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Abstract
Advancements of DNA sequencing technologies and improvement of analytic methods
changed the way we analyze complex microbial communities (metagenomics). In only a few
years, these methods have evolved so far as to ease a more precise community profiling and
to allow high-level strain resolution. A typical computational metagenomic analysis relies on
mapping raw DNA sequencing reads against sets of “reference” microbial genomes usually
obtained through single-isolate sequencing. With an almost exponential increase in the
number of reference genomes deposited daily in public data sets, current computational
methods are incapable of managing and exploiting such a rich reference set, limiting the
potential of metagenomic investigations.
In my doctoral thesis, I will present my contribution towards fully exploiting the available
reference data for metagenomic analysis. I developed ChocoPhlAn, an integrated pipeline for
automatic retrieval, organization, and annotation of reference genomes and gene families as
the foundation for bioBakery 3, an improved set of computational methods for the analysis of
shotgun metagenomics data. Using the latest set of microbial genomic reference data
available and processed through ChocoPhlAn, the six bioBakery 3 tools that I updated resulted
in more comprehensive and higher resolution taxonomic and functional profiling of
microbiomes and allowed strain-level characterization of their constituent strains. After
extensive benchmarks with previous versions and competitors, we applied those methods on
more than 10,000 real metagenomes and showed how metagenomics can be a more powerful
tool for identifying novel links between the gut microbiome and disease conditions such as
colorectal cancer and Inflammatory Bowel Disease. Accurate strain-level phylogeny
reconstruction and pangenomic analysis of 7,783 metagenomes revealed novel functional,
phylogenetic, and geographic diversity of Ruminococcus bromii, a common and highprevalent gut inhabitant.
We then focused on the influence of the Eukaryotic fraction of the human microbiome and its
potential impact on human gut health, which is a frequently overlooked aspect of microbial
communities. To this end, we assessed the presence of the Eukaryotic parasite Blastocystis
spp., in more than 2,000 metagenomes from 5 continents for understanding associations with
disease statuses and geographic conditions. We showed that Blastocystis is the most
common Eukaryotic colonizer of the human gut, and it is particularly prevalent in healthy
subjects and non-westernized populations. We further explored intra-subtype diversity by
reconstructing and functionally profiling new metagenomic-assembled Blastocystis genomes,
showing how metagenomics can be valuable to unravel protists' genomics and providing a
genomic resource for additional integration of non-bacterial taxa in metagenomic pipelines.
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By developing and implementing ChocoPhlAn and the new bioBakery tools, we provided the
community with improved and efficient microbiome profiling tools and started identifying novel
patterns of association between host and niche-associated microbiomes and discovering
previously uncharacterized species from human and non-human hosts.
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Introduction to the thesis
The human microbiome
The microbiome is commonly defined as the whole ensemble of microorganisms that live and
occupy a specific ecological niche. These are not only limited to bacteria, but also include
archaea, viruses, and micro-eukaryotes such as protozoa, algae, and fungi (Berg et al, 2020).
Since the last half of the XVII century when Antoni van Leeuwenhoek was able to first observe
bacteria, or animalculum as referred by him, the knowledge about the microbial world has
increased enormously. Microbes have been studied in several ecological environments,
ranging from freshwater (Lee et al, 2016), oceans (Venter et al, 2004; Sunagawa et al, 2015),
rivers (Van Rossum et al, 2015), soil (Jansson & Hofmockel, 2018; Brown et al, 2015),
permafrost (Mackelprang et al, 2011) and also in outer space (Voorhies et al, 2019). Several
studies were carried out to understand the capabilities of microbes to adapt and live in urban
environments such as subways (Afshinnekoo et al, 2015; MetaSUB International Consortium,
2016) or even public restrooms (Flores et al, 2011). Microbiomes are associated with living
hosts, such as human beings (Human Microbiome Project Consortium, 2012), mice (Lesker
et al, 2020), cattle (Wallace et al, 2015; Stewart et al, 2019), and even mosquitos (Segata et
al, 2016).
Several efforts have been made in the last fifteen years to specifically understand the
importance of the human microbiome in healthy and diseased conditions, and to unravel its
impact on host physiology (Sommer & Bäckhed, 2013; Levy et al, 2017) or the influence of
drugs e.g. antibiotics (Langdon et al, 2016), probiotics (Petschow et al, 2013), and different
lifestyles (Keohane et al, 2020; Barone et al, 2019; Devkota, 2020). Large scale investigations
were conducted in Europe by the MetaHIT Consortium (Qin et al, 2010) and in the US by the
Human Microbiome Project (Human Microbiome Project Consortium, 2012). Both projects,
considered milestones in the microbiome field, generated and released an enormous amount
of data, starting from a curated catalog of genes, reference genomes, and metagenomes that
first defined the composition of microbiomes associated with the skin (Oh et al, 2014; Grice &
Segre, 2011), the oral cavity (Donati et al, 2016; Segata et al, 2012a; Human Microbiome
Project Consortium, 2012), the nasal cavities (Human Microbiome Project Consortium, 2012),
the gastrointestinal tract (Human Microbiome Project Consortium, 2012; Qin et al, 2010), and
the urogenital tract (Aagaard et al, 2012). Reference genomes released with the Human
Microbiome Project were a key factor and enabled new lines of research as well as greatly
improving tools for microbiome analysis.
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Although it is not simple to exactly define what a healthy microbiome is and which is its
composition, the Human Microbiome Project (Human Microbiome Project Consortium, 2012)
provided some insight into the differences between distinct body sites. The richness of
bacterial species is comparatively different when looking, for example, at the gut microbiome
or the vaginal one: while the latter displays a low diversity and is mainly dominated by
Lactobacillus species, the gut displays an intermediate diversity and is mainly composed of
the phyla Bacteroidetes and Firmicutes (Human Microbiome Project Consortium, 2012). The
Firmicutes-to-Bacteroidetes ratio has been proposed as a potential biomarker for obesity (Ley
et al, 2006) after observing that the gut microbiome of obese subjects displayed an increased
abundance of Firmicutes and reduced abundance of Bacteroidetes. A similar pattern of
increased abundance of Bacteroidetes has been observed in people living traditional lifestyles
that were not subjected to westernization (Obregon-Tito et al, 2015; Rampelli et al, 2015; Brito
et al, 2016) in which Prevetella and Treponema were reported as the most abundant genera,
genera that are generally less abundant in westernized gut microbiomes. This is because the
gut microbiome composition can be shaped by external factors like diet or antibiotic intake,
able to promote or deplete certain phyla. Comparison of non-westernized microbiomes to
those of westernized populations highlights a striking difference in terms of species richness:
this is potentially due to a possible loss of specific microbiome members caused by a
multiplicity of reasons that can range from the adoption of medical and public health practices
to the shift to a different type of diet, mostly high-fat and low-fiber based (Segata, 2015). The
increased richness in non-westernized gut microbiomes can be partially explained by the
“microbial dark matter”, which is the unexplored fraction of the microbiome that can account
for up to 60% of a metagenome and encompasses novel and not yet described species
(Pasolli et al, 2019). The reduction of the amount of known and identifiable species is due to
the fact that most microbiome studies so far sampled westernized regions such as Europe or
the US, leaving other regions of the world largely undersampled.
Although advances in sequencing technologies allowed for a deeper investigation of the
microbiome composition, most of the conducted studies are focused on bacteria, while a
relevant portion of the microbiome composed of eukaryotes has been neglected (Parfrey et
al, 2014; Laforest-Lapointe & Arrieta, 2018). In the context of the human gut microbiome,
microbial eukaryotes, microeukaryotes, has been traditionally associated with a negative
outcome, such as the onset of disease after colonization by parasitic organisms, but recent
works untangled this issue showing that may have a beneficial role as probiotics (McFarland
& Bernasconi, 1993) or even be common inhabitants of a healthy gut (Nash et al, 2017;
Beghini et al, 2017). This opens up to a lot of questions, such as their role in the gut ecology
or the interplay between host, microeukaryotes, and other members of the microbiome.
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With its advent, Next Generation Sequencing was found to be a good fit for analyzing
microbiomes. The development of high throughput platforms paved the way for studying
microbiomes through shotgun metagenomics or high throughput amplicon sequencing of the
16S or 18S ribosomal RNA genes (16S and 18S rRNA sequencing). These technological
advances allowed for a long trail of successful studies which tried to characterize and
associate the microbiome composition with several diseases, such as colorectal cancer
(Thomas et al, 2019; Yu et al, 2017; Zeller et al, 2014; Wirbel et al, 2019), type 1 (HeintzBuschart et al, 2016) and type 2 (Karlsson et al, 2013; Qin et al, 2012) diabetes, obesity (Ley
et al, 2006; Le Chatelier et al, 2013), inflammatory bowel disease (Nielsen et al, 2014; LloydPrice et al, 2019; Morgan et al, 2012), arthritis (Chen et al, 2018; Zhang et al, 2015), liver
diseases (Qin et al, 2014; Caussy & Loomba, 2018) , or atherosclerosis (Koren et al, 2011),
to mention a few. Identifying disease-specific bacterial signatures could allow in the future to
perform non-invasive diagnosis (Thomas et al, 2019; Yu et al, 2017; Chen et al, 2018;
Cameron et al, 2017; Ghensi et al, 2020).
Although enormous efforts have been done to understand the dynamics of microbial
communities and their compositions in different environments and settings, there is still a lot
to explore. Recent efforts in identifying novel species without the availability of reference
genomes allowed the recovery of more than 5,000 species from metagenomes, leading to an
substantial increase of reference data (Pasolli et al, 2019; Nayfach et al, 2019; Almeida et al,
2019, 2020). This enormous amount of data is posing new challenges: in particular, there is
the need to leverage such resources and try to unravel the many facets of the interplay of the
human microbiome and the host, further exploring missing links with the host’s lifestyle, health,
and geographic association.

Shotgun metagenomics for the human microbiome
Shotgun metagenomics is the untargeted sequencing of all the genetic material present in a
sample associated with a specific environment (Quince et al, 2017b). Since it is untargeted, it
also allows for studying not-so-well characterized and cultivation-recalcitrant microorganisms.
Ideally, by using a high-throughput sequencing approach, we are able to sequence all the
genetic material, even from relatively low-abundant microorganisms. Different from amplicon
sequencing, which targets particularly genes, shotgun metagenomics can capture the entire
microbial genetic repertoire and allows for taxonomic and functional potential analysis (Scholz
et al, 2016; Quince et al, 2017b)
The first steps in a metagenomic workflow are sample collection, DNA extraction, and
sequencing (Quince et al, 2017b; Knight et al, 2018). Standard best practices were established
and have been used for years in order to rely on the same protocol and make results of
12

different studies comparable (Costea et al, 2017b; Vandeputte et al, 2017; Thompson et al,
2017). Sequencing of the genetic material through a high-throughput sequencer generates a
high volume of data that needs to be analyzed using a computational approach. A high number
of computational methods were developed in recent years to analyze such kind of data, but
still, challenges are present when it comes to handling the increasing amount of generated
data and increasing profiling resolution.
From a practical perspective, we can divide sequence analysis methods into two categories:
assembly-based and read-based (or assembly-free) (Quince et al, 2017b). There is no “best
method” since most of the time analyses use combinations of the two approaches. Both types
of analyses want to answer three simple questions, “who is there?”, hence which taxa are
present in the microbiome, and “what are they capable of doing?”, hence which functions are
encoded in their genomes, and “who is doing what”, hence which functions are carried out by
a taxa.
The first question, “who is there?”, addresses the problem of taxonomic classification, namely
the determination of the species present in the metagenome. Several computational methods
have been described and developed using different approaches in the literature in order to
answer this question. The second question, “what are they capable of doing?”, answers to the
functional potential of microbial communities by looking at the whole gene content. In this
case, we call it “functional potential analysis” since we are looking at the genes encoded by
genomes instead of looking at transcriptomes, which, by adding information about gene
expression, enables for “functional activity analysis” (Franzosa et al, 2018). The last question,
“who is doing what?” combines taxonomic classification, functional profiling, and genome
reconstruction in order to obtain evidence of the functional activity of a genome, enabling
comparative analyses.
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Figure 1: An example of a metagenomic workflow, courtesy of (Quince et al. 2017).

Challenges and opportunities for human metagenomics
Computational metagenomics methods rely largely on the availability of “reference” microbial
genomes generally obtained through single-isolate sequencing. However, the number of these
references deposited in public datasets is increasing exponentially due to the increased
availability of sequencers and lower costs related to sample processing and sequencing.
Sequencing technologies are improving at a faster pace than computational infrastructures, a
faster pace that, so far, a DNA megabase can be sequenced with no more than 1 dollar cent
(Wetterstrand, 2020).
However, the number of assembled isolates available in public databases like NCBI is
restricted to a few species. To date, the ten most sequenced species are pathogens (NCBI,
2020) and account for nearly 25% of the total sequenced genomes. This is a good example
of the usefulness of big data in microbiology in the context of bacterial outbreaks: highthroughput sequencing and big data allow researchers to conduct comparative analyses to
understand the differences between the bacterial strains responsible for the outbreak
(Relman, 2013). Large-scale genomic epidemiologic studies of recent viral and bacterial
outbreaks (Lu et al, 2020; Gire et al, 2014; Weill et al, 2017; Guthrie & Gardy, 2017) have
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made been possible thanks to metagenomics and high-throughput sequencing, allowing to
scale up, a not-so-feasible approach with single isolate sequencing. Clinical metagenomics
still remains a niche technique limited to very few research laboratories worldwide but it is an
outstanding technique for the identification of unusual pathogens (Wilson et al, 2018).

Figure 2: Exponential growth of genomes deposited into NCBI GenBank. Adapted from (Zynda, 2020)

Pathogenic species isolated and sequenced in the context of surveillance projects are
certainly important for disease-specific surveillance, but in the context of the human
microbiome, many prevalent and abundant species are poorly characterized. In this context,
in Section 1, I will describe the characterization and the genetics of Ruminococcus bromii, a
highly prevalent bacterium (50%) in human intestinal communities, but for which only 15
isolates are available. This opens the door to exploring species that currently are described
by a paucity of reference genomes and discovering new species that are not characterized.
By leveraging metagenomic assembly and binning, recent works have been able to
reconstruct thousands of genomes of species (Karcher et al, 2020; Tett et al, 2019; Almeida
et al, 2020; Manara et al, 2019; Delmont et al, 2020). This further expands our knowledge of
the composition of microbiomes, host-associated and not. In order to successfully manage
this large amount of data and access the intrinsic information, computational methods need to
effectively handle big data.
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Although having more and more reference genomes available is compelling, methods and
pipelines that were developed in the last 10 years are not capable of dealing with such a large
amount of data or were designed in a way that expansion with new reference data is really
hard to do or utilize a static database. But there are some drawbacks to having more reference
genomes available, for example, (Nasko et al, 2018) describe a critical issue afflicting k-mer
based taxonomic classifiers, resulting in a major decrease of precision due to the high number
of species’ reference genomes. Here is the importance of having consistent methods able to
keep up with the growth of available data. Advances in computational methods with faster
algorithms capable of performing raw data processing in a more efficient paradigm and new
methods able to scale-up regardless the size of the input data are essential for the
development, implementation, and maintenance of computational pipelines.
In addition to data coming from single isolate sequencing and metagenomes, sample-related
metadata is integral to any microbiome big data analysis. Particularly with larger datasets
available, metadata provides answers to complex questions through comparative analyses.
Following efforts to ensure the integration of useful metadata for reference genomes (Field et
al, 2008) and metagenome-assembled genomes (Bowers et al, 2017), new additional efforts
are required to ensure the integration of minimal sample-related metadata integrated with
metagenomic data (Pasolli et al, 2017). Comparative metagenomic analyses and metaanalyses require comprehensive annotations of the origin of the sample and the state of the
environment at the time of sampling. Unfortunately, many available datasets have incomplete
or unavailable metadata or, worse, are difficult to access (e.g., “availability upon request”).
Second, a common standard must be adopted to accurately and consistently report metadata
(Huttenhower et al, 2014), avoiding the end-user picking on different repositories associated
with the study (e.g. supplementary materials). Despite the efforts made in the past and the
continuous progress that is still being made in this area of study, several open challenges are
still posed, challenges that have been the driving force of the work discussed in this thesis.
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Aims
The work presented in this thesis is intended to address the challenges described earlier. In
particular, the main goal of this work is the development of innovative computational
metagenomic strategies to improve the profile of microbiomes at different levels. This primary
goal will be discussed in Section 1.2. In more detail, this manuscript aimed to:
●

Develop an integrated system to organize all the microbial genomic information.

●

Use the newly organized genomic information to produce more accurate taxonomic
and functional profiles.

●

Apply the improved methods on real data for novel findings.

Structure of the thesis
The work presented in this thesis will cover all the aspects outlined in this introductory chapter,
and the thesis is divided into two sections. Section 1 will address the problem of maintaining
methods to overcome the growing number of available reference sequences and aims to
answer the previously discussed goals by developing an integrated ecosystem for
metagenomic analyses. I will present the main project carried out during the three years of the
Doctoral Programme that resulted in the development of the ChocoPhlAn pipeline for the
generation of a uniform genomic repository for the bioBakery 3 tools, tools that underwent a
consistent process of update and refinishing.
Section 2 will present additional side projects I have been involved in, projects aimed to better
understand the directions to be taken for the work presented in Section 1.2, and to apply
different methodologies to metagenomic data. These projects have resulted in various
publications, two of which with major contributions that will be described in Section 2.1 and
Section 2.2. My contributions to other published works in which I am included as co-author
will be described in Section 2.3.
Section 2.1 will present a work focused on the investigation of one member of the eukaryome,
the eukaryotic portion of the human gut microbiome, the micro-eukaryote Blastocystis spp.
Using a metagenomic approach, we investigated its presence in more than 2,000
metagenomes from 10 different countries and we provide evidence to consider Blastocystis
as a common member of the human gut microbiome and associations with health conditions.
In this work, I contributed by performing all the analyses using the available reference
genomes and metagenomic datasets available to date. I also developed a custom pipeline for
the coverage calculation, the assessment of the limit of detection of Blastocystis in the
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metagenomes, and the reconstruction and annotation of the metagenome-assembled
genomes.
In the context of bodysite-associated microbiomes, Section 2.2 focuses on the impact of
tobacco and nicotine products on the oral microbiome. Unlike the other works discussed here,
this study was conducted using 16S rRNA amplicon sequencing instead of shotgun
metagenomics. I was personally involved in all the computational, statistical, and
epidemiological analyses while sample and data collection were performed by the New York
City Health Department, and the laboratory work for sample extraction, processing and
sequencing was performed by the Burk laboratory at the Albert Einstein College of Medicine.
Applications of some of the tools described in Section 1.2 are presented in Section 2.3,
together with other works to which I have contributed. I also report here below other
contributions that I made to other software developed by our laboratory and were instrumental
to the wide adoption of the corresponding methods:
●

I maintained the previous version of MetaPhlAn, MetaPhlAn2, and led the development
of MetaPhlAn 3, as outlined in Section 1 1.

●

I developed the ChocoPhlAn pipeline, presented in Section 12, and started the
development of ChocoPhlAnSGB.

●

I maintained, updated, and ported to Python 3 LEfSe3.

●

I maintained and ported to Python 3 hclust24, a visualization tool for generating
heatmaps from taxonomic and functional profiles.

In the context of reproducibility and software packaging, for MetaPhlAn, PanPhlAn, hclust2,
and CMSeq I have created Anaconda recipes, set up a pip-based installer, and made available
the software via the PyPi and Bioconda platforms
Figures included in Sections 1.2 and 2.2 were extracted from the open-access preprint made
available before submission to the journal. The materials included in the open-access preprint
are licensed under the CC BY 4.0 license which allows the full sharing and adaptation of the
work after attribution to the original material. In addition, Annals of Epidemiology, the journal
in which was published the manuscript included in Section 2.2, permits the reuse of the work
by the authors. The paper included in Section 2.1 is licensed under the CC BY-NC-SA 4.0
license which allows the non-commercial sharing and adaptation of the work after attribution
to the original material.
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MetaPhlAn GitHub repository: https://github.com/bioBakery/metaphlan
ChocoPhlAn GitHub repository: https://github.com/SegataLab/chocophlan
3 LEfSe GitHub repository: https://github.com/SegataLab/lefse
4 hclust2 GitHub repository: https://github.com/SegataLab/hclust2
2
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Section 1

1.1-20

Background
Unlike amplicon-based sequencing, shotgun metagenomic sequencing allows high-resolution
and culture-independent exploration of several aspects of microbial communities, including
microbial composition and functional analysis. Computational analyses are essential for
understanding the characteristics and dynamics of the microbial community and several
analytical strategies have been developed during the years. This section provides an overview
of the most common computational metagenomic tasks.

Metagenomic assembly
Reconstruction of microbial genomes from metagenomes is possible via a technique called
de-novo metagenomic assembly. Starting from metagenomic reads, metagenomic assembly
pipelines generates longer stretches of contiguous DNA sequences known as contigs. A
common method employed to reconstructing contigs is based on the de Brujin graphs
(Pevzner et al, 2001). In a de Brujin graph, all the overlapping sub-sequences of length k (kmers) extracted from the reads are the node set, and two nodes are connected by an edge if
the two sequences are contiguous (the suffix of one k-mer is the prefix of another k-mer).
Different metagenomic assemblers have been developed trying to take these problems into
account and overcome them using different approaches.
To date, two popular assemblers are metaSPAdes (Nurk et al, 2017) and MEGAHIT (Li et al,
2015), both implementing assembly through de Brujin graphs. metaSPAdes is an evolution of
the SPAdes assembler (Bankevich et al, 2012), which was originally developed for single-cell
assembly, and employs a multi k-mer iterative search, an approach previously implemented
by metaIDBA (Peng et al, 2011), in which at every iteration, after increasing the value of k, the
de Brujin graph is rebuilt extracting k-mers from the contigs and the reads, obtaining a more
refined assembly.
Metagenomic assembly presents a variety of challenges. Since metagenomes samples
contains multiple species present at different abundances, in order to be able to perform
metagenomic assembly with high accuracy, the sequencing depth should be uniform along
the genome. Shallow sequencing or uneven coverage could result in an incomplete or
incorrect assembled genome, especially for those species present at low abundance. DNA
repeats also impacts the assembly process since they could create ambiguous sequences:
this problem can be partially tackled by using longer k-mers, but longer k-mers are more prone
to include sequences with sequencing errors (Olson et al, 2019). The presence of multiple
closely related organisms or strains requires to perform sequencing as deeply as possible to
allow identification of genomic variants.
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Different metagenomic assemblers can produce a whole different set of contigs and some of
them are more suitable to a specific task, for example the Critical Assessment of Metagenome
Interpretation (CAMI) Challenge (Sczyrba et al, 2017) showed that MEGAHIT is able to
generate larger assemblies while metaSPAdes generates more accurate contigs (van der
Walt et al, 2017).
Evaluation of the generated assemblies can be performed using MetaQUAST (Mikheenko et
al, 2016) that reports on genome quality statistics (N50, genome length, number of contigs,
etc.) and allows for comparisons with closely related reference genomes to detect
misassembles or structural variants.

