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Abstract 
 
Microbes are the most abundant and ubiquitous living things on earth and have a key role in the 

Earth’s biogeochemical cycles, in human and animal health and in a wide array of biotechnological 

applications. Metagenomics has revolutionized the field of microbiology by allowing the direct 

analysis of microbiomes sampled from the environment and the survey of microorganisms that cannot 

be grown in laboratory conditions. Moreover, the combination of recent advances in high-throughput 

sequencing and the growing suite of computational tools being created to aid analyses of 

metagenomic data has positioned microbiome research in the spotlight.  

 

The work conducted in this PhD thesis made use of these available tools to in situ interrogate 

microbiota recovered from diverse habitats, with the staggering complexity and breadth that they 

occur and function in their source environments.  A wide range of ecological niches was sampled 

including industrial fermenters, the human gut and soil and the dynamics occurring in the 

corresponding microbiomes were explored under novel contexts, such as medication or functional 

screening systems. The investigations presented in this thesis provide insights into different aspects 

of these dynamics.  

 

The first study involved the characterization of the landscape of inter- and intra-species dynamics of 

microbial communities that form in a controlled environment such as bioethanol fermenters. Using 

shotgun metagenomic sequencing combined with industrial metadata we showed that patterns of 

these dynamics throughout the process are shared by microbiomes of different facilities and that the 

impact of contaminants on industrial performance is strain-dependent, suggesting selective strain 

removal could be an effective, non-invasive method of improving industrial process performance. 

 

The next investigation focused on the more complex interactions that exist between the human 

microbiome and human physiology in the context of statins, a cholesterol-lowering medication, using 

fecal metagenomic sequencing and plasma bile acids measurements. The complex dynamics between 

the gut microbiota and host were reflected in the associations we discovered between changes in bile 

acids (affected by statins) and specific bacterial species, as well as the type 2 diabetes-characteristic 

shifts in the gut microbiome composition that might explain the diabetogenic effect observed for this 

medication.  



 

The next part of the research deals with data from another human study, this time focusing on the 

dynamics between the bacterial and viral fraction of the human gut microbiome under the stress of 

antibiotic exposure. Following whole metagenome and virome analysis, it was revealed that genes 

conferring resistance to administered antibiotics offered a competitive advantage to their bacterial 

hosts and were actively transferred between bacteria and bacteriophages, leading to their long-term 

expansion and persistence in the gut microbiome.  

 

The last chapter zooms into the arms-race between bacteriophages and bacteria as it is reflected in 

the co-evolution of CRISPR-Cas systems and anti-CRISPR proteins. Using functional metagenomics 

four new anti-CRISPR proteins were mined from environmental samples, and their characterization 

showed widespread dissemination across bacterial phylogeny, with evidence of horizontal transfer 

between bacterial and viral genomes. These findings highlight that we have only started to scratch 

the surface of understanding the full complexity of bacterial-viral population dynamics. 

 

In conclusion, the work conducted in this PhD thesis demonstrates that metagenomic methods, either 

following or preceded by experimental results, can enhance our understanding of how natural 

microbial communities form and function, including underlying associations, traits and principles 

that govern their dynamics and evolution. Such efforts are essential towards determining how these 

communities shape their surrounding environments and harnessing them for the benefit of society. 

  



 

Dansk sammenfatning 
Bakterier er de organismer der er flest af på jorden. De har en afgørende rolle for biogeokemiske 

cykler indenfor dyre- og menneske-velfærd, og samtidigt har de en lang række bioteknologiske 

applikationer. Metagenom-analyse har revolutioneret mikrobiologisk forskning ved at facilitere 

analyse af mikrobiomer fra forskellige miljøer og har gjort det muligt at undersøge mikroorganismer 

der ikke kan kultiveres i laboratoriet. Derudover har kombinationen af nyere teknologier som high-

throughput sekventering, samt nye computationelle værktøjer sat forskning af mikrobiomet i 

søgelyset.	

 

Arbejdet der er beskrevet i denne PhD afhandling er udført ved hjælp et udvalg af disse nye værktøjer 

til  in situ at undersøge mikrobiotaen fra forskellige mijøer. En bred række af økologiske nicher er 

blevet undersøgt, her i blandt: industrielle fermentorer, det menneskelige tarmsystem og jord-

mikrobiomet. Dynamikkerne imellem mikroorganismerne på disse habitater er blevet undersøgt i nye 

kontekster, så som ved medicinering eller functionelle screenings systemer, og de foretagede analyser 

beskrevet i denne afhandling giver en indsigt ind i forskellige aspekter af disse dynamikker.    

 

Det første studie involverer karakterisering af landskabet og dynamikkerne mellem inter- og intra-

species af mikrobioelle samfund der opstår i kontrollerede miljøer såsom bioethanol fermentorer. Ved 

at bruge shotgun metagenom sekventering kombineret med industrielle metadata har vi vist at 

mønstrene af disse dynamikker igennem fermenteringsprocessen er delt imellem mikrobiomer fra 

forskellige fabrikker, og at den impact som kontaminanter har på det industrielle udbytte er forskellig 

på strain-niveau. Dette antyder at selektiv fjernelse af bestemte strains kan være en effektiv, non-

invasiv metode til at forbedre det industrielle usbytte.	

 

Det næste studie var fokuseret på mere komplexe interaktioner der eksisterer imellem det 

menneskellige mikrobiom og den menneskellige fysiologi i forhold til indtaget af statiner, som er en 

cholesterol-sænkede medicin. Til dette brugte vi fæcal metagenom sekventering og plasma-galdesyre 

målinger. Den komplexe dynamik mellem tarm-mikrobiotaen og mennesket sås i sammenhængen 

mellem ændringerne af galdesyre (der skyldes statinerne), de specifikke bakterier til stede hos disse 

patienter, samt karakteristika typiske for type-2 diabetes skift i mikrobiom-kompositionen. Dette skift 



 

i bakteriekompositionen kan potentielt forklare den diabetogeniske effekt der er observeret for denne 

type medicin.	

 

Den næste del af projektet omhandler data fra et humant studie der fokuserer på dynamikkerne 

imellem den bakterielle og virale fraktion af den menneskelige tarm-mikrobiota under antibiotika-

behandling. Ved at benytte metagenom-sekventering og viral analyse, sås det at gener der giver 

antibiotika-resistens til de administrerede antibiotika gav en kompetetivt fordel til de bakterier de sås 

i, og at disse var aktivt overført mellem bakterier og bakteriofagwe, hvilket anses for at være blandt 

årsagerne til at antibiotika-resistens gener forbliver og trives i tarm-miljøet. 	

 

Det sidste kapitel zoomer ind på kapløbet imellem bakteriofager og bakterier i form af co-evolution 

imellem CRISPR-Cas systemer og anti-CRISPR proteiner. Ved at benytte functional metagenom-

analyse blev fire nye anti-CRISPR proteiner fundet i miljø-prøver og karakteriseringen af disse viste 

at de var meget udbredte imellem den bakterielle fylogeni, hvilket tyder på horizontal gen transfer 

imellem bakterier og vira. Disse opdagelser understreger at vi kun lige har set toppen af isbjerget i 

forhold til den fulde kompeksitet af bakterie-vira populations-dynamikker. 

 

Afslutningsvist har arbjedet i denne PhD afhandling demonstreret at metageom-metoder der enten 

følger, eller er blevet fulgt op af experimentelle resulstater, kan udvide vores forståelse af hvordan de 

naturlige mikrobielle samfund formes og fungerer. Metagenom-guidede forsøg der bliver brugt til at 

undersøge de underliggende associationer, egenskaber, og principper ved disse bakterie-samfunds 

dynamikker, og tillader dem at forme deres omkringlæggende miljø, er essentielle for at kunne 

udnytte dem til en brug der vil gavne vores samfund.	
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PhD Thesis Outline 
 

This PhD thesis is divided into six chapters. The first chapter is an introduction to the field, followed 
by four chapters presented as article manuscripts covering the experimental work carried out during 
this PhD and a final concluding chapter. 
 
Chapter 1: Introduction 
This Chapter discusses metagenomics-resolved dynamics of both free-living and host-associated 
microbial communities that form in different environmental niches. It also includes a brief review of 
particular technical aspects of metagenomic studies. 
 
Chapter 2: Ethanol biorefineries share microbiome dynamics and specific detrimental 
contaminant strains 
This Chapter presents the analysis of simple microbial communities that form in bioethanol 
fermenters, including their species- and sub-species-level composition and dynamics throughout the 
fermentation process, as well as their impact on industrial performance. 
 
Chapter 3: Atorvastatin-mediated bile acid alterations create a pre-diabetic gut microbiome 
This Chapter examines the interactions between bile acids and the human gut microbiota within the 
context of statin therapy, in order to understand the mechanisms underlying the diabetogenic effects 
of this medication and the overall dynamic relationship between the gut microbiome and human 
physiology. 
 
Chapter 4:  Antibiotic treatment and mobilome drive expansion and long-term persistence of 
specific resistance genes 
This Chapter focuses on the antibiotic-induced changes on the composition and dynamics of the 
human gut bacterial and viral microbiome. Of particular interest is the abundance, persistence and 
horizontal transfer of antibiotic resistance genes in this environment. 
 
Chapter 5: Discovery and characterization of Cas9 inhibitors disseminated across seven 
bacterial phyla 
This Chapter is devoted to the metagenomic-driven discovery of anti-CRIPSR proteins and 
subsequent characterization of their phylogenetic and genomic context and the interpretation of these 
findings in the terms of bacteria-virus co-evolution. 
 
Chapter 6: Conclusions and perspectives 
This Chapter describes the novelty produced by this thesis, as well as limitations of the experimental 
work carried out. It also presents an outlook on future metagenomics-based applications in clinical, 
biotechnological and industrial settings. 
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Chapter 1 ½ Introduction 
	



Chapter 1 | Introduction 2 

1. Microbiology 2.0: The metagenomics era 

Microbes, discovered in the 1670s by Anton van Leeuwenhoek, include bacteria, archaea, viruses and 

eukaryotes such as fungi and protozoa. They represent the largest proportion of biomass on Earth, with a 

total number of prokaryotic cells estimated to be 4–6 × 1030 (Bunge et al., 2014) and total number of 

unique microbial species in the order of 1011–1012 (Locey and Lennon, 2016).  Microbes inhabit the widest 

variety of ecosystems, including less-hospitable habitats, such as hot springs, acid mine waters and deep-

sea hydrothermal vents (Mirete et al., 2016) and can be free-living or host-associated (Thompson et al., 

2017). Microbes are the engines that power system-level processes (Falkowski et al., 2008) and their 

activities shape the biogeochemistry of the planet (Prosser et al., 2007; Sunagawa et al., 2015) and 

macroorganism health (Huttenhower and Human Microbiome Project Consortium, 2012). 

 

Environmental DNA analysis of microbial communities estimates that only 0.1 to 1% of prokaryotes are 

culturable (Culligan et al., 2014), while a part of eukaryotic microbes is also uncultivable (Hirst et al., 

2011). This realization fueled the advent of metagenomics, the study of the genetic material directly 

recovered from the environment (Handelsman, 2004). Metagenomics has existed since the late 1990s 

(Handelsman et al., 1998) but exploded as a field with the recent advances and availability of high-

throughput sequencing (Jones, 2010). This technology has enabled extensive cataloging of metagenomic 

samples, bypassing the need for isolation and lab cultivation of individual species and yielding billions of 

short reads. Taking into account the novel bioinformatics developments for data processing and analysis 

(discussed in the following sections), scientific output in this field has been steadily rising in many areas 

of science spanning from clinical research to biotechnology (Taroncher-Oldenburg et al., 2018). The 

result is that metagenomics has started to shape modern microbiology; it has transformed our 

understanding of microbial biodiversity and revolutionized microbial ecology and evolution studies by 

enabling unprecedented analyses of genome heterogeneity and evolution in environmental contexts 

(Handelsman, 2004) and driving the discovery of a vast number of lineages without isolated 

representatives (Almeida et al., 2019; Brown et al., 2015; Hug et al., 2016; Parks et al., 2017).  

 

The concept of the “microbiome” was first suggested by Joshua Lederberg, who coined the term to signify 

the “ecological community of commensal, symbiotic, and pathogenic microorganisms that inhabit the 

human or animal body or exist in other environments” (Lederberg and McCray, 2001). Nowadays, the 

term “microbiota” is more commonly used to represent the collective microorganisms residing in an 

environmental niche, while the term “microbiome” is used to represent the collective genomes of these 
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microorganisms (Ley et al., 2006; Turnbaugh et al., 2007). In the past 15 years since it was first used, 

metagenomics has enabled large-scale investigations of complex microbiomes sampled from soil (Fierer 

et al., 2012; Hultman et al., 2015), freshwater (Lee et al., 2016; Oh et al., 2011), marine (Venter et al., 

2004) as well as host-associated (Oh et al., 2014; Qin et al., 2010a) environments. Endeavors such as the 

Human Microbiome Project (Huttenhower and Human Microbiome Project Consortium, 2012), the 

TARA Oceans Project (Sunagawa et al., 2015) and the Earth Microbiome Project (Gilbert et al., 2014), 

have generated vast amounts of raw data and have begun to paint the big picture of the structure, function 

and dynamics of microbiomes of diverse niches. 

 

In the following sections, we will discuss how metagenomics can aid the survey of microbial dynamics 

in different environmental niches ranging from controlled environments such as industrial fermenters to 

complex ones such as the human gut and soil. Specifically, the focus will be on interactions in terms of 

gene flow and population dynamic between bacteria, or between bacteria and bacteriophages, as well as 

interactions between bacteria and their biotic (human) or abiotic environment (industrial processes).  

2. Microbiomes of controlled environments  
2. 1 Built environments as model systems for microbial dynamics  

A microbial ecosystem is a system that consists of all the microorganisms that live in a certain area or 

niche and function together in the context of their biotic and abiotic environment (Raes and Bork, 2008). 

Microbial communities range from simple, such as the low complexity microbiota of bioreactors (as 

discussed in Chapter 2) to highly complex ones that contain hundreds or thousands of species, such as the 

microbiota in the human gut (Chapters 3 and 4), in soil communities and in ocean dwelling (Raes and 

Bork, 2008) (Figure 1).  
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Figure 1: The varying complexity of microbiomes of diverse habitats. Rarefaction curves of shotgun metagenomic 
samples originating from different environmental niches. Purple denotes metagenomes of bioethanol fermenters (samples 
taken from the study presented in Chapter 2), blue denotes metagenomes of the human gut (samples taken from the study 
presented in Chapter 3) and yellow denotes soil metagenomes (publically available samples taken from (Orellana et al., 
2018), ENA: PRJEB20068). Reads from all samples ( 2x150bp) were classified using Metaphlan2 v.2.6 (Senavirathne et 
al., 2015) and species-level read counts were extracted to draw rarefaction curves using R package vegan. x-axis: 
rarefaction depth (number of reads sampled); y-axis is the number of unique species that have been observed within the 
samples. The height of the curve reveals the increasing richness of samples going from industrial to the human gut and 
to soil microbiomes. Soil sample 5 does not reach an asymptote, which suggests sequencing depth has not reached 
saturation point for that sample. 
 

Thanks to their rapid growth and short generation times, microbes are ideal for studying community 

stability and response to perturbations (Raes and Bork, 2008). However, our ability to characterize the 

role of these communities in their ecosystems is hampered by the difficulty in culturing them and in 

accurately replicating environmental conditions on lab scale (Wolfe et al., 2014). One way to overcome 

these challenges and get a mechanistic understanding of microbial communities is to study microbial 

ecosystems that are simpler than the compositions and dynamics found in natural communities, yet still 

representative of them. Certain built environments that rely in consortia of different functional groups of 

microorganisms, such as in food production (Wolfe and Dutton, 2015), facilities for wastewater treatment, 

as well as in biofuel industries (e.g. bioethanol, biogas, biohydrogen) can be considered as potential model 
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systems for microbial dynamics. Microbial communities within these environments form under conditions 

that allow control over the flow into the community, environmental conditions, and growth substrates 

(Wolfe and Dutton, 2015). Furthermore, they develop on short timescales and allow for easy access to 

samples at various process stages, thus enabling the in situ study of longitudinal dynamics of community 

formation. Industrial microbial communities also offer the opportunity for defined spatial sampling as 

they form as part of discrete units (eg. wheel of cheese or centrifuge in bioethanol fermentation plants), 

while facilities are commonly spread across multiple geographic regions. This allows comparisons of the 

impact of different raw materials (eg. corn vs sugarcane for bioethanol production), environmental 

conditions and process parameters on community profiles. Moreover, as these are not host-associated 

communities, there is absence of interactions with the host immune system and overall physiology, thus 

simplifying experimental analysis. Finally, conditions for isolating microbial community members and 

recreating community formation in the lab can be designed to closely resemble conditions in situ (Wolfe 

et al., 2014).  

 

Wolfe et al. used a multi-omics approach to showcase how cheese rind microbial consortia can be used 

as model systems for in situ and in vitro studies of microbial diversity (Wolfe et al., 2014). In Chapter 2 

we show that industrial bioethanol fermenters can also be regarded as a tractable model ecosystem for the 

exploration of microbial dynamics and demonstrate that environmental parameters and community 

dynamics can be replicated and easily measured at lab scale. The following paragraphs focus on insights 

gained by using metagenomics to interrogate microbiomes in the context of industrial bioreactors. 

 

2.2 Metagenomic applications in controlled environments 

The study of the microbial ecology of industrial settings has undergone a major revolution with the rise 

of culture-independent tools (Ercolini, 2013). Metagenomic methods have been applied primarily to 

monitor contamination that can lead to costly and dangerous operational problems and threaten the safety 

of product consumption. This practice has been reported extensively in the food industry for pathogens 

or spoilage associated organisms (Ercolini, 2013), the biofuel industries (Beckner et al., 2011; Chang et 

al., 1995; Skinner and Leathers, 2004) as well as industries not involving biological processes such as 

papermaking (Granhall et al., 2010), hydrocarbon fuels (White et al., 2011) and gas pipelines (Zhu et al., 

2003). Another incentive for performing metagenomic analyses of industrial microbiomes has been the 

precise characterization of the complete ecology of the microbial consortia involved with the final 

objective to link microbial community structure to process performance (Johnston et al., 2019; Zhang et 

al., 2018a). This has been reported for fermented food production (Calasso et al., 2016; Wolfe et al., 2014) 
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that often involves undefined starter cultures (Ercolini et al., 2012), adventitious microbiota (Bokulich et 

al., 2012) and/or multiple stages with mixed consortia (Bokulich et al., 2014; Jung et al., 2012) which are 

key to product safety, flavor, texture, and aroma (Hutkins, 2007). Lastly, often the reasoning behind such 

studies is a combination of both instances mentioned above, as for example when monitoring 

contamination of starter cultures (Stellato et al., 2015), or when evaluating which members of the 

contaminating microbiome are in fact detrimental to process performance (Costa et al., 2015; Li et al., 

2016a; Lucena et al., 2010a), as discussed in Chapter 2. 

 

2. 3 Microbiome of bioreactors: the Brazilian bioethanol industry as a case-study 

Microbial contamination from production processes of bio-commodities such as ethanol is expected and 

tolerated (Lucena et al., 2010b). Some of the major contaminants during bioethanol fermentations are 

lactic acid bacteria (LAB), i.e. bacteria that produce lactic acid as a primary or secondary end-product of 

fermentation, with the term conventionally being assigned to members of the order Lactobacillales, which 

includes Lactobacillus, Lactococcus, Leuconostoc, Pediococcus, and Streptococcus at its core, as well as 

Aerococcus, Carnobacterium, Enterococcus, Oenococcus, Tetragenococcus, Vagococcus, and Weissella 

at its periphery. Contamination by LAB has been reported to be a persistent problem in ethanol production 

from sugarcane, but also in ethanol production from corn (Skinner and Leathers, 2004), wheat (Hynes et 

al., 1997), tapioca, barley (Chang et al., 1995, 1997), malt (Makanjuola and Springham, 1984), triticale, 

and rye (Leja and Broda, 2009). LAB thrive in such environments possibly because of their tolerance to 

ethanol, low pH and high temperature (Narendranath and Power, 2005), as well as because S. cerevisiae 

can provide a niche for them via nitrogen overflow (Ponomarova et al., 2017). Furthermore, lactobacilli 

have been shown to form biofilms in sugarcane ethanol fermentation tanks (Dellias et al., 2018), which 

could also contribute to their persistence in the fermentative process.  

 

LAB are detrimental to Sacharomyces cerevisiae viability (Chin and Ingledew, 1994; Ludwig et al., 2001; 

Nobre et al., 2007), especially in combination with high concentrations of acetic acid (Abbott et al., 2005; 

Narendranath et al., 2001), while they also compete for nutrients needed for yeast growth and fermentation 

(Bayrock and Ingledew, 2004; Skinner and Leathers, 2004). Indeed, Lactobacillus fermentum, L. casei 

and L. salivarium have been shown to cause a 30 % reduction in ethanol production in laboratory scale-

fermentations (Chang et al., 1995). Contaminants are not limited to bacterial species but can also include 

archaeal (Costa et al., 2015) and other fungal species, such as Dekkera bruxellensis, which are even more 

difficult to control without directly affecting S. cerevisiae (Beckner et al., 2011). As a result, 
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contamination  affects the yield of the process and may cause serious economic losses (Lucena et al., 

2010a).  

 

Ethanol production based on sugarcane feedstock takes place in non-sterile fermenters, which renders the 

system highly susceptible to exogenous contamination from the microbiota resident in the raw material 

and in biofilms along the industrial process (Basso et al., 2008; Costa et al., 2015; Lucena et al., 2010a). 

Soil communities have been identified as the main source of plant bacterial and fungal colonizers on 

sugarcane plants, the stalks of which are harvested for the production of sugar and ethanol, therefore they 

could be a major carrier for microbial communities (Souza et al., 2016). Different microbiome 

compositions have been reported in Brazilian bioethanol mills that use different starting materials such as 

molasses versus sugarcane juice (Lucena et al., 2010a), or mix sugarcane of different varieties and from 

different farms (Costa et al., 2015),  as well as in the United States, between fermentation processes that 

use corn starch or fiber hydrolysates as substrates (Schell et al., 2007).  

 

Methods commonly used to control the bacterial contamination load include the periodic cleaning of the 

fermentation tanks and disinfection of the yeast biomass prior to every fermentative cycle and addition of 

antibiotics upon contamination outbreaks, causing a rise in antibiotic resistance within contaminant 

bacteria (Bischoff et al., 2007; Lucena et al., 2010a). A more careful selection and rigorous treatment of 

the raw-material before its introduction in the process has been proposed (Lucena et al., 2010a) but would 

it likely be of prohibitive cost. 

 

Despite their detrimental effects upon fermentation yield, certain contaminants may also have a beneficial 

effect, either by interacting with the inoculated industrial yeasts or overcoming them due to superior 

fermentation performance (Basílio et al., 2008; Basso et al., 2008; da Silva-Filho et al., 2005). This 

concept is explored in Chapter 2, where we profile the microbiome of bioethanol fermenters and correlate 

its individual components with process parameters to show that not all species or strains are detrimental 

to the performance. 

 

Within the bioethanol industry, the bacterial load in fermentations is commonly assessed through 

microscopy for assessing the yeast to bacteria ratio, or colony-forming unit counts on MRS medium (De 

Man, Rogosa and Sharpe agar). This medium is however considered selective for LAB and therefore does 

not truly capture the abundance and diversity of microbiomes (Li et al., 2016a). Classic microbiology 

techniques used to isolate contaminants in these settings are typically followed by different methods for 

their identification, such as Amplified Ribosomal DNA Restriction Analysis, DNA fingerprinting for 
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strain-level analysis (Chang et al., 1995; Lucena et al., 2010b) or karyotyping to investigate yeast 

populations (Basso et al., 2008). High-throughput culture-independent methods have also been used more 

recently to describe microbial communities in these processes, using either flow cytometry (Koch et al., 

2013) or amplicon sequencing for yeast (using the ITS marker gene) (David et al., 2014), bacteria and 

archaea (using the 16S rRNA marker gene) (Agler et al., 2012; Bonatelli et al., 2017; Costa et al., 2015; 

Li et al., 2016a). Through these techniques, it has been possible to both factor in non-LAB and unknown 

species, as well as track their dynamics in studies where different parts of the process were sampled.  

 

Studies on microbial dynamics in the bioethanol industry have shown that during fermentation, 

communities exhibit shifts characteristic of competition, with one or two dominant members such as L. 

fermentum and L. vini increasing in abundance as a result of the selective pressure imposed by the harsh 

environmental conditions, leading to a selection of certain resistant types. Thus, with time, a stable 

community with limited diversity is developed (Li et al., 2016a; Lucena et al., 2010a). A similar trend has 

been observed when non-fermentation parts of the process were sampled, where early process steps 

showed high diversity, while low diversity was observed for later steps with high temperature and a 

concurrent enrichment of Lactobacillus throughout the process (Costa et al., 2015).  

 

So far, a limitation of these studies has been the lack of combining sampling across the process (before, 

during and after fermentation) with sampling across seasons, so that these dynamics can be explored both 

process-wise as well as temporally. Furthermore, high-throughput methods used have typically relied on 

16S rRNA gene sequencing rather that shotgun metagenomics, which does not provide the same level of 

resolution into taxonomy and function, as explained in the following sections of Chapter 1. In Chapter 2 

we discuss how we used this approach to sample the Brazilian bioethanol industry and provide a multi-

dimensional overview of the process’s microbial dynamics. 

 

3. Microbiomes of complex environments: the human gut 

In contrast to controlled environments, the study of microbial dynamics of host-associated environments 

such as animal body sites involves much more intricate parameters such as complex interactions with the 

host’s digestive, endocrine and immune system. Despite the inherent difficulty of studying microbiomes 

of these environments (as detailed in the previous section), the human microbiome is one of the most 

studied microbial environments due to the tremendous amount of evidence suggesting its role in health 
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and disease (Wang et al., 2017). In the current section, we will discuss bacterial and viral dynamics in the 

contexts of human physiology and medication (relating to Chapters 3 and 4). 

 

3. 1 The human gut microbiome 

Humans and other mammals are colonized by trillions of microbes that inhabit different body sites such 

as the airways, skin, oral cavity, gut, and vagina (Human Microbiome Project Consortium, 2012). The 

adult intestinal ecosystem has been studied the most due to its accessibility and high biomass (Sender et 

al., 2016) and it has been established that it is unique in comparison with any other microbial habitats that 

have been surveyed (Ley et al., 2008) with a variety of distinct microbial habitats along the small intestine, 

cecum, and large intestine (Donaldson et al., 2015).  

 

The gut microbial ecosystem shows a succession of different microbiota stages. Maternal microbiota 

forms the first microbial inoculum. The microbial diversity increases and converges toward an adult-like 

microbiota by the end of the first 3–5 years of life, to later deteriorate in old age (Rodríguez et al., 2015; 

Yatsunenko et al., 2012). In the adult human gut the dominant bacterial phyla are Firmicutes and 

Bacteroidetes, with representatives from additional phyla, including Proteobacteria, Actinobacteria, 

Verrucomicrobia and Fusobacteria, being less abundant (Huttenhower and Human Microbiome Project 

Consortium, 2012). Population studies have revealed a considerable amount of variation in microbiota 

composition among individuals across large populations and geographies (Le Chatelier et al., 2013; 

Falony et al., 2016; Huttenhower and Human Microbiome Project Consortium, 2012; Pasolli et al., 2019; 

Qin et al., 2010b; Yatsunenko et al., 2012). These distinct gut microbiome signatures that reach strain-

level specificity (Truong et al., 2017a) are shaped by diet and environmental factors such as shared 

household, diet, medication and anthropometric measurements (Rothschild et al., 2018). The influence of 

host genetics has also been explored (Goodrich et al., 2014a, 2016; Wang et al., 2016b), although their 

role in determining microbiome composition is likely a minor one (Rothschild et al., 2018).  

 

The large inter-individual variation of the human gut microbiome has implications for relevant association 

studies. Shared patterns in microbiome responses to treatment or disease can be difficult to extract with 

statistical significance in the absence of very large cohorts, as discussed in Chapter 3, while confounding 

variables such as other medication (in case–control cohorts), host behavior and diet, might be driving 

microbiome alterations (Duvallet et al., 2017; Forslund et al., 2015). 
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3. 2 Dynamics between the gut microbiome and the human host  

The adult gut microbiome encodes 500 times more genes than the human genome (Human Microbiome 

Project Consortium, 2012; Li et al., 2014; Qin et al., 2010b). These genes either directly or indirectly 

produce metabolites and bioactive molecules that represent the dynamics between the gut microbiota and 

human physiology (Koh et al., 2016; Rooks and Garrett, 2016; Wahlström et al., 2016). They can act as 

signaling molecules either locally via intestinal host receptors or via their release into the systemic 

circulation through the portal vein, resulting in a system-level connection between the gut microbiota and 

the immune, endocrine, metabolic, and nervous apparatus (Turroni et al., 2018) to influence appetite, 

energy metabolism, adiposity and immune function (Perry et al., 2016; Tremaroli and Bäckhed, 2012; 

Vinolo et al., 2011). 

 

These compounds include small molecules such as vitamins (LeBlanc et al., 2013; Magnúsdóttir et al., 

2015), neurotransmitters (Cani and Knauf, 2016) and polyamines (Di Martino et al., 2013) as well as 

structural components (microbe-associated molecular patterns, MAMPs) such as lipopolysaccharides, 

peptidoglycan, flagellin, lipoteichoic acid, double-stranded RNA and DNA (Medzhitov, 2007). A class 

of important microbially-derived bioactive compounds are short chain fatty acids (SCFAs), the most 

abundant being acetate, propionate, and butyrate. These are end-products of microbiota fermentation of 

dietary fiber, and exert their functions primarily through the activation of the G-protein-coupled receptors 

(Thorburn et al., 2014). SCFAs play a pluripotent role in human biology, functioning as an energy source 

for human colonocytes, displaying anti-cancer activity, regulating intestinal gluconeogenesis (Canfora et 

al., 2015) (relevant results are mentioned in Chapter 3), as well as having a role in cholesterol metabolism 

and lipogenesis (Rowland et al., 2018; De Vadder et al., 2014).  

 

Notably,  gut microbiota and host metabolisms can also integrate into a shared network, with extraordinary 

importance for host biology (Turroni et al., 2018). Bile acids are classical examples of metabolites arising 

from this interactive metabolism; they are primarily produced in the liver but upon release into the 

intestine they are subjected to bio-transformations by the gut microbiota with downstream effects on a 

range of host metabolic processes (Houten et al., 2006; Keitel et al., 2008; Swann et al., 2010). Human 

bile acid circulation is summarized in Figure 2. In Chapter 3 we explore bile acids’ endocrine function 

and their complex interactions with the gut microbiota and demonstrate that interference with the bile acid 

pool via statins is reflected on the gut microbiome composition and function.  
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Figure 2:  Bile acids are trans-genomic metabolites arising from the combinatorial metabolism of the host genome 
and the gut microbiome. Primary bile acids cholate (CA), chenodeoxycholate (CDCA) and hyocholate (HCA) are 
synthesized from cholesterol in the liver and then conjugated with glycine or taurine. Conjugated bile acids subsequently 
enter the gallbladder, and are released into the duodenum where the bacterial enzymes bile salt hydrolases deconjugate 
the taurine and glycine groups. 95% of bile acids are then reabsorbed by the intestinal epithelium and into hepatocytes. 
The rest is converted to secondary bile acids deoxycholate (DCA), lithocholate (LCA) and hyodeoxycholate (HDCA) by 
7-alpha-dehydroxylases. The majority of secondary bile acids is excreted with feces except a small amount that is re-
absorbed by the colonic epithelium. Purple-shaded rectangles denote host functions and the orange-shaded rectangle 
denotes microbiome functions. Red arrows represent enzymatic steps and dotted arrows represent absorption. 
Gastrointestinal tract image adapted from Pixabay. 
 

Another trans-genomic metabolite is trimethylamine which is produced from dietary choline and oxidized 

to trimethylamine N-oxide in the liver. This metabolite inhibits bile acid synthesis, thus affecting 

cholesterol metabolism and has recently been identified as a risk factor for atherosclerosis and 

cardiovascular disease (Chen et al., 2016; Schroeder and Bäckhed, 2016; Wang et al., 2011), while it has 

also been associated with diabetes (Dambrova et al., 2016), as it is also discussed in Chapter 3. 

 

Finally, another example of the complexity and relevance of interactions between the microbiome and its 

host niche are its interactions with medication. Resistance to and biotransformation of xenobiotics 

(foreign compounds), including host-targeted drugs and antibiotics, is a key metabolic process of the gut 

microbiota (Haiser and Turnbaugh, 2012). The gut microbiota can metabolize host-targeted drugs altering 

their absorption, metabolism and eventually impacting on their bioavailability, pharmacokinetics and 

toxicity (Turroni et al., 2018; Zhang et al., 2018b), while it can also evolve and exchange antibiotic 

resistance genes under the selective pressure imposed by antibiotics. Antibiotic-related microbial 

dynamics are introduced in the following section and discussed in depth in the clinical study presented in 

Chapter 4.  
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Meanwhile, non-antibiotic therapeutic drugs themselves can have effects on the composition of the gut 

microbiota (Jackson et al., 2016; Maier et al., 2018; Sousa et al., 2008). A recent example comes from the 

case of metformin, one of the most widely used antidiabetic drugs. Metformin has been found to confound 

the results of type 2 diabetes-microbiome association studies (Forslund et al., 2015) as it alters the 

composition of the gut microbiota and enhances the growth of mucin-degrading bacteria in diet-induced 

obese mice (Shin et al., 2014; Wu et al., 2017). However in most cases, specific species, mechanisms and 

exact impacts of xenobiotic compounds on microbial physiology are unknown (Maurice et al., 2013). In 

Chapter 3 we show that the gut microbiota might mediate some adverse effects of statins, a class of 

cholesterol-lowering medications.  

 

3. 3 Human gut microbiome and disease 

The significance of the gut microbiota as an inherent part of the human physiology is also highlighted by 

the number of diseases involving dysbiosis, i.e. changes in microbiota composition, quantity, diversity, 

and metabolic activity. Besides the role of the microbiota in protecting against infection (Gu et al., 2016; 

Ling et al., 2014), a large amount of research has been devoted on deciphering its role in complex diseases 

through microbiome-wide association studies (Franks and McCarthy, 2016).  

 

For a growing number of diseases such as obesity, type 2 diabetes and atherosclerosis (Le Chatelier et al., 

2013; Karlsson et al., 2013; Koeth et al., 2013; Qin et al., 2012; Turnbaugh et al., 2006), neurological 

disorders (Collins et al., 2012; Hsiao et al., 2013) and inflammatory conditions such as IBD (Halfvarson 

et al., 2017; Imhann et al., 2018), food allergies (Zhao et al., 2019) and atopic dermatitis (Lee et al., 2018), 

dysbiosis is thought to be not merely a marker of disease but to actively contribute to pathology. 

Furthermore, the role of microbiome in cancer has started to draw attention mostly in the case of colorectal 

cancer as the colorectal tumor microbiome has been shown to be distinct from normal tissue and enriched 

with specific bacterial species and virulence genes (Burns et al., 2015; Kostic et al., 2012, 2013). Studies 

that involve the transplantation of gut microbiota from diseased donors into healthy germ-free hosts 

(Turnbaugh et al., 2006) have directly demonstrated causality between gut microbiota composition and 

host metabolism (Koren et al., 2012; Vijay-Kumar et al., 2010), colitis (Garrett et al., 2007), and type I 

diabetes (Wen et al., 2008). In most cases though, the specific mechanisms remain largely unknown, so 

to this day what is defined as a healthy microbiome remains elusive.  

 

However, for some widely-studied conditions, as is the case with type 2 diabetes, a prevalent metabolic 

disease worldwide, the link with the gut microbiome composition is gradually being uncovered (Forslund 



Chapter 1 | Introduction 13 

et al., 2015; Karlsson et al., 2013; Qin et al., 2012). Although solid proof of a causal link with dysbiosis 

is still missing, it has been reported that therapeutic strategies such as bariatric surgery (Aron-Wisnewsky 

et al., 2012; Liou et al., 2013) may confer metabolic benefits including improved glycemic control through 

alteration of the gut microbiota. Furthermore, recent studies have demonstrated that bacterial species 

associated with insulin resistance and obesity, such as Prevotella copri and Bacteroides vulgatus, upon 

transfer to normal specific pathogen-free mice confer the same phenotype (Liu et al., 2017; Pedersen et 

al., 2016). It has also been shown that the gut microbiota may directly affect type 2 diabetes through its 

effect on the metabolism of amino acids (Neis et al., 2015). 

 

3. 4 Dynamics of the human gut virome 

A description of microbial dynamics in the human gut would be incomplete without mentioning the role 

of bacteriophages, the most abundant entities on the planet and major drivers of the structure and function 

of microbial communities (Brum and Sullivan, 2015; Hurwitz and Sullivan, 2013). Approximately 1015 

phages reside in the human gut and are mainly dsDNA viruses of the Caudovirales order (Myoviridae, 

Podoviridae, and Siphoviridae) and ssDNA viruses of the family Microviridae (Minot et al., 2011; Reyes 

et al., 2010). The origin of phages in the human gut remains to be clearly identified, however the most 

likely sources include environment, diet, induction of prophages from the microbiome, and the mother 

(Dalmasso et al., 2014). The gut phageome rapidly forms in the first days of life (Breitbart et al., 2008) 

and with time its abundance and diversity decrease, with a concurrent increase of the abundance and 

diversity of the bacterial component  (Shkoporov and Hill, 2019). 

 

The Lotka-Volterra, or “kill-the-winner” model, that predicts that viruses reduce the population of the 

most abundant microbial species, preventing the best competitors from building up a high biomass, has 

been confirmed for bacterial-viral community dynamics in aquatic environments through the use of 

metagenomics (Rodriguez-Brito et al., 2010). The mammalian gut environment, however, favors selection 

of temperate bacteriophages capable of peaceful long-term co-existence with their hosts (Reyes et al., 

2010) with moderate levels of genetic drift (Minot et al., 2013). This is likely because the gut presents a 

much more complex environment: bacteria reside within various microhabitats and metabolic niches in 

the mucous layer lining the intestine and on the surfaces of the digesta and may be localized in remote 

portions inaccessible to phages such as crypts and villi (Shkoporov and Hill, 2019). Some bacteria may 

also be able to actively move throughout the intestine, escaping phage attacks, whereas phages rely on 

passive diffusion to reach their targets (Mills et al., 2013; Reyes et al., 2012). Lastly, phages can have a 

broad host range that crosses between different species (Mazaheri Nezhad Fard et al., 2011) or even 
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taxonomic classes (Jensen et al., 1998). In any case, a temperate viral lifestyle has been observed in the 

distal intestine, meaning that phages can introduce new genes and alter phenotypes via lysogenic 

conversion (Mills et al., 2013; Reyes et al., 2012), as discussed in the following section of the Introduction 

and Chapter 4 of this thesis. 

 

A few dedicated studies on the healthy human gut virome have been performed both on limited and large 

scale (Breitbart et al., 2003; Manrique et al., 2017; Minot et al., 2011; Reyes et al., 2010). Overall, they 

reported very high levels of individual specificity of the gut phageome, with inter-individual 

differences being the primary source of variance at the population level (Minot et al., 2011; Norman 

et al., 2016; Shkoporov et al., 2018). Despite that, the identification of a common set of bacteriophages 

found in 20%–50% of individuals formed the basis for the healthy core gut phageome concept 

(Manrique et al., 2016). Furthermore, while virome composition remains stable over a year (Reyes et al., 

2010), it can be altered through radical changes in diet (Minot et al., 2011).  

 

Besides bacteria, phages are thought to interact indirectly with the human host by inducing microbiota 

alterations. Specific and lasting changes of gut phageome composition have been detected in systemic 

conditions such as IBD (Norman et al., 2016), malnutrition (Reyes et al., 2015), and AIDS (Monaco 

et al., 2016). Notably, a more direct role of phages as human pathogens has been recently suggested 

(Tetz and Tetz, 2018), based on the observations that free bacteriophages can interact directly with 

eukaryotic cells and cross the gastrointestinal tract epithelium (Nguyen et al., 2017), as well as interact 

with eukaryotic proteins, for example propagating protein misfolding (Tetz and Tetz, 2018).  

 

4. Microbial dynamics in antibiotic resistance  
 

A large component of microbial dynamics involves interactions in terms of gene flow between bacteria 

as well as between bacteria and bacteriophages. These interactions drive evolution of bacteria and shape 

microbial communities by offering their members new properties. In this section, we discuss microbial 

dynamics in the context of horizontal gene transfer and evolution (relating to Chapter 5) as well as 

antibiotic resistance dissemination (relating to Chapter 4).  

