Bacteroides_cellulosilyticus_CL02T12C19_scaffolds 
CORE Virus_109 2.46 Bacteroides_dorei_CL02T00C15_scaffolds 
CORE Virus_109 2.46 Bacteroides_dorei_CL02T12C06_scaffolds 
CORE Virus_109 2.46 Bacteroides_dorei_CL03T12C01 
CORE Virus_109 93.91 Bacteroides_intestinalis_strain_KLE1704_scaffolds 
CORE Virus_109 2.46 Bacteroides_ovatus_CL03T12C18_scaffolds 
CORE Virus_109 2.46 Bacteroides_sp_9_1_42FAA_scaffolds 
CORE Virus_109 93.06 Bacteroides_stercoris_ATCC_43183_scaffolds 
CORE Virus_109 0.89 Bacteroides_stercoris_CC31F_scaffolds 
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CORE Virus_109 6.3 Bacteroides_uniformis_strain_KLE1607_scaffolds 
CORE Virus_109 7 Bacteroides_vulgatus_CL09T03C04_scaffolds 
CORE Virus_109 0.74 Parabacteroides_merdae_CL09T00C40_scaffolds 
CORE Virus_1109 49.65 Clostridium_sp_M62_1_scaffolds 
CORE Virus_1109 91.97 Ruminococcus_gnavus_CC55_001C_scaffolds 
CORE Virus_123 6.49 Bacteroides_dorei_CL02T00C15_scaffolds 
CORE Virus_123 6.49 Bacteroides_dorei_CL02T12C06_scaffolds 
CORE Virus_123 5.35 Bacteroides_ovatus_strain_KLE1656_scaffolds 
CORE Virus_123 1.23 Bacteroides_sp_4_3_47FAA_scaffolds 
CORE Virus_123 2.34 Bacteroides_uniformis_strain_KLE1607_scaffolds 
CORE Virus_123 5.38 Bacteroides_vulgatus_ATCC_8482 
CORE Virus_123 5.33 Bacteroides_xylanisolvens_XB1A 
CORE Virus_15 0.52 Clostridiales_sp_SS3_4 
CORE Virus_15 1.92 Clostridium_bolteae_90B8_scaffolds 
CORE Virus_15 0.6 Coprococcus_comes_ATCC_27758_scaffolds 
CORE Virus_15 0.98 Ruminococcus_gnavus_ATCC_29149 
CORE Virus_15 0.97 Ruminococcus_lactaris_CC59_002D_scaffolds 
CORE Virus_15 0.24 Ruminococcus_obeum_ATCC_29174_scaffolds 
CORE Virus_15 0.23 Ruminococcus_torques_L2-14 
CORE Virus_15 0.23 Tyzzerella_nexile_DSM_1787_scaffolds 
CORE Virus_156 13.79 Bacteroides_cellulosilyticus_CL02T12C19_scaffolds 
CORE Virus_156 47.31 Bacteroides_coprocola_DSM_17136_scaffolds 
CORE Virus_156 13.79 Bacteroides_dorei_CL02T00C15_scaffolds 
CORE Virus_156 13.79 Bacteroides_dorei_CL02T12C06_scaffolds 
CORE Virus_156 47.2 Bacteroides_finegoldii_DSM_17565_scaffolds 
CORE Virus_156 63.65 Bacteroides_fragilis_3_1_12_scaffolds 
CORE Virus_156 1.63 Bacteroides_intestinalis_strain_KLE1704_scaffolds 
CORE Virus_156 0.73 Bacteroides_ovatus_3_8_47FAA_scaffolds 
CORE Virus_156 1.37 Bacteroides_ovatus_CL02T12C04_scaffolds 
CORE Virus_156 19.6 Bacteroides_ovatus_CL03T12C18_scaffolds 
CORE Virus_156 13.79 Bacteroides_ovatus_strain_KLE1656_scaffolds 
CORE Virus_156 49.72 Bacteroides_plebeius_DSM_17135_scaffolds 
CORE Virus_156 1.35 Bacteroides_sp_2_2_4_scaffolds 
CORE Virus_156 89.25 Bacteroides_sp_4_3_47FAA_scaffolds 
CORE Virus_156 74.61 Bacteroides_sp_9_1_42FAA_scaffolds 
CORE Virus_156 85.89 Bacteroides_stercoris_CC31F_scaffolds 
CORE Virus_156 34.28 Parabacteroides_merdae_CL03T12C32_scaffolds 
CORE Virus_156 33.39 Parabacteroides_sp_2_1_7_scaffolds 
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CORE Virus_1582 12.13 Clostridium_leptum_DSM_753_scaffolds 
CORE Virus_160 0.75 Blautia_hansenii_DSM_20583_scaffolds 
CORE Virus_160 0.75 Clostridium_sp_M62_1_scaffolds 
CORE Virus_160 0.73 Faecalibacterium_prausnitzii_A2-165_scaffolds 
CORE Virus_163 1.11 Bacteroides_caccae_ATCC_43185 
CORE Virus_163 2.55 Bacteroides_cellulosilyticus_CL02T12C19_scaffolds 
CORE Virus_163 1.44 Bacteroides_cellulosilyticus_strain_KLE1257 
CORE Virus_163 22.34 Bacteroides_dorei_CL02T00C15_scaffolds 
CORE Virus_163 22.34 Bacteroides_dorei_CL02T12C06_scaffolds 
CORE Virus_163 3.27 Bacteroides_dorei_CL03T12C01 
CORE Virus_163 2.5 Bacteroides_intestinalis_strain_KLE1704_scaffolds 
CORE Virus_163 1.02 Bacteroides_ovatus_CL03T12C18_scaffolds 
CORE Virus_163 0.77 Bacteroides_plebeius_DSM_17135_scaffolds 
CORE Virus_163 1.69 Bacteroides_sp_4_3_47FAA_scaffolds 
CORE Virus_163 0.86 Bacteroides_sp_9_1_42FAA_scaffolds 
CORE Virus_163 2.51 Bacteroides_sp_D1_scaffolds 
CORE Virus_163 1.83 Bacteroides_stercoris_ATCC_43183_scaffolds 
CORE Virus_163 0.79 Bacteroides_vulgatus_ATCC_8482 
CORE Virus_163 2.63 Bacteroides_vulgatus_CL09T03C04_scaffolds 
CORE Virus_166 1.25 Anaerotruncus_colihominis_DSM_17241_scaffolds 
CORE Virus_170 0.86 Bacteroides_coprocola_DSM_17136_scaffolds 
CORE Virus_170 49.83 Bacteroides_dorei_CL02T00C15_scaffolds 
CORE Virus_170 49.83 Bacteroides_dorei_CL02T12C06_scaffolds 
CORE Virus_170 1.13 Bacteroides_dorei_DSM_17855_scaffolds 
CORE Virus_170 0.86 Bacteroides_finegoldii_DSM_17565_scaffolds 
CORE Virus_170 4.27 Bacteroides_intestinalis_strain_KLE1704_scaffolds 
CORE Virus_170 0.86 Bacteroides_plebeius_DSM_17135_scaffolds 
CORE Virus_170 0.86 Bacteroides_sp_4_3_47FAA_scaffolds 
CORE Virus_170 0.86 Bacteroides_sp_9_1_42FAA_scaffolds 
CORE Virus_170 0.86 Bacteroides_stercoris_CC31F_scaffolds 
CORE Virus_170 2.04 Bacteroides_vulgatus_ATCC_8482 
CORE Virus_1813 99.95 Bacteroides_coprocola_DSM_17136_scaffolds 
CORE Virus_1813 99.95 Bacteroides_finegoldii_DSM_17565_scaffolds 
CORE Virus_1813 99.95 Bacteroides_plebeius_DSM_17135_scaffolds 
CORE Virus_1813 99.95 Bacteroides_sp_9_1_42FAA_scaffolds 
CORE Virus_201 1.37 Clostridium_leptum_DSM_753_scaffolds 
CORE Virus_206 55.89 Clostridium_leptum_DSM_753_scaffolds 
CORE Virus_211 1.61 Bryantella_formatexigens_DSM_14469 
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CORE Virus_211 1.48 Clostridium_bolteae_90B3_scaffolds 
CORE Virus_211 1.47 Clostridium_bolteae_90B8_scaffolds 
CORE Virus_211 2.44 Ruminococcus_gnavus_CC55_001C_scaffolds 
CORE Virus_211 2.06 Ruminococcus_obeum_ATCC_29174_scaffolds 
CORE Virus_219 5.33 Bacteroides_caccae_CL03T12C61_scaffolds 
CORE Virus_219 2.47 Bacteroides_cellulosilyticus_CL02T12C19_scaffolds 
CORE Virus_219 2.39 Bacteroides_cellulosilyticus_DSM_14838_scaffolds 
CORE Virus_219 45.35 Bacteroides_dorei_CL02T00C15_scaffolds 
CORE Virus_219 45.35 Bacteroides_dorei_CL02T12C06_scaffolds 
CORE Virus_219 7.86 Bacteroides_ovatus_3_8_47FAA_scaffolds 
CORE Virus_219 2.47 Bacteroides_ovatus_CL02T12C04_scaffolds 
CORE Virus_219 3.28 Bacteroides_ovatus_CL03T12C18_scaffolds 
CORE Virus_219 1.4 Bacteroides_ovatus_strain_KLE1656_scaffolds 
CORE Virus_219 7.41 Bacteroides_sp_2_2_4_scaffolds 
CORE Virus_219 1.58 Bacteroides_sp_9_1_42FAA_scaffolds 
CORE Virus_219 2.42 Bacteroides_vulgatus_CL09T03C04_scaffolds 
CORE Virus_235 3.73 Subdoligranulum_variabile_DSM_15176_scaffolds 
CORE Virus_2407 60.27 Clostridium_leptum_DSM_753_scaffolds 
CORE Virus_2500 32.15 Clostridium_leptum_DSM_753_scaffolds 
CORE Virus_251 1.91 Bacteroides_capillosus_ATCC_29799 
CORE Virus_251 1.68 Clostridium_bolteae_90A5_scaffolds 
CORE Virus_251 1.68 Clostridium_bolteae_90B7_scaffolds 
CORE Virus_251 1.68 Clostridium_bolteae_ATCC_BAA-613_scaffolds 
CORE Virus_251 1.74 Clostridium_leptum_DSM_753_scaffolds 
CORE Virus_251 1.76 Ruminococcus_bromii_L2-63 
CORE Virus_2799 89.67 Coprococcus_comes_ATCC_27758_scaffolds 
CORE Virus_288 4.42 Clostridiales_sp_SS3_4 
CORE Virus_288 9.62 Clostridium_bolteae_90B3_scaffolds 
CORE Virus_322 37.28 Anaerotruncus_colihominis_DSM_17241_scaffolds 
CORE Virus_3234 64.61 Bacteroides_cellulosilyticus_CL02T12C19_scaffolds 
CORE Virus_3234 100 Bacteroides_dorei_CL02T00C15_scaffolds 
CORE Virus_3234 100 Bacteroides_dorei_CL02T12C06_scaffolds 
CORE Virus_3234 100 Bacteroides_dorei_CL03T12C01 
CORE Virus_3234 100 Bacteroides_ovatus_CL03T12C18_scaffolds 
CORE Virus_3234 100 Bacteroides_sp_2_2_4_scaffolds 
CORE Virus_3234 100 Bacteroides_sp_9_1_42FAA_scaffolds 
CORE Virus_334 2.86 Anaerotruncus_colihominis_DSM_17241_scaffolds 
CORE Virus_334 4.95 Blautia_hansenii_DSM_20583_scaffolds 
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CORE Virus_334 2.53 Collinsella_aerofaciens_ATCC_25986 
CORE Virus_334 3.15 Dorea_formicigenerans_4_6_53AFAA_scaffolds 
CORE Virus_334 3.15 Dorea_formicigenerans_ATCC_27755 
CORE Virus_334 4.95 Ruminococcus_gnavus_ATCC_29149 
CORE Virus_355 3.1 Anaerotruncus_colihominis_DSM_17241_scaffolds 
CORE Virus_356 43.2 Bacteroides_cellulosilyticus_CL02T12C19_scaffolds 
CORE Virus_356 43.2 Bacteroides_ovatus_CL02T12C04_scaffolds 
CORE Virus_356 43.2 Bacteroides_ovatus_CL03T12C18_scaffolds 
CORE Virus_356 4.8 Parabacteroides_merdae_CL09T00C40_scaffolds 
CORE Virus_39 0.58 Bryantella_formatexigens_DSM_14469 
CORE Virus_39 1.96 Clostridiales_sp_SS3_4 
CORE Virus_39 1.33 Clostridium_bolteae_90A9_scaffolds 
CORE Virus_39 1.33 Clostridium_bolteae_90B3_scaffolds 
CORE Virus_39 0.47 Clostridium_leptum_DSM_753_scaffolds 
CORE Virus_39 0.38 Ruminococcus_obeum_ATCC_29174_scaffolds 
CORE Virus_390 3.71 Clostridium_bolteae_90B7_scaffolds 
CORE Virus_390 20.96 Clostridium_leptum_DSM_753_scaffolds 
CORE Virus_409 73.38 Bacteroides_cellulosilyticus_CL02T12C19_scaffolds 
CORE Virus_409 73.38 Bacteroides_ovatus_CL02T12C04_scaffolds 
CORE Virus_409 73.38 Bacteroides_ovatus_CL03T12C18_scaffolds 
CORE Virus_41 0.41 Anaerotruncus_colihominis_DSM_17241_scaffolds 
CORE Virus_41 0.96 Bacteroides_dorei_CL02T00C15_scaffolds 
CORE Virus_41 0.96 Bacteroides_dorei_CL02T12C06_scaffolds 
CORE Virus_41 0.97 Bacteroides_dorei_CL03T12C01 
CORE Virus_41 0.53 Bacteroides_ovatus_CL02T12C04_scaffolds 
CORE Virus_41 0.53 Bacteroides_sp_D1_scaffolds 
CORE Virus_4135 100 Clostridium_leptum_DSM_753_scaffolds 
CORE Virus_427 96.62 Bacteroides_cellulosilyticus_CL02T12C19_scaffolds 
CORE Virus_427 97.94 Bacteroides_intestinalis_strain_KLE1704_scaffolds 
CORE Virus_427 100 Bacteroides_stercoris_ATCC_43183_scaffolds 
CORE Virus_427 14.37 Bacteroides_uniformis_strain_KLE1607_scaffolds 
CORE Virus_427 13.02 Bacteroides_vulgatus_CL09T03C04_scaffolds 
CORE Virus_44 1.54 Blautia_hansenii_DSM_20583_scaffolds 
CORE Virus_44 0.5 Ruminococcus_lactaris_CC59_002D_scaffolds 
CORE Virus_51 0.6 Anaerotruncus_colihominis_DSM_17241_scaffolds 
CORE Virus_51 0.78 Blautia_hansenii_DSM_20583_scaffolds 
CORE Virus_51 0.78 Ruminococcus_gnavus_ATCC_29149 
CORE Virus_574 99.96 Bacteroides_cellulosilyticus_CL02T12C19_scaffolds 
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CORE Virus_574 100 Bacteroides_intestinalis_strain_KLE1704_scaffolds 
CORE Virus_574 75.38 Bacteroides_stercoris_ATCC_43183_scaffolds 
CORE Virus_574 21.74 Bacteroides_uniformis_strain_KLE1607_scaffolds 
CORE Virus_574 21.74 Bacteroides_vulgatus_CL09T03C04_scaffolds 
CORE Virus_574 6.8 Parabacteroides_merdae_CL03T12C32_scaffolds 
CORE Virus_58 0.44 Bryantella_formatexigens_DSM_14469 
CORE Virus_58 97.15 Clostridium_leptum_DSM_753_scaffolds 
CORE Virus_58 2.81 Clostridium_sp_SS2_1_scaffolds 
CORE Virus_610 100 Clostridium_leptum_DSM_753_scaffolds 
CORE Virus_63 0.45 Bryantella_formatexigens_DSM_14469 
CORE Virus_63 98.38 Clostridium_leptum_DSM_753_scaffolds 
CORE Virus_63 4.33 Clostridium_sp_SS2_1_scaffolds 
CORE Virus_67 0.8 Clostridiales_sp_SS3_4 
CORE Virus_67 0.74 Eubacterium_rectale_M104_1_scaffolds 
CORE Virus_68 1.99 Faecalibacterium_prausnitzii_SL3_3 
CORE Virus_69 1.43 Bacteroides_sp_2_2_4_scaffolds 
CORE Virus_74 0.98 Anaerotruncus_colihominis_DSM_17241_scaffolds 
CORE Virus_74 0.81 Clostridium_leptum_DSM_753_scaffolds 
CORE Virus_79 0.71 Bacteroides_pectinophilus_ATCC_43243_scaffolds 
CORE Virus_79 0.62 Blautia_hansenii_DSM_20583_scaffolds 
CORE Virus_79 11.21 Clostridium_sp_M62_1_scaffolds 
CORE Virus_79 0.61 Faecalibacterium_prausnitzii_A2-165_scaffolds 
CORE Virus_79 4.49 Ruminococcus_gnavus_ATCC_29149 
CORE Virus_8 1.4 Blautia_hansenii_DSM_20583_scaffolds 
CORE Virus_8 0.23 Clostridiales_sp_SS3_4 
CORE Virus_8 0.17 Clostridium_bolteae_90B8_scaffolds 
CORE Virus_8 0.23 Coprococcus_comes_ATCC_27758_scaffolds 
CORE Virus_8 0.92 Ruminococcus_gnavus_ATCC_29149 
CORE Virus_816 84.02 Clostridium_leptum_DSM_753_scaffolds 
CORE Virus_82 2.37 Subdoligranulum_variabile_DSM_15176_scaffolds 
CORE Virus_85 0.9 Clostridiales_sp_SS3_4 
CORE Virus_85 4.58 Clostridium_bolteae_90B3_scaffolds 
CORE Virus_85 0.94 Ruminococcus_bromii_L2-63 
CORE Virus_9 0.24 Clostridium_bolteae_90A5_scaffolds 
CORE Virus_9 0.24 Clostridium_bolteae_90B7_scaffolds 
CORE Virus_9 0.24 Clostridium_bolteae_ATCC_BAA-613_scaffolds 
CORE Virus_9 0.19 Coprococcus_eutactus_ATCC_27759_scaffolds 
CORE Virus_9 0.37 Eubacterium_rectale_M104_1_scaffolds 
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CORE Virus_93 9.22 Clostridiales_sp_SS3_4 
CORE Virus_95 5.61 Anaerotruncus_colihominis_DSM_17241_scaffolds 
CORE Virus_95 12.07 Blautia_hansenii_DSM_20583_scaffolds 
CORE Virus_95 12.26 Clostridium_sp_M62_1_scaffolds 
CORE Virus_95 12.24 Faecalibacterium_prausnitzii_A2-165_scaffolds 
CORE Virus_96 5.76 Anaerotruncus_colihominis_DSM_17241_scaffolds 
CORE Virus_96 7.67 Blautia_hansenii_DSM_20583_scaffolds 
CORE Virus_96 7.86 Clostridium_sp_M62_1_scaffolds 
CORE Virus_96 7.83 Faecalibacterium_prausnitzii_A2-165_scaffolds 
CORE Virus_97 0.59 Anaerotruncus_colihominis_DSM_17241_scaffolds 
CORE Virus_97 1.08 Subdoligranulum_variabile_DSM_15176_scaffolds 
CORE Virus_985 100 Bacteroides_coprocola_DSM_17136_scaffolds 
CORE Virus_985 100 Bacteroides_finegoldii_DSM_17565_scaffolds 
CORE Virus_985 100 Bacteroides_plebeius_DSM_17135_scaffolds 
CORE Virus_985 100 Bacteroides_sp_4_3_47FAA_scaffolds 
CORE Virus_985 100 Bacteroides_sp_9_1_42FAA_scaffolds 
CORE Virus_985 100 Bacteroides_stercoris_CC31F_scaffolds 
CORE Virus_985 100 Parabacteroides_merdae_CL03T12C32_scaffolds 
CORE Virus_985 100 Parabacteroides_sp_2_1_7_scaffolds 
CORE Virus_99 0.63 Anaerotruncus_colihominis_DSM_17241_scaffolds 
CORE Virus_99 0.79 Blautia_hansenii_DSM_20583_scaffolds 
CORE Virus_99 0.79 Ruminococcus_gnavus_ATCC_29149 
NON-CORE Virus_10 0.21 Clostridium_ramosum_DSM_1402_scaffolds 
NON-CORE Virus_101 1.37 Blautia_hydrogenotrophica_DSM_10507_scaffolds 
NON-CORE Virus_101 1.18 Ruminococcus_sp_5_1_39BFAA 
NON-CORE Virus_123 4 Bacteroides_fragilis_YCH46 
NON-CORE Virus_123 2.81 Bacteroides_sp_3_2_5 
NON-CORE Virus_123 5.32 Bacteroides_sp_D2 
NON-CORE Virus_156 13.79 Bacteroides_sp_D2 
NON-CORE Virus_163 1.44 Bacteroides_fragilis_NCTC_9343 
NON-CORE Virus_211 2.33 Blautia_hydrogenotrophica_DSM_10507_scaffolds 
NON-CORE Virus_211 1.72 Clostridium_hiranonis_DSM_13275_scaffolds 
NON-CORE Virus_211 1.6 Eubacterium_rectale_DSM_17629 
NON-CORE Virus_219 2.38 Bacteroides_fragilis_NCTC_9343 
NON-CORE Virus_219 7.77 Bacteroides_fragilis_YCH46 
NON-CORE Virus_219 1.4 Bacteroides_sp_D2 
NON-CORE Virus_251 2.45 Ruminococcus_sp_18P13 
NON-CORE Virus_2799 89.67 Oxalobacter_formigenes_HOxBLS_scaffolds 
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NON-CORE Virus_334 5.17 Ruminococcus_sp_18P13 
NON-CORE Virus_39 1.69 Blautia_hydrogenotrophica_DSM_10507_scaffolds 
NON-CORE Virus_41 0.43 Gordonibacter_pamelaeae_7-10-1-b 
NON-CORE Virus_48 0.45 Blautia_hydrogenotrophica_DSM_10507_scaffolds 
NON-CORE Virus_48 0.54 Oxalobacter_formigenes_HOxBLS_scaffolds 
NON-CORE Virus_51 0.67 Oxalobacter_formigenes_HOxBLS_scaffolds 
NON-CORE Virus_51 0.83 Ruminococcus_sp_18P13 
NON-CORE Virus_58 0.83 Anaerostipes_caccae_DSM_14662 
NON-CORE Virus_58 9.37 Clostridium_hathewayi_DSM_13479 
NON-CORE Virus_63 0.85 Anaerostipes_caccae_DSM_14662 
NON-CORE Virus_63 8.78 Clostridium_hathewayi_DSM_13479 
NON-CORE Virus_74 0.49 Lactobacillus_rhamnosus_LMS2-1_scaffolds 
NON-CORE Virus_8 0.24 Ruminococcus_sp_5_1_39BFAA 
NON-CORE Virus_85 2.65 Blautia_hydrogenotrophica_DSM_10507_scaffolds 
NON-CORE Virus_87 0.77 Blautia_hydrogenotrophica_DSM_10507_scaffolds 
NON-CORE Virus_99 1.25 Oxalobacter_formigenes_HOxBLS_scaffolds 
NON-CORE Virus_99 1.1 Oxalobacter_formigenes_OXCC13 
NON-CORE Virus_99 0.84 Ruminococcus_sp_18P13 
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Supplemental Material and Methods 
 