Taxonomic analyses
Taxonomic analysis approaches can be summarized under two main categories:
1. Taxonomic classifiers
2. Taxonomic profilers
Among the various analysis tools available, it is necessary to distinguish between taxonomic
classifiers and taxonomic profilers. Taxonomic classifiers assign a taxonomic label to all the
reads contigs within a metagenome, whereas taxonomic profilers do not assign taxonomies
to each read, but rather report presence and relative abundances of the detected taxa. The
two terms are used interchangeably in error, although estimates of relative abundance from
sequence profilers may be done after correction of the total read count for the genome size of
each clade (Lu et al, 2017).
Alignment-based taxonomic classifiers internally align sequences with tools like Bowtie2
(Langmead & Salzberg, 2012), BLAST (Altschul et al, 1990), bwa (Li & Durbin, 2009), or
HMMER (Eddy, 2011) to identify matches against a reference database. An incredible number
of metagenomic classifiers have been developed over the years to overcome this challenge.
Early popular tools like MEGAN (Huson et al, 2007) or MG-RAST (Meyer et al, 2008) used
under the hood the BLAST suite to profile metagenomes using either the NCBI-NR/NT
databases or a custom database of reference genomes. Both methods were inflating the
number of detected species by improperly detecting low abundant species, increasing the
false positive rate in the lower tail of the relative abundance distribution (Peabody et al, 2015).
Alongside the aforementioned methods, which implemented an approach based on sequence
homology, PhyloPhytia (McHardy et al, 2007) and its successive versions PhyloPhytiaS (Patil
et al, 2011), and PhyloPhytiaS+ (Gregor et al, 2016), are k-mer based approaches performing
supervised classification by leveraging a support vector machine trained on reference
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sequences. Since supervised methods rely on genomic references, they are more precise
than unsupervised methods, which do not require any training (Dröge & McHardy, 2012).
Another early leader, also the first implementing a k-mer based approach for classification, is
TETRA (Teeling et al, 2004), which used an intrinsic characteristics of the sequences, DNA
tetranucleotide frequencies, to classify sequences. PhymmBL (Brady & Salzberg, 2009),
attempted to address the problem of high false positive rate by refining the BLAST mapping
results using interpolated Markov models and this can be considered the first method
displaying higher accuracy, compared to the other software available at the time working with
short reads (about 100bp). Taxonomic classifiers performed using large databases, such as
non-redundant databases (NCBI-NT) or whole genomes, can be memory-consuming since a
taxonomic label has to be assigned, hypothetically, to all the reads present in a metagenome.
Classifiers implementing a k-mer matching approach have the potential to use a large
collection of genomes, such as the complete RefSeq catalog, and to profile all the reads in a
metagenomic sample in a relatively small amount of time. The method is based on the
calculation of the frequencies of k-length oligonucleotides extracted from all the DNA
sequences present in the genomic database. State-of-the-art methods like Kraken (Wood &
Salzberg, 2014), Kraken2 (Wood & Salzberg, 2014; Wood et al, 2019), KrakenUniq
(Breitwieser et al, 2018), CLARK (Ounit et al, 2015), or Centrifuge (Kim et al, 2016) have
different approaches to classify k-mers: Kraken and Kraken2 assign k-mers in the lowest
common ancestor between two taxa. CLARK, instead, uses a discriminative approach to
identify unique k-mers able to characterize each species. To lessen the amount of space
required by the database and the redundancy, Centrifuge uses the Burrows–Wheeler
Transform (BWT) and an FM-index to store and index the genome database, a similar
approach also used in Kraken2, which implements minimizers. These methods are capable of
detecting species represented by a small number of reads but are subject to a very high rate
of false positives, in fact, a tradeoff between sensitivity and specificity must be determined.
Whereas the use of longer k-mers can lead to a potential failure to match specific species, the
use of shorter k-mers will yield non-specific matches to many sequences. This issue was
addressed by KrakenUniq by the introduction of the HyperLogLog algorithm to count unique
k-mer in order to reduce the false-positive rate. Another downside of these methods is the size
of the database: by increasing the k-mer size, it automatically increases the computational
cost since more matching needs to be done.
Hash-based k-mer based taxonomic profilers exploit containment estimation using hash
functions implemented in techniques like MinHash (Broder, 1997), an algorithm based on the
Jaccard similarity and originally designed for web search engines, or Bloom Filters (Bloom,

1.1-23

1970). Hash-based methods like Metalign (LaPierre et al, 2020) and ganon (Piro et al, 2020)
perform hashing on the identified k-mers and containment to perform taxonomic assignation.
Taxonomic profilers are compositionality-driven and reports presence and relative
abundances of detectable taxa. In particular, marker-based approaches make it possible to
identify taxa by detecting the presence of specific marker sequences. These markers can be
extracted from universally conserved genes, an approach used by mOTUs (Sunagawa et al,
2013; Milanese et al, 2019), which profiles metagenomes using a set of 40 prokaryotic
conserved marker genes, or clade-specific marker genes as used by MetaPhlAn (Segata et
al, 2012b; Truong et al, 2015). A marker-based approach minimizes the number of mapped
sequences, thus reducing the computational burden. This is one of the advantages of this type
of approach, as well as the very low rate of false positives (Sczyrba et al, 2017; Breitwieser et
al, 2019a), and the estimation of less-biased relative abundance profiles. One of the
disadvantages of these methods lies in the number of species identifiable: in order for a
species to be identified, the marker genes of the species of interest should be identified with
a certain degree of confidence, and failure of this procedure will lead to the missing
identification of the species. Regardless of the approach used, marker-based taxonomic
profilers accurately determine the relative abundance of all the species that can be profiled, a
challenge when it comes to identifying low-abundance species. k-mers are also employed in
taxonomic profilers like FOCUS (Silva et al, 2014) which uses non-negative least squares to
report taxa abundances using 7-mers extracted from a set of reference genomes.
The proliferation of new methods requires continuous benchmarking with the already
established and state-of-the-art methods. Over the past few years, several works have dealt
with the issue of benchmarking in the context of metagenomic classification (Peabody et al,
2015; Sczyrba et al, 2017; McIntyre et al, 2017; Ye et al, 2019), in particular the Critical
Assessment of Metagenome Interpretation (CAMI) initiative released OPAL (Meyer et al,
2019) and AMBER (Meyer et al, 2018), a framework for systematic comparisons of taxonomic
profilers using predetermined criteria This is important because not all tools behave in the
same way and it is necessary to understand which one is more suitable when performing
different types of analyses.
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Genome binning
Regardless of the method chosen, metagenomic assemblers will not produce a single, but a
multitude of fragmented contigs, usually of short length. It is then necessary to use genome
binners to obtain a metagenome-assembled genome (MAG) from contigs. Genome binners
are capable of grouping together contigs coming from the same genome using a variety of
approaches such as GC content, tetranucleotide frequencies, or genome coverage.
A simple supervised binning approach can be implemented by classifying contigs by searching
for nucleotide similarity using BLAST or HMMER. However, as a supervised approach, it
requires previous knowledge of the taxonomy of the genomes used as reference. Hybrid
taxonomic-driven approaches like MetaWatt (Strous et al, 2012) combines taxonomic
signatures, tetranucleotide frequencies, and total coverage all interpolated using Markov
modeling via Glimmer (Delcher et al, 2007) but the process is not completely automatic since
requires input from the user.
Compositional-based binners use intrinsic contig properties such as GC content or nucleotide
frequencies. While it could not be classified as a contig binner per-se, Canopy (Nielsen et al,
2014) performs gene clustering extracted from the contigs using their abundances and then
groups contigs by sample co-abundance in a so called co-abundance gene group (CAG).
MyCC (Lin & Liao, 2016), a fully automatic binner, primarily uses k-mer frequencies to assign
contigs to bins, but coverage information and conserved marker genes can be used to improve
the binning process. CONCOCT (Alneberg et al, 2014) combines contig’s k-mer frequencies
and coverage into a matrix and apply principal component analysis to perform dimensionality
reduction. Thanks to this last step, CONCOCT performs well when it is required to bin contigs
generated from complex microbial communities and in case of co-assembly of reads.
MetaBAT2 (Kang et al, 2019) and MaxBin2 (Wu et al, 2016b) both uses probabilistic models
built on distances between k-mer frequencies and coverage. Those distances are then
compared to a probabilistic model built using inter and intra-species distances extracted from
known genomes. Due to the ease of computing probability distances, both methods are
suitable when many samples are taken into consideration, however a main limitation of these
methods can be found in the pre-built model used to compare those distances since it was
generated using a limited number of available reference genomes.
A useful process that can be done after contig binning is to map the metagenomic reads to
the bins in order to produce bin abundances or perform genome curation in order to close
gaps or correcting assembly errors. Tools such as Anvi’o (Eren et al, 2021) make it possible
to manually inspect the produced bins and also enables investigations of strain-level variants
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across multiple metagenomic datasets. Recovered genomes can be checked for
completeness and contamination using CheckM (Parks et al, 2015), which uses lineagespecific marker genes, or single-copy orthologous genes as implemented in BUSCO (Simão
et al, 2015). In order to determine the completeness of the bins, CheckM first determines the
most probable lineage by searching for the presence of the lineage-specific single-copy
marker genes. To be considered as complete, a bin is required to contain as much as possible
lineage-specific marker genes. Failure in identifying them leads to a decrease in the
completeness score. A similar method is used for assessing the contamination. Since the
marker genes are lineage specific, presence of multiple lineage marker genes indicates that
the bin contains contigs reconstructed from different species. One limitation in the evaluation
of bins with CheckM is that eukaryotic genomes will be reported with low values of
completeness since the single-copy marker are extracted from bacterial and archaeal
genomes. A good alternative to CheckM is BUSCO, which alongside prokaryotic genomes, it
is able to evaluate eukaryotic ones. Other binning evaluators able to work with eukaryotic
genomes are EukCC (Saary et al, 2020) and EukRep (West et al, 2018).
It may be worth noting that evaluation of reconstructed genomes using single copy genes may
lead to errors in the evaluation: a genome reported with a low completeness value using single
copy genes could be due to the fact that the taxa is lacking the genes considered for the
evaluation, while they can be present in other taxa (Brown et al, 2015; Chen et al, 2020).

Functional potential analysis
The functional potential analysis addresses the problem of identifying the whole gene content
of a metagenome. Usually, this is done by mapping the metagenome to a database of
functionally characterized protein sequences, like KEGG (Kanehisa & Goto, 2000), UniRef
(Suzek et al, 2007), COG (Tatusov et al, 2000), or eggNOG (Jensen et al, 2008; Huerta-Cepas
et al, 2016b). Functional databases classify proteins into gene families, sets of proteins
sharing a common sequence and, more often, a similar function (Dayhoff, 1976). Typically,
gene families are then used to perform pathway reconstruction, using definitions from
MetaCyc (Caspi et al, 2014) or KEGG, for successive analyses aimed to link the functional
profile of the microbial community with phenotypes.
The MG-RAST web server, previously introduced as a taxonomic classifier, also implements
a pipeline to perform gene prediction for subsequent functional annotation against the SEED
classification of subsystems (Overbeek et al, 2005, 2014). As of MEGAN4 (Huson et al, 2011),
the MEGAN suite also introduced functional analysis using SEED, KEGG, InterPro, and
eggNOG. Initially, both tools relied on the BLAST suite for performing sequence alignment,
and with the release of MEGAN6, NCBI-BLAST was replaced in favor of DIAMOND (Buchfink
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et al, 2015), a high-throughput DNA-to-protein aligner. The approach used is based on BLAST:
reads from the metagenomic sample or open reading frames extracted from assembled
genomes are mapped to a database of interest using translated BLAST (BLASTX), and the
best hit is used to assign the function to the gene.
In order to determine the functional potential of a community, it is necessary to look at the
comprehensive set of all the reads, a task that can be computationally intensive and not
avoidable by using, for example, a marker-based approach. Furthermore, it is possible to
characterize the functions encoded by the uncharacterized species that make up the microbial
“dark matter” by simply searching for orthologous genes. More recent and better performing
methods have been developed to overcome the increasing number of available sequences,
such as the introduction of faster protein search algorithms like DIAMOND or RAPSearch2
(Zhao et al, 2012). The latter method has been used by SUPER-FOCUS (Silva et al, 2016),
which internally uses the taxonomic profiler FOCUS in order to identify genera present in the
metagenomic sample, and also by ShotMAP (Nayfach et al, 2015).
In addition to the other tools previously described, as part of the Human Microbiome Project,
HUMAnN (Abubucker et al, 2012) was developed to provide a scalable method able to handle
the large amount of data generated from the seven body sites considered in the study.
HUMAnN allows users to directly profile metagenomes from the raw reads rather than
assemble reads into contigs. To reduce the bottleneck introduced by the translated search,
the second version of the method, HUMAnN2 (Franzosa et al, 2018) introduced a tiered
approach that limits the number of reads mapped with the translated search by first mapping
the raw reads against functional annotated species-level pangenomes, allowing for faster and
accurate profiling.

Strain-level analysis
With the increasing availability of reference genomes and studies aimed to characterize them,
phenotypes have been observed to be usually associated with a specific bacterial strain
(Segata, 2018). Numerous events like antibiotic resistance gene acquisition (Manara et al,
2018), pathogenicity (Leimbach et al, 2013), or host-to-host transmission (Asnicar et al, 2017;
Ferretti et al, 2018; Yassour et al, 2018) occur at the strain level. Strain characterization is a
task that has traditionally been done for only a limited number of cultivable species relying on
single isolate sequencing. Recent advances in sequencing and the continuous decreasing
cost of sequencing allowed researchers for a high-throughput investigation of microbial strains
using different computational approaches. There is no single definition of what a “strain” is.
Taking into account each single nucleotide variant (SNV) introduced into the genome, all
isolated microorganisms could be potentially classified as different strains. A thorough
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analysis of 90K bacterial genomes conducted by (Jain et al, 2018) defines two genomes
assigned to the same species if they share more than 95% average nucleotide identity (ANI)
calculated over the whole genome sequence, but a clear-cut threshold may not exists for an
operational definition of strains.
Several tools have been developed to perform strain-level taxonomic profiling using different
approaches, ranging from classical microbiology tools applied to metagenomes, an approach
chosen by MetaMLST (Zolfo et al, 2017) and MG-MLST (Bangayan et al, 2020), while other
tools like ConStrains (Luo et al, 2015), DESMAN (Quince et al, 2017a), StrainPhlAn (Truong
et al, 2017), and MetaSNV (Costea et al, 2017a) identify species’ strains by analyzing the SNV
present in the whole genome or within marker genes. Another family of methods relies on
gene content instead of SNV: methods that use this approach are PanPhlAn (Scholz et al,
2016) and MIDAS (Nayfach et al, 2016). Methods that identify strains using SNV can provide
a more detailed phylogenetic reconstruction but lack functional characterization, a perk of
gene-content-based methods. The latter allows for tracking the gene content variation over
time and are able to track low abundant species.
Despite several methods that have been developed to tackle this problem, identifying and
quantifying strains from metagenomes is still a challenge in the field. One big limitation is given
by the fact that it is not feasible to resolve strains based on genome sequence variants for
most of the species having very few sequenced genomes available in public databases. This
is crucial for aligning-based methods: while they can outperform on human-associated
microbiomes, which have a lot of sequenced reference genomes, they could be penalized on
not-so-well-characterized microbiomes like free-living microbial communities. Reproducible
and robust methods to identify strains and genetic variants can enable future studies to identify
specific variants linked to the onset of a specific disease, a similar approach used in genomewide association studies (GWAS) (Power et al, 2017), or even identify specific organisms that
are beneficial for therapeutic treatments (e.g. fecal microbiota transplant (Smillie et al, 2018))

Integrated pipelines for metagenomic analysis
Although several methods have been developed as individual and standalone tools focusing
on a single task that can be taxonomic profiling, functional profiling, or strain-level profiling,
suites that integrate individual computational platforms are available.
Two classic tools as MEGAN (Huson et al, 2007) and MG-RAST (Meyer et al, 2008) are allin-one solutions that alongside taxonomic and functional profiling tools also include
visualization and statistical tools in order to analyze microbiomes using a single application.
Other integrated pipelines like MIDAS (Nayfach et al, 2016) allow for species-level and strain-
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level taxonomic profiling leveraging a custom database clustered at species level mainly
including human-associated species.
A different approach adopted for integrating pipelines is to implement a workflow-based
pipeline, as implemented both by the bioBakery suite (McIver et al, 2018) and QIIME2 (Bolyen
et al, 2019). The bioBakery suite includes AnADAMA, a scientific workflow manager that wraps
the several individual tools included in the suite. QIIME2 architecture is based on plugins
allowing for the integration of different tools inside the ecosystem (e.g., the q2-metaphlan2
plugin allows to run MetaPhlAn2 through QIIME 2 and then process the output using other
QIIME2 plugins). Plugins can be coordinated using workflow systems such as Jupyter
Notebooks (Kluyver et al, 2016), Common Workflow Language (CWL) (Amstutz et al, 2016),
or Snakemake (Köster & Rahmann, 2012) that can be run on a single machine or scaled-up
to a grid or cloud computing environment. Both the bioBakery suite and QIIME2 allow the enduser to perform a full metagenomic analysis as described in Figure 1 since both include tools
able to perform each step of the theoretical metagenomic workflow. Online resources like the
Galaxy framework (Afgan et al, 2018) allow researchers to process, analyze, and visualize
metagenomic data using a web server. Within the Galaxy framework, all the tasks can be
performed singularly but the key feature is the availability of a workflow manager to orchestrate
the execution of tools.
Integrated workflow-based pipelines are key for reproducible research: they allow to track all
the tasks that are needed to be run for a single analysis and more importantly, analyses are
performed transparently, also tracking which exact version of the software was used, an
important factor when comes to identifying possible changes in results due to software bugs.
Computational workflows improve efficiency by parallelizing the same set of tasks on multiple
samples, potentially the ease of the parallelization is offered by providing only information
about the location of the input and output files.

Databases for microbial genomics
Microbial databases are crucial when it comes to performing metagenomic analyses. To date,
several general purpose and specific databases are available storing crucial information on
genes, proteins, genomes, expression data, gene interactions, and metabolic pathways. NCBI
RefSeq is the de facto microbial database chosen by the majority of researchers for depositing
reference genomes, but several other databases are available (e.g., PATRIC, Ensembl, JGI
1K, FungiDB, IMG). However, researchers choose to submit reference genomes exclusively
to a single database, resulting in a non-concordance of the microbial genomes in those
databases (Loeffler et al, 2020). Many databases have unique content not shared with other
databases and this makes it difficult for tools to rely on the same set of reference genomes.
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A good way to handle proteins is to classify them into different protein families. To this end,
different databases organize proteins according to different criteria, just to mention a few,
PFAM (Finn et al, 2014) classifies protein sequences according to conserved protein domains
or protein structure, EggNOG (Jensen et al, 2008) and COG (Tatusov et al, 2000) provides a
phylogenetic classification of proteins. Reconstructing the metabolism of an organism starting
from the genome is a challenging task that combines high-throughput data and classical
biochemistry. The Kyoto Encyclopedia of Genes and Genomes (KEGG) (Kanehisa & Goto,
2000) provides an extensive catalog of organism-specific metabolic pathways and genomic
information. Along the lines of KEGG, the MetaCyc database (Caspi et al, 2014), part of
BioCyc, makes available metabolic pathways, enzymes, reactions, and metabolites for a
multitude of species. Although at a first sight these resources can look independent one from
the other, efforts in creating a “one-stop-shop” database have positively resulted in portals
hosted by the National Center for Biotechnology Information (NCBI) and the European
Bioinformatics Institute at the European Molecular Biology Laboratory (EMBL-EBI), which
store genomes submitted to the International Nucleotide Sequence Database Consortium
(INSDC) (Cochrane et al, 2016), a joint initiative between the DNA Data Bank of Japan
(DDBJ), EMBL-EBI and NCBI. EMBL-EBI offers a protein-centered portal that cross-links
databases and tools, UniProt (UniProt Consortium, 2019), a comprehensive resource for
protein sequence and annotation data. The UniProt Knowledgebase (UniProtKB) is a
collection of manually curated (SwissProt) and unreviewed (TrEMBL) proteins extracted from
the genomes deposited in the INSDC and linked via cross-references to several different
functional, phylogenomic, and protein domain databases (KEGG, KO, EggNOG, GO, EC,
Pfam) (Kanehisa & Goto, 2000; Huerta-Cepas et al, 2016b; The Gene Ontology Consortium,
2019; El-Gebali et al, 2019).
Such levels of integration and cross-reference with multiple databases facilitates the
development of automated, high-throughput analyses, even if a level of manual curation is
needed. One aim of this thesis is to provide an integrated system to organize the microbial
genomic information, here we want to present ChocoPhlAn, a genomic repository of highquality fully-annotated microbial reference genomes and the corresponding functionallyannotated gene families.
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Integrating taxonomic, functional, and strain-level profiling
of diverse microbial communities with bioBakery 3
This chapter contains a work made available online via a preprint on bioRxiv and currently
submitted for publication in a scientific journal.
In this project I designed and implemented the methods for ChocoPhlAn and led the update
of the source code for MetaPhlAn. I also was in charge for the creation of standardized
packaging for most of the bioBakery tools. I performed all the validation of the methods and
software for ChocoPhlAn and updated them based on validation issues and external feedback,
I also led the analysis related to the evaluation of MetaPhlAn, processed all the samples
analyzed in the meta-analysis of the CRC datasets, performed all the statistical analysis
except for the random forest classification and the standardized mean differences based metaanalysis, and wrote the first draft of the manuscript.
Francesco Beghini, Lauren J. McIver, Aitor Blanco-Míguez, Leonard Dubois, Francesco
Asnicar, Sagun Maharjan, Ana Mailyan, Andrew Maltez Thomas, Paolo Manghi, Mireia
Valles-Colomer, George Weingart, Yancong Zhang, Moreno Zolfo, Curtis Huttenhower, Eric
A. Franzosa, Nicola Segata
Integrating taxonomic, functional, and strain-level profiling of diverse microbial
communities with bioBakery 3
bioRxiv preprint (2020) - https://doi.org/10.1101/2020.11.19.388223

Abstract
Culture-independent analyses of microbial communities have advanced dramatically in the
last decade, particularly due to advances in methods for biological profiling via shotgun
metagenomics. Opportunities for improvement continue to accelerate, with greater access to
multi-omics, microbial reference genomes, and strain-level diversity. To leverage these, we
present bioBakery 3, a set of integrated, improved methods for taxonomic, strain-level,
functional, and phylogenetic profiling of metagenomes newly developed to build on the largest
set of reference sequences now available. Compared to current alternatives, MetaPhlAn 3
increases the accuracy of taxonomic profiling, and HUMAnN 3 improves that of functional
potential and activity. These methods detected novel disease-microbiome links in applications
to CRC (1,262 metagenomes) and IBD (1,635 metagenomes and 817 metatranscriptomes).
Strain-level profiling of an additional 4,077 metagenomes with StrainPhlAn 3 and PanPhlAn 3
unraveled the phylogenetic and functional structure of the common gut microbe
Ruminococcus bromii, previously described by only 15 isolate genomes. With open-source
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implementations and cloud-deployable reproducible workflows, the bioBakery 3 platform can
help researchers deepen the resolution, scale, and accuracy of multi-omic profiling for
microbial community studies.

Introduction
Studies of microbial community biology continue to be enriched by the growth of cultureindependent sequencing and high-throughput isolate genomics (Pasolli et al, 2019; Almeida
et al, 2019; Zou et al, 2019; Almeida et al, 2020; Parks et al, 2017; Forster et al, 2019; Poyet
et al, 2019). Shotgun metagenomic and metatranscriptomic (i.e. “meta-omic”) measurements
can be used to address an increasing range of questions as diverse as the transmission and
evolution of strains in situ (Ferretti et al, 2018; Yassour et al, 2018; Asnicar et al, 2017; Truong
et al, 2017), the mechanisms of multi-organism biochemical responses in the environment
(Blaser et al, 2016; Alivisatos et al, 2015), or the epidemiology of the human microbiome for
biomarkers and therapy (Zeller et al, 2014; Le Chatelier et al, 2013; Gopalakrishnan et al,
2018; Thomas et al, 2019). Using such analyses for accurate discovery, however, requires
efficient ways to integrate hundreds of thousands of (potentially fragmentary) isolate genomes
with community profiles to detect novel species and strains, non-bacterial community
members, microbial phylogeny, and evolution, and biochemical and molecular signaling
mechanisms. Correspondingly, this computational challenge has necessitated the continued
development of platforms for the detailed functional interpretation of microbial communities.
The past decade of metagenomics has seen remarkable growth both in the biology accessible
via high-throughput sequencing and in the methods for doing so. Beginning with the nowclassic questions of “who’s there?” and “what are they doing?” in microbial ecology (Human
Microbiome Project Consortium, 2012), shotgun metagenomics provide a complementary
means of taxonomic profiling to amplicon-based (e.g. 16S rRNA gene) sequencing, as well as
functional profiling of genes or biochemical pathways (Quince et al, 2017b; Segata et al,
2013a; Morgan et al, 2013). More recently, metagenomic functional profiles have been joined
by metatranscriptomics to also capture community regulation of gene expression (Lloyd-Price
et al, 2019). Methods have been developed to focus on all variants of particular taxa of interest
within a set of communities (Pasolli et al, 2019), to discover new variants of gene families or
biochemical activities (Franzosa et al, 2018; Kaminski et al, 2015), or to link the presence and
evolution of closely related strains within or between communities over time, space, and
around the globe (Tett et al, 2019; Karcher et al, 2020; Beghini et al, 2017). Critically, all of
these analyses (and the use of the word “microbiome” throughout this manuscript) are equally
applicable to both bacterial and non-bacterial community members (e.g. viruses and
eukaryotes) (Beghini et al, 2017; Olm et al, 2019; Yutin et al, 2018). Finally, although not
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addressed in depth by this study, shotgun meta-omics have increasingly also been combined
with other community profiling techniques such as metabolomics (Sun et al, 2018; Heinken et
al, 2019; Lloyd-Price et al, 2017) and proteomics (Xiong et al, 2015) to provide richer pictures
of microbial community membership, function, and ecology.
Methods enabling such analyses of meta-omic sequencing have developed in roughly two
complementary types, either relying on metagenomic assembly or using largely assemblyindependent, reference-based approaches (Quince et al, 2017b). The latter is especially
supported by the corresponding growth of fragmentary, draft, and finished microbial isolate
genomes, and their consistent annotation and clustering into genome groups and pangenomes (Pasolli et al, 2019; Almeida et al, 2019, 2020). Most such methods focus on
addressing a single profiling task within (most often) metagenomes, such as taxonomic
profiling (Wood et al, 2019; Lu et al, 2017; Truong et al, 2015; Milanese et al, 2019), strain
identification (Truong et al, 2017; Scholz et al, 2016; Luo et al, 2015; Nayfach et al, 2016), or
functional profiling (Franzosa et al, 2018; Kaminski et al, 2015; Nazeen et al, 2020; Nayfach
et al, 2015). In a few cases, platforms such as the bioBakery (McIver et al, 2018), QIIME 2
(Bolyen et al, 2019), or MEGAN (Mitra et al, 2011) integrate several such methods within an
overarching environment. While not a primary focus of this study, metagenomic assembly
methods enabling the former types of analyses (e.g. novel organism discovery or gene
cataloging (Lesker et al, 2020; Stewart et al, 2019)) have also advanced tremendously (Li et
al, 2015; Nurk et al, 2017) and are now reaching a point of integrating microbial community
and isolate genomics, particularly for phylogeny (Asnicar et al, 2020; Zhu et al, 2019). These
efforts have also led to increased consistency in microbial systematics and phylogeny,
facilitating the types of automated, high-throughput analyses necessary when manual curation
cannot keep up with such rapid growth (Chaumeil et al, 2019; Asnicar et al, 2020).
Here, to further increase the scope of feasible microbial community studies, we introduce a
suite of updated and expanded computational methods in a new version of the bioBakery
platform. The bioBakery 3 includes updated sequence-level quality control and contaminant
depletion guidelines (KneadData), MetaPhlAn 3 for taxonomic profiling, HUMAnN 3 for
functional profiling, StrainPhlAn 3 and PanPhlAn 3 for nucleotide- and gene-variant-based
strain profiling, and PhyloPhlAn 3 for phylogenetic placement and putative taxonomic
assignment of new assemblies (metagenomic or isolate). Most of these tools leverage an
updated ChocoPhlAn 3 database of systematically organized and annotated microbial
genomes and gene family clusters, newly derived from UniProt/UniRef (Suzek et al, 2007) and
NCBI (NCBI Resource Coordinators, 2014). Our quantitative evaluations show each individual
tool to be more accurate and, typically, more efficient than its previous version and other
comparable methods, increasing sensitivity and specificity by sometimes more than 2-fold
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(e.g., in non-human-associated microbial communities). Biomarker identifications in 1,262
colorectal cancer (CRC) metagenomes, 1,635 inflammatory bowel disease (IBD)
metagenomes, and 817 metatranscriptomes show both the platforms efficiency and its ability
to detect hundreds of species and thousands of gene families not previously profiled. Finally,
in 4,077 human gut metagenomes containing Ruminococcus bromii, the bioBakery 3 platform
permits an initial integration of assembly- and reference-based metagenomics, discovering a
novel biogeographical and functional structure within the clade’s evolution and global
distribution.