 

4. 1 Horizontal gene transfer and evolution 
The pan-genome of a species is composed of core genes present in all strains and dispensable genes that 

are present in a subset of strains (Medini et al., 2005). A distinct feature of prokaryotes is their ability to 
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share these dispensable genes in a process known as horizontal gene transfer (HGT) (Soucy et al., 2015). 

HGT is conducted via mobile genetic elements (MGEs), i.e. segments of DNA that encode proteins that 

mediate the movement of DNA within genomes or between bacterial cells. Such elements include phages, 

plasmids, transposons and insertion sequences (Frost et al., 2005). Intercellular DNA mobility takes three 

main forms in prokaryotes:  transformation (direct uptake of DNA from the environment), conjugation 

(transfer of DNA via plasmids or chromosomal integrative conjugative elements) and transduction (DNA 

transfer through phage infection). Other mechanisms of intracellular DNA mobility include gene transfer 

agents and cell fusion (Soucy et al., 2015). Assimilation of donor DNA into the bacterial genome occurs 

mainly either by the homologous recombination systems of the host or by MGE transposases and site-

specific recombinases (Thierauf and Maloy, 2011; Toussaint and Merlin, 2002). The success of a gene 

transfer depends on whether the transferred sequence can be stably maintained in the recipient cell 

(Ochman et al., 2000) and interactions of the new gene with components of host physiology and 

metabolism may determine its functional compatibility (Jain et al., 1999; Porse et al., 2018). 

 

HGT is of immense significance for the evolution of bacterial communities, supplying a mechanism for 

natural variation that allows their adaptation in dynamic environments (Popa and Dagan, 2011). Thus, the 

vast majority of bacterial gene families is thought to have undergone HGT at some point in their 

evolutionary history (Dagan et al., 2008). Notably, not all HGT events provide a selective advantage; 

some transferred genes are neutral to the recipient (Soucy et al., 2015). Finally, HGT is more frequent 

between close relatives (Soucy et al., 2015), but exceptions do exist, as we demonstrate in Chapter 5 with 

inter-phylum transferred anti-CRISPR homologues. 

 

Computational detection of HGT events in sequenced genomes is feasible as DNA segments gained 

through HGT tend to retain the sequence characteristics of the donor genome such as GC content and high 

degree of sequence similarity (Groisman et al., 2018; Ochman et al., 2000) while adjacent regions often 

contain traces of MGEs such as phage integrases (Ochman et al., 2000). We demonstrate such cases of 

mobilization in Chapter 4 and 5 to show how antibiotic resistance genes and anti-CRISPR homologues 

have been horizontally transferred. Additionally, large-scale HGT identification can be done by 

examining conflicting branching patterns between a gene tree and an accepted species or a tree built using 

reference (e.g. ribosomal) proteins (Soucy et al., 2015). As the transferred gene will be limited to the 

descendants of the recipient and absent from closely related taxa, its phylogenetic distribution will be 

highly scattered (Ochman et al., 2000), as demonstrated in the protein trees of some of the novel anti-

CRISPRs we characterize n Chapter 5.  
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Traits introduced through HGT include virulence factors (Fondi and Fani, 2010) that have the potential 

to transform a benign organism into a pathogen (Ochman et al., 2000), metabolic and physiological 

properties that allow recipient organisms to explore new environments (Ochman et al., 2000), and 

antibiotic resistance genes (ARGs). 

 

4. 2 The human gut resistome 
Antibiotic resistance is widely recognized as problematic for the treatment of infectious diseases and its 

development and spread was described in a recent WHO report as a “global emergency” 

(http://www.who.int/antimicrobial-resistance/en/). Resistance to antibiotics can occur both through 

mutations or by acquiring horizontally transferred ARGs (von Wintersdorff et al., 2016). The selective 

pressure caused by human antibiotic use over the past few decades has accelerated the rate at which these 

events occur and has increased tremendously the number of resistant strains in both clinical and 

community settings (Allen et al., 2010; Van Boeckel et al., 2014). ARGs are thought to be transferred 

mostly via conjugation which provides better protection from the surrounding environment and is more 

efficient than transformation, while is often effective over a broader host range than phage transduction 

(Norman et al., 2009). Examples are the blaCTX−M ESBL genes that have spread to various narrow and 

broad host range Enterobacteriaceae plasmids, as well as other opportunistic human pathogens (Cantón 

et al., 2012). 

 

Antibiotic resistance genes are also commonly encountered outside pathogens. The majority of sequenced 

microbial genomes originating from a wide range of environmental niches such as soils, activated sludge, 

humans and animals,  have at least one ARG (Gibson et al., 2015) and non-pathogenic microbes represent 

a reservoir of ARG to pathogens (Caniça et al., 2015; Martínez et al., 2015; van Schaik, 2015). 

 

Metagenomic data sets are a powerful tool for identifying HGT events and understanding the dynamics 

of gene flow in the context of the human microbiome. Although the resistome (the entire collection of 

ARGs of an environmental sample) is an innate feature of the human gut microbiota, factors such as 

extensive antibiotic usage promote its evolution and expansion (Rampelli et al., 2015), resulting in a 

human gut microbiome that is a rich source of mobile ARGs (van Schaik, 2015; Sommer et al., 2009). A 

variety of factors besides antibiotic usage, such as eating habits, medical history and genetics result in 

alterations of the human gut resistome (Hu et al., 2013; van Schaik, 2015). At the population level, some 

macro factors such as the local levels of antibiotic residues in food (stemming from antibiotic-treated farm 

animals) and in drinking water, as well as antibiotic usage patterns in healthcare can also make an indirect 
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impact (De Angelis et al., 2017; Chen et al., 2017; Christian et al., 2003; Smillie et al., 2011; Sørum and 

L’Abée-Lund, 2002), resulting in significantly diverse resistomes in people from different countries (Feng 

et al., 2018; Forslund et al., 2013; Hu et al., 2013; Xia et al., 2019). 

 

Most human studies on the effects of antibiotic administration on the human gut microbiome have mostly 

focused on the bacterial community composition using 16S rDNA sequencing (Abeles et al., 2016; Rashid 

et al., 2015; Reijnders et al., 2016; Zaura et al., 2015), while impacts on the resistome could be also 

examined when shotgun sequencing was applied (Korpela et al., 2016; Raymond et al., 2016). Collective 

results of these studies point to long-lasting compositional effects of antibiotic usage on the microbiome, 

decreased diversity with depletion of butyrate producers and enrichment of ARGs. However a recent 

longitudinal study that used a combinatorial antibiotic treatment (Palleja et al., 2018) found resilience of 

the gut microbiota and a capacity for recovery, with no immediate enrichment of ARGs targeted to the 

administrated antibiotics. Importantly, it has been proposed that the effects of antibiotics depend on the 

gut microbiome’s initial state (Raymond et al., 2016). 

 

The role of the gut phageome in the spread of ARGs has also been investigated. Phages may play an 

important role in the adaptation of the microbiome to stressful environments via phage-mediated gene 

flow and the viral acquisition of new genes such as virulence factors or ARGs may confer a selective 

advantage to the bacterial host to increase its ecological fitness (Rowan-Nash et al., 2019). Phage 

transduction of ARGs has been long documented for various species, including the mobilization of 

erythromycin resistance in S. pyogenes (Hyder and Streitfeld, 1978) and β-lactamase resistance in 

Salmonella (Schmieger and Schicklmaier, 1999). Furthermore, environmental triggers such as antibiotic 

usage (López et al., 2014) can induce prophages carrying virulence and resistance genes into lytic growth, 

which makes the study of the virome-harbored resistome even more relevant. Interestingly though, the 

spread of antibiotic resistance genes through phage transduction is estimated to be 1000-fold less common 

than with transformation or conjugation (Enault et al., 2016) and the importance of phages as reservoirs 

of antibiotic resistance genes is somewhat debated. One study that suggested that the gut virome can be 

enriched in ARGs following antibiotic treatment (Modi et al., 2013) is considered to have overestimated 

the occurrence of phage-encoded ARGs due to use of loose computational thresholds for ARG annotations 

and contamination by bacterial DNA (Enault et al., 2016). Indeed, a subsequent virome study did not find 

a significant enrichment in virus-carried ARGs (Abeles et al., 2015). The role of phages in the 

dissemination of ARGs in the human gut in discussed in the clinical study presented in Chapter 4. 

 



Chapter 1 | Introduction 18 

4. 3 Detection of antibiotic resistance genes 
Identification of antibiotic resistance genes is typically done via genotypic testing of suspected resistant 

isolates via PCR, typically involving a single or a few genes (Zankari et al., 2012). Whole-genome 

sequencing and subsequent use of in silico methods are better at identifying the presence of multiple genes 

encoding the same resistance (Zankari et al., 2012).  

 

These methods include publicly available ARG databases and related tools such as CARD (Jia et al., 

2016), Arg-annot (Gupta et al., 2014), Resfams (Gibson et al., 2015) which updates CARD with recently 

discovered β-lactamases, the Lahey Clinic β-lactamase databases (Bush and Jacoby, 2010), Resfinder 

(Zankari et al., 2012), DeepARG-DB (Arango-Argoty et al., 2018) and ARGminer (Argoty et al., 2018). 

Notably, conservative thresholds (e.g. >85% coverage and >80% identity for amino acid sequences) only 

identify known ARGs. To identify novel genes, exploratory cut-off values (e.g. E-value < 10−5 or 10−3) 

and manual curation of results followed by experimental validation is required. Furthermore, the analysis 

can be complemented by identifying evidence for potential mobilization of the ARG in question, in which 

case the MGE database ACLAME (Leplae et al., 2009) can be used. 

 

In the past decade, a substantial amount of new ARGs has been discovered through the use of functional 

metagenomics, i.e. screening libraries of randomly cloned fragments from metagenomes for antibiotic 

resistance, as illustrated in Figure 4 (Moore et al., 2013; Parsley et al., 2010; Sommer et al., 2009; 

Wichmann et al., 2014). 

 

 
Figure 4. Expansion of antibiotic resistance genes in sequence databases in the past decade: 93 antibiotic resistance 
genes discovered through metagenomic functional selections of oral and fecal samples by Sommer et al. 2009 were blasted 
against the NCBI nt database (last updated May 2019). A. The distribution of top homologous sequences for each gene 
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in the NCBI nt database in 2009 (Sommer et al., 2009) (light gray) and in 2019 (dark gray) placed into nucleotide identity 
bins highlights the systematic sequencing of ARGs in the past decade and potentially also reflects the spread of antibiotic 
resistance worldwide B. GenBank records of the top 100 hits (>70% identity and >80% alignment coverage) from known 
organisms for  each of the 93 genes were retrieved and the date of each entry was collected. The distribution of hits over 
time highlights the dramatic expansion of sequence databases in the past few years, to a large extent enabled by 
metagenomic studies. 
 

5. The bacteria-phages arms race: CRISPRs and anti-CRISPRs 
 
The Red Queen hypothesis proposes that organisms must continually evolve new mechanisms to protect 

themselves against parasites (Van Valen, 1973). The parasites, in turn, evolve countermeasures to 

circumvent these resistance mechanisms. This battle for survival can be tracked in the co-evolutionary 

dynamics of bacteria and bacteriophages. In this section, we will focus on these dynamics in particular in 

the context for CRISPR and anti-CRISPR, relating to Chapter 5 of this thesis. 

 

5. 1 Bacterial immunity against phages: CRISPR-Cas systems 
Driven by the arms race with MGEs, bacteria have evolved elaborate defense systems including resistance 

based on variation of virus receptors (e.g. adsorption inhibition), immunity and dormancy induction-

programmed cell death (e.g. toxin-antitoxin systems) (Labrie et al., 2010; Makarova et al., 2013). Immune 

systems are divided into the nonspecific innate immunity, such as restriction modification and the highly 

specific adaptive (acquired) immunity (Koonin et al., 2017b) represented by CRISPR 

(clustered regularly interspaced short palindromic repeats)–Cas (CRISPR associated) systems. CRISPR–

Cas systems and particularly the type II-A CRISPR–Cas9 protein of Streptococcus pyogenes have been 

the focus of intense research over the past decade owing to their use as a powerful tool for genome editing 

(Jinek et al., 2012), transcriptional regulation (Perez-Pinera et al., 2013) and gene-drive (Hammond et al., 

2016) in biotechnological applications (Wang et al., 2016a).  

CRISPR–Cas systems disrupt the propagation of MGEs in bacteria by preventing the acquisition of 

plasmids, DNA from the environment, phage lytic replication, and prophage integration (Barrangou et al., 

2007; Bikard et al., 2012; Cady et al., 2012; Edgar and Qimron, 2010; Garneau et al., 2010; Marraffini 

and Sontheimer, 2008). When a bacterial cell with an active CRISPR–Cas system encounters a new 

MGE, it can 'immunize' itself through the incorporation of a piece of its DNA and if the same MGE is 

encountered again, it will be recognized as foreign and targeted for degradation (Barrangou et al., 

2007). Thus, CRISPR-Cas is a manifestation of Lamarckian evolution as it mediates inheritance of 

acquired characters (Koonin and Wolf, 2009). 



Chapter 1 | Introduction 20 

The two main parts of these systems are a CRISPR array, composed of spacers matching foreign DNA 

flanked by repeats and an operon of cas genes, often located nearby the CRISPR loci, that encode for 

proteins that process the CRISPR array and cleave DNA targeted by the spacers (Barrangou et al., 

2007; Garneau et al., 2010). The spacer-targeted sequence on MGEs is known as the protospacer and 

resides adjacent to the protospacer-adjacent motif (PAM), a signature motif that is required by most 

CRISPR–Cas systems to distinguish the foreign protospacer from their own spacer sequence (Jinek et 

al., 2012). The action of the CRISPR–Cas system typically consists of the following steps:  1. Adaptation, 

when DNA spacers are inserted into the CRISPR repeat cassettes by Cas1 and Cas2; 2. Expression of the 

array and processing of the pre-crRNA (CRISPR RNA) into short guide crRNAs by one or several Cas 

proteins and in some cases also an RNA component; 3. Interference, when the invading DNA or RNA is 

targeted by the complex with the bound crRNA guide (Jinek et al., 2012). 

 

CRISPR–Cas systems are grouped into two broad classes encompassing six types, based on their 

phylogeny and mechanisms of action (Makarova et al., 2015). Class 1 systems, comprising types I, III 

and IV, use multisubunit Cas protein complexes for the recognition of targeted nucleic acids, while 

class 2 systems, comprising types II, V and VI, use a single effector protein, such as Cas9 (Koonin et 

al., 2017a; Makarova et al., 2015). Notably, the task of classifying CRISPR-Cas systems is far from 

straightforward  (Makarova et al., 2018; Kira Makarova, personal communication, March  2018). 

Although the repeats show some clustering in the sequence space (Kunin et al., 2007; Lange et al., 

2013) they do not contain enough information to serve as the basis of a robust classification (Makarova 

et al., 2018). Meanwhile, Cas proteins, with the exception of Cas1, show remarkable diversity and fast 

evolution, coupled with frequent shuffling of the adaptation and effector modules (Makarova et al., 2015; 

Silas et al., 2017). Accordingly, the proposed method to classify CRISPR-Cas systems relies on the 

identification of signature cas genes that are specific for individual types and subtypes of CRISPR-Cas 

(an approach we use in Chapter 5), sequence similarity between shared Cas proteins, the phylogeny of 

Cas1, and the organization of the genes in the CRISPR-cas loci (Makarova and Koonin, 2015; Makarova 

et al., 2011, 2015).  

 

5. 2 Costs and benefits of CRISPR-Cas systems 
Several studies have examined the fitness costs and benefits associated with CRISPR–Cas systems under 

different conditions (Jiang et al., 2013; Westra et al., 2015). CRISPR-Cas systems provide a fitness 

advantage to their host when phages are present in the environment (Van Houte et al., 2016; Westra et al., 

2015). Specifically, moderate phage diversity and small host population size seem to benefit adaptive 
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immunity the most, as it has been observed in microbial communities of extreme environments such as 

archaeal hyperthermophiles where CRISPR-Cas systems are ubiquitous (Iranzo et al., 2013; Weinberger 

et al., 2012).  

 

Nonetheless, CRISPR–Cas systems are not as widespread as restriction-modification systems and in many 

cases their presence within the same species is strain-dependent (Crawley et al., 2018). In fact, complete 

CRISPR-Cas systems are found in only 60% of archaeal and 20% of bacterial reference genomes 

(Crawley et al., 2018), while a metagenomic analysis found them in only 10% of sampled 

microorganisms, which suggests that the advantage of having these systems may vary widely among 

species with different lifestyles (Burstein et al., 2016).  

 

A potential explanation is that CRISPR–Cas systems can be readily lost from bacterial genomes if they 

prevent the acquisition of highly beneficial foreign DNA (Jiang et al., 2013). For example, antibiotics 

against some pathogens might have favored loss of their CRISPR system in order to  facilitate acquisition 

of ARGs or virulence factors (van Belkum et al., 2015; Hullahalli et al., 2018; Li et al., 2016b; Louwen 

et al., 2014). Indeed, several studies found no evidence that the presence of CRISPR–Cas reduces HGT 

over evolutionary timescales (Dang et al., 2013; Gophna et al., 2015; Touchon et al., 2012, 2016). In fact, 

a study showed that bacteria with CRISPR–Cas systems were even more likely to possess integrated 

prophages (Touchon et al., 2016). Notably, CRISPR-Cas systems themselves display high rates of HGT 

between lineages (Jiang et al., 2013). Their fitness within a new host will depend on a variety of factors 

such as their expression, their production cost, the impact of phage predation, and the presence of other 

defense systems (Bernheim et al., 2019). Additionally, the observation that there are significant 

associations between double-strand break repair systems and Cas subtypes (Bernheim et al., 2019), led to 

the suggestion that the fitness of CRISPR-Cas systems also depends on the repertoire of these repair 

systems in the host.  

 

Another potential explanation for the varying presence of CRISPR–Cas systems in prokaryotic genomes 

could be the evolution of CRISPR-evading mechanisms. Phages and other MGEs are constantly evolving 

to evade CRISPR-mediated attenuation. One way of achieving this is through mutations in their 

protospacer sequence, particularly nearest the PAM (Sun et al., 2013) or via homologous recombination 

with genetically distinct phages, disrupting protospacers (Andersson and Banfield, 2008; Paez-Espino et 

al., 2016). However, Van Houte et al. showed that, owing to the diversity of new spacers acquired 

randomly by different cells in a bacterial population, phages cannot completely escape CRISPR–Cas 
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simply by random mutations (Van Houte et al., 2016). This has provided strong selection for the evolution 

of an alternative method of escaping CRISPR immunity via anti-CRISPR proteins (ACRs).  

 

5. 3 Phages fight back: Evolution of anti-CRISPRs 
ACRs were first identified in phages that inhibited the Pseudomonas aeruginosa type I-F system (anti-

CRISPR type I-F, AcrIF1-5) (Bondy-Denomy et al., 2013). An adjacent conserved HTH-containing 

transcriptional regulator, anti-CRISPR-associated 1 (Aca1), served as a genetic marker for identifying 

putative ACRs (Bondy-Denomy et al., 2013; Pawluk et al., 2016a, 2018), leading to the discovery of five 

new families of type I-F ACRs (AcrF6, AcrF7, AcrF8, AcrF9 and AcrF10), widespread in MGEs 

across Proteobacteria (Pawluk et al., 2016b). Subsequently, using the same bioinformatics approach 

three families that block the type II-C CRISPR–Cas9 activity of Neisseria meningitides were 

discovered, namely AcrIIC1, AcrIIC2 and AcrIIC3 (Pawluk et al., 2016b).  

 

Inhibitors of type II-A CRISPR–Cas9 systems were first discovered by mining bacterial genomes for 

‘self-targeting’, i.e. systems with crRNAs that match protospacers in their own genomes, which would 

imply these strains likely also harbor an acr gene (Rauch et al., 2017). This method revealed four new 

families of type II-A ACRs in Listeria monocytogenes (AcrIIA1, AcrIIA2, AcrIIA3 and AcrIIA4) 

(Rauch et al., 2017). Notably, AcrIIA2 and AcrIIA4, were also effective against the type II-A 

CRISPR–Cas9 protein of Streptococcus pyogenes (SpyCas9). Subsequently, AcrIIA5 and AcrIIA6 

were discovered on virulent S. pyogenes phages (Hynes et al., 2017, 2018). The most recent 

developments include the discovery of ACRs targeting type V systems (Marino et al., 2018; Watters 

et al., 2018) and the discovery of synthetic small molecules against Cas9 (Maji et al., 2019). In Chapter 

5 we describe a novel, unbiased approach to discover four new and phylogenetically diverse ACR families 

(AcrIIA7-10) using a synthetic circuit and functional metagenomic selection on samples from human, 

cow and pig gut and from soil. A similar approach was subsequently followed by Forsberg et al. using 

human oral and fecal metagenomes to discover AcrIIA11 on a Lachnospiraceae phage (Forsberg et al., 

2019). 

 

ACRs can inactivate a broad range of CRISPR-Cas systems (Pawluk et al., 2016a; Rauch et al., 2017) 

using a variety of mechanisms. Most of them prevent either binding to the target or its cleavage by the 

Cas effector, often by functioning as mimics of DNA (Chowdhury et al., 2017; Dong et al., 2017; Guo et 

al., 2017; Shin et al., 2017; Yang and Patel, 2017) or a Cas protein (Rollins et al., 2019) Moreover, the 
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recently discovered type V ACRs use enzymatic activities to shut down the Cas12a endonuclease (Marino 

et al., 2018; Watters et al., 2018). 

 

ACRs discovered to date are incredibly diverse in terms of sequence homology (Figure 5) and besides 

their small size (<190 amino acids), there are no conserved features shared among them except the 

frequent presence of the aca gene (Pawluk et al., 2018).  

 

 
Figure 5. ACRs targeting the same type of CRISPR-Cas system display low sequence homology: Matrix of 
amino acid sequence similarity calculated by multiple alignment with Clustal2.1 of all publically available type-II 
ACR proteins. 
 

ACRs have been discovered in phages, prophages, mobile islands, and core genomes across many distinct 

bacteria and archaea (Borges et al., 2017; He et al., 2018). Acr genes have been found both near structural 

phage genes and at the extreme end of their genomes, while homologues are often found in non-

prophage regions of bacterial genomes that encompass MGEs, suggesting that ACRs may protect other 

MGEs as well (Pawluk et al., 2014). Furthermore, some MGEs have two or three acr genes in a single 

operon with high variability in the arrangements and pairings,  suggesting that they may have been 

exchanged among MGEs (Pawluk et al., 2016a). The maintenance of a diverse repertoire of acr genes 

enables MGEs to overcome multiple CRISPR–Cas subtypes. In fact, the high diversity observed in 
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CRISPR–Cas systems may be partly driven by the presence of equally diverse ACRs and may explain 

the presence of multiple CRISPR–Cas systems of different types in a single strain (Koonin et al., 

2017a), in agreement with the Red Queen hypothesis (Pawluk et al., 2018). 

 

5. 4 Co-evolution of CRISPRs and anti-CRISPRs 
The way acr genes evolved remains unclear, however the currently prevailing hypothesis is that of de 

novo evolution, meaning that small genes arose stochastically through mutations or insertions and evolved 

until they performed the ACR function that increased the fitness of their host MGE. This theory is 

consistent with the high mutation rate of phages and small size of ACRs (Pawluk et al., 2018). 

Phylogenetic studies indicate that ACRs are likely ubiquitous in coevolving populations of bacteria and 

phages (Pawluk et al., 2018) and provide a significant replicative advantage to phages in the presence of 

CRISPR-Cas immunity (Van Houte et al., 2016).  

Long-term CRISPR–Cas inactivation would be expected to result in loss of the Cas genes or CRISPR loci 

or in the accumulation of deleterious mutations. Nonetheless, ACRs can be found on genomes with 

complete and functioning CRISPR systems (Makarova et al., 2015). One possible explanation lies in the 

observation of Borges et al. that successful CRISPR–Cas inhibition by ACRs requires a critical 

concentration of ACR-carrying phages in the population to allow replication. A single cell can become 

CRISPR-immunosuppressed by ACRs from independent infection events which favor successful future 

infections (Borges et al., 2018). Furthermore, it has been suggested that ACRs that do not inhibit DNA 

binding but prevent cleavage by CRISPR–Cas effectors could eventually repurpose CRISPR–Cas 

systems into gene regulatory mechanisms, using them to silence or activate gene expression (Pawluk 

et al., 2018). Thus, even though CRISPR–Cas is an efficient immune-system, it probably has the 

potential to evolve towards performing other functions. It is likely that more layers of the story remain 

to be uncovered in this highly active field of research.  

6. Interrogating microbial dynamics: Caveats of metagenomic 
methods 
 

The dynamics of the microbiomes presented in the previous sections can be to a large extent elucidated 

by metagenomic approaches. However, conducting a robust metagenomic experiment is far from trivial 

owing to the size and complexity of the generated NGS data and the range of internal biases involved in 

different steps of the experimental procedure. This section provides an overview of the multiple steps that 

can affect results in a metagenomic study, ranging from sampling to in silico data processing. 
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6. 1 Study design and sampling 
Individual samples from the same environment can be variable in microbial content. This has been 

particularly emphasized in human gut microbiome studies, as discussed previously. Thus, in many 

microbiome surveys it is challenging to detect statistically significant and biologically meaningful 

differences among samples, especially if selected cohorts are not homogeneous in terms of sex, age and 

lifestyle (Knight et al., 2018). This means that studies should be adequately powered to detect differences, 

especially if the effect size is small (Kuczynski et al., 2010) and highlights the importance of collecting 

baseline samples (Debelius et al., 2016; Knight et al., 2018) and in general, opting for longitudinal over 

cross-sectional study designs (Quince et al., 2017). It also means that representative control samples can 

be difficult to obtain for human studies (Knight et al., 2012). Case-matched controls (ideally monozygotic 

twins (Smith et al., 2013)) are more appropriate than using data from healthy individuals from a different 

study (Goodrich et al., 2014b).  

	

Microbiome studies are often conducted in animals, as they offer attractive models for human biology 

and allow for tight control of their environmental conditions. The use of animal models in microbiome 

studies can also introduce confounders, even if they have identical genotypes (Friswell et al., 2010). 

Particularly for co-housed rodents, the method of breeding and raising them (Ley et al., 2005), their age 

and their housing environment (Lees et al., 2014; McCafferty et al., 2013) may have strong confounding 

effects.	Moreover, animals such as gnotobiotic, germ-free and humanized rodents are often used to 

translate microbiome research to human context. However, their microbiomes do not fully mimic the 

complexity of the human microbiome, nor the associated human physiology (Franklin and Ericsson, 

2017). For example, the composition of the bile acid pool in mice is different than that of humans 

(Rudling, 2016).	

 

6. 2 From sample handling to sequencing  
Variations in sample collection, storage conditions and processing protocols can also affect both quality 

and accuracy of metagenomics data (Quince et al., 2017) and the effect size of these steps can be greater 

than the effect size of the biological variables of interest (Lozupone et al., 2013). Factors such as length 

of time between sample collection and freezing (Cuthbertson et al., 2014) and the number of freeze-thaw 

cycles of samples (Sergeant et al., 2012) can affect the microbial community profiles that are detected. 

The DNA extraction method can also affect the composition of downstream sequence data (Salonen et 

al., 2010; Smith, 2011; Wesolowska-Andersen et al., 2014), while contamination can be found in all steps 
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of the process (Salter et al., 2014). The above make the use of control samples that account for technical 

variations particularly important, especially for low-biomass samples (Quince et al., 2017). 

 

The method for library construction and the sequencing technology, including read length are also 

influencing factors (Costea et al., 2017). Sequencing methods for surveying microbiome DNA include 

marker gene and shotgun metagenomic sequencing. Marker gene sequencing, often mistakenly referred 

to as metagenomics, typically targets the hypervariable region of the 16S rRNA gene and offers a well-

established and cost-effective option. However, the resolution of this method can rarely go beyond the 

genus level (Knight et al., 2018) while, owing to divergent 16S gene sequences, 50-100% of organisms 

sampled from specific phyla are estimated to evade detection (Brown et al., 2015).  Shotgun metagenomic 

sequencing, on the other hand, provides more detail into the community by analyzing the total DNA in a 

sample, allowing untargeted, species- or even strainlevel resolution and insights into community 

functions, not only for bacteria but also fungi and viruses. However, biases that are introduced by library 

construction, assembly and reference databases for annotation are less understood than those of marker 

gene approaches (Knight et al., 2018).  

 

Computational analysis of whole metagenome sequencing reads typically involves the preprocessing of 

sequencing reads followed by sequence analysis to profile taxonomic, functional, and genomic features 

of the microbiome. Owing to the wide range of options for different algorithms, software parameters and 

reference databases, the use of different bioinformatics pipelines can yield significantly varying results 

for the same data and hamper comparisons of results from independent microbiome studies. 

 

6. 3 in silico metagenomics: Read- and assembly-based analyses limitations 
Read-based taxonomic profiling is often the preferred method for metagenomic data sets, especially for 

those with large number of samples. This approach involves metagenomic read alignment against 

reference genomes commonly relying on kmer matches (e.g. Kraken (Wood and Salzberg, 2014)) or 

mapping against clade-specific marker genes, adopted by tools such as Metaphlan (Segata et al., 2012; 

Senavirathne et al., 2015), Phylosift (Darling et al., 2014) and mOTU (Sunagawa et al., 2013). Although 

these read-based approaches are computationally efficient and can provide an overview of the 

taxonomical composition of microbiomes, they do not provide information on genomic context, which is 

essential when the aim is to recover genomes of novel species or perform strain-level profiling, or when 

functional annotation reveals the presence of interesting features (e.g. ARGs) for which the host organism 

must be identified. 
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To rectify this deficiency, a complementary step is often the metagenomic de novo assembly, which can 

aid the reconstruction of complete genes and even genomes (a characteristic example is the discovery of 

the crAssphage (Dutilh et al., 2014)). Most metagenomic studies nowadays prefer short-read NGS 

platforms, particularly Illumina (Mitchell et al., 2018) and the vast number of short reads generated by 

such technologies makes assembly of heterogeneous metagenomic datasets a challenging task compared 

to the assembly of single isolates, both in terms of memory requirements as well as accuracy and precision. 

Nonetheless, the past few years have seen an increasing interest in software dedicated to the assembly of 

metagenomes. de Bruijn graph-based assembly strategies (Pevzner et al., 2001) have become widespread 

in the field (used by Ray-Meta (Boisvert et al., 2012), MetaVelvet (Namiki et al., 2012), IDBA-UD (Peng 

et al., 2012), MEGAHIT (Li et al., 2015), among other assemblers), as they are more scalable than 

overlap-layout consensus assembly approaches (Li et al., 2012). 

The de novo assembly of metagenomes poses several challenges caused by some inherent intricacies of 

such datasets. Not only is the number of species within a metagenomic sample unknown, but their 

abundance distribution often follows a power law (Matthews and Whittaker, 2015), which means that 

many species will occur at low abundances. Low read coverage means recovering full genomes of those 

species is unlikely unless they are relatively small (Ayling et al., 2019). Meanwhile low coverage can also 

stem from sequencing errors, or high frequency of polymorphisms and repetitive regions (De Filippo et 

al., 2012) as is the case with viral genomes and distinguishing between these possibilities is usually far 

from straightforward. Thus, low abundance genomes or genomes belonging to different strains of a single 

species may end up fragmented at insufficient sequencing depth (Quince et al., 2017) or may represent 

chimeric species populations (Parks et al., 2015). Read pairs used to link disconnected contigs in single 

genome assembly, often lead to ambiguous results in metagenomic assemblies (Ayling et al., 2019), 

although some tools such as MEGAHIT (Li et al., 2015) use paired-read information to resolve chimeric 

contigs.  

Binning algorithms can be useful for addressing these issues when applied either before or after assembly. 

Binning can be used for classifying reads to streamline the assembly process (Kim et al., 2016; Li et al., 

2015), an example being the canopy-based algorithm (Nielsen et al., 2014a) that segregates metagenomes 

into clusters of genes with similar abundance values. This approach followed by standard genome 

assembly has allowed the generation of high-quality draft genomes (Nielsen et al., 2014a). Post-assembly 

binning with tools such as SolidBin (Wang et al., 2019), MetaBAT (Kang et al., 2015) or MaxBin (Wu et 

al., 2016) can aid grouping of contigs towards the recovery of complete genomes (Parks et al., 2017).  
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As a final step, reads can be mapped to the bins to estimate the relative abundance profiles of genomes 

and genomic bins in each sample.  

 

Still a challenging problem in shotgun metagenomic data is the accurate reconstruction of strain-level 

variation as closely related genomes create substantially complex assembly graphs (Ayling et al., 2019). 

Proposed solutions are based on assembly, mapping, or a combination of the two. Assembly-based 

methods (Cleary et al., 2015; Nielsen et al., 2014b) often require many samples, struggle to de-convolve 

closely related strains, or require manual inspection (Nayfach et al., 2016).	For microbial communities 

for which there are sufficient reference genomes, such as the human gut microbiome, another possibility 

is to map reads against reference genomes. Tools such as StrainPhlan (Truong et al., 2017b) and 

ConStrains (Luo et al., 2015) use read mapping against species-specific marker sequences (Senavirathne 

et al., 2015), followed by identification of SNP signatures and estimation of strain-level phylogenies. 

Thus, they do not capture the gene content of identified strains. Pangenome-based methods such as 

PanPhlAn (Scholz et al., 2016), on the other hand, define strains as unique combinations of genes in the 

pangenome of a species and can thus associate genes, operons, and functions with specific sets of strains. 

The main limitation of assembly-free approaches is that custom database generation can be time-

consuming and they tend to require great sequencing coverage. Nonetheless, strain-level profiling from 

metagenomic datasets has been successfully used for tracking strain engraftment following fecal 

microbiota transplants (FMTs) (Li et al., 2016c) and strain transmission from mother to infant (Asnicar 

et al., 2017), as well as for population metagenomics to reveal strong associations between strain variation 

and biogeographical patterns (Scholz et al., 2016; Truong et al., 2017b).  

 

6. 4 Database limitations 
Importantly, although the reference-guided approaches described above can increase contiguity and 

accuracy, they rely on high-quality reference sequence resources (Quince et al., 2017). Collections of 

microbial reference genomes are dominated by model organisms, pathogens, and easily cultivable 

bacteria, while genomes of microbes of less studied environments including soil and oceans are 

underrepresented (Quince et al., 2017). Other collections of reference genomes such as those of the 

Human Microbiome Project (HMP) (Consortium et al., 2012) and the Human Gastrointestinal Bacteria 

Genome Collection (HGG) (Browne et al., 2016; Forster et al., 2019; Thomas-White et al., 2018) severely 

underrepresent populations from geographical regions such as Africa and South America (Almeida et 

al., 2019). 
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Regardless of which approach is adopted for taxonomic profiling, the downstream analysis will 

commonly include characterization of the functional potential of the community under investigation. The 

main limitation of this step is the lack of annotations for accessory genes in most microbial species 

(Quince et al., 2017). Approximately 50% of predicted protein sequences in metagenomes will lack 

annotations, particularly for data sets with high species richness (Escobar-Zepeda et al., 2015). This can 

be the result of erroneous gene predictions, the existence of genes with undetectable sequence homology 

or the occurrence of novel genes (Escobar-Zepeda et al., 2015). Consequently, highly conserved pathways 

and housekeeping functions are more consistently detected, which might explain the functional 

consistency often reported across different samples and environments (Consortium et al., 2012). 

Furthermore, metabolic pathway reconstruction of metagenomes relies on databases of manually 

annotated and computationally predicted protein families such as KEGG (Kanehisa et al., 2014) or 

UniProt (Apweiler et al., 2014). However metabolic information mostly derives from model organisms 

and many enzymes or pathways are not conserved universally (De Crécy-Lagard, 2014), while most 

platforms are designed to analyze single genomes and not metagenomes (Escobar-Zepeda et al., 2015). 

 

Viral metagenomics come with special challenges. Although viruses are the most abundant biological 

entities on Earth,  in 2015 fewer than 2,200 genomes from dsDNA viruses and retroviruses were harbored 

in NCBI databases, compared to over 45,000 bacterial genomes (Reddy et al., 2015). Furthermore, 

although viral metagenomics has so far revealed significant diversity in viral communities (Paez-Espino 

et al., 2016), the majority of those sequences remain uncharacterized owing to three major and 

interconnected obstacles: the lack of a universal marker gene for viruses, the significant 

underrepresentation of viral genomes in databases (Roux et al., 2015a)  and the high mutation rates that 

viral genomes exhibit, resulting in undetectable homology. Thus, viral high-throughput sequencing 

datasets tend to be dominated by unknown sequences, termed “viral dark matter” (Roux et al., 2015b) 

(Figure 6). Despite these obstacles there has been an effort to develop tools to detect and survey viral 

metagenomic diversity by employing sequence-based as well as sequence-independent methods, often in 

combination (Garretto et al., 2019; Ren et al., 2017; Roux et al., 2015c; Zheng et al., 2019). 
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Figure 6. Virome data sets are dominated by unknown sequences: The viral dark matter of the virome data sets of the 
study presented in Chapter 4. Targeted virome sequencing was followed by co-assembly and combinatorial approaches 
to characterize in silico (Methods Chapter 4). Only a tiny fraction (dark blue) could be identified by reference viral 
genomes. Top: fractions of the co-assembly in bp. Bottom: fractions in number of contigs identified. The fact that a larger 
fraction is identified as unknown viral (i.e. predicted to be viral but does not closely resemble reference genomes) in the 
top barplot suggests that longer contigs are easier to classify as viral. Gray fraction corresponds to either unknown 
sequences or sequences likely to be bacterial. 
 

6. 5 Metagenomic results interpretation 

One must bear in mind that functional profiling of metagenomes provides insights into the community 

functional potential rather than its actual expression. Moreover, it is impossible to distinguish cells that 

are growing and metabolically active from those dormant or dead using metagenomics. 

Metatranscriptomic sequencing, flowcytometry or qPCR are methods that can be used if this distinction 

is deemed particularly important (Quince et al., 2017). Nevertheless, the field of metagenomics is seeing 

continuous development of algorithms for calculating to growth rates of bacteria, including PTR (Korem 

et al., 2015), which requires the availability of complete reference genomes, iRep (Brown et al., 2016) 

and the more recent GRiD (Emiola and Oh, 2018) that requires lower sequencing coverage and is more 

scalable for complex communities compared to the former. These approaches rely on the principle that 

dividing cells contain more than one genome copy and since replication proceeds bi-directionally from 

the origin of replication to the terminus region (Wang and Levin, 2009), dividing cells can be deduced 

based on changes in read coverage across the length of their genome (Korem et al., 2015). Thus, it is 

possible to identify active contributors to the community phenotype and gain insights into antagonistic 

interactions by estimating ratios of growing vs. dead/stationary cells (Emiola and Oh, 2018).  

 

Another point of consideration is that quantitative metagenomics typically report relative instead of 

absolute abundances of taxa or genes. Although relative comparisons between samples might mitigate the 
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effects of technical variations, variations in the true concentration of species across samples can produce 

false correlations. To illustrate, if a highly abundant species doubles its concentration, all the other 

organisms in the same sample will appear to be differentially abundant after normalization (Quince et al., 

2017). Another issue with reporting fractional values is the variation of unmapped reads across samples, 

which results in overestimation of relative abundances of known taxa or genes (Prakash and Taylor, 2012). 

Lastly, another hurdle with relative values concerns the construction of reliable correlation networks to 

identify dependencies between members of the community, or between microbes and metabolites, clinical 

variables, and host traits (Peñalver Bernabé et al., 2018). Notably, SparCc (Friedman and Alm, 2012) is 

capable of estimating co-abundance correlations based on compositional data, albeit without edge 

directionality. One can instead estimate absolute abundances by combining shotgun metagenomic 

sequencing with density measurements from flow cytometry (Hingamp et al., 2013) or quantitative PCR 

(Liu et al., 2012)  and by incorporating DNA or mRNA standards (Satinsky et al., 2013). 

 

One additional technical caveat in taxonomical analyses in bacterial genomics in general is that current 

microbial taxonomy is often inconsistent with evolutionary relationships as many taxa circumscribe 

polyphyletic groupings (McDonald et al., 2012). This is partly attributable to historical phenotype-based 

classification while modern microbial taxonomy is primarily guided by 16S rRNA relationships resulting 

in common discrepancies in 16S rRNA phylogenetic trees (McDonald et al., 2012; Yilmaz et al., 2014) 

 

Overall, the lack of standards and incomplete documentation of wet-lab protocols and in silico pipelines 

in metagenomic practices reduces reproducibility and limits the ability to compare results across different 

studies. Community-wide adoption of standards for bacterial and archaeal (Bowers et al., 2017) or viral 

(Roux et al., 2019) metagenomics will enable more robust comparative studies while community efforts 

such as the CAMI challenge (Sczyrba et al., 2017) can contribute to the understanding of the strengths 

and weaknesses of different computational approaches. 