 

Virus purification 

One gr of fecal sample was resupended in 3 ml of SM buffer, thawed on ice for 10 

min, vortexed for 1 min at 3,000rpm and left on ice for 2 hours. Sample was span at 

4,200g for 45 min at 4C to remove bacterial contamination. Supernatant was recovered 

and filtered through a pre-washed 2-micron filter ((Millipore AP2504200). Filtrate was 

span again at 5,000g for 45 min at 4C. Supernatant was filtered through a 0.8-micron 

filter (Pall corporation Acrodisc syringae filters 4618). CsCl purification was not used to 

avoid introducing bias against certain viral types (97). Efforts focused on DNA viruses 

since most RNA viruses in the gut are plant viruses (207). Five hundred microliters of 

viral filtrate were treated with DNAse (RQ1 Promega) and DNA was subsequently 

extracted using PureLink® Viral RNA/DNA Mini Kit (Thermo Fisher, 12280050). 

Sequencing data processing 

Viral filtrates’ DNA were sequenced with HiSeq Illumina technology. A total of 

251,330,194 paired-end sequencing reads were obtained (250bp) (Table S5.1). Reads 

were quality trimmed with trimmomatics (22). Reads belonging to one individual were 

pulled together (cross-assembly) and assembled with IDBA (minkmer=100, 

maxkmer=250) (149). Reads were pooled based on individual source (all time points 

from one individual) and assembled. In total, 14 assemblies were generated: 9 cross-

assemblies for patients (3x autologous, 3x non-responders and 3x responders FMTs) and 

5 single-assemblies for each healthy donor. Individual high-quality reads were de-
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duplicated, subsampled (1,367,462 reads per sample) and mapped back to their respective 

assembled contigs (81% of subsampled reads were mapped). Contig abundance was 

determined based on number of Reads Per (contig) Kb per Million reads (RPKM). 