All

components

are

available

as

open-source

implementations

with

documentation, source code, and workflows enabling provenance, reproducibility, and local
or

cloud

deployment

at

http://segatalab.cibio.unitn.it/tools/biobakery

and

http://huttenhower.sph.harvard.edu/biobakery.

Results
The bioBakery provides a complete meta-omic tool suite and analysis environment, including
methods for individual meta-omic (and other microbial community) processing steps,
downstream statistics, integrated reproducible workflows, standardized packaging and
documentation via open-source repositories (GitHub, Conda, PyPI, and R/Bioconductor), gridand cloud-deployable images (AWS, GCP, and Docker), online training material and
demonstration data, and a public community support forum. For any sample set, quality
control, taxonomic profiling, functional profiling, strain profiling, and resulting data products
and reports can all be generated with a single workflow, while maintaining version control and
provenance logging. All of the methods themselves, the associated training material, quality
control using KneadData, and packaging for distribution and use have been updated in this
version. For example, Docker images have been scaled down in size to optimize use in cloud
environments, and workflows have been ported to AWS (Amazon Web Services) Batch and
Terra/Cromwell (Google Compute Engine) to reduce costs through the use of spot and preemptive instances, respectively. All base images and dependencies have been updated as
well, including the most recent Python (v3.7+) and R (v4.0+, see Methods). New and updated
documentation of all tools, including detailed instructions on installation in different
environments

and

package

managers,

is

available

at

http://huttenhower.sph.harvard.edu/biobakery.

High-quality reference sequences for improved meta-omic profiling
The majority of methods within the bioBakery 3 suite leverage a newly-updated reference
genome and gene cataloging procedure, the results of which are packaged as ChocoPhlAn 3
(Fig. 1.2.1A) (McIver et al, 2018). ChocoPhlAn uses publicly available genomes and
standardized gene calls and gene families to generate markers for taxonomic and strain-level
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profiling of metagenomes with MetaPhlAn 3, StrainPhlAn 3, and PanPhlAn 3, phylogenetic
profiling of genomes and MAGs with PhyloPhlAn 3, and functional profiling of metagenomes
with HUMAnN 3.
ChocoPhlAn 3 is based on a genomic repository of 99.2k high-quality, fully annotated
reference microbial genomes from 16.8k species available in the UniProt Proteomes portal as
of January 2019 (UniProt Consortium, 2019) and the corresponding functionally-annotated
87.3M UniRef90 gene families (Suzek et al, 2015). From this resource, ChocoPhlAn initially
generates annotated species-level pangenomes associating each microbial species with its
sequenced genomes and repertoire of UniRef-based gene (nucleotide) and protein (amino
acid sequence) families. These pangenomes provide a uniform shared resource for
subsequent profiling across bioBakery 3. HUMAnN 3 and PanPhlAn 3 are directly based on
complete pangenomes for overall functional and strain profiling, whereas other tools use
additional information annotated onto the catalog. PhyloPhlAn 3 focuses on the subset of
conserved core gene families (i.e., present in almost all strains of a species) for inferring
accurate phylogenies, and both MetaPhlAn 3 and StrainPhlAn 3 further refine core gene
families into species-specific unique gene families to generate unambiguous markers for
metagenomic species identification and strain-level genetic characterization.
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Figure 1.2.1: bioBakery 3 includes new microbial community profiling approaches that outperform
previous versions and current methods. (A) The newly developed ChocoPhlAn 3 consolidates, quality controls,
and annotates isolate-derived reference sequences to enable metagenomic profiling in subsequent bioBakery
methods. (*The 1.1M MetaPhlAn 3 markers also comprise for 61.8k viral markers from MetaPhlAn 2 (Truong et al,
2015); other version descriptions in (Truong et al, 2017; Scholz et al, 2016; Asnicar et al, 2020)) (B) MetaPhlAn 3
was applied to a set of 113 total evaluation datasets provided by CAMI (Fritz et al, 2019) representing diverse
human-associated microbiomes and 5 datasets of non-human-associated microbiomes (Table S1.2.1). MetaPhlAn
3 showed increased performance compared with the previous version MetaPhlAn 2 (Truong et al, 2015), mOTUs2
(Milanese et al, 2019), and Bracken 2.5 (Lu et al, 2017). We report here the F1 scores (harmonic mean of the
species-level precision and recall, see Fig. S1.2.1 for other evaluation scores). (C) MetaPhlAn 3 better
recapitulates relative abundance profiles both from human and murine gastrointestinal metagenomes as well from
non-human-associated communities compared to the other currently available tools (full results in Fig. S1.2.1).
Bracken is reported both using its original estimates based on the fraction of reads assigned to each taxa and after
re-normalizing them using the genome lengths of the taxa in the gold standard to match the taxa abundance
estimate of the other tools. (D) Compared with HUMAnN 2 (Franzosa et al, 2018) and Carnelian (Nazeen et al,
2020), HUMAnN 3 produces more accurate estimates of EC abundances and displays a higher species true
positive rate compared to HUMAnN 2.

1.2-36

MetaPhlAn 3 increases the accuracy of quantitative taxonomic profiling
MetaPhlAn estimates the relative abundance of microbial taxa in a metagenome using the
coverage of clade-specific marker genes (Segata et al, 2012b; Truong et al, 2015). Such
marker genes are chosen so that essentially all of the strains in a clade (species or otherwise)
possess such genes, and at the same time no other clade contains orthologs close enough to
incorrectly map metagenomic reads. MetaPhlAn 3 incorporates 13.5k species (more than
twice than MetaPhlAn 2) with a completely new set of 1.1M marker genes (84±47 mean±SD
markers per species) selected by ChocoPhlAn 3 from the set of 16.8k species pangenomes.
The adoption of UniRef90 gene families permitted the efficient expansion of the core-gene
identification procedure, which is followed by a mapping of potential core genes against all
available whole microbial genomes to ensure unique marker identification (see Methods).
This restructuring of the marker selection process has been combined with several
improvements and extensions of the algorithm, including optimized quality control during
marker alignments and an estimation of the metagenome fraction composed of unknown
microbes (Table S1.2.2).
We evaluated the taxonomic profiling performance of MetaPhlAn 3 using 118 synthetic
metagenomes spanning 113 synthetic samples from the 2nd CAMI Challenge (Fritz et al, 2019;
Sczyrba et al, 2017) through the OPAL benchmarking framework (Meyer et al, 2019) These
represent typical microbiomes from five human-associated body sites and the murine gut, and
we complemented them with 5 additional newly-generated synthetic non-human-associated
metagenomes (see Methods). In addition to MetaPhlAn 3, the comparative evaluation
considered MetaPhlAn 2.7 (Truong et al, 2015), mOTUs 2.51 (Milanese et al, 2019) (latest
database available as of July 2020), and Bracken 2.5 (using a database built after the April
2019 RefSeq release) (Lu et al, 2017; Wood et al, 2019). These three profiling tools have
consistently been shown to outperform other methods across multiple evaluations (Truong et
al, 2015; Milanese et al, 2019; Meyer et al, 2019; Sczyrba et al, 2017; McIntyre et al, 2017;
Ye et al, 2019).
MetaPhlAn 3 outperformed all the other profilers across all considered types of communities
when assessing the F1 score (Fig. 1.2.1B), which is a measure combining the fraction of
species actually present in the metagenomes that are correctly detected (recall, Fig. S1.2.1)
and the fraction of species predicted to be present that were actually included in the synthetic
metagenome (precision, Fig. S1.2.1). With a very low number of false positive species
detected, MetaPhlAn 3 (avg 8.51 s.d. 5.12) also maximized precision (Fig. S1.2.1) with
respect to the other tools (avg 9 s.d. 4.78 for mOTUs in high precision mode, the closest
competitor on precision). On recall, Bracken and mOTUs in high-recall mode were in several
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cases superior to MetaPhlAn 3, but at the cost of a very high number of false positives (on
average 729 species for Bracken and 39 for mOTUs high-recall, for a total of 86,077 and 4,655
false positive species across the synthetic metagenomes). MetaPhlAn can further minimize
false positives by requiring a higher fraction of positive markers for positive species (“--stat_q”
parameter, Fig. S1.2.2), but overall the F1 measure with default settings remains higher than
the other evaluated tools across the panel of synthetic metagenomes in our evaluation.
In addition to more accurate species detection, MetaPhlAn 3 also quantified taxonomic
abundance profiles more accurately compared to MetaPhlAn 2, mOTUs2, and Bracken based
on Bray-Curtis dissimilarities in most datasets (Table S1.2.3, Fig. 1.2.1C). While it was slightly
outperformed by mOTUs (only in high-recall mode) on the synthetic mouse gut dataset, even
in this case, correlation-based measures (Pearson Correlation Coefficient between estimated
and expected relative abundances) found MetaPhlAn 3 to be more accurate (r=0.73) than the
other considered profilers (MetaPhlAn 2 r=0.63, mOTUs2 precision r=0.60, mOTUs2 recall
r=0.71, Bracken r=0.43). Additionally, because Bracken estimates the fraction of reads
belonging to each taxa rather than the relative abundance of each taxa, we also re-normalized
its abundances based on genome length of the target species. This post-hoc re-normalization
improved Bracken’s performance on taxonomic abundances (but not false positives and false
negatives) that however remained comparable with MetaPhlAn 3 only in some of the simulated
environments (Fig. S1.2.1). Overall, this confirms that MetaPhlAn 3 is superior to its previous
version and is more accurate than other currently available tools in the large majority of
simulated environment-specific datasets.
In addition to improvements in accuracy, MetaPhlAn 3’s computational efficiency also
compares favorably with alternatives and with its previous version. It is >3x faster than
MetaPhlAn 2 (10.0k vs. 2.9k reads/second on a Xeon Gold 6140) and almost matches the
speed of Bracken (11k reads per second). MetaPhlAn 3 memory usage is slightly higher
(2.6Gb for a complete taxonomic profiling run) than MetaPhlAn 2 (2.1Gb), but outperforms
the other methods (4.3 Gb for mOTUs and 32.5 Gb for Bracken, Fig. S1.2.2, Table S1.2.4).

HUMAnN 3 accurately quantifies species’ contributions to community
function
HUMAnN 3 functionally profiles genes, pathways, and modules from metagenomes, now
using native UniRef90 annotations from ChocoPhlAn species pangenomes. We compared its
performance against HUMAnN 2 (Franzosa et al, 2018), and the recently published Carnelian
(Nazeen et al, 2020) when profiling the 30 CAMI and 5 additional synthetic metagenomes
introduced above (see Methods and Fig. 1.2.1). Carnelian was selected because it was
published subsequent to HUMAnN 2 and, more importantly, follows the HUMAnN strategy of
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estimating the relative abundance of molecular functions directly from shotgun meta-omic
sequencing reads rather than assembled contigs (albeit by a different approach). While
HUMAnN 2 and 3 can both natively estimate the relative abundances of a wide variety of
functional features from a metagenome (by first quantifying and then manipulating UniRef90
or UniRef50 abundances), we selected level-4 enzyme commission (EC) categories as a basis
for comparison with Carnelian, as the method’s authors provided a precomputed index for EC
quantification (Nazeen et al, 2020).
HUMAnN 3 produced highly accurate estimates of community-level EC abundances across
the 30 CAMI metagenomes (mean ± SD of Bray-Curtis similarity=0.93 ± 0.03, Fig. 1.2.1).
HUMAnN 2 followed with an accuracy of 0.70 ± 0.04 and Carnelian at 0.49 ± 0.04. While
HUMAnN 3 benefits in part from access to a more up-to-date sequence database, we note
that HUMAnN 2’s database (c. 2014) predates the Carnelian method by several years, and so
recency cannot be the only explanation for this trend. For example, Carnelian uses a mean
sequence length per EC during abundance estimation, a choice which may contribute
additional error relative to HUMAnN’s sum over per-sequence estimates. We observed similar
trends in accuracy among the three methods using F1 score to prioritize presence/absence
calls over abundance (Fig. S1.2.3). HUMAnN 2 and Carnelian were notably similar with
respect to sensitivity (0.72 ± 0.05 vs. 0.74 ± 0.04, respectively) but not precision (0.95 ± 0.02
vs. 0.60 ± 0.08). This difference is attributable in part to HUMAnN’s use of database sequence
coverage filters (see Methods) to reduce false positives, an approach introduced for
translated search in HUMAnN 2 and expanded to nucleotide search in HUMAnN 3 (Fig.
S1.2.4).
One of the main advantages of HUMAnN 3 (and 2) compared with other functional profiling
systems (including Carnelian) is their ability to stratify community functional profiles according
to contributing species. This feature is additionally more accurate and useful in HUMAnN 3 as
a function of its broader pangenome catalog. Across the CAMI metagenomes, EC accuracy
for species with at least 1x mean coverage depth was 0.81 ± 0.16 for HUMAnN 3 and 0.51 ±
0.15 for HUMAnN 2 (mean ± SD within-species Bray-Curtis similarity; Fig. 1.2.1). HUMAnN 3
(via MetaPhlAn 3) additionally tended to detect more expected species in this coverage range
compared with HUMAnN 2, a major driver of its improved community-level accuracy. As
previously noted (Franzosa et al, 2018), HUMAnN’s within-species function sensitivity is
naturally lower for species below 1x coverage in a sample, as many of their genes will not
have been sampled at all during the sequencing process. Per-species precision, however,
remained high with HUMAnN independent of coverage and, following refinements in alignment
post-processing, was slightly improved in v3 compared with v2 (0.95 ± 0.08 vs. 0.91 ± 0.07).
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Carnelian was the most computationally efficient of the three methods, analyzing the CAMI
metagenomes in 26.4 ± 2.7 CPU-hours (mean ± SD) compared with 38.1 ± 12.8 CPU-hours
for HUMAnN 2 and 52.5 ± 19.2 CPU-hours for HUMAnN 3 (Fig. S1.2.3). Trends in peak
memory use (MaxRSS) were similar, with Carnelian requiring 11.9 ± 0.0 GB versus HUMAnN
2’s 17.0 ± 0.3 GB and HUMAnN 3’s 21.5 ± 1.9 GB. We attribute these differences in large part
to the sizes of the sequence spaces over which the methods search: while Carnelian focuses
only on a subset of sequences annotatable to EC terms, HUMAnN aims to first quantify 10s
of millions of unique UniRef90s, of which only 12.5% are ultimately annotated by ECs. The
increased runtime of HUMAnN 3 compared to HUMAnN 2 is likewise attributable to the
former’s larger translated search database (87.3M vs. 23.9M UniRef90 sequences), as the
translated search tier is the rate-limiting step of the HUMAnN algorithm even when most
sample reads are explained in the preceding nucleotide-level search tiers (Fig. S1.2.5). This
phenomenon also explains the greater runtime variability of HUMAnN, as runtimes vary
inversely with the (a priori unknown) fraction of sample reads explained before the translated
search tier (Franzosa et al, 2018). Notably, by bypassing the translated search step, HUMAnN
3 could explain the majority of CAMI metagenomic reads (70.9 ± 9.6% per sample) in only 5.8
± 0.8 CPU-hours (a 9x speed-up; Fig. S1.2.5), although this is generally only appropriate for
communities known to be well-covered by related reference sequences.
Evaluations on a set of synthetic metagenomes enriched for non-human-associated species
resulted in similar relative accuracy and efficiency trends among the three methods (Fig. 1.2.1
and Fig. S1.2.3). Hence, HUMAnN 3’s strong performance is not restricted to microbial
communities assembled from host-associated species. Moreover, MetaPhlAn 3’s improved
sensitivity for non-host-associated species increased both the accuracy and performance of
HUMAnN 3 relative to HUMAnN 2 (by enabling a larger fraction of reads to be explained during
the faster and more accurate pangenome search step). Finally, we evaluated HUMAnN 3’s
accuracy at the level of individual UniRef90 protein families (Fig. S1.2.5). As previously noted
(Franzosa et al, 2018), the challenge of differentiating globally homologous UniRef90 protein
sequences using short sequencing reads results in a reduction of community and per-species
accuracy relative to broader gene families. However, because these homologs tend to share
similar functional annotations, this error is smoothed out when individual UniRef90
abundances are combined in HUMAnN’s downstream steps (as seen in the EC-level
evaluation; Fig. 1.2.1).
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MetaPhlAn 3 and HUMAnN 3 expand the link between the microbiome
and colorectal cancer with a meta-analysis of 1,262 metagenomes
To illustrate the potential of bioBakery 3’s updated profiling tools and to extend our
understanding of the microbial signatures in colorectal cancer (CRC), we expanded our
previous work to meta-analyze both existing and newly available CRC metagenomic cohorts
for a total of 1,262 samples (600 control and 662 CRC samples) from 9 different datasets
spanning 8 different countries (Gupta et al, 2019; Feng et al, 2015; Thomas et al, 2019;
Vogtmann et al, 2016; Wirbel et al, 2019; Yachida et al, 2019; Yu et al, 2017; Zeller et al,
2014). The resulting integrated profiles are available for download (Table S1.2.5) and included
in the new release of curatedMetagenomicData (Pasolli et al, 2017).
MetaPhlAn 3 identified a total of 1,083 species detected at least once (172 considered
“prevalent” when defined as present in >5% of samples at >0.1% relative abundance), of which
505 species (52 prevalent) were previously not reported by MetaPhlAn 2 due to the expansion
of the genome database (or in some cases because of changes in the NCBI taxonomy). In
addition, 82 species present in the MetaPhlAn 2 database were not detected by MetaPhlAn 2
but are now identified in the samples by MetaPhlAn 3, due to the expanded sequence catalog,
improved marker discovery procedure, and increased sensitivity to low-abundance species
(Thomas et al, 2019).
We found 121 species significantly associated with CRC (FDR < 0.05 and Q-test for
heterogeneity > 0.05; Table S1.2.6) by a meta-analysis of standardized mean differences
using a random-effects model on arcsine-square-root-transformed relative abundances (see
Methods). Association coefficients were also concordant with previous MetaPhlAn 2-based
results using a fraction of the samples (Thomas et al, 2019), including the three species with
the highest effect sizes: Fusobacterium nucleatum, Parvimonas micra, and Gemella
morbillorum. We also identified three additional species not present in the previous MetaPhlAn
2 database that were among those most strongly associated with CRC (effect size >0.35):
Dialister pneumosintes, Ruthenibacterium lactatiformans, and Eisenbergiella tayi (Fig. 1.2.2B,
Fig. S1.2.6, Fig. S1.2.7A). Among these species, Dialister pneumosintes is typically oral,
further reinforcing the role of oral taxa in CRC, and Ruthenibacterium lactatiformans was
reported as part of a consortium of bacteria able to increase colonic IFNγ+ T-cells (Tanoue
et al, 2019). The expanded number of species detectable by MetaPhlAn 3 also strengthened
the previously-observed pattern of increased richness in CRC-associated microbiomes - in
contrast to the stereotype of decreased diversity during dysbiosis - in large part due to lowlevel addition of typically oral microbes to the baseline gut microbiome (Fig. 1.2.2C).
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Functional profiling of this expanded CRC meta-analysis with HUMAnN 3 identified 4.3M
UniRef90 gene families, corresponding to 549 MetaCyc pathways and 2,895 ECs. 120
MetaCyc pathways were significantly associated with CRC (Wilcoxon rank-sum test FDR <
0.05 and Q-test for heterogeneity > 0.05) (Fig. S1.2.7B), of which 59 (49.1%) were in
concordance with previous results and included the increased abundance of starch
degradation pathway V (Table S1.2.6) in the healthy individuals. This pathway encodes
functions for extracellular breakdown of starch by an amylopullulanase enzyme, which has
both pullulanase and α-amylase activity (Flint et al, 2012). Bifidobacterium breve and other
Bifidobacterium spp have been shown to encode amylopullulanases and attach to starch
particles and were also reported for their potential protective role against carcinogenesis
(Sivan et al, 2015). Among the 20 disease-associated pathways with the highest significance,
only 3 were present in the previous meta-analysis with the majority exhibiting significant
heterogeneity in the random effects model, possibly due to the inclusion of additional
geographically distinct cohorts. Large and geographical heterogeneous CRC cohorts
combined with improved taxonomic and functional profiling available via MetaPhlAn 3 and
HUMAnN 3 thus have the possibility to extend and refine microbiome biomarkers of CRC .
Improvements in HUMAnN 3 also allowed us to directly test functional hypotheses in the
context of the CRC microbiome. Specifically, we previously showed that the abundance of the
microbial gene encoding for the choline trimethylamine-lyase (cutC) is significantly higher in
CRC patients (Thomas et al, 2019), using a customized ShortBRED database (Kaminski et
al, 2015) due to incompleteness of reference sequences previously available to HUMAnN 2.
HUMAnN 3 was instead able to directly profile relative abundances of 113 UniRef90 gene
families annotated as cutC orthologs and identified 909 metagenomes in this data collection
carrying at least one UniRef90 gene family annotated as cutC. These confirmed an increase
of cutC relative abundance in CRC samples compared to controls (Wilcoxon rank-sum test
P<0.05 in 6 of the 9 datasets, meta-analysis P<0.0001) and thus a potential role of TMAproducing dietary choline metabolism in the gut for this malignancy. Interestingly, a metaanalysis performed on the relative abundances of the L-carnitine dioxygenase gene (yeaW),
a gene also involved in the trimethylamine synthesis, revealed only weak associations with
disease status (Wilcoxon rank-sum test P<0.05 in 3 of the 9 datasets, meta-analysis P=0.095,
Fig. S1.2.8, Fig. S1.2.9), possibly reflecting a stronger effect of dietary choline on CRC risk
compared to carnitine.
MetaPhlAn 3 and HUMAnN 3 also proved accurate when combining CRC microbiomes using
more purely discriminative models such as random forests (RFs), reaching 0.85 average AUC
for CRC (vs. control) sample classification in leave-one-dataset-out evaluations using
taxonomic features (LODO, minimum 0.76 for the YachidaS_2019 and ThomasAM_2019_a
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datasets, maximum 0.97 for the GuptaA_2019 dataset; Fig. 1.2.4F, Fig. S1.2.10). As in
previous studies (Thomas et al, 2019; Pasolli et al, 2016), RFs using functional features
performed similarly (0.69 Cross Validation and 0.71 LODO ROC AUC on pathways relative
abundance), indicating a tight link between strain-specific taxonomy and gene carriage in this
setting. When the classification model was used for assessing features’ importance, several
new taxa were identified compared to MetaPhlAn 2 and metabolic pathways or EC-numbers
relative to HUMAnN 2 (Fig. S1.2.10), further confirming the relevance of the new reference
sequences and annotations available to be profiled in bioBakery 3.
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Figure 1.2.2: Meta-analysis with MetaPhlAn 3 and HUMAnN 3 expands taxonomic and functional
associations with the CRC microbiome. (A) We considered a total of nine independent datasets (1,262 total
samples) that highly but not completely overlap in composition based on ordination (multidimensional scaling) of
weighted UniFrac distances (Lozupone & Knight, 2005) computed from the MetaPhlAn 3 species relative
abundances. (B) Meta-analysis based on standardized mean differences and a random effects model yielded 11
MetaPhlAn 3 species significantly (Wilcoxon rank-sum test FDR P<0.05) associated with colorectal cancer at effect
size>0.35 (see Methods). (C) Species richness is significantly higher in CRC samples compared to control
(Wilcoxon rank-sum test P<0.05 in 7/9 datasets), and the expanded MetaPhlAn 3 species catalog detects more
species compared to MetaPhlAn 2 (CRC mean median increase 37.1%, controls mean median increase 36.3%).
(D) Distribution of cutC gene relative abundance (log10 count-per-million normalized) from HUMAnN 3 gene family
profiles supporting the potential link between choline metabolism and CRC (Thomas et al, 2019). (E) Random
forest (RF) classification using MetaPhlAn 3 features and HUMAnN 3 features (F) confirms that CRC patients can
be predicted at (treatment-naive) baseline from the composition of their gut microbiome with performances reaching
~0.85 cross-validated or leave-one-dataset-out (LODO) ROC AUC (see Methods).
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Longitudinal taxonomic and functional meta-omics of IBD
To further demonstrate the utility of MetaPhlAn 3 and HUMAnN 3 on combined meta-omic
sequencing datasets, including identification of expression-level biomarkers, we applied the
updated

methods

to

1,635

shotgun

metagenomes

(MGX)