 
The investigations carried out in this PhD Thesis applied metagenomic methods to survey industrial, 

human, as well as animal and soil microbiomes with the aim to shed light on different aspects of microbial 

community dynamics. These dynamics included inter- and intra-species interactions in bioethanol 

fermenters and their impact on process performance (Chapter 2), interactions between the human gut 

microbiota and bile acids and their impact on host health (Chapter 3), interactions between the bacterial 

and viral fraction of the human microbiome and their impact on dissemination of antibiotic resistance 

(Chapter 4), and lastly, interactions between bacteria and viruses in the context of co-evolution of CRISPR 

systems and anti-CRISPR proteins (Chapter 5). 
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Abstract 
The sugarcane ethanol industry has replaced more than 40% of Brazil’s gasoline consumption with biologically 

produced ethanol, reducing global CO2 emissions by over 350 million tons. Current fermentation yields are 

negatively affected by contaminant bacteria. To date, our limited understanding of these contaminants is based 

on targeted methods and thus the interplay of the microbial community as a whole is unknown. However, the 

sugarcane ethanol process is an ideal model system for studying microbial dynamics and causal microbiome-

phenotype relationships. We provide the first comprehensive survey of the bioethanol industry microbiome by 

applying shotgun metagenomics to over 50 longitudinal industrial samples from two different facilities, 

representing each step along the ethanol production process covering all fermentation stages and the 
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centrifuged yeast biomass. Analysis of these samples revealed similar patterns in microbiome structure and 

community dynamics along the process. By combining metagenomic analysis with industrial parameters, 

specific strains of Lactobacillus fermentum were found to be associated with poor industrial performance 

indicators. The impact of specific strains on ethanol yield was further demonstrated by laboratory-scale 

fermentations, which revealed a yield reduction of up to 4.63%±1.35% caused by a specific L. fermentum 

strain.  These strains represent targets for a selective removal with the potential to improve the carbon footprint 

of the sugarcane ethanol industry. 

 

 

Introduction 
The Brazilian sugarcane ethanol production process is one of the hallmarks in industrial biotechnology. It is 

responsible for the production of more than 30 billion liters of ethanol per year[1], answering for more than 

40% of all the energy consumed by light vehicles in Brazil and replacing the demand of almost 550 million 

oil barrels per year. The use of this biofuel, either as a sole fuel or blended in the gasoline, results in overall 

reduction in greenhouse gases emissions of more than 60% in comparison to conventional gasoline[2], [3]. 

The Brazilian ethanol production plants primarily produce ethanol, sugar and electricity [3], though recent 

technologies also allow the production of a wider variety of products, including organic acids and higher 

alcohols[4], jet fuels[5] and bio-plastics[6].  

 

The sugarcane ethanol production process makes use of specific Saccharomyces cerevisiae strains in very high 

cell density fed-batch fermentations operated with cell recycling[7], [8]. Usually the production season lasts 

for around 250 consecutive days per year, with an average mill performing up to three cycles of fermentation 

per day[9]–[11]. Parameters such as ethanol yield, yeast cell viability, broth acidity and the intensity of 

bacterial contamination are all of paramount importance to dictate the economic and technological efficiency 

of this process[8]. 

 

Contamination of this non-sterile process remains a major problem to the industry, leading to overall annual 

yield reductions in excess of 3%, corresponding to over 960 million liters of ethanol[12], [13]. Contamination 

is mainly caused by lactic acid bacteria already present on the raw material, which tolerate ethanol, low pH 

and high temperature[13], [14]. To control the bacterial contamination, yeast cells are acid washed after every 

fermentation cycle. After the acid wash, the yeast biomass is pumped back to fermenters for a new round of 

fermentation[10]. In spite of such measures, contamination continues to compromise the industrial process[9], 

[10], [12]. To further address this issue, antibiotics and other antimicrobial compounds are often used as a 

second measurement for contamination control. Antibiotic use is a concern with regards to the global antibiotic 

resistance crisis[15], while it also burdens the overall process cost. Given the continuous problems with 
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contamination there is an increasing need to understand the microbial community structure in these 

bioprocesses and its effect on yeast fermentations[12], [16]–[18]. 

 

Metagenomics could be a valuable tool for improving the performance of currently established 

bioprocesses[19] by providing a better understanding of the microbial community dynamics that form within 

them.  Microbial communities are integral parts of several natural processes, from biogeochemical cycles to 

human health maintenance[20]–[22], and the interactions among populations within these communities often 

shape their functionalities and the surrounding environment[20].  Industrial bioprocesses possess established 

microbiomes, which are stable and resilient[23]. This, coupled with easily measurable environmental 

parameters makes such processes ideal systems for studying complex microbial interactions. However to date, 

industrial biofuels microbiomes have been studied with limited resolution applying either culture based 

methods[18], [24]–[27] or culture independent methods, like metabarcoding, focusing mainly in a specific 

process steps[16], [28]–[30].  

 

In the present work, we sampled all steps along the bioethanol production process in two mills in Brazil, 

spanning an entire fermentation season. For the first time, shotgun metagenomics was applied to analyze the 

microbial community composition found in this industry. Our results highlight the importance of strain-level 

microbiome composition and suggest new approaches that the industry could follow in order to improve its 

performance. 

 

 
Results 

 
Universality of microbiome dynamics in the industrial biofuels fermentation process 
We sampled two independent sugarcane ethanol mills located in the State of São Paulo, Brazil in similar 

climates, but over 300 km from each other referred hereafter as Mill A and Mill B. Both mills have an ethanol 

production capacity of around 400m3 per day. The high cell density fed-batch fermentation process  combined 

with cell recycling[31] used by both mills, allowed for defined unitary sampling points covering all process 

steps (Figure 1A). To be able to observe the community structure over time, we sampled each mill three times 

across the entire production season and also collected paired industrial metadata on the ethanol production 

process parameters (Suppl. Table 1). Shotgun metagenomic sequencing was applied to a total of 56 samples 

(Suppl. Table 2). 

 

Upon removing reads mapping to the S. cerevisiae genome (mean yeast:non-yeast ratio for all samples was 

6.22 +/- 9.74, Suppl. Table 2, Methods), the majority of remaining classifiable reads belonged to bacteria, 
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followed by a small fraction of viruses and a negligible amount of archaea (Suppl. Table 3). Firmicutes 

constituted the most prevalent bacterial phylum, owing mostly to high abundance of the Lactobacillaceae 

family (Figure 1B, Suppl. Table 4), in agreement with previous reports [16], [18], [26], [32]. The species-

level community composition of the two mills did not differ significantly when we compared samples from 

the same process steps and timepoints (p=0.293, PERMANOVA; Figure 1B, Suppl. Figure 1). At the species 

level, the microbiome of the initial broth step was found to be most diverse and dissimilar to the microbiomes 

in the rest of the fermentation process (Suppl. Figure 2). Throughout the entire process, Lactobacillus 

fermentum and Lactobacillus amylovorus comprised the majority of the contaminants (Figure 1B). These two 

species have independently been described as contaminants in ethanol fermentation processes in previous 

studies[13], [17], [33]–[35]. Interestingly, here we were able to show the first evidence of competition between 

them at industrial scale, as the relative abundances of these two species were significantly anti-correlated 

across all samples (Figure 1B) (Spearman’s correlation r = -0.76, FDR = 1.67 x 10-11). The dynamics between 

the two species can be most strongly observed during the main fermentation steps in both mills (Figure 1C), 

whereby L. amylovorus is dominant at the beginning and L. fermentum at the end of the fermentative process 

(Spearman’s correlation r=-0.9, FDR=4.35 x 10-14 y).  

 

 
Figure 1: Sampling strategy, similarity of microbiome composition between the two mills and competition between 
L. amylovorus and L. fermentum in the bioethanol fermentation process. A: Schematic of the fermentation process of 
both mills indicating sampled process steps. 1. Broth: Feeding line with fresh fermentation media; 2. Ferm. beginning: 
the beginning until middle of vessel feeding time (e.g. time 0 to 1.5h of feeding, for a 3h feeding regime); 3. Ferm. middle: 
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the middle until the final hour of feeding (e.g. time 1.5 to 3h of feeding, for a 3h feeding regime); 4: Ferm. end:  the final 
hours of fermentation, after feeding has ceased; 5. Centrifuge: the yeast cream resulting from the separation of the wine, 
which is sent to distillation; 6. Acid wash: samples collected by the end of the acid wash treatment, with the diluted 
biomass remaining in the acid wash treatment tank for ca. 1h, at pH 2.5 after the addition of sulfuric acid. The schematic 
was created using vector images from Flaticon (www.flaticon.com); B: Species-level microbial community composition 
of the 10 most prevalent contaminants across sampling time points (x-axis) and process steps (y-axis) in Mills A (left) 
and B (right), expressed as relative abundances. Beige color indicates the fraction of all remaining species of the 
community; Due to low biomass content, DNA extraction was not possible for sample [1] for the 3rd sampling timepoint 
from mill A. During the 3rd sampling timepoint, mill B was operating below its maximum capacity due to lack of raw 
material and biomass was left idle for longer periods in the vessels. This might explain why all the process steps are so 
similar in community composition. C: Mean relative abundances of L. amylovorus and L. fermentum across sampled time 
points for the three fermentation steps (i.e. beginning, middle and end of fermentation) show patterns of competition. 
 

Microbial community composition affects industrial performance  
To establish if the dynamics observed within the contaminant microbial community were associated with 

environmental factors or overall fermentation yield, we incorporated the collected fermentation metadata and 

industrial performance indicators into our analyses (Figure 2A, Suppl. Table 1). Increased ethanol yield (i.e. 

performance) was found to be strongly associated with lower acidity titers in the fermentation, while increase 

in bacterial cell counts was negatively correlated with the viability of yeast (Figure 2A, Spearman’s correlation 

r = -0.84, FDR = 2.09 x 10-5, and r = -0.72, FDR = 2 x 10-3 respectively).  

 

Ethanol yield values from the analyzed industrial fermentations were obtained via byproduct 

quantification[36]. This method, despite being widely used by the biofuels industry, presents several caveats. 

Ethanol yield is obtained based solely on the ratio of byproducts formed during fermentation (i.e. ethanol, 

glycerol, yeast biomass and organic acids titer), without the need for any parameter measurement. Thus, if 

yeast produces lower biomass and glycerol titers (due to lower viability, for example), ethanol yield might be 

overestimated due to the increase of the ethanol, biomass and glycerol ratio[36]. To more accurately evaluate 

and compare the performance between fermentation batches, we devised a composite parameter, termed 

‘industrial performance’, that incorporated ethanol yield measurements, as well as parameters related to the 

biological catalyst quality (yeast viability) and potential hazards due to microbial contamination (bacterial cell 

counts and fermented broth acidity) (Equation 1). 

 

 

Industrial	performance =
(Ethyield x Yeastviab)
(Baccounts x Acidtiter)

 

 

Equation 1: Proposed equation for obtaining a general industrial performance score. The score is obtained by 
multiplying ethanol yield (Ethyield) and yeast viability (Yeastviab) values, and dividing its product by the product obtained 
from the multiplication of bacterial cell counts (Baccounts) and wine acidity titer (Acidtiter) values.  
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Applying this metric to the correlation analysis of microbial community composition revealed a strong 

negative association between L. fermentum abundance and industrial performance (Figure 2B, Suppl. Figure 

3). What’s more, L. fermentum was the main species associated with high acidity titers (Spearman’s 

correlation, r = 0.72, FDR = 1.50 × 10-6), (Figure 2B). Other studies have linked the acetic acid production 

capacity of L. fermentum isolates and their detrimental effect on S. cerevisiae fermentations, suggesting an 

universal mode of inhibition[37]. 

 

 
Figure 2: Process parameters and microbial species that influence fermentation performance. A. Fermentation 
parameters showing significant associations throughout the year, based on monthly averages (Spearman correlation; FDR 
< 0.05). Increased acidity is linked with lower ethanol yield, and increased number of bacterial cells is linked with reduced 
yeast viability. B. Microbial species associated with industrial performance and relevant process parameters. Presence of 
L. fermentum is more negatively correlated with overall fermentation performance compared to L. amylovorus and 
positively associated with acidity titers. Species are ranked by overall relative abundance (high to low relative abundance: 
left to right). Orange: r<0; Purple: r>0; Dot size represents the strength of correlation. 
 

The impact of L. fermentum on industrial performance varies at strain-level 
Given the high relative abundance of L. fermentum in all samples, its negative correlation to industrial 

performance and positive correlation to acidity, we then chose to examine the sub-species composition of this 

contaminant. Strain-level analysis of reference L. fermentum genomes indicated the presence of three distinct 

strain clusters (Methods, Suppl. Figure 4, Suppl. Table 5). We observed variation in strain-level abundances 

at each fermentation sampling timepoint, allowing us to compare different L. fermentum strain-level population 

structures with different industrial performance scores (Figure 3). For both mills we observed that dominance 

of strain clusters 1 and 3 in the L. fermentum population (ca. 50% or above in relative abundance) was linked 

with poorer industrial performance, whereas dominance of strain cluster 2 was linked with higher industrial 

performance. These results suggest that efficiency of the fermentation process may depend on both species- 

and strain-level composition. 
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Figure 3: L. fermentum strain dominance is associated with process performance. The mean relative abundances of 
the 3 L. fermentum strain clusters in all fermentation steps against industrial performance. Strain cluster 2 dominates high-
performance batches, while clusters 1 and 3 reach their lowest relative abundances in these high-performance batches. 
 

Comparison of the accessory genes of the pangenome of the 3 L. fermentum strain clusters revealed the 

presence of unique functions and pathways, which may be enable them to thrive under different conditions 

(Methods, Suppl. Table 6). For example, strain clusters 1 and 3 present several unique genes which confer 

them the ability to grow more efficiently in the fermentation environment. Strain cluster 1 presents arginine 

biosynthesis genes (K01438), an amino acid L. fermentum is known to be auxotrophic for[38]. This ability 

could improve this strain’s fitness in such an amino acid-depleted environment[39]. Strain cluster 2 is able to 

uptake and consume trehalose (K01087 and  K01194), a major storage carbohydrate from S. cerevisiae[40]. 

Assimilating different carbon sources could provide a niche for this strain to thrive in this environment.   
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Competition between L. fermentum strains and S. cerevisiae drives loss of performance 

To demonstrate the impact of L. fermentum strain variation on ethanol fermentation of S. cerevisiae as it was 

observed in the metagenomic analysis and the impact of bacterial growth potential on industrial performance, 

we performed static batch cultivations simulating an industrial setup. We used industrial lactobacilli isolates 

and the model industrial yeast strain PE-2. A yeast to bacteria ratio of 100:1 was used, resembling the ratio 

found in actual industrial setups[9] and a chemically-semi defined synthetic medium that simulates sugarcane 

molasses-based broth[41], [42]. Ethanol yield was used as a proxy for fermentation performance and calculated 

according to the following equation: 

 

Ethanol	yield =
(EtOHobs x 100)

EtOHtheor
 

Equation 2: Ethanol yield equation used in pairwise fermentations. EtOHobs = the observed ethanol titer on each sample. 
EtOHtheor = the maximum theoretical ethanol titer for each sample. The maximum theoretical yield was obtained by 
multiplying the sugar titer from the broth solution with the stoichiometric conversion factor for ethanol production[43]. 
 

We compared the fermentation performance of yeast strain PE-2 in pairwise fermentations with the 6 most 

abundant bacterial species identified in our metagenomic analyses which, altogether, correspond to almost 

80% of known species in the contaminant microbiome. The yield value from PE-2 standalone fermentation 

was used as a control to compare against the outcome of the pairwise fermentations (Figure 4). 

 

 

Figure 4: Pairwise fermentations with S. cerevisiae strain PE-2 and the 6 most common contaminant bacteria 
found in sugarcane ethanol fermentations (L. fermentum, L. amylovorus, L. helveticus, P. claussenii, L. buchneri 
and Z. mobilis). These species together answer for almost 80% of the relative abundance of the microbial community 
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(Suppl. Table 4). Only specific strains of L. fermentum are responsible for reducing the ethanol yield by 1.98±1.68% and 
4.63±1.35% (strains A and C, respectively). Asterisks indicate statistically significant differences between control and 
analyzed condition (multiple t-test, p < 0.05). 
 

These results indicate that negative impact on fermentation (observed by a decrease in ethanol yield relative 

to control), is dependent on which L. fermentum strain is present, with the most deleterious one causing a drop 

in yield of almost 5%. When analyzing the microbial community structure from the fermentations, it was 

possible to correlate the most detrimental strains with higher bacterial relative abundance. (Suppl. Table 7). 

This observation further supports the hypothesis of competition between S. cerevisiae and L. fermentum strains 

and bacterial growth as important factors affecting the fermentation performance. In contrast, L. amylovorus, 

P. claussenii and L. buchneri showed positive effects on ethanol yield (multiple t-test, p < 0.05). 

 

We also compared the accessory pangenome genes of these three L. fermentum strain isolates to identify 

potential functions or pathways that may have contributed to their distinct behaviors in the presence of yeast 

(Methods, Suppl. Table 6). Again, as with the functional analysis of the metagenomic strain clusters, we 

observed evidence of niche exploitation based on alternative carbon sources utilization. Strain C, the most 

detrimental strain isolate, possessed a gene cluster involved in glycerol metabolism (KO2440, KO6120, 

KO6121 and KO6122). Glycerol is the second most abundant metabolite produced by S. cerevisiae in alcoholic 

fermentations[11]. The ability to assimilate glycerol (and trehalose as strain cluster 2) provides a competitive 

advantage for these strains when growing in the presence of yeast, allowing them to exploit this exclusive 

niche created by yeast metabolism. 

 

 

Discussion 
The sampling strategy adopted in this study allowed for the tracking of patterns of microbial community 

succession during the fermentation process, revealing insights into ecological interactions in an actual 

industrial setting.  These patterns were shared by two different facilities, suggesting the presence of universal 

microbiome composition and dynamics, as shaped by the selective pressures imposed by the fermentation 

process. We observed the interplay between L. fermentum and L. amylovorus that suggests competition 

between the two species, as previously observed in smaller-scale fermentations, such as in sourdough[44], 

[45], is a stabilizing force in the microbial community[46].  

 

By associating microbiome analysis with industrial metadata, we were able to observe that acidity titers are 

negatively associated with ethanol yield. Acetic acid is the main metabolite produced by L. fermentum[47]. 

The ability of this species to produce and grow in the presence of organic acids might allow it to survive under 
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the stressful conditions during alcoholic fermentations, as well as confer it a competitive advantage against 

yeast, as well as other bacterial species, such as L. amylovorus. Acidity is, therefore, an indirect measurement 

of bacterial metabolism, and its negative association to ethanol yield and industrial performance demonstrates 

that the active metabolism and growth of some bacteria is critical for this industry.  

 

Along these lines, we also introduce a novel method to more accurately assess and compare the performance 

of a fermentation batch. Using this metric, we identify genetic variation of L. fermentum as an important driver 

of the output of a well-controlled industrial fermentation system. This highlights the importance of high-

resolution, cross-sectional analysis of the contaminant microbiome and its interaction with relevant industrial 

metadata. Comparison of our in situ to in vitro observations enabled us validate the impact of particular L. 

fermentum strains in ethanol yield at laboratory scale fermentations. Selective removal of identified 

detrimental strains could improve ethanol yield by almost 5%, translating in economic gains in the magnitude 

of ca. 690 million USD[48], and environmental gains by avoiding CO2 emissions of more than 2 x106 tons per 

year from the use of extra gasoline[49].  

 

Taken together, we have demonstrated the utility of the industrial sugarcane ethanol fermentation as a model 

system to study the dynamics and ecological interactions of microbial community, due to its highly-

compartmentalized setup, which enables the impact of perturbations (such as strain-level alterations) to be 

easily quantified and reproduced.  

 

 

Methods 
 
Chemicals  
Unless stated otherwise, all chemicals and reagents used were purchased from Sigma-Aldrich (St. Louis, MO, 

USA). 

 

Sampling strategy 

We have sampled two independent ethanol mills (named here Mill A and Mill B), located in the State of São 

Paulo, Brazil - in a region with the prevalence of the humid subtropical climate (Cfa) with an annual 

precipitation of around 2000 mm, and with a sea-level altitude of ca. 600m. The mills were completely 

independent from each other, with a distance greater than 300 km apart, and had their raw material sourced 

from different producers and sugarcane fields. Both mills operated via fed-batch fermentations (Melle-Boinot 

setup), and had a similar ethanol production capacity with a daily output of ca. 400m3 of ethanol. Mill A was 

sampled in the dates: 26/05/2017; 26/10/2017 and 17/11/2017. Mill B was sampled in the dates: 02/06/2017; 
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29/10/2017 and 03/11/2017. For both mills, the following steps of the ethanol production process were 

sampled: fermentation broth, beginning of fermentation; middle of fermentation, end of fermentation, yeast 

cream after centrifugation (Centrifuge) and the biomass after acid wash (Acid Wash). The phases of the 

fermentation were defined according to the feeding regimen of each mill: the beginning was set as the 

beginning to the middle of the feeding; the middle was defined from the middle to the end of the feeding, and 

the end was defined as the final hours of fermentation, after the feeding had ceased. 

Samples were collected directly from the production process and diluted 1x in a sterile Phosphate Buffered 

Saline (PBS) solution with glycerol (50%). The samples were readily frozen in dry ice, until final storage in 

ultrafreezer (-80oC). Each mill had several vessels operating in the same fermentation step, which allowed for 

process replicates. Samples were taken in duplicates. 

 

Industrial metadata 
The industrial metadata was provided by the operational staff from each mill, and consisted on key process 

control parameters collected and registered by industrial staff, related to the ethanol fermentation. Those 

parameters were: Ethanol yield daily average); ethanol yield (weekly average); acidity from wine (gacetic acid 

equivalent.l-1, where gacetic acid equivalent is related to the amount, in g.l-1, of acetic acid equivalent obtained 

via titration); yeast cell counts in the fermentation (CFU); bacteria cell counts in the fermentation (CFU); yeast 

viability (% of the population); yeast budding rate (% of the population); vessel current volume (in m3); vessel 

operational status (idle, feeding, running or finished fermentation) and vessel temperature (in oC). 

 

Due to the high variability observed in daily ethanol yield values (standard deviation = ±13.15%), and the 

limited number of days we were able to sample, it was not possible to directly correlate microbial community 

composition and ethanol yield, since this parameter alone is not directly correlated to industrial performance, 

therefore we used monthly averages for metadata correlation analyses.  

 

DNA extraction for metagenomics analysis 

All DNA extractions were performed using the DNeasy Powerlyzer Powersoil Kit (QIAGEN, Hilden, 

Germany), according to manufacturer’s instructions. Pure lactobacilli isolates had their DNA extracted using 

MasterPure™ Gram Positive Puritication Kit (LGC Biosearch Technologies, Hoddesdon, UK).All DNA 

extraction quantifications were performed with Qubit Fluorometer (Thermo Fischer Scientific, Waltham, MS, 

USA).  

 

Next generation sequencing 
Shotgun metagenomic sequencing was performed on the NextSeq 500 using NextSeq High Output v2 Kit (300 

Cycles) (Illumina, San Diego, CA, USA). The library preparation was performed using the KAPA HyperPlus 



Chapter 2  59 

Library Prep Kit (Roche, Basel, Switzerland), and the indexing kit used was the Dual Indexed PentAdapters, 

Illumina compatible (PentaBase, Odense, Denmark). Quantity and quality control were performed using Qubit 

dsDNA HS Assay Kit (Invitrogen, Carlsbad, CA, USA) and DNF-473 Standard Sensitivity NGS Fragment 

Analysis Kit (1 bp - 6000 bp; Agilent, Santa Clara, CA, USA). Average library length was 341 bp. The 

sequencing reads length were 150 base pair paired-end (2x150 bp). The index (i7 and i5) reads were 8 bp, dual 

indexed and flow cell loading was 1.3 pM. The sequencing chemistry used was 2-channel sequencing-by-

synthesis (SBS) technology, and Phix control V3 (Illumina San Diego, CA, USA) was added (2.5%).  

 

Metagenomic data processing  
All raw reads (metagenomic sequencing and isolate sequencing) underwent quality trimming using a 

previously described pipeline[50] to filter out adapter and universal primer sequences, as well as low quality 

bases (< Q20), reads shorter than 75 bp and duplicated reads (Suppl. Table 2). 

 

All available S. cerevisiae genomes from NCBI genome database (https://www.ncbi.nlm.nih.gov/genome, 481 

genomes by August 2018) were downloaded. Read alignment was performed against the concatenated 

genomes using the BWA mem model with default parameters[50]. Reads over 95% identity were extracted as 

S. cerevisiae reads (SC reads); the remainder were deemed non-S. cerevisiae reads (non-SC reads) and used 

for downstream analyses for the bacterial contaminant community.  

 

Kraken[51] was selected for taxonomic read assignment of non-SC reads as it has been shown to perform well 

in benchmarking studies[52], [53], especially for medium-low complexity microbiome communties[54] such 

as the ones in industrial fermenters. Specifically, Kraken v. 0.10.5-beta was applied on non-yeast reads with 

default settings against the minikraken 2017.10.18 8GB database. Bracken[55] v. 2.0 was used for accurate 

species abundance estimation with parameters -r (read length) 150 and -l (level) S (species). We expected 

unclassified reads to correspond to either yeast (owing to clonal differences not captured by S. cerevisae 

genome mapping) or sugarcane plant DNA. Therefore, downstream analyses were based on the mappable read 

fraction only, as we intended to focus on the contamination microbiome DNA. 

 

Species-level analyses 
Rarefaction of read counts and subsequent analyses were done using R package vegan[56]. We considered the 

10 most prevalent contaminant species as those with the highest median relative abundance across all samples 

(using read counts rarefied across all samples). For diversity analyses, samples were rarefied to the lowest 

sample read count per timepoint and mill (i.e. fermentation batch). Alpha diversity was estimated using the 

Shannon index and values from different samples were averaged by date and process step. The Wilcoxon 

pairwise rank sum test was then used to identify process steps with significantly different diversity values. 
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Similarity between microbial community structures was calculated using Bray-Curtis distance on species 

relative abundance and Permutational Multivariate Analysis of Variance (PERMANOVA) with 999 

permutations and the Bray-Curtis method was applied by providing Mill/Process step/Date as function. 

Correlation analysis between the relative abundances of L. fermentum and L.amylovorus was performed using 

R package psych, using Spearmann correlation and FDR-adjustment. 

 

Metagenomic co-assembly and functional annotation 
To overcome the imbalance between the sequencing yields of bacterial and fungal reads in different samples, 

achieve higher completeness of pan-genome regions with low sequencing coverage, and perform sample-wise 

gene presence and absence comparisons, co-assembly was performed for the non-SC reads. Non-SC reads 

were concatenated separately from all sequenced samples and the maximum k-mer depth was normalized to 

100 fold by BBnorm (https://sourceforge.net/projects/bbmap/) before co-assembly. IDBA_ud (v. 1.1.1)[57] 

was used for the assembly using the following parameters: “--min_contig 300 --mink 50 --maxk 124 --step 10 

--pre_correction”. Co-assembly results are summarized in Suppl. Table 8. For the non-SC assembly, 

MetaGeneMark v. 3.26 was adopted to predict the coding DNA sequence (CDS) regions in the assembled 

metagenome contigs using the default parameters.  

 

Strain level taxonomic profiling 

To identify the strain compositions for the most abundant species, associate the strain compositions and pan-

genome presence with metadata parameters, and compare the metagenomic strains with commercially 

available strains, a previously introduced pipeline[50], [58] was modified and applied to estimate the strain-

level taxonomic profiles of the 20 most abundant bacterial species. Some modifications were introduced to the 

original tool including concatenating all contigs from one NCBI genome as a consecutive sequence with 

spacers (N of 100bp) and automatically downloading and renaming genome assemblies from the NCBI 

database. 

 

For each species, genomes were downloaded from NCBI genome database 

(https://www.ncbi.nlm.nih.gov/genome, visited on August 2018) to construct the SNV and pan-genome 

database. In cases where more than 200 genome assemblies existed, only complete assemblies and 

chromosome-level assemblies were used. 

 

The SNV-based core-genome strain profiling was used for downstream analyses. For each sample, species 

with less than 1,000 pre-normalized mapped reads were not used for strain-level taxonomic profiling. Strains 

with a maximum relative abundance less than 5% in at least one sample, or a prevalence of less than 20% 
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samples were discarded. Thus, the strain level taxonomic profiles were constructed for 11 bacterial species for 

all metagenomic samples. The strain-specific pan-genome sequences were constructed by the same pipeline.  

 

Due to the vast genetic diversity of bacteria, the actual strains in the industrial microbiota may not be covered 

by the known genomes in NCBI database. It is highly possible that the strain-specific SNVs and pan-genome 

regions we identified from different NCBI genomes may come from a single strain. To reduce the noise of the 

NCBI genome-based strain profile and identify the sub-species dynamics, we performed further analyses on 

strain clusters. For each species, Spearman’s correlation coefficient was calculated among different strains’ 

relative abundance of all metagenomic samples. False discovery rate (FDR) was calculated using Benjamini-

Hochberg (BH) method. FDR < 0.05 was used as the significant level cut-off. Strain abundance dissimilarity 

among different samples was calculated by Euclidean distances and hierarchical clustering was performed. As 

a result, all strains were clustered into two to six strain clusters for each species, where no significant negative 

correlation could be captured in each strain cluster (see Suppl. Figures 4 and 5 as an example from L. 

fermentum).  

 

Correlation analysis 

Pairwise Spearman’s correlation coefficient was calculated for pairs of metadata variables, and between 

metadata variables and species abundances. False discovery rates (FDR) were calculated using Benjamini-

Hochberg (BH) method. FDR < 0.05 was used as the significant level cut-off. 

 

Functional potential metagenomic strain cluster differences  
Genomic regions from each strain cluster corresponding to the non-core pan-genome were extracted and ORFs 

were predicted using MetaGeneMark v.3.26. Predicted proteins were annotated using eggNOG mapper[59] 

with the following settings: mapping mode: DIAMOND, automatic taxonomic scope, orthologs: restrict to 

one-to-one (prioritize precision), GO evidence: use experimental-only terms (prioritize quality). From the 

resulting file, KEGG ortholog ids were extracted by significant matches (e-value < 10-5) and those that were 

unique for each strain cluster were characterized in terms of KEGG pathway/module membership (KEGG 

Mapper Pathway Reconstruct). 

 

Strains  
Saccharomyces cerevisiae strain PE-2 was kindly provided by Prof. Thiago Olitta Basso. Strains of 

Lactobacillus amylovorus and Lactobacillus fermentum were isolated from stored industrial samples. Strains 

of Pediococcus claussenii, Lactobacillus helveticus, Lactobacillus buchneri and Zymomonas mobilis were 

purchased from ATCC (Manassas, VA, USA). 
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Isolation of industrial strains and maintenance 

For strain isolation, a previously introduced protocol was used [60]. Briefly, industrial samples were serially 

diluted in sterile PBS and plated in Man Rogosa Sharpe (MRS) Agar media, containing cycloheximide (0.1% 

v.v-1) in order to inhibit yeast growth. Plates were incubated at either 30oC or 37oC statically. A loopful of an 

isolated colony was grown in liquid MRS in the same conditions, and stored at -80oC.  (see section “DNA 

extraction and 16S analysis of bacterial isolates”). Yeast strains were cultured in Yeast Potato Dextrose (YPD) 

media, at 30oC. Lactobacilli were cultured in MRS media, either at 30oC or 37oC, and Zymomonas mobilis was 

cultured at Trypsin Soy Broth (TSB) media, at 30oC. All cultivations were performed statically, in ca 5ml 

volume. 

 

DNA extraction and 16S analysis of bacterial isolates 
Pure isolates were grown overnight in adequate media and conditions, as mentioned in the previous section. 

After growth, cells were pelleted via centrifugation (> 10,000g for 4 min.) and their genomic DNA was 

extracted using the MasterPure™ Gram Positive DNA Purification Kit (Lucigen Corporation, Middleton, WI), 

according to manual’s instruction.  Species were identified via the PCR amplification and DNA sequencing of 

the bacterial 16S rRNA, performed by BaseClear B.V. (Leiden, The Netherlands). 

 

Bacterial isolate assembly  
A de Bruijn graph-based assembler, SPAdes 3.12[61], was used for the genome assembly of bacterial isolates, 

using the following parameters: “-m 300 -k 33,55,77,99,127”. To complement the de novo assembly, 

reference-assisted genome assembly was performed with idba_hybrid (v 1.1.1)[57] with the following 

parameters “--pre_correction --mink 120 --maxk 180 --step 10  --min_contig 300 --reference [the reference 

genome downloaded from NCBI for each species]”. Two modifications were made in the source code before 

compiling IDBA_UD: in file src/basic/kmer.h constant kNumUint64 was changed from 4 to 8 to allow 

maximum kmer length beyond 124; in file src/sequence/short_sequence.h constant kMaxShortSequence was 

set to 512 to support longer read length. Final assembly results are summarized in Suppl. Table 9. 

 

Fermentation experiments 
Fermentations were performed in 96 deep-well plates, with either pairwise cultivations (yeast:bacteria at a 

100:1 ratio)[8], [11], [41], or standalone yeast or bacteria cultivations. The media used is a semi-synthetic 

media, able to simulate sugarcane molasses based media (SM)[42]. Briefly, all strains were cultured in their 

optimal media and conditions (see “Strains” and “Isolation of industrial strains and maintenance” sections), 

for up to 48h. After that, the biomass was calculated via optical density (OD; 600 nm wavelength). All cells 

were pelleted via centrifugation (3400 x g, 4oC, 15 min) and washed twice with sterile PBS. Subsequently, 

cells were diluted in SM diluted in sterile Milli-Q H2O (10x, final sugar concentration of 18g.l-1) for an OD 
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value of 1.0. Strains were later diluted in fresh SM media in specific wells in the 96 deep-well plate to a final 

OD value of 0.1. 

 

All cultivations were performed statically, overnight, at 30oC, in ca. 1 ml volume. The fermentations were 

performed in triplicate. The carbohydrate titer and composition (sucrose, glucose and fructose) and 

fermentation metabolites (glycerol, ethanol, and acetic acid) were determined by high-performance liquid 

chromatography (HPLC) (UltiMate 3000, Thermo-Fischer Scientific, Waltham, Massachusetts, USA). The 

analites were separated using an Aminex HPX-87H ion exclusion column (Bio-Rad, Hercules, California, 

USA) and were isocratically eluted at 30°C, with a flow rate of 0.6 ml min−1, using a 5mM sulfuric acid solution 

as mobile phase. The detection was performed refractrometrically. 

Ethanol yield was calculated according using the following equation: 

 

Ethanol	yield =
(EtOHobs x 100)

EtOHtheor
 

 

Where: EtOHobs = the observed ethanol titer on each sample. EtOHtheor = the maximum theoretical ethanol titer 

for each sample. Obtained by multiplying the sugar titer from the broth solution with the stoichiometric 

conversion factor for ethanol production (i.e. 0.5111)[43]. 

 

Community composition was resolved via flow-cytometry (BD LSRFortessa™, BD Biosciences, Franklin 

Lakes, New Jersey, USA). A sample from each well (10 µl) was taken after the overnight cultivation, and was 

transferred to a new microplate and diluted in 190µl PBS buffer (pH 7.4). Yeast and bacteria populations were 

resolved via front and side scatter comparison (SSC versus FSC).  

 

The functional analysis of the accessory pangenome genes of the strain isolates was performed as described 

above for the metagenomic strain clusters. 

 

Statistics and data visualization 
Statistics were done in R. R and corresponding packages including ggplot2, grid, gridExtra, RColorBrewer, 

ellipse and pheatmap were used for data visualization. For fermentation experiments, the statistical analyses 

were performed using the software GraphPad Prism 8. The difference on final ethanol yield was analyzed by 

multiple t-tests (statistical significance analysis with alpha value of 0.05).  
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Supplementary Material 

 
Supplementary Figure 1: Principal component analysis (PCA) plot of species-level relative abundances of all 
samples. The main driving forces of community dissimilarity (PC1 = 84.08%) identified were the relative abundances of 
L. fermentum (right arrow), and L. amylovorus (left arrow). Shapes denote mills (circles for Mill A, triangles for Mill B) 
and colors denote sampling timepoint. 
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Supplementary Figure 2: Alpha diversity (Shannon index, y axis) by process step (x axis). Shapes denote the different 
mills, colors denote sampling timepoints. 

 

 

 
Supplementary Figure 3: Relative abundances of the top 10 contaminant bacterial species across industrial performance 
scores. 

 

 



Chapter 2  69 

 
Supplementary Figure 4: Spearman’s correlation among the L. fermentum strains (FDR < 0.05) and three strain clusters 
of L. fermentum. Hierarchical clustering among strains was performed on Euclidean distances. 