Contigs with hits to 16S were eliminated (30,389 contigs remained, >99%). Because the 

gut prophage content is underrepresented in current databases, gut prophages are hard to 

predict based on hits to known bacteriophage sequences. Thus, our efforts in removing 

bacterial contamination are discrete to avoid removing real prophage sequences from our 

data set. Only contigs that had an abundance >7RPKM (minimum RPKM in donors) 

were considered present and focus of further analysis (28,869 contigs, Table S2).  

Homologous Virus Identification 

All-to-all BLASTn analysis was performed with default parameters, except e-

value cutoff, which was set to 1E-20, max target sequences to 10,000, and 0.5 

hsp_to_query_ratio (173, 174). BLASTn file was parsed using network analysis to 

determine sequence membership (21, 121). 

Taxonomic classification 

ORFs were predicted with prodigal (87) for all individual sequences (n=28,869) 

and compared to the POG genes database as described in Manrique et al 2016 (121, 196). 

The contigs that contain a taxa marker gene were classified (n=2,278; 798 singletons and 

1,480 sequences belonging to 329 HV groups). When there were multiple sequences with 

a taxa marker gene in the same HV group, the taxonomy was always concordant, 

therefore, the taxonomy was extended to all the contigs from the group.  

Ordination analysis 
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Bray-Curtis dissimilarity index was calculated on the virus abundance matrix of 

normalized reads (RPKM). Principal coordinate analysis was carried out using LabDSV 

package in R and distance based-redundancy analysis (DB-RDA) was carried out using 

vegan package in R.  Analysis of centroids was done through permutation analysis with 

adonis() function from the vegan package in R (5).  

Biomarker analysis 

Most influential HV groups in the dissimilarity index were identified with 

SIMPER function from the vegan package in R. Contigs from HV groups 67, 73, 85, 11, 

84,91,0,33,105,57 and 39 were extracted (n=1,895). Contigs were assembled using 

Geneious (92). Total reads were mapped to this set of contigs with bowtie2 and 

normalized based on RPKM (see sequencing data processing). Contigs were scored based 

on abundance and presence in each outcome group and donors. First the total RPKM per 

contig in all responders and donors, and separately in non-responders was calculated. 

Then it was multiplied respectively by the number of responders and donors (R-score) or 

non-responders (N-score) that had that contig. Subsequently, the R-score was divided by 

the N-score plus 1 and multiplied by the median number of reads in responders and 

donors, rendering the Score for each contig. The highest-scored contigs in the 

Caudovirales HV groups were visually inspected. Primers to identified conserved areas 

between subjects were designed. Target sequences were amplified using q-PCR, both in 

total DNA and in viral filtrate DNA.  
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Supplemental Figures 
 
 

 
Figure S5.1. Experimental design 

 

 
Figure S5.2. Viral diversity and richness. A) Average HV Diversity and Richness in 
patients through time  during FMT course and donors at baseline. B) Diversity and richness 
through time during FMT course in patients. Grey line represent average of all patients 
samples through time for guidance. C) Difference between the HV diversity or richness in 
the donor and recipient at baseline. 
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Figure S5.3. Invading contigs heat maps. Percentage of the community taken by invading 
contigs in donors and recipients. Table shows the number of invading contigs (C) and their 
abundance (A). 
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Figure S5.4. DB-RDA Analysis by outcome group 

 
 

Supplemental Tables 
 
 

Table S5.1. Sequencing reads information 
 

TOTAL READS Total reads Trim-paired 
reads 

Trim-paired unique 

Autologous 1 28,939,622 27,717,648 10,525,467 
Autologous 2 29,374,784 27,460,216 10,540,996 
Autologous 3 19,409,994 18,591,030 8,924,706 
Non-responder 1 28,707,404 27,248,156 8,606,954 
Non-responder 2 24,305,938 22,977,676 8,308,225 
Non-responder 3 21,627,458 20,575,494 11,971,200 
Responder 3 23,927,384 22,981,844 11,164,515 
Responder 1 21,713,756 20,672,964 11,863,007 
Responder 2 28,313,130 27,024,138 13,387,816 
Donor1 4,980,824 4,799,670 1,953,526 
Donor3 5,106,248 4,935,244 3,168,536 
Donor4 5,137,418 4,926,610 3,478,522 
Donor9 4,794,106 4,671,770 1,483,940 
Donor11 4,992,128 4,825,082 1,463,399 
TOTAL 251,330,194 239,407,542 106,840,809 
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Table S5.2. Assembly statistics 
 
Sample Contigs Longest 

contig 
Smallest 
contig 

Mean contig 
length 

Autologous 1 3,700 182,846 3,000 8,108 
Autologous 2 1,572 515,453 3,000 15,764 
Autologous 3 3,151 358,335 3,000 13,636 
Donor 11 195 100,269 3,010 13,168 
Donor 11 552 176,204 3,000 10,394 
Donor 3 801 288,442 3,000 15,422 
Donor 4 1,353 301,929 3,000 13,873 
Donor 9 427 103,983 3,002 7,825 
Non-responder 2 2,315 485,031 3,000 13,497 
Non-responder 3 2,200 328,761 3,000 18,797 
Non-responder 1 928 268,184 3,000 13,492 
Responder 1 5,115 367,219 3,000 11,064 
Responder 2 3,664 485,486 3,001 12,744 
Responder 3 2,896 287,685 3,000 10,324 
TOTAL 28,869 515,453 3,000 12,722 
 

Table S5.3. Original community analysis (R-output) 
 
> summary(model.original.fixed.random.factor) 
Linear mixed-effects model fit by REML 
 Data: met.original.after  
       AIC      BIC    logLik 
  189.1251 203.0654 -80.56256 
 
Random effects: 
 Formula: ~1 | FMT 
        (Intercept) Residual 
StdDev:    10.85261 7.452732 
 
Fixed effects: original.com.after ~ Group * as.factor(Timepoint)  
                                   Value Std.Error DF   t-value p-value 
(Intercept)                     89.52333  7.600927 14 11.777950  0.0000 
GroupN                         -18.45424 11.301527  6 -1.632898  0.1536 
GroupR                         -37.65667 10.749334  6 -3.503163  0.0128 
as.factor(Timepoint)W6          -6.61000  6.085130 14 -1.086255  0.2957 
as.factor(Timepoint)W12        -14.85667  6.085130 14 -2.441471  0.0285 
as.factor(Timepoint)W18        -20.83570  6.996611 14 -2.977970  0.0100 
GroupN:as.factor(Timepoint)W6    7.56227 10.095431 14  0.749078  0.4662 
GroupR:as.factor(Timepoint)W6   12.17333  8.605673 14  1.414571  0.1790 
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GroupN:as.factor(Timepoint)W12   2.62424  9.286224 14  0.282595  0.7816 
GroupR:as.factor(Timepoint)W12  17.41875  9.272614 14  1.878515  0.0813 
GroupN:as.factor(Timepoint)W18  11.59993  9.907458 14  1.170829  0.2612 
GroupR:as.factor(Timepoint)W18  34.67903  9.272614 14  3.739941  0.0022 
 

Table S5.4. Centroid analysis of classified community (R-output) 
 
> adonis(tax.fmt.sep~met.fmt$Group) 
 
Call: 
adonis(formula = tax.fmt.sep ~ met.fmt$Group)  
 
Permutation: free 
Number of permutations: 999 
 
Terms added sequentially (first to last) 
 
              Df SumsOfSqs MeanSqs F.Model      R2 Pr(>F)     
met.fmt$Group  3    3.3108 1.10360  3.6845 0.20834  0.001 *** 
Residuals     42   12.5802 0.29953         0.79166            
Total         45   15.8910                 1.00000            
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
> pairwise.adonis(x = tax.fmt.sep, factors = met.fmt$Group, 
+                 sim.method = 'bray', p.adjust.m = 'bonferroni') 
[1] "Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1" 
                       pairs  F.Model         R2 p.value p.adjusted sig 
1        Donor vs Autologous 2.389122 0.12321970   0.005      0.030   . 
2      Donor vs Nonresponder 2.909138 0.15384824   0.002      0.012   . 
3         Donor vs Responder 1.695287 0.09067994   0.075      0.450     
4 Autologous vs Nonresponder 3.888286 0.13459731   0.001      0.006   * 
5    Autologous vs Responder 4.407636 0.14495163   0.001      0.006   * 
6  Nonresponder vs Responder 5.793490 0.18814010   0.001      0.006   * 
 

Table S5.5. Centroid analysis of classified core community (R-output) 
 
> adonis(core.bray~met.fmt$Group) 
 
Call: 
adonis(formula = core.bray ~ met.fmt$Group)  
 
Permutation: free 
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Number of permutations: 999 
 
Terms added sequentially (first to last) 
 
              Df SumsOfSqs MeanSqs F.Model      R2 Pr(>F)     
met.fmt$Group  3     3.346 1.11532  4.4834 0.24256  0.001 *** 
Residuals     42    10.448 0.24877         0.75744            
Total         45    13.794                 1.00000            
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
> pairwise.adonis(x = t(core), factors = met.fmt$Group, 
+                 sim.method = 'bray', p.adjust.m = 'bonferroni') 
[1] "Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1" 
                       pairs  F.Model         R2 p.value p.adjusted sig 
1        Donor vs Autologous 2.596350 0.13249151   0.013      0.078     
2      Donor vs Nonresponder 3.536997 0.18104099   0.001      0.006   * 
3         Donor vs Responder 1.678222 0.08984913   0.110      0.660     
4 Autologous vs Nonresponder 3.936037 0.13602543   0.001      0.006   * 
5    Autologous vs Responder 5.758239 0.18131482   0.001      0.006   * 
6  Nonresponder vs Responder 8.256658 0.24827082   0.001      0.006   * 
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Figure S6.1. Distribution of OTUs in the data set by microbiome group. 

 

 

 

Figure S6.2. Total number of species by time. 
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Figure S6.3. Total number of species per treatment group. 
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Figure S6.4. Community structure of 50 most abundant present OTUs at the Genus level 
in M1 mice. 
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Figure S6.5. Community structure of 50 most abundant present OTUs at the Genus level 
in M2 mice. 
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Figure S6.6. Analysis of beta-dispersion in M1-mice (left panel), and M2-mice (right 
panel). 

 

 

Figure S6.7. Analysis of beta-dispersion by donor and treatment group. 

 

ABC

D

betadis.pm

PCoA 1

P
C

oA
 2

-0.1 0.0 0.1 0.2 0.3

-0
.2

-0
.1

0.
0

0.
1

0.
2

A

B
C

betadis.my

PCoA 1

P
C

oA
 2

-0.10 0.00 0.10

-0
.1
0

0.
00

0.
10

M_A
M_B

M_C

P_A

P_B

P_C

P_D

betadis.both

PCoA 1

P
C

oA
 2

-0.4 -0.2 0.0 0.2 0.4

-0
.3

-0
.2

-0
.1

0.
0

0.
1



 
 

185 

  

Figure S6.8. Correlation of DB-RDA distances and real distances in M1-mice (left panel) 

and M2-mice (right panel). 