and

817

shotgun

metatranscriptomes (MTX) derived from the stool samples of the HMP2 Inflammatory Bowel
Disease Multi-omics Database (IBDMDB) cohort (http://ibdmdb.org; see Methods).
Compared with previously published profiles of the samples generated with MetaPhlAn 2 and
HUMAnN 2 (Lloyd-Price et al, 2019) (Fig. 1.2.3A), the v3 methods’ profiles 1) identified more
species pangenomes (MGX medians 40 vs. 48, MTX medians 40 vs. 47); 2) explained larger
fractions of sample reads by mapping to pangenomes (MGX medians 54 vs. 63%, MTX
medians 12 vs. 22%); and 3) explained larger total fractions of sample reads after falling back
to translated search (MGX medians 69 vs. 75%, MTX medians 20 vs. 31%). Note that reduced
MTX mapping rates (relative to MGX rates) result from enrichment for high-quality but noncoding RNA reads, which are unmapped by design in both HUMAnN 2 and 3. The v3 profiles
thus promise increased understanding even of an already well-characterized dataset.
To that end, we applied a mixed-effects model to identify microbial biomarkers of disease
activity within the Crohn’s disease (CD) and ulcerative colitis (UC) subpopulations of the HMP2
cohort (see Methods). More specifically, we examined abundance profiles of EC families from
817 paired HMP2 metagenomes and metatranscriptomes in search of differences in functional
activity between active (dysbiotic) and inactive (non-dysbiotic) time points from longitudinally
sampled CD and UC patients. We identified 558 ECs whose residual expression was
significantly different (FDR q<0.05) in active CD compared with inactive CD and a single EC
that was differentially expressed in active UC (protein O-GlcNAcase, EC 3.2.1.169; Fig.
1.2.3B). The relative absence of biomarkers for active UC may result both from its generally
more benign phenotype (Lloyd-Price et al, 2019) and from the smaller number of active UC
samples (n=23) compared with active CD samples (n=76); as a result, we focused our
subsequent analyses on expression differences within the CD subcohort.
Of the >500 significantly differentially expressed ECs in active CD, all but one were “overexpressed” (i.e. their residual expression after controlling for DNA copy number was higher
than expected in active CD; see Fig. 1.2.3B). Hence, while many species (and their encoded
functions) are known to be lost entirely during active IBD (Lloyd-Price et al, 2019), it seems to
be rare for functions to be maintained by the community but not utilized. The one notable
example of an “under-expressed” function was galactonate dehydratase (EC 4.2.1.6; Fig.
1.2.3C). This enzyme was encoded and highly expressed by Faecalibacterium prausnitzii in
both control and inactive CD samples. While galactonate dehydratase was still
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metagenomically abundant in active CD (where it was contributed primarily by Escherichia
coli), it was not highly expressed under those conditions. Related observations were made
previously using a mouse model of colitis monocolonized with commensal E. coli (Patwa et al,
2011). There, microarray-based measurements found a number of enzymes in the
galactonate utilization pathway, including galactonate dehydratase, to be among the most
strongly down-regulated in comparison with wild-type mice. These results suggest that
galactonate metabolism is either infeasible (e.g. due to low bioavailability) or otherwise
suboptimal (e.g. due to the presence of preferred energy sources) in the inflamed gut, thus
leading to its down-regulation by “generalist” pathobionts like E. coli.
From the many over-expressed functions in active CD, we focused for illustrative purposes on
examples that were encoded non-trivially by species either new or newly classified in
MetaPhlAn 3 (“3.0-new species”; Fig. 1.2.3C). To aid in this process, we defined an h-indexinspired “novelty” score (s) for each EC equal to the largest percentile p of samples with the
EC in which p percent of its copies were contributed by 3.0-new species. For example, an EC
with s=0.25 indicates that at least 25% of the EC’s copies were from 3.0-new species in at
least 25% of samples with the EC. The previously mentioned galactonate dehydratase thus
had a low novelty score (s=0.11) resulting from dominant contributions of F. prausnitzii and E.
coli (which are not new to MetaPhlAn 3).
Conversely, the highest novelty score was observed for glutamyl-tRNA reductase (EC
1.2.1.70, s=0.46), a highly-transcribed housekeeping gene that received large contributions
from the 3.0-new species Roseburia faecis, Phascolarctobacterium faecium, and
Ruminococcus bicirculans. Betaine reductase (EC 1.21.4.4, s=0.43), conversely, is much
more specific and was contributed in part by 3.0-new species Hungatella hathewayi; this is
notable as a rare example of a function that was often detectable from community RNA but
not DNA (indicating high expression from a small pool of gene copies). Pyruvate, water
dikinase (EC: 2.7.9.2) and Ribonuclease E (EC 3.1.26.12) were among the strongest signals
of over-expression in active CD by both effect size and statistical significance; these functions
were also characterized by large contributions of 3.0-new species (s=0.36 and 0.38,
respectively). Ribonuclease E and a final example, hydrogen dehydrogenase NADP(+) (EC
1.12.1.3), are also representative of the degree to which metagenomic copy number (DNA
abundance) tends to be a strong driver of transcription (RNA abundance) in the gut
microbiome, and thus the need to account for the former when estimating functional activity.
The 3.0-new H. hathewayi expresses this enzyme highly in a subset of active CD samples,
thus contributing to the enzyme’s overall association with active CD.
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Figure 1.2.3: Longitudinal taxonomic and functional meta-omics of IBD. (A) Comparison of MetaPhlAn and
HUMAnN profiles of IBDMDB metagenomes and metatranscriptomes using v2 and v3 software (sequencing data
and v2 profiles downloaded from http://ibdmdb.org). (B) >500 Enzyme Commission (EC) families were significantly
[linear mixed-effects (LME) models, FDR q<0.05] differentially expressed in active CD relative to inactive CD; only
a single EC met this threshold for active UC. ECs (points) are colored to highlight large contributions from one or
more species that were new or newly classified in MetaPhlAn 3 (independent of the strength of their association
with active IBD). (C) Selected examples of EC families that were differentially expressed in active CD. Colored
points correspond to active CD samples; all other samples are gray. The first example (blue) is the only EC to be
down-regulated in active CD (as indicated by CD active samples falling below the best-fit RNA vs. DNA line). To
match the associated LME models (see Methods), best-fit lines exclude samples where an EC’s RNA or DNA
abundance was zero (such samples are shown as triangles in the x:y margins). (D) Species contributions to RNA
(top) and DNA (bottom) abundance of EC 1.12.1.3. The 7 strongest contributing species are colored individually;
bold names indicate new species in MetaPhlAn 3. Samples are sorted according to the most abundant contributor
and then grouped by diagnosis. The tops of the stacked bars (representing community total abundance) follow the
logarithmic scale of the y-axis; species’ contributions are linearly scaled within that height.
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Population-scale subspecies genetics (StrainPhlAn) and pangenomics
(PanPhlAn) of Ruminococcus bromii
Strain-level characterization of taxa directly from metagenomes is an effective cultivation-free
means to profile the population structure of a microbial species across geography or other
conditions (Truong et al, 2017; Scholz et al, 2016) and to track strain transmission (Ferretti et
al, 2018). These functionalities are incorporated into (i) StrainPhlAn 3, which infers strain-level
genotypes by reconstructing sample-specific consensus sequences from MetaPhlAn 3
markers (Zolfo et al, 2019) (ii) PanPhlAn 3, which identifies strain-specific combination of
genes from species’ pangenomes; and (iii) PhyloPhlAn 3, which performs precise
phylogenetic placement of isolate and metagenome-assembled genomes (MAGs) using
global and species-specific core genes (Asnicar et al, 2020) (see Methods). ChocoPhlAn 3
automatically quantifies and annotates the distinct types of conservation metrics necessary to
identify these markers, all updated in bioBakery 3 (Table S1.2.2).
Ruminococcus bromii is a common gut microbe that is surprisingly understudied due to its
fastidious anaerobicity and general non-pathogenicity (Ze et al, 2012) but it is prevalent in over
half of typical gut microbiomes. This made its population genetics, geographic association,
and genomic variability of particular interest to assess via StrainPhlAn and PanPhlAn. From
the meta-analysis of 7,783 gut metagenomes integrated for a previous study (Pasolli et al,
2019), we considered the 4,077 metagenomes in which R. bromii was found present with a
relative abundance above 0.05% according to MetaPhlAn 3. StrainPhlAn SNV-based analysis
of the 124 R. bromii-specific marker genes across the 3,375 samples with sufficient markers’
coverage (see Methods) revealed a complex population structure not previously recapitulated
by the only fifteen genomes available from isolate sequencing (Fig. 1.2.4A). Sub-clade
prediction (see Methods) highlighted two sub-species clades that are particularly divergent
within the phylogeny (Fig. S1.2.11C-D); interestingly, the first one (Cluster 1) is mainly
composed of strains retrieved from Chinese subjects and from cohorts with a non-Westernized
lifestyle (Fig. 1.2.4A; Cluster 1). StrainPhlAn 3 can thus rapidly reconstruct complex strainlevel phylogenies from metagenomes (5,700 seconds using 20 CPUs), and with the integration
of PhyloPhlAn 3’s improvements specifically for strain-level manipulation of alignments and
phylogenies (Asnicar et al, 2020), surpasses the previous version of the software in accuracy
and in sensitivity (67.4% more strain profiled, Fig. S1.2.11A-B).
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Figure 1.2.4: Population-scale strain-level phylogenetic and pangenomic analyses of Ruminococcus
bromii from over 4,000 human gut metagenomes. (A) StrainPhlAn 3 profiling revealed stratification of
Ruminococcus bromii clades with genetic content and variants frequently structured with respect to geographic
origin and lifestyle. Genetically divergent subclades were identified, labeled as “Cluster 1” (mainly composed of
strains retrieved from Chinese subjects) and a subspecies-like Cluster 2. (B) Strain tracking of R. bromii. While
unrelated individuals from diverse populations very rarely share highly genetically similar strains, pairs of related
strains are readily detected by StrainPhlAn from longitudinal samples from the same individuals (quantifying shortand medium-term strain retation at about 75%) and in mother-infant pairs (confirming this species is at least partially
vertically transmitted). Normalized phylogenetic distances (nPD) were computed on the StrainPhlAn tree. (C)
PanPhlAn 3 gene profiles of R. bromii strains from metagenomes highlights the variability and the structure of the
accessory genes across datasets (core genes were removed for clarity). A total of 6,151 UniRef90 gene families
from the R. bromii pangenome were detected across the 2,679 of the 4,077 samples in which a strain of this species
was present at a sufficient abundance to be profiled by PanPhlAn. The 13 highest-rooted gene clusters are shown,
highlighting co-occurrence of blocks likely to be functionally related. The most common GO annotations are also
reported together with two operons containing genes verified to be on the same locus by analysis of the reference
genomes in the PanPhlAn 3 database. (D) Genetic (SNV on marker genes from StrainPhlAn 3) and genomic (gene
presence/absence from PanPhlAn 3) distances between R. bromii strains are correlated (Pearson's r=0.632, pvalue<2.2e-16) pointing at generally consistent functional divergence in this species.
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StrainPhlAn 3 also extends the ability of reference-based approaches to infer the genetic
identity of strains across samples as previously explored (Truong et al, 2017; Ferretti et al,
2018). Specifically for R. bromii, different individuals tend to carry different strains diverged
with a roughly normal distribution of genetic identities (mean 3.54e-3 normalized phylogenetic
distance, Fig. 1.2.4B). However, the genetic differences between Cluster 1 and Cluster 2 were
generally greater, with a lower peak and higher distances (mean 6.1e-3, Fig. 1.2.4B). For
carriers of either clade, within-subject strain retention tended to be high as expected (i.e. low
divergence); at distinct time points (average 261.35 s.d. 239.86 days, first quartile 72 days,
third quartile 386 days, 3,537 comparisons in total), most of the strain distances (76.4%)
approached zero (compared to 1% of comparisons for inter-individual differences, Fig.
1.2.4B). In addition to detecting these two genetically distinct clades and quantifying withinindividual strain retention, a final distribution of higher intra-individual distances clearly
captured (rare) strain replacement by R. bromii strains (i) in the same or (ii) in a different main
cluster in the species’ phylogeny. Mother-infant pairs showed a similar dynamic (Fig. 1.2.4B),
with sporadic vertical transmission (~33.3%) (Ferretti et al, 2018; Korpela et al, 2018; Yassour
et al, 2018) mixed with strain loss, replacement, and acquisition from other environmental or
human sources (Korpela et al, 2018). This analysis highlighted the high precision of
StrainPhlAn 3 in detecting strain identity across samples and thus the potential of using it for
tracking the transmission network of specific individual strains within and between subjects.
PanPhlAn 3 provides a complementary form of strain analysis by constructing pangenome
presence-absence (rather than individual nucleotide variant) genotypes (see Methods). Using
8 R. bromii reference genomes, PanPhlAn 3 revealed the presence of 6,151 UniRef90
pangenes across 2,679 samples with sufficient depth to permit confident strain-specific gene
repertoire reconstruction (Fig. 1.2.4C). This mirrored the genetic divergence of R. bromii
Clusters 1 and 2, while also highlighting a range of functional differences annotatable to genes
unique to the two clusters: Cluster 1 and Cluster 2 showed a total of 797 and 601 UniRef90
families specific to them (Fisher's exact test, FDR < 0.05). Although most of these gene
families do not have precise functional annotations, these sets of genes should be prioritized
in experimental characterization efforts to unravel the sub-species diversity of R. bromii, and
UnireRef90-to-GO ID mapping also highlighted an enrichment of membrane proteins in
Cluster 2. Interestingly, other clusters of co-occurring genes were independent of phylogenetic
structure and also verified to be on the same locus on at least two reference genomes in the
PanPhlAn 3 database (Fig. 1.2.4C) providing a new approach at identifying and annotating
potential laterally-mobile elements.
StrainPhlan 3 and PanPhlAn 3 can thus be combined with PhyloPhlAn 3 (Asnicar et al, 2020)
and HUMAnN 3 to provide multiple, complementary, culture-independent means to investigate
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the strain-level diversity of taxa in the microbiome, from new data or by re-using thousands of
publicly available metagenomes. It is notable that these approaches tend to be consistent with
each other (e.g. for R. bromii, Pearson’s r=0.632, P<2.2e-16, Fig. 1.2.4D), while providing
different benefits and drawbacks: PanPhlAn used with HUMAnN input is computationally
efficient, used from whole pangenomes has higher sensitivity, and StrainPhlAn tends to have
higher specificity. Together, the bioBakery 3 components provide an integrated platform for
applying strain-level comparative genomics, taxonomic, and functional profiling to meta-omic
microbial community studies.
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Discussion
Here, we introduce and validate the set of expanded microbial community profiling methods
making up the bioBakery 3 platform, including quality control (KneadData), taxonomic profiling
(MetaPhlAn), strain profiling (StrainPhlAn and PanPhlAn), functional profiling (HUMAnN), and
phylogenetics (PhyloPhlAn), largely relying on the underlying data resource of ChocoPhlAn 3
genomes and pangenomes. These modules are each more accurate and, often, more efficient
than their previous versions and current alternatives, particularly for challenging (e.g. nonhuman-associated) metagenomes and for multi-omics (e.g. metatranscriptomes). In the
process of these evaluations, we detected three species newly associated with CRC (Dialister
pneumosintes, Ruthenibacterium lactatiformans, and Eisenbergiella tayi), over 500 enzyme
families metatranscriptomically upregulated by diverse microbes in IBD, and two new
phylogenetically, genomically, and biogeographically distinct subclades of Ruminococcus
bromii.
These results highlight the degree to which meta-omic approaches can now realize the
potential of culture-independent sequencing for characterizing microbial community dynamics,
interactions, and evolution that are only active in situ and not in vitro. Since early studies of
environmental and host-associated microbial communities (Venter et al, 2004; Tyson et al,
2004; Gill et al, 2006), it has been clear that many aspects of intercellular and inter-species
signaling, short- and long-term evolution, and regulatory programs are exercised by microbes
in their natural settings and extremely difficult to recapitulate in a controlled setting. This is
supported by the extent to which “dark matter” not previously characterized in the laboratory
pervades host-associated and (especially) environmental metagenomes (Parks et al, 2017),
with most communities containing a plurality, majority, or sometimes supermajority of novel
and/or uncharacterized sequences (Pasolli et al, 2019; Almeida et al, 2019). The bioBakery 3
begins to overcome this challenge by combining a greatly expanded set of reference
sequences with ways of “falling back” gracefully when encountering new sequences, while
also paving the way for further integration of assembly-based discovery in the future
(discussed below). Critically, this now permits large collections of meta-omes to be used in
ways only previously possible with large isolate genome or transcriptome collections, e.g.
strain-level integrative comparative genomics, near-real-time epidemiology and evolution, and
detailed gene content prediction and metabolic modeling. Results such as the heterogeneity
of maternal-infant strain transmission and retention, or the globally stratified distribution of
subspecies clades, would be extremely challenging to discover by other means.
Methodologically, it is notable that these new meta-omic analysis types have been enabled by
several years of improved experimental fidelity, denoising, and quality control approaches.
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These effectively retain only the “best” subset of reads from large, noisy meta-omes for each
analysis of interest, e.g. only the most unique sequences for taxonomic identification, or only
the most evolutionarily informative loci for phylogeny. Meta-omes are uniquely positioned for
broad reuse and discovery since different “best” subsets of each dataset can be used to
answer different questions. The development of meta-omic analysis methods thus parallels
that of genome-wide association studies or transcriptomics, inasmuch as early methods were
later refined to provide much greater accuracy and scalability through removal of low-quality
measurements, within- and between-study normalization approaches, statistical methods to
reliably separate signal from noise, and biological annotation of previously uncharacterized
loci. Similarly, methods for amplicon-based community profiling have progressed from noiseand chimera-prone stitching and clustering to near-exact sequence variant tracking (Callahan
et al, 2016). Fortunately, continued decreases in sequencing prices and increases in protocol
efficiency have now made shotgun meta-omics nearly as affordable as amplicon sequencing
in many settings. The challenge, of course, is that each metagenome combines many different
noise sources: there is no single, whole genome to finish; host, microbial, and contaminant
sequences are not always easily differentiated; there is no one set of “true” underlying variants
(since each organism might be represented by multiple strains); and millions of microbial gene
products remain functionally uncharacterized (Thomas & Segata, 2019).
Notably, the bioBakery provides one of very few environments currently capable of integrating
both metagenomes and metatranscriptomes to begin overcoming these uncertainties
(Franzosa et al, 2018). As introduced above, microbial community transcriptomes can be
highly unintuitive to interpret, as transcript abundance is always influenced both by expression
level and by underlying DNA copy number, i.e. abundance of the expressing taxon. Since both
sequence-based DNA and RNA profiles are typically compositional (relative, not absolute,
abundances), there is not always a simple way to account for these effects. HUMAnN 3
provides initial within- and between-species normalization options that can be combined with
the statistical models of differential expression described here, making e.g. the >500
transcripts overexpressed in Crohn’s disease particularly noteworthy. Hungatella hathewayi
was uniquely responsible for many of these, an organism not previously associated with IBD
in humans (Schaubeck et al, 2016). While many of its overexpressed transcripts are core or
housekeeping processes, indicative of general bioactivity in the inflamed gut (comparable to
that of e.g. Escherichia coli (Lloyd-Price et al, 2019)), others such as betaine reductase are
much more specific. This enzyme contributes directly to trimethylamine (TMA) formation (Rath
et al, 2019), one of the more noteworthy microbial metabolites implicated in human disease
via its transformation to proatherogenic trimethylamine-oxide (TMAO) (Tang et al, 2013).
Conversely, the only transcript differentially regulated in ulcerative colitis, underexpressed F.
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prausnitzii galactonate dehydratase, contrasts its utility in polysaccharide degradation under
non-inflamed conditions with the upregulation of alternative, more host-antagonistic energy
sources in E. coli during inflammation (Lloyd-Price et al, 2019). Both of these examples are
only analyzable due to the highly specific assignment of meta-omic reads to individual
community members’ gene families, in combination with appropriate downstream statistical
methods for multi-omics.
Finally, it is striking that metagenomically-derived comparative genomics have only recently
been able to reach the scale and scope previously possible with microbial isolates. The
genomic epidemiology of pathogens has driven the latter - recently in viral outbreaks such as
COVID-19 (Lu et al, 2020) and Ebola (Gire et al, 2014), and in many bacterial conditions such
as cholera (Weill et al, 2017) or pneumonia (Croucher et al, 2011). Since metagenomes can
simultaneously access all community members with relatively little bias, such studies are now
possible with organisms previously overlooked due to the absence of obvious associated
phenotypes or convenient culture techniques (Pasolli et al, 2019; Manara et al, 2019).
Ruminococcus bromii is one such example; despite being over 50% prevalent among typical
human gut communities, only 15 isolates were previously sequenced, precluding any type of
epidemiology or basic phylogenetics. In addition to making a novel sub-species phylogenetic
and biogeographic structure apparent, the combination of MetaPhlAn, HUMAnN, PanPhlAn,
StrainPhlAn, and PhyloPhlAn together confirmed that most strains are “personal” (i.e. specific
of an individual) and transmissible across hosts, and that genomic differences characterize
each subspecies suggesting multiple paths of functional adaptation and specialization.. Such
results are in principle possible with any combination of metagenomic and isolate taxa and
genes of interest, richly integrating culture-independent data with hundreds or thousands of
isolate genomes.
Of course, many challenges remain both for improvement of the bioBakery platform and for
the field as a whole. Both experimental and computational accessibility of non-bacterial
microbial community members remains limited. While accurate, bioBakery 3’s capacity for
non-bacterial profiling is only slightly improved from the previous version by the expansion of
available eukaryotic microbial reference sequences. These components of metagenomes and, for RNA viruses, metatranscriptomes - are often measured with surprising heterogeneity
during the initial generation of sequencing data themselves (Zolfo et al, 2019), suggesting
necessary improvements in analytical quality control and normalization as well. The visibility
of species with particularly high genetic diversity within individual communities also remains
limited; in most cases, only the most dominant strain of each taxon per community is currently
analyzable, again for both experimental (e.g. sequencing depth) and analytical reasons
(Quince et al, 2017b). This is true both for reference-based and for assembly-based
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approaches, the latter of which are often also stymied by highly diverse taxa (Pasolli et al,
2019). A final area of improvement for the bioBakery, relatedly, is the increased integration
between reference-based and assembly-based approaches - begun here via PhyloPhlAn 3 in order to better leverage MAGs (Almeida et al, 2020), SGBs (Pasolli et al, 2019), and novel
gene families.
We thus anticipate improved integration of reference- and assembly-based meta-omic
analyses to be one of the main areas of future development for the bioBakery, along with
expanded methods for other types of multi-omics in addition to transcription. There will also
be a continued focus on quality control and precision, enabling new types of functional analysis
within microbial communities (e.g. bioactivity and gene function prediction) without sacrificing
sensitivity to rare or novel community members. Finally, we are also committed to the
platform’s availability with well-documented, open-source implementations, training material,
and pre-built locally-executable and cloud-deployable packaging. Feedback on any aspect of
the methods or their applications in diverse host-associated or environmental microbiome
settings can be submitted at https://forum.biobakery.org, and we hope the bioBakery will
continue to provide a flexible, convenient, reproducible, and accurate discovery platform for
microbial community biology.
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Methods
The bioBakery 3 is a set of computational methods for the analysis of microbial communities
from meta-omic data that produce taxonomic, functional, phylogenetic, and strain-level profiles
to be interpreted directly or included in downstream statistical analyses (Fig. 1.2.1A). After
read-level quality control by KneadData, MetaPhlAn 3 estimates the set of microbial species
(and corresponding higher taxonomic clades) present in a sample and their relative
abundances. StrainPhlAn 3 deepens genetic characterization by refining strain-level
genotypes of species identified by MetaPhlAn 3. HUMAnN 3 focuses instead on the
identification and quantification of the molecular functions encoded in the metagenome or
expressed in the metatranscriptome, which can be resolved by PanPhlAn 3 into gene
presence-absence strain-level genotypes. PhyloPhlAn 3, as previously reported (Asnicar et
al, 2020), provides a comprehensive means to interpret the draft genomes produced by
assembly-based metagenomic tools. These bioBakery 3 modules are generally based on an
underlying dataset of functionally-annotated isolate microbial genes and genomes produced
by ChocoPhlAn 3 to quality-control and annotated UniProt derivatives. This currently includes
99,227 genomes and 87.3M gene families, almost 100-fold greater than the data types
included in the first bioBakery release (Segata & Huttenhower, 2011).

The AnADAMA scientific workflow manager
Most bioBakery 3 tools are integrated into reproducible workflows (the “bioBakery workflows”,
http://huttenhower.sph.harvard.edu/biobakery_workflows) using the AnADAMA (Another
Automated

Data

Analysis

Management

Application)

task

manager,

currently

v2

(http://huttenhower.sph.harvard.edu/anadama2). Briefly, this wraps doit (http://pydoit.org), a
Python-based dependency manager, to provide a simple but scalable language for analysis
task definition, version and provenance tracking, change management, documentation, grid
and cloud deployment of large compute tasks, and automated reporting. AnADAMA operates
in a make-like manner using targets and dependencies of each task to allow for parallelization.
In cases where a workflow is modified or input files change, only those tasks impacted by the
changes will be rerun. Essential information from all tasks is recorded, using the default logger
and command line reporters, to ensure reproducibility. The information logged includes
command line options provided to the workflow, the function or command executed for each
data modification task, versions of tracked executables, and any output and data products
from each task. It can optionally be used to chain together subsequent bioBakery 3 tasks
and/or to parallelize them efficiently across multiple files or datasets.
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KneadData read-level quality control
The bioBakery 3 includes a simple quality control module for raw sequences, KneadData
(http://huttenhower.sph.harvard.edu/kneaddata), which automates a set of typical best
practices for raw metagenome and metatranscriptome read cleaning and validation. These
include:
●

Trimming of 1) low-quality bases (default: 4-mer windows with mean Phred quality
<20), 2) truncated reads (default: <50% of pre-trimmed length), and 3) adapter and
barcode contaminants using Trimmomatic (Bolger et al, 2014).

●

Removal of overrepresented sequences (default: > 0.1% frequency) using FastQC
(Andrews & Others, 2010) and low-complexity sequences using TRF (Benson, 1999).

●

Depletion of host-derived sequences by mapping with bowtie2 (Langmead & Salzberg,
2012) against an expanded human reference genome (including known “decoy” and
contaminant sequences (Breitwieser et al, 2019b)) and optionally other host (e.g.
mouse) reference genomes and/or transcriptomes.

●

Depletion of microbial ribosomal and structural RNAs by mapping against SILVA
(Yilmaz et al, 2014) in metatranscriptomes.

It is recommended that KneadData be applied to raw sequences prior to further analyses, and
the bioBakery workflows do this for all sequence types by default.