 

Supplementary Table 1 – Sampling timepoints and industrial metadata 
 
Sample 

ID 
Mill Date Industrial 

Step 
T 

(°C) 
Yeast 
Cell 

Coun
t 

Bacteria 
Cell 

Count 

Yeast 
Budding 

(%) 

Yeast 
Viability         

(%) 

Acidity 
(g/L) 

Industrial 
performanc

e score 

fsol0109  B 6/2/17 1.Broth NA NA NA NA NA NA 0.16667 

fsol0110  B 6/2/17 1.Broth NA NA NA NA NA NA 0.16667 
fsol0129  B 29/10/17 1.Broth NA NA NA NA NA NA 0.2 
fsol0130  B 29/10/17 1.Broth NA NA NA NA NA NA 0.2 
fsol0152  B 11/3/17 1.Broth 30 NA NA NA NA NA 0.14286 
fsol0159  A 5/26/17 1.Broth 30 NA NA NA NA NA 0.25 
fsol0169  A 26/10/17 1.Broth 30 NA NA NA NA NA 0.16667 
fsol0178  B 6/2/17 1.Broth NA NA NA NA NA NA 0.16667 
fsol0179  B 29/10/17 1.Broth 30 NA NA NA NA NA 0.2 
fsol0097  A 5/26/17 6.Acid 

wash 
NA 5.77E+

08 
19500000 14.8 75.6 6.86 0.25 

fsol0111  B 6/2/17 6.Acid 
wash 

NA 5.00E+
08 

30800000 14.5 76.08 6.59 0.16667 

fsol0131  B 29/10/17 6.Acid 
wash 

NA 6.10E+
08 

1400000 13.1 81.9 1.92 0.2 

fsol0136  A 17/11/17 6.Acid 
wash 

NA 6.10E+
08 

15500000 11.05 73.9 1.91 0.5 

fsol0153  B 11/3/17 6.Acid 
wash 

NA 3.80E+
08 

80300000 13 55.97 6.75 0.14286 

fsol0175  A 26/10/17 6.Acid 
wash 

NA 6.15E+
08 

8400000 16.45 71.95 6.23 0.16667 
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fsol0099  A 5/26/17 2. Ferm. 
Beginning 

34.3 5.77E+
08 

19500000 14.8 75.6 6.86 0.25 

fsol0100  A 5/26/17 2. Ferm. 
Beginning 

34.5 5.77E+
08 

19500000 14.8 75.6 6.86 0.25 

fsol0112  B 6/2/17 2. Ferm. 
Beginning 

29.6 5.00E+
08 

30800000 14.5 76.08 6.59 0.16667 

fsol0113  B 6/2/17 2. Ferm. 
Beginning 

30.8 5.00E+
08 

30800000 14.5 76.08 6.59 0.16667 

fsol0121  A 26/10/17 2. Ferm. 
Beginning 

33 6.15E+
08 

8400000 16.45 71.95 6.23 0.16667 

fsol0132  B 29/10/17 2. Ferm. 
Beginning 

30 6.10E+
08 

1400000 13.1 81.9 1.92 0.2 

fsol0133  B 29/10/17 2. Ferm. 
Beginning 

34.6 6.10E+
08 

1400000 13.1 81.9 1.92 0.2 

fsol0144  A 17/11/17 2. Ferm. 
Beginning 

34.9 6.10E+
08 

15500000 11.05 73.9 1.91 0.5 

fsol0154  B 11/3/17 2. Ferm. 
Beginning 

33.9 3.80E+
08 

80300000 13 55.97 6.75 0.14286 

fsol0155  B 11/3/17 2. Ferm. 
Beginning 

36.7 3.80E+
08 

80300000 13 55.97 6.75 0.14286 

fsol0162  A 5/26/17 2. Ferm. 
Beginning 

36.5 5.77E+
08 

19500000 14.8 75.6 6.86 0.25 

fsol0163  A 5/26/17 2. Ferm. 
Beginning 

36.9 5.77E+
08 

19500000 14.8 75.6 6.86 0.25 

fsol0176  A 5/26/17 2. Ferm. 
Beginning 

29.1 5.77E+
08 

19500000 14.8 75.6 6.86 0.25 

fsol0102  A 5/26/17 3. Ferm. 
Middle 

36.7 5.77E+
08 

19500000 14.8 75.6 6.86 0.25 

fsol0103  A 5/26/17 3. Ferm. 
Middle 

34.4 5.77E+
08 

19500000 14.8 75.6 6.86 0.25 

fsol0104  A 5/26/17 3. Ferm. 
Middle 

33.8 5.77E+
08 

19500000 14.8 75.6 6.86 0.25 

fsol0105  A 5/26/17 3. Ferm. 
Middle 

35.5 5.77E+
08 

19500000 14.8 75.6 6.86 0.25 

fsol0114  B 6/2/17 3. Ferm. 
Middle 

30.7 5.00E+
08 

30800000 14.5 76.08 6.59 0.16667 

fsol0122  A 26/10/17 3. Ferm. 
Middle 

33.3 6.15E+
08 

8400000 16.45 71.95 6.23 0.16667 

fsol0123  A 26/10/17 3. Ferm. 
Middle 

28.3 6.15E+
08 

8400000 16.45 71.95 6.23 0.16667 

fsol0134  B 29/10/17 3. Ferm. 
Middle 

30.3 6.10E+
08 

1400000 13.1 81.9 1.92 0.2 

fsol0135  B 29/10/17 3. Ferm. 
Middle 

31.8 6.10E+
08 

1400000 13.1 81.9 1.92 0.2 

fsol0145  A 17/11/17 3. Ferm. 
Middle 

33.7 6.10E+
08 

15500000 11.05 73.9 1.91 0.5 

fsol0146  A 17/11/17 3. Ferm. 
Middle 

33.4 6.10E+
08 

15500000 11.05 73.9 1.91 0.5 

fsol0156  B 11/3/17 3. Ferm. 
Middle 

33.4 3.80E+
08 

80300000 13 55.97 6.75 0.14286 

fsol0161  A 5/26/17 3. Ferm. 
Middle 

37.2 5.77E+
08 

19500000 14.8 75.6 6.86 0.25 

fsol0106  A 5/26/17 4. Ferm. 
End 

36.9 5.77E+
08 

19500000 14.8 75.6 6.86 0.25 

fsol0126  A 26/10/17 4. Ferm. 
End 

31.8 6.15E+
08 

8400000 16.45 71.95 6.23 0.16667 

fsol0127  A 26/10/17 4. Ferm. 
End 

31.6 6.15E+
08 

8400000 16.45 71.95 6.23 0.16667 

fsol0147  A 17/11/17 4. Ferm. 
End 

32 6.10E+
08 

15500000 11.05 73.9 1.91 0.5 

fsol0148  A 17/11/17 4. Ferm. 
End 

36.5 6.10E+
08 

15500000 11.05 73.9 1.91 0.5 

fsol0157  B 11/3/17 4. Ferm. 
End 

31.3 3.80E+
08 

80300000 13 55.97 6.75 0.14286 

fsol0166  B 6/2/17 4. Ferm. 
End 

30.7 5.00E+
08 

30800000 14.5 76.08 6.59 0.16667 

fsol0167  B 6/2/17 4. Ferm. 
End 

30.8 5.00E+
08 

30800000 14.5 76.08 6.59 0.16667 

fsol0181  B 29/10/17 4. Ferm. 
End 

28.8 6.10E+
08 

1400000 13.1 81.9 1.92 0.2 

fsol0089  B 29/10/17 5.Centrifug
e 

NA 6.10E+
08 

1400000 13.1 81.9 1.92 0.2 
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fsol0107  A 5/26/17 5.Centrifug
e 

NA 5.77E+
08 

19500000 14.8 75.6 6.86 0.25 

fsol0115  B 6/2/17 5.Centrifug
e 

NA 5.00E+
08 

30800000 14.5 76.08 6.59 0.16667 

fsol0128  A 26/10/17 5.Centrifug
e 

NA 6.15E+
08 

8400000 16.45 71.95 6.23 0.16667 

fsol0158  B 11/3/17 5.Centrifug
e 

NA 3.80E+
08 

80300000 13 55.97 6.75 0.14286 

fsol0180  A 17/11/17 5.Centrifug
e 

NA 6.10E+
08 

15500000 11.05 73.9 1.91 0.5 

 

 

Supplementary Table 2 – Sequencing and mapping metrics 
 

Sample 
ID 

Raw 
Reads 

Average 
read 

length 

% 
High 

quality 
reads 

SC 
Reads 

Non-SC 
Reads 

SC:Non-SC 
ratio 

Total reads 
mapped to 

prokaryotic 
species 

Mapping_rate 
(%) 

Max 
species 
count 

fsol0089 13975438 129.6 99.2 11086488 2779376 3.988840661 1312705 47.23 470879 

fsol0097 44511036 131.2 99 34015946 10028620 3.391887019 4895968 48.82 2237399 

fsol0099 35388660 140.9 99.2 30656020 4436544 6.909887516 2063496 46.51 807902 

fsol0100 29925136 146.2 99.4 52064 29700772 0.001752951 7887475 26.56 2601822 

fsol0102 41023080 139.1 99 27718344 12877894 2.152397279 6440820 50.01 2553527 

fsol0103 37198590 142.1 96.7 4450636 31513902 0.141227703 14566619 46.22 5372680 

fsol0104 34111600 146.8 99.2 6419182 27417802 0.234124603 11932100 43.52 3662472 

fsol0105 31895578 143.3 99.3 2235382 29423992 0.075971405 12644119 42.97 4046588 

fsol0106 32155748 142.2 99.1 83386 31774672 0.002624291 16073062 50.58 7018990 

fsol0107 15726024 146 99.3 3550162 12060490 0.294362999 6645762 55.1 3894621 

fsol0109 39174074 143.2 99.1 35726836 3106222 11.50170078 1620609 52.17 1130816 

fsol0110 41657268 142.2 98.8 38132270 3029022 12.58897096 1400868 46.25 831110 

fsol0111 38155468 142 98.1 35041752 2373516 14.76364684 1012384 42.65 577387 

fsol0112 46191218 145.9 98.5 41363894 4133688 10.00653508 1931665 46.73 1147303 

fsol0113 41340034 137.5 99 37398180 3511794 10.64930916 1633055 46.5 973185 

fsol0114 41309912 143.3 99 37622784 3272824 11.49551091 1766714 53.98 1214897 

fsol0115 34924746 143.1 98.9 32382590 2173724 14.89728687 1029717 47.37 682256 

fsol0121 27423692 140.2 99.1 26413554 755542 34.95974281 243208 32.19 129825 

fsol0122 24950110 140.6 98.9 23490216 1187776 19.77663802 537827 45.28 258055 

fsol0123 25203276 137.7 98.8 23483298 1415856 16.58593671 625748 44.2 303767 

fsol0126 30384008 137.7 99.2 71366 30059960 0.002374122 10958761 36.46 4714607 

fsol0127 34218138 136.6 98.8 31112928 2707776 11.49021485 1499549 55.38 868183 

fsol0128 22674482 145.3 97.9 10517528 11672478 0.901053572 4344620 37.22 2260395 

fsol0129 31096100 139.8 98.8 29584558 1126106 26.27155703 428740 38.07 180465 

fsol0130 29657680 143 98.6 27451724 1791960 15.31938436 952894 53.18 527372 

fsol0131 24908892 142.7 98.8 23550012 1062254 22.16985015 495895 46.68 280908 

fsol0132 36935106 142.6 98.1 3509340 32717924 0.107260473 21905619 66.95 16320668 

fsol0133 30197808 143.5 98.5 2165330 27588596 0.078486415 17956962 65.09 13680213 

fsol0134 25907846 140.6 99.2 21974470 3716636 5.912462237 2144130 57.69 1487150 

fsol0135 29675932 139.5 99.1 21800292 7609198 2.864992079 4621127 60.73 3260730 

fsol0136 36360984 142.8 98.8 12081692 23851744 0.506532856 15333656 64.29 11169468 

fsol0144 40566392 139.7 98.2 4168340 35675246 0.116841241 22980764 64.42 17388432 

fsol0145 44765248 134.8 98.4 3227486 40802088 0.079101001 26017329 63.76 19602000 
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fsol0146 36147612 139.4 98.4 1595074 33957132 0.046973166 22472122 66.18 17151134 

fsol0147 32735228 139.4 99.2 19564242 12897566 1.516894118 8344302 64.7 6086045 

fsol0148 38497974 135 99.1 28604262 9538778 2.998734429 5806975 60.88 3919289 

fsol0152 38328884 143.2 98.5 50092 37698890 0.001328739 20104253 53.33 9028524 

fsol0153 35936836 141.1 98.9 3891658 31647214 0.122970003 23178506 73.24 11712962 

fsol0154 34120202 141 98.9 1550652 32183394 0.048181742 23374165 72.63 14146434 

fsol0155 35103822 141.3 98.9 687564 34029508 0.020204935 23828951 70.02 9808617 

fsol0156 33301046 138.7 98.9 563784 32373136 0.01741518 22375056 69.12 11994039 

fsol0157 38074792 144.3 98.9 703982 36950070 0.019052251 25447047 68.87 13985317 

fsol0158 36823830 142.7 99 1857324 34584348 0.053704179 24773973 71.63 13719796 

fsol0159 39877910 150.4 94.5 534392 37154018 0.014383155 13308266 35.82 3968141 

fsol0161 44922940 140.7 98 3704428 40316034 0.091884733 27561101 68.36 20021750 

fsol0162 41973534 145.7 98.3 4132848 37125918 0.111319752 23743721 63.95 16762601 

fsol0163 48326954 145.1 97.9 2705858 44587268 0.060686786 28458978 63.83 17706489 

fsol0166 38279402 142.8 98.6 29784418 7959570 3.741963197 4620815 58.05 2534408 

fsol0167 41841548 143.3 98.5 34737710 6472284 5.367148599 3531315 54.56 1570604 

fsol0169 37560656 168.7 83.9 208534 31321076 0.006657945 12140824 38.76 3313954 

fsol0175 53640000 138 99.1 50412784 2746412 18.35587086 1146346 41.74 661811 

fsol0176 44459688 144.1 98.9 9205076 34785276 0.264625642 22078651 63.47 15355018 

fsol0178 43244170 140.5 99.2 85760 42821350 0.002002739 817596 1.91 190353 

fsol0179 41693850 142 99.4 70728 41367352 0.001709754 21472058 51.91 9674982 

fsol0180 41421524 141.9 98.7 35956068 4938732 7.280425016 2889852 58.51 1905820 
fsol0181 42500572 142.9 98.9 41175476 856172 48.09252814 176704 20.64 60588 

 

 

Supplementary Table 3 – Taxonomic classification of non-yeast reads 

Domains 

Taxon Relative Abundance Range Across Samples (%) 

Bacteria 89 – 99.9 

Viruses 0.019 – 5.8 

Archaea 2x10-5 – 0.28 

Bacterial Phyla 

Taxon Relative Abundance Range Across Samples (%) 

Firmicutes 96.21 

Proteobacteria 3.39 

Actinobacteria 0.29 

Bacteroidetes 0.01 

Tenericutes 0.01 
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Supplementary Table 4 – Top 10 contaminant species median relative abundances  
 

Species Relative abundance (%) 

Lactobacillus amylovorus 45.2±24.7 

Lactobacillus fermentum 19.6±17.6 

Lactobacillus helveticus 5.3±3.6 

Pediococcus claussenii 4.7±1.9 

Lactobacillus buchneri 2±5.1 

Zymomonas mobilis 2±4.3 

Lactobacillus plantarum 1.5±1.9 

Lactobacillus mucosae 1.4±1.7 

Acetobacter pasteurianus 1.3±7.6 

Bacillus cereus 1.4±1.7 
 

 

Supplementary Table 5 – L. fermentum strain clusters 

Cluster Strain NCBI Accession ID # of SNVs 
Cluster 1 MTCC_25067 GCA_002356135.1 1392 

 279 GCA_002794275.1 41 
 779_LFER GCA_001077025.1 573 
 RI-508 GCA_001982185.1 859 
 MD_IIE-4657 GCA_002942005.1 30 
 DSM_20055 GCA_001436835.1 9 

Cluster 2 LfU21 GCA_002869825.1 123 
 NB-22 GCA_000496435.1 29 
 311 GCA_002794315.1 374 
 MTCC_8711 GCA_000477515.1 1373 
 LF2 GCA_003261135.1 301 
 DS13_7 GCA_003061865.1 789 

Cluster 3 BFE_6620 GCA_002204495.1 2433 
 LfQi6 GCA_000966835.2 734 
 HFB3 GCA_001297025.1 534 
 NCC2970 GCA_001742205.1 1088 
 47-7 GCA_001854105.1 670 
 CBA7106 GCA_003255875.1 990 
 F-6 GCA_000397165.1 1118 
 28-3-CHN GCA_000162395.1 636 
 UCO-979C GCA_001297905.1 109 
 222 GCA_001368755.1 753 
 3872 GCA_000466785.3 190 
 IFO_3956 GCA_000010145.1 356 
 FTDC_8312 GCA_002119645.1 2 
 SNUV175 GCA_001941785.1 588 
 103 GCA_002794375.1 553 
 LAC_FRN-92 GCA_002192435.1 592 
 UMB0187 GCA_002863265.1 316 

Not Abundant DS19_7 GCA_003053105.1 740 
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 VRI-003 GCA_002072085.1 3 
 NCDC_400 GCA_002798075.1 1653 
 Lf1 GCA_000472265.1 257 
 39 GCA_001010185.1 74 
 ATCC_14931 GCA_000159215.1 575 
 S6 GCA_900163585.1 1 
 L930BB GCA_001039735.1 527 
 SHI-2 GCA_002591935.1 558 
 CECT_5716 GCA_000210515.1 170 
 FTDC8312 GCA_000417005.1 6 
 S13 GCA_900163595.1 2 
 IMDO_130101 GCA_900205745.1 782 
 90_TC-4 GCA_001010245.1 1154 

 

Supplementary Table 6 – Gene content analysis 
Strain isolates 
Isolate ID KO ID KO annotation 
fsol200 K00019 E1.1.1.30, bdh; 3-hydroxybutyrate dehydrogenase [EC:1.1.1.30] 
fsol200 K00767 nadC, QPRT; nicotinate-nucleotide pyrophosphorylase (carboxylating) [EC:2.4.2.19] 
fsol200 K01208 cd, ma, nplT; cyclomaltodextrinase / maltogenic alpha-amylase / neopullulanase [EC:3.2.1.54 3.2.1.133 

3.2.1.135] 
fsol200 K01234 - 
fsol200 K01438 argE; acetylornithine deacetylase [EC:3.5.1.16] 
fsol200 K01912 paaK; phenylacetate-CoA ligase [EC:6.2.1.30] 
fsol200 K03767 PPIA; peptidyl-prolyl cis-trans isomerase A (cyclophilin A) [EC:5.2.1.8] 
fsol200 K05521 draG; ADP-ribosyl-[dinitrogen reductase] hydrolase [EC:3.2.2.24] 
fsol200 K05992 amyM; maltogenic alpha-amylase [EC:3.2.1.133] 
fsol200 K06046 luxE; long-chain-fatty-acid---luciferin-component ligase [EC:6.2.1.19] 
fsol200 K07016 csm1, cas10; CRISPR-associated protein Csm1 
fsol200 K07334 higB-1; toxin HigB-1 
fsol200 K07542 PIGV; phosphatidylinositol glycan, class V [EC:2.4.1.-] 
fsol200 K09002 csm3; CRISPR-associated protein Csm3 
fsol200 K11041 eta; exfoliative toxin A/B 
fsol200 K18831 higA; HTH-type transcriptional regulator / antitoxin HigA 
fsol200 K19091 cas6; CRISPR-associated endoribonuclease Cas6 [EC:3.1.-.-] 
fsol200 K19138 csm2; CRISPR-associated protein Csm2 
fsol200 K19139 csm4; CRISPR-associated protein Csm4 
fsol200 K19140 csm5; CRISPR-associated protein Csm5 
fsol201 K00370 narG, narZ, nxrA; nitrate reductase / nitrite oxidoreductase, alpha subunit [EC:1.7.5.1 1.7.99.-] 
fsol201 K00371 narH, narY, nxrB; nitrate reductase / nitrite oxidoreductase, beta subunit [EC:1.7.5.1 1.7.99.-] 
fsol201 K00373 narJ, narW; nitrate reductase molybdenum cofactor assembly chaperone NarJ/NarW 
fsol201 K00374 narI, narV; nitrate reductase gamma subunit [EC:1.7.5.1 1.7.99.-] 
fsol201 K00852 rbsK, RBKS; ribokinase [EC:2.7.1.15] 
fsol201 K00973 E2.7.7.24, rfbA, rffH; glucose-1-phosphate thymidylyltransferase [EC:2.7.7.24] 
fsol201 K00991 ispD; 2-C-methyl-D-erythritol 4-phosphate cytidylyltransferase [EC:2.7.7.60] 
fsol201 K01153 hsdR; type I restriction enzyme, R subunit [EC:3.1.21.3] 
fsol201 K01154 hsdS; type I restriction enzyme, S subunit [EC:3.1.21.3] 
fsol201 K01155 E3.1.21.4; type II restriction enzyme [EC:3.1.21.4] 
fsol201 K01160 rusA; crossover junction endodeoxyribonuclease RusA [EC:3.1.22.4] 
fsol201 K01303 APEH; acylaminoacyl-peptidase [EC:3.4.19.1] 
fsol201 K02031 ABC.PE.A; peptide/nickel transport system ATP-binding protein 
fsol201 K02032 ABC.PE.A1; peptide/nickel transport system ATP-binding protein 
fsol201 K02033 ABC.PE.P; peptide/nickel transport system permease protein 
fsol201 K02034 ABC.PE.P1; peptide/nickel transport system permease protein 
fsol201 K02035 ABC.PE.S; peptide/nickel transport system substrate-binding protein 
fsol201 K02429 fucP; MFS transporter, FHS family, L-fucose permease 
fsol201 K02456 gspG; general secretion pathway protein G 
fsol201 K02538 manR; activator of the mannose operon, transcriptional antiterminator 
fsol201 K02650 pilA; type IV pilus assembly protein PilA 
fsol201 K02768 PTS-Fru-EIIA, fruB; PTS system, fructose-specific IIA component [EC:2.7.1.202] 
fsol201 K02770 PTS-Fru-EIIC, fruA; PTS system, fructose-specific IIC component 
fsol201 K02822 PTS-Ula-EIIB, ulaB, sgaB; PTS system, ascorbate-specific IIB component [EC:2.7.1.194] 
fsol201 K03095 sprL; SprT-like protein 
fsol201 K03111 ssb; single-strand DNA-binding protein 
fsol201 K03325 ACR3, arsB; arsenite transporter 
fsol201 K03427 hsdM; type I restriction enzyme M protein [EC:2.1.1.72] 
fsol201 K03475 PTS-Ula-EIIC, ulaA, sgaT; PTS system, ascorbate-specific IIC component 
fsol201 K03483 mtlR; mannitol operon transcriptional antiterminator 
fsol201 K03491 licR; lichenan operon transcriptional antiterminator 
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fsol201 K03637 moaC, CNX3; cyclic pyranopterin monophosphate synthase [EC:4.6.1.17] 
fsol201 K03741 arsC2, arsC; arsenate reductase (thioredoxin) [EC:1.20.4.4] 
fsol201 K03750 moeA; molybdopterin molybdotransferase [EC:2.10.1.1] 
fsol201 K03752 mobA; molybdenum cofactor guanylyltransferase [EC:2.7.7.77] 
fsol201 K05346 deoR; deoxyribonucleoside regulator 
fsol201 K05349 bglX; beta-glucosidase [EC:3.2.1.21] 
fsol201 K05988 dexA; dextranase [EC:3.2.1.11] 
fsol201 K06726 rbsD; D-ribose pyranase [EC:5.4.99.62] 
fsol201 K06909 xtmB; phage terminase large subunit 
fsol201 K07011 wbbL; rhamnosyltransferase 
fsol201 K07464 cas4; CRISPR-associated exonuclease Cas4 [EC:3.1.12.1] 
fsol201 K07474 xtmA; phage terminase small subunit 
fsol201 K07683 nreB; two-component system, NarL family, sensor histidine kinase NreB [EC:2.7.13.3] 
fsol201 K07696 nreC; two-component system, NarL family, response regulator NreC 
fsol201 K08678 UXS1, uxs; UDP-glucuronate decarboxylase [EC:4.1.1.35] 
fsol201 K10823 oppF; oligopeptide transport system ATP-binding protein 
fsol201 K10851 nreA; nitrogen regulatory protein A 
fsol201 K11198 PTS-Mng-EIIA, mngA, hrsA; PTS system, 2-O-A-mannosyl-D-glycerate-specific IIA component 

[EC:2.7.1.195] 
fsol201 K11199 PTS-Mng-EIIB, mngA, hrsA; PTS system, 2-O-A-mannosyl-D-glycerate-specific IIB component 

[EC:2.7.1.195] 
fsol201 K11200 PTS-Mng-EIIC, mngA, hrsA; PTS system, 2-O-A-mannosyl-D-glycerate-specific IIC component 
fsol201 K11618 liaR; two-component system, NarL family, response regulator LiaR 
fsol201 K11996 MOCS3, UBA4; adenylyltransferase and sulfurtransferase [EC:2.7.7.80 2.8.1.11] 
fsol201 K12951 ctpD; cobalt/nickel-transporting P-type ATPase D [EC:7.2.2.-] 
fsol201 K13049 PM20D1; carboxypeptidase PM20D1 [EC:3.4.17.-] 
fsol201 K15580 oppA, mppA; oligopeptide transport system substrate-binding protein 
fsol201 K15581 oppB; oligopeptide transport system permease protein 
fsol201 K15582 oppC; oligopeptide transport system permease protein 
fsol201 K15583 oppD; oligopeptide transport system ATP-binding protein 
fsol201 K17050 serA, clrA; selenate/chlorate reductase subunit alpha [EC:1.97.1.9 1.97.1.1] 
fsol201 K17051 serB, clrB; selenate/chlorate reductase subunit beta [EC:1.97.1.9 1.97.1.1] 
fsol201 K17195 alsE; D-allulose-6-phosphate 3-epimerase [EC:5.1.3.-] 
fsol201 K19115 csh2; CRISPR-associated protein Csh2 
fsol201 K19117 csd1, cas8c; CRISPR-associated protein Csd1 
fsol201 K19118 csd2, cas7; CRISPR-associated protein Csd2 
fsol201 K19119 cas5d; CRISPR-associated protein Cas5d 
fsol201 K19577 ydhP; MFS transporter, DHA1 family, inner membrane transport protein 
fsol203 K00067 rfbD, rmlD; dTDP-4-dehydrorhamnose reductase [EC:1.1.1.133] 
fsol203 K00073 allD; ureidoglycolate dehydrogenase (NAD+) [EC:1.1.1.350] 
fsol203 K00595 cobL; precorrin-6Y C5,15-methyltransferase (decarboxylating) [EC:2.1.1.132] 
fsol203 K00768 E2.4.2.21, cobU, cobT; nicotinate-nucleotide--dimethylbenzimidazole phosphoribosyltransferase 

[EC:2.4.2.21] 
fsol203 K00786 E2.4.-.-; glycosyltransferase [EC:2.4.-.-] 
fsol203 K00798 MMAB, pduO; cob(I)alamin adenosyltransferase [EC:2.5.1.17] 
fsol203 K01066 aes; acetyl esterase [EC:3.1.1.-] 
fsol203 K01464 DPYS, dht, hydA; dihydropyrimidinase [EC:3.5.2.2] 
fsol203 K01466 allB; allantoinase [EC:3.5.2.5] 
fsol203 K01687 ilvD; dihydroxy-acid dehydratase [EC:4.2.1.9] 
fsol203 K01698 hemB, ALAD; porphobilinogen synthase [EC:4.2.1.24] 
fsol203 K01699 pduC; propanediol dehydratase large subunit [EC:4.2.1.28] 
fsol203 K01749 hemC, HMBS; hydroxymethylbilane synthase [EC:2.5.1.61] 
fsol203 K01790 rfbC, rmlC; dTDP-4-dehydrorhamnose 3,5-epimerase [EC:5.1.3.13] 
fsol203 K01845 hemL; glutamate-1-semialdehyde 2,1-aminomutase [EC:5.4.3.8] 
fsol203 K01902 sucD; succinyl-CoA synthetase alpha subunit [EC:6.2.1.5] 
fsol203 K02007 cbiM; cobalt/nickel transport system permease protein 
fsol203 K02008 cbiQ; cobalt/nickel transport system permease protein 
fsol203 K02009 cbiN; cobalt/nickel transport protein 
fsol203 K02083 allC; allantoate deiminase [EC:3.5.3.9] 
fsol203 K02188 cbiD; cobalt-precorrin-5B (C1)-methyltransferase [EC:2.1.1.195] 
fsol203 K02189 cbiG; cobalt-precorrin 5A hydrolase [EC:3.7.1.12] 
fsol203 K02190 cbiK; sirohydrochlorin cobaltochelatase [EC:4.99.1.3] 
fsol203 K02191 cbiT; cobalt-precorrin-6B (C15)-methyltransferase [EC:2.1.1.196] 
fsol203 K02224 cobB-cbiA; cobyrinic acid a,c-diamide synthase [EC:6.3.5.9 6.3.5.11] 
fsol203 K02227 cbiB, cobD; adenosylcobinamide-phosphate synthase [EC:6.3.1.10] 
fsol203 K02231 cobP, cobU; adenosylcobinamide kinase / adenosylcobinamide-phosphate guanylyltransferase [EC:2.7.1.156 

2.7.7.62] 
fsol203 K02232 cobQ, cbiP; adenosylcobyric acid synthase [EC:6.3.5.10] 
fsol203 K02233 E2.7.8.26, cobS, cobV; adenosylcobinamide-GDP ribazoletransferase [EC:2.7.8.26] 
fsol203 K02302 cysG; uroporphyrin-III C-methyltransferase / precorrin-2 dehydrogenase / sirohydrochlorin ferrochelatase 

[EC:2.1.1.107 1.3.1.76 4.99.1.4] 
fsol203 K02303 cobA; uroporphyrin-III C-methyltransferase [EC:2.1.1.107] 
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fsol203 K02304 MET8; precorrin-2 dehydrogenase / sirohydrochlorin ferrochelatase [EC:1.3.1.76 4.99.1.4] 
fsol203 K02381 fdrA; FdrA protein 
fsol203 K02440 GLPF; glycerol uptake facilitator protein 
fsol203 K02473 wbpP; UDP-N-acetylglucosamine 4-epimerase [EC:5.1.3.7] 
fsol203 K02492 hemA; glutamyl-tRNA reductase [EC:1.2.1.70] 
fsol203 K03292 TC.GPH; glycoside/pentoside/hexuronide:cation symporter, GPH family 
fsol203 K03321 TC.SULP; sulfate permease, SulP family 
fsol203 K03394 cobI-cbiL; precorrin-2/cobalt-factor-2 C20-methyltransferase [EC:2.1.1.130 2.1.1.151] 
fsol203 K03399 cbiE; cobalt-precorrin-7 (C5)-methyltransferase [EC:2.1.1.289] 
fsol203 K03446 emrB; MFS transporter, DHA2 family, multidrug resistance protein 
fsol203 K03451 TC.BCT; betaine/carnitine transporter, BCCT family 
fsol203 K03699 tlyC; putative hemolysin 
fsol203 K03980 murJ, mviN; putative peptidoglycan lipid II flippase 
fsol203 K04021 eutE; aldehyde dehydrogenase 
fsol203 K04024 eutJ; ethanolamine utilization protein EutJ 
fsol203 K04028 eutN; ethanolamine utilization protein EutN 
fsol203 K04029 eutP; ethanolamine utilization protein EutP 
fsol203 K04031 eutS; ethanolamine utilization protein EutS 
fsol203 K04095 fic; cell filamentation protein 
fsol203 K04720 cobD; threonine-phosphate decarboxylase [EC:4.1.1.81] 
fsol203 K04940 odh; opine dehydrogenase [EC:1.5.1.28] 
fsol203 K05770 TSPO, BZRP; translocator protein 
fsol203 K05895 cobK-cbiJ; precorrin-6A/cobalt-precorrin-6A reductase [EC:1.3.1.54 1.3.1.106] 
fsol203 K05934 E2.1.1.131, cobJ, cbiH; precorrin-3B C17-methyltransferase [EC:2.1.1.131] 
fsol203 K05936 cobM, cbiF; precorrin-4/cobalt-precorrin-4 C11-methyltransferase [EC:2.1.1.133 2.1.1.271] 
fsol203 K06016 pydC; beta-ureidopropionase / N-carbamoyl-L-amino-acid hydrolase [EC:3.5.1.6 3.5.1.87] 
fsol203 K06042 cobH-cbiC; precorrin-8X/cobalt-precorrin-8 methylmutase [EC:5.4.99.61 5.4.99.60] 
fsol203 K06120 dhaB; glycerol dehydratase large subunit [EC:4.2.1.30] 
fsol203 K06121 dhbC; glycerol dehydratase medium subunit [EC:4.2.1.30] 
fsol203 K06122 dhbE; glycerol dehydratase small subunit [EC:4.2.1.30] 
fsol203 K06198 coiA; competence protein CoiA 
fsol203 K06994 K06994; putative drug exporter of the RND superfamily 
fsol203 K07451 mcrA; 5-methylcytosine-specific restriction enzyme A [EC:3.1.21.-] 
fsol203 K07486 K07486; transposase 
fsol203 K07493 K07493; putative transposase 
fsol203 K09017 rutR; TetR/AcrR family transcriptional regulator 
fsol203 K09684 pucR; PucR family transcriptional regulator, purine catabolism regulatory protein 
fsol203 K09697 natA; sodium transport system ATP-binding protein [EC:7.2.2.4] 
fsol203 K09952 csn1, cas9; CRISPR-associated endonuclease Csn1 [EC:3.1.-.-] 
fsol203 K13540 cobIJ; precorrin-2 C20-methyltransferase / precorrin-3B C17-methyltransferase [EC:2.1.1.130 2.1.1.131] 
fsol203 K13541 cbiGH-cobJ; cobalt-precorrin 5A hydrolase / precorrin-3B C17-methyltransferase [EC:3.7.1.12 2.1.1.131] 
fsol203 K13542 cobA-hemD; uroporphyrinogen III methyltransferase / synthase [EC:2.1.1.107 4.2.1.75] 
fsol203 K13919 pduD; propanediol dehydratase medium subunit [EC:4.2.1.28] 
fsol203 K13920 pduE; propanediol dehydratase small subunit [EC:4.2.1.28] 
fsol203 K13921 pduQ; 1-propanol dehydrogenase 
fsol203 K13922 pduP; propionaldehyde dehydrogenase [EC:1.2.1.87] 
fsol203 K13923 pduL; phosphate propanoyltransferase [EC:2.3.1.222] 
fsol203 K15024 K15024; putative phosphotransacetylase [EC:2.3.1.8] 
fsol203 K16702 amsE; amylovoran biosynthesis glycosyltransferase AmsE [EC:2.4.-.-] 
fsol203 K19697 pduW; propionate kinase [EC:2.7.2.15 
Metagenomic strain clusters 
Strain 
cluster ID 

KO ID KO annotation 

28-3-CHN K00024 mdh; malate dehydrogenase [EC:1.1.1.37] 
28-3-CHN K00076 hdhA; 7-alpha-hydroxysteroid dehydrogenase [EC:1.1.1.159] 
28-3-CHN K00161 PDHA_ pdhA; pyruvate dehydrogenase E1 component alpha subunit [EC:1.2.4.1] 
28-3-CHN K00166 BCKDHA_ bkdA1; 2-oxoisovalerate dehydrogenase E1 component alpha subunit [EC:1.2.4.4] 
28-3-CHN K00287 DHFR_ folA; dihydrofolate reductase [EC:1.5.1.3] 
28-3-CHN K00626 E2.3.1.9_ atoB; acetyl-CoA C-acetyltransferase [EC:2.3.1.9] 
28-3-CHN K00690 E2.4.1.7; sucrose phosphorylase [EC:2.4.1.7] 
28-3-CHN K00696 E2.4.1.14; sucrose-phosphate synthase [EC:2.4.1.14] 
28-3-CHN K00874 kdgK; 2-dehydro-3-deoxygluconokinase [EC:2.7.1.45] 
28-3-CHN K00880 lyxK; L-xylulokinase [EC:2.7.1.53] 
28-3-CHN K01095 pgpA; phosphatidylglycerophosphatase A [EC:3.1.3.27] 
28-3-CHN K01142 E3.1.11.2_ xthA; exodeoxyribonuclease III [EC:3.1.11.2] 
28-3-CHN K01209 abfA; alpha-L-arabinofuranosidase [EC:3.2.1.55] 
28-3-CHN K01227 E3.2.1.96; mannosyl-glycoprotein endo-beta-N-acetylglucosaminidase [EC:3.2.1.96] 
28-3-CHN K01265 map; methionyl aminopeptidase [EC:3.4.11.18] 
28-3-CHN K01286 E3.4.16.4; D-alanyl-D-alanine carboxypeptidase [EC:3.4.16.4] 
28-3-CHN K01649 leuA_ IMS; 2-isopropylmalate synthase [EC:2.3.3.13] 
28-3-CHN K01676 E4.2.1.2A_ fumA_ fumB; fumarate hydratase_ class I [EC:4.2.1.2] 
28-3-CHN K01678 E4.2.1.2AB_ fumB; fumarate hydratase subunit beta [EC:4.2.1.2] 
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28-3-CHN K01687 ilvD; dihydroxy-acid dehydratase [EC:4.2.1.9] 
28-3-CHN K01740 metY; O-acetylhomoserine (thiol)-lyase [EC:2.5.1.49] 
28-3-CHN K01802 E5.2.1.8; peptidylprolyl isomerase [EC:5.2.1.8] 
28-3-CHN K01854 glf; UDP-galactopyranose mutase [EC:5.4.99.9] 
28-3-CHN K01881 PARS_ proS; prolyl-tRNA synthetase [EC:6.1.1.15] 
28-3-CHN K01953 asnB_ ASNS; asparagine synthase (glutamine-hydrolysing) [EC:6.3.5.4] 
28-3-CHN K02022 ABC.MR.TX; HlyD family secretion protein 
28-3-CHN K02440 GLPF; glycerol uptake facilitator protein 
28-3-CHN K02530 lacR; DeoR family transcriptional regulator_ lactose phosphotransferase system repressor 
28-3-CHN K02773 PTS-Gat-EIIA_ gatA_ sgcA; PTS system_ galactitol-specific IIA component [EC:2.7.1.200] 
28-3-CHN K02774 PTS-Gat-EIIB_ gatB_ sgcB; PTS system_ galactitol-specific IIB component [EC:2.7.1.200] 
28-3-CHN K03078 ulaD_ sgaH_ sgbH; 3-dehydro-L-gulonate-6-phosphate decarboxylase [EC:4.1.1.85] 
28-3-CHN K03079 ulaE_ sgaU_ sgbU; L-ribulose-5-phosphate 3-epimerase [EC:5.1.3.22] 
28-3-CHN K03081 : No such data. 
28-3-CHN K03082 : No such data. 
28-3-CHN K03106 SRP54_ ffh; signal recognition particle subunit SRP54 [EC:3.6.5.4] 
28-3-CHN K03186 ubiX_ bsdB_ PAD1; flavin prenyltransferase [EC:2.5.1.129] 
28-3-CHN K03476 ulaG; L-ascorbate 6-phosphate lactonase [EC:3.1.1.-] 
28-3-CHN K03654 recQ; ATP-dependent DNA helicase RecQ [EC:3.6.4.12] 
28-3-CHN K03744 lemA; LemA protein 
28-3-CHN K03753 mobB; molybdopterin-guanine dinucleotide biosynthesis adapter protein 
28-3-CHN K03767 PPIA; peptidyl-prolyl cis-trans isomerase A (cyclophilin A) [EC:5.2.1.8] 
28-3-CHN K03779 ttdA; L(+)-tartrate dehydratase alpha subunit [EC:4.2.1.32] 
28-3-CHN K03780 ttdB; L(+)-tartrate dehydratase beta subunit [EC:4.2.1.32] 
28-3-CHN K03799 htpX; heat shock protein HtpX [EC:3.4.24.-] 
28-3-CHN K03980 murJ_ mviN; putative peptidoglycan lipid II flippase 
28-3-CHN K04095 fic; cell filamentation protein 
28-3-CHN K05520 pfpI; protease I [EC:3.5.1.124] 
28-3-CHN K05898 kstD; 3-oxosteroid 1-dehydrogenase [EC:1.3.99.4] 
28-3-CHN K06013 STE24; STE24 endopeptidase [EC:3.4.24.84] 
28-3-CHN K06191 nrdH; glutaredoxin-like protein NrdH 
28-3-CHN K06610 iolF; MFS transporter_ SP family_ inositol transporter 
28-3-CHN K07033 K07033; uncharacterized protein 
28-3-CHN K07045 K07045; uncharacterized protein 
28-3-CHN K07120 K07120; uncharacterized protein 
28-3-CHN K07727 K07727; putative transcriptional regulator 
28-3-CHN K08093 hxlA; 3-hexulose-6-phosphate synthase [EC:4.1.2.43] 
28-3-CHN K08094 hxlB; 6-phospho-3-hexuloisomerase [EC:5.3.1.27] 
28-3-CHN K08483 PTS-EI.PTSI_ ptsI; phosphotransferase system_ enzyme I_ PtsI [EC:2.7.3.9] 
28-3-CHN K09014 sufB; Fe-S cluster assembly protein SufB 
28-3-CHN K10681 saeS; two-component system_ OmpR family_ sensor histidine kinase SaeS [EC:2.7.13.3] 
28-3-CHN K10682 saeR; two-component system_ OmpR family_ response regulator SaeR 
28-3-CHN K12293 comB; competence factor transport accessory protein ComB 
28-3-CHN K12549 lapA; surface adhesion protein 
28-3-CHN K13731 inlB; internalin B 
28-3-CHN K13818 mobAB; molybdopterin-guanine dinucleotide biosynthesis protein [EC:2.7.7.77] 
28-3-CHN K13831 hps-phi; 3-hexulose-6-phosphate synthase / 6-phospho-3-hexuloisomerase [EC:4.1.2.43 5.3.1.27] 
28-3-CHN K13832 aroDE_ DHQ-SDH; 3-dehydroquinate dehydratase / shikimate dehydrogenase [EC:4.2.1.10 1.1.1.25] 
28-3-CHN K14052 puuP; putrescine importer 
28-3-CHN K15869 baiA; 3alpha-hydroxy bile acid-CoA-ester 3-dehydrogenase [EC:1.1.1.395] 
28-3-CHN K17810 asl; D-aspartate ligase [EC:6.3.1.12] 
28-3-CHN K18640 parM; plasmid segregation protein ParM 
28-3-CHN K20112 PTS-Gal-EIIA; PTS system_ galactose-specific IIA component [EC:2.7.1.204] 
R1-508 K00261 GLUD1_2_ gdhA; glutamate dehydrogenase (NAD(P)+) [EC:1.4.1.3] 
R1-508 K00262 E1.4.1.4_ gdhA; glutamate dehydrogenase (NADP+) [EC:1.4.1.4] 
R1-508 K00713 waaD; UDP-glucose:(glucosyl)LPS alpha-1_2-glucosyltransferase [EC:2.4.1.-] 
R1-508 K00949 thiN_ TPK1_ THI80; thiamine pyrophosphokinase [EC:2.7.6.2] 
R1-508 K01090 E3.1.3.16; protein phosphatase [EC:3.1.3.16] 
R1-508 K01438 argE; acetylornithine deacetylase [EC:3.5.1.16] 
R1-508 K01577 oxc; oxalyl-CoA decarboxylase [EC:4.1.1.8] 
R1-508 K01783 rpe_ RPE; ribulose-phosphate 3-epimerase [EC:5.1.3.1] 
R1-508 K01809 manA_ MPI; mannose-6-phosphate isomerase [EC:5.3.1.8] 
R1-508 K02078 acpP; acyl carrier protein 
R1-508 K03280 waaK_ rfaK; UDP-N-acetylglucosamine:(glucosyl)LPS alpha-1_2-N-acetylglucosaminyltransferase 