0.1 0.2 0.3 0.4 0.5

0.
0

0.
5

1.
0

1.
5

2.
0

2.
5

Computed Distance

O
rd

in
at

io
n 

D
is

ta
nc

e
r =  0.846

0.05 0.15 0.25

0.
0

0.
5

1.
0

1.
5

2.
0

Computed Distance

O
rd

in
at

io
n 

D
is

ta
nc

e

r =  0.69



 
 

186 

Figure S6.9. Average OTU1 abundance through time in M1-mice. 
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Table S6.1 Number of total OTUs (species level) in dataset 

 Total OTUs Samples 
F0 + F1 OTUs 291 169 

F1 mice 282 159 
F1-Ind1 mice 169 98 
F1-Ind2 mice 221 61 

 

Table S6.2 Number of F1 samples 
 

M1-mice M2-mice  

 
Treatment 

group 
A B C D A B C 

Total  

D
ay

 

BD12 3 3 2 3 NA NA NA 11 
BD10 3 3 2 3 NA NA NA 11 
BD6 2 2 3 3 3 3 3 19 
BD5 3 2 3 3 3 3 3 20 
BD3 3 2 3 3 3 2 2 18 
D0 2 2 3 3 3 3 3 19 
D3 3 2 3 3 3 3 3 20 
D4 2 3 3 3 3 3 3 20 
D15 3 3 3 3 3 3 3 21 

 Total 24 22 25 27 21 20 20 159 
 

Table S6.3 R-Output of PCoA GAM analysis by time in M1-mice 

> summary(time.pcoa.pm.gam) 
 
Family: poisson  
Link function: log  
 
Formula: 
met.pm$day.num ~ s(pcoa.otus.pm$points[, 1], pcoa.otus.pm$points[,  
    2]) 
 
Parametric coefficients: 
            Estimate Std. Error z value Pr(>|z|)     
(Intercept)  2.27186    0.03605   63.02   <2e-16 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Approximate significance of smooth terms: 
                                                       edf Ref.df Chi.sq p-value     
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s(pcoa.otus.pm$points[, 1],pcoa.otus.pm$points[, 2]) 24.02  27.36  327.6  <2e-16 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
R-sq.(adj) =  0.632   Deviance explained =   69% 
UBRE = 1.2743  Scale est. = 1         n = 98 
 

Table S6.4. R-Output of homogeneity of multivariate dispersion analysis 

Call: betadisper(d = dist.bray.pm, group = met.pm$group, type = 
"centroid", bias.adjust = TRUE, add = TRUE) 
 
No. of Positive Eigenvalues: 96 
No. of Negative Eigenvalues: 0 
 
Average distance to centroid: 
     A      B      C      D  
0.2782 0.2451 0.2614 0.2397  
 
Eigenvalues for PCoA axes: 
 PCoA1  PCoA2  PCoA3  PCoA4  PCoA5  PCoA6  PCoA7  PCoA8  
0.7433 0.4112 0.2936 0.2812 0.2129 0.1734 0.1330 0.1189 
 

Table S6.5 R-Output of ANOVA analysis of beta-dispersion by treatment group in M1-
mice 

 Df Sum Sq Mean Sq F Pr(>F) 
Groups 3 0.022349 0.0074498 6.7453 0.0003598*** 
Residuals 94 0.103818 0.0011044   
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

 

Table S6.6 R-Output of pairwise beta-dispersion analysis of M1-mice 

  Tukey multiple comparisons of means  
    95% family-wise confidence level   
     
Fit: aov(formula = distances ~ group, data = df)  
     
$group     
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 diff lwr upr p adj 
Group Diff Lwr Upr  
B-A -0.033119547 -0.05877639 -0.007462705 0.0057998 
C-A -0.016787323 -0.04162801 0.008053367 0.2953842 
D-A -0.038492612 -0.06287851 -0.01410671 0.0004527 
C-B 0.016332224 -0.00907802 0.041742467 0.3393498 
D-B -0.005373065 -0.0303389 0.019592768 0.942772 
D-C -0.021705289 -0.04583161 0.002421028 0.0935424 

 

Table S6.7 R-Output of Adonis analysis M1-mice  

adonis(formula = dist.bray.pm ~ met.pm$group)  
 
Permutation: free 
Number of permutations: 999 
 
Terms added sequentially (first to last) 
 
             Df SumsOfSqs  MeanSqs F.Model      R2 Pr(>F)     
met.pm$group  3    0.2015 0.067168  3.2927 0.09509  0.001 *** 
Residuals    94    1.9175 0.020399         0.90491            
Total        97    2.1190                  1.00000            
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 

Table S6.8 R-Output of pairwise Adonis analysis for centroid distance in M1-mice 

>pairwise.adonis(x = otus.pm, factors = met.pm$group, 
+                 sim.method = 'bray', p.adjust.m = 'bonferroni') 
[1] "Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1" 
   pairs  F.Model         R2 p.value p.adjusted sig 
1 A vs B 1.567020 0.03438934   0.146      0.876     
2 A vs C 1.328676 0.02749250   0.232      1.000     
3 A vs D 3.481763 0.06634235   0.002      0.012   . 
4 B vs C 2.793119 0.05844187   0.015      0.090     
5 B vs D 5.514191 0.10500382   0.001      0.006   * 
6 C vs D 7.281883 0.12712366   0.001      0.006   * 
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Table S6.9 R-Output PCoA GAM analysis by time in M2 mice 

> summary(time.pcoa.my.gam) 
 
Family: poisson  
Link function: log  
 
Formula: 
met.my$day.num ~ s(pcoa.otus.my$points[, 1], pcoa.otus.my$points[,  
    2]) 
 
Parametric coefficients: 
            Estimate Std. Error z value Pr(>|z|)     
(Intercept)  2.59244    0.03613   71.76   <2e-16 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Approximate significance of smooth terms: 
                                                       edf Ref.df Chi.sq p-value     
s(pcoa.otus.my$points[, 1],pcoa.otus.my$points[, 2]) 9.944  13.65    113  <2e-16 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
R-sq.(adj) =  0.599   Deviance explained = 70.1% 
UBRE = 0.24217  Scale est. = 1         n = 61 
 

Table S6.10 R-Output of PCoA GLM analysis by group in M2-mice 

> anova(group.pcoa.my.glm,test="Chi") 
Analysis of Deviance Table 
Model: poisson, link: log 
Response: met.my$grp.num 
 
Terms added sequentially (first to last) 
                         Df Deviance Resid. Df Resid. Dev Pr(>Chi)    
NULL                                        60     48.631             
pcoa.otus.my$points[, 1]  1   10.459        59     38.172 0.001221 ** 
pcoa.otus.my$points[, 2]  1    0.002        58     38.170 0.964149    
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 

 



 
 

191 

Table S6.11 R-Output of homogeneity of multivariate dispersion analysis in M2-mice 

Homogeneity of multivariate dispersions 
 
Call: betadisper(d = dist.bray.my, group = met.my$group, type = 
"centroid", bias.adjust = TRUE, add = TRUE) 
 
No. of Positive Eigenvalues: 59 
No. of Negative Eigenvalues: 0 
 
Average distance to centroid: 
     A      B      C  
0.1718 0.1902 0.1857  
 
Eigenvalues for PCoA axes: 
 PCoA1  PCoA2  PCoA3  PCoA4  PCoA5  PCoA6  PCoA7  PCoA8  
0.2716 0.2218 0.1348 0.1046 0.0832 0.0566 0.0565 0.0505 
 

Table S6.12 R-Output of ANOVA of beta-dispersion analysis by treatment group in M2-
mice 
Analysis of Variance Table 
 
Response: Distances 
          Df    Sum Sq    Mean Sq F value   Pr(>F)    
Groups     2 0.0037716 0.00188579  6.2982 0.003347 ** 
Residuals 58 0.0173661 0.00029942                     
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 

Table S6.13 R-Output of pairwise beta-dispersion analysis by treatment group in M2-
mice 
> TukeyHSD(betadis.my) 
  Tukey multiple comparisons of means 
    95% family-wise confidence level 
 
Fit: aov(formula = distances ~ group, data = df) 
 
$group 
            diff           lwr        upr     p adj 
B-A  0.018334528  0.0053305601 0.03133850 0.0035508 
C-A  0.013883591  0.0008796232 0.02688756 0.0338032 
C-B -0.004450937 -0.0176125343 0.00871066 0.6962810 
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Table S6.14 R-Output of Adonis analysis in M2-mice 

adonis(formula = dist.bray.my ~ met.my$group)  
 
Permutation: free 
Number of permutations: 999 
 
Terms added sequentially (first to last) 
 
             Df SumsOfSqs  MeanSqs F.Model      R2 Pr(>F)    
met.my$group  2   0.08450 0.042248  3.0023 0.09382  0.002 ** 
Residuals    58   0.81617 0.014072         0.90618           
Total        60   0.90067                  1.00000           
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 

Table S6.15 R-Output of pairwise Adonis analysis in M2-mice 

>pairwise.adonis(x = otus.my, factors=met.my$group, sim.method = 'bray',  
+                 p.adjust.m = "bonferroni") 
[1] "Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1" 
   pairs  F.Model         R2 p.value p.adjusted sig 
1 A vs B 2.772793 0.06637796   0.010      0.030   . 
2 A vs C 4.737253 0.10831163   0.001      0.003   * 
3 B vs C 1.800859 0.04524673   0.088      0.264     
 

Table S6.16 R-Output of pairwise beta-dispersion analysis by donor and treatment group 

Tukey multiple comparisons of means 
    95% family-wise confidence level 
 
Fit: aov(formula = distances ~ group, data = df) 
 
$group 
                diff           lwr          upr     p adj 
M_B-M_A  0.010290461 -0.0103061706  0.030887092 0.7486349 
M_C-M_A  0.007927797 -0.0126688346  0.028524428 0.9112078 
P_A-M_A  0.032250044  0.0125521449  0.051947942 0.0000510 
P_B-M_A  0.005697886 -0.0144135073  0.025809279 0.9794891 
P_C-M_A  0.018516122 -0.0009970636  0.038029308 0.0750673 
P_D-M_A  0.001762049 -0.0174183659  0.020942464 0.9999639 
M_C-M_B -0.002362664 -0.0232089606  0.018483633 0.9998759 
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P_A-M_B  0.021959583  0.0020007735  0.041918392 0.0209442 
P_B-M_B -0.004592575 -0.0249595824  0.015774432 0.9938355 
P_C-M_B  0.008225661 -0.0115508721  0.028002195 0.8761190 
P_D-M_B -0.008528412 -0.0279766809  0.010919858 0.8461968 
P_A-M_C  0.024322247  0.0043634375  0.044281056 0.0066823 
P_B-M_C -0.002229911 -0.0225969183  0.018137096 0.9998987 
P_C-M_C  0.010588325 -0.0091882080  0.030364859 0.6826057 
P_D-M_C -0.006165747 -0.0256140169  0.013282522 0.9640410 
P_B-P_A -0.026552158 -0.0460098295 -0.007094486 0.0014001 
P_C-P_A -0.013733922 -0.0325726388  0.005104796 0.3133692 
P_D-P_A -0.030487994 -0.0489818090 -0.011994180 0.0000440 
P_C-P_B  0.012818236 -0.0064524195  0.032088892 0.4267703 
P_D-P_B -0.003935836 -0.0228694597  0.014997787 0.9960456 
P_D-P_C -0.016754073 -0.0350510227  0.001542877 0.0963902 
 

Table S6.17 R-Output of ANOVA test for M1-mice DB-RDA 

> anova.cca(rda.pm) 
Permutation test for dbrda under reduced model 
Permutation: free 
Number of permutations: 999 
 
Model: dbrda(formula = otus.pm.per ~ met.pm$day.num * met.pm$group * met.pm$gav, 
distance = "bray") 
         Df SumOfSqs      F Pr(>F)     
Model    15  1.22238 7.4528  0.001 *** 
Residual 82  0.89663                   
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 

Table S6.18 R-Output of ANOVA test for each constrain in M1-mice DB-RDA 

> anova.cca(rda.pm, by="terms",model="direct") 
Permutation test for dbrda under direct model 
Terms added sequentially (first to last) 
Permutation: free 
Number of permutations: 999 
 
Model: dbrda(formula = otus.pm.per ~ met.pm$day.num * met.pm$group * met.pm$gav, 
distance = "bray") 
                                       Df SumOfSqs       F Pr(>F)     
met.pm$day.num                          1  0.42496 38.8645  0.001 *** 
met.pm$group                            3  0.20096  6.1262  0.001 *** 
met.pm$gav                              1  0.06476  5.9229  0.001 *** 
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met.pm$day.num:met.pm$group             3  0.16347  4.9832  0.001 *** 
met.pm$day.num:met.pm$gav               1  0.10434  9.5425  0.001 *** 
met.pm$group:met.pm$gav                 3  0.12374  3.7721  0.001 *** 
met.pm$day.num:met.pm$group:met.pm$gav  3  0.14015  4.2723  0.001 *** 
Residual                               82  0.89663                    
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 

Table S6.19 R-Output of centroids for factor constrains in M1-mice DB-RDA 

Centroids for factor constraints 
 
                                  dbRDA1   dbRDA2   dbRDA3    dbRDA4   dbRDA5   dbRDA6 
met.pm$groupA       0.08166  0.10837 -0.02661  0.007077 -0.01601 -0.48726 
met.pm$groupB       -0.06147  0.03304  0.02707  0.341577 -0.22448  0.25572 
met.pm$groupC       0.04579  0.21595 -0.29102 -0.057733  0.22474  0.32868 
met.pm$groupD      -0.06490 -0.32320  0.27106 -0.231156 -0.01095 -0.07958 
met.pm$gavA          0.35739  0.20671  0.13495 -0.048886 -0.08884 -0.02695 
met.pm$gavB          -0.18986 -0.10981 -0.07169  0.025971  0.04720  0.01432 
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BACTERIOPHAGES AND CRISPR-SPACER DYNAMICS IN THE HUMAN GUT 
 
 

Introduction 
 
 

The CRISPR-Cas system (Clustered Regularly Interspaced Short Palindromic 

Repeats) is an RNA based acquired-immunity defense system found in archaea and 

bacteria (99, 183). This defense system is involved in the protection against mobile 

genetic elements, primarily phages and plasmids. Upon phage infection, the system 

incorporates a small portion of the phage genetic material (i.e. spacer sequence) into the 

bacterial chromosome at the beginning of the CRISPR array. The CRISPR array consists 

of an arrangement of spacers, separated by direct repeats (DR). Upon subsequent phage 

invasion, the CRISPR-array gets transcribed, and the CRISPR-Cas proteins process it 

into crRNAs, which are used to find the homologous sequence in the phage genome 

(protospacer) and subsequently guide the cleavage of the invader phage. These CRISPR 

arrays can accumulate up to hundreds of different spacer sequences, therefore providing a 

record of the phage infections the cell has undergone (99, 183). 