The ChocoPhlAn 3 pipeline
We developed the ChocoPhlAn pipeline to organize microbial reference genomes according
to their taxonomy and to compute the relevant sequence and annotation data for subsequent
bioBakery modules. At a high level, after retrieval of UniProt genomes and gene annotations,
species-specific pangenomes (i.e. the set of gene families of a species present in at least one
of its genomes) are generated using all the microbial reference genomes passing initial quality
control. Core genomes (i.e. gene families present in all the genomes of a species) are then
identified from the whole set of pangenomes and used as markers in PhyloPhlAn 3. Core
genomes are also processed for the extraction of unique marker genes (i.e. core gene families
uniquely associated with one species) that constitute the marker database for MetaPhlAn 3
and StrainPhlAn 3. Finally, functionally annotated pangenomes are processed to serve as
references for PanPhlAn 3 and HUMAnN 3.
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Data retrieval
ChocoPhlAn relies on the UniProt core data resources (UniProt Consortium, 2019) (release
January 2019) and on the NCBI taxonomy and genomes repositories (NCBI Resource
Coordinators, 2014) (release January 2019). The two basic sequence data types considered
in ChocoPhlAn are the raw genomes of all available microbes and all the microbial
proteins/genes identified on these genomes. The main supporting structure for a genome is
the underlying microbial taxonomy, whereas the microbial proteins are organized in protein
families clustered at multiple stringency parameters.
We adopted the NCBI taxonomy database (NCBI Resource Coordinators, 2014) for use by
ChocoPhlAn as it is the one on which our genomic repository, UniProt, is also based. The full
taxonomy was downloaded from the NCBI FTP server (ftp.ncbi.nlm.nih.gov/pub/taxonomy/)
on January 24 2019. We identified and tagged species with “unidentified”, “sp.”, “Candidatus”,
“ bacterium “, and several other keywords as low-quality species. Specifically, the regular
expressions used to filter low-quality taxonomic annotations are:
“ (C|c)andidat(e|us) | _sp(_.*|$) | (.*_|^)(b|B)acterium(_.*|) | .*(eury|)archaeo(n_|te|n$).* |
.*(endo|)symbiont.* | .*genomosp_.* | .*unidentified.* | .*_bacteria_.* | .*_taxon_.* | .*_et_al_.*
| .*_and_.* | .*(cyano|proteo|actino)bacterium_.*) ”
All reference genomes available through UniProt Proteomes and linked to the public DDBJ,
ENA, and GenBank repositories were then considered. Genomes are included by UniProt into
UniProt Proteomes only if they are fully annotated and have a number of predicted CDSs
falling within a statistically defined range of published proteomes from neighbouring species
(What are proteomes?). We considered all UniProt Proteomes genomes assigned to the
archaeal and bacterial domain. For micro-eukaryotes, we considered all genomes assigned
to the following manually selected genera: Blastocystis, Candida, Saccharomyces,
Cryptosporidium, Entamoeba, Aspergillus, Cryptococcus, Cyclospora, Cystoisospora,
Giardia,

Leishmania,

Malassezia,

Neosartorya,

Pneumocystis,

Toxoplasma,

Trachipleistophora, Trichinella, Trichomonas, and Trypanosoma.
Reference genomes (‘fasta’ format, suffix ‘.fna’) and the associated genomic annotation (‘.gff’)
of

each

proteome

were

downloaded

(ftp.ncbi.nlm.nih.gov/genomes/all/GCA)
assembly_summary_genbank.txt

from
by

the

NCBI

retrieving

GenBank

FTP

server

URLs

from

the
file

(ftp.ncbi.nlm.nih.gov/genomes/genbank/assembly_summary_genbank.txt) using the GCA
accession included in the UniProt Proteomes resource (01/24/2019). Starting from a total of
111,825 UniProt Proteomes entries, we discarded 12,598 proteomes missing the GenBank
accession, ending up with 99,227 genomes (997 Archaea, 97,941 Bacteria, 339 Eukaryota).
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The microbial proteins (and genes) associated to at least one UniProt Proteome and
considered by ChocoPhlAn are retrieved from the UniProt Knowledgebase (UniProtKB) and
the UniProt Archive (UniParc) databases. Proteins included in UniProtKB have been derived
from the translation of the CDSs of all available reference genomes included in UniProt
Proteomes. ChocoPhlan 3 also retrieves and includes relevant data present in the UniProtKB
entries

(retrieved

uniprot_sprot.xml.gz,

from

ftp.uniprot.org/pub/databases/uniprot/

uniprot_trembl.xml.gz,

uniparc_all.xml.gz)

as

such

XML
as

files

functional,

phylogenomic, and protein domain annotations (KEGG, KO, EggNOG, GO, EC, Pfam)
(Kanehisa & Goto, 2000; Huerta-Cepas et al, 2016b; The Gene Ontology Consortium, 2019;
El-Gebali et al, 2019), accessions for cross-referencing entries with external databases
(GenBank, ENA, and BioCyc) (Clark et al, 2016; Leinonen et al, 2011; Karp et al, 2019), name
of the gene that encodes for the protein, and proteome accession.
We processed a total of 203.9M proteins included in both UniProtKB and UniParc, and 126.9M
of them were associated with a UniProt Proteome entry. The Bacteria domain tallied the
highest number of proteins (194.8M), whereas Archaea and Eukaryotes accounted for 5.0M
and 4.0M proteins respectively.
In order to reduce the redundancy of the database, we use the UniRef90 clustering of
UniProtKB proteins provided by UniProt. In brief, UniProtKB are clustered at different
thresholds of sequence identity (100, 90, 50) and made available through the UniProt
Reference Clusters (UniRef) resource (Suzek et al, 2015). UniRef90 clusters are generated
by clustering unique sequences (UniRef100, which combines identical UniProtKB proteins in
a single cluster) via CD-HIT (Li & Godzik, 2006) until August 2019, and via MMseqs2
(Steinegger & Söding, 2018) afterward. Sequences in UniRef90 clusters have at least 90%
sequence identity (Suzek et al, 2015). UniRef50 clusters are generated by clustering the
UniRef90 cluster seed sequences, and each cluster contains proteins with at least 50%
identity. Both UniRef90 and UniRef50 require each protein to overlap at least 80% with the
cluster's longest sequence. UniRef entries considered in ChocoPhlAn 3 contain the sequence
of a representative protein, the accession IDs of all the entries included in the cluster, the
accessions to the UniProtKB and UniParc records, and the accessions of the other associated
UniRef cluster are included in the UniProt entries.
A total of 292.1M UniRef clusters were processed (172.3M, 87.3M, and 32.5M for UniRef100,
UniRef90, and UniRef50, respectively) and associated to each protein and each genome in
ChocoPhlAn 3.
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Pan-proteome generation
We then generate pan-proteomes for each species represented at least by one UniProt
Proteome. We define a species’ pan-proteome as the non-redundant representation of the
species’ protein-coding potential. These are obtained for each species by considering the
unique UniRef90 and UniRef50 protein families present in the genomes assigned at the
species level and below.
For each pan-protein, we compute several scores. We define a ‘coreness’ score for a
UniRef90 family as the number of genomes included in the species’ pan-proteome having a
protein belonging to the UniRef family, and the ‘uniqueness’ score as the number of panproteomes of other species possessing the same pan-protein. We then also considered a
‘uniqueness_sp’ score, a variant of the ‘uniqueness’ score obtained excluding those species
that were previously tagged as low-quality species. Alongside the ‘uniqueness’ score, we
compute the ‘external_genomes’ as the number of genomes (rather than species or species’
pan-proteomes) of other species’ pan-proteomes possessing the same pan-protein. These
scores were computed for both UniRef50 and UniRef90 protein families.
In ChocoPhlAn 3 we consider a total of 22,096 species’ pan-proteomes and a total of 87.3M
UniRef90 core proteins (i.e. with coreness > 0.7, avg. 3,952 s.d. 6,311 per species).

Generation of MetaPhlAn 3 markers
MetaPhlAn relies on a set of unique and species-specific nucleotide markers that were
updated in MetaPhlAn 3 starting from the ChocoPhlAn 3 pan-proteomes. We initially filtered
out species having taxonomies previously tagged as low quality using the species-level
genome bin (SGB) system (Pasolli et al, 2019). “Low-quality” species that were assigned to a
SGB the same SGB representative were merged and only the SGB representative was taken
into account.
This merging procedure occurred for a total of 1,328 species (6%) that were merged as they
were unlikely to be distinguishable in metagenomic samples and would potentially lead to
false-positive taxonomic assignments (see Table S1.2.7 for the merged species). For the
cases in which multiple species included by the NCBI taxonomy into a “species-group” showed
a high number of markers with a high ‘uniqueness’ score (>30), we proceeded to identify
unique markers for the whole species groups. This occurred for the following species groups:
Streptococcus anginosus group, Lactobacillus casei group, Bacillus subtilis group,
Enterobacter cloacae complex, Pseudomonas syringae group, Pseudomonas stutzeri group,
Pseudomonas putida group, Pseudomonas fluorescens group, Pseudomonas aeruginosa
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group, Streptococcus dysgalactiae group, and Bacillus cereus group. In all these cases, the
pangenomes were built by merging all the species-level pangenomes and treating them as a
single species.
In the first step of the marker discovery procedure, we use the pan-proteome built using the
UniRef90 clusters considering all proteins with a length between 150 and 1,500 amino acids.
Starting from the coreness and uniqueness scores, we applied an iterative approach in order
to find up to 150 unique markers whenever possible and retaining only those species with a
minimum of 10 unique markers. We classify candidate markers into unique and quasi-markers
according to the ‘uniqueness’ value: markers having zero ‘uniqueness’ are reported as ‘unique
markers’. When no unique markers can be identified, the less-stringent thresholds used in the
marker discovery procedure allows the identification of the so-called ‘quasi-markers’, markers
having non-null values of ‘uniqueness’.
The iterative approach started with the definition of four tiers of unique markers according to
a combination of the values of ‘coreness’, ‘uniqueness’, and ‘external_genomes’. Tier ‘A’
includes pan-proteins with a coreness score higher than 80%, not shared with more than 2
other

pan-proteomes

considering

both

UniRef90

and

UniRef50

clustering

score

(‘Uniqueness_NR90’ and ‘Uniqueness_NR50’), and not present in more than 10 single
genomes when considering the UniRef90 and 5 single genomes when considering UniRef50
(‘External_genomes_NR90’ and ‘External_genomes_NR50’), respectively. Tier ‘B’ includes
markers with ‘coreness’ values between 70% and 80%, ‘Uniqueness_NR90’, and
‘Uniqueness_NR50’

values

of

5,

and

values

of

‘External_genomes_NR90’

and

‘External_genomes_NR50’ lower than 15 and 10 genomes, respectively. Markers that did not
meet the previous criteria were included in the ‘C’ tier, which includes markers with ‘coreness’
values between 50% and 70%, ‘Uniqueness_NR90’ less than 10, ‘Uniqueness_NR50’ less
than 15, ‘External_genomes_NR90’ less than 25, and ‘External_genomes_NR50’ less than
20. Markers for the species having only one genome included in the pan-proteome, for which
the definition of coreness is trivial, were classified as tier ‘U’, provided that they have zero
‘Uniqueness’.
The definition of specific tiers allows the retrieval of the maximum number of unique markers.
Marker discovery procedure was performed iteratively for each tier. Candidate markers that
meet the tier-defined thresholds were ranked using a score function defined as follows:
𝑆𝑐𝑜𝑟𝑒 = 𝑆𝑐𝑜𝑟𝑒𝑛𝑒𝑠𝑠 ∗ 𝑆𝑢𝑛𝑖𝑞𝑢𝑒𝑛𝑒𝑠𝑠50 ∗ 𝑆𝑢𝑛𝑖𝑞𝑢𝑒𝑛𝑒𝑠𝑠90
Where
𝑆𝑐𝑜𝑟𝑒𝑛𝑒𝑠𝑠 = √𝑐𝑜𝑟𝑒𝑛𝑒𝑠𝑠%
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𝑆𝑢𝑛𝑖𝑞𝑢𝑒𝑛𝑒𝑠𝑠90 = −𝑙𝑜𝑔(1 −

104 − 𝑚𝑖𝑛(104 , 𝑢𝑛𝑖𝑞𝑢𝑒𝑛𝑒𝑠𝑠90 ) 1
)∗
104 − 10−4
5

𝑆𝑢𝑛𝑖𝑞𝑢𝑒𝑛𝑒𝑠𝑠50 = −𝑙𝑜𝑔(1 −

104 − 𝑚𝑖𝑛(104 , 𝑢𝑛𝑖𝑞𝑢𝑒𝑛𝑒𝑠𝑠50 ) 1
)∗
104 − 10−4
5

The score function as defined will prioritize the selection of candidate markers highly
conserved in the clade (high ‘coreness’ value) but shared with the smallest possible number
of other species (low values of ‘uniqueness’ ). Tier type is assigned to each candidate marker,
and if more than 50 candidate markers were identified, we selected up to 150 markers from
the ranked list. If not enough markers were identified (less than 50), the procedure was
repeated using the subsequent tier’s thresholds. If no markers were identified using tier C
thresholds, the species was discarded.
Nucleotide sequences for each marker selected with this procedure are then considered as
entries for the MetaPhlAn database. To refine the number of species estimated by the
‘uniqueness’ parameter, marker sequences were split into non-overlapping chunks of 150bp
and mapped versus an index built using all the reference genomes used for the marker
identification process using bowtie2 (version 2.3.4.3, parameters ‘-a --very-sensitive --no-unal
--no-hq --no-sq’). We accounted for a newly identified species based on the ‘uniqueness’
parameter if at least 150 consecutive nucleotides of the marker sequence were found in the
identified target reference genome.
We performed an additional step of curation for markers for species with genomes obtained
with Co-Abundance gene Groups (CAGs) (Nielsen et al, 2014). To reduce the number of false
positives, we removed the CAG species if more than 50% of its markers were shared with the
species that gave the taxonomy to the CAG genome.
Each marker has associated an entry in the MetaPhlAn database which includes the species
for which the sequence is a marker, the list of species sharing the marker, the sequence
length, and the taxonomy of the species. Viral markers were taken from the v20_m200
MetaPhlAn2 database.
Altogether, this identified a total of 1.1M markers for 13,475 species (Table S1.2.8).

MetaPhlAn 3 taxonomic profiling
The raw reads in a metagenomic sample are mapped inside MetaPhlAn 3 to the database of
1.1M markers using bowtie2 (Langmead & Salzberg, 2012). The default bowtie2 mapping
parameters are those of the ‘very-sensitive’ preset but are customizable via the MetaPhlAn 3
settings. In MetaPhlAn 3 the input can be provided as a single fastq file (compressed with
several algorithms), multiple fastq files archived in a single file, or as a pre-performed mapping.
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Internally, MetaPhlAn 3 estimates the coverage of each marker and computes the clade’s
coverage as the robust average of the coverage across the markers of the same clade. The
clade’s coverages are then normalized across all detected clades to obtain the relative
abundance of each taxa as previously described (Truong et al, 2015; Segata et al, 2012b). In
version 3, we further optimized the parameter of the robust average which excludes the top
and bottom quantiles of the marker abundances (“stat_q” parameter) which is now set by
default to 0.2 (i.e. excludes the 20% of markers with the highest abundance as well as the
20% of markers with the lowest abundance). To further improve the quality of the readmapping we adopted further controls before and after mapping by discarding low-quality
sequences and alignments (reads shorter than 70bp and alignment with a MAPQ value less
than 5 are discarded). We also introduced a new feature for estimating the portion of the
metagenome that would map against taxa not present in current databases; this estimation is
computed by subtracting from the total number of reads the average read depth of each taxa
normalized by the taxon-specific average genome length. Additionally, the new output format
for MetaPhlAn 3 includes by default the NCBI taxonomy ID of each profiled clade allowing for
better comparisons between tools and tracking of the species name in case of taxonomic
reassignment. Alongside the default MetaPhlAn output format, profiles can be now reported
using the CAMI output format defined by (Belmann et al, 2015; BioBoxes) that can be used
for performing benchmarks with the OPAL framework (Meyer et al, 2019). To support postprofiling analyses, a convenience R script for computing Weighted and Unweighted UniFrac
distances (Lozupone & Knight, 2005) from MetaPhlAn profiles is now available in the software
repository (metaphlan/utils/calculate_unifrac.R), alongside the phylogeny (in Newick format)
comprising all MetaPhlAn 3 taxa. The improvements and addition in MetaPhlAn 3 compared
to the previous MetaPhlAn 2 version are summarized in Supplementary Table 1.2.2.

StrainPhlAn 3 strain profiling
StrainPhlAn performs genotyping at the strain level by reconstructing sample-specific
consensus sequences of MetaPhlAn markers and using them for multiple-sequence alignment
and phylogenetic modeling (Truong et al, 2017). StrainPhlAn 3 improves the original
implementation in several aspects: (i) the integration of an improved and validated pipeline for
consensus sequence generation (Zolfo et al, 2019), (ii) the integration of PhyloPhlAn 3
(Asnicar et al, 2020) which improves the quality of the phylogenetic modeling and the flexibility
of the analysis, and (iii) a refined algorithm for filtering samples not supported by enough
species’ markers and markers not enough conserved across strains and samples.
StrainPhlAn 3 takes as input the alignment results from the MetaPhlAn 3 profiling (i.e. the
mapping of the metagenomic samples against the MetaPhlAn species-specific markers) as
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well as the MetaPhlAn 3 markers’ database. For each sample, StrainPhlAn 3 reconstructs
high-quality consensus sequences of the species-specific markers by considering, at each
position of the marker, the nucleotide with the highest frequency among the reads mapping
against the marker and covering that position. By default, consensus markers reconstructed
with less than 8 reads or with a breadth of coverage (i.e. fraction of the marker covered by
reads) lower than 80% are discarded (“--breadth_threshold” parameter). Ambiguous bases
are defined as positions in the alignment with quality lower than 30 or high polymorphisms
(major allele dominance lower than 80%) and are considered for the threshold on the breadth
of coverage as unmapped positions.
After marker reconstruction, the filtering algorithm discards samples with less than 20 markers,
as well as markers present in less than 80% of the samples (“--sample_with_n_markers” and
“--marker_in_n_samples” parameters, respectively). Then, markers are trimmed by removing
the leading and trailing 50 bases (“--trim_sequences” parameter), since these are usually
supported by lower coverage due to the boundary effect during mapping, and a polymorphic
rates report is generated for optional inspection by the user. Finally, filtered samples and
markers are processed by PhyloPhlAn 3 for phylogenetic reconstruction. By default,
reconstructed sequences are mapped against the markers database using BLASTn (Altschul
et al, 1990), multiple sequence alignment is performed by MAFFT (Katoh & Standley, 2013)
and phylogenetic trees are produced by RAxML (Stamatakis, 2014) Due to the reconstruction
of a strain-level phylogeny, PhyloPhlAn was set to run with “--diversity low” parameter.
Phylogenetic trees produced by StrainPhlan 3 can also be used to identify identical strains
across samples, which can be exploited, for example, in strain transmission analyses (Ferretti
et al, 2018; Shao et al, 2019). This is now supported by the newly-added
“strain_transmission.py” script. This script processes the phylogenetic tree produced by
StrainPhAn together with metadata describing relations between the samples (e.g.
longitudinal samples or samples with a relation of interest such as mother/infant pairings) to
infer strain transmission events. First, using the phylogenetic tree, a pairwise distance matrix
is generated and normalized by the total branch length of the tree. Using the distance matrix
and the associated metadata, a threshold defining identical strains is inferred selecting the
first percentile of the non-related-samples distances distribution (i.e. setting an upper bound
on the theoretical false-discovery rate at 1%). If longitudinal samples are provided, only one
is considered per subject, and samples not included in the metadata are considered as nonrelated. Finally, related sample pairs with a distance smaller than the inferred threshold are
reported as potential transmission events.
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HUMAnN 3 data and algorithm updates
Functional potential profiling of microbial communities is performed by HUMAnN using
pangenomes annotated with UniRef90 on all species detectable per sample with MetaPhlAn.
ChocoPhlAn pangenomes used by HUMAnN for functional profiling are directly available as
the species pan-proteomes annotated with the UniRef90 clusters. To obtain a nucleotide
representation of each pan-proteome, we identified a representative of the cluster for each
pan-protein by selecting a UniProtKB or UniParc entry taxonomically assigned to the desired
species. Each cluster representative was used for extracting the nucleotide sequence from
the source reference genome and the several functional annotations from different systems
(GO terms (Ashburner et al, 2000), KEGG modules (Kanehisa et al, 2014), KO identifiers,
Pfam accessions (Finn et al, 2014), EC numbers (Bairoch, 2000), and eggNOG accessions
(Powell et al, 2014)) associated with the UniProtKB entry. Alongside the functional
annotations, we associated each UniRef90 cluster with its corresponding UniRef50 cluster in
order to provide multiple levels of functional resolution.
HUMAnN 3 implements a number of new options for fine-tuning the steps in its tiered search
(e.g. passing custom search parameters to bowtie2 (Langmead & Salzberg, 2012) and
DIAMOND (Buchfink et al, 2015) in the pangenome and translated search steps, respectively).
We performed a round of additional accuracy and performance tuning on these new
parameters prior to the main evaluations of the paper. To minimize overfitting potential, we
conducted initial tuning of HUMAnN 3 on the above-described human-like synthetic
metagenome, which featured a structure and species composition that were distinct from
those of the CAMI and nonhuman synthetic metagenomes used in downstream inter-method
comparisons (Fig. 1.2.1).
We first considered two new options when assigning reads to species pangenomes: 1)
requiring pangene sequences to be covered above a threshold fraction of sites before any
alignments to those sequences were accepted (“database sequence coverage filtering”) and
2) allowing a read to align to multiple pangenes instead of the single target favored by
bowtie2’s default settings (as used in HUMAnN 2). Coverage filtering (new option 1) was
already implemented in HUMAnN 2 for post-processing translated search results, where it was
shown to increase UniRef90-level specificity considerably at a small cost to sensitivity
(Franzosa et al, 2018). We observed similar results here in the context of pangenome search;
as a result, HUMAnN 3 now imposes (separately tunable) database-sequence coverage filters
during its pangenome and translated search steps (both default to 50%; Fig. S1.2.4).
Conversely, allowing a read to hit up to 5 pangenes (new option 2, as implemented via
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bowtie2’s “-k 5” setting) had very little impact on accuracy and is not enabled by default in
HUMAnN 3.
We additionally considered new options to tune the stringency and memory usage of
DIAMOND 0.9 during translated search. The most impactful of these was reducing the identity
threshold for per-read alignment to UniRef90 from 90% (the HUMAnN 2 default) to 80% (the
new default for HUMAnN 3; Fig. S1.2.4). While the former value was chosen to respect the
average identity among UniRef90 family members, the 80% threshold is more forgiving of
variation within read-length windows of a protein-level UniRef90 alignment. Coupled with
HUMAnN’s database sequence coverage filter, the 80% threshold correctly aligns
considerably more reads during translated search without compromising specificity.
While HUMAnN 2 accepted DIAMOND’s (default) top-20 database targets per query read, we
newly evaluated the top 1 and top 5 targets, as well as any targets within 1, 2, or 10% of the
best hit’s score. We selected the “within 1% score of the best hit” filter (DIAMOND’s “--top 1”
option) as a new default for HUMAnN 3 on the basis of a marked increase in UniRef90
specificity with minimal loss of sensitivity. Finally, we explored tuning DIAMOND’s memory via
the “--block-size (-b)” and “--index-chunks (-c)” flags. We found the achievable increases in
speed to be small relative to their corresponding memory requirements, and so HUMAnN 3
continues to favor DIAMOND’s default, lower-memory configuration.

PanPhlAn 3 with expanded databases and functional annotations
PanPhlAn performs strain-level metagenomic profiling by identifying the species-specific gene
repertoire composition inside individual metagenomic samples (Scholz et al, 2016). It maps
metagenomes against the pangenome of a species of interest using bowtie2 (Langmead &
Salzberg, 2012). After coverage normalization (by summing the gene coverage of all genes in
a gene family and dividing it by the average gene length of that family), PanPhlAn builds a
coverage curve of genes families across each sample and assesses which of these gene
families are present or absent. This leads to the creation of a binary matrix of gene family
presence/absence across all samples.
Compared to the previous versions, in PanPhlAn 3 we adopt a new ChocoPhlAn 3 precomputed pangenome database of 2,298 species built from species included in MetaPhlAn 3
for which at least 2 reference genomes are available. For species having more than 200
reference genomes available, the pangenome is made using a representative subset of 200
genomes maximizing the Mash distances between them (Ondov et al, 2016). PanPhlAn
pangenomes from the database are composed of a FASTA file of all contigs, pre-computed
bowtie2 indexes and a tab-separated values file containing the UniRef90 ID of the gene family
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as well as gene name, position in genomes,on contigs, and functional and structural
annotations
Moreover, new functionalities include a script for quick visualization of the presence/absence
matrix with functionalities for clustering of gene family’s profiles across samples. An empirical
p-value can be computed for each cluster based on the ratio between the sum of the genes
lengths of one group and its total span along the contig. Thus a significantly “close” genes
group can be identified and computation of empirical p-values assessing whether or not the
genetic proximity of these families along the contigs could be considered significant. This
eases the detection and identification of mobile elements in metagenomic samples.

PhyloPhlAn 3
PhyloPhlAn 3 is an easy-to-use method to perform taxonomic contextualization and
phylogenetic analysis of microbial genomes and of metagenome-assembled genomes
(MAGs). PhyloPhlAn among its databases exploits both the set of core genes and of reference
genomes identified by ChocoPhlAn 3 and extracted from the 111,825 UniProt Proteomes for
each taxonomic species. The methods, performance, and examples of PhyloPhlAn are
described elsewhere (Asnicar et al, 2020) and refers to the same version incorporated into
bioBakery 3. In brief, the core genes included in the PhyloPhlAn 3 database are used to
identify sequence homologs in the input genomes and MAGs that are then aligned,
concatenated, and used for phylogeny reconstruction. A set of MAGs previously analyzed
(Pasolli et al, 2019) can also be included to provide phylogenetic contextualization of newly
assembled MAGs. PhyloPhlAn 3 thus provides the methodology to integrate assembly-based
methods and phylogenetic analysis into the bioBakery 3 analysis framework.