[EC:2.4.1.56] 
R1-508 K03481 glvR; RpiR family transcriptional regulator_ glv operon transcriptional regulator 
R1-508 K03517 nadA; quinolinate synthase [EC:2.5.1.72] 
R1-508 K03621 plsX; phosphate acyltransferase [EC:2.3.1.274] 
R1-508 K03685 rnc_ DROSHA_ RNT1; ribonuclease III [EC:3.1.26.3] 
R1-508 K03742 pncC; nicotinamide-nucleotide amidase [EC:3.5.1.42] 
R1-508 K03743 pncC; nicotinamide-nucleotide amidase [EC:3.5.1.42] 
R1-508 K03819 wcaB; putative colanic acid biosynthesis acetyltransferase WcaB [EC:2.3.1.-] 
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R1-508 K04066 priA; primosomal protein N' (replication factor Y) (superfamily II helicase) [EC:3.6.4.-] 
R1-508 K06338 cotSA; spore coat protein SA 
R1-508 K06949 rsgA_ engC; ribosome biogenesis GTPase / thiamine phosphate phosphatase [EC:3.6.1.- 3.1.3.100] 
R1-508 K06994 K06994; putative drug exporter of the RND superfamily 
R1-508 K07030 K07030; uncharacterized protein 
R1-508 K08884 K08884; serine/threonine protein kinase_ bacterial [EC:2.7.11.1] 
R1-508 K09703 K09703; uncharacterized protein 
R1-508 K10974 codB; cytosine permease 
R1-508 K12132 prkC_ stkP; eukaryotic-like serine/threonine-protein kinase [EC:2.7.11.1] 
R1-508 K14335 pimC; alpha-1_6-mannosyltransferase [EC:2.4.1.-] 
R1-508 K18704 tarL; CDP-ribitol ribitolphosphotransferase / teichoic acid ribitol-phosphate polymerase [EC:2.7.8.14 

2.7.8.47] 
R1-508 K19337 hexR; RpiR family transcriptional regulator_ carbohydrate utilization regulator 
R1-508 K19354 waaH; heptose III glucuronosyltransferase [EC:2.4.1.-] 
R1-508 K19418 epsK; membrane protein EpsK 
R1-508 K20074 prpC_ phpP; PPM family protein phosphatase [EC:3.1.3.16] 
DS13_7 K00018 hprA; glycerate dehydrogenase [EC:1.1.1.29] 
DS13_7 K00034 gdh; glucose 1-dehydrogenase [EC:1.1.1.47] 
DS13_7 K00849 galK; galactokinase [EC:2.7.1.6] 
DS13_7 K00984 aadA; streptomycin 3"-adenylyltransferase [EC:2.7.7.47] 
DS13_7 K01087 otsB; trehalose 6-phosphate phosphatase [EC:3.1.3.12] 
DS13_7 K01194 TREH_ treA_ treF; alpha_alpha-trehalase [EC:3.2.1.28] 
DS13_7 K01201 GBA_ srfJ; glucosylceramidase [EC:3.2.1.45] 
DS13_7 K01220 E3.2.1.85_ lacG; 6-phospho-beta-galactosidase [EC:3.2.1.85] 
DS13_7 K01295 cpg; glutamate carboxypeptidase [EC:3.4.17.11] 
DS13_7 K01590 hdc_ HDC; histidine decarboxylase [EC:4.1.1.22] 
DS13_7 K01706 gudD; glucarate dehydratase [EC:4.2.1.40] 
DS13_7 K01758 CTH; cystathionine gamma-lyase [EC:4.4.1.1] 
DS13_7 K01915 glnA_ GLUL; glutamine synthetase [EC:6.3.1.2] 
DS13_7 K02531 lacT; transcriptional antiterminator 
DS13_7 K02759 PTS-Cel-EIIA_ celC_ chbA; PTS system_ cellobiose-specific IIA component [EC:2.7.1.196 2.7.1.205] 
DS13_7 K02786 PTS-Lac-EIIA_ lacF; PTS system_ lactose-specific IIA component [EC:2.7.1.207] 
DS13_7 K02787 PTS-Lac-EIIB_ lacE; PTS system_ lactose-specific IIB component [EC:2.7.1.207] 
DS13_7 K02788 PTS-Lac-EIIC_ lacE; PTS system_ lactose-specific IIC component 
DS13_7 K02837 prfC; peptide chain release factor 3 
DS13_7 K03451 TC.BCT; betaine/carnitine transporter_ BCCT family 
DS13_7 K03480 glcT; transcriptional antiterminator 
DS13_7 K03530 hupB; DNA-binding protein HU-beta 
DS13_7 K03549 kup; KUP system potassium uptake protein 
DS13_7 K03704 cspA; cold shock protein 
DS13_7 K03731 E2.4.1.216; trehalose 6-phosphate phosphorylase [EC:2.4.1.216] 
DS13_7 K03818 wcaF; putative colanic acid biosynthesis acetyltransferase WcaF [EC:2.3.1.-] 
DS13_7 K05946 tagA_ tarA; N-acetylglucosaminyldiphosphoundecaprenol N-acetyl-beta-D-mannosaminyltransferase 

[EC:2.4.1.187] 
DS13_7 K06884 K06884; uncharacterized protein 
DS13_7 K07058 K07058; membrane protein 
DS13_7 K07149 K07149; uncharacterized protein 
DS13_7 K07448 mrr; restriction system protein 
DS13_7 K07667 kdpE; two-component system_ OmpR family_ KDP operon response regulator KdpE 
DS13_7 K08992 lapA; lipopolysaccharide assembly protein A 
DS13_7 K08995 K08995; putative membrane protein 
DS13_7 K09017 rutR; TetR/AcrR family transcriptional regulator 
DS13_7 K09697 natA; sodium transport system ATP-binding protein [EC:7.2.2.4] 
DS13_7 K10112 msmX_ msmK_ malK_ sugC_ ggtA_ msiK; multiple sugar transport system ATP-binding protein 
DS13_7 K11202 PTS-Fru2-EIIB; PTS system_ fructose-specific IIB-like component [EC:2.7.1.-] 
DS13_7 K12997 rgpB; rhamnosyltransferase [EC:2.4.1.-] 
DS13_7 K16133 mcyI; microcystin synthetase protein McyI 
DS13_7 K16698 tuaG; teichuronic acid biosynthesis glycosyltransferase TuaG [EC:2.4.-.-] 
DS13_7 K16843 slcC; (S)-sulfolactate dehydrogenase [EC:1.1.1.310] 
DS13_7 K17216 mccA; cystathionine beta-synthase (O-acetyl-L-serine) [EC:2.5.1.134] 
DS13_7 K17217 mccB; cystathionine gamma-lyase / homocysteine desulfhydrase [EC:4.4.1.1 4.4.1.2] 
DS13_7 K17248 pglJ; N-acetylgalactosamine-N_N'-diacetylbacillosaminyl-diphospho-undecaprenol 4-alpha-N-

acetylgalactosaminyltransferase [EC:2.4.1.291] 
DS13_7 K18784 E2.4.1.282; 3-O-alpha-D-glucosyl-L-rhamnose phosphorylase [EC:2.4.1.282] 
DS13_7 K18799 wzxB_ rfbX; O-antigen flippase 
DS13_7 K19157 yafQ; mRNA interferase YafQ [EC:3.1.-.-] 
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Supplementary Table 7 – Yeast and bacteria cell counts in pairwise cultivations 
 

Pairwise cultivation Change in yeast population (% 
against control) 

Change in bacteria population (% 
against control) 

PE-2/L. fermentum strain A/100:1 -7.4 -94.8 

PE-2/L. fermentum strain B/100:1 -6.5 -93.9 

PE-2/L. fermentum strain C/100:1 -23.5 -93.4 

PE-2/L. amylovorus/100:1 1.0 -48.9 

PE-2/L. helveticus/100:1 -1.4 -84.2 

PE+2/P. claussenii/100:1 -5.0 -85.30 

PE-2/L. buchneri/100:1 -2.0 -93.5 

PE-2 + Z. mobilis/100:1 -3.0 -96.3 

 

 

Supplementary Table 8 – Non-SC co-assembly metrics 
 

Assembly size 
(bp) 

Number of 
reads used 

# contigs 
(>300bp) N50 

Min kmer 
depth before 

normalisation 

Max kmer 
depth before 

normalisation 
241228424 173225308 236779 1098 1 > 65535 

 

 

Supplementary Table 9 – Bacterial isolate assembly metrics 
Sample ID Species Raw 

Reads 
HQ 

Reads 
Mean 
read 

length 

% HQ 
Reads 

# 
contigs 

(>300bp
) 

N50 Genome 
size (bp) 

fsol0200 L. fermemtum 498416 490644 184.9 98.4 245 20263 2059421 

fsol0201 L. fermemtum 495908 490418 197.6 98.9 213 32745 2048447 

fsol0202 L_paracasei 524044 514904 191.9 98.3 410 16206 3247565 

fsol0203 L. fermemtum 497942 488992 198.7 98.2 510 30752 2289229 

fsol0204 L. fermemtum 567272 566524 181 99.9 381 11479 2138025 

fsol0205 L. fermemtum 648376 646400 139.2 99.7 676 5629 2299737 

fsol0206 L. fermemtum 443226 442554 168.9 99.8 548 7075 2238122 

fsol0207 L. fermemtum 444896 443912 154.6 99.8 1898 1639 2455415 

fsol0208 L. fermemtum 452814 452086 161.3 99.8 475 7743 2216112 

fsol0209 L. paracasei+L_casei 575260 574288 177.5 99.8 373 14541 3250291 

fsol0210 L. fermemtum 474136 473528 181.1 99.9 632 7066 2140392 

fsol0211 L. fermemtum+L. 
plantarum 

570436 569458 156.6 99.8 3560 1778 4703562 

fsol0212 L. fermemtum 463852 463140 174.6 99.8 304 13979 2021837 
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fsol0213 L. plantarum+L. 
fermentum 

499002 498576 179.3 99.9 5687 1275 6246096 

fsol0214 L. plantarum+L. 
fermentum 

480174 479668 165.5 99.9 3501 2132 5629714 

fsol0215 L_casei 615088 614174 171.4 99.9 415 12617 3217913 

fsol0216 L. paracasei+L_casei 567498 566558 187.1 99.8 303 18843 3147633 

fsol0217 L. paracasei 574252 573426 197.3 99.9 722 7399 3246744 

fsol0218 L. paracasei 565934 565094 176.3 99.9 504 10571 3241628 

fsol0219 L. paracasei 441672 441144 180.3 99.9 1249 3864 3379441 

fsol0220 L. paracasei 480262 479770 197.6 99.9 784 6292 3189371 

fsol0221 L. fermemtum 458576 457906 176.6 99.9 276 19790 2062609 

fsol0222 L. fermemtum 476906 476176 200.1 99.8 1496 4847 2887885 

fsol0223 L_casei+L. paracasei 562434 562040 197.4 99.9 6797 1288 7376362 

fsol0224 L. 
fermemtum+L_paracasei 

574188 573448 176.7 99.9 2625 3816 4997875 
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Abstract 
Oral antibiotics are commonly prescribed to non-hospitalized adults. However, antibiotic-induced changes to 

the human gut microbiome remain poorly understood. We comprehensively assessed the effects of antibiotics 

on the gut microbiota of healthy adults.  Using a combination of metagenomics and metatranscriptomics, we 

found that 3 to 19 species per individual proliferated during antibiotic treatment and Gram-negative species 

expanded significantly in abundance at the expense of Gram-positive species. While the overall abundance of 

antibiotic resistance genes did not significantly change,  specific genes conferring resistance to the 

administered antibiotic were common in proliferating species and significantly increased in abundance during 

treatment. Virome sequencing and plasmid analysis showed expansion of mobilized antibiotic-specific 
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antibiotic resistance genes even three months after antibiotic administration, consistent with horizontal transfer 

to proliferating species. These data demonstrate that antibiotic treatment of healthy adults can lead to a 

persistent expansion of antibiotic resistance genes in the human gut microbiota.  

 

 

Introduction 
The gut microbiota is a complex collection of bacteria, archaea, eukaryotic cells and viruses. Humans and their 

gut microbiota maintain a dynamic equilibrium that is important for metabolic homeostasis, immune 

regulation, and pathogen susceptibility. Human host-microbiota symbiosis is affected by factors such as 

genetic background, diet, and drug treatment (Lynch and Pedersen, 2016). In particular, antibiotic therapy can 

perturb the gut microbiota composition and potentially interfere with optimal functioning of the gut 

microbiome in an individualized and time-dependent manner (Maurice et al., 2013; Palleja et al., 2018). 

Antibiotic treatment is associated with reduced microbiome diversity (Dethlefsen et al., 2008; Dethlefsen and 

Relman, 2011; Morgun et al., 2015) and development of infection with bacteria such as Clostridium difficile 

(McFarland et al., 1989; Tamma et al., 2017). Approximately one-third of adults in the European Union 

received at least one course of oral antibiotic in 2015 (European Commission, 2016). Thus, antibiotic stress 

on the gut microbiome is common. However, the effects of antibiotics on the heathy human gut are still not 

completely understood.  

 

Many studies that assessed the impact of antibiotics on gut bacterial communities were based on 16S rRNA 

gene amplicon sequencing (Dethlefsen and Relman, 2011; Tamma et al., 2017). While such assessment 

identifies the species composition, it cannot elucidate bacterial functions in the communities or determine 

changes in the repertoire of antibiotic resistance genes (ARGs) (Dethlefsen and Relman, 2011). Even when 

the full functional potential of the community is evaluated with shotgun metagenomics, this assessment can 

be biased since DNA from bacteria killed by antibiotic treatment are still detected (Calero-Caceres and 

Muniesa, 2016). Maurice et al. investigated the effect of xenobiotics on the active human gut microbiome in 

vitro by direct application of drugs to human stool samples. They reported that one-third of the gut microbiota 

was damaged cells (Maurice et al., 2013). While this study moved beyond a survey of diversity to understand 

metabolic activities, because of its in vitro design, it could not accurately assess the pharmacokinetic and 

pharmacodynamic properties of an antibiotic on the human body. A recent study reported that the gut 

microbiota is resilient to a short-term intervention of broad-spectrum antibiotics, with no clear temporal pattern 

in the overall abundance of ARGs (Palleja et al., 2018). Because the study used an antibiotic cocktail, the 

antibiotic-specific responses of the gut microbiota and the long-lasting imprint on the resistome (the collection 

of ARGs in a microbiome) could not be determined and traced with high resolution. Combined metagenomics 
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and metatrancriptomics analysis has been employed to investigate the effects of antibiotics on transcriptional 

activities of gut microbial communities of hospitalized individuals (Perez-Cobas et al., 2013). However, in 

these studies, antibiotic effects on the gut might be confounded by factors such as hospital stay, pre-existing 

health conditions and/or concomitant medication.  

 

The healthy human gut microbiome harbors diverse antibiotic resistance mechanisms (Sommer et al., 2009). 

These include enzymes involved in drug inactivation or modification, efflux systems or polymorphisms in 

antibiotic gene targets. Of concern is that antibiotic stress affects not only targeted species but the overall 

composition of microbial communities leading to accumulation of antibiotic resistance traits. For example, the 

macrolide resistance gene ermB, amplified by antibiotic treatment, was stable in gut bacterial populations years 

after treatment (Jakobsson et al., 2010). This result indicated that a resistance fraction in the population can be 

selected and amplified during and after treatment (Jakobsson et al., 2010). Antibiotic stress can result in 

sensitive bacteria evolving resistance mechanisms by selecting for gene variants that confer higher resistance 

(Levin-Reisman et al., 2017; Rosenkilde et al., 2019). Importantly, ARGs can also be transferred within and 

between species (Jiang et al., 2017), particularly in complex microbial communities such as the gut (Gumpert 

et al., 2017; Porse et al., 2017). 

 

In this study, we investigated the effect of antibiotics on the composition and resilience of the healthy human 

gut microbiome. We combined metagenome, metatranscriptome, and virome sequencing for a comprehensive 

assessment of the living, active microbiota.  

 

 

Results 

 
Microbial community structure shifted during antibiotic treatment and recovered after 

treatment 
To evaluate the effect of antibiotic treatment on the human gut microbiome, 10 healthy human volunteers were 

recruited to provide a total of six stool samples before, during, and after exposure to antibiotics (Figure 1A). 

Antibiotics were selected based on their clinical relevance, bactericidal or bacteriostatic effect, and broad-

spectrum activity against Gram-positive and/or Gram-negative organisms (Table S1). We evaluated the impact 

of antibiotic therapy on the microbiome with metagenomic, metatranscriptomic and viromic profiling of stool 

samples (Tables S2-7).  
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In the majority of samples, Bacteroides and Firmicutes were dominant at the phylum level (Figure S1). During 

both bactericidal and bacteriostatic treatments, alpha-diversity measured as Shannon index dropped 

significantly (Wilcoxon signed-rank test, p = 0.02 and 0.04, respectively) (Figure 1B and Table S8) and 

community dissimilarity measured as pairwise Bray-Curtis distance increased (t-test, p = 0.03 and 0.02) 

(Figure 1C). Bactericidal treatment more noticeably perturbed community diversity and dissimilarity than 

bacteriostatic antibiotics. Community diversity recovered to baseline levels after bactericidal treatment  (post-

treatment vs. baseline, Wilcoxon signed-rank test,  p = 0.69) in line with previous studies (Dethlefsen and 

Relman, 2011; Palleja et al., 2018; Zaura et al., 2015). However, bacteriostatic post-treatment communities 

continued to have relatively low diversity (post-treatment vs. baseline, Wilcoxon signed-rank test, p = 2 × 10−4), 

especially for azithromycin (AZY) (Shannon index reduction after 3 months: 20.2% for AZY-a and 28.2% 

for AZY-b). In a comparison of antibiotics, baselines did not show significant differences in species-level 

composition (Adonis test, p = 0.41), but compositions of the communities during and after treatment differed 

significantly (Adonis test, p = 0.01) (Figure 1D-E). This result indicated that the alterations in community 

structures were specific to a given antibiotic and the post-treatment recovery of the community structure may 

also be influenced by the antibiotic type. 

 

 

Figure 1: Microbial community diversity and dissimilarity. A. Study design. T, timepoint. B. Alpha-diversity 
(Shannon index) perturbation during and after antibiotic treatment compared with baseline (Tn – T1). C. Pairwise 
Bray-Curtis distances among individuals in the same treatment group (bactericidal, bacteriostatic or control). The 
red background indicates the antibiotic administration period in panels B and C. D-E. Community dissimilarity as 
Bray-Curtis distances at the species level using non-metric multidimensional scaling (NMDS). D. Community 
structures in treatment and post-treatment periods for the microbiomes of participants receiving different antibiotic 
treatments and control samples (T2 to T6). E. Bactericidal treatment shifted the community structure detectably 
during treatment, followed by a fast recovery in the post-treatment period. Community shifts were less substantial 
with bacteriostatic treatment, but post-treatment communities remained similar to during-treatment samples. 
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While the overall community compositions were not noticeably altered three months after treatment, the long-

term consequences of antibiotic treatment were captured at the species level. For the antibiotic-treated groups, 

4 to 42 species (15.8 ± 15.4), with a relative abundance of 5.13% ± 6.23% at baseline were undetectable after 

treatment and did not recover three months after antibiotic treatment (Figure 2A). Fewer new species (0 to 7, 

2.5 ± 2.5) emerged during or after treatment (Wilcoxon signed-rank test, p = 0.048), with maximum relative 

abundances of 10.2% ± 26.3% in timepoint 2 (T2) (Figure 2A). Clostridium bolteae and Burkholderiales 

bacterium were new species shared by at least two individuals. A notable outlier was an individual treated 

with cefuroxime (CFX-a) whose microbial community gained 41 new species. In control samples, only 0.60% 

± 0.68% of the community became undetectable and 0.12% ± 0.14% were new species in the community 

(Figure 2B).  

 

To study species with strong competitive advantages during treatment (T2 and T3) and shortly after (T4 and 

T5), we focused on two categories (Figures 2A-B and S2): (1) species that proliferated during treatment 

(“proliferating species”, defined as having abundance that substantially increased more than 32-fold from 

baseline or as having >5% abundance in the community during treatment); and (2) species that dominated the 

community after treatment (“post-dominant species”, defined as abundance reaching 5% in the community 

after treatment in T4 or T5). For each individual, 3 to 19 species (8.3 ± 4.6) were identified as proliferating 

species (Table S9), and 0 to 3 (1.1 ± 1.1) as post-dominant species (Table S10). No post-treatment dominant 

species were discovered for samples from control participants. Among proliferating and post-dominant 

species, Bacteroides caccae and Escherichia coli were the most common proliferating species, while 

Prevotella copri and Bacteroides uniformis were the most common post-dominant species (Figure S2). 

Noticeably, the proliferating species had significantly higher growth rates (Emiola and Oh, 2018) during 

treatment (1.16 growth rate index value [GRiD]), and the post-dominant species had higher growth rates during 

T4 and T5 (1.16), in comparison with their baseline levels (1.13 and 1.09, Wilcoxon signed-rank test, p = 1 

× 10−4 and 1 × 10−4) (Figure S3).    

 

Gram-negative species and antibiotic-specific ARG carriers proliferated during treatment 
To further assess the competitive advantages of gut bacteria during antibiotic treatment, we classified all 

species as Gram-positive or Gram-negative (Wattam et al., 2014). The relative abundance of Gram-negative 

species significantly increased from 28.1% at baseline to 52.8% during treatment (Wilcoxon signed-rank test, 

p = 0.02) (Figure 2C). Gram-negative species also had a much higher probability of becoming a proliferating 

or post-dominant species. Of 254 species, 24 Gram-negative species proliferated and 7 were post-dominant; 

these were 34.3% and 22.0% respectively in relative abundance. In comparison, of 554 Gram-positive species, 
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only 22 proliferated and 1 was post-dominant (chi-square test, p = 2 × 10−3 and 2 × 10−3) and they were 13.0% 

and 0.9% in relative abundance (Figure 2E-F).  

 

Gram-positive and Gram-negative species have distinct ARG profiles (Munk et al., 2017; Walsh, 2000). To 

study species-specific resistance profiles, we focused on antibiotic-specific ARGs (AsARGs) that could confer 

or contribute to clinically relevant resistance to antibiotics given to individual study participants (McArthur et 

al., 2013) (Table S11). We assigned AsARGs to specific host species. For each individual, 1 to 11 species 

(3.88 ± 3.52) were identified as AsARG carriers. Gram-negative species were more prone to be AsARG 

carriers than Gram-positive (11/254 total species vs. 8/554, Fisher test, p = 0.01) (Figure 2E). AsARGs 

carriers had a higher tendency to become proliferating than species without AsARGs (8/67 vs. 12/1103, Fisher 

test, p = 6 × 10−6). In general, AsARGs tended to have high copy number (Figure S4) and multiple host species 

(Figure S5) in the metagenome. The relative abundance of AsARG carriers also increased from 2.7% to 23.1% 

during antibiotic treatment. This result supported the hypothesis that AsARGs confer a fitness advantage 

during antibiotic treatment (Wilcoxon signed-rank test, p = 0.01) (Figure 2D). 

 
Figure 2: Active species during antibiotic treatment. A-B. Mean relative abundance of species categories for 
eight individuals treated with antibiotics (A) and two control individuals (B). C. Relative abundance (%) of Gram-
positive and Gram-negative species. D. Relative abundance (%) of species with antibiotic-specific antibiotic 
resistance genes (AsARGs). E. Number of Gram-positive and Gram-negative species in proliferating species, post-
dominant species, and species with AsARGs. F. The relative abundance (%) of Gram-positive and Gram-negative 
species in proliferating species (T2 and T3), post-dominant species (T4 and T5), and species with AsARGs (T2 
and T3). 

 
AsARGs have high transcriptional activity during antibiotic treatment 
To determine if antibiotic treatment exerts selective pressure on the resistome as a whole, we analyzed the 

change in ARGs for each antibiotic used in the study. Detected resistance genes did not show an overall 

increase in DNA abundance (Figure S6) or transcriptional activity (Figure S7). However, specific trends in 
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AsARGs were observed. ARGs conferring resistance to tetracycline antibiotics showed increased DNA 

abundance and high expression during doxycycline (DOX) treatment (Figure 3A-B). In contrast, no clear 

patterns in DNA abundance or transcriptional activity were observed during treatment with other antibiotics 

(Figure 3C-D). The DNA abundance of AsARGs significantly increased during treatment compared with non-

AsARGs (3.19 vs. -0.59 log2 fold-change, Wilcoxon rank-sum test, p = 1 × 10−6) (Figure 3E). AsARGs 

showed significantly higher transcriptional activity in samples collected during treatment compared to baseline 

with an average of 3.8 log2 fold-change (Wilcoxon signed-rank test, p = 4 × 10−3) (Figure 3F). Noticeably, 

while the transcriptional activity of AsARGs was reduced after treatment (Figures 3B and 3F), the DNA 

abundance of AsARGs did not decline even three months after treatment (average 3.2 log2 fold-change from 

T1 to T6, Wilcoxon signed-rank test, p = 0.01 for post-treatment and 0.01 for treatment periods) (Figures 3A 

and 3E).  
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(legend refers to previous page) Figure 3: DNA abundance and transcriptional activity (TA) of antibiotic-
specific ARGs (AsARGs). A-B. Relative DNA abundance (A) and transcriptional activity (B) of tet family genes 
as AsARGs for doxycycline treatment. C-D. Relative DNA abundance and transcriptional activity of tet family 
genes as non-As ARGs. E-F. Relative DNA abundance (E) and transcriptional activity (F) of all AsARGs and non-
As ARGs normalized to log2 fold-change (FC) of baseline level. The red background indicates the antibiotic 
administration period in all panels. 

  

Virome-encoded ARGs expanded after antibiotic treatment  
To further understand the basis for AsARG expansion during antibiotic treatment, we performed virome 

sequencing and assembly (Phage library preparation and sequencing, Methods), enabling assessment of 

ARGs present in phage metagenomic data. Of 1,286 to 7,263 co-assembled contigs in the virome libraries 

from each sample, only 53.6% were marked with confidence as phage contigs (Figure S8, Table S12) (Phage 

contig filtration, Methods). Among these contigs, only 11.4% could be mapped to known phage genomes 

(Figures S8 and S9). Alpha-diversity declined during treatment as observed in the full metagenomic datasets 

(Figure S10, Table S13). Phage communities were highly individual-specific according to the Jaccard-like 

distances (Figure S11).  
 

In line with a previous report (Enault et al., 2017), ARGs were observed on only few phage contigs (3.9 ± 2.4 

per individual, 39 total, 0.17% of total phage contigs) (Figures S12 and S13, Table S14). AsARGs were 

captured on four contigs from three individuals (DOX-a, DOX-b and AZY-b). To identify putative host species 

and search for potential integration and horizontal gene transfer (HGT) events, phage contigs were mapped 

against metagenomic contigs to identify phage-like contigs in the metagenome (Phage-like contig 

identification in metagenomes, Methods). For each ARG-containing phage contig, up to 44 (5.0 ± 8.8 for 

each individual) phage-like contigs were identified in the corresponding metagenomic dataset (Figure S14). 

Metagenomic contigs were assigned to a unique host species (Contig binning and contig-species assignment, 

Methods) by their species-specific marker genes (Nayfach et al., 2016) or contig binning result (Wu et al., 

2016). For each ARG-carrying contig, after mapping to phage-like contigs in the metagenome, up to three 

(0.55 ± 0.90) species were determined to be the host species of the ARG-carrying phage contig (Figure S15). 

Using short-read metagenomic assembly, a large number of phage-like contigs were short (<1 kb) because of 

high variability in the isoforms of the phage-like contigs that resulted from integration into different bacterial 

loci and host species. As a result, 23 of 36 phage contigs with ARGs were not assigned to any host species. 

One phage contig carrying AsARG tetQ was assigned to Bacteroides fragilis and B. caccae. B. caccae was a 

proliferating species in individual DOX-a, suggesting that phage-mediated HGT was involved in the 

dissemination of this specific AsARG. 
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AsARGs are frequently found on mobile genetic elements  
Plasmid contigs and contigs with transposable elements were also annotated from metagenomic assemblies 

(Krawczyk et al., 2018): 9,172 to 33,166 contigs (7.90%) were identified as potential plasmid contigs, 19 to 

63 contigs were annotated with ARGs, and 0 to 8 contigs with AsARGs (eight for individual DOX-a, two for 

CFX-b, one for AZY-a, and one for ciprofloxacin [CIP]-b) (Table S15). In addition, 7 to 32 contigs were 

annotated as transposable elements. All were ARG carriers, with five contigs that were AsARGs carriers: two 

from CIP-b, one from AZY-b, and one each from DOX-b and CFX-b. 

 

Moreover, we observed a strong tendency for AsARG to be present on mobile elements. In total, 36.9% of 

AsARGs were captured on mobile contigs compared to 15.8% for non-As ARGs (Figure S16). Phage-like 

contigs were the majority of mobile AsARGs (58.3% compared to 16.9% for non-As ARGs) (Figure S17). 

Also, mobile AsARGs on phage-like and plasmid contigs showed higher transcriptional activity than AsARGs 

on non-mobile contigs or contigs with transposable elements (Wilcoxon rank-sum test, p < 1 × 10−4) (Figure 

4A). These results suggest that mobile AsARGs, especially on phage-like and plasmid contigs, were more 

actively involved than non-mobile AsARGs in bacterial host defense during antibiotic treatment. 

 

Mobile and non-mobile AsARGs did not show significant differences in DNA abundance during treatment; 

however, differences after treatment were significant (4.5 reads per kilobase per million mapped reads [RPKM] 

for mobile vs. 2.4 RPKM for non-mobile, Wilcoxon rank-sum test, p = 2 × 10−8) (Figure 4B). Specifically, 

the abundance of non-mobile AsARGs recovered after peaking during treatment (3.1 RPKM to 2.6, Wilcoxon 

rank-sum test, p = 5 × 10−4), whereas abundance of mobile AsARGs remained high three months after 

treatment (5.1 to 4.7 RPKM, Wilcoxon rank-sum test, p = 0.50).  The persistent high abundance of mobile 

AsARGs supported that mobile elements such as phages and plasmids contributed to the expansion of the 

antibiotic-specific resistance reservoir. 
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Figure 4: Transcriptional activity (TA) and DNA abundance of mobile and non-mobile antibiotic-specific 
ARGs (AsARGs). (A) Transcriptional activity. (B) DNA abundance. FC, fold-change; lg RPKM, log10 reads per 
kilobase million. TE: transposable element. The red background indicates the antibiotic administration period in 
all panels. 

 

Mobile AsARGs expanded the resistance reservoir via potential HGT events 

Using the sequences of phage-like contigs, we identified potential phage integration sites as uneven sequencing 

depths between the prophage and bacterial regions, with multiple clipped reads partially mapped around them 

(Figure 5A). We also noted that alternative integration events could be supported by cross-contig read pairs, 

where a read mapped to a prophage region while its mate mapped to a different contig (mate contig) (HGT-

supporting read pair extraction, Methods) (Figure 5A). These read pairs were analyzed as HGT-supporting 

read pairs. 

 

To trace the ARG proliferation mediated by potential phage HGT events, we analyzed clipped reads and 

HGT-supporting read pairs. As an example, a phage-like contig (AsARG tetW carrier) from DOX-a is in 

Figure 5B. We used the full contig with both prophage and bacterial parts from T6. In the prophage region, 

we identified a gene from a host-phage mixed cluster of orthologous groups (COG) (class I S-adenosyl-L-

methionine-dependent methyltransferase). In the bacterial region, two transcription factor units were 

annotated (a sigma70 unit and a helix-turn-helix motif). When examining the sequencing depth of this 

contig, higher depths were always observed in the prophage region than the bacterial region regardless of 

treatment period (Wilcoxon signed-rank test, p = 0.02), suggesting the presence of free phage or other 

prophage integration isoforms. T4 had a noticeable integration site between the prophage and bacterial 

regions around 900 bp (Figure 5C), with enriched clipped reads. Also, the proportion of HGT-supporting 

read pairs (Figure 5D) and the number of mate contigs (Figure 5E) peaked in T4, after emerging in T3 
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during antibiotic treatment. The number of mate contigs did not decrease substantially in T5 and T6 once a 

phage integration event happened so the new prophage isoform may persist in the microbial community for 

at least some months. 
 

We then identified homologous contigs of this phage-like contig from timepoint-specific assemblies, as 

different isoforms may result from a variety of phage integration events. In homologous contigs from T2 and 

T3, we observed regions not mappable to the reference contig (Figure 5B), suggesting alternative integration 

isoforms during antibiotic treatment. 

 

 

 

Figure 5: Isoforms of phage-like contigs and phage alternative integration sites. A. Graphical demonstration 
of clipped reads around a potential phage integration site and cross-contig read pairs. B. Gene content of the contig-
12599 from DOX-a in T6 and homologous contigs from T2 and T3. C. Per base depth of contig-12599 with all 
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reads mapped against T6 assemblies. Clipped reads, cross-contig read pairs, and uneven depths around the 
prophage flanking region (900 to 1100 bp) supported alternative phage integration sites, particularly in T4. D. 
Proportions of the horizontal gene transfer (HGT)-supporting read pairs in the non-flaking prophage region (500 
to 1085 bp). E. Number of mate contigs (supported by at least two HGT-supporting read pairs in different treatment 
periods. The red background indicates the antibiotic administration period in panels D and E. 

 

We also analyzed the HGT-supporting read pairs and the species host assigned to the mate contigs (HGT-

targets) universally from co-assemblies. If HGT events were induced by antibiotic treatment, then we expected 

more HGT-supporting read pairs and HGT-targets during and after treatment. When a non-As ARG was 

observed on a phage-like contig, no increase in the number of HGT-target species (Figure 6A) or HGT-

supporting read pairs (Figure 6B) was observed. In contrast, when an AsARG was observed on a phage-like 

contig, both HGT-supporting read pairs (135.6 in baseline to 325.2 in post-treatment samples) (Figure 6A) 

and HGT-targets (1.65 in baseline to 2.85 in post-treatment samples) (Figure 6B) significantly increased 

(Wilcoxon signed-rank test, p < 0.05). As an example, AsARGs tetW and tetQ from individual DOX-a 

exhibited a higher number of HGT-targets and HGT-supporting read pairs after treatment (Figure 6C). 

Noticeably, a large number of such HGT-targets were found in proliferating species and/or AsARGs carrier 

species.  
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(legend refers to previous page) Figure 6: Horizontal gene transfer (HGT) potential for antibiotic-specific 
antibiotic resistance genes (AsARGs) mediated by bacteriophage. A. Number of new HGT-targets compared 
to baseline. B. Number of HGT-supporting read pairs over time, normalized as fold-change to baseline. The red 
background indicates the antibiotic administration period in panels A and B. C. Examples from individual DOX-a 
showing that more potential HGT-targets were observed in treatment and post-treatment samples and the HGT-
target had a high probability of being a proliferating species or AsARG carrier. 

 

 

Discussion 
Antibiotics are commonly used prophylactically or to treat infections. Previous studies evaluated antibiotics as 

a driving factor in gut microbiome modulation and reported the resilience of dominant microbiome members 

after short-term antibiotic exposure (Dethlefsen and Relman, 2011; Palleja et al., 2018; Zaura et al., 2015). We 

observed a rapid decline in community diversity during antibiotic administration and post treatment, with 

several species becoming undetectable and not recovering within three months. Similar to some other studies, 

we administered a single antibiotic to each participant (Dethlefsen and Relman, 2011; Zaura et al., 2015) so 

antibiotic-specific, individualized responses of the gut microbiota could be captured. Further, by studying four 

antibiotics with different mechanisms and bacterial targets, we discovered different response patterns for 

bactericidal and bacteriostatic antibiotics and an overall growth advantage for Gram-negative species in 

antibiotic-exposure conditions. 

 

Similar to a recent study on the resistome (Palleja et al., 2018), the universal ARG profile did not exhibit 

substantial perturbation during antibiotic treatment. However, since individualized ARG expansion occurs 

(Zaura et al., 2015), we administered single antibiotics to different participants and analyzed the antibiotic-

specific resistances. We identified expansion in AsARGs as a long-term consequence of antibiotic 

administration and associated such expansion with competitive advantages of proliferating species. This 

expansion and persistence of antibiotic-specific resistances were not identified in the study that used an 

antibiotic cocktail (Palleja et al., 2018). Our study introduced metatranscriptomic sequencing to reveal the 

exceptionally high transcriptional activity (14-fold higher than baseline on average) of AsARGs during 

treatment, supporting their essential roles in bacterial host defense. 

 

Reports of post-treatment expansion of some ARG families (Palleja et al., 2018; Zaura et al., 2015) raised the 

question of how the recovery of taxonomic composition and functional profiles supported the expansion of 

ARGs, which must involve the persistence of ARG carrier species. We answered this question with paired 

phage library sequencing and plasmid identification, which identified a significant contribution by the 

mobilome (the collection of mobile elements in a microbiome) in the proliferation and persistence of AsARGs. 
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We also analyzed the HGT potential of resistance genes. To overcome the disadvantages of short-read 

sequencing for studying the mobilome, we conducted a comprehensive analysis of contig mapping, read-pair 

relationships, and clipped reads to locate precise phage integration sites, isoforms of prophage regions, and 

potential HGT target species. Compared to baseline, more HGT-supporting reads and potential HGT target 

species were discovered after antibiotic treatment. This result supported the occurrence of HGT events, 

proliferation of AsARGs, and growth advantages of proliferating species as AsARG carriers. In follow-up 

studies, single molecular sequencing with long reads and high depth could improve identification of phage 

integration and HGT events.  
 

In summary, our comprehensive study demonstrated that the gut microbiome of healthy individuals is resilient 

to short-term antibiotic treatment. However, ARGs, in particular in the mobilome, are actively involved in 

bacterial host defense and highly expanded after treatment as a long-term consequence of antibiotic 

administration. These results support long-term, high-resolution risk assessment when considering antibiotic 

therapy for health individuals.  

 

 

Methods 

 

Study Design and Data Access 

Human participants. Ten healthy adult volunteers, aged 18-65 years, were recruited to provide stool samples 

over a 4-month period, before, during, and after antibiotic exposure. Participants had not received antibiotic 

treatment one year prior to study enrollment.  

Treatment. To reduce the effect of individual variation, all volunteers were treated in parallel with a single 

antibiotic (Table S1). Four antibiotics from different chemical and therapeutic classes were used: ciprofloxacin 

(quinolone class), cefotaxime (β-lactam class), doxycycline (tetracycline class) and azithromycin (macrolide 

class). As a control, stool samples from two untreated healthy individuals also were processed. Treatments 

were randomly assigned and open label. 

Sampling. Six stool samples from each participant were obtained as one sample 15 days before treatment ± 1 

day (T1), two samples on the third (T2) and fifth day (T3) of antibiotic treatment ± 1 day, and three samples 

at 15 (T4), 30 (T5) and 90 days (T6) after treatment ± 1 day. Samples were immediately stored at -18 ˚C at 

volunteers’ homes and transported to the hospital within 14 days, packed to prevent thawing. Upon arrival at 

the hospital, samples were stored at –80 ˚C until processing. 
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Ethic approval. The study was approved by the local ethics committee in Region Zealand, Denmark (SJ-383), 

and performed in accordance with the Good Clinical Practice principles and the Helsinki declaration. Written 

informed consent was obtained from all participants. 

Clinical trial registration. The clinical trial was registered at European Union Clinical Trials Register, with 

EudraCT Number: 2013-003378-28. Registration was 9 April 2014, http://www.clinicaltrialsregister.eu/ctr-

search/trial/2013-003378-28/DK.  

 

Sample Processing and Sequencing 

DNA extraction. DNA was extracted from 5 g aliquots of frozen stool using an MO BIO PowerMax Soil 

DNA Extraction Kit (MO BIO Laboratories, Inc) according to the manufacturer's protocol with a few 

modifications. Stool samples were stored at - 80 °C in sterile 50 ml Falcon tubes until extraction. To samples, 

15 ml MO BIO PowerBead Solution and MO BIO Garnet beads were added before vortexing for 1 min at 

maximum speed using a horizontal vortex adopter (SI-H506, Horizontal 50mL Tube Holder, Scientific 

Industries). Solution C1 (1.4 ml) was added before incubation at 65 °C for 30 min with shaking at 130 rpm. 

Samples were vortexed for 10 min at maximum speed, 6 ml Solution C2 was added, samples were incubated 

at 4 °C at 20 min, and processed per MO BIO instructions.  

DNA purification. After extraction, DNA was purified with PowerClean Pro DNA Clean-Up Kits (MO BIO 

Laboratories, Inc.) according to the manufacturer's protocol. When necessary, isolated DNA was concentrated 

to >50 ng/uL using a vacuum concentrator (Concentrator plus, Eppendorf). DNA quantity was measured using 

Qubit 2.0 Fluorometer (Thermo Fisher Scientific Inc.). DNA quality was measured using a NanoDrop ND-

1000 spectrophotometer (Thermo Fisher Scientific) and size was examined by gel electrophoresis of 5 µl DNA 

on a 1% (w/v) agarose gel with RedSafe Nucleic Acid Staining Solution (iNtRON Biotechnology).  

DNA library preparation and sequencing. DNA samples were sent to Macrogen (South Korea) for library 

preparation and sequencing (Illumina Hiseq 2000 PE125). DNA libraries for sequencing were using TrueSeq 

Nano 550 bp kits (Illumina). Input template was 200 ng according to kit instructions. Sequencing depth was 

set as up to minimum 6 Gb data per sample. 

RNA extraction. RNA extraction was by MoBio RNA extraction kits according to manufacturer instructions. 

RNA was stored at -80 C until processing. 