At the whole community level, CRISPR-spacer sequences have been used as an 

alternative or in conjunction with viral metagenomics to investigate phage dynamics in a 

variety of environments. For instance, Snyder and colleagues developed a microarray 

chip containing spacer sequences identified in cellular metagenomes from Archaea in 

Yellowstone National Park hot springs to successfully monitor changes in hot springs 

viral communities(182). Following a slightly different approach, Pride and colleagues 

performed an extensive characterization of spacer sequences in the human oral cavity 
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taking advantage of the DR sequences found in various bacterial species of the oral 

microbiota. They were able to demonstrate that between 2 and 70% of the spacers 

targeting oral bacteriophages co-existed with their targets in different individuals(152, 

153, 163).  

The human gut microbiota, composed primarily of bacteria and in turn 

bacteriophages, heavily influences the health status of its human host, since alterations of 

its composition are highly associated with a vast array of diseases. However, the role and 

mechanisms by which bacteriophages impact the gut bacterial community is still not well 

understood and is current focus of intensive research (1). To increase our understanding 

of human gut bacteriophages and bacteriophage-host dynamics in vivo, we combined the 

analysis of human gut CRISPR-spacer sequences with ultra-deep sequencing of two 

healthy individuals’ gut bacteriophage community. Description of the subjects’ phage 

community is presented in detailed in Chapter 2 of this dissertation. This appendix 

focuses on the analysis of the dynamics between the phage community and the CRISPR-

spacer content in study subjects. Overall, we identified more than 40,000 unique spacer 

sequences, and demonstrated that the spacer content is highly specific to one individual 

and is dynamic over time. Moreover, when a spacer had an identifiably phage target (5% 

of unique spacers), spacer and phage generally co-existed within a time point, and the 

majority of these spacers (>80%) target both phages shared between study individuals, 

and phages shared among a large cohort of healthy individuals (>64%). These findings 

demonstrates that spacer sequences in the human gut target globally distributed phages. 
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Overall, the results of this study expand our knowledge on the role of the CRISPR-

system in the human gut microbiome.  

 
 

Results and Discussion 
 
 

CRISPR-spacer sequences as a means to study human gut phage communities 

One of the primary goals of this study was to investigate whether spacer 

sequences from healthy individuals could be used to study an individual’s phage 

communities. For this purpose, the phage community of two study subjects was 

compared to (i) spacer sequences obtained from bacteria frequently associated with the 

human gut and (ii) spacer sequences isolated from their own microbial community. First, 

phage particles were isolated from stool samples of two subjects at two different time 

points (separated by 15 and 3 months respectively), and ultra-deep DNA sequenced with 

NGS Illumina technology (121). The composition and structure of these four phage 

communities is extensively described in Chapter 2 (121). Briefly, 4,301 phages were 

identified between the four time points. Subject 1 contained 3,005 of these phages, 

whereas subject 2 only had 991 phages on average between the two time points. It’s 

important to note that even though a significant portion of the phages were specific to 

each individual, some were shared between them. The bacterial community structure of 

study subjects was also determined through 16S rRNA gene sequencing, and it confirmed 

that it was consistent with the typical structure of healthy individuals.  

Subsequently, the CRISPR content of the most prevalent gut associated bacteria 

(core bacteria) was investigated (154). A genome database of the 56 most frequent 
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bacteria associated with the human gut of healthy individuals was searched for CRISPR 

loci using the CRISPR-finder tool (78, 154). From the 56 genomes under study, a total of 

48 CRISPR loci were identified in 23 of the genomes, containing a total of 974 spacer 

sequences (average loci=2, average spacers per loci= 20, Table SE.1). When these spacer 

sequences were compared to the bacteriophage community from our two study subjects, 

only 2% matched to any of their phage sequences. This result suggests that the spacer 

content of the gut associated microbial community is specific to individuals. Therefore, 

we sought to characterize the spacer content of study subjects’ bacterial community using 

a DR-specific amplification approach (152, 153). 

 

CRISPR-loci of the 56 most prevalent gut species characterization 

To identify DRs suitable for spacer amplification in study subjects, and to gain insight 

into the CRISPR systems associated with putative phage-targeting spacers, the CRISPR 

loci and the DRs found in prevalent gut bacteria were further characterized. From the 48 

CRISPR loci, 26 were assigned to a CRISPR system based on ORF homology to known 

Cas-proteins (Table E.1, Figure E.1). The majority were assigned to type II and type I-C 

systems. To further confirm the assignment of Type II CRISPR, the tracrRNA was 

identified. The tracrRNA is a short sequence partially complementary to the DR sequence 

necessary for crRNA maturation via host RNase III ribonuclease (53). It is either found 

upstream the CRISPR array, upstream the Cas9 ORF, or between the Cas9 and Cas1 

ORFs (42). From the eight Type II systems identified, in five cases the tracrRNA 

sequence was found upstream the Cas9 ORF, and in three it was encoded between the 
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Cas9 and Cas1 ORF (Figure E.1). It has been shown that type I and III systems are 

primarily found in the human gut (75). Moreover, Type II systems are only found in 10% 

of bacterial genomes (119). An overrepresentation of type II systems in this study might 

be due to the fact that the most prevalent bacterial species represent only a small subset of 

the total gut microbiota. Therefore, this classification should not be taken as a holistic 

view of the CRISPR systems found in the human gut.  

 
Table E.1 Type of identified CRISPR-Systems 
CRISPR&System&Type Number Percentage Average&DR&

(expected&size)&
Type&I& 1& 2& 32&
Type&IBB& 2& 4& 30&(31)&
Type&IBC& 9& 19& 32&(32)&
Type&IBF& 2& 4& 32&(28)&
Type&II& 9& 19& 36&(36B38)&
Type&III& 3& 6& 32&(37)&
No&matchBUnknown& 5& 10& 32&
Not&Analyzed& 17& 35& 30&
Total& 48& 100& 32&

(Previously reported DR size for CRISPR system type) (183) 
 
 

 
Figure E.1 CRISPR system loci associated with DRs under study. Genes immediately 
upstream of the CRISPR arrays are represented and putative gene assignment based on 
BLASTn homology match to known CRISPR-Cas genes is shown. Putative CRISPR 
systems were identified based on ORF identity and gene order. Type I-C* contains two 
unusual ORFs between the Cas3 and Cas5 ORFs. Protein Cas1 and Cas2 are missing from 
DR36 associated system. The determined PAM sequence for each of the systems in phages 
from study subjects is shown as a logo to the right of the CRISPR-array. 
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Overall, there were a total of 64 unique DRs associated with these CRISPR loci 

(mean length=32bp) (Table SE.2). As expected, most of the DRs contained the ‘GAAA’ 

end motif, and when the CRISPR cassette containing the DR was assigned to a specific 

type, the DR length was concordant with that of the specific CRISPR system (Table 

AE.1) (183). Most of the DRs associated with putative type II systems contained the 

characteristic ‘GTTT’ motif at the 5’ end, and a ‘CAAC’ motif at the 3’end, and all but 

one were 36bp (expected length) (183). The only exception, DR7, was considerably 

longer (47bp), and contained ‘GTTG’ in the 5’ of the repeat instead. Moreover, the 

protospacer-associated motif (PAM) identified in sequences targeted by DR7-spacer 

sequences was slightly different as well (Figure E.1).  

 

DR-specific amplification of subject’s gut spacer sequences 

From the 64 DR identified, ten different DRs associated with large number of 

spacer sequences, and associated with species found in study subjects were selected for 

DR-specific amplification of the spacer content of study subjects. Primers targeting the 

end of the DR (forward primer) and the beginning (reverse-primer) were designed, and 

spacer sequences were successfully amplified using primers from six DRs (Fig. E.2A-B, 

Table AE.2). Subsequently, spacer-amplicons were ultra-deep sequenced with MiSeq 

Illumina technology. A total of 3.5 million unique paired-end reads were generated 

(300bp, mean = 0.88 million per time point). From these reads, 1.3 million reads (38%) 

contained at least the forward and reverse primer without a mismatch, and were 
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subsequently used to extract spacer sequences. To our knowledge, this data set represents 

one of the largest CRISPR-spacer data sets associated with the human gut.  

 

 
Figure. E. 2. An individuals’ gut microbiome harbors a highly diverse set of CRISPR-
spacer sequences. A) Schematic representation of DR-specific amplification strategy. B) 
1% Gel of DR-specific amplified spacers. Generally, size ranges between 50-500bp. First 
lane corresponds to 1Kb Fisher DNA-ladder, and following lanes correspond to products 
of DR-specific amplification in DNA from subject 1, 2 and non-DNA control respectively. 
C) Unique spacers by time point and direct repeat. Blue: subject 1, Pink: subject 2. 
Different grade colors represent the two different time points. D) Sequence alignment of 
grouped spacer sequences; in particular, the alignment of the first 31 out of 333 spacer 
sequences belonging to group 140 are shown. E) Representative spacers (groups and 
singletons) identified in each individual timepoint. 

 
The human gut CRISPR-spacer content is highly diverse, subject-specific and dynamic 
over time 

A total of 61,825 spacer sequences (unique within each time point-49,918 unique 

among all timepoints) were retrieved (mean = 14,481 per time point, mean coverage= 

21X, mean length= 33, sd= 3.4) (Fig. E.2C). From these spacers, 57,905 could be further 

grouped into 3,262 groups of highly similar spacers (>90% identity, generally one single 

mismatch), rendering a total of 7,182 spacer sequences representatives (3,262 groups + 

3,920 singletons) (Fig. E.2D). The source of this variability could potentially come from 
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sequencing error. However, the fact that no mismatches in the DR were allowed, suggest 

that these mismatches represent true variants among the phage populations, or mutations 

accumulated in the CRISPR array after acquisition. From these 7,182 spacer 

representatives, each individual had on average 2,630 spacer groups per time point (Fig. 

E.2E). Taken in account that only a subset of the total microbial community is being 

investigated, this result suggests that the human gut spacer content is highly diverse. 

To define the intra- and inter-variation of the spacer content, spacer sequences 

within individuals over time, and among the two individuals were compared. The spacer 

content was shown to be dynamic over time and very specific to one individual (Fig E.3). 

Overall, 56% of the spacers in a subject were maintained across the two time points 

(1.1=62%, 1.2=44%, 2.1=65%, 2.2:=54%). However, only an average of 12% of the 

spacers in each subject was shared with the other individual. As expected, only 2% of the 

spacers extracted from human gut associated genomes (n=974) matched to the study 

subjects’ spacers, further supporting the fact that spacer content is highly specific to one 

single individual. 

 

 
Figure. E3. CRISPR-spacer content is dynamic over time and relatively unique between 

individuals.  
 



 
 

204 

Human gut CRISPR-spacers target active phages within subjects and shared phages 
between individuals 

To determine the overlap between the spacer-content and the active phage 

community (phage fraction- phage particles isolated from fecal filtrates as opposed 

prophage sequences), spacer sequences were mapped onto the 4,301 phage genomes 

identified in study subjects. Overall, 3,031(5%)  spacer sequences were mapped to 145 

(5%) phage contigs containing a sequence homologous to the spacer (>85% identity) 

(Table E.2). In some cases, a spacer matched to more than one phage sequence, therefore 

there were a total of 4,444 spacer-phage matches. Each individual contained 

approximately 1,000 phage-targeting spacers. On average, 78% of the phages being 

targeted by a spacer sequence in one time point could be detected in the phage fraction of 

that same time point. Even though the abundance of targeted phages was not very high, 

high abundant phages (>1%) had matches to co-existing spacers. In some cases, a phage 

that was being targeted by a spacer sequence within a specific time point, could not be 

detected in the phage fraction of that same time point (Table E.2). This could be because 

the phage was depleted below detection levels by the spacer targeted attack, or because it 

was a phage found in other individuals. For instance, subject one contains a large number 

of spacers targeting the most abundant phages in subject two (61 spacers/time point). 