Synthetic metagenomes and gold standards for bioBakery 3 evaluations
We tuned and evaluated MetaPhlAn 3 and HUMAnN 3 using multiple different synthetic
metagenomes of known species and gene content. The first set included synthetic
metagenomes and gold-standard taxonomic profiles from the CAMI challenge representing
five human body site-specific microbiomes and the murine gut microbiome (Sczyrba et al,
2017; Fritz et al, 2019). All such CAMI metagenomes were used for the evaluation of
taxonomic profiling methods (including MetaPhlAn 3) while the first five lexically ordered
metagenomes from each environment (human body sites and mouse gut) were used for the
evaluation of functional profiling methods (including HUMAnN 3).
Second, because gold standard functional profiles were not provided for the CAMI
metagenomes, we generated them ourselves by 1) functionally annotating the genomes
sampled to build the CAMI metagenomes (and then 2) weighting their functional contributions
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according to mean coverage depth per “sample”. Notably, this approach to gold-standard
construction does not account for gene-to-gene variation in read sampling along the length of
community genomes. As a result, comparing the gold standards with functional profiles
derived directly from the metagenome underestimates the profiles’ accuracy (by ~0.1 units of
Bray-Curtis distance at the UniRef90 level).
We applied procedures for community genome annotation developed during HUMAnN2
benchmarking to aid in gold-standard construction (Franzosa et al, 2018). Briefly, we first
identified and translated open reading frames (ORFs) within the CAMI genomes using
Prodigal (Hyatt et al, 2010), and then aligned the translated ORFs against the v3 UniRef90
and UniRef50 sequence databases using DIAMOND (Buchfink et al, 2015). Each ORF was
assigned to the best-scoring UniRef90 family to which it aligned with at least 90% identity and
80% mutual coverage (if any); similarly, ORFs were assigned to the best-scoring UniRef50
family to which they aligned with at least 50% identity. Functional annotations were then
transferred from UniRef90 and UniRef50 representatives to the corresponding ORFs, with
UniRef90-derived, enzyme commission (EC) annotations forming the basis for the main
functional profiling evaluation (Fig. 1.2.1 and Fig. S1.2.3).
We constructed additional synthetic metagenomes by sampling sequencing reads from
curated microbial genome sets using ART (Huang et al, 2012) with an Illumina HiSeq 2500
error model. One such group of metagenomes (abbreviated synphlan-nonhuman) was
designed to mirror the sequencing depth and community structure of the CAMI metagenomes:
i.e. inclusive of 30-million, 150-nt paired-end sequencing reads sampled from species
genomes with a log-normal abundance distribution. However, the synphlan-nonhuman
metagenomes are distinct from the CAMI metagenomes in that they exclude genomes of
human-associated microbial species (defined as species detected in MetaPhlAn 3 profiles of
metagenomes from the Expanded Human Microbiome Project, HMP1-II (Lloyd-Price et al,
2017)). In addition, 50% of species sampled for the synphlan-nonhuman metagenomes were
associated with at least two sequenced isolate genomes and 50% of species pairs were
congeneric sisters. We constructed an additional synthetic metagenome (synphlan-humanoid)
based on the top-50 most abundant species detected from HMP1-II metagenomes to use for
initial tuning of HUMAnN 3 (Fig. S1.2.4). This metagenome contained 10-million, 100-nt
paired-end reads sampled evenly from underlying species genomes. We constructed gold
standard taxonomic profiles for these metagenomes based on the sampled genomes’
taxonomic annotations and target sampling coverage; we constructed gold standard functional
profiles based on UniProt-derived annotations of the species’ protein-coding genes.

1.2-68

Evaluation of MetaPhlAn 3 and HUMAnN 3 on synthetic data
To assess the performance of MetaPhlAn 3, we compared it with its previous version,
MetaPhlAn 2 (Truong et al, 2015), alongside mOTUs2 (Milanese et al, 2019) and Bracken
(Lu et al, 2017; Wood et al, 2019). We profiled a total of 118 synthetic metagenomes spanning
different ecosystems: (i) 49 synthetic metagenomes (10 Airways, 10 Gastrointestinal Tract, 10
Oral, 10 Skin, 9 Urogenital tract) provided by the 2nd CAMI challenge (Sczyrba et al, 2017)
resemble the composition of the Human Microbiome as described by the Human Microbiome
Project (Turnbaugh et al, 2007); (ii) 64 synthetic metagenomes generated by CAMISIM and
modeled after the murine gut microbiome (Fritz et al, 2019); (iii) 5 synthetic metagenomes
including non-human associated species (see above).
Each software was run using default parameters as described in their respective user
manuals. Additionally, mOTUs2 was run with parameters “-C recall” and “-C precision” in
order to increase precision and recall, respectively. When not directly available from the tool
(MetaPhlAn 2 and Bracken), output profiles were converted into the CAMI output format as
described by the BioBoxes RFC (Belmann et al, 2015; BioBoxes) in order to benchmark with
the OPAL framework (Meyer et al, 2019) (version 1.0.5).
From the panel of measures computed by OPAL, we selected a subset (precision, recall, F1
score) for comparisons (Table S1.2.9). Additionally to these measures, we computed the
Pearson Correlation Coefficient between the predicted and expected relative abundance and
the Bray-Curtis similarity index using arcsin square-root normalized relative abundances
(Table S1.2.3).
MetaPhlAn 3 includes markers describing species groups, a case is not taken into account by
OPAL. To perform the evaluation, we expanded the species group to represent all contained
species and considered a true positive if the expected species matches one species
taxonomically placed under the species group. In case of no matches, we consider as false
positive only one species.
We also assessed the performance in terms of run-time and memory usage. We profiled five
HMP samples (SRS014235, SRS011271, SRS064645, SRS023346, SRS048870) with all the
aforementioned software (using only one thread) and tracked every second of the execution
till the end of process the resident set size (RSS) memory usage using ps.
We evaluated HUMAnN 3, HUMAnN 2 (Franzosa et al, 2018), and Carnelian (Nazeen et al,
2020) on 30 CAMI metagenomes and the 5 synphlan-nonhuman metagenomes. Evaluations
of HUMAnN 3 were carried out using version 3.0.0-alpha of the software, MetaPhlAn 3,
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bowtie2 version 2.3.5.1, and DIAMOND version 0.9.24. Evaluations on HUMAnN 2 were
carried out using version 0.11.1 of the software, MetaPhlAn version 2.7.5, bowtie2 version
2.3.5.1, and DIAMOND version 0.8.36 (HUMAnN 2 is not compatible with DIAMOND version
0.9). HUMAnN 3 and 2 were run with their default settings and full-size databases alongside
the “--threads 6” option. UniRef90 abundance profiles were converted to EC abundance
profiles (to facilitate comparisons with Carnelian) using the “uniref90_level4ec” option of the
humann_regroup_table script.
We evaluated Carnelian version 1.0.0 following installation and usage instructions given at
http://cb.csail.mit.edu/cb/carnelian/ and https://github.com/snz20/carnelian. Specifically, we
first converted synthetic metagenome reads to FASTA format (this step was not counted
toward the total runtime of the Carnelian method). Reads were then scanned for peptide
fragments using “carnelian.py translate” wrapping FragGeneScan (Rho et al, 2010) version
1.31 with the “-n 3” option. Peptides were then assigned to EC categories using “carnelian.py
predict” wrapping Vowpal Wabbit 8.1.1 and the EC-2010-DB model supplied at the above
URLs. Finally, adjusted EC abundances were estimated using “carnelian.py abundance” and
the average EC family gene lengths supplied with the software and a fragment size of 150 (to
match the reads of the CAMI and synphlan-nonhuman metagenomes).
All method calls were made with the humann_benchmark utility script to track total runtime
and memory usage (maximum resident set size, MaxRSS). Runtimes were converted to
equivalent CPU-hours. For multi-step computations, CPU-hours were summed while the
overall maximum MaxRSS was retained. Predicted EC abundances were sum-normalized to
1.0 at the community and per-species levels prior to Bray-Curtis dissimilarity computations.

Colorectal cancer microbiome meta-analysis
We applied the new MetaPhlAn 3 and HUMAnN 3 on a set of human gut metagenomes
profiling colorectal cancer patients and controls, updating our previous meta-analyses
performed with MetaPhlAn 2 and HUMAnN 2 (Thomas et al, 2019; Wirbel et al, 2019). To the
previous meta-analysis, we added two more datasets that became available afterward (Gupta
et al, 2019; Yachida et al, 2019). In total, we analyzed 1,262 metagenomes from 10 datasets
(for a total of CRC metagenomes and 600 controls, Table S1.2.10). The dataset was stratified
by country of origin with the exception of the two Italian cohorts published in (Thomas et al,
2019) which were kept separate due to differences in the DNA extraction protocols. Results
were thus computed on nine distinct sub-cohorts.
MetaPhlAn 3 and HUMAnN 3 were used for the taxonomic and functional profiling of all subcohorts. Meta-analysis on the species-level, pathways, UniRef90 gene families, and enzyme
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commission (EC) categories relative abundances were performed on the sub-cohorts as
previously described (Thomas et al, 2019). In brief, relative abundances were arcsine-squareroot transformed, Cohen’s D was computed by the escalc function (metafor R package
(Viechtbauer, 2010) to model random effects, and I2 estimates and Cochran’s Q-test were
used for quantifying study-heterogeneity and assessing their statistical significance.
Multidimensional scaling analysis was performed on the Weighted UniFrac distance (vegan
“cmdscale” and rbiom “unifrac” function (Oksanen et al, 2008) computed on the relative
abundance data adjusted for study batch effect with MMUPHin (Ma, 2019) and normalized
using arcsin-square root. Alpha-diversity analysis was performed on the data after being
rarefied to the 10th percentile of the read depth in each cohort.
We used MetAML (Pasolli et al, 2016) to feed species-level and pathway-level relative
abundances to a Random Forest model (Breiman, 2001). Age was also added to the featureset, as this covariate has been shown to improve microbiome predictions in CRC (Ghosh et
al, 2020). MetAML executed the Random-Forest implementation by Scikit-Learn v.0.22.2 with
the following parameters: 10,000 estimator trees, square-root as the proportion of feature
sampled in entrance to each estimator, no-maximum depth for the trees, 1 sample as the
minimum amount for each leaf of each tree, “gini” as impurity criterion. Considering each
cohort, we tested the taxonomical and the functional potential profiles in the CRC prediction
problem in a standard cohort-specific cross-validation as well as on the more reproducible
leave-one-dataset-out (LODO) setting (Thomas et al, 2019; Wirbel et al, 2019).
UniRef90 cutC gene family IDs were selected from the UniRef90 database included in
HUMAnN 3. Species richness was calculated by tallying species with non zero relative
abundance. Differential species richness and cutC abundance tests were performed using the
Wilcoxon rank-sum test, wilcox.test, as implemented in the ‘stats’ R package.

HMP2 IBD metagenome and metatranscriptome profiling
We applied MetaPhlAn 3 and HUMAnN 3 to 1,635 metagenomes and 817 metatranscriptomes
from the HMP2 Inflammatory Bowel Disease (IBD) Multi-omics Database (IBDMDB) (LloydPrice et al, 2019). We took advantage of previously quality-controlled sequencing data from
this cohort as downloaded from http://ibdmdb.org (June 2020). Following the standard
bioBakery workflow (McIver et al, 2018) for combined meta-omic sequencing data, we
processed the HMP2 metagenomes using HUMAnN 3.0.0.alpha.1 (including taxonomic
prescreening performed by MetaPhlAn 3). We then processed the paired HMP2
metatranscriptomes using their corresponding metagenomic taxonomic profiles as guides for
pangenome selection. To quantify improved performance in bioBakery 3, we compared the
HUMAnN logs produced during the runs described above with logs downloaded from
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http://ibdmdb.org describing analyses of the same samples using MetaPhlAn 2.6.0 and
HUMAnN 2.11.0.
To identify expression-level microbial metabolic biomarkers of IBD activity from the HMP2
dataset, we sum-normalized UniRef90 gene family abundance profiles to “copies per million”
(CPM) units and then summed UniRef90 CPMs according to enzyme commission (EC)
annotations using HUMAnN utility scripts. We then compared community-level EC expression
with other sample properties using a mixed effects model implemented in R’s lmerTest
package (Kuznetsova et al, 2017) (using subject as a random effect to account for repeated
longitudinal sampling):
𝑙𝑜𝑔(𝑅𝑁𝐴) ∼ 𝑙𝑜𝑔(𝐷𝑁𝐴) + 𝑑𝑖𝑎𝑔𝑛𝑜𝑠𝑖𝑠 + 𝑑𝑖𝑎𝑔𝑛𝑜𝑠𝑖𝑠: 𝑎𝑐𝑡𝑖𝑣𝑒 + 𝑎𝑔𝑒 + 𝑎𝑛𝑡𝑖𝑏𝑖𝑜𝑡𝑖𝑐𝑠
+ (1|𝑠𝑢𝑏𝑗𝑒𝑐𝑡)
For a given EC, we evaluated the above model over paired meta-omes in which the EC’s
metatranscriptomic abundance (RNA) and metagenomic abundance (DNA) were both nonzero; ECs were excluded if they failed to satisfy this condition in at least 10% of paired metaomes. This approach avoids interpreting RNA non-detection as strong evidence of “downregulation” (relative to DNA abundance, identifying zero RNA reads for a feature is more
common due to the wide dynamic range of gene expression values and the large fraction of
sequencing depth absorbed by non-coding RNAs).
The inclusion of DNA abundance as a covariate in the above model accounts for the strong
dependence

between

a

function’s

gene

(metagenomic)

copy

number

and

its

metatranscriptomic abundance. Thus, associations between EC RNA and other covariates
can be interpreted as associations with “residual expression” (potentially reflecting up- or
down-regulation of community genes independent of changes in metagenome structure).
Subject age at study enrollment and per-sample antibiotics exposure were included as
additional clinical covariates. The statistical significance of model covariates was assessed
after performing Benjamini-Hochberg FDR correction on model p-values batched by covariate
and level.
We focused on associations between residual EC expression and subject diagnosis and
disease activity with diagnosis. Here, subject diagnosis was divided broadly into Crohn’s
disease (CD; n=49), ulcerative colitis (UC; n=30), and non-IBD controls (n=27). Due to the
longitudinal nature of the HMP2 dataset, subjects diagnosed with CD and UC experienced
variation in disease severity over the course of the study. The effects of disease activity on
the microbiome were previously quantified as a “dysbiosis score” (Lloyd-Price et al, 2019)
measuring ecological deviation from the control microbiome population. Samples from CD and
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UC patients that deviated most strongly by this measure were classified as “active.” Of 788
paired meta-omes considered here, 363 were from CD patients (76 with “active” CD), 227
were from UC patients (23 with “active” UC”), and 198 were from non-IBD controls. Consistent
with earlier analyses of the HMP2 dataset (Lloyd-Price et al, 2019), we did not detect
significant differences in EC expression as a function of diagnosis alone (i.e. independent of
disease activity), as non-active IBD meta-omes tend to be similar to those from control
patients.

Strain-level analysis of Ruminococcus bromii
For Ruminococcus bromii population genetic analysis, from the 9,316 metagenomes spanning
46 datasets considered by Pasolli et al. (Pasolli et al, 2019), we selected 4,077 samples in
which R. bromii was found present with a relative abundance above 0.05%. Strain-level
profiling with StrainPhlAn 3 was performed using default parameters. 702 samples were
discarded due to the low number and/or poor quality of the reconstructed markers (samples
having less than 20 markers and markers present in less than the 80% of the samples are
excluded). 124 R. bromii MetaPhlAn 3 markers were used to generate a multiple sequence
alignment. A phylogenetic distance matrix was produced by the dismat function from the
EMBOSS package (Rice et al, 2000) (Kimura 2-parameter distance correction) using the
multiple sequence alignment file produced by StrainPhlAn. Prediction strength analysis
performed on the phylogenetic distance matrix using the prediction.strength function included
in the “fpc” R package (Hennig, 2010) version 2.2 revealed the presence of 4 optimal clusters
(strength threshold 0.8). PAM clustering was subsequently applied on the phylogenetic
distance matrix using the “cluster” R package (Kaufman & Rousseeuw, 2009) version 2.1. The
phylogenetic tree generated by PhyloPhlAn was plotted with GraPhlAn (Asnicar et al, 2015).
For visualization purposes, European countries were grouped into the EUR group. Tree cluster
colors were assigned by considering the most common cluster assigned to leaves, and
clusters 3 and 4 were joined into the “Others” group for the sake of discussion. In order to
detect possible events of vertical transmission of R. bromii, we executed the
“strain_transmission.py” script using as input the phylogenetic tree produced by StrainPhlAn.
Pangenome-based strain-level analysis was performed on the same selected set of samples
using PanPhlAn 3 with a R. bromii pangenome composed of 8 reference genomes available
on

NCBI

(GCA_002834165,

GCA_002834225,

GCA_002834235,

GCA_003466165,

GCA_003466205, GCA_003466225, GCA_900101355 and GCA_900291485). After mapping
the metagenomic samples to the pangenome, a binary matrix of presence/absence was built
using the PanPhlAn profiling script with default options for strain detection and filtering (-min_coverage 2 --left_max 1.25 --right_min 0.75). The resulting matrix describes the
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presence/absence of 6,151 UniRef90 families across 2,679 metagenomics samples and 8
reference genomes.
In order to simplify the visualization of these results, we first discarded the genes families
present in less than 2 samples or absent in 5 or less samples. Then, the Jaccard distance
based on presence/absence fingerprint was computed for both genes families and samples.
Hierarchical clustering was built using the Ward criterion (“ward.D2” in R “hclust” function). A
second more stringent filtering removed all genes families present in more than 95% or less
than 5% of the remaining samples.
For assessing the correlation between the strain-level genomics and pangenomics results, we
compared the phylogenetic distance distributions retrieved from the StrainPhlAn and
PanPhlAn analyses. We used RAxML version 8.2.4 (Stamatakis, 2014) to generate
phylogenetic distances between samples from PanPhlAN results. PanPhlAn information was
coded as the presence-absence fingerprint of each sample and distances were computed
using the substitution model based on these two states (argument -m MULTICAT of RAxML).
One outlier sample was discarded due to mislabelled genomes. The StrainPhlAn phylogenetic
distances were produced during the execution of the “strain_transmission.py” script.
Correlation between PanPhlAn and StrainPhlAn pairwise distances was calculated using the
Pearson correlation Coefficient.

Data Availability
Human and murine synthetic metagenomes and gold standards provided by the CAMI
Challenge are available at https://data.cami-challenge.org/participate.
Non-human

synthetic

metagenomes

and

gold

standards

are

available

https://www.dropbox.com/s/scax4jzwghfx8gu/synphlan_nonhuman_feb2020.tar?dl=1.

at
CRC

metagenomic datasets analyzed in the meta-analysis are available in the Sequence Read
Archive under accession numbers PRJEB7774, PRJNA531273, PRJNA447983, PRJDB4176,
PRJEB12449, PRJEB27928, PRJDB4176, PRJEB10878, and PRJEB6070. Sequences and
data for the Integrative Human Microbiome Project are available at the IBDMDB website
(https://ibdmdb.org/) and deposited in SRA under accession number PRJNA398089.
Taxonomic profiles, functional profiles, and sample metadata of the CRC datasets are
available as Table S1.2.5 and Table S1.2.10. Taxonomic profiles and functional profiles of
the HMP IBDMDB dataset are newly available at https://ibdmdb.org/.
Profiles are also available through the curatedMetagenomicData R package (Pasolli et al,
2017). The full list of metagenomic datasets and samples used for the strain-level analysis of
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Ruminococcus bromii is reported in Table S1 from (Pasolli et al, 2019). Ruminococcus bromii
reference genomes are deposited in GenBank under accession GCA_002834165,
GCA_002834225, GCA_002834235, GCA_003466165, GCA_003466205, GCA_003466225,
GCA_900101355 and GCA_900291485.
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Supplementary Figures

Supplementary Figure 1.2.1: Performance metrics (Precision, Recall, Bray-Curtis similarity) of MetaPhlAn 3.0,
MetaPhlAn2, mOTU, and Bracken species-level profiling of the CAMI human-associated, CAMI mouse gut, and
non-human datasets. Bray-Curtis similarity index is calculated on arcsine-square-root transformed relative
abundances
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Supplementary Figure 1.2.2: (top) Scatter plots of precision, recall, and F1 score, of all the synthetic
metagenomes profiled with MetaPhlAn 3 using stat_q=0.2 (default value for MetaPhlAn 3) and stat_q=0.1 (rho =
0.97). (bottom) Comparison of memory usage (maxRSS) and speed of taxonomic profilers included in the
evaluation. Each tool was run on 5 HMP metagenomes using 1 thread.
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Supplementary Figure 1.2.3: This figure expands Fig. 1.2.1D from the main text to further compare HUMAnN 3,
HUMAnN 2, and Carnelian on the basis of F1 score for accuracy of enzyme commission (EC) family detection,
runtime (cpu-hrs), and peak memory usage (MaxRSS).
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Supplementary Figure 1.2.4: This figure summarizes our initial optimization of HUMAnN 3 based on the synphlanhumanoid metagenome with a UniRef90 gold standard. Pangenome search (bowtie2 phase) was evaluated in “-bypass-translated-search” mode and translated search (diamond phase) was evaluated in “--bypass-nucleotidesearch” mode. Left (“bowtie2”) column: We compared accuracy and performance requesting 1 vs. 5 hits from
Bowtie 2 and performing post hoc filtering of target sequences requiring 0% (i.e. no filtering), 50%, and 80% of
sites to be hit. HUMAnN 3 defaults to a single hit (unchanged from HUMAnN 2) but requires 50% coverage of
database sequences (similar to HUMAnN 2’s translated search filter). Center (“diamond_map”) column: We
compared a variety of DIAMOND stringency filters during translated search. HUMAnN 3 uses alignments with
>80% identity within 1% score of the best alignment (id80_top01), which is more sensitive (but otherwise similar)
to the HUMAnN 2 default (id90_max20). Right column (“diamond_mem”): We evaluated different memory utilization
settings in DIAMOND, but kept the DIAMOND default (b2c4) in both HUMAnN 2 and 3.
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Supplementary Figure 1.2.5: This figure provides a high-resolution view of HUMAnN 3’s performance in the
evaluations of main-text Fig. 1.2.1D (accuracy and performance on CAMI and non-human-associated
metagenomes). The top four rows (1 - BC, F1, TPR, and PPV) detail measures of accuracy for UniRef90-level
protein families at the community (large dot) and well-covered-species (small dots) levels. The “READS” row
indicates the stage of HUMAnN 3’s tiered search where sample reads were aligned; ~75% of most samples’ reads
were explained, with the vast majority of the reads assigned by known pangenomes outside of the CAMI mousegut
samples (which relied more heavily on translated search for explanations). The “CPU-HRS” row indicates the time
spent in various phases of HUMAnN 3’s tiered search, with the translated search step dominating overall runtime.
The MaxRSS row indicates the peak memory usage (in GBs) for each sample, and was consistently in the 20-25
GB range.

1.2-80

Supplementary Figure 1.2.6: Log-transformed relative abundances of the top 20 MetaPhlAn 3 species associated
with colorectal cancer (A) and top 10 most abundant species (B) identified with a meta-analysis on 1,262 samples.
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Supplementary Figure 1.2.7: Meta-analysis of the CRC datasets on the MetaPhlAn 3.0 species-level relative
abundances (A) and relative abundance of MetaCyc pathway profiles generated with HUMAnN 3 (B).
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Supplementary Figure 1.2.8: Forest plot reporting effect sizes calculated using a meta-analysis of standardized
mean differences and a random effects model on cutC and yeaW relative abundances between CRC and control
samples.
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Supplementary Figure 1.2.9: Distribution of yeaW gene relative abundance (log10 count-per-million normalized)
extracted from HUMAnN gene family profiles.
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Supplementary Figure 1.2.10: Features identified by the random-forest analysis on the species profiled with
MetaPhlAn2 and MetaPhlAn 3 using different values of q_stat, and by HUMANn 3 grouping UniRef90 in MetaCyc
pathways and Enzyme Commission numbers.
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Supplementary Figure 1.2.11: Comparison between StrainPhlAn (A) and StrainPhlAn 3 (B) strain level profiling
capabilities. Ruminococcus bromii species was profiled on 1,590 metagenomes. (C) Prediction strength at different
cluster numbers and (D) PAM clustering results on the StrainPhlAn 3 phylogenetic distance matrix expose four
optimal clusters of Ruminococcus bromii strains.
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Supplementary Tables
Supplementary Table 1.2.1: Average values of F1 scores of MetaPhlAn 3, MetaPhlAn2, mOTUs2, and
Kraken species-level profiles computed on the 123 synthetic metagenomes.