RNA library preparation and sequencing. RNA samples were sent to Macrogen (South Korea) for library 

preparation and sequencing (Illumina Hiseq 2000 PE125). For each sample, 2.5 μg total RNA was used as 

input for rRNA, which was processed using Ribo-Zero Gold rRNA removal kits - Epidemiology 

(Illumina). RNA libraries were constructed using Trueseq RNA library preparation kits (Illumina) according 

to manufacturer instructions. Two platforms were used for RNA sequencing with balanced data output 
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(Illumina Hiseq 2500 PE125 and Illumina NextSeq PE75). Sequencing depth was set as up to minimum 2 Gb 

per sample.  

Phage DNA extraction. Phage particles were isolated from 5 g aliquots of frozen stool with 50 ml Phage 

Buffer (10 mM Tris, pH 7.5, 10 mM MgCl2, 68 mM NaCl, 1 mM CaCl2) before homogenization by vortexing 

for 20 min at highest speed (SI-H506, Horizontal 50-mL Tube Holder, Scientific Industries). Samples were 

centrifuged 3 times at 4 °C: 2 min at 872 x g, 10 min at 3800 x g, and 20 min at 7500 x g. After each 

centrifugation, supernatants were transferred to new 50 ml Falcon tubes and pellets discarded. Supernatants 

were filtered through 0.22 µm filters (EMD Millipore Sterivex-GP SVGPL10RC Polyethersulfone Filter Unit, 

Millipore). To concentrate virus particles, 10 ml of filtered supernatants were concentrated to 1 ml by 

centrifugation with 100 Da Amicon Ultra filters (Amicon Ultra-15 Centrifugal Filter Units, Millipore) at 3488 

x g at 15 °C. Supernatants in Amicon tubes were washed two times with 5 ml Phage Buffer  and volumes 

adjusted to 1 ml. Supernatants were filtered through 0.45 µm syringe filters (Cellulose acetate membrane 

syringe filter, Filter Technology) into 1.5 ml phase-lock gel tubes (5 PRIME), 40 µL lysozyme (10 mg/mL, 

Sigma-Aldrich) was added, and filtrates incubated for 30 min at 37 °C under shaking at 300 rpm. After 

incubation, 400 µL chloroform was added to samples before incubating for 15 min at room temperature with 

gentle inversion every 2 minutes. Samples were centrifuged at 14,000 x g for 5 min at room temperature and 

supernatants transferred to 1.5 ml Eppendorf tubes.  A mix of 500 U bovine pancreas DNase I recombinant 

(Roche), 33 U Baseline-ZERO DNase (Epicentre), 6 U Salt Active Nuclease (ArcticZymes), and 500 U RNase 

A (Roche) was added to samples with 100 µl 10× Incubation buffer (Roche) for incubation at 37 °C for 90 

min followed by DNase inactivation  at 75 °C for 10 min. After DNase/RNase treatment, phage particles were 

stored overnight at 4 °C. Phage DNA was extracted using Phage DNA Isolation Kits (Norgen Biotek) 

according to the manufacturer's protocol. DNA quantity was measured using a Qubit 2.0 Fluorometer (Thermo 

Fisher Scientific Inc.). Phage DNA samples were stored at -80 °C. 

Control for bacterial contamination in phage DNA extractions. Full-length 16S rRNA gene (1503 bp) was 

amplified with 16S_up (AAGAGTTTGATCCTGGCTCAG) and 16S_lp 

(TACGGCTACCTTGTTACGACTT) primers (Colomer-Lluch et al., 2011) from Pseudomonas aeruginosa 

PAO1 reference strain (NC_002516) by quantitative PCR (qPCR). Template for qPCR reactions with SYBR 

Green Master Mix (Thermofisher) was 100 ng phage DNA. All samples were amplified by qPCR with 

triplicates of standards with known gene copy number and negative controls. Standards were 10-fold dilutions 

of purified, full-length 16S rRNA gene amplicons. Phage DNA samples with higher cycle amplifications 

(above 28 Ct corresponding 102 gene copies) were discarded and phage DNA extraction was repeated. Phage 

DNA below the threshold of detection for 16S rRNA gene copies (102) was used for next-generation 

sequencing library preparations.  

Phage library preparation and sequencing. Phage DNA libraries were prepared using KAPA HyperPlus 

Kits (Kapa Biosystems). All steps were on ice except two cleanups that were at room temperature. Samples of 
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2.5 ng DNA were diluted in 17.5 µl 10 mM Tris-HCl (pH 8.0-8.5). Enzymatic fragmentation was by adding 

2.5 µl KAPA Frag Buffer (10X) and 5 µl of KAPA Frag Enzyme to DNA dilutions in PCR tubes. Tubes were 

vortexed gently and spun down briefly, then incubated at 37°C for 30 min in a thermocycler that was pre-

cooled to 4°C. After adding End-repair and A-tailing buffer, PCR tubes were vortexed and spun down and 

immediately incubated at 65 °C for 30 min in a thermocycler with the lid preheated to 85 °C. Adapter ligation 

reactions were in the same tubes with addition of 3.75 µl PCR-grade water, 15 µl Ligation Buffer, 5 µl DNA 

ligase and 1.25 µl 750 nM single adapters (Pentabase). Tubes were mixed thoroughly and centrifuged briefly 

and incubated at 20°C for 60 min. Products were cleaned using Agencourt AMPure XP reagent at a ratio of 

1:0.7 (adapter ligation reaction product: reagent). Reagent and product were mixed by pipetting 10 times 

followed by short spindown centrifugation. Mixtures were left for 15 min at room temperature to bind DNA 

to beads. Beads were captured by magnet for 5 min and supernatants were carefully removed and discarded. 

With tubes still on the magnet, 200 µl freshly prepared 80% ethanol was added with incubation for 30 s. 

Ethanol was discarded and the ethanol wash repeated. Tubes were left on the magnet for 5 min to dry the beads 

before resuspending them in 12.5 µL 10 mM Tris-HCl, pH 8.0-8.5 and vortexing for 30 s. Beads were 

incubated at room temperature for 2 min to elute DNA, then captured by magnet for 5 min. Supernatants was 

transferred to new tubes and 12.5 µl 2X KAPA HiFi HotStart ReadyMix and 2.5 10X KAPA Library 

Amplification Primer Mix added to 10 µl adapter-ligated library. Reagents were mixed and tubes centrifuged 

briefly. Library amplification used the cycling protocol: 1 cycle 98 °C, 45 s; followed by 14 cycles of 98 °C 

for 15 s, 60 °C for 30 s, and 72 °C for 30 s, with final extension at 72 °C for 1 min. Post-amplification cleanup 

was as described above. Concentrations were measured using a Qubit 2.0 Fluorometer (Thermo Fisher 

Scientific Inc.) and library size (average 500-900 bp) was determined using a Bioanalyzer (Agilent 2100 

Bioanalyzer system, Agilent Technologies). Libraries pooled and sequenced on a MiSeq platform (PE300). 

 

Data processing 

Sequencing data quality control. All raw reads from DNA, RNA and phage libraries underwent quality 

trimming using a previously described pipeline (Kang et al., 2018) to filter out adapter and universal primer 

sequences, low-quality bases (<Q20), reads shorter than 75 bp, duplication reads and reads mapping to the 

human genome with over 95% identity. Computational scripts are at 

https://github.com/TingtZHENG/VirMiner/. Quality control results are in Tables S2, S3, S4, and S5. 

rRNA removal from RNA sequencing clean data. Removal of rRNA was by riboPicker (version 0.4.3) 

(Schmieder et al., 2012) against the non-redundant rRNA database (riboPicker, downloaded from 

http://edwards.sdsu.edu/ribopicker/rrnadb/rnadb_2012-01-17.tar.gz) with arguments “-c 80 -i 90”. Results are 

in Table S4. 

In silico estimation of bacterial contamination in virome. We compared the 16S rRNA gene content in 

virome and whole metagenome samples. First, viral reads were truncated to 125 bp to match the read length 
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of the whole metagenome dataset. Subsequently, both datasets were mapped against the SILVA database 

(v.123) using bwa mem v. 0.7.12 and the number of unique reads mapped with at least 90% identity was 

counted for both. Finally, the percentage of 16S reads within the entire readset of each sample was calculated 

and compared with published virome datasets (MetaVir) (Roux et al., 2011) (Figure S18).  

De novo assembly. The de Bruijn graph-based assembler IDBA-UD (v. 1.1.1) (Peng et al., 2012) was used 

for de novo assembly. Clean reads from each metagenomic sample were used for sample-specific assemblies 

for investigating mobile AsARG expansion via HGT events. Clean reads from all timepoints for each 

individual were pooled for the co-assembly of metagenome and virome, respectively. For metagenomes, 

parameters for IDBA-UD were: “-mink 40 -maxk 100 -step 10 -num_threads 24 --min_contig 300 -

pre_correction”. For viromes with PE300 sequencing, k=180 was selected as the max kmer length. Two 

modifications were made in the source code before compiling IDBA_UD: in file src/basic/kmer.h, constant 

kNumUint64 was changed from 4 to 8 to allow maximum kmer length beyond 124; in file 

src/sequence/short_sequence.h, constant kMaxShortSequence was set to 512 to support longer read length. 

Virome co-assembly used parameters: “-mink 20 -maxk 180 -step 20 -num_threads 24 --min_contig 800 -

pre_correction”. After co-assembly, paired-end reads (DNA, RNA and phage libraries) were aligned to 

respective assemblies using bwa “mem” model (v. 0.7.15) (Li and Durbin, 2010). Statistics of mapped and 

unmapped reads were calculated using samtools with function “flagstat” (v. 1.3.1) (Li et al., 2009). Overall, 

final assemblies had mean mapping percentages of 82.3% to 91.4% for metagenomic contigs (Table S6) and 

76.4% to 93.3% for viromic contigs (Table S7). Samtools functions “depth -aa” and “idxstats” were used to 

calculate contig coverage and depth and per-locus depth. 

Contig mapping of sample-specific assemblies. For metagenomes, assembled sample-specific contigs were 

mapped against assemblies from other timepoints and co-assemblies to identify homologous contigs. 

MegaBlast (Altschul et al., 1990) was applied with parameter “--id 98 -e 1e-5”. Best hits with mapped lengths 

longer than 300 bp were kept as homologous contigs.  

Updated phage orthologous group (uPOG) database. We used an updated POG database for phage gene 

annotation – uPOG (Zheng et al., 2019). The uPOGs are available at our website 

(http://147.8.185.62/VirMiner/downloads/updated_POG_database/).  

Open Reading Frame (ORF) prediction and annotation. For metagenomes, MetaGeneMark was adopted 

to predict coding DNA sequence (CDS) regions in assembled metagenome contigs using default parameters 

(Zhu et al., 2010). The functional COG category for each protein was assigned using National Center for 

Biotechnology Information rps-BLAST (Altschul et al., 1990) with parameter “-e 1e-5”. Protein sequences 

were aligned to the Kyoto Encyclopedia of Genes and Genomes (KEGG) database using Diamond blastp 

(Buchfink et al., 2015) with parameter “-e 1e-5”. For viromes, ORFs were predicted by GeneMarkS v4.3 

(Besemer et al., 2001) with parameter “--phage”. Predicted ORFs from metagenomic and viromic contigs were 
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mapped against Pfam (Finn et al., 2014), POG 2012 and uPOG databases by DIAMOND blastp (Buchfink et 

al., 2015) with parameters “--id 70 -e 1e-5” and the top hits were selected. 

Taxonomic assignment of phage contigs. The RefSeq (Pruitt et al., 2014) database of viral reference genomes 

Release 81 (March 2017) was used to map contigs from each assembly using blastn (Altschul et al., 1990) 

with filtration criteria: E < 1e-4, identity > 70% and coverage > 50%. Contigs shorter than 3 kb were discarded. 

The abundance of each contig with a reference viral genome hit was calculated as RPKM. For each viral 

family, relative abundance was calculated as sum of RPKM of all contigs assigned to the viral family. 

Phage contig verification by VirSorter and VirFinder. All phage library contigs were analyzed by VirSorter 

(Roux et al., 2015) with “virome database” and “virome de-contamination” modes. Contigs classified in any 

viral categories or as prophages were considered viral. VirFinder analysis used default settings and contigs 

with false discovery rate (FDR) below 0.05 were considered viral. 

Phage-like contig identification in metagenomes. Phage library contigs were mapped against metagenomic 

contigs to find target phage-like contigs and phage integration sites in metagenomes. MegaBlast (Altschul et 

al., 1990) was applied with parameter “--id 90 -e 1e-5”. Mapped regions with unmapped gaps smaller than 100 

bp were catenated. Metagenomic contigs with coverage greater than 50% of the phage contig were identified 

as phage-like contigs in metagenomes. 

Phage contig filtration. Phage library contigs meeting at least two of the following criteria were marked as 

confident phage contigs: 1) annotated with uPOG gene; 2) annotated with viral gene from PFam; 3) mapped 

to known phage genome in RefSeq; 4) identified as viral contig by VirSorter; 5) identified as viral contig by 

VirFinder; and 6) mapped to at least 3 target phage-like contigs in the metagenome. Only confident phage 

contigs were used in downstream analyses. Contigs meeting only one criterion were marked as “suspicious 

phage contigs” with others marked as “contaminant contigs.” 

Plasmid contig annotation. Plasmid contigs were annotated by the machine learning-based method PlasFlow 

(Krawczyk et al., 2018) with parameter “--threshold 0.7”. Metagenomic contigs longer than 1 kb were used 

for annotation.  

Transposable element annotation. These elements in metagenomic contigs were annotated using the 

database ISFinder (Siguier et al., 2006). ORF protein sequences and contig nucleotide sequences were mapped 

against, respectively, ISFinder protein and nucleotide databases using Diamond blastp (Buchfink et al., 2015) 

or blastn (Altschul et al., 1990) with parameter “--id 70 -e 1e-5”. Contigs with mapped transposable elements 

(TE) were marked as contigs with transposable elements. 

Mobile contig and mobile AsARG. Metagenomic contigs annotated as phage-like contigs, plasmid contigs, 

or contigs with transposable elements were classified as mobile contigs. AsARGs on these contigs were 

classified as mobile AsARGs. For each individual and each species ARG profile, AsARGs with no mobile 

copies in that species were classified as non-mobile AsARGs. 
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Species-specific marker gene annotation. Species marker gene profiles were obtained through MIDAS 

(Nayfach et al., 2016) with arguments “run_midas.py genes -s very-sensitive --species_cov 0.1”, for samples 

with efficient read depth (“merge_midas.py genes -sample_depth 0.1”). Functional profiles (Gene Ontology, 

KEGG Orthology, Enzyme Commission number (EC)) were further summarized based on annotations from 

the MIDAS reference database (midas_db_v1.2). Metagenomic ORFs were mapped against this marker gene 

database using Diamond blastp (Buchfink et al., 2015). All hits with identity over 70% and E-value less than 

1e-5 were kept for contig-to-species assignment. 

Contig binning and contig-species assignment. For each individual, co-assembled metagenomic contigs 

were binned using MaxBin 2.2.4 (Wu et al., 2016) by default parameter. For each contig or contig bin, species-

specific marker genes were summarized. If more than 70% of the species-specific marker genes appeared in a 

contig or a contig bin could be assigned to a single candidate species with only one candidate species identified, 

then the contig or contig bin was assigned to that species. If a contig was successfully assigned to a host 

species, the species for its contig bin was then ignored. If a contig could not be assigned to a host species, 

while its bin could be assigned to a host species, then the contig bin’s host species was assigned to the contig. 

All the functional genes on a contig, including ARGs, were assigned to the contig’s host species. 

ARG annotation. The CARD database (McArthur et al., 2013) and the accompanying Resistance Gene 

Identifier (RGI) pipeline were used to annotate ARGs in the metagenome and the virome. For metagenomes, 

protein sequences of predicted ORFs were used as input. For viromes, input was viral contig sequences. RGI 

results with “Perfect” and “Strict” identification, and “Loose” results with identity over 70% were used as 

qualified ARG annotations. 

AsARGs. To identify ARGs with proven resistance to specific antibiotics, we extracted AsARGs from CARD 

(McArthur et al., 2013) for each antibiotic used (Table S11). These genes are listed as 

“confers_resistance_to_drug” in “Sub-Term(s)” of each antibiotic. 

Calculation of transcriptional activity. Transcriptional activity (TA) of each gene or gene set was 

calculated as: TA = RNA(RPKM) / DNA (RPKM). For DNA or RNA abundance data, zeros were replaced 

with 1e-5 before TA or fold-change calculations. Log2 transformation for TA was applied before statistical 

tests. 

HGT-supporting read pair extraction.  Reads mapped to phage-contig homologous regions on phage-like 

contigs were extracted by samtools function “view” (Li et al., 2009) and mate reads were extracted from bam 

files using grep command. Read pairs with reads mapped to different contigs were kept for cross-contig read-

pair analysis. 

Metagenome taxonomic assignment. Relative abundance of taxa was analyzed using MetaPhlAn2 with 

default settings (Truong et al., 2015).  

Community diversity and dissimilarity.  For metagenomes, species-level taxonomic profiles were used as 

input for alpha-diversity and beta-diversity analyses. Alpha-diversity was represented by Shannon index and 
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beta-diversity by Bray-Curtis distances, both using the vegan R package (Dixon, 2003). For viromes, alpha-

diversity (Shannon index using vegan) was calculated on the abundance matrix of confident phage contigs (in 

RPKM). For beta-diversity, MASH (Ondov et al., 2016) MinHash sketch strategy for estimating the Jaccard 

index was used to estimate dissimilarity between samples. Briefly, a mash sketch for each read file from each 

timepoint was derived and distances of all-against-all sketches were calculated. Ordinations for beta-diversity 

analysis were calculated by nonmetric multidimensional scaling for illustrations. 

Definitions of special species categories. 1. Disappeared: 0 abundance in all post-treatment samples (T4 to 

T6); 2. New: 0 abundance in baseline and non-zero abundance during any treatment or post-treatment sample 

(T2 to T6); 3. Proliferating: met any of these criteria: a) only appeared during treatment (both T2 and T3 with 

relative abundance in either greater than 0.1%) but not other timepoints (T1 and T4 to T6) ; b) had fold-change 

greater than 32 compared to baseline and relative abundance greater than 1% in any timepoint; or c) had a 

relative abundance greater than 5% during treatment (T2 or T3). 4. Post-dominant: relative abundance greater 

than 5% in any post-treatment timepoint (T4 to T6). 

Growth rate index (GRiD) calculation. GRiD was calculated according to(Emiola and Oh, 2018) with the 

following parameters: “grid multiplex -d /sbidata/shared2/GRiD/Stool -p -c 0.2 -m”. If GRiD values were all 

not applicable (NA) for a specific timepoint, that point was removed from analysis. Otherwise the NA values 

were replaced by 1. 

Gram-positive and Gram-negative species. Bacterial species and strain information were acquired from 

PATRIC (Wattam et al., 2014), visited in November 2017. Bacterial species with all strains with the same (or 

missing) Gram-staining type were assigned as Gram-positive or Gram-negative species. Species with 

conflicting Gram-staining types for different strains were not categorized.  

Statistics and data visualization. Statistics were done in R, with data visualization by R and corresponding 

packages including ggplot2, grid, gridExtra, RColorBrewer, ellipse and pheatmap. 
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Figure S1. Taxonomic profiles at the phylum level. AZY, azithromycin; DOX, doxycycline; CFX, cefotaxime; CIP, 
ciprofloxacin; CTR, control; T, timepoint. Baseline: T1, day -15 before treatment. During treatment: T2, day 3 and T3, 
day 5. After treatment: T4, day 15; T5, day 30 and T6, day 90. Taxonomic profiles were constructed using MetaPhlAn2 
(Truong et al., 2015). In the majority of samples, Bacteroides and Firmicutes were dominant at the phylum level. The 
during-treatment samples from individual CIP-b were dominated by Proteobacteria. 
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Figure S2. Taxonomic profiles at the species level. AsARG: antibiotic-specific antibiotic resistance gene. Proliferating: 
proliferating species during antibiotic treatment. Post-dominant: post-treatment dominant species. Species relative 
abundances were normalized to Z scores among all samples before visualization. Row-side color bars indicate a species’ 
Gram-staining type and if a species is a proliferating species or post-dominant species, or AsARG carrier. Column-side 
color bars indicate the treatment period and used antibiotics of a sample. AZY, azithromycin; DOX, doxycycline; CFX, 
cefotaxime; CIP, ciprofloxacin; CTR, control; T, timepoint. Baseline: T1, day -15 before treatment. During treatment: 
T2, day 3 and T3, day 5. After treatment: T4, day 15; T5, day 30 and T6, day 90. 
 

 
Figure S3. Growth rate indices (GRiD) for different species categories. GRiDs for proliferating species, post-
dominant species and normal species were calculated following(Emiola and Oh, 2018). GRiDs. The red background 
indicates the antibiotic administration period. The proliferating species had significantly higher growth rates during 
treatment (1.16 GRiD), and the post-dominant species had higher growth rates during T4 and T5 (1.16), in comparison 
with their baseline levels (1.13 and 1.09, respectively).  
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Figure S4. Gene counts of antibiotic-specific Antibiotic resistance genes (AsARGs) in metagenomic contigs. 
In the 8 individuals, 18 AsARGs were identified: 9 genes (all from tet family) for doxycycline (DOX), 3 (all from 
erm family) for azithromycin (AZY), 4 for cefuroxime (CFX), and 3 for ciprofloxacin (CIP) (mexY shared by these 
two antibiotics). Among these genes, AsARGs for doxycycline had the highest gene copy numbers (35 and 50 for 
individuals DOX-a and DOX-b) in metagenomic contigs. 
 

 
Figure S5. Number of host species for each antibiotic-specific antibiotic resistance genes (AsARGs). AZY, 
azithromycin; DOX, doxycycline; CFX, cefotaxime.The tet family had the broadest bacterial hosts, followed by 
acr, cep and erm. AsARGs for doxycycline had the widest distribution among host species (7 for one individual 
and 11 for another). For individual CIP-b (ciprofloxacin), 13 assignable genes from 7 different gene families were 
assigned to a sole host species, Escherichia coli, which became highly dominant during treatment (69.7% for T2 
and 42.7% for T3).  
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Figure S6. Antibiotic resistance gene (ARG) profiles in the metagenome by DNA abundance. ARGs’ DNA 
abundances were calculated by reads per kilobase per million mapped reads (RPKM) and normalized to Z scores among 
all samples before visualization. Row-side color bars indicate if an ARG is an antibiotic-specific ARG (AsARG) in 
different treatment. Column-side color bars indicate the treatment period and used antibiotics of a sample.  
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Figure S7. Antibiotic resistance gene profiles in the metagenome by transcriptional activity (TA). ARGs’ 
transcriptional activity were calculated by RNA(RPKM) / DNA (RPKM) (RPKM: reads per kilobase per million mapped 
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reads) and normalized to Z scores among all samples before visualization. Row-side color bars indicate if an ARG is an 
antibiotic-specific ARG (AsARG) in different treatment. Column-side color bars indicate the treatment period and used 
antibiotics of a sample.  
 

 
Figure S8. Counts for confident and dubious phage contigs. AZY, azithromycin; DOX, doxycycline; CFX, 
cefotaxime; CIP, ciprofloxacin; CTR, control. Phage library contigs meeting at least two of the following criteria were 
marked as confident phage contigs: 1) annotated with uPOG gene; 2) annotated with viral gene from PFam; 3) mapped 
to known phage genome in RefSeq; 4) identified as viral contig by VirSorter; 5) identified as viral contig by VirFinder; 
and 6) mapped to at least 3 target phage-like contigs in the metagenome. Contigs met only one criterium were marked as 
dubious, while contigs met no criterium were marked as contaminants. Of 1,286 to 7,263 co-assembled contigs in the 
virome libraries from each sample, only 53.6% were marked with confidence as phage contigs. 
 
 

 
Figure S9. Phage taxonomic profiles. AZY, azithromycin; DOX, doxycycline; CFX, cefotaxime; CIP, ciprofloxacin; 
CTR, control. Phage contigs were mapped against known phage genomes in RefSeq (release 81, March 2017) using blastn 
(E < 1e-4, identity > 70% and coverage > 50%). Contigs shorter than 3 kb were discarded. The abundance of each contig 
with a reference viral genome hit was calculated as RPKM. For each viral family, relative abundance was calculated as 
sum of RPKM of all contigs assigned to the viral family. Siphoviridae was identified as the most abundant phage group. 
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Figure S10. Phage library alpha-diversity in Shannon index. Alpha-diversity (in Shannon index) was calculated on 
the abundance matrix of confident phage contigs (in RPKM). The Shannon index for different antibiotic types were 
shown. Phage communities’ alpha diversities declined during antibiotic treatment. 
 

Figure 
S11. Dissimilarity of phage compositions. AZY, azithromycin; DOX, doxycycline; CFX, cefotaxime; CIP, 
ciprofloxacin; CTR, control. MASH (Ondov et al., 2016) MinHash sketch strategy for estimating the Jaccard index was 
used to estimate dissimilarity between samples. Briefly, a mash sketch for each read file from each timepoint was derived 
and distances of all-against-all sketches were calculated. Ordinations for beta-diversity analysis were calculated by 
nonmetric multidimensional scaling for illustrations. Color bars indicate sample information including treatment period 
and antibiotic type. Phage communities were highly individual-specific. 
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Figure S12. Antibiotic resistance gene (ARGs) presence on phage contigs. AZY, azithromycin; DOX, doxycycline; 
CFX, cefotaxime; CIP, ciprofloxacin; CTR, control. Antibiotic-specific ARGs were discovered in phage contigs in three 
individuals (AZY-b, DOX-a and DOX-b). 
 

 
Figure S13. Antibiotic resistance gene abundance in viromes. AZY, azithromycin; DOX, doxycycline; CFX, 
cefotaxime; CIP, ciprofloxacin; CTR, control. Gene family tet has the widest distribution overall highest abundances in 
viromes. 
 
 

 
 
Figure S14. Number of metagenomic contigs that aligned to phage contigs with antibiotic resistance genes (ARGs). 
AZY, azithromycin; DOX, doxycycline; CFX, cefotaxime; CIP, ciprofloxacin; CTR, control. Phage-like contigs in 
metagenomes were identified with MegaBlast (Altschul et al., 1990) with parameter “--id 90 -e 1e-5”. Phage-like contigs 
with antibiotic-specific ARGs (AsARGs) were identified in three individuals.  
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Figure S15. Number of host species that phage target contigs in metagenomes could be assigned to. AZY, 
azithromycin; DOX, doxycycline; CFX, cefotaxime; CIP, ciprofloxacin; CTR, control; AsARG: antibiotic-specific 
antibiotic resistance gene. For each antibiotic resistance gene (ARG) in vriome, up to three (0.55 ± 0.90) species were 
determined to be the host species of the ARG-carrying phage contig.  
 
 

 
Figure S16. Mobility of contigs carrying antibiotic-specific antibiotic resistance genes (AsARGs) and non-
antibiotic-specific ARGs (non-As ARGs). Numbers are counts of ARGs. AsARGs showed greater tendency to appear 
on mobile genetic elements. 36.9% of AsARGs were captured on mobile contigs compared to 15.8% for non-As ARGs. 
 
 

 
Figure S17. Antibiotic-specific Antibiotic resistance genes (AsARGs) on different mobile elements: phage-like 
contigs, plasmids and contigs with transposable elements (TE). AZY, azithromycin; DOX, doxycycline; CFX, 
cefotaxime; CIP, ciprofloxacin; CTR, control. Phage-like contigs were the majority of mobile AsARGs (58.3% compared 
to 16.9% for non-As ARGs). 
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Figure S18. Estimated bacterial presence in viromes. Gene content for 16S rRNA was compared between paired whole 
metagenome-virome samples and published virome data sets (MetaVir) (Roux et al., 2011). Red horizontal line 
corresponds to the 0.02% 16S rRNA threshold proposed by Roux et al (Roux et al., 2015). AZY, azithromycin; DOX, 
doxycycline; CFX, cefotaxime; CIP, ciprofloxacin; CTR, control. Overall, the bacterial contaminants were in low level. 
Only three samples from individual CIP-b have significant contaminants (> 0.02%). 
 
  



Chapter 4 117 

Table S1. Study design. 

Individua
l ID 

Antibiotic Antibiotic 
abbreviati
on 

Antibiotic 
type 

Dose Administratio
n 

Treatme
nt 
duration 
/ day 

Timepoints 
available 

AZY-a* Azithromycin AZY Bacteriostatic 500 mg day 1 
/250 mg day 
2-5 

Oral, once a 
day 

5 T1 – T6** 

AZY-b Azithromycin AZY Bacteriostatic 500 mg day 1 
/250 mg day 
2-5 

Oral, once a 
day 

5 T1 – T6 

DOX-a Doxycycline DOX Bacteriostatic 100 mg Oral, twice a 
day 

7 T1 – T6 

DOX-b Doxycycline DOX Bacteriostatic 100 mg Oral, twice a 
day 

7 T1 – T6 

CFX-a Cefuroxime CFX Bactericidal 500 mg Oral, twice a 
day 

5 T1 – T6 

CFX-b Cefuroxime CFX Bactericidal 500 mg Oral, twice a 
day 

5 T1, T2, T4-  
T6 

CIP-a Ciprofloxacin CIP Bactericidal 500 mg Oral, twice a 
day 

5 T1 – T6 

CIP-b Ciprofloxacin CIP Bactericidal 500 mg Oral, twice a 
day 

5 T1 – T6 

CTR-a Control No 
treatment 

No treatment None None None T1 – T6 

CTR-b Control No 
treatment 

No treatment None None None T1 – T6 

* AZY, azithromycin; DOX, doxycycline; CFX, cefotaxime; CIP, ciprofloxacin; CTR, control.  
** T, timepoints. Baseline: T1, day -15 before treatment. During treatment: T2, day 3 and T3, day 5 in 
treatment. After treatment: T4, day 15, T5 day 30 and T6 day 90. 
 

Table S2. Metagenome, metatranscriptome, and virome libraries. 

Sample Metagenome 
Reads (Mbp) 

Metatranscriptome 
Reads (Mbp) 

Virome Reads 
(Mbp) 

DOX-a-T1* 54.5 39.8 5.68 

DOX-a-T2 55.1 40.1 6.2 

DOX-a-T3 59.9 36.4 0.37 

DOX-a-T4 54.9 37 1.23 

DOX-a-T5 56.9 38 2.03 

DOX-a-T6 56.6 33.7 0.60 

CIP-a-T1 55.3 41.4 4.96 

CIP-a-T2 55 31.2 10.48 

CIP-a-T3 55.3 28.8 0.73 
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CIP-a-T4 58.4 33 3.40 

CIP-a-T5 55 29 0.82 

CIP-a-T6 56.1 30.5 2.23 

CTR-a-T1 55.6 39 5.86 

CIP-a-T2 68.5 29.8 1.95 

CIP-a-T3 58.2 40.7 1.69 

CIP-a-T4 61.8 26.1 3.5 

CIP-a-T5 55.9 41.7 2.21 

CIP-a-T6 65.5 34.4 1.50 

AZY-a-T1 56 26.5 2.64 

AZY-a-T2 58.8 20.1 3.38 

AZY-a-T3 73.6 25.7 2.99 

AZY-a-T4 79 22.5 1.15 

AZY-a-T5 55.6 29.9 3.4 

AZY-a-T6 61.7 20.7 4.20 

CTR-b-T1 54.8 39.4 11.84 

CTR-b-T2 68.6 36 4.51 

CTR-b-T3 56.7 42 3.82 

CTR-b-T4 55 36.1 14.01 

CTR-b-T5 63.3 38.6 1.50 

CTR-b-T6 55.2 25.9 1.91 

CFX-a-T1 59.5 56.6 6.2 

CFX-a-T2 64.2 21.3 3.06 

CFX-a-T3 66.6 28.3 3.67 

CFX-a-T4 62.5 30.6 2.80 

CFX-a-T5 79.4 20.8 2.04 

CFX-a-T6 73.6 24.8 1.27 

AZY-b-T1 57.3 99.9 4.9 

AZY-b-T2 63.9 29.8 3.14 

AZY-b-T3 64.4 26 4.78 

AZY-b-T4 56.2 40 3.57 

AZY-b-T5 65.7 25.9 1.73 

AZY-b-T6 56.2 29.7 1.46 

CIP-b-T1 68.5 36.2 3.6 

CIP-b-T2 128 33.7 6.91 

CIP-b-T3 57.5 39 5.09 
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CIP-b-T4 65.4 29.8 1.46 

CIP-b-T5 55.7 37.2 0.94 

CIP-b-T6 63.4 34.3 2.63 

DOX-b-T1 55 27.6 4.66 

DOX-b-T2 131.1 46.7 3.56 

DOX-b-T3 64.5 27.3 1.8 

DOX-b-T4 56.4 43.4 2.65 

DOX-b-T5 67.8 27.5 4.09 

DOX-b-T6 55.2 40.4 3.59 

CFX-b-T1 69.4 69.8 4.95 

CFX-b-T2 57.4 25 5.7 

CFX-b-T4 55.2 22.2 4.47 

CFX-b-T5 59.8 47.3 1.36 

CFX-b-T6 62.2 22.5 3.2 
* AZY, azithromycin; DOX, doxycycline; CFX, cefotaxime; CIP, ciprofloxacin; CTR, control. T, timepoints. 
Baseline: T1, day -15 before treatment. During treatment: T2, day 3 and T3, day 5 in treatment. After treatment: 
T4, day 15, T5 day 30 and T6 day 90. 
 
 

Table S3. DNA library quality control. 

Sample Raw 
Reads 
(Mbp) 

Clean Reads 
(Mbp) 

Clean Reads 
(%) 

DOX-a-T1* 54.5 53.4 98 

DOX-a-T2 55.1 54 97.9 

DOX-a-T3 59.9 58.8 98.1 

DOX-a-T4 54.9 53.9 98.2 

DOX-a-T5 56.9 55.9 98.2 

DOX-a-T6 56.6 55.5 98.1 

CIP-a-T1 55.3 53.9 97.6 

CIP-a-T2 55 53.9 97.9 

CIP-a-T3 55.3 54 97.7 

CIP-a-T4 58.4 57.3 98.1 

CIP-a-T5 55 53.8 97.7 

CIP-a-T6 56.1 36.6 65.3 

CTR-a-T1 55.6 54.8 98.6 

CIP-a-T2 68.5 67.1 98.1 

CIP-a-T3 58.2 57.4 98.5 
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CIP-a-T4 61.8 60.9 98.5 

CIP-a-T5 55.9 54.9 98.3 

CIP-a-T6 65.5 64.4 98.2 

AZY-a-T1 56 55 98.3 

AZY-a-T2 58.8 57.9 98.4 

AZY-a-T3 73.6 72.5 98.6 

AZY-a-T4 79 77.4 97.9 

AZY-a-T5 55.6 54.8 98.6 

AZY-a-T6 61.7 60.8 98.5 

CTR-b-T1 54.8 53.9 98.3 

CTR-b-T2 68.6 67.3 98.1 

CTR-b-T3 56.7 55.8 98.6 

CTR-b-T4 55 54.2 98.6 

CTR-b-T5 63.3 62.3 98.4 

CTR-b-T6 55.2 54.3 98.4 

CFX-a-T1 59.5 58.6 98.5 

CFX-a-T2 64.2 63.1 98.3 

CFX-a-T3 66.6 65.6 98.5 

CFX-a-T4 62.5 61.4 98.3 

CFX-a-T5 79.4 76.4 96.3 

CFX-a-T6 73.6 72.3 98.2 

AZY-b-T1 57.3 56.4 98.4 

AZY-b-T2 63.9 63 98.6 

AZY-b-T3 64.4 63.5 98.6 

AZY-b-T4 56.2 55 97.8 

AZY-b-T5 65.7 64.8 98.6 

AZY-b-T6 56.2 55.3 98.4 

CIP-b-T1 68.5 66.3 96.8 

CIP-b-T2 128 124.7 97.4 

CIP-b-T3 57.5 56.5 98.2 

CIP-b-T4 65.4 64.4 98.5 

CIP-b-T5 55.7 54.9 98.6 

CIP-b-T6 63.4 62.4 98.5 

DOX-b-T1 55 53.8 97.8 

DOX-b-T2 131.1 129.6 98.8 

DOX-b-T3 64.5 63.6 98.6 
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DOX-b-T4 56.4 55.5 98.4 

DOX-b-T5 67.8 66.6 98.3 

DOX-b-T6 55.2 53.9 97.6 

CFX-b-T1 69.4 68.4 98.6 

CFX-b-T2 57.4 56.4 98.3 

CFX-b-T4 55.2 54 97.8 

CFX-b-T5 59.8 59 98.7 

CFX-b-T6 62.2 61.1 98.2 
* AZY, azithromycin; DOX, doxycycline; CFX, cefotaxime; CIP, ciprofloxacin; CTR, control. T, timepoints. 
Baseline: T1, day -15 before treatment. During treatment: T2, day 3 and T3, day 5 in treatment. After treatment: 
T4, day 15, T5 day 30 and T6 day 90. 
 

Table S4. RNA library quality control. 

Sample Raw Reads 
(Mbp) 

Clean Reads 
(Mbp) 

Clean Reads 
(%) 

Non-rRNA 
Reads (Mbp) 

Non-rRNA 
Reads (%) 

DOX-a-T1* 39.8 39.6 99.5 9.2 23.1 

DOX-a-T2 40.1 39.8 99.4 6.1 15.2 

DOX-a-T3 36.4 36.2 99.5 6.1 16.7 

DOX-a-T4 37 36.8 99.4 3.7 10.1 

DOX-a-T5 38 37.7 99.3 6.6 17.6 

DOX-a-T6 33.7 33.5 99.4 6 18 

CIP-a-T1 41.4 41.2 99.5 24.7 59.9 

CIP-a-T2 31.2 31 99.4 7.1 22.9 

CIP-a-T3 28.8 28.5 99.3 12.8 44.9 

CIP-a-T4 33 32.8 99.4 6.2 18.9 

CIP-a-T5 29 28.8 99.3 7 24.3 

CIP-a-T6 30.5 30.3 99.4 8.1 26.7 

CTR-a-T1 39 38.8 99.4 5.5 14.1 

CIP-a-T2 29.8 29.7 99.5 7.3 24.7 

CIP-a-T3 40.7 40.4 99.2 5.1 12.6 

CIP-a-T4 26.1 26 99.4 12.1 46.5 

CIP-a-T5 41.7 41.4 99.3 7.3 17.7 

CIP-a-T6 34.4 34.1 99.2 7.8 22.9 

AZY-a-T1 26.5 26.3 99.3 7.5 28.4 

AZY-a-T2 20.1 20 99.3 8.7 43.7 

AZY-a-T3 25.7 25.5 99.4 7.3 28.7 

AZY-a-T4 22.5 22.4 99.3 10.3 46.2 
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AZY-a-T5 29.9 29.7 99.4 6.7 22.5 

AZY-a-T6 20.7 20.6 99.3 9 43.9 

CTR-b-T1 39.4 39.1 99 5.8 14.9 

CTR-b-T2 36 35.7 99.3 4.4 12.5 

CTR-b-T3 42 41.8 99.4 5.5 13.1 

CTR-b-T4 36.1 35.9 99.6 9 25.1 

CTR-b-T5 38.6 38.3 99.3 4.3 11.3 

CTR-b-T6 25.9 25.8 99.5 7.7 29.9 

CFX-a-T1 56.6 56.3 99.6 14.6 25.9 

CFX-a-T2 21.3 21.2 99.3 11.9 56.3 

CFX-a-T3 28.3 28 99.2 18.3 65.4 

CFX-a-T4 30.6 30.4 99.4 6.9 22.8 

CFX-a-T5 20.8 20.7 99.3 12 58.1 

CFX-a-T6 24.8 24.7 99.7 7.4 29.8 

AZY-b-T1 99.9 99.2 99.3 4 4 

AZY-b-T2 29.8 29.6 99.5 7.3 24.7 

AZY-b-T3 26 25.9 99.4 7.8 30.1 

AZY-b-T4 40 39.8 99.4 3.4 8.6 

AZY-b-T5 25.9 25.7 99.1 3.4 13.3 

AZY-b-T6 29.7 29.5 99.4 10.2 34.6 

CIP-b-T1 36.2 36 99.4 8.2 22.7 

CIP-b-T2 33.7 33.6 99.5 6 17.9 

CIP-b-T3 39 38.9 99.5 6.6 17.1 

CIP-b-T4 29.8 29.6 99.4 19.3 65.3 

CIP-b-T5 37.2 37.1 99.5 4.7 12.7 

CIP-b-T6 34.3 34.1 99.4 10.3 30.1 

DOX-b-T1 27.6 27.4 99.3 7.5 27.3 

DOX-b-T2 46.7 46.5 99.6 24 51.6 

DOX-b-T3 27.3 27.1 99.4 8 29.4 

DOX-b-T4 43.4 43.2 99.7 16.8 38.8 

DOX-b-T5 27.5 27.3 99.3 7.5 27.3 

DOX-b-T6 40.4 40.1 99.1 35.2 87.7 

CFX-b-T1 69.8 69.4 99.4 18.7 27 

CFX-b-T2 25 24.8 99.1 20.3 81.6 

CFX-b-T4 22.2 22.1 99.3 8.4 38.1 

CFX-b-T5 47.3 46.9 99.1 5.4 11.5 



Chapter 4 123 

CFX-b-T6 22.5 22.4 99.2 9.3 41.6 
* AZY, azithromycin; DOX, doxycycline; CFX, cefotaxime; CIP, ciprofloxacin; CTR, control. T, timepoints. 
Baseline: T1, day -15 before treatment. During treatment: T2, day 3 and T3, day 5 in treatment. After treatment: 
T4, day 15, T5 day 30 and T6 day 90. 
 