Likewise, subject 2 contains spacers targeting some phages in subject 1, albeit at much 

lower proportions. We did not observe differences in the likelihood of spacers matching 

the phage community of at a different time point, or from the other individual. This is 

likely due to the extremely high sequencing depth to which these phage communities 

were subjected to, allowing us to detect a larger array of low abundant phages (121). A 
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scenario in which bacterial population harboring a spacer sequence for a particular phage 

co-exists with its potential phage target is conceivable since a phage could be replicating 

in a subset of the population that does not harbor a targeting-spacer. In fact, similarly to 

eukaryotic host communities, the overall efficiency of a phage replicating in a population 

is dependent on the percentage of cells that harbor an effective spacer sequence against 

the phage (148). Additionally, mutations essential for effective suppression of phage 

infectivity might exist in these spacer sequences. Overall these results demonstrate that 

individuals’ spacer sequences target both phages actively replicating in the individual and 

in other individuals as well. 

Phages being targeted by spacer-sequences were present in both time points of 

each individual (60% and 83% respectively) and were shared between individuals (27%) 

(Fig. E.4A-B). The overlap in subject 2 between spacer content and the phage community 

is consistent with a considerably lower time between sampling points in this study subject 

(3 versus 15 months). Interestingly, from the 4,444 cases in which a spacer could target a 

phage in the active fraction, over 98% of the spacers within a subject were targeting the 

same phages in both time points, and over 80% of the spacers were targeting the same 

phages in both individuals (Fig. E.4B). In Manrique et al. we were able to classify the 

4,301 phages identified in three categories based on their prevalence among healthy 

subjects: 23 core phages (>50% of individuals), 132 common (20%-50% of individuals) 

and 4,146 low overlap or unique phages (121). From the 4,444 phage-targeting spacers, 

64% were targeting core and common phage (Fig. E.4C). The majority of these spacers 

were associated with DR7 and DR53 (57 and 16% respectively). These results suggest 
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that a disproportionate number of spacer sequences target globally distributed phages 

among healthy individuals. 

 
Table E.2. Matches between phage sequences and CRISPR-spacer sequences 

Ind. Spacer 
(SP) Phage 

SP 
targeting 

phage 

Unique SP 
targeting 

phage 

Targeted 
phage 

Targeted 
phage 

found in 
timepoint 

1.1 12,787 2,809 1,283 792 (6%) 83 49 (59%) 
1.2 18,342 3,301 1,240 741 (5%) 90 56 (62%) 
2.1 14,066 873 930 692 (5%) 65 55 (85%_ 
2.2 16,630 1,109 991 806 (5%) 74 64 (86%) 

Total 61,825 4,301* 4,444 3031 (5%) 145   
* Some phages are shared among study subjects, rendering a total of 4,301 phages. 
** Some spacers match conserved regions in more than one phages. 
 
 

 
Figure. E4. CRISPR-spacers target common phages among study subjects. A) heat map 
showing phages (rows) targeted by spacer sequences. B) Table showing the number of total 
spacer sequences targeting either common phages or exclusive phages of specific time 
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points and individuals. C) Number of spacers targeting phage types identified in Manrique 
et al. (121).D) Number of spacer sequences targeting phages identified in study subjects 
(Manrique et al) or in a cohort of European individuals (Stern et al) associated with each 
DR. 
 

To further confirm that CRISPR-spacer sequences can indeed target globally 

distributed phages, spacers were compared to a data set of 991 phages identified through 

CRISPR-spacers in human gut cellular metagenomes from 124 European individuals 

(184). Interestingly, there was a considerable number of spacer sequences- 6,516 (11%) 

homologous to a protospacer sequence in 185 (19%) phages from European individuals 

(Fig. E4.D)(184). In these case, the majority of these spacers were associated with DR7 

and DR40 (36 and 33% respectively). Consistent with our result, the authors also 

reported that these phages were commonly found in the filtrate fraction of stool samples 

of individuals that did not harbor a spacer against them. The fact that both the percentage 

of spacers and the percentage of phages being targeted was higher than those in study 

subjects was slightly surprising. However, it is important to note that these phages were 

identified from cellular metagenomes via matches to CRISPR-spacers, therefore 

providing a potential explanation for this result. Overall, this result confirms the fact that 

spacer sequences target globally distributed phages and underscores the high proportion 

of unknown targets of human gut-associated CRISPR-spacers.  

Finally, in an attempt to determine the targets for the remaining spacers, spacers 

were compared through conventional BLASTn to the ACLAME database of phage and 

mobile elements (109), and the pVOGs (Prokaryotic Viral Orthologous Groups) database 

(77). The number of spacers matching bacteriophage genes in both databases was 

strikingly low (<1%), likely due to an under-representation of gut phages in current 
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databases. This result is consistent with previous reports (75, Pride, 2012 #250, 152, 

Reyes, 2010 #33). Comparison of extracted spacers to human gut metagenomes will 

likely further inform of the target sequences for the remaining spacer sequences.  

 
Conclusions 

 
 

The main objective of this study was to determine whether the CRISPR-spacer 

content found in the human gut of two study subjects could be used to study phage 

communities. Overall, the work presented here shows that: (i) there is low overlap 

between the spacer content and the phage communities found in human gut-associated 

microbiomes and therefore, spacer sequences alone cannot be used to study phage 

dynamics; (ii) the spacer content is specific to one individual and dynamic over time, 

suggesting that the system is actively incorporating new spacer sequences and 

eliminating obsolete spacers; (iii) and that, in spite of being specific to one individual, 

spacer sequences can target globally distributed phages among individuals. Elucidation of 

the nature of sequences targeted by human gut spacers will shed light into the role of the 

CRISPR system in human associated microbial environments. 

 
Material and Methods 

 
 
Sample collection and phage particles isolation 

For extensive description see Material and Methods in chapter 2. Briefly, samples 

from two time points were collected from two healthy individuals of 26 and 55 years 

respectively over a period of time of 15 months (subject 1) and 3 months (Subject 2). 
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Phage particles were purified through centrifugation and subsequent filtration to 

eliminate cellular contamination, and further enriched using CsCl density gradients. The 

fraction enriched in bacteriophages was dialyzed and DNAse treated, and DNA from 

particles was extracted using a commercial kit. 

 

CRISPR analysis in prevalent human gut bacterial species 

A database with the sequences from the most frequent 56 bacterial species 

identified in Qin et al. 2010 was created (154). CRISPR loci were identified in species 

using CRISPR-finder tool (78). A 20kb region upstream the CRISPR array was extracted 

and ORFs were predicted using the program Glimmer implemented through Geneious 

(92). ORF were translate and compared against a database of CRISPR-Cas proteins 

downloaded from NCBI on 071918 using conventional BLASTp. Hits with an e-value 

<1E-3 were further selected. The protein id from the best match (highest e-value) was 

selected as the correspondent ORF id. To identify the tracrRNA the region between the 

CRISPR array and the first ORF in the CRISPR-Cas cassette was aligned to the 20kb 

region upstream of the CRISPR-array. To identify the PAM sequences of the 6 CRISPR 

systems under study, 3 or 5 (for DR7) nucleotide sequences on each side of the 

protospacer (when identified in the phage sequence) were manually inspected, and logos 

were generated using the sequence logo generator from Berkeley University 

(logo@compbio.berkeley .edu). 

 

CRISPR- Bacterial DNA isolation, PCR amplification and sequencing and analysis 
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Total DNA was extracted from stool samples using the PowerSoil® DNA 

Isolation kit from MOBio. Amplicon libraries were obtained by PCR amplification using 

barcoded primers with a forward primer (5’CCTACGGGAGGCAGCAG3’) and a 

reverse primer (5’GGACTACHVGGGTWTCTAAT3’) that anneal to the conserved 

regions flanking the variable region V3-V4. The PCR amplicons were purified with 

magnetic beads. Amplicon quality and concentration were analyzed by Bioanalyzer 

(Agilent 2100) and Qubit® 2.0 Fluorometer. PCR amplicons were pooled in equimolar 

amounts and deep-sequenced using Illumina MySeq paired end technology (300bp 

reads). Sequences were analyzed using MOTHUR (178).  

 

Spacer amplification and extraction 

PCR was performed with Phusion High Fidelity polymerase (New England 

Biolabs) using 50pmols of DR-specific primes specified in Table SE.3 and 10 ng of 

bacterial genomic DNA in a final volume of 50ul. Recommended cycling was followed. 

PCR amplicons from each DR were pooled in equimolar amounts by individual time 

point and were deep-sequenced using Illumina MySeq paired end technology (300bp 

reads). 

 

Spacer sequences reads process and extraction 

First, R2 reads were reverse complemented and merged with R1 reads. Reads that 

contained two or more spacer sequences were selected with an in-house python script as 

follows. Reads were screen for sequences that started with and had more than 2 copies of 
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either the DR-forward primer and the reverse-complemented DR-reverse primer, or the 

DR-reverse primer and the reverse-complemented DR-forward primer. Subsequently, 

spacer sequences between DRs were extracted. Additionally, the first spacer from each 

read that only contained one copy of the DR forward or reverse primer combination were 

extracted. It’s important to note that spacer extraction was highly stringent since no 

mismatches were allowed in the DRs-primer sequence. All spacers were pooled together 

by sample and DR, and deduplicated yielding a total of 61,285 unique spacers by sample. 

 

Identification of homologous spacer sequences through network analysis 

Unique spacers by individual time point (61,285) were pooled together and 

subjected to an all-to-all BLASTn comparison. Resulting matches were parsed using a 

network analysis python script developed by Bolduc et al. 2015 with the following 

parameters: pairwise identity >95% over >95% of match length, match length > 21bp, e-

value <1E-3, community membership >1(21). Network analysis analyzes the number and 

strength of matches and groups spacers into groups of highly similar sequences. Spacer 

sequences from a network group were considered homologous spacers.  

 

Spacer sequences mapping to phage sequences and BLASTn comparison to phage 

databases 

Unique spacers by individual time point (61,285) were mapped to phage reference 

sequences using Geneious version 9.1.5 with no fine-tuning iterations and low-sensitivity 

settings with the following modifications: maximum gap size=1, word length=14, 
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maximum mismatches per read=15%, minimum overlap= 25bp (selected) (92). Unique 

spacer sequences among all samples (49,918) were compared through BLASTn analysis 

to the pVOGs database (77), and to the ACLAME database (109) through Geneious using 

the following parameters: word size=7, max e-value=1E-3, percentage identity=80% and 

percentage query covered by match=80%.  

 
Supplementary Information for Appendix E 

 
 
Table SE.1 Most frequent human gut bacteria CRISPR content. 

Rank 
abundance 

Species GenBank Accession 
number 

CRISPRs 
loci 

Number 
of 

spacers 
3 Parabacteroides 

merdae 
NZ_AAXE00000000 3 54 

4 Dorea longicatena NZ_AAXB00000000 1 18 
9 Eubacterium halii NZ_ACEP00000000 4 66 

13 Faecalibacterium 
prausnitzii SL3 3 

NZ_ABED00000000 1 4 

14 Ruminococcus 
lactaris 

NZ_ABOU00000000 2 42 

18 Roseburia 
intestinalis M50 1 

NZ_ABYJ00000000 3 80 

21 Parabacteroides 
distasonis ATCC 

8503 

NC_009615 1 4 

26 Eubacterium 
rectale M104_1 

NC_012781 2 68 

28 Coprococcus comes 
SL7 1 

NZ_ABVR00000000 1 15 

31 Eubacterium 
ventriosum 

NZ_AAVL00000000 1 14 

32 Bacteroides dorei NZ_ABWZ00000000 1 15 
35 Bacteroides 

capillosus 
NZ_AAXG00000000 3 91 

36 Streptococcus 
thermophilus LMD-

9 

NC_008532 3 27 
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38 Holdemania 
filiformis 

NZ_ACCF00000000 4 42 

40 Coprococcus 
eutactus 

NZ_ABEY00000000 1 75 

41 Clostridium sp. 
M62 1 

NZ_ACFX00000000 1 47 

46 Clostridium sp. L2-
50 

NZ_AAYW00000000 1 52 

47 Clostridium nexile NZ_ABWO00000000 4 63 
50 Ruminococcus 

gnavus 
NZ_AAYG00000000 1 28 

52 Bacteroides fragilis 
3_1_12 

NZ_ABZX00000000 1 1 

53 Clostridium 
asparagiforme 

NZ_ACCJ00000000 4 70 

55 Clostridium 
scindens 

NZ_ABFY00000000 3 61 

56 Blautia hansenii NZ_ABYU00000000 2 37 
 

 
 
Table SE.2. Direct repeats found in prevalent human gut bacterial genomes 

Direct repeat 
name (forward if 

known) 