Tool

MetaPhlAn v3.0 stat_q 0.2

MetaPhlAn v3.0 stat_q 0.1
MetaPhlAn2 v2.7
mOTUs251_precision
mOTUs251_recall
Bracken_208_25_refseq

Airways

Gastrointestinal
tract

Oral

Skin

Urogenital
tract

Mouse
gut

Non-human

0.880

0.894

0.869

0.853

0.869

0.722

0.830

0.896

0.908

0.898

0.883

0.906

0.728

0.855

0.723

0.761

0.672

0.751

0.701

0.544

0.330

0.768

0.824

0.787

0.761

0.779

0.770

0.632

0.683

0.768

0.772

0.720

0.727

0.800

0.529

0.440

0.426

0.525

0.359

0.339

0.091

0.021

Supplementary Table 1.2.2: bioBakery 3 software improvements.

https://www.dropbox.com/s/sbar6dggsrohz1m/Supplementary_table_2_biobakery_comparisi
on.xlsx?dl=0
Supplementary Table 1.2.3: Mean and ranked values of Bray-Curtis dissimilarity and arcsine-square-root
normalized Bray-Curtis dissimilarity obtained by MetaPhlAn 3, MetaPhlAn2, mOTUs2, and Kraken on the
synthetic metagenomes considered in the evaluation.

https://www.dropbox.com/s/ptcmml1mkri002x/Supplementary_table_3_taxonomic_profiling_
bray_curtis.xlsx?dl=0
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Supplementary Table 1.2.4: Comparison of runtime and memory consumption of MetaPhlAn 3,
MetaPhlAn2, mOTUs2, and Kraken+Bracken on the 5 HMP metagenomes.

Tool

Elapsed
time
(mean h)

Elapsed
time
(sd h)

Memory Peak
(mean Gb)

Memory Peak
(sd Gb)

Reads per
second
(mean)

Reads per
second
(sd)

MetaPhlAn v3.0

3.1120

2.65

2.614

0.01

10031.2

3,560.25

MetaPhlAn2 v2.7

8.2183

3.58

2.079

0.27

2911.2

400.08

mOTUs251_precisi
on

10.6094

4.92

4.034

1.30

2283

234.26

mOTUs251_recall

11.5189

6.18

4.035

1.30

2186

310.86

Bracken_208_25_r
efseq

2.3504

1.40

32.529

0.27

11163

2,759.93

Supplementary Table 1.2.5: MetaPhlAn 3 taxonomic profiles and HUMAnN 3 functional profiles of the 1,262
CRC samples.

https://www.dropbox.com/s/3jn5tgdx7ssw5v2/Supplementary_table_5_CRC_metaphlan_hu
mann_profiles.xlsx?dl=0
Supplementary Table 1.2.6: MetaPhlAn 3 species-level and HUMAnN 3 pathway abundances CRC metaanalysis results.

https://www.dropbox.com/s/s4zlop6jz2f35ek/Supplementary_table_6_CRC_metaanalysis_m
etaphlan_results.xlsx?dl=0
Supplementary Table 1.2.7: MetaPhlAn 3 species merged according to the species-level genome bin (SGB)
system.

https://www.dropbox.com/s/r2fv71jxw81y6h4/Supplementary_table_7_metaphlan3_merged_
species_with_SGB.xlsx?dl=0
Supplementary Table 1.2.8: Number of distinct MetaPhlAn 3 markers per species.

https://www.dropbox.com/s/yl7638cps97i72f/Supplementary_table_8_metaphlan3_markers_
per_species.xlsx?dl=0
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Supplementary Table 1.2.9: Per-sample OPAL binary measures (true positive, false positive, false negative,
precision, recall, F1 score) computed on MetaPhlAn 3, MetaPhlAn2, mOTUs2, and Kraken species-level
profiles computed on the 123 synthetic metagenomes.

https://www.dropbox.com/s/eokxfegceb6b7t4/Supplementary_table_9_evaluation.xlsx?dl=0
Supplementary Table 1.2.10: Metadata of all the 1,262 samples from the 10 CRC datasets.

https://www.dropbox.com/s/kwvdzcjoni0kug7/Supplementary_table_10_CRC_metaanalysis_
datasets.xlsx?dl=0
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Large-scale comparative metagenomics of Blastocystis, a
common member of the human gut microbiome
Introduction to the chapter
The gut microbiome is not composed only by bacteria. And (micro) eukaryotes in the gut are
not all parasites. A small portion of the microbiome, the so-called “eukaryome” (Andersen et
al, 2013), is composed of eukaryotic organisms having interaction with the host that is not only
limited to parasitism but also mutualism and commensalism (Lukeš et al, 2015). Thanks to
recent studies that showed that some species are harmless or even beneficial to the gut , we
observed a reversal of the trend of removal of eukaryotic species in the gut by treatments with
drugs (Coyle et al, 2011). But still, their role in human gut health is largely unexplored. One of
these species is Blastocystis spp., a microeukaryote living in the human gut but its role is
unclear as previous studies report Blastocystis spp. both as a pathogen and as harmless.
By leveraging a couple of thousand metagenomes and the available 8 Blastocystis spp.
subtypes genomes, we investigated its epidemiology and ecology and provided an in-depth
genomic analysis of the several available Blastocystis spp. subtypes reference genomes and
genomes reconstructed from the metagenomes. In this work, we expanded the current
knowledge by searching for its presence in more than 2000 metagenomic samples spanning
all the continents except Australia and Antarctica. This is the first large-scale investigation of
Blastocystis spp. conducted using a metagenomic approach, another work by (Andersen et
al, 2015) investigated its presence using only a small subset of metagenomes considered in
this work. We observed Blastocystis presence in around 15% of the subjects and showed that
its prevalence is higher in healthy subjects, suggesting that Blastocystis may play a positive
role in the gut ecology. In particular, by reconstructing 43 Blastocystis genomes, we showed
that performing metagenomic assembly of microbial eukaryotes is possible, a particular task
that enables further integration of these organisms in metagenomic profilers.
For this article, I retrieved all the reference genomes and built the custom pipeline for the
calculation of coverage values, the pipeline for the assessment of the limit of detection, the
gene prediction and annotation of the retrieved metagenome-assembled genomes and the
custom pipeline for the phylogenetic placement. I performed most of the data interpretation
and of the writing of the manuscript.
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Abstract
The influence of unicellular eukaryotic microorganisms on human gut health and disease is
still largely unexplored. Blastocystis spp. commonly colonize the gut, but its clinical
significance and ecological role are currently unsettled. We have developed a high-sensitivity
bioinformatic pipeline to detect Blastocystis subtypes (STs) from shotgun metagenomics, and
applied it to 12 large datasets, comprising 1,689 subjects of different geographic origin,
disease status and lifestyle. We confirmed and extended previous observations on the high
prevalence the microrganism in the population (14.9%), its non-random and ST-specific
distribution, and its ability to cause persistent (asymptomatic) colonization. These findings,
along with the higher prevalence observed in non-westernized individuals, the lack of positive
association with any of the disease considered, and decreased presence in individuals with
dysbiosis associated with colorectal cancer and Crohn’s disease, strongly suggest that
Blastocystis is a component of the healthy gut microbiome. Further, we found an inverse
association between body mass index and Blastocystis, and strong co-occurrence with
archaeal organisms (Methanobrevibacter smithii) and several bacterial species. The
association of specific microbial community structures with Blastocystis was confirmed by the
high predictability (up to 0.91 Area Under the Curve) of the microorganism colonization based
on the species-level composition of the microbiome. Finally, we reconstructed and functionally
profiled 43 new draft Blastocystis genomes and discovered a higher intra subtype variability
of ST1 and ST2 compared to ST3 and ST4. Altogether, we provide an in-depth epidemiologic,
ecological, and genomic analysis of Blastocystis, and show how metagenomics can be crucial
to advance population genomics of human parasites.
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Introduction
Blastocystis spp. (referred to as Blastocystis in the manuscript) is a unicellular eukaryotic
microorganism that belongs to the Stramenopile phylum. This phylum encompasses an
extremely large diversity of organisms including free-living flagellates, parasites of plants (e.g.,
Peronospora) and animals (e.g., Phytium insidiosum), organisms resembling fungi in terms of
cytology and ecology, and a myriad of photosynthetic lineages that range from single-cell
diatoms to giant multicellular brown algae (Derelle et al, 2016). Blastocystis is a common
inhabitant of the gut of humans and other animals (Clark et al, 2013). Its prevalence in humans
varies within and between populations, but it is higher in underdeveloped countries, where it
can reach 100% (El Safadi et al, 2014). This is likely the result of poor hygiene conditions,
contact with animal reservoirs, and consumption of contaminated water or food (Tan, 2008).
Isolates of Blastocystis from different hosts are morphologically very similar, yet display
substantial genetic variability: based on nucleotide differences in the small subunit ribosomal
DNA gene, 17 different subtypes (STs) are recognized, nine of which (ST1 to ST9) are
associated with human colonization (Alfellani et al, 2013b; Tan, 2008). Previous studies
reported the presence of Blastocystis in all continents (Alfellani et al, 2013a), attesting its
ubiquitous distribution, but the overall epidemiological picture is still incomplete.
Whether Blastocystis is to be considered a pathogen, a commensal or even a beneficial
member of the human gut microbiome is still unclear (Lukeš et al, 2015). Indeed, some studies
have implicated it in intestinal diseases, including Inflammatory Bowel Disease (IBD) and
Irritable Bowel Syndrome (IBS), thus supporting a pathogenic potential (Tan et al, 2010).
Further, genome analysis of an ST7 isolate revealed the presence of genes encoding potential
virulence factors, notably hydrolases and serine and cysteine proteases (Denoeud et al,
2011). On the other hand, studies of healthy, randomly sampled individuals have shown a
high carriage of Blastocystis and a prolonged colonization of the gut (Scanlan & Marchesi,
2008; Scanlan et al, 2014). Therefore, unbiased large-scale investigations are needed to
clarify its role as an aetiological agent of disease, but targeted epidemiological investigations
of Blastocystis at a global scale are impractical.
Cultivation-free, sequencing-based metagenomic technologies (Morgan et al, 2013; Segata et
al, 2013a; Tyson et al, 2004; Venter et al, 2004) can potentially overcome some of these
issues. Many large-scale metagenomic studies have been performed to characterize the
complex consortium of organisms constituting the human gut microbiome, and recent strainlevel analyses started to unravel the population structure of bacterial species (Scholz et al,
2016; Truong et al, 2017) but little attention has been devoted to intestinal parasites (Andersen
et al, 2013). Indeed, until now, only one investigation (Andersen et al, 2015) used a
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metagenomic approach to study Blastocystis within 316 samples of the MetaHIT dataset (Qin
et al, 2010) and there is thus the unmet opportunity to exploit larger sets of metagenomes for
parasite profiling and epidemiology.
In order to expand the size, genetic depth, and host population diversity of epidemiologic
investigation, we developed a bioinformatic pipeline to detect the presence of Blastocystis
from metagenomes and applied it on 12 published large metagenomic datasets of the human
gut microbiome. Overall, 1,689 subjects from 18 different countries and 4 continents (Europe,
Africa, Asia and North/South America) were studied, allowing us to survey the prevalence, ST
distribution, and genome characteristics of the microorganism, and to investigate its
association with disease conditions and the structure of the resident gut bacterial population.
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Materials and Methods
Metagenomic datasets and data pre-processing
We analysed 2,154 publicly available gut metagenomic samples from twelve studies. We
considered the nine largest metagenomics studies we were aware of and were available as of
July 2015 to which we added three additional studies to expand the geographical span of our
analysis (Table 2.1.1). The selected raw metagenomes were processed with FastqMcf
(Aronesty, 2013) by trimming positions with quality < 15, removing low-quality reads (mean
quality < 25), and discarding reads shorter than 90 nt. Human DNA and Illumina spike-in DNA
(Bacteriophage phiX174) were then removed by using BowTie2 (Langmead & Salzberg, 2012)
to map the reads against the reference genomes.
Eight of the considered studies aimed at characterizing the human gut in different health
conditions whereas four considered subjects not affected by documented medical conditions
(Table 2.1.1). We collected and manually curated the main available metadata associated
with the samples (Pasolli et al, 2016). The metadata fields considered here are BMI, age,
gender and disease status. We made the complete metadata table associated with the
samples publicly available at https://bitbucket.org/CibioCM/metaml/src.
We performed the analysis using the 9 available genomes of Blastocystis subtypes as
reference. These include the complete genome sequence of one isolate from ST7 (Denoeud
et al, 2011) and one from ST4 (accession codes CABX01000000 and JPUL02000000,
respectively). Additionally, we used the draft genomes of other STs (ST1, ST2, ST3, ST4,
ST6, ST8 and ST9) isolated from humans that have been recently deposited in public
databases

(accession

codes

LXWW00000000,

JZRJ00000000,

JZRK00000000,

JZRL00000000, JZRM00000000, JZRN00000000, JZRO00000000). Before using these
genomes in our analysis, and because Blastocystis sequencing projects are likely to contain
DNA from other organisms, we screened all contigs of all assemblies for potential bacterial
and archaeal contamination. We did this by mapping with BLASTN the Blastocystis
assemblies against the set of ~55,000 publicly available archaeal and bacterial genomes. By
considering matches over at least 500 nucleotides and a nucleotide identity of at least 90%,
we removed all contigs with bacterial or archaeal matches over more than 3% of the length of
the contig. Overall, we removed 613 contigs after screening out a minimum of 246,384
nucleotides for ST4 and a maximum of over 4.5 M nucleotides for ST6 (see Supplementary
Table 2.1.1). We notice that our procedure was set to be quite aggressive in avoiding potential
contamination, but this is a safe strategy for our investigation as more than 10 M nucleotides
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remained available for all ST and these are largely sufficient to assess the presence of
Blastocystis in metagenomes as reported below.
Table 2.1.1: List and characteristics of the metagenomic datasets used in this study. Abbreviations: CD Crohn’s disease;
STEC Shiga-toxigenic Escherichia coli; T2D Type 2 diabetes; UC Ulcerative colitis.

# samples
#reads per sample
#total reads
Age [yrs]
with condition
(106)
9
(10 )
median (IQR)
5
mean ± std

Dataset
name

Condition

Country

#subjects

# total
samples

Candela

Healthy

Italy,
Tanzania

38

38

-

0.85

22.3 ± 19.3

30 (23 - 38)

(Rampelli et al, 2015)

HMP

Healthy

USA

111

191

-

20.50

108.5 ± 31.7

26 (23 - 28)

(Human Microbiome Project
Consortium, 2012)

Karlsson

T2D

Denmark
10 EU countries

145

145

53

4.49

31.0 ± 17.6

70 (69 - 71)

(Karlsson et al, 2013)

LeChatelier

Obesity

Denmark

292

292

169

20.14

69.0 ± 23.2

56 (50 - 61) (Le Chatelier et al, 2013)

Liu

Healthy

China,
Mongolia

110

110

-

6.41

58.2 ± 26.8

-

(Liu et al, 2016)

Loman

STEC
infection

Germany

37

44

44

0.39

9.0 ± 12.0

-

(Loman et al, 2013)

MetaHIT

CD, UC

Denmark,
Spain

124

124

25

5.60

45.1 ± 18.4

54 (49 - 60)

(Qin et al, 2010)

Nielsen

CD, UC

Denmark,
Spain

318

396

148

21.40

53.9 ± 20.2

49 (40 - 59)

(Nielsen et al, 2014)

Obregon-Tito Healthy

Peru,
USA

58

58

-

2.73

47.1 ± 20.8

26 (17 - 35) (Obregon-Tito et al, 2015)

Qin

Liver
cirrhosis

China

237

237

123

12.24

51.6 ± 30.9

45 (38 - 54)

(Qin et al, 2014)

T2D

T2D

China

363

363

170

14.60

40.2 ± 11.8

48 (38 - 57)

(Qin et al, 2012)

Zeller

Colorectal
cancer

France

156

156

53

9.37

60.0 ± 25.4

63 (58 - 70)

(Zeller et al, 2014)

1689

2154

785

118.72

55.12 ± 29.0

49 (36 - 62)

Total

5

Reference

Except for condition “healthy”
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Detection of Blastocystis STs from metagenomes
Metagenomic reads were mapped to reference genomes using the Bowtie2 aligner
(Langmead & Salzberg, 2012) and an end-to-end alignment for paired ends reads. The
Bowtie2 output was processed by Samtools (Li et al, 2009) and the sorted and indexed BAM
file was processed with BEDtools (Quinlan, 2014) to compute the breadth of coverage for each
subtype (“genomecov –bg” parameter), which represents the fraction of the target genome
covered by at least one metagenomic read (Molnar & Ilie, 2015). The relative abundance in
subjects colonized over two timepoints was estimated by counting the number of reads
mapped to the Blastocystis reference genome normalized by the total number of reads in the
sample.
In this work, we define a sample as positive for a Blastocystis ST if its genome has a breadth
of coverage of at least 10%. This value was chosen based both on (i) the similarity between
the genomes of different Blastocystis STs and (ii) on the false positive detection rate for the
presence of a second Blastocystis ST when another one is present. For the first criteria, we
quantified the average fraction of the genome of a Blastocystis ST shared at a sequence
similarity higher than 80% with a distinct Blastocystis ST genome using LAST (Kiełbasa et al,
2011) (“-l 100 -f BlastTab” parameters). The maximum fraction of matching genome was 3%,
with the only exceptions of ST4-ST8 and ST6-ST9 which share more than 15% of the genome.
However, this value substantially decreases at percentage identity thresholds >80% which is
a very conservative threshold considering that the maximum identity at which a read of 100 nt
can be mapped against a reference genome is 95%. Additionally, at the 10% breadth of
coverage threshold, we did not find any co-occurrence of ST4 and ST8 in the samples, and
for the cases in which ST6 and ST9 co-occurred we manually confirmed that most of the reads
outside the shared genomic regions mapped only against the ST with the highest breadth of
coverage. For the second criteria, we looked at the distribution of the number of additional
STs in addition to the one with the largest breadth of coverage detected when varying the
threshold (Supplementary Figure 2.1.9). This distribution goes from seven (all the STs in
addition to the dominant one) to one (only the dominant ST detected), but it is already
plateauing at 10% breadth of coverage confirming that such value does not produce false
positives. Multiple lines of evidence thus support the 10% breadth of coverage value to be
safe in avoiding false positives. False negatives would be minimized at lower threshold value,
but false negatives are arguably less problematic than false positives, and false negatives are
an intrinsic and unavoidable problem in metagenomics.
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Assessing the limit of detection for Blastocystis in metagenomes
To assess the sensitivity of our procedure in detecting Blastocystis, we performed semisynthetic experiments by spiking-in known amounts of synthetic reads from known
Blastocystis genomes into real Blastocystis-negative gut metagenomes. For each ST, the
synthetic reads were obtained with an Illumina-based sequencing simulator with typical
sequencing error rates and noise (McElroy et al, 2012). As real Blastocystis-negative gut
metagenomes we considered metagenomes from the HMP, Karlsson, LeChatelier, and
Obregon-Tito datasets subsampled after QC to the typical metagenome size of 50M reads.
The procedure was repeated at multiple fractions of Blastocystis relative abundance from
0.001% to 1% (for a total of 30 abundance values) and considering seven distinct real gut
microbiomes for each simulation and ST. With this analysis (Supplementary Figure 2.1.1),
we empirically found that the chosen detection threshold (10% breadth of coverage)
corresponds to a limit of detection slightly below 0.03% abundance. ST7 has an even lower
limit of detection which is due to the length of its genome (about 50% larger than the other
STs). As mentioned above, our Blastocystis detection pipeline aims at minimizing the false
positive rate, so even though thresholds lower than 10% breadth of coverage would positively
impact the limit of detection, we again preferred to avoid calling the presence of Blastocystis
without strong quantitative evidence. The limit of the detection of our procedure is higher than
what can be achieved with PCR-based approaches, that are however limited in the amount of
genomic information that they can provide.

Metagenomic assembly and Blastocystis contig binning
The 43 metagenomic samples in which we detected a breadth of coverage higher than 66.6%
for at least one Blastocystis genome, were selected for de novo metagenomic assembly. This
was performed using SPAdes version 3.9.0 (Bankevich et al, 2012). Contigs shorter than
1,000 nt were discarded, and contigs from Blastocystis identified by mapping with BLASTN
the screened contigs against the Blastocystis reference genomes. Specifically, we assigned
a contig to a Blastocystis subtype if it had at least 90% identity over at least half of its length
against the available reference genome.

Whole genome phylogenetic analysis
To infer the phylogeny of the newly assembled genomes we adopted a core-gene based
strategy (Page et al, 2015; Segata et al, 2013b). The core gene set was generated by aligning
all the annotated genes of the Blastocystis ST4 WR1 genome against all 8 available reference
genomes and the 43 genomes we newly assembled using BLASTN (Evalue: 1e-50, word
size:9). To be included in the core gene set, a gene was required to be present in at least 75%
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of the analysed genomes with an identity higher than 65% over at least 600bp. The identified
core gene sequences were then aligned using MUSCLE (Edgar, 2004), concatenated in a
single alignment, and processed with trimAL (“-gappyout” parameter) (Capella-Gutiérrez et al,
2009) to remove excessively gapped sub alignments and poorly aligned regions. The
phylogeny was then built using RAxML version 8.1.15 (Stamatakis, 2014) with the
GTRGAMMA model and 100 bootstrap steps.
Using this approach, we identified a core gene set of 9 genes (average alignment length of
each gene of 2,443 bp and standard deviation of 1,374 bp) for a total concatenated alignment
length of 21,984 bp. To improve the resolution at a lower phylogenetic level, we repeated the
process within the genomes of ST1, ST2, ST3 and ST4 separately and reconstructed their
intra subtype phylogeny on which a larger shared core genome can be identified. Subtypespecific trees were generated by fragmenting each genome in portions of 2,000bp and treating
them as genes because no genome annotation was available and de-novo annotation would
have introduced biases. Criteria for the inclusion in the core gene adapted to the intra-ST case
included the requirement that a sequence was present in all the genomes with an identity
higher than 95%. Single nucleotide variant distribution within every subtype was calculated
using nucmer (Kurtz et al, 2004) pipeline for computing pairwise alignment and SNV reporting.
For ST1 the average pairwise alignment was 3,431,933 bp (s.d. 2,323,310 bp), for ST2
3,876,563 bp (s.d. 1,985,719 bp), for ST3 2,318,013 bp (s.d. 2,917,467 bp), and for ST4
3,432,010 bp (s.d. 3,131,603 bp).

Functional prediction and annotation
We considered the 19 reconstructed genomes accounting >5 Mbp for gene prediction and
annotation. Ad-initio gene prediction was performed using SNAP (Korf, 2004) to generate
HMM models for all the STs using the available annotations to build the HMM reference profile.
Genome annotation was performed using MAKER (Cantarel et al, 2008) with default
parameters using the HMM models previously generated. Newly predicted proteins were then
functionally annotated with eggnog-mapper (Huerta-Cepas et al, 2016a) using the eggNOG
(Huerta-Cepas et al, 2016b) Eukaryotic dataset. ST-specific KOG functions were determined
by performing a Fisher's exact test between the genomes of a particular ST and the other
ones. Adjusted p-values were computed through the false-discovery rate correction.

Microbiome profiling and co-occurrence analysis
All samples were processed with MetaPhlAn2 (Segata et al, 2012b; Truong et al, 2015) to
quantitatively profile the whole microbial population exploiting the properties of speciesspecific markers (Huang et al, 2014). We used the obtained abundance profiles to investigate
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the co-occurrence or co-exclusion (Faust et al, 2012) of Blastocystis with other members of
the microbiome. In particular, the Wilcoxon rank-sum test was used to identify the microbial
features that were associated with the presence or absence of Blastocystis. In computing this
test, duplicates from the same subject were discarded and a threshold of 0.05 was considered
as significance level. Additional analysis for finding bacterial clades associated with
Blastocystis presence was performed using the LEfSe (LDA effect size) tool (Segata et al,
2011). Finally, a machine learning-based approach was applied to further investigate if the
microbiome signature is predictive for the presence of Blastocystis. The species abundances
generated by MetaPhlAn2 were used to discriminate between Blastocystis positive and
negative samples. For this purpose we considered a random forest (RF) classifier (Breiman,
2001) implemented in the MetAML tool (Pasolli et al, 2016). First, prediction accuracies were
assessed by an unbiased 10-fold cross validation procedure, repeated and averaged over 20
independent runs. Then, we applied a leave-one-dataset-out approach, in which the presence
of Blastocystis in a given dataset is predicted by training the model on the samples from the
other independent studies. Prediction accuracies were evaluated in terms of area under the
ROC curve (AUC) statistics, which can be interpreted as the probability that the classifier ranks
a randomly chosen positive sample higher than a randomly chosen negative one, assuming
that the positive sample ranks higher than the negative one. The free parameters of the
classifiers were set as follows: i) the number of decision trees was equal to 500; ii) the number
of features to consider when looking for the best split was equal to the root of the number of
original features; iii) the quality of a decision tree split was measured using the Gini impurity
criterion. The software framework used for this experiment is open-source and available online
at http://segatalab.cibio.unitn.it/tools/metaml. Alpha diversity was computed for each dataset
by considering Gini-Simpson and Shannon indexes under the condition of presence or
absence of Blastocystis and the Student’s t-test (significance level set to 0.05) was used to
test significance between the two conditions.

Results
Meta-analysis for Blastocystis in large metagenomic datasets
We screened large-scale intestinal metagenomic datasets to assess the prevalence of
Blastocystis and its STs, infer epidemiologic characteristics, and examine the characteristics
of their genomes. Overall, we processed 2,154 faecal microbiome samples from 1,689
subjects from 12 datasets (Table 2.1.1). These datasets span diverse disease conditions
including colorectal cancer (Zeller et al, 2014), type 2 diabetes (Karlsson et al, 2013; Qin et
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al, 2012), liver cirrhosis (Qin et al, 2010), obesity (Le Chatelier et al, 2013), and IBD (Nielsen
et al, 2014; Qin et al, 2010). All these studies almost exclusively focused on the bacterial
components of the microbiome and did not report the presence of microbial Eukaryotes, with
the above mentioned exception that focused on a single metagenomic dataset (Andersen et
al, 2015). The wide range of distinct health conditions and geographic origins of the hosts we
considered here are thus a key factor in this study.
To assess the presence of Blastocystis, we used a sequence mapping based approach aided
by the availability of draft genome sequences from eight subtypes (ST1, ST2, ST3, ST4, ST6,
ST7, ST8 and ST9), all known to be associated with human colonization. After removing
potential

bacterial

sequences

contaminating

these

genomes

(see

Methods

and

Supplementary Table 2.1.1), we estimated the fraction of each target genome covered by
metagenomic reads (i.e., the breadth of coverage) and we considered samples positive for
Blastocystis when the breadth of coverage was higher than 10% (see Methods). Using this
approach, Blastocystis is detected when present at a concentration as low as 0.03% in typical
metagenomic samples of 50M reads (Supplementary Figure 2.1.1). Downstream analyses
detailed in the rest of the work are based on this detection threshold.