Table S5. Phage library quality control. 

Sample Raw Reads 
(Mbp) 

Clean Reads 
(kb) 

Clean Reads 
(%) 

DOX-a-T1* 5.68 5.243 92.2 

DOX-a-T2 6.2 5.257 84.5 

DOX-a-T3 0.37 0.339 92.5 

DOX-a-T4 1.23 1.043 84.7 

DOX-a-T5 2.03 1.862 91.5 

DOX-a-T6 0.60 0.589 97.6 

CIP-a-T1 4.96 4.372 88.2 

CIP-a-T2 10.48 8.517 81.3 

CIP-a-T3 0.73 0.639 87.0 

CIP-a-T4 3.40 2.993 88.1 

CIP-a-T5 0.82 0.716 87.3 

CIP-a-T6 2.23 1.827 81.8 

CTR-a-T1 5.86 5.026 85.8 

CIP-a-T2 1.95 1.645 84.2 

CIP-a-T3 1.69 1.634 96.9 

CIP-a-T4 3.5 3.274 93.7 

CIP-a-T5 2.21 1.980 89.6 

CIP-a-T6 1.50 1.37 91.6 

AZY-a-T1 2.64 2.414 91.4 

AZY-a-T2 3.38 3.253 96.2 

AZY-a-T3 2.99 2.738 91.7 

AZY-a-T4 1.15 1.072 93.3 

AZY-a-T5 3.4 3.201 93.4 

AZY-a-T6 4.20 3.758 89.4 

CTR-b-T1 11.84 10.282 86.9 

CTR-b-T2 4.51 3.702 82.1 

CTR-b-T3 3.82 3.155 82.6 

CTR-b-T4 14.01 11.008 78.6 

CTR-b-T5 1.50 1.45 96.8 
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CTR-b-T6 1.91 1.708 89.6 

CFX-a-T1 6.2 5.393 86.7 

CFX-a-T2 3.06 2.550 83.5 

CFX-a-T3 3.67 3.425 93.2 

CFX-a-T4 2.80 2.697 96.3 

CFX-a-T5 2.04 1.815 89.2 

CFX-a-T6 1.27 1.087 85.8 

AZY-b-T1 4.9 3.98 80.6 

AZY-b-T2 3.14 3.017 96.0 

AZY-b-T3 4.78 3.488 73.0 

AZY-b-T4 3.57 3.100 86.8 

AZY-b-T5 1.73 1.52 88.1 

AZY-b-T6 1.46 1.118 76.4 

CIP-b-T1 3.6 3.270 90.7 

CIP-b-T2 6.91 5.912 85.6 

CIP-b-T3 5.09 3.516 69 

CIP-b-T4 1.46 1.221 83.9 

CIP-b-T5 0.94 0.376 39.9 

CIP-b-T6 2.63 2.249 85.4 

DOX-b-T1 4.66 4.118 88.3 

DOX-b-T2 3.56 3.395 95.4 

DOX-b-T3 1.8 1.706 94.9 

DOX-b-T4 2.65 2.583 97.5 

DOX-b-T5 4.09 3.479 85 

DOX-b-T6 3.59 3.405 94.9 

CFX-b-T1 4.95 4.208 85.1 

CFX-b-T2 5.7 4.677 82.1 

CFX-b-T4 4.47 4.099 91.7 

CFX-b-T5 1.36 1.197 87.8 

CFX-b-T6 3.2 2.938 91.9 
* AZY, azithromycin; DOX, doxycycline; CFX, cefotaxime; CIP, ciprofloxacin; CTR, control. T, timepoints. 
Baseline: T1, day -15 before treatment. During treatment: T2, day 3 and T3, day 5 in treatment. After treatment: 
T4, day 15, T5 day 30 and T6 day 90. 
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Table S6. Metagenomic co-assemblies. 

Individual # of Contig Total Length 
(Mbp) 

Max Contig 
(bp) 

N50 Mapped 
Reads (%) 

# of Genes 

AZY-a* 428,914 989.1 463,429 6,907 83.5 1,235,566 

AZY-b 158,135 379.2 469,079 7,599 86.5 469,450 

DOX-a 121,015 359.3 515,917 12,560 91.4 422,799 

DOX-b 249,041 732.5 675,003 12,751 88.8 861,642 

CFX-a 444,886 732.2 312,248 3,426 82.3 972,223 

CFX-b 187,694 535.8 829,005 11,500 88.8 640,884 

CIP-a 260,919 695.5 548,042 9,285 86.3 841,233 

CIP-b 164,742 472.5 848,250 11,335 88.9 555,565 

CTR-a 282,518 700 546,999 7,473 90.1 859,661 

CTR-b 422,820 947.9 658,006 6,668 83.3 1,204,530 
* AZY, azithromycin; DOX, doxycycline; CFX, cefotaxime; CIP, ciprofloxacin; CTR, control. 

 

Table S7. Phage co-assemblies. 

Individual # of Contig Total Length 
(Mbp) 

Max Contig 
(bp) 

N50 Mapped 
Reads (%) 

AZY-a* 3,414 13.2 186,201 8,566 92.9 

AZY-b 3,049 9.7 100,004 4,899 83.2 

DOX-a 2,450 8.2 97,497 6,386 87.2 

DOX-b 1,653 7.6 152,619 12,608 89.2 

CFX-a 7,041 25.2 161,149 6,273 88.6 

CFX-b 1,288 6.3 156,421 15,115 83.7 

CIP-a 2,530 9.3 83,288 7,054 87.4 

CIP-b 9,380 28.3 118,605 4,111 76.4 

CTR-a 3,628 15.4 159,344 9,457 93.3 

CTR-b 7,278 23.8 117,634 5,919 90 
* AZY, azithromycin; DOX, doxycycline; CFX, cefotaxime; CIP, ciprofloxacin; CTR, control. 

 

Table S8. Bacterial community Shannon indices. 

Individual Antibiotic T1** T2 T3 T4 T5 T6 

AZY-a* Azithromycin 3.32 3.37 2.51 3.28 3.3 2.65 

AZY-b Azithromycin 2.55 2.66 2.42 0.87 1.73 1.83 

DOX-a Doxycycline 3.01 2.14 2.66 2.52 2.67 2.81 

DOX-b Doxycycline 3.27 2.98 2.96 2.66 3.06 3.16 

CFX-a Cefuroxime 2.68 3.03 1.95 3.19 3.15 3.01 



Chapter 4 126 

CFX-b Cefuroxime 2.56 2.83 NA 2.79 2.83 2.89 

CIP-a Ciprofloxacin 2.96 1.98 2.34 3.17 3 3.45 

CIP-b Ciprofloxacin 3.15 1.05 1.67 2.23 2.21 2.47 

CTR-a Placebo 2.95 2.62 3.17 2.84 2.91 2.16 

CTR-b Placebo 2.99 3.17 2.43 2.4 3.48 2.4 
* AZY, azithromycin; DOX, doxycycline; CFX, cefotaxime; CIP, ciprofloxacin; CTR, control.  
** T, timepoints. Baseline: T1, day -15 before treatment. During treatment: T2, day 3 and T3, day 5 in 
treatment. After treatment: T4, day 15, T5 day 30 and T6 day 90. 
 

Table S9. Proliferating species. 

Individual Species 

AZY-a* Enterococcus faecium, Ruminococcus gnavus, Roseburia unclassified, 
Subdoligranulum sp., Lactococcus phage 936 sensu lato, Bacteroides eggerthii, 
Ruminococcus torques 

AZY-b Clostridium sp. KLE, Oscillibacter sp. KLE, Coprobacillus unclassified, 
Clostridium ramosum, Escherichia coli, Bacteroides ovatus, Bacteroides uniformis, 
Bacteroides vulgatus, Eubacterium rectale 

DOX-a Alistipes unclassified, Oscillibacter sp. KLE, Clostridium bolteae, Eubacterium 
siraeum, Roseburia intestinalis, Bacteroides caccae, Bacteroides stercoris, 
Bacteroides vulgatus, Alistipes finegoldii 

DOX-b Clostridium clostridioforme, Eubacterium sp., Subdoligranulum sp., Bacteroides 
cellulosilyticus, Bacteroides uniformis, Barnesiella intestinihominis, Alistipes 
putredinis 

CFX-a Alistipes unclassified, Enterococcus faecium, Bacteroides caccae, Bacteroides 
cellulosilyticus, Bacteroides massiliensis, Bacteroides ovatus, Bacteroides 
thetaiotaomicron, Bacteroides xylanisolvens, Parabacteroides distasonis, 
Paraprevotella clara, Paraprevotella unclassified, Prevotella copri, Alistipes 
indistinctus, Clostridium hathewayi, Dialister succinatiphilus, Sutterella 
wadsworthensis, Bilophila unclassified, Desulfovibrio piger, C2likevirus 
unclassified 

CFX-b Clostridium clostridioforme, Clostridium symbiosum, Bacteroides fragilis, 
Clostridium bolteae, Eubacterium siraeum, Roseburia unclassified, Oscillibacter 
sp. KLE, Escherichia coli 

CIP-a Bacteroides finegoldii, Bacteroides intestinalis, Roseburia intestinalis, Bacteroides 
caccae, Bacteroides coprocola 

CIP-b Dorea unclassified, Eubacterium ramulus, Escherichia coli 

CTR-a Bacteroides sp., Clostridium sp. L2, Bacteroides plebeius, Coprococcus sp. ART55 

CTR-b Bacteroides cellulosilyticus, Alistipes sp. AP11, Dialister succinatiphilus, 
Desulfovibrio piger, Parabacteroides goldsteinii, Parabacteroides merdae, 
Alistipes finegoldii, Alistipes onderdonkii, Eubacterium siraeum, Lachnospiraceae 
bacterium, Alistipes putredinis, Subdoligranulum unclassified 

* AZY, azithromycin; DOX, doxycycline; CFX, cefotaxime; CIP, ciprofloxacin; CTR, control. 
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Table S10. Post-dominant species. 

Individual Species 

AZY-a*  

AZY-b Prevotella copri 

DOX-a Bacteroides uniformis 

DOX-b  

CFX-a Barnesiella intestinihominis, Prevotella copri 

CFX-b Alistipes putredinis, Subdoligranulum unclassified 

CIP-a Faecalibacterium prausnitzii, Subdoligranulum unclassified 

CIP-b Bacteroides intestinalis, Bacteroides uniformis, Paraprevotella 
unclassified 

CTR-a  

CTR-b  
* AZY, azithromycin; DOX, doxycycline; CFX, cefotaxime; CIP, ciprofloxacin; CTR, control. 

 

Table S11. Antibiotic-specific antibiotic resistance genes (AsARGs). 

Antibiotic Antibiotic-specific ARG 

Azithromycin EreB, MexAB-OprM, MexA, MexB, OprM, ErmC, ErmC', ErmE, ErmA, ErmB, ErmD, ErmF, 
ErmG, ErmI, ErmN, ErmQ, ErmR, ErmT, ErmX, Erm(31), Erm(33), Erm(34), Erm(35), 
Erm(36), Erm(37), Erm(38), Erm(39), Erm(41), mgtA, mphA, mphB, mphC, LpeAB, LpeA, LpeB 

Doxycycline tetX, tet32, tet36, tetB(P), tetQ, tetS, tetT, tetW, tetM, tetO, tet44 

Cefuroxime blaR1, mecI, blaI, mecR1, NmcR, cepA, Sed-1, NmcA, VCC-1, blaZ, R39, CepS, CcrA, BlaB, 
JOHN-1, CGB-1, EBR-1, TUS-1, SIM-1, KHM-1, DIM-1, HMB-1, SFH-1, FEZ-1, GOB, GOB-
1, GOB-18 , THIN-B, L1, AIM-1, SMB-1, CAU-1, BJP-1, PEDO-2, PEDO-1, CPS-1, ESP-1, 
MSI-1, SPG-1, Rm3, LRA-2, LRA-3, LRA-8, LRA-9, LRA-12, LRA-17, LRA-19, LRA-7, PEDO-
3, LRA-1, LRA-5, Bla1, Bla2, AmpC, LRA-18, LRA-13, LRA-10, blaF, EXO-1, NPS-1, MSI-OXA, 
MexAB-OprM, MexA, MexB, OprM, MexCD-OprJ, MexC, MexD, OprJ, MexXY-OprM, mexX, 
mexY, OmpK35, OmpK36, OmpK37, AcrAB-TolC, acrA, acrB, TolC, AcrEF-TolC, AcrE, AcrF, 
AdeIJK, adeI, adeJ, adeK, MdsABC, mdsA, mdsB, mdsC, SmeABC, smeA, smeB, smeC 

Ciprofloxacin norA, norB, pmrA, QepA, PatA-PatB, MexAB-OprM, OprM, gyrA, gyrB, parC, parE, qnr, 
QnrA1, QnrA2, QnrA3, QnrA4, QnrA5, QnrA6, QnrA7, QnrB1, QnrB2, QnrB3, QnrB4, QnrB5, 
QnrB6, QnrB7, QnrB8, QnrB9, QnrB10, QnrB11, QnrB12, QnrB13, QnrB14, QnrB15, QnrB16, 
QnrB17, QnrB18, QnrB19, QnrB20, QnrB21, QnrB22, QnrB23, QnrB24, QnrB25, QnrB26, 
QnrB27, QnrB28, QnrB29, QnrB30, QnrB31, QnrB32, QnrB33, QnrB34, QnrB35, QnrB36, 
QnrB37, QnrB38, QnrB39, QnrB40, QnrB41, QnrB42, QnrB43, QnrB44, QnrB45, QnrB46, 
QnrB47, QnrB48, QnrB49, QnrB50, QnrB54, QnrB55, QnrB56, QnrB57, QnrB58, QnrB59, 
QnrB60, QnrB61, QnrB62, QnrB64, QnrB65, QnrB66, QnrB67, QnrB68, QnrB69, QnrB70, 
QnrB71, QnrB72, QnrB73, QnrB74, QnrC, QnrD1, QnrD2, QnrS1, QnrS2, QnrS3, QnrS4, 
QnrS5, QnrS6, QnrS7, QnrS8, QnrS9, QnrVC1, QnrVC3, QnrVC4, QnrVC5, QnrVC6, mfpA, 
QnrB75, QnrB76, QnrB77, QnrB78, QnrB79, QnrB80, QnrVC7, mfd, EfrAB, efrA, efrB, msbA, 
MexR, MexA, MexB, CpxR, MexEF-OprN, MexE, MexF, OprN, MexT, MexS, PmpM, AcrEF-
TolC, AcrE, AcrF, TolC, AcrS, MdtK, oqxAB, oqxA, oqxB, AcrAB-TolC, AcrA, AcrB, mdtL, 
QepA2, Omp1, LamB, AAC(6')-Ib-cr, MexXY-OprM, mexX, mexY, nalD, nalC, MexXY-OprA, 
OprA 
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Table S12. Phage contig counts. 

Individual All Confident Dubious Contaminant w/ ARG w/ AsARG 

AZY-a* 3401 2049 836 516 5 1 

AZY-b 3039 1713 851 475 4 1 

DOX-a 2443 1360 733 350 4 2 

DOX-b 1647 1123 337 187 3 1 

CFX-a 7017 3433 2373 1211 3 0 

CFX-b 1283 834 234 215 3 0 

CIP-a 2516 1535 641 340 2 0 

CIP-b 9353 4209 3380 1764 13 1 

CTR-a 3620 2157 944 519 1 0 

CTR-b 7257 3657 2295 1305 8 0 
* AZY, azithromycin; DOX, doxycycline; CFX, cefotaxime; CIP, ciprofloxacin; CTR, control. 

 

Table S13. Phage community Shannon indices. 

Individual Antibiotic T1** T2 T3 T4 T5 T6 

AZY-a* Azithromycin 4.46 4.99 5.43 3.45 5.09 4.14 

AZY-b Azithromycin 5.18 4 3.73 5.46 3.38 3.34 

DOX-a Doxycycline 4.44 3.84 3.25 3.18 4.44 4.17 

DOX-b Doxycycline 4.56 4.61 4.32 4.7 4.26 4.76 

CFX-a Cefuroxime 5.18 4.84 4.08 4.63 5.11 4.09 

CFX-b Cefuroxime 4.08 3.69 NA 3.96 3.98 4.18 

CIP-a Ciprofloxacin 4.85 4.94 3.48 3.86 4.98 3.72 

CIP-b Ciprofloxacin 5.04 3.83 4.86 5.71 5.62 5.85 

CTR-a Placebo 5.22 4.48 4.6 4.56 4.72 4.91 

CTR-b Placebo 5.71 5.83 4.96 4.65 5.38 3.24 
* AZY, azithromycin; DOX, doxycycline; CFX, cefotaxime; CIP, ciprofloxacin; CTR, control.  
** AsARG, antibiotic-specific Antibiotic resistance gene; TE, transposable element. 
 

Table S14. Phage contigs with antibiotic resistance genes (ARGs). 

Individual Contig ARG AsARG** # of 
Metagenomic 
Contig 

Host Species 

AZY-a* contig-180_42 adeF FALSE 0  

AZY-a contig-180_101 tet37 FALSE 0  

AZY-b contig-180_788 ErmG TRUE 3  

AZY-b contig-180_1747 tetQ FALSE 2  
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AZY-b contig-180_1772 CfxA6 FALSE 1 Prevotella copri 

AZY-b contig-180_426 tet37 FALSE 0  

DOX-a contig-180_1841 CfxA6 FALSE 1 Eubacterium hallii 

DOX-a contig-180_285 tetQ TRUE 10 Bacteroides caccae, 
Bacteroides fragilis 

DOX-a contig-180_1736 tetW TRUE 3  

DOX-a contig-180_779 tet(W/N/W) FALSE 10  

DOX-b contig-180_180 tet(W/N/W) FALSE 16 Bacteroides fragilis, 
Parabacteroides 
distasonis 

DOX-b contig-180_1300 tetQ TRUE 4  

DOX-b contig-180_539 tet(W/N/W) FALSE 3  

CFX-a contig-180_1047 tet(W/N/W) FALSE 3  

CFX-a contig-180_4096 CfxA6 FALSE 1  

CFX-a contig-180_2172 tet37 FALSE 0  

CFX-b contig-180_75 tetQ FALSE 11 Bacteroides fragilis, 
Blautia obeum, 
Bacteroides dorei 

CIP-a contig-180_1537 tetQ FALSE 6  

CIP-a contig-180_824 ErmG FALSE 5 Bacteroides fragilis 

CIP-b contig-180_681 adeF FALSE 1  

CIP-b contig-180_953 tet(W/N/W) FALSE 22  

CIP-b contig-180_4436 CblA-1 FALSE 1 Bacteroides uniformis 

CIP-b contig-180_2676 cepA FALSE 0  

CIP-b contig-180_3714 CblA-1 FALSE 3  

CIP-b contig-180_6881 tetQ FALSE 2 Bacteroides fragilis 

CIP-b contig-180_2744 ErmG FALSE 1 Clostridium 
clostridioforme 

CIP-b contig-180_24 tet37 FALSE 0  

CIP-b contig-180_9133 arnA FALSE 0  

CTR-a contig-180_1072 APH(3')-IIa FALSE 0  

CTR-b contig-180_425 CfxA5 FALSE 4 Bacteroides ovatus, 
Dialister invisus, 
Bacteroides fragilis 

CTR-b contig-180_528 tet(W/N/W) FALSE 44 Lachnospiraceae 
bacterium 

CTR-b contig-180_350 tetQ FALSE 28 Clostridium bolteae, 
Capnocytophaga sp. oral, 
Bacteroides fragilis 

CTR-b contig-180_127 adeF FALSE 0  
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CTR-b contig-180_1294 ErmG FALSE 6  

CTR-b contig-180_6390 tetO FALSE 0  

CTR-b contig-180_12 tet37 FALSE 1 Bacteroides 
xylanisolvens 

* AZY, azithromycin; DOX, doxycycline; CFX, cefotaxime; CIP, ciprofloxacin; CTR, control.  
** AsARG, antibiotic-specific Antibiotic resistance gene; TE, transposable element. 
 

Table S15. Antibiotic resistance gene (ARG) mobility assignments. 

Individua
l 

Non-
As 
ARG
:Non
-
Mob
ile** 

Non-As 
ARG:M
obile 

Non-
As 
ARG
:Pha
ge 

Non-As 
ARG:Pl
asmid 

Non-
As 
ARG
:TE*
* 

AsARG:
Non-
Mobile 

AsARG:
Mobile 

AsARG:
Phage 

AsARG:Pl
asmid 

AsAR
G:TE 

AZY-a* 449 71 2 51 20 4 1 0 1 0 

AZY-b 218 38 9 19 17 4 4 3 0 1 

DOX-a 185 42 3 30 14 16 20 16 4 0 

DOX-b 251 35 0 23 16 33 17 9 8 1 

CFX-a 275 48 7 34 7 7 0 0 0 0 

CFX-b 286 61 9 43 13 6 3 0 2 1 

CIP-a 316 48 5 34 14 1 0 0 0 0 

CIP-b 245 74 22 29 30 11 3 0 1 2 
* AZY, azithromycin; DOX, doxycycline; CFX, cefotaxime; CIP, ciprofloxacin; CTR, control.  
** AsARG, antibiotic-specific Antibiotic resistance gene; TE, transposable element. 
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SUMMARY

CRISPR-Cas systems in bacteria and archaea
provide immunity against bacteriophages and plas-
mids. To overcome CRISPR immunity, phages
have acquired anti-CRISPR genes that reduce
CRISPR-Cas activity. Using a synthetic genetic cir-
cuit, we developed a high-throughput approach to
discover anti-CRISPR genes from metagenomic
libraries based on their functional activity rather
than sequence homology or genetic context. We
identified 11 DNA fragments from soil, animal, and
human metagenomes that circumvent Strepto-
coccus pyogenes Cas9 activity in our selection
strain. Further in vivo and in vitro characterization
of a subset of these hits validated the activity of
four anti-CRISPRs. Notably, homologs of some of
these anti-CRISPRs were detected in seven different
phyla, namely Firmicutes, Proteobacteria, Bacteroi-
detes, Actinobacteria, Cyanobacteria, Spirochaetes,
and Balneolaeota, and have high sequence identity
suggesting recent horizontal gene transfer. Thus,
anti-CRISPRs against type II-A CRISPR-Cas sys-
tems are widely distributed across bacterial phyla,
suggesting a more complex ecological role than
previously appreciated.

INTRODUCTION

Bacteria in microbial communities are constantly exposed to
several threats, from biochemical warfare among microbes to
bacteriophage predation. Phages are often more abundant
than bacteria (Suttle, 2007), playing a major role in bacterial
population dynamics (Levin and Udekwu, 2010). In some envi-
ronments, phages kill approximately 20% of the bacterial
biomass per day (Suttle, 2007), leading to an evolutionary
arms race between bacteria and phages. This ongoing arms
race between bacteria and phages has resulted in the evolution
of diverse mechanisms to avoid or promote infection (Stern and
Sorek, 2011; Samson et al., 2013; Doron et al., 2018). Bacteria
have evolved multiple mechanisms to avoid phage infection,
including CRISPR-Cas systems that are adaptive immune

mechanisms acting against foreign DNA or RNA elements in
a sequence-specific manner (Makarova et al., 2015; Koonin
et al., 2017). CRISPR-Cas systems are diverse, generally being
divided in two classes that are further subdivided into six types
and several subtypes based on the structure and organization
of their effector module (Makarova et al., 2015; Koonin
et al., 2017).
To overcome CRISPR-Cas systems, phages may mutate or

delete their CRISPR target sites. In addition, phages have ac-
quired inhibitory proteins termed anti-CRISPRs (ACRs) that
interfere with CRISPR-Cas activity. ACRs were first identified
for types I–F and I–E CRISPR-Cas systems (Bondy-Denomy
et al., 2013; Pawluk et al., 2014). These ACRs are widespread
across the phylum Proteobacteria, and they are present in
the genome of multiple prophages, pathogenicity islands, and
other mobile elements, suggesting that ACR genes are prone
to horizontal gene transfer (HGT) (Bondy-Denomy et al., 2013;
Pawluk et al., 2014, 2018). Subsequent computational mining
identified ACR genes against type II-C Cas9 from Neisseria
meningitidis (Pawluk et al., 2016) and type II-A Cas9 from
Streptococcus pyogenes (SpCas9) (Rauch et al., 2017).
Type II systems are of particular interest because nucleases
such as SpCas9 have been exploited for precise and program-
mable gene editing with substantial impact on life sciences
(Doudna and Charpentier, 2014). More recently two ACRs
against SpCas9 were identified by cloning and testing multiple
genes from mostly virulent phages that were able to escape
CRISPR-based immunity from Streptococcus thermophillus,
highlighting the importance of functional screening strategies
for the identification of ACR genes (Hynes et al., 2017; Hynes
et al., 2018). Given the abundance of CRISPR-Cas systems in
bacteria (Burstein et al., 2016), as well as the abundance of un-
characterized phages (Simmonds et al., 2017) and other mobile
elements, it is likely that we currently have elucidated only a
minute proportion of ACR strategies in the environment. How-
ever, computational discovery guided by genomic context
or homology is limited by the availability of reference ACR
families.
To address this problem, we designed an Escherichia coli

strain that harbors a genetic circuit for selection of genetically
encoded ACR activity (Figures 1A and 1B). Using the synthetic
genetic circuit, we developed a high-throughput approach to
discover ACR genes from metagenomic libraries based on their
functional activity rather than sequence homology or genetic
context.
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RESULTS

Anti-CRISPR Genes Identified Using a Functional
Selection System
To identify ACRs frommetagenomic libraries, we designed a ge-
netic circuit that coupled ACR expression to survival under anti-
biotic selection. The genetic circuit was constructed by cloning
SpCas9 with a cognate gRNA targeting a plasmid-borne chlor-
amphenicol resistance gene. In the absence of ACR activity,
this circuit yields a chloramphenicol-sensitive strain. However,
introduction of a DNA fragment encoding and expressing a
gene product that prevents SpCas9-mediated loss of chloram-
phenicol resistance would render the host strain resistant to
chloramphenicol. In this way, metagenomic libraries can be
rapidly selected for putative ACR genes (Figure 1A).

We first tested the genetic circuit using a previously discov-
ered ACR, AcrIIA2 (Rauch et al., 2017), as a positive control
and green fluorescent protein (GFP) as a negative control.
Consistent with our expectation, bacterial cells equipped with
the genetic circuit expressing AcrIIA2 were resistant toward
30 mg/mL!1 of chloramphenicol, whereas cells expressing GFP
were susceptible to the 30 mg/mL!1 of chloramphenicol (Figures
1B and S1). When plating out cells harboring the genetic circuit

and expressing GFP in high numbers, we observed escapers
that evaded our selection system at a frequency of "10!4 col-
ony-forming unit (CFU) mL!1 consistent with previous studies
of CRISPR-Cas-based selection systems (Citorik et al., 2014;
Caliando and Voigt, 2015; Cui and Bikard, 2016; Lauritsen
et al., 2017).
To identify ACRs, we transformed nine different metagenomic

libraries (Table S1) derived from soil, pig gut, cow gut, and hu-
man gut into our selection strain. We then selected the libraries
in inhibitory concentrations of chloramphenicol (30 mg/mL!1)
and collected the clones that appeared on the selective plates.
Metagenomic inserts were extracted from pooled clones on se-
lection plates, barcoded per library, and sequenced using nano-
pore technology to obtain full inserts (van der Helm et al., 2017).
The resulting contigs were annotated with BLASTx and manu-
ally curated because metagenomic selections can yield hits
that are not directly relevant to the mechanism of investigation.
For example, the current selection platform also resulted in
genes encoding functionalities related to theophylline and arab-
inose degradation and export (Figure S1; Data S1). Therefore,
we selected the top 5 inserts with the highest amount of map-
ped nanopore reads, most of which were annotated as hypo-
thetical proteins. Additionally, we selected 34 inserts that had

Figure 1. Anti-CRISPR Functional Selection System
(A) Workflow for identification of ACR proteins from metagenomic libraries.

(B) Schematic overview of the selection system; Cas9 and gRNA expression are induced by adding 2 mM theophylline and 1% arabinose, respectively.

(C) In vivo validation of metagenomic inserts containing ACR candidates retransformed into a fresh selection strain. Average and standard deviation of colony-

forming units per milliliter (CFUsmL!1) were calculated from biological triplicates. (*) Inserts that contain an open reading frame with putative ACR activity in vitro.

234 Cell Host & Microbe 25, 233–241, February 13, 2019



Chapter 5 134 

bacteriophage-related or putative mobile element annotations
(Table S1) because it is expected that ACRs could be in the
neighboring regions of such elements. The 39 inserts were re-
cloned and transformed into the selection strain to individually
re-test their ACR activity and discard the possibility of them be-
ing escapers or false positives. 11 of the 39 inserts showed
ACR activity above background in our in vivo selection assay
(Figure 1C).

Putative ACR Genes Inhibit Cas9 In Vitro
From the 11 inserts that retained ACR activity, we expressed 16
individual open reading frames (ORFs) in E. coli and purified the
resulting proteins in order to directly test their effect on SpCas9
activity. We successfully expressed and purified 9 of the 16
cloned ORFs. Using an in vitro DNA cleavage assay (Figure 2)
(Pawluk et al., 2016; Dong et al., 2017), we tested whether the in-
dividual proteins encoded by the ORFs could inhibit cleavage of
target DNA by the SpCas9:gRNA complex. The four proteins
AC19-2, AC23-2, AC27-1, and AC42-1 showed clear ACR activ-
ity. The putative ACR proteins preserved the DNA template
intact, demonstrating that the activity of the proteins inhibit
specifically SpCas9-mediated DNA cleavage (Figure 2A). The
remaining expressed proteins were not able to inhibit SpCas9
activity in vitro using this assay. This could be due to difficulties
in functionally expressing the proteins in our expression system,
limitations of our assay, or that these proteins are derived from
false positives of our selection system.
To further characterize proteins AC19-2, AC23-2, AC27-1, and

AC42-1 that inhibit SpCas9 activity in our in vitro DNA cleavage
assay, we examined their direct binding to SpCas9 using bio-
layer interferometry. AC19-2, AC27-1, and AC42-1 showed
binding affinity to Cas9:gRNA complex when Mg2+ was added
to the running buffer (Figure 2B) (Anders et al., 2015). The
observed Kd for AC19-2, AC27-1, and AC42-1 was 47, 12, and
820 nM, respectively. We did not detect binding between

Figure 2. ACR Candidates’ Activity and
Binding against Cas9 In Vitro
(A) In vitro cleavage assay using linear double-

stranded DNA template with the same 20 base

pairs target sequence used in the in vivo assay.

Presence of uncleaved DNA template indicates

inhibition of SpCas9 activity mediated by an ACR.

(B) Binding strength of ACRs to biotinylated

SpCas9 showed as Kd determined using biolayer

interferometry.

AC23-2 and SpCas9 using biolayer inter-
ferometry. Taken together, the results
from our combined in vivo and in vitro as-
says show that these 4 proteins display
anti-SpCas9 activity, and accordingly we
renamed them: AcrIIA7 (AC23-2), AcrIIA8
(AC27-1), AcrIIA9 (AC42-1), and AcrIIA10
(AC19-2) (Figure 2B). The nucleotide and
amino acid (aa) sequences of the 4 pro-
teins can be found in Table S2. AcrIIA7
(103 aa), AcrIIA8 (105 aa), and AcrIIA9
(141 aa) are derived from human gutmeta-

genomic libraries, whereas AcrIIA10 (109 aa) originates from a
soil metagenomic library.

AcrIIA7–10 Distribution across Genomic and
Metagenomic Datasets
To determine the potential origin of the identified AcrIIAs and
investigate how widespread these protein families are in nature,
we examined their genetic context and diversity in comparison
to previously known AcrIIAs (Rauch et al., 2017; Hynes et al.,
2017) (Figure 3A). We assessed the distribution of all AcrIIA ho-
mologs across metagenomic datasets. Specifically, we interro-
gated publicly available viromes hosted by MetaVir (Roux et al.,
2011) and whole metagenome datasets available at NCBI (Fig-
ure 3B). Of the 485 MetaVir virome datasets examined, more
than 600 hits to these AcrIIAs were identified (Table S2). Across
both databases, using Position-Specific Iterative Basic Local
Alignment Search Tool (PSI-BLAST) with an e-value cutoff of
10!5, only AcrIIA7 and AcrIIA9 homologs were detected in
datasets derived from the human gastrointestinal (GI) tract,
consistent with the isolation source of these ACRs. AcrIIA7
stood out for its dominant presence across diverse environ-
ments, ranging from freshwater and deep-sea sediments to
hypersaline and insect samples (Figure 3B). As for the previ-
ously known ACRs, only AcrIIA5 and AcrIIA6 discovered in
S. thermophilus bacteriophages (Hynes et al., 2017, 2018)
had homologs in human metagenomic datasets (Table S2).
The analysis of the distribution of AcrIIAs across different meta-
genomic datasets suggests that some of the AcrIIA families
discovered in this study are much more abundant and diversely
distributed across multiple environments compared to previ-
ously characterized AcrIIAs.
Computational analysis of the distribution of the distinct AcrIIA

gene families in reference genomes revealed a varying host
range and, in some cases, overlap in taxonomic identity (Table
S2). The diverse phylogenetic distribution of homologs of the
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four AcrIIAs identified here substantially differs from the previ-
ously known AcrIIAs, which are all confined to Firmicutes ge-
nomes (Figure 3A). There were no homologs from the previously
known ACRs or those identified here in the archaea domain (Fig-

ure 3A) as type II CRISPR-Cas systems have been exclusively
found in bacteria (Shmakov et al., 2017). Furthermore, previously
known AcrIIA1-6 only had homologs in a limited number of spe-
cies in the retrieved reference genomes (Table S2). In the same

Figure 3. Distribution of AcrIIAs across Genomic and Metagenomic Datasets
(A) Hosts of all AcrIIAs known to date mapped to the tree of life (Hug et al., 2016). Gray shading refers to the domains of life (Bacteria, Archaea, and Eukaryotes).

Colored tree branches correspond to all distinct bacterial phyla (NCBI Taxonomy) carrying AcrIIAs. The phylum Balneolaeota is marked in italics as it was recently

separated from the Bacteroidetes phylum (Hug et al., 2016). Labels in bold above phyla names denote the AcrIIA’s phylogeneticmembership. Red-colored labels

denote AcrIIAs identified by the current work; black-colored labels are previously known AcrIIAs.

(B) Quantification of AcrIIA homologs in publicly available viromes (MetaVir). The horizontal axis corresponds to the number of raw reads with homology to an

AcrIIA and the vertical axis to the distinct virome datasets stacked by habitat and grouped by AcrIIA. Bars are assigned colors according to the type of habitat the

datasets represent. For details on the origin of samples, accompanying publications, and MetaVir ID, see Table S2.
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manner, a scarcity of homologs in reference genomes was
observed for AcrIIA8 and AcrIIA10.
For AcrIIA8, we identified 52 homologs in 68 reference ge-

nomes (Table S2) of 38 unique species of Firmicutes, comprising
about 1% of the 3,257 Firmicutes species (NCBI Genome List).
One AcrIIA8 homolog was identified in a Listeria monocytogenes
genome, which also harbors homologs of AcrIIA1, AcrIIA2, and
AcrIIA4 (Rauch et al., 2017) (Table S2). AcrIIA8 homologs were
absent in MetaVir datasets (Figure 3B); the flanking genes of
AcrIIA8 homologs across diverse Firmicutes families are in
conserved synteny containing genes for viral particle assembly
(Figure S2), strongly suggesting a viral (prophage) origin for this
protein. Localization near phage structural genes has been
observed before for other ACRs (Bondy-Denomy et al., 2013;
Rauch et al., 2017). Furthermore, conserved domains between
ACRs and viral structural proteins suggest that in some cases,
structural genes could be a potential evolutionary source for
ACR genes (Stone et al., 2018). Interestingly, homology search
of AcrIIA8 using PSI-BLAST and HHpred (Söding et al., 2005) in-
dicates a phage head-tail adaptor function for this gene, which
would suggest a common ancestry for these genes. The closest
annotated homolog of AcrIIA8 is phage head-tail adapter protein
from Clostridium botulinum (using blastp against the NCBI nr
database). Although it is a statistically significant result (e-value:
4e!12), the aa sequence identity is 42%. Interestingly, the pre-
viously discovered AcrIIA6 has 86%aa identity to elongation fac-
tor G in S. thermophilus (Hynes et al., 2018). This suggests that
some ACRs might have evolved from a protein family with a
different initial function.
The soil-derived AcrIIA10 only had one close homolog (94%

identity at nucleotide level), which was found in the genome
of the soil isolate Sinorhizobium sp. GL28 (Proteobacteria)
(Table S2).
Homologs to AcrIIA7 and AcrIIA9 were observed in substan-

tially more reference genomes than the other ACRs. AcrIIA7
belonged to the most widespread protein family, with more
than 1,000 homologs identified in more than 14,000 genomes
of about 622 unique species across bacteria and bacterio-
phages (Table S2). Homologs of AcrIIA7 belong to the func-
tionally uncharacterized DUF2829 superfamily, and distant
homologs were distributed across 6 distinct phyla (Firmicutes,
Proteobacteria, Bacteroidetes, Actinobacteria, Cyanobacte-
ria, and Spirochaetes). The majority of homologs are found
in Firmicutes, predominantly in S. pneumoniae strains (56%
of all strains). The second most represented phylum is
Proteobacteria, including Alpha-, Beta-, Gamma-, Delta-,
and Epsilon-proteobacteria. Notably, AcrIIA7 was the only
ACR with homologs in viral reference genomes, including all
three tailed bacteriophage families (i.e., Siphoviridae, Myovir-
idae, and Podoviridae), further reflecting its ubiquitousness.
On the protein tree with both metagenomic (MetaVir) and
genomic homologs (Figure 4), AcrIIA7 clusters together with
Bacteroidetes representatives, most likely B. dorei being its
original host (NCBI EL88_22925), while its closest homolog
is derived from a human gut virome sample. Evidence of
transfer between different mobile genetic elements was
observed in a homolog (WP_024086069) on a Bacillus thurin-
giensis prophage located on a plasmid. The diversity of the
AcrIIA7 tree, mostly characterized by mixed-phylum clades,

strongly supports the hypothesis that AcrIIA7 homologs
have undergone several interphylum HGT events (Figure 4).
AcrIIA9 had over 600 homologs distributed across over 300

unique species (Table S2), mostly belonging to the phylum Bac-
teroidetes, distributed across two different families, and span-
ning several Bacteroides species and three Parabacteroides
species with 100% sequence identity. Homologs of AcrIIA9
were also identified in genomes from the recently defined
phylum Balneolaeota (Hahnke et al., 2016), as well as the phyla
Firmicutes, Proteobacteria, and Actinobacteria (Figure S3).
Most homologs of AcrIIA9 are annotated as members of the
functionally uncharacterized PcfK superfamily that is found in
bacteria and viruses according to PFAM. The flanking regions
of these homologs often lacked annotation as is often the case
with viral genomes (Roux et al., 2015; Krishnamurthy and
Wang, 2017), making it difficult to determine if this ACR is located
in a mobile element. However, we identified AcrIIA9 homologs in
several viral metagenomic datasets (Figure 3B), indicating
that AcrIIA9 homologs are likely viral-derived genes. Further-
more, out of 539 bacterial contigs carrying ACRIIA9 homologs,
174 were predicted as complete or partial phage sequence
by VIRSorter—a tool that mines viral signal in bacterial genomes
(Roux et al., 2015).

Abundance of Type II CRISPR-Cas Systems in Genomes
Harboring AcrIIA7–10
Finally, since the ACRs were selected using the type II-A
SpCas9 effector, we investigated the co-occurrence of
AcrIIA7–10-carrying genomes with this CRISPR-Cas system.
Accordingly, CRISPR-Cas systems’ signature Cas genes
(Makarova et al., 2015) were mined from the strains carrying
each ACR homolog, and the frequencies of each CRISPR-
Cas system were thus estimated (Table S3). Overall, we did
not observe any correlation between the ACRs and their corre-
sponding type II CRISPR-Cas system (Figure S4A). Notably,
when examining the presence of different Cas types individu-
ally in AcrIIA-homolog-carrying reference genomes, there
were multiple cases where Cas-II signature genes were
completely absent (Figure S4B). An explanation for this could
be that CRISPR-Cas systems are often themselves mobile
(Makarova et al., 2015), and their presence in certain bacterial
lineages may vary significantly depending on the selective
pressure (Palmer, and Gilmore, 2010; Bikard et al., 2012).