Sequence Type 

DR_1_Bacteroides 
capillosus 

GTCGCTCCCCACACGGGGAGCGTGGATTGAAAT TypeIC 

DR_2_Bacteroides 
capillosus 

TGCGGAGACCCCGTGAGGGGAGCGGGTTGCATC NA 

DR_3_Bacteroides 
capillosus 

GATACAACCCACTCCCCTCACGGGGACTGAAAC NA 

DR_4_Bacteroides 
capillosus 

TTTCAGCCCCCGTGAGGGGCATGGGTTTCATC NA* 

DR_5_Bacteroides 
capillosus 

CGTTTGACCCCGTGAGGGGCGCGGGTTGCATC NA 

DR_6_Bacteroides 
capillosus 

TTGCAGACCCCGTGAGGGGAAAGAGCCGCATT NA 

DR_7_Bacteroides 
dorei 

GTTGTTTCCAATGGTTCAAAGATACTAATTTGAAAGCAAA
TCACAAC 

TypeII 

DR_8_Bacteroides 
fragilis 3_1_12 

AAGTTGGGTTTTTGTCCCTATCT NA 

DR_9_Blautia 
hansenii 

ATTTACATTCCAATATGTTTCTATTAATAC No 
match 

DR_10_Blautia 
hansenii 

GATGCATTTTATATATATAAGTGGATTGAAATC NA 

DR_11_Blautia 
hansenii 

GATGCATTCTACATATATAAGTGGATTGAAATA NA 
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DR_12_Clostridium 
asparagiforme 

GGCGGAAACAGTGCAGCGGACGGCGGAA NA 

DR_13_Clostridium 
asparagiforme 

GCGGGAAGCGGATATGCGGACGGCGGCG NA 

DR_14_Clostridium 
asparagiforme 

GTCGAGGTCTGCGAAGGCCTCGTGGATTGAAAT TypeIC 

DR_15_Clostridium 
asparagiforme 

GTCGCATTCTGTGAGGGAGTGCGTGGATTGAAAT NA 

DR_16_Clostridium 
asparagiforme 

TCGCATTCTTGTGAAGGAATGCGTGGATTGAAAT NA 

DR_17_Clostridium 
asparagiforme 

GTCACAGCCTGCGAAGGCTGTGTGGATTGAAAT Unkno
wn 

DR_18_Clostridium 
nexile 

GTCACTCCCTTCGCGGGAGTGTGGATTGAAAT TypeIC 

DR_19_Clostridium 
nexile 

ATATACCACCACACTCCCGCGAAGGGAGTGAC NA 

DR_20_Clostridium 
nexile 

TGTCGCTCCCTTCACGGGGAGCGTGGATTGAAAT Unkno
wn 

DR_21_Clostridium 
nexile 

GGTCGCTCCCTTCACGGGGAGCGTGGATTGAAAT NA 

DR_22_Clostridium 
nexile 

CGTCGCTCCCTTCACGGGGAGCGTGGATTGAAAT NA 

DR_23_Clostridium 
nexile 

GTCGCTCCCCTCGTGGAAGCGTGGATTGAAAT TypeIII 

DR_24_Clostridium 
scindens 

GTCGTTCCCTGCAATGGGAACGTGGATTGAAAT TypeIII 

DR_25_Clostridium 
scindens 

GTCTCTCCCTGTATAGGGAGAGTGGATTGAAAT TypeIC 

DR_26_Clostridium 
scindens 

GTCTCCACCTGTGTGGTGGAGTGGATTGAAAG TypeIII 

DR_27_Clostridium 
sp. L2-50 

GTTTTAATAGATACATGGTGGAATGTGAAT TypeIB 

DR_28_Clostridium 
sp. L2-52 

GTTTTAATAGATACATAGTGTGGAATGATA NA 

DR_29_Clostridium 
sp. M62 

GTCGCTCCCCTCGCGGGAGCGTGGATTGAAAT NA* 

DR_30_Coprococcus 
comes SL7 1 

CTATTGCTTGGATTACGGTATCTACGAAAC NA* 

DR_31_Coprococcus 
eutactus 

GTCGCTCCGTTCGCCGGAGCGTGGATTGAAAT TypeIC 

DR_32_Coprococcus 
eutactus 

GTCGCTCCGTTTGCCGGAGCGTGGATTGCGTT NA 

DR_33_Dorea 
longicatena 

GTTTGAGAATGATGTAAAAATGTATGGTACACAAGC Type II 

DR_34_Eubacterium 
halii 

AATAGAAACATATTGGAATGTAAAT NA 

DR_35_Eubacterium 
halii 

GAATTAATAGAAACATTGTGGAATGTAAAT No 
match 

DR_36_Eubacterium 
halii 

ATTAAAATAGAGACATAATGGAATGTAAAT TypeIB 

DR_37_Eubacterium 
halii 

ACGAACTTTCTACTGTGTCTCTATTTTAAT NA 
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DR_38_Eubacterium 
halii 

GAATTAATAGATACATTATGGAATGTAAAT NA* 

DR_39_Eubacterium 
rectale M104_1 

GTTTTACAGTCACGTAAATTATTCAGTTACTAAAAT Type II 

DR_40_Eubacterium 
rectale M104_1 

GTCGCTCCTCTCGTGGGAGCGTGGATTGAAAT Type IC 

DR_41_Eubacterium 
ventriosum 

AATGTAATCATATTTAATTTCTTCAGGTACTAAAAT NA 

DR_42_Eubacterium 
ventriosum 

ATTTTAGTACCTGAAGAAATTAAGTTATCGTAAAAC Type II 

DR_43_Faecalibacter
ium prausnitzii SL3 3 

TGGTAAGCCCCGCGTATGCGGGG NA 

DR_44_Faecalibacter
ium prausnitzii SL3 3 

GGATCACCCCCGCGTATGCGGGG NA 

DR_45_Holdemania 
filiformes DS 

GTCGCAAGCTACACGCTTGCGTGGATTGAAAT Type IF 

DR_46_Holdemania 
filiformes DS 

GTCATACCGCGCGAGCGGTATGTGGATTGAAAT NA* 

DR_47_Holdemania 
filiformes DS 

GTCGCATCGCTCACGCGGTGCGTGGATTGAAAT NA 

DR_48_Holdemania 
filiformes DS 

GTCGCATCGTTTGCGTACGATACGTAGATAGAAAT NA* 

DR_49_Parabacteroid
es distasonis ATCC 

8503 

GTCGCACCCCGTGTGGGTGCGTGGATTGAAAC NA 

DR_50_Parabacteroid
es merdae 

CTTCAATGAGGCCAAAATATTTT NA 

DR_51_Parabacteroid
es merdae 

GTACAAAGTGTTCAAATTATTTT NA 

DR_52_Parabacteroid
es merdae 

CCACAAAGTGTCCAATTCATTTT NA 

DR_53_Parabacteroid
es merdae 

GTCGCATCTTTTACAGATGCGTGGATTGAAAC Type I 

DR_54_Parabacteroid
es merdae 

GTCGTACCTTATATAGGTACGTGGATTGAAAC No 
match 

DR_55_Parabacteroid
es merdae 

GTCGTACCTTATATAGGTACGTGCATTGGCCA NA 

DR_56_Roseburia 
intestinalis M50 1 

ATTATACCATACCAAGTGATAACAGGGAATTACAAC Type II 

DR_57_Roseburia 
intestinalis M50 1 

TCTGATTTTCCTCATTATCACTTGGTATGGTATAAT NA 

DR_58_Roseburia 
intestinalis M50 1 

ATTGAGATATAAGACCCCCGAGAAGGGGACGAGAAC NA 

DR_59_Roseburia 
intestinalis M50 1 

ATTGAGATAAGAGACTCCCGTAGAGGGGACGAGAAT NA* 

DR_62_Ruminococcu
s lactaris 

GTTTGAGAATGATGTAAAAATGTATGGTACTCAAAC Type II 

DR_63_Ruminococcu
s lactaris 

GTCACTTCCCTTGCGGAAGTGTGGATTGAAAT TypeIC 

DR_64_Streptococcu
s thermophilus LMD-

10 

GATATAAACCTAATTACCTCGAGAGGGGACGGAAAC NA 
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DR_65_Streptococcu
s thermophilus LMD-

11 

GTTTTAGAGCTGTGTTGTTTCGAATGGTTCCAAAAC Type II 

DR_66_Streptococcu
s thermophilus LMD-

9 

GTTTTTGTACTCTCAAGATTTAAGTAACTGTACAAC Type II 

Highlight in red are the end motif frequently found in DR; Highlight in blue are the end motifs 
associated with Type-II CRISPR systems. 
 
Table SE.3. Direct Repeat sequences used to amplify spacer sequences in a DR-specific 
manner. 

DR Organism GenBank 
Accession number 

Direct repeat sequence 

1 P. capillosus NZ_AAXG00000000 GTCGCTCCCCACACGGGGAGCGTGGATT
GAAAT 

7 B. dorei NZ_ABWZ00000000 GTTGTTTCCAATGGTTCAAAGATACTAATTT
GAAAGCAAATCACAAC 

18 C. nexile NZ_ABWO00000000 ATTTCAATCCACACTCCCGCGAAGGGAGT
GAC 

36 E. halii NZ_ACEP00000001 ATTTACATTCCATTATGTCTCTATTTTAAT 
40 E. rectale 

M104_1 
NC_012781 ATTTCAATCCACGCTCCCACGAGAGGAGCG

AC 
53 P. merdae NZ_AAXE00000000 GTCGCATCTTTTACAGATGCGTGGATTGAA

AC 
Forward primer; Reverse primer 
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Most of the analysis performed in this thesis was done using command line programs, 
Geneious, Microsoft excel and R. Example of the basic commands used are presented 
here. 
 
Quality trimming 16S reads 
trimmomatic PE -threads 32 -phred33 -trimlog name.log R1_001.fastq R2_001.fastq 
R1_trim_pair.fastq R1_trim_unpair.fastq R2_trim_pair.fastq R2_trim_unpair.fastq  
AVGQUAL:35 
 
Metagenomic reads trimming 
trimmomatic PE -threads 32 -phred33 -trimlog name.log R1.fastq R2.fastq 
R1_trim_pair.fastq R1_trim_unpair.fastq R2_trim_pair.fastq R2_trim_unpair.fastq 
LEADING:3 TRAILING:3 SLIDINGWINDOW:4:15 MINLEN:50 
 
IDBA-assembly 
fq2fa --merge --filter pathR1 pathR2 output-interlaced.fasta 
idba_ud -o output_filename -r interlaced_file.fasta --mink 100 --maxk 250 --min_contig 
1000 --num_threads 32"% 
*maxk = maximum length of reads 
 
VICUNA assembly 
vicuna-omp.static.linux64 Vicuna_file.txt 
 
Vicuna_file.txt 
===============================================================
============= 
=     Configuration file of Diversifier 
===============================================================
============= 
   
/* ----------------------------------------------------------------------- 
 *       Trimmer  
 * ----------------------------------------------------------------------- 
 */ 
   
// The path to the Fasta file storing vectors used for trimming; [default ""] 
//vectorFileName /seq/viral/analysis/xyang/data/exp_1/vector.fa 
 
// minimum prefix/suffix length of a read that matches a vector 
// for trimming to be applied; [default 7] 
minMSize 9 
 
// minimum length of an internal sub-read that matches a vector 
// for the read to be discarded; has to be shorter than any read  
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// [default 15] 
// minInternalMSize 15 
 
// a sub-read is considered internal if the distance between either of its 
// ends and the ends of the full read exceeding this value; [default 4] 
maxOverhangSize 2 
 
// minimum length of a read that will be retained after trimming;  
// [default 25] 
// minReadSize 25 
 
/* ----------------------------------------------------------------------- 
 *        Profiler  
 * ----------------------------------------------------------------------- 
 */ 
 
// Fasta file storing Multiple Sequence Alignment (MSA) of HIV 
// genomes from database 
//MSAFileName result/LANL-HIV-1B-07082011/hiv-1B-cleaned.algn 
 
// number of bins for dividing MSA, in the range of [10, 256] [default 20]  
//binNumber 20 
 
// [default 15] 
//kmerLength 15 
 
// maximum Hamming variation allowed in each kmer [default 1] 
//maxHD 1 
 
// minimum spanning of kmers on a read to call a valid mapping [default 75]   
//minSpan 80 
 
// number of blocks for dividing kmer indices 
// has to be >= MaxHD and <= KmerLength, [default 5]  
//blockNumber 5 
 
// output file storing IDs of reads that have been mapped to bins;  
// [default ""] 
//rMapFileName output/rmap.txt  
 
/* ----------------------------------------------------------------------- 
 *        Contiger  
 * ----------------------------------------------------------------------- 
 */ 
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// word size for shingling [default 12] 
//w1 12  
 
// word size for super-shingling [default 5] 
//w2 8  
 
// maxmum % of divergence between read & consensus [default 10] 
Divergence 8 
 
// number of base pairs that can be ignored towards either end of a read, 
// this accounts for insufficient trimming, PCR artifacts,  
// sequencing errors, etc. [default 4] 
max_read_overhang 2 
 