Blastocystis prevalence and subtype dominance is biogeographically
variable
We first determined the prevalence of Blastocystis in the overall dataset, which included 2,154
faecal samples from 1,689 subjects. The microorganism was detected in 321 samples,
originating from subjects in ten countries (China, Denmark, France, Mongolia, Norway, Peru,
Spain, Sweden, Tanzania and USA) from four continents, with an overall prevalence of 14.9%.
The prevalence was higher in European subjects (243 of 1084 samples, 22.4%) and lower in
Chinese ones (24 of 600, 4.0%). Despite the relatively small size of the dataset, 15 (55.6%)
of the 27 Tanzanian subjects (Rampelli et al, 2015) were positive for Blastocystis, whereas all
the Italian subjects (n=11) from the same study were negative. Blastocystis was not detected
in the Shiga toxin-producing E. coli (STEC)-infection dataset (Loman et al, 2013).
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Figure 2.1.1: Prevalence of Blastocystis and Blastocystis subtypes in the different datasets (A), different
continents (B), different European states (C), and between westernized and non-westernized subjects (D)
(see Supplementary Table 2 for more details). Stacked barplots show the prevalence in each category; numbers
below the bars refer to the number of samples in the corresponding category, where duplicates from the same
subject are eventually discarded. Statistical significance was assessed by Fisher's exact test.

The prevalence of Blastocystis appears to be influenced by the DNA extraction procedure
used in the different studies, being higher when methods combining mechanical and chemical
lysis steps are used (Supplementary Figure 2.1.2). This suggests that efficient DNA
extraction from lysis-resistant microorganism cysts requires appropriate procedures, and that
comparison across studies should consider this factor (Yoshikawa et al, 2011). On the other
hand, cohort differences may have a larger impact on prevalence than methodological
aspects, as exemplified by large differences in prevalence between three European datasets
(LeChatelier, MetaHIT and Nielsen) and the Chinese T2D dataset, despite the use of the same
DNA extraction procedure.
We then examined the prevalence of the different Blastocystis STs among individuals
colonized with single STs (Figure 2.1.1, Supplementary Table 2.1.2). While some aspects
such as the wide geographic distribution of ST3 (detected in 10 of 12 datasets), and the overall
low prevalence of ST6, ST7 and ST9, are in agreement with the current global epidemiologic
information (Clark et al, 2013), two new points of particular relevance emerged. First, ST2
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appears to predominate in the non-industrialized cohorts analysed, which are hunter-gatherer
populations from Tanzania (Rampelli et al, 2015) and Peru (Obregon-Tito et al, 2015)(Figure
2.1.1). The difference in ST2 prevalence between non-westernized (including data from (Liu
et al, 2016)) and westernized individuals is highly statistically significant (p = 5.75E-10). This
raises the hypothesis that ST2 is one of the members of the gut microbiome that have been
affected by westernization processes (Segata, 2015). Second, the prevalence of ST4 is very
high among European subjects (Figure 2.1.1), which is in sharp contrast with the absence, or
extreme rarity, of this ST in other regions of the world (e.g., p = 6.57E-16 for the difference in
prevalence between Europe and Asia, Supplementary Figure 2.1.3), except the US. The
difference in ST4 prevalence between westernized and non-westernized individuals is also
statistically significant (p < 0.046). These data confirm and extend previous observations on
the peculiar geographical distribution of ST4 (Forsell et al, 2012). Overall, ST2 and ST4 thus
appear to be the Blastocystis subtypes most influenced by geography and lifestyles.

Blastocystis prevalence is higher in subjects with low BMI and in healthy
controls for Crohn’s disease and colorectal cancer
We tested the association between the presence of Blastocystis and available parameters of
interest (see Methods), and found that body mass index (BMI) is strongly negatively
correlated with Blastocystis prevalence. In the metagenomic study that specifically targeted
the obesity phenotype (Le Chatelier et al, 2013), we detected Blastocystis in 39.4% normal
weight individuals, compared to 15.4% obese subjects (p = 2E-05, Figure 2.1.2A). This is
consistent with findings from a study of Danish subjects (Andersen et al, 2015). The other
datasets include a smaller number of obese subjects, thus providing less statistical power to
test the association. Nonetheless, a higher Blastocystis prevalence in normal weight
individuals compared to overweight and obese ones was evident in six of the eight datasets,
two of which supported by statistical significance (Figure 2.1.2A).
Interestingly, when considering all the European datasets that used the same collection and
processing protocols (n=715, 126% more samples than (Andersen et al, 2015)), the difference
in Blastocystis prevalence between normal weight and obese subjects was again strongly
significant (p = 5E-03), as it was between normal weight and overweight (p = 0.011), and
between non-overweight and overweight (p = 0.015). At the level of specific subtypes, only
ST4 reached statistical significance (p = 0.03 between normal weight and obese), suggesting
that association between Blastocystis and BMI is probably not subtype-specific.
We did not find an increased prevalence of Blastocystis in subjects affected by any of the
considered diseases (lowest one-side p = 0.4 for T2D in the Karlsson dataset). Conversely,
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Blastocystis was positively associated (p = 0.008) with the control group in the colorectal
cancer dataset (Zeller et al, 2014), with only 3 of the 53 (5.7%) patients positive for the
microorganism compared to 15 of the 61 (24.6%) healthy controls (Figure 2.1.2B). This trend
was also confirmed in the same dataset when considering patients with large adenomas
(n=14), as only one was positive for Blastocystis. Crohn’s disease, but not ulcerative colitis,
was also negatively associated with the presence of Blastocystis (p = 0.04). Our findings seem
to contrast other reports especially for colorectal cancer (Kumarasamy et al, 2014), whereas
for IBD existing data already associated ulcerative colitis rather than Crohn’s disease with
decreased Blastocystis prevalence (Petersen et al, 2013) although different conclusions were
reached in other reports (Cekin et al, 2012).
Previous data on this association are however sparse, debated in clinical settings, and
potentially affected by publication bias. More independent investigations are needed to
elucidate these relations, but our results suggest that the ecological niche of Blastocystis is
independent from disease-associated microbiome dysbiosis features. A further hypothesis
supported by the above associations and the absence of Blastocystis in STEC-positive
subjects, is that Blastocystis is actually less common in individuals with gastro-intestinal
symptoms and other microbiome-associated disease conditions (Scanlan et al, 2014).
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Figure 2.1.2. Blastocystis prevalence in BMI classes (A) and different health conditions (B) for the
considered datasets. Barplots show the prevalence of Blastocystis in different health conditions reported in the
analysed datasets. BMI classes considered were underweight (Un), normal (No), overweight (Ov) and obese (Ob).
The total number of samples in each class and dataset is reported below the bars. Bars associated with a total
number of samples less than four are not shown. Note that scales in panels A and B are different. Abbreviations:
CD Crohn’s disease; IGT Impaired Glucose Tolerance; T2D Type 2 diabetes; UC Ulcerative colitis. Fisher's exact
test was used as statistical significance test.

Stable Blastocystis colonization is subtype-independent
To study the persistence of Blastocystis colonization and determine the subtypes involved in
chronic colonization, we analysed the metagenomic dataset of subjects who provided stool
samples at multiple timepoints. A total of 121 subjects, 43 from the HMP dataset (Human
Microbiome Project Consortium, 2012) and 78 from the Nielsen dataset (Nielsen et al, 2014),
were sampled at two timepoints (mean 219 and 163 days after first sampling, respectively).
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Blastocystis was identified above the detection threshold in 22 subjects (7 from HMP and 15
from Nielsen) in at least one of the timepoints considered (Supplementary Table 2.1.3). Of
the 22 positive subjects, 14 (64%) maintained the colonization over the two timepoints,
whereas 5 subjects acquired and 3 subjects lost the colonization between the two timepoints
(Figure 2.1.3A, Supplementary Table 2.1.3). For the cases of colonization acquisition/loss
and accordingly with our detection limit of 0.03% relative abundance, Blastocystis is indeed
absent in the subject or may be present at very low abundance which is still indicative of
variations in the ecological relation of Blastocystis with the resident microbiome. In subjects
with stable colonization, the relative abundance of Blastocystis changed only slightly in the
majority of the cases (Figure 2.1.3B) and we did not observe variations higher than three
folds.

Figure 2.1.3: Breadth of coverage (A) and relative abundance (B) of Blastocystis in subjects colonized over
two timepoints (see Supplementary Table 3 for more details). In the breadth of coverage plots, samples below
the threshold of detection are also indicated. The breadth of coverage represents the fraction of the reference
genome covered by at least one metagenomic read. The relative abundance is estimated by dividing the number
of reads mapped to the Blastocystis reference genome with the total number of reads in the sample.

In the 14 subjects with stable colonization, we always found the same ST at the two timepoints,
suggesting that ST replacement is not a frequent event in the healthy human gut, at least over
the relatively short timeframes considered in the datasets (Figure 2.1.3). The subtypes
commonly found in humans (ST1-ST4) all appeared as stable colonizers, suggesting that this
phenomenon is not subtype-dependent.
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Whole genome genetic analysis of Blastocystis subtypes
Isolates belonging to the same Blastocystis subtype display some genetic variability, as
highlighted by studies of ribosomal markers (Yoshikawa et al, 2016) and a few housekeeping
genes (Stensvold et al, 2012; Yoshikawa et al, 2016). However, the extent of polymorphism
at the genome level and variability in gene content within different STs is unknown. To this
end, we reconstructed draft Blastocystis genomes from the metagenomes and performed
comparative genomic analysis. In total, 43 assemblies were obtained using metagenomic
assembly with SPAdes (Bankevich et al, 2012) followed by binning and taxonomic assignment
(see Methods, Supplementary Table 2.1.4) from the samples with very high Blastocystis
abundance. Specifically, 16 new genomes were very closely related to the available genome
of ST4, 7 to ST2 and ST1, 9 to ST3, whereas only 4 genomes were assembled from the
phylogenetically related ST6, ST8, and ST9. A simple genetic feature such as the average GC
content (Supplementary Figure 2.1.4) was already distinctive across STs, in that ST1, ST2,
and ST3 that have a genome much richer in GC (average 52.6%, 52.0%, 51.5% respectively)
than ST4, ST8, and ST9 (average 40.0%, 42.3%, 41.5% respectively), whereas ST6 is in
between these two groups (average 44.9%).
We then integrated the nine available genomes with the 43 new assemblies to reconstruct the
genome-scale phylogeny of the Blastocystis genus using the concatenation of aligned core
genomic fragments. This reconstruction relies upon the substantial fraction of the genome that
is conserved across strains and have been performed for assemblies with an average of 4.4
Mb of reconstructed genome (Supplementary Table 2.1.4). While the overall structure of the
tree (Figure 2.1.4A) confirms previous phylogenetic analyses based on single marker genes
(Yoshikawa et al, 2016) and ST-specific phylogenies consistently place the reconstructed
genomes from multiple sample of the same patient (Figure 2.1.4D), substantial genetic
diversity is detected within each ST (Figure 2.1.4B-E). Strains belonging to ST1 show the
highest genetic diversity with, on average, 1.5% (s.d. 0.10%) single nucleotide substitutions
in the genomic regions conserved between pairs of strains (Figure 2.1.4F). ST4 shows instead
an overall much higher sequence conservation (average 0.27% s.d. 0.14% divergence), in
agreement with findings from single marker genes (Stensvold et al, 2012). ST2 and ST3
display intermediate genetic diversity compared to ST1 and ST4.
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Figure 2.1.4: Phylogenetic relation between the 9 available Blastocystis reference genomes and 43 newly
reconstructed genome assemblies from metagenomes. From the overall phylogenetic tree (A) we also report
the subtrees of the four subtypes with more than 3 genomes (B-E) and compare the sequence diversity they span
(F). Maximum likelihood phylogenetic trees were inferred using concatenated aligned shared genomic regions
identified in reference genomes and assemblies (see Methods). The asterisk highlights samples acquired from the
same subject at two different timepoints. Black filled circles denote bootstrap support greater than 80%. The scale
bar represents the average SNV rate calculated on the pairwise alignment.

We then restricted the genomic analysis to the 19 genomes for which at least 5Mb have been
reconstructed and performed a functional annotation and characterization of these high-quality
assemblies (4 for ST1, 4 for ST2, 4 for ST3, and 7 for ST4, see Supplementary Table 2.1.4)
by using the eggNOG (Huerta-Cepas et al, 2016b) database (see Methods). Unsurprisingly,
less than half of the genes identified were assigned to known COG functional categories (from
42.7% of ST4 to 46.7% of ST3, Figure 2.1.5A). Only few categories were not represented in
Blastocystis (e.g., as expected, the cellular machinery for cell motility) and the four STs
generally contained a very similar number of proteins in these broad categories (Figure
2.1.5B). The only exceptions are category J (Translation, ribosomal structure and biogenesis)
and category A (RNA processing and modification) that are overrepresented in the genomes
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of ST3 and underrepresented in those of ST2 (p < 1E-04), as well as categories D (Cell cycle
control and mitosis) and T (Signal Transduction, all p < 1E-04).

Figure 2.1.5: Functional annotation analysis of the 19 reconstructed genomes spanning four Blastocystis
STs. Less than half of the genes predicted by MAKER (Cantarel et al, 2008) were assigned to known COG
functional categories using the eggNOG (Huerta-Cepas et al 2016b) database (A, see Methods). These annotated
genes can be grouped into 23 broad COG categories (B) that are a variable fraction of the total annotated genes.
The asterisks denote categories for which one-way ANOVA statistical test gave p < 1E-04. Hierarchical clustering
performed on the more specific KOG functions show that samples associated with the same ST cluster together
(C).

More specific functional assignments based on the manually curated Clusters of Orthologous
Groups for Eukaryotes (KOG, see Supplementary Table 2.1.5) (Huerta-Cepas et al, 2016b)
further highlighted the differences in functional potential between STs and the substantial intraST functional consistency. This is clear from the hierarchical clustering analysis of the KOG
profiles in each reconstructed genome (Figure 2.1.5C), in which the close phylogenetic
relationship between strains in the same ST is recapitulated at the level of their functional
potential. A total of 795 KOGs were found to be ST-specific (Supplementary Table 2.1.5 and
Supplementary Figure 2.1.5) after statistical significance testing with false-discovery rate
correction (see Methods). For example, a cystatin (0IZK7 Cystatin B), that in ST7 has a
potential role in parasitic cysteine protease and inhibition of host proteases (Denoeud et al,
2011; Wawrzyniak et al, 2012), is present in ST2 but not in ST1, ST3, and ST4. Likewise, we
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found a glycoside hydrolase (hydrolase family 47) only in ST3, and this may be involved in the
attack of the host intestinal epithelial cells (Denoeud et al, 2011). Finally, in ST4 genomes we
found heat shock proteins (like 0PHA3 and KOG3047 - ubiquitously-expressed, prefoldin-like
chaperone) and cytosolic Ca2+-dependent cysteine proteases (like KOG0045 - Calpain-like
cysteine peptidase) that were not present in other ST genomes, and these may represent
virulence factors unique to this ST. Altogether these data indicate that different Blastocystis
STs have distinct functional potential niches that are currently only partially characterized.
Further, we show for the first time that it is possible to characterize ST-specific functional
repertoires that are conserved among strains of the same ST.

The presence of Blastocystis is highly correlated with gut microbiome
composition
We found a very strong association between the presence of Blastocystis and the abundance
of archaeal organisms (p < 6.65E-37). On the overall dataset, this association may be inflated
because some DNA extraction procedures may favour non-bacterial organisms (WesolowskaAndersen et al, 2014), but we observed strong statistical significance in all but two single
datasets (Figure 2.1.6 and Supplementary Table 2.1.6). Archaea in the human gut are
represented primarily by Methanobrevibacter smithii (Figure 2.1.6A) which is in fact strongly
associated with the presence of Blastocystis. Interestingly, several archaeal genes, likely
acquired horizontally, are present in the Blastocystis genome (Denoeud et al, 2011),
suggesting that the common ecological niche favours the interaction and the exchange of
genetic material between the microorganism and the Archaea.
Several bacterial clades were also found to be strongly associated with Blastocystis presence,
with a total of 68 significant associations with effect size larger than 3.3 as found by LEfSe
analysis (Segata et al, 2011) (Figure 2.1.6E and Supplementary Figure 2.1.6). Bacteria in
the Firmicutes phylum and in the Clostridiales order also appeared strongly enriched in
samples positive for Blastocystis (Supplementary Figure 2.1.7). Species in this order
included Butyrivibrio crossotus (significant in 7 datasets, Figure 2.1.6B), Eubacterium siraeum
(significant in 6 datasets, Figure 2.1.6C), and Coprococcus catus (significant in 6 datasets,
Supplementary Figure 2.1.7). In addition, the overall Clostridiales order is associated with
the presence of Blastocystis (Supplementary Table 2.1.6). However, some clostridia tend to
co-exclude with Blastocystis, such as Ruminococcus gnavus (significant in 6 datasets, Figure
2.1.6D) and Clostridium bolteae (significant in 5 datasets, Supplementary Figure 2.1.7).
Therefore, while there is a general positive association between Firmicutes/Clostridia and
Blastocystis, there are negative associations at the species-level, possibly due to competition
for resources or different ecological niches.
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In contrast, the most abundant intestinal bacterial genus, Bacteroides, is generally more
abundant in Blastocystis-negative samples (Supplementary Figure 2.1.7), with five datasets
in which this trend is significant. This association is also driving the general higher abundance
of the Bacteroidetes phylum in Blastocystis-negative samples and possibly contrasting the
opposite trend observed for the Firmicutes phylum (Supplementary Figure 2.1.7).
Proteobacteria and Actinobacteria seem instead generally not influenced by the presence of
Blastocystis with only one and two datasets, respectively, in which they appear significant.
Specific species in these phyla can however still be strongly associated with Blastocystis
presence (e.g., the proteobacterium Oxalobacter formigenes significant in 5 datasets,
Supplementary Figure 2.1.7) or absence (e.g., the actinobacterium Eggerthella significant in
5 datasets, Supplementary Figure 2.1.7), suggesting that species-specific functional
specialization has a higher ecological connection with Blastocystis than more general phylumlevel characteristics.
We expanded the analysis on the association between Blastocystis and specific intestinal
organisms by searching overall microbiome signatures predictive for the presence of the
microorganism. Our previous work on such machine learning signatures (Pasolli et al, 2016)
showed that all the diseases considered here can be associated, with a variable degree of
accuracy, with their microbiome structures. In the case of Blastocystis, we found that
microbiome signatures (Figure 2.1.6F) are always statistically significant and are even
stronger than for the disease. Importantly, this is true not only when considering specific
datasets with an unbiased cross-validation procedure (Pasolli et al, 2016), but also when
predicting the presence of Blastocystis in a given dataset considering only the samples from
the other independent studies. This confirms that Blastocystis-positive microbiomes have
distinguishing features that are consistent across populations, geography, and batch effects.
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Figure 2.1.6. The presence (or absence) of Blastocystis is associated with major differences in the
intestinal microbiome. Some species are strongly associated with the presence (A-C) or absence (D) of
Blastocystis (plots for additional microbes are reported in Supplementary Figure 7). Boxplots report the
distribution of abundances in samples with and without Blastocystis. Blue asterisks denote datasets where
significant differences exist between the absence and presence of Blastocystis. LEfSe analysis (E) showed several
other microorganisms statistically associated (α = 0.05) with Blastocystis presence at high effect size (threshold at
3.3). Machine learning-based approach reveals that the microbiome signature is predictive for the presence of
Blastocystis (F). This is valid not only when considering specific datasets with an unbiased cross-validation
procedure, but also when predicting the presence of the parasite in a given dataset considering only the samples
from other independent studies (leave-one-dataset-out approach).

Overall, our analysis suggests that a consistent set of bacterial and archaeal organisms, and
the overall composition of the microbiome, are associated with the presence (or absence) of
Blastocystis. Interestingly, despite the many ecological associations found, microbiome
diversity is instead not associated with the presence of Blastocystis (Supplementary Figure
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2.1.8). Recent studies addressed the possible correlation between the presence of
Blastocystis and other microbiome members that can of course also be influenced by other
factors such as intestinal transit time. 16S rRNA amplicon sequencing revealed a higher
abundance of Clostridia, Ruminococcaceae and Prevotellaceae, among Blastocystiscolonized individuals, while Enterobacteriaceae were enriched in Blastocystis-free patients
(Audebert et al, 2016). Two other studies found that individuals with an intestinal microbiome
dominated by Bacteroides had less Blastocystis than those with Ruminococcus and
Prevotella-driven enterotypes (Andersen et al, 2015, 2016); this was interpreted in terms of a
correlation between Blastocystis and species richness, since the Bacteriodes-driven
enterotype has a lower species richness compared to the other enterotypes. The same
authors, however, pointed out that species richness alone could not explain other observed
trends, such as the correlation between Blastocystis carriage and BMI in Danish individuals.
They thus argued that the presence of specific microbial species could influence the ability of
the microorganism to thrive in the gut, but were unable to identify those species. Here we
expand this concept on a much larger cohort size and higher taxonomic resolution, and
provide a list of bacterial and archaeal organisms that should be prioritized in future
experimental investigations (e.g. in vitro) aimed at understanding the ecology of Blastocystis
in the human gut and its potential direct interaction with bacterial members of the microbiome.
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Discussion
We have developed a computational pipeline to detect Blastocystis in human gut
metagenomic samples and applied it to a collection of >2,000 metagenomes from subjects
representing all continents except Australia and Antarctica. This is the largest investigation on
the prevalence of Blastocystis and its subtypes in humans, overcoming in size and geographic
diversity the single metagenomic study of an European cohort (Andersen et al, 2015) and the
other more traditional investigations (Bart et al, 2013; Ramírez et al, 2014; Scanlan et al, 2014,
2016; Villalobos et al, 2014). Importantly, we also assessed the association between the
presence of Blastocystis STs and a number of disease conditions, studied the co-occurrence
(or co-exclusion) with other members of the gut microbiome, and reconstructed the genomes
of strains belonging to different STs and used them for phylogenetic and functional potential
analyses.
We detected Blastocystis in subjects from 11 of the 12 datasets, confirming its global
distribution. In agreement with current literature, the geographic distribution of subtypes was
not random: ST3 was widely distributed, ST4 was strongly underrepresented outside Europe
and USA, and ST2 predominated in the non-industrialized cohorts. These findings illustrate
how important epidemiologic aspects can be studied by mining appropriate metagenomics
datasets.
We confirmed that the microorganism is able to persist for months (Scanlan et al, 2014), and
that all the Blastocystis STs commonly associated with humans are able to stably colonize the
gut. The presence of Blastocystis was strongly negatively correlated with BMI, but microbiome
diversity was not statistically associated with its presence, suggesting that the low
microorganism prevalence in obese subjects is independent from the documented decrease
in overall diversity (Pareek et al, 2011). Importantly, Blastocystis was significantly more
prevalent in the control groups for the investigations on colorectal cancer and ulcerative colitis,
and was absent in individuals with STEC infection (although no controls are available for this
study). While these associations require additional follow-up studies, they are consistent with
the general trend we observed of higher Blastocystis prevalence in healthy individuals. If we
also consider the increased detection rate of the microorganism in non-westernized
populations, its stable colonization in healthy subjects, and the high global prevalence, our
work provides multiple and robust evidence to consider Blastocystis as a common member of
the healthy human gut microbiome and further expands the findings of clinical studies of
chronic colonization (Roberts et al, 2014) and carriage among healthy individuals (Scanlan &
Marchesi, 2008).
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We completed the analysis by showing how the presence and abundance of Blastocystis were
strongly correlated with those of Archaea; other bacterial species and phyla were similarly
correlated (or anti-correlated) with Blastocystis. These analyses, which raise new hypotheses
about potential ecological or direct interactions of Blastocystis with specific bacterial members
of the gut microbiome, would have not been possible with purely cultivation-based
approaches. Phylogenomic analyses are another essential tool for microbial population
genomics, but are almost exclusively performed on genomes obtained by sequencing isolates
(Budroni et al, 2011; Klemm & Dougan, 2016). Blastocystis can be cultivated in vitro (Tan,
2008), but establishing a collection of microorganism cultures from individuals of diverse
geographic origin is very laborious and time-consuming. Here we show that full Blastocystis
genomes can be reconstructed from metagenomes, and provide novel information on the
diversity in the genus, the phylogenetic relation within subtypes, and functional traits.
With the collections of publicly available metagenomes quickly growing in number and size,
there is an unprecedented opportunity to unravel the population genomics of Blastocystis at
multiple levels of resolution without the need of targeted isolation work. Importantly, the
computational pipeline we developed here is applicable to other parasites and fungi, if genome
information is available and the target organism is present at a sufficient abundance. We thus
anticipate that metagenomic analysis coupled with the opportunity of mining the vast
collections of gut metagenomes will soon become an indispensable tool to explore the
epidemiology, genetics, and diversity of Eukaryotic microorganisms in the human host.
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Supplementary tables
The supplementary tables are available for download on the online version of the paper
(http://dx.doi.org/10.1038/ismej.2017.139). Here reported down below the captions:
Supplementary Table 2.1.1. Statistics for the nine considered reference genomes coming from eight different
STs. Numbers refer to original genomes and after-screening genomes. Screening was devoted to remove potential
bacterial and archaeal contamination.
Supplementary Table 2.1.2. Prevalence for each Blastocystis subtype in every category considered in Figure 1.
Supplementary Table 2.1.3. Breadth of