DISCUSSION

Previous approaches for ACR protein discovery have relied
mostly on cultivable hosts and phage genomes. However,
genome databases are biased toward human pathogens and
do not reflect the true species’ diversity in nature, with some en-
vironments, such as soil, being underrepresented. Without
relying on cultivated strains and specific sequence signatures,
we identified four previously uncharacterized families of ACR
proteins from functional metagenomic selections of DNA
libraries derived from various environments. These ACRs inhibit
the activity of SpCas9 in vivo (Figure 1C) and in vitro (Figure 2A)
and share no homology with previously discovered ACRs and
thus, substantially expand the known repertoire of ACRs against
type II-A CRISPR-Cas system.
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Except for the size of ACRs (<190 aa), there are no common
features conserved among these protein families. ACRs have
been found in most families of phages, conjugative elements,
and pathogenicity islands (Pawluk et al., 2018). Likewise, we
observed that multiple ACRs were present in the genome of
some organisms with high variability in their location and ar-
rangements of their neighboring regions, which could be the
result of multiple HGT events (Figure 4).

In particular, AcrIIA7 appears to be more abundant in nature
compared to other AcrIIAs, with homologs in seven phyla (Fig-
ure 3), five of which were previously not known to harbor AcrIIA
homologs. Using our current setup, we identified only one repre-
sentative of this protein family, which might be attributed to the
intrinsic limitations of functional metagenomic screening (Gabor
et al., 2004) and methodologies employed for sequencing and
analysis (van der Helm et al., 2018). A detailed examination of
this ACR family might help in understanding their distribution
and abundance in multiple phyla and environments. Interest-

ingly, AcrIIA7 was characteristic in our experiments for having
no detectable binding to SpCas9 using biolayer interferometry
(Figure 2B), even though AcrIIA7 was able to abolish SpCas9 ac-
tivity in our in vivo and in vitro cleavage assays (Figures 1C and
2A). This observation suggests that the origin andmode of action
of this ACR might be completely different from the previously
characterized AcrIIA proteins; for instance, AcrIIA7 could be
enzymatic in nature, or it may interfere with the formation of
the gRNA:Cas9 complex, which would be consistent with our
inability to demonstrate protein-protein interaction using bio-
layer interferometry (Figure 2B).
Little is known about the origin of ACRs or how they are related

to other proteins; however, the evidence of conserved domains
between viral structural proteins and ACRs suggests a possible
mechanism for evolution of CRISPR-Cas inhibitors (Stone et al.,
2018). The structural similarity of AcrIIA8 to head-tail adaptor
proteins, in addition to the strong affinity to SpCas9 (Figure 2B)
and its activity in vivo and in vitro (Figures 1C and 2A), suggest

Figure 4. Phylogenetic Diversity of AcrIIA7
(A) The phylogenetic diversity of AcrIIA7 homologs represented by a protein tree, including proteins originating from both reference genomes and viral meta-

genomic (MetaVir) datasets. Clades of reference proteins are assigned colors according to phylum membership. Asterisk marks the placement of the original

AcrIIA7 sequence on the tree, clustered within a Bacteroides clade.

(B) Zoomed-in region of a mixed-phylum clade with homologs of E. aquamarinus and S. alboniger sharing high amino acid identity. Numbers denote branch

length.

(C) Corresponding genomic regions of the AcrIIA7 homolog in E. aquamarinus and S. alboniger strains reveal it is surrounded by phage hallmark genes. The

sequence conservation of AcrIIA7 (90% and 99% identity at nucleotide and protein level, respectively) is not observed in the flanking regions. Orange, AcrIIA7

homolog; black, phage particle structural genes; gray, non-phage gene; white, hypothetical protein. The tree was based on multiple sequence alignment of

AcrIIA7 homologs by Clustal Omega and constructed using Neighbor-Joining algorithm and visualized with iTOL.
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a common evolutionary history for this ACR and viral structural
proteins. The function of the evolutionary-related protein homo-
logs remains to be experimentally tested, and they might have
a stronger interaction with SpCas9 or a different function (i.e.,
phage head-tail adaptor). Subsequent experimental work is
required to show if this Cas9 inhibitory effect is a property of
several homologs of each ACR family when expressed heterolo-
gously and in the endogenous context of the host.
ACRs are likely to play a major role in the evolution, diversity,

and distribution of CRISPR-Cas systems across different phyla.
The cost to the cell associated with an active CRISPR-Cas sys-
tem is still not clear. CRISPR-Cas immunity provides a clear
advantage to bacteria against phage infection (Levin and
Udekwu, 2010; Westra et al., 2014; van Houte et al., 2016); how-
ever, some potential disadvantages are associated with the
toxicity of the nucleases expressed by these systems—potential
self-targeting or limited transfer of novel genetic material (Palmer
and Gilmore, 2010; Bikard et al., 2012; Vercoe et al., 2013; Cui
and Bikard, 2016). In addition, it has been observed that some
lineages of bacteria seem to completely lack CRISPR-Cas sys-
tems (Burstein et al., 2016), suggesting that the advantage of
having these systems may be defined by additional factors. In
that manner, the presence and diversity observed in CRISPR-
Cas systems could be partially explained by the presence of
equally diverse ACR strategies.
The approach presented in this manuscript explores the diver-

sity of putative ACR genes that inhibit the activity of Cas9. These
ACRs are located in chromosomal and extrachromosomal mo-
bile elements disseminated across seven phyla. Our findings
indicate that some ACRs are more widespread and abundant
across bacterial phylogeny than previously believed, highlighting
that we have only scratched the surface in terms of biological di-
versity of CRISPR-ACR interactions and suggesting that ACR
biological functions may be more complex. Identification of
more ACRs against diverse CRISPR-Cas systems and further
characterization of their mechanisms in their endogenous
context are needed to understand their evolutionary origin and
their impact in bacterial population dynamics and transfer of ge-
netic material.
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STAR+METHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Bacterial and Virus Strains

One ShotTOP10 Electrocomp E. Coli Invitrogen Cat#C404052

BL21-AI One Shot Chemically Competent E. coli Invitrogen Cat#C607003

TOP10 (pCasens3+pDual3) This paper bRU001

TOP10 (pDual3, pCasens3, pZE21-AcrIIA2) This paper bRU002

TOP10 (pDual3, pCasens3, pZE21-GFP) This paper bRU003

Chemicals, Peptides, and Recombinant Proteins

Cas9 Nuclease, S. pyogenes NEB Cat#M0386M

Proteinase K from Tritirachium album Sigma-Aldrich Cat#P6556

AcTEV Protease Thermo Scientific Cat#12575015

USER Enzyme NEB Cat#M5505L

AcTEV protease Thermo Scientific Cat#12575015

Phusion high fidelity PCR Master Mix Thermo Scientific Cat#F531S

Critical Commercial Assays

TranscriptAid T7 High Yield Transcription Kit Thermo Scientific Cat#K0441

EZ-Link Sulfo-NHS-LC-Biotinylation Kit Thermo Scientific Cat#21435

Nanopore Genomic Sequencing Kit SQK-LSK108 Oxford Nanopore, UK SQK-LSK108

NEBNext Ultra II End Repair/dA Tailing NEB, USA E7546S

Blunt/TA Ligase Master Mix NEB, USA M0367S

HisTRAP GE Healthcare, USA GE17-5247-01

MBPTrap HP column GE Healthcare, USA 28-9187-79

HiTrap Q Fast Flow GE Healthcare, USA GE17-5156-01

Deposited Data

Nucleotide sequences of ACR coding sequences This paper ENA: PRJEB29470

Nucleotide sequences of the 39 functionally selected inserts This paper Biostudies: S-BSST226

Oligonucleotides

Primers to amplify contig from metagenomic libraries, cloning the

plasmids pCasens3, pDual3 and the contigs from the libraries into

the expression vector pZE21 see Table S1

This paper N/A

Recombinant DNA

pZE21 plasmid Lutz and Bujard, 1997 pZE21

pZE21-AcrIIA2 This paper N/A

pZE21-GFP This paper N/A

pMJ806 Addgene Cat#39312

pNIC28-Bsa4 Addgene Cat#26103

Metagenomic libraries from human feces van der Helm et al., 2017 120A, 120B, 120C, 120D and 120E

Metagenomic libraries from pig feces, cow feces and soil. Genee et al., 2016 GranjaPig, GranjaCow and

GranjaWorker

Metagenomic libraries from soil Sommer et al., 2009 AB95D01

pCasens3 This paper N/A

pDual3 This paper N/A

(Continued on next page)
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CONTACT FOR REAGENT AND RESOURCE SHARING

Further information and requests for resources and reagents should be directed to and will be fulfilled by the Lead Contact, Morten
O.A. Sommer (msom@bio.dtu.dk).

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Bacterial Strains and Growth Conditions
Cloning and functional screening of the metagenomic libraries was carried out using E.coli TOP10. For expression and purification of
recombinant ACR proteins the strain E.coli BL21(AI) was used (Key Resources Table). Both strains were routinely growth and main-
tained at 37!C in 2xYT broth at 250 RPM.

METHOD DETAILS

Cloning of Selection System
Construction of pCasens3 plasmid containing SpCas9 was performed in a single step using USER cloning (Genee et al., 2015).
The fragment containing SpCas9 was amplified from DS-SPcas addgene ID48645 (Esvelt et al., 2013) and clone into the backbone
of pSEVA47 that contains the low copy number origin of replication pSC101 and the antibiotic resistance gene aadA that confers

Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

Software and Algorithms

Poretools v0.6 Loman and Quinlan, 2014 https://github.com/arq5x/

poretools/releases/tag/v0.6.0

poreFUME v1.1 van der Helm et al., 2017 https://github.com/EvdH0/

poreFUME/releases/tag/v1.1

Canu v1.5 Koren et al., 2017 https://github.com/marbl/canu

cd-hit V4.6 Li and Godzik, 2006 https://github.com/weizhongli/

cdhit/releases/tag/V4.6.8

MAFFT v7.310 Yamada et al., 2016 https://mafft.cbrc.jp/

alignment/software/

ETE3 Huerta-Cepas et al., 2016,

Mol. Bio. Evol.

http://etetoolkit.org/download/

Nanopolish (commit 04fd9aecbb4ab266350476b957f4abb

8ed994d8d)

Loman et al., 2015 https://github.com/jts/nanopolish

Albacore Albacore basecaller

from Oxford Nanopore

https://github.com/dvera/albacore

MetaGeneMark v. 3.26 Zhu et al., 2010 http://exon.gatech.edu/GeneMark/

license_download.cgi

PSI-BLAST v. 2.6.0+ Altschul et al., 1997 ftp://ftp.ncbi.nlm.nih.gov/blast

/executables/blast+/LATEST/

ClustalOmega v. 1.2.2 Sievers et al., 2011 http://www.clustal.org/omega/

#Download

iTOL v4.0.2 Letunic and Bork, 2016 https://itol.embl.de

MultiGeneBlast v1.1.14 Medema et al., 2013 https://sourceforge.net/

projects/multigeneblast/files/

Other

MetaVir virome database Roux et al., 2011 http://metavir-meb.univ-bpclermont.fr

Newick file of phylogenetic tree of life Hug et al., 2016 https://media.nature.com/

original/nature-assets/nmicrobiol/2016/

nmicrobiol201648/extref/

nmicrobiol201648-s6.txt

Cas profiles Makarova et al., 2015 ftp://ftp.ncbi.nih.gov/pub/wolf/_suppl/

CRISPR2015/
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resistance against spectinomycin (Martı́nez-Gar!cı́a et al., 2015). The theophylline riboswitch was placed in front of Cas9 using a long
forward primer from IDT (5’-AAGTCTAGCGAACCGCACTTAATACGACTCACTATAGGTACCGGTGATACCAGCATCGTCTTGATGC
CCTTGGCAGCACCCTGCTAAGGTAACAACAAGATGATGGATAAGAAATACTCAATAGGCTTAGATATCGGCAC-3’). Aditionally, a
sigma70 constitutive promoter was also introduced using a reverse primer in order to introduce a different promoter for Cas9
(5’-ctctagTagctagcactgtacctaggactgagctagccgtcaaGTTAGCTGTGCTCTAGAAGCTAGCAG-3’).

Construction of pDual plasmid containing the arabinose inducible gRNAwas constructed using USER cloning (Genee et al., 2015).
The chimeric gRNA under a pBAD inducible system and terminator were synthesized from IDT (5’-CTATAACCAGACCGTT
CAGCGTTTTAGAGCTAGAAATAGCAAGTTAAAATAAGGCTAGTCCGTTATCAACTTGAAAAAGTGGCACCGAGTCGGTGCTTTTTTT-3’).
The 20bp target of the chloramphenicol gene is marked it underlined in bold letter. The backbone of the plasmid was from pSEVA3610 a
plasmid that contains a chloramphenicol resistance gene (cat), an arabinose inducible expression system and low copy number origin of
replication p15A (Martı́nez-Gar!cı́a et al., 2015).

In Vivo Assay for Screening of ACR Activity
The strain for selection of metagenomic libraries consisted of an E.coli TOP10 strain harbouring the plasmids pCasens3 and pDual3
(Figure S1). An additional plasmid was added as positive control (pZE21-AcrIIA2), negative control pZE21-GFP or metagenomic li-
brary that was previously cloned in the multi-cloning site of pZE21 (Lutz and Bujard, 1997).

An overnight culture of the selection strain harboring pZE21-AcrIIA2, pZE21-GFP or themetagenomic library was prepared in 2xYT
media supplemented with 50 mg/ml spectinomycin, 30 mg/ml chloramphenicol and 50 mg/ml of kanamycin and incubated at 37!C;
250RPM. A 1:100 subculture of the overnight culture was prepared in 2xYT media supplemented with 50 mg/ml spectinomycin,
50 mg/ml of kanamycin with, 2 mM theophylline and 1% arabinose, in order to activate the selection system. The culture was incu-
bated for 8 hrs at 37!C; 250RPM. hen serial dilutions from 10-1 to 10-8 of the culture were prepared in LBmedia and plated on LB-agar
supplemented with 50 mg/ml spectinomycin, 50 mg/ml of kanamycin and 30 mg/ml chloramphenicol.

Amplification of Positive Hits
Clones appearing on 10-2-10-6 dilutions were collected as previously described (van der Helm et al., 2017). Briefly, the clones from
plates were collected by adding 5 ml of H2O, after which the colonies were scraped off the plate with cell scraper. The bacterial cells
were then pelleted by centrifugation and the pellet was resuspended in 10ml of H2O. Twoml of the collected bacterial cells was used
for plasmid extractions with the Plasmid Mini Kit (Invitrogen, USA). Primers were synthesized that amplify the common region on
pZE21-MCS- together with the specific barcodes (van der Helm et al., 2017). One ng of DNA was amplified by PCR using Phusion
Mastermix.

Nanopore Sequence Library Preparation
Nanopore sequencing library was prepared as briefly described below. DNA QC was performed using Qubit dsDNA High Sensitivity
Assay Kit (Thermo Fisher Scientific, USA). Sequencing library preparation was carried out with Nanopore Genomic Sequencing Kit
SQK-LSK108 (Oxford Nanopore, UK) using 1D - R9.4 chemistry. The NEBNext Ultra II End Repair/dA Tailing module (E7546S, NEB,
USA) was used to prepare 1000 ng of the functionally selected DNA. Next, 350 ng (with an average size of 2.5 kb) of End-prepared
DNA was used to fulfill the 0.2 pmol requirement of the ligation protocol. The End-prepared DNA was ligated with 1D adapters
(AMX1D) using Blunt/TA Ligase Master Mix (M0367S, NEB, USA and purified with AMPure XP beads.

Nanopore Sequencing
TheMinIONwas initially primed for 10minuteswith 800 ml priming solution (520 ml nuclease freewater, 480 ml Running Buffer with Fuel
mix) though the priming port and finally with 200 ml priming solution immediately before loading the sequencing library.

For sequencing, 12 ml library was mixed with 2.5 ml nuclease free water, 35 ml Running Buffer with Fuel mix and 25.5 ml Library
Loading Beads (LLB) and immediately loaded to the SpotON sample port of the MinION. MinKNOW software was used to sequence
the library without live basecalling.

Nanopore Data Processing
The sequencing data producedbyMinKNOWwasbasecalled usingAlbacore (read_fast5_basecaller.exe) with the flags ‘–recursive -c
FLO-MIN106_LSK108_linear.cfg‘. Poretools (Loman and Quinlan, 2014) was used to extract 1D FASTQ reads using the ‘poretools
fastq‘ command.

Nanopore Sequence Analysis
The obtained reads were demultiplexed on barcode using the Smith-Waterman algorithm (Smith and Waterman, 1981) of the por-
eFUME package (van der Helm et al., 2017). User defined barcodes are detectedwithin 60 basepairs of the read ends. Barcode align-
ment was scored using +2.7 for match, -4.5 for mismatch, -4.7 gap opening and -1.6 for gap extension. A score threshold of >58 was
used for the combined score of the asymmetric barcodes. Second, the demultiplexed reads were error corrected using the error
correction module of Canu v1.5 (Koren et al., 2017) and subsequently the corrected reads were assembled by Canu with the flags
‘genomeSize=11m correctedErrorRate=0.075 minReadLength=300 minOverlapLength=300 corOutCoverage=10000 -nanopore-
raw contigFilter="2 300 1.0 1.0 2"‘. Both the assembled and unassembled contigs from Canu were first clustered with cd-hit V4.6
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(Li and Godzik, 2006) with the flags ‘cd-hit-est -c 0.8 -n 4 -d 0 -M 4000 -p 1 -r 1 -g 1‘ and subsequently with MAFFT (Yamada et al.,
2016) v 7.310 ‘–reorder –adjustdirectionaccurately –maxiterate 0‘. Next, an average linkage tree was constructed using the UPGMA
(Unweighted Pair GroupMethod with Arithmetic Mean) method. The constructed tree was analyzed using ETE3 [Huerta-Cepas et al.,
2016,Mol bio Evol] and nodeswere collapsedwith a distance shorter than 1.0 propagating the nodewith themostmapped nanopore
reads as representative.
The resulting contigs were annotated with blastx using the NT database at the 29th of April 2017. The annotations were manually

curated and categorized into ‘non-relevant enzyme activity (ie. orotidine 5’-phosphate decarboxylase)’, ’DNA binding/modifying
enzyme (ie. transposon)’, ’RNA binding/modifying enzyme’, ’phage component’, ’transporter/membrane protein (ie. ABC trans-
porter)’, ’no annotation available, ’hypothetical protein’, ’system interference (ie araC)’. 34 inserts representing interesting biology
were selected and combined with the top 5 inserts that had the most nanopore reads mapped but displayed no relevant biological
annotation (ie. hypothetical protein or empty read). The accuracy of the resulting 39 contigs was increased using nanopolish (Loman
et al., 2015) with the flags ‘variants –consensus –min-candidate-frequency 0.1’.

Validation of Insert Activity
Primers for the 39 inserts were designed for USER cloning (Genee et al., 2015). The fragments were amplified from their correspond-
ing metagenomic library and cloned back into the pZE21 vector in order to validate the activity. The fragments were PCR amplified
from the barcoded library using Phusion high fidelity PCR Master Mix. 5 uL of crude PCR mixture was combined with 0.5 uL of line-
arized pZE21with USER overlaps for the inserts and 1 unit of USER enzyme, incubated for 30minutes at 37!C and after 30minutes at
room temperature. Then 6 uL of the assembly reaction was chemically transformed in the selection strain harboring pDual3 and pCa-
sens3. Colony PCRwas used to validate the correct insertion of the 39 fragments. The selection strain harboring each of the 39 inserts
were tested individually for anti-CRISPR activity.

Individual ORF Identification
Identification of putative ORFs from inserts with ACR activity were detected using MetaGeneMark v3.25 (Zhu et al., 2010) with the
flags ‘gmhmmp -m MetaGeneMark_v1.mod -f G‘. In parallel the inserts were re-annotated using blastx using the NT database ac-
cessed at the 17th of May 2017. Based on the combined annotation, potentially biologically active ORFs were manually identified
(ie. >80% of the subject gene present, no missing N-terminus) and USER primers were designed to clone the ORFs into the
pNIC28-Bsa4 plasmid (Savitsky et al., 2010).

Protein Purification
Proteins were expressed in E. coli strain BL21 (AI) grown in the 2xYT medium at 18!C for 16 hours following induction with 1% arab-
inose. Proteins were purified by a combination of affinity, ion exchange, and size exclusion chromatography steps. Briefly, cells were
lysed by three passes through an EmulsiFlex-C5 homogenizer (Avestin, Mannheim, Germany) at 10 000–15 000 psi, any debris and
unbroken cells were removed by centrifuging at 18 000 g at 4!C for 30 minutes. The supernatant was loaded onto nickel-nitrilotri-
acetic acid (Ni2+-NTA) resin columns (HisTRAP, GE Healthcare, Chicago, IL, USA) on an Äkta Pure system connected to an F9-C
fraction collector (GE Healthcare).
Cas9 inhibitors were eluted by increasing the imidazole concentration in a stepwise manner to 25 mM, 50 mM, 75 mM and finally

500 mM. After pooling and concentration, protein samples were buffer exchanged into IEX start buffer. Anion exchange was
performed on a HiTrap Q FF column (GE Healthcare) in 20 mM phosphate buffer pH 7.0 (AC12-1, AC19-2, AC28-1, AC42-1, AcrIIA2
and GFP) or 20 mM TRIS-HCl pH 8.0 (AC23-2 and AC27-1). Cation exchange was performed on a HiTrap SP FF column (GE
Healthcare) in 20 mM phosphate buffer pH 7.0 (AC23-1 and AC27-2). The fractions containing the protein of interest were pooled,
concentrated, flash frozen, and stored at -80!C. Purity analysis was performed using a Coomassie-stained SDS-PAGE gel analysed
by ImageQuant TL software (GE Healthcare).
MBP-Cas9 was expressed from plasmid pMJ806 and was essentially purified as described (Jinek et al., 2012) with some modi-

fications. After performing expression and His-tag affinity purification as described above, MBP-Cas9 was further purified using
an MBPTrap HP column (GE Healthcare). After cleavage with AcTEV protease (ThermoFisher Scientific, Waltham, MA, USA) during
overnight dialysis and negative His-tag affinity purification, the sample was loaded onto a Superdex 200 Increase 10/300 GL column
(GE Healthcare) equilibrated with 50 mM Tris-HCl pH 7.5, 150 mM NaCl. The fractions containing Cas9 were pooled, concentrated
and biotinylated using EZ-Link Sulfo-NHS-LC-Biotinylation Kit (ThermoFisher Scientific). After buffer exchange, samples were flash
frozen and stored at -80!C.

In Vitro DNA Cleavage Assay In Vitro
DNA cleavage assay was carried out as described previously (Pawluk et al., 2016; Dong et al., 2017) with some modifications.
SpyCas9 (New England Biolabs) (100nM), gRNA (in vitro transcribed) (100nM), and purified anti-CRISPR protein weremixed together
in cleavage buffer (20 mMHEPES-KOH (pH 7.5), 75 mMKCl, 10% glycerol, 1 mMDTT, and 10 mMMgCl2) and incubated for 30 min.
Then, PCR amplified DNA target (10nM) was added and themixture was incubated for 10min for cleavage. The reaction was stopped
by adding proteinase K and incubating at 60!C for 15 min. The cleaved and un-cleaved fraction of DNA target were visualized in 1%
agarose gel.
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Biolayer Interferometry for Binding Affinity
Equimolar gRNAwasmixed together with biotinylated Cas9 and incubated at 25!C for 15min to form a biotinylated Cas9:gRNA com-
plex. Streptavidin biosensors (Pall FortéBio) were pre-equilibrated in PBS buffer for 600s, loaded with a biotinylated Cas9:gRNA
complex at optimal concentrations and times, and brought to baseline in kinetics buffer (1X PBS, 0.02% Tween-20, 0.1% BSA,
75mM KCl, 10mM MgCl) for 300s. Association with anti-CRISPR proteins was measured in the same kinetics buffer for 600s, and
then dissociation wasmeasured in the kinetics buffer without anti-CRISPR proteins for 1000s. All biolayer interferometry experiments
were performed on Octet RED96 system (Pall FortéBio) in 96-well microplates at 30!C with 200 ml volume. Binding kinetics were
calculated using the FortéBio Data Analysis v7.1 software by fitting the association and dissociation data to a 1:1 model.

AcrII7-10 Homologue Retrieval
MetaVir-harboured Data Sets
485 viromes for which metadata were available were downloaded from MetaVir (Table S2). ORFs were predicted de novo using
MetaGeneMark (v. 3.26) and a database of 81,706,359 predicted ORfFs was constructed. PSI-BLAST (v. 2.6.0+) with 4 iterations
was used to search for all AcrIIA1-10 homologues with an e-value cut off of 10-5.
NCBI-harboured Data Sets
Web-based PSI-BLAST was run for each ACR until convergence (e-value <10-5) against the reference proteins (refseq_protein) and
metagenomic protein databases (env_nr) of NCBI. Genomes carrying the respective protein hits were retrieved from the NCBI
RefSeq database (last updated 24 Jan. 2017).

Phylogenetic Trees
In order to construct the protein trees of AcrIIA7 and AcrIIA9, respective homologues were retrieved from predicted proteins of refer-
ence genomes andmetagenomic data sets (MetaVir). Multiple Sequence Alignment was performed with ClustalOmega (v. 1.2.2) and
phylogenetic trees were constructed using the Neighbour-Joining algorithm (no distance corrections). Trees were visualized and
graphically customized in iTOL (v4.0.2). For the tree of life (Figure 3A), iTOL was used to visualize the raw newick file provided by
the work of Hug et al. on ribosomal protein alignment and phylogenetic tree construction (Hug et al., 2016).

AcrIIA8 Genomic Context Analysis
MultiGeneBlast (v1.1.14) (Medema et al., 2013) was used for inspection of the genomic neighbourhood of AcrIIA8 homologues.
Initially, individual entries for contigs carrying the homologue were retrieved for each reference genome’s WGS GenBank file and
used to construct a customMultiGeneBlast database. Then the contig carrying the closest homologue (belonging to Erysipelotricha-
ceae bacterium 21_3, NZ_JH590843) was selected as a query for a MultiGeneBlast homology search with default parameters (30%
identity and 25% coverage) against this database, by specifying an approx. 10 kb genomic region around the AcrIIA8 homologue. All
hits had at least 10-6 evalue. The graphical output was edited in Adobe Illustrator CS6 to mark the position of the ACR homologue
(MultiGeneBlast is based on blastp while the more sensitive PSI-BLAST algorithm was used originally to recover these homologues)
and to align contigs to the protein tree of AcrIIA8.

Identification of CRISPR-Cas System Types
Cas profiles originating from CDD, COG and PFAM databases as well as custom profiles, generated by the work of (Makarova et al.,
2015, last updated June 02, 2015) were used to generate individual Position-Specific Scoring Matrices (PSSMs). These were sub-
sequently provided to PSI-BLAST (v. 2.6.0+) for individual searches against the protein collection of each reference genome, for all
genomes carrying the respective AcrIIA7-10. For each genome, significant hits (e-value < 10-5) were then searched for the presence
of signature CAS genes for each CRISPR-Cas system and the frequency of each type was estimated accordingly (Table S3).

QUANTIFICATION AND STATISTICAL ANALYSIS

Average +/- standard deviation of biological triplicates is shown throughout unless stated otherwise.

DATA AND SOFTWARE AVAILABILITY

The accession number for the four acr coding sequences reported in this paper is ENA: PRJEB29470. The accession number for the
39 functionally selected metagenomic inserts is Biostudies: S-BSST226.
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Supplementary Figures 

 

 

Figure S1. Plasmids for screening of ACR activity and selected unique contigs from 

different metagenomic libraries with interesting functional biology, related to figure 1. (A) 

Plasmid pZE21 expressing the metagenomic DNA inserts. (B) pCasens3 plasmid encodes 

SpCas9 under a constitutive promoter, expression of the gene is regulated by a theophylline 

translational riboswitch. (C) pDual3 has the gRNA with a spacer targeting the chloramphenicol 

resistance gene in the same plasmi. Transcription of the gRNA is regulated by an arabinose 

inducible expression system (AraC/PBAD).  (D) Characterization of ACR genetic circuit. Colony 

forming units of strains harboring AcrIIA2 (positive control) and GFP (negative control), - indicates 

that the system was not induced, + indicates that the system was induced with theophylline and 

arabinose. The green background indicates the frequency of cells that naturally scape our 

CRISPR-based selection system based on the negative control. (E) For each selected 

metagenomic library, contigs were manually classified into functional categories based on the 

BLASTx annotation against the NT database. The most observed annotations belong to the 
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‘system interference’ category (red). These are for example genes encoding antibiotic resistance 

genes or arabinose modifying enzymes. The gene products directly modulate the genetic circuits 

or its inputs in a non-desired way, resulting in false positives. (F) Result of manual curation of the 

BLASTx annotation from selected unique contigs that possibly contain interesting functional 

biology  

 

Figure S2. Genetic context of AcrIIA8 homologues, related to figure 3. The AcrIIA8-

surrounding genomic neighbourhood across all relevant reference genomes is shown mapped to 

the AcrIIA8 protein tree. Homologous genomic regions were identified by 

MultiGeneBlast  (Medema et al., 2013) using the genome carrying the closest homologue to 

AcrIIA8 as a search query, here displayed on top. Homology to the queried genes is denoted by 

shared color value; Colors that are not part of the legend correspond to uncharacterized proteins; 

White shapes correspond to genes below the homology threshold. 
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Figure S3. AcrIIA9 protein tree, related to phylogentic tree analysis (STAR methods) and 

figure 3. Coloured clades correspond to family-level NCBI taxonomy of Bacteroidetes 

homologues on reference genomes. Non-coloured branches mark homologues with at least inter-

family identical homologues. Black stars denote non-Bacteroidetes branches. Red star denotes 

placement of AcrIIA9 on the tree. The tree was based on multiple sequence alignment of AcrIIA9 

homologues (genomic and metagenomic-MetaVir) by Clustal Omega, it was constructed using 

Neighbour-Joining algorithm and visualized with iTOL (Letunic et al., 2016). 
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Figure S4. Estimation of CRISPR-Cas system types’ occurrences on AcrIIA homologue 

carrying genomes, related to figure 3. (A) Frequencies of all CRISPR-Cas system types 

signature genes identified on AcrIIA7-10 homologue-carrying strains. (B) Frequencies  of 

genomes carrying each CRISPR-Cas system signature genes for all unique genomes collected 

for AcrIIA7-10 homologue-carrying strains Number of strains examined: AcrIIA7: 14361; AcrIIA8: 

67; AcrIIA9: 549; AcrIIA10: 1. Raw data: Supp Table S3 
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Appendix:  List of external tables (available at online version of paper) 

Strains Supplementary Table S1 

Plasmids Supplementary Table S1 

Metagenomic libraries Supplementary Table S1 

Primers for cloning Supplementary Table S1 

Primers for contigs Supplementary Table S1 

39 putative ACR inserts Supplementary Table S1 

ACRIIA sequence queries Supplementary Table S2 

MetaVir viromes examined Supplementary Table S2 

AcrIIA7 homologues in NCBI Supplementary Table S2 

AcrIIA8 homologues in NCBI Supplementary Table S2 

AcrIIA9 homologues in NCBI Supplementary Table S2 

AcrIIA10 homologues in NCBI Supplementary Table S2 
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This PhD thesis described different aspects of microbial community dynamics in diverse environmental 

niches using metagenomic methods. Besides characterizing aspects of these dynamics, we demonstrated 

their impacts that range from affecting industrial process performances, to interfering with human health, 

as well as determining the success and potential of biotechnological applications. 

 

We started by studying the simple microbial communities that contaminate bioethanol fermenters of two 

different facilities. This analysis revealed shared patterns in the microbiome composition and dynamics 

throughout the fermentation process. Furthermore, although specific contaminants correlated with 

industrial performance, there was substantial strain-level variation in the extent to which a strain impacted 

process yield, which we were also able to confirm in laboratory settings. These findings emphasize the 

importance of strain-level resolution when surveying microbiomes and suggest that built environments 

such as biofuel industries can act as model systems for studying microbial dynamics. 

 

The examination of the interactions between bile acids and the human gut microbiota within the context 

of statin therapy presented in Chapter 3, revealed species-specific shifts in the taxonomical composition 

of the gut microbiota, accompanied by changes in microbial metabolic pathways characteristic for type 2 

diabetes. Furthermore, we were able to show associations between the statin-altered bile acid pool and 

particular bacterial species. Collectively these results pave the way for understanding both the 

mechanisms underlying the diabetogenic effects of statins, as well as, in a broader context, the dynamic 

relationship between the gut microbiome and human physiology. 

 

Chapter 4 focused on understanding antibiotic-induced changes to the human gut microbiome. Using 

metagenomic sequencing on paired whole microbiome and virome samples, we managed to show that 

species that proliferated during antibiotic treatment often carried genes conferring resistance to the 

administered antibiotics. These genes showed long-term expansion in the gut microbiome, which was to 

an extent contributed by horizontal transfer from bacteriophages and plasmids. These findings highlight 

the importance of mobile genetic elements in the dissemination of antibiotic resistance in the human gut. 

 

Finally, the metagenomic-driven anti-CRIPSR discovery presented in Chapter 5 and subsequent 

phylogenetic characterization provided significant insights into the dissemination patterns of ACRs. The 

novel type II-ACRs were found to be more widespread across bacterial phylogeny than previously known, 

did not correlate with CRIPSR-Cas systems types, while there was evidence of recent horizontal gene 

transfer for some of their homologues. These findings suggest complex biological functions for these 
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proteins, although efforts for in-depth interpretations are inevitably restrained by our currently limited 

knowledge on the full diversity of anti-CRISPRs and the possible existence of anti-anti-CRISPRs. 

 

Specific limitations of metagenomic studies discussed in Chapter 1 also apply to the experimental work 

presented in this thesis. The adoption of standard operating procedures by bioethanol mills could lead to 

the availability of robust metadata that would benefit metagenomic studies as the one we present in 

Chapter 2. Despite the small sample size of the human studies presented in Chapters 3 and 4, we were 

able to capture effects of medications on the gut microbiome. Our results could trigger larger-scale follow-

up studies within the same context. Meanwhile, the findings presented in Chapter 3, especially those 

regarding particular species that might mediate statin-induced diabetes development, would be nicely 

complemented by future experimental validation, using e.g. mouse models. Our results on phage-carried 

ARGs in Chapter 4 are within the context of the known methodological limitations of viral metagenomics 

discussed in Chapter 1 and could be extended by the use of long-read sequencing. Lastly, with regards to 

Chapter 5, experimental work is required to show which of the homologues we identified for our ACRs 

also display a Cas9 inhibitory properties  

 

Microbiomes of different environments still harbor a large amount of uncharacterized functional diversity, 

thus constituting untapped resources for the discovery of novel microbes, as well as compounds such as 

antimicrobials and enzymes for potential use for a wide variety of industrial, agricultural or biomedical 

applications, as showcased with the functional metagenomic-based discovery of anti-CRISPR proteins. 

The effort to exploit natural microbiomes requires technical improvements in the field of metagenomics 

to overcome the limitations discussed in Chapter 1. 

 

On a broader outlook, there is great need for developments both in metagenomics and systems biology 

approaches, to allow insights into microbial dynamics of different ecosystems in order to predict 

interactions and outcomes of community alterations and the effects of perturbations. Particularly for 

applications in human health, it is imperative to translate metagenomic findings into biologically relevant 

mechanisms, in order to move the microbiome field from association towards causality. Improvements in 

strain profiling from metagenomic data is deemed as a particularly pressing need in the field, as the 

pathogenic potential of many species has been shown to be strain-specific (Covacci et al., 1999; Haiser et 

al., 2013; Suzuki et al., 2012). Already, strain-resolved metagenomics has aided the discovery of strain-

level microbiota members implicated in disease conditions (Donati et al., 2016; Tett et al., 2017; Ward et 

al., 2016).  
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Prospective technical developments include the adoption of long-read technologies such as those offered 

by Pacific Biosciences (Frank et al., 2016) or Oxford Nanopore (Leggett and Clark, 2017) in metagenomic 

studies. This approach will alleviate the accuracy issues that come with metagenomic assembly, 

potentially returning to the overlap-layout consensus algorithms, and it will aid tracking of mobile genetic 

elements, especially if it is accompanied by the development of dedicated software for metagenomic 

datasets. Such developments will facilitate fast-tract genome cataloguing and accelerate the scale-up of 

reference genome databases. Furthermore, new experimental systems such as isolation chips could 

contribute to the systematic characterization of unculturable species or strains and the study of species 

interactions in co-cultures (Nichols et al., 2010). Meanwhile, robust in vitro gut models (Mokszycki et 

al., 2018) could complement animal models in the effort to validate and refine gut community models and 

confirm mechanistically the causative role of certain microbiota members to disease conditions. 

 

Attempts to use metagenomic data to determine microbial biomarkers that correlate with a given host trait 

such as disease or physiological parameters such as body weight or diet have already been made with 

methods such as LEfSE (Segata et al., 2011) or random forests (Zeevi et al., 2015). However, in order to 

gain a systems-level understanding of mechanistic human microbiome-host interactions, there is a 

necessity for broad application of systems biology modeling, particularly as microbially-produced 

metabolites appear to have greater predictive potential than taxonomic compositions (Peñalver Bernabé 

et al., 2018). Constraint-based reconstruction and analysis studies of the human gut microbiome have 

already generated personalized gut microbiome metabolic models based on metagenomics data (Heinken 

et al., 2017; Magnúsdóttir et al., 2017). The analyses and interpretations of data arising from these studies 

would benefit from resources such as the Virtual Metabolic Human database (Noronha et al., 2019), that 

provide an overview of human and human-associated microbial metabolism, and associate it with 

knowledge on disease and nutrition. 

 

Robust personalized models of microbiomes of different human tissues and organs could be used as a 

framework to elucidate how microbes interact metabolically, both among each other and with the human 

host (Magnúsdóttir and Thiele, 2018) and lead to the identification of microbial targets for diagnostic and 

therapeutic strategies in the human microbiome. In addition, such models could also be used to stratify 

populations in a clinically relevant manner, to predict responders and non-responders for medical 

treatments, or predict necessary treatment duration (Wu et al., 2017). 

 

Furthermore, improvements in system-level understanding of structure-function relationships in microbial 

ecosystems could pave the way for rational microbiome interventions such as microbiome-based 
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therapeutics. Microbiome-based clinical interventions have already emerged in the form of fecal 

microbiota transplantation (FMT), which entails the transfer of a microbial community from a healthy 

donor to a patient (van Nood et al., 2013; Vrieze et al., 2012). Additionally, if specific microbes or 

microbiome compositions are defined as targets for therapeutic intervention, both in infectious or complex 

diseases, then the ability to remove specific strains from the microbiome deploying for example the 

CRISPR-Cas systems (Bikard et al., 2014) could be an invaluable therapeutic strategy. This is particularly 

important as  the development of new antibiotics has come to a standstill (Årdal et al., 2017); targeted 

antimicrobials could not only replace antibiotics and alleviate the impact of antibiotic resistance, but also 

offer a much less invasive method of intervening into microbiota without causing dysbiosis. Moreover, 

entire microbial communities could be engineered to remove or reduce the concentration of disease-

causing metabolites, as well as to sense and respond to controlled environmental stimuli, thus enabling 

more precise treatment of disease. The benefits of engineered microbiomes would also include the ability 

of such communities to colonize their host with stability and resilience (Briones and Raskin, 2003). 

 

Agriculture, water monitoring, food production and industrial biotechnology facilities will also benefit 

from the use of engineered communities. In agriculture, the plant-associated microbiome can be used 

in sustainable practices through symbiont-based approaches for modulating growth, development, 

pathogen defense, nutrient acquisition and abiotic stress tolerance (De Souza et al., 2016). In the food 

industry, microbiome interventions could lead to manufacturing higher quality products and help control 

foods spoilage and safety. In the bioethanol industry, while the idea of exploiting natural microbial 

communities for the benefit of bioenergy production is not new (Verstraete et al., 2007), the technical 

advancements discussed above could finally help materialize this concept. Microbiome interventions 

could guide the establishment of stable bacterial communities in bioethanol fermenters, devoid of 

detrimental contaminants and the issues that arise from the resulting excess of organic acids and 

competition with yeast, while strain-specific designed antimicrobial treatments could be a viable solution 

to the contamination problem (Lucena et al., 2010).  

 

Overall, as the cost of sequencing continues to plummet and methods for improved metagenomic data 

analyses and interpretations are continuously being developed, the widespread use of metagenomics in 

various applications is rapidly approaching.  
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