 
/* The following 3 parameters are used to determine the reliable interval 
 * start/end positions of a consensus 
 */   
  
// minimum weight of a profile column [default 5] 
//min_profile_col_weight 5 
 
// minimum percentage ratio between the weight of the consensus base and  
// the total weight of the profile column [default 85] 
//min_consensus_base_ratio 85 
 
// max length of unreliable region in either end of the consensus [default 10] 
max_contig_overhang 10 
 
/* The following 2 parameters are used to determine low frequent variants 
 * of a contig, which will be removed b4 aligning two contigs 
 */ 
// min frequency of length polymorphic region to be considered for contig 
// alignment [default 5] 
//min_perc_polymorphism 5 
 
// maximum length of any variant that will be removed b4 contig alignment   
// [default 20] 
//max_variant_len 20  
 
// seed kmer length to computer overlap between two contigs  
// has to be in the range of [9, 16] [default 12] 
//seed_kmer_len 12 
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// minimum length of overlap to merge two contigs in lieu of insufficient 
// paired links [default 25] 
//min_contig_overlap 25 
 
// minimum number of paired links to merge two contigs in lieu of  
// insufficient overlap: [seed_kmer_len, min_reliable_overlap]  
// [default 3] 
//min_contig_links 2 
 
// minimum percent identity to merge two contigs 
//min_identify 90 
 
/* ----------------------------------------------------------------------- 
 *   General Parameters for Assembly 
 * ----------------------------------------------------------------------- 
 */ 
 
// Input folder for paired fastq files, note dir has to end with '/' [default ""] 
pFqDir
 /mnt/lustrefs/work/mariadelpil.manrique/d12f771.work/trimmomatics_command_
line_hyalite_Norman/16127_Norman_Trimmomatics/16127_Norman_Trimmomatics_pa
ired/ 
 
// Input folder for non-paired fastq files [default ""] 
//npFqDir input/single/ 
 
// Input folder for paired fasta files [default ""] 
//pFaDir "" 
 
// Input folder for non-paired fasta files [default ""] 
//npFaDir "" 
 
// Number of total reads to be processed per batch [default 2M] 
batchSize 1000000  
 
// [default -1] 
LibSizeLowerBound 100 
// [default -1] 
LibSizeUpperBound 800 
 
// min length of contig that will be included in the output [default 300] 
min_output_contig_len 500 
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// output directory [default "./"] 
//outputDIR /seq/viral/analysis/xyang/TMP/454/2599/ 
outputDIR 
 /mnt/lustrefs/work/mariadelpil.manrique/d12f771.work/16127_Norman_vicuna_a
ssemblies/ 
 
MIRA assembly 
 
mira-4.0/bin/mira Manifest_File_MIRA.txt 
Manifest file: 
project = project name 
job = genome,denovo,accurate 
parameters = -GE:kpmf=30 number_of_threads=32 -NW:cmrnl=no 
 
readgroup = sample name 
data = ./R1.fastq ./R2.fastq 
technology = solexa 
segment_placement = ---> <--- 
 
Read deduplication (unique reads) 
cat R1 R2 > merged-file 
cd-hit-dup -i merged-file -o merged-file-dedup -m false 
 
Bowtie read alignment 
bowtie2-build reference-file.fasta index-name 
bowtie2 -p 30 --no-unal -sensitive -f -x index_name -U fasta_file.fasta -S outputfile.sam 
 
All-to-all BLASTn and Network analysis 
makeblastdb -in fasta_file.fasta -dbtype nucl -input_type fasta -hash_index -out 
fasta_file_blastdb 
 
blastn -num_threads 32 -task blastn -query fasta_file.fasta -db fasta_file_blastdb -evalue 
1E-20 -qcov_hsp_perc 0.5 -outfmt 0 -out output_name.csv 
 
Permissive network: 
python BLAST2Network-PM_for-FMT-recipients-only.py --input_ output_name.csv 
--evalue 1E-10 --hsp_identity 0.7 --hsp_length 250--community_cutoff 2 --output_fn 
output_name 
 
Stringent network for HDVI analysis: 
python BLAST2Network-PM_for-FMT-recipients-only.py --input_ output_name.csv 
--evalue 1E-20 --hsp_to_query_ratio 0.5 --community_cutoff 2 --output_fn output_name 
 
Taxonomic classification: psiBLAST to POGs database 
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psiblast -num_threads 32 -db POGseqs -query query.fasta -outfmt 6 -max_target_seqs 
10000 -evalue 1E-5 -out outputname_psiblast__POGs_1E-5.csv 
 
Commands used for OTU analysis with mothur 
make.contigs(file=MiceExp2Qual35.files, trimoverlap=F, processors=32) 
summary.seqs(fasta=MiceExp2Qual35.trim.contigs.fasta, processors=32)          
screen.seqs(fasta=MiceExp2Qual35.trim.contigs.fasta, 
group=MiceExp2Qual35.contigs.groups, 
summary=MiceExp2Qual35.trim.contigs.summary, maxambig=0, minlength=450, 
maxlength=470, maxhomop=8)          
summary.seqs()          
unique.seqs(fasta=MiceExp2Qual35.trim.contigs.good.fasta) 
count.seqs(name=MiceExp2Qual35.trim.contigs.good.names, 
group=MiceExp2Qual35.contigs.good.groups) 
summary.seqs(count=MiceExp2Qual35.trim.contigs.good.count_table)          
pcr.seqs(fasta=silva.bacteria.fasta, start=6427, end=23439, keepdots=F,processors=32)          
system(mv silva.bacteria.pcr.fasta silva.V34.fasta) 
summary.seqs(fasta=silva.V34.fasta,processors=32)        
align.seqs(fasta=MiceExp2Qual35.trim.contigs.good.unique.fasta, 
reference=silva.V34.fasta)   
summary.seqs(fasta=MiceExp2Qual35.trim.contigs.good.unique.align, 
count=MiceExp2Qual35.trim.contigs.good.count_table) 
screen.seqs(fasta=MiceExp2Qual35.trim.contigs.good.unique.align, 
count=MiceExp2Qual35.trim.contigs.good.count_table, 
summary=MiceExp2Qual35.trim.contigs.good.unique.summary, start=1, end=17012, 
maxhomop=8,processors=32) 
summary.seqs(fasta=current, count=current) 
filter.seqs(fasta=MiceExp2Qual35.trim.contigs.good.unique.good.align, vertical=T, 
trump=.,processors=32) 
unique.seqs(fasta=MiceExp2Qual35.trim.contigs.good.unique.good.filter.fasta, 
count=MiceExp2Qual35.trim.contigs.good.good.count_table) 
pre.cluster(fasta=MiceExp2Qual35.trim.contigs.good.unique.good.filter.unique.fasta, 
count=MiceExp2Qual35.trim.contigs.good.unique.good.filter.count_table, diffs=4) 
chimera.vsearch(fasta=MiceExp2Qual35.trim.contigs.good.unique.good.filter.unique.pre
cluster.fasta, 
count=MiceExp2Qual35.trim.contigs.good.unique.good.filter.unique.precluster.count_tab
le, dereplicate=t) 
remove.seqs(fasta=MiceExp2Qual35.trim.contigs.good.unique.good.filter.unique.preclust
er.fasta, 
accnos=MiceExp2Qual35.trim.contigs.good.unique.good.filter.unique.precluster.denovo.
vsearch.accnos)          
summary.seqs(fasta=current, count=current)    
classify.seqs(fasta=MiceExp2Qual35.trim.contigs.good.unique.good.filter.unique.preclus
ter.pick.fasta,count=MiceExp2Qual35.trim.contigs.good.unique.good.filter.unique.preclu
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ster.denovo.vsearch.pick.count_table, reference=trainset16_022016.pds.fasta, 
taxonomy=trainset16_022016.pds.tax, cutoff=80,processors=32) 
remove.lineage(fasta=MiceExp2Qual35.trim.contigs.good.unique.good.filter.unique.precl
uster.pick.fasta, 
count=MiceExp2Qual35.trim.contigs.good.unique.good.filter.unique.precluster.denovo.v
search.pick.count_table, 
taxonomy=MiceExp2Qual35.trim.contigs.good.unique.good.filter.unique.precluster.pick.
pds.wang.taxonomy, taxon=Chloroplast-Mitochondria-unknown-Eukaryota)          
summary.seqs() 
summary.tax(taxonomy=MiceExp2Qual35.trim.contigs.good.unique.good.filter.unique.pr
ecluster.pick.pds.wang.pick.taxonomy,count=MiceExp2Qual35.trim.contigs.good.unique
.good.filter.unique.precluster.denovo.vsearch.pick.pick.count_table) 
dist.seqs(fasta=MiceExp2Qual35.trim.contigs.good.unique.good.filter.unique.precluster.p
ick.pick.fasta, cutoff=0.20,processors=32) 
cluster(column=MiceExp2Qual35.trim.contigs.good.unique.good.filter.unique.precluster.
pick.pick.dist, 
count=MiceExp2Qual35.trim.contigs.good.unique.good.filter.unique.precluster.denovo.v
search.pick.pick.count_table) 
make.shared(list=MiceExp2Qual35.trim.contigs.good.unique.good.filter.unique.precluste
r.pick.pick.opti_mcc.list,count=MiceExp2Qual35.trim.contigs.good.unique.good.filter.un
ique.precluster.denovo.vsearch.pick.pick.count_table, label=0.03) 
remove.rare(shared=MiceExp2Qual35.trim.contigs.good.unique.good.filter.unique.preclu
ster.pick.pick.opti_mcc.shared,count=MiceExp2Qual35.trim.contigs.good.unique.good.fi
lter.unique.precluster.denovo.vsearch.pick.pick.count_table,list=MiceExp2Qual35.trim.c
ontigs.good.unique.good.filter.unique.precluster.pick.pick.opti_mcc.list,nseqs=4) 
list.seqs(list=MiceExp2Qual35.trim.contigs.good.unique.good.filter.unique.precluster.pic
k.pick.opti_mcc.0.03.pick.list) 
classify.otu(list=MiceExp2Qual35.trim.contigs.good.unique.good.filter.unique.precluster.
pick.pick.opti_mcc.0.03.pick.list,taxonomy=MiceExp2Qual35.trim.contigs.good.unique.
good.filter.unique.precluster.pick.pds.wang.pick.taxonomy, label=0.03) 
get.seqs(accnos=MiceExp2Qual35.trim.contigs.good.unique.good.filter.unique.precluster
.pick.pick.opti_mcc.0.03.pick.accnos,taxonomy=MiceExp2Qual35.trim.contigs.good.uni
que.good.filter.unique.precluster.pick.pds.wang.pick.taxonomy) 
phylotype(taxonomy=MiceExp2Qual35.trim.contigs.good.unique.good.filter.unique.precl
uster.pick.pds.wang.pick.pick.taxonomy) 
make.shared(list=MiceExp2Qual35.trim.contigs.good.unique.good.filter.unique.precluste
r.pick.pds.wang.pick.pick.tx.list, 
count=MiceExp2Qual35.trim.contigs.good.unique.good.filter.unique.precluster.denovo.v
search.pick.pick.pick.count_table, label=1) 
classify.otu(list=MiceExp2Qual35.trim.contigs.good.unique.good.filter.unique.precluster.
pick.pds.wang.pick.pick.tx.list, 
count=MiceExp2Qual35.trim.contigs.good.unique.good.filter.unique.precluster.denovo.v
search.pick.pick.pick.count_table, 
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taxonomy=MiceExp2Qual35.trim.contigs.good.unique.good.filter.unique.precluster.pick.
pds.wang.pick.pick.taxonomy, label=1) 
rename.file(count=MiceExp2Qual35.trim.contigs.good.unique.good.filter.unique.preclust
er.denovo.vsearch.pick.pick.pick.count_table, 
shared=MiceExp2Qual35.trim.contigs.good.unique.good.filter.unique.precluster.pick.pic
k.opti_mcc.0.03.pick.shared, 
constaxonomy=MiceExp2Qual35.trim.contigs.good.unique.good.filter.unique.precluster.
pick.pick.opti_mcc.0.03.pick.0.03.cons.taxonomy) 
count.groups(shared=MiceExp2Qual35.opti_mcc.shared) 
sub.sample(shared=MiceExp2Qual35.opti_mcc.shared) 
 
PCoA analysis 
bray.dist<-vegdist(abundance_matrix,method="bray") 
tax.sep.pcoa<-pco(bray_dist,k=3) 
 
DB-RDA 
dbrda(abundance_matrix~variable1*variable2,distance="bray") 
 
SIMPER-ANALYSIS 
simper(comm = abundance_matrix, group = metadata) 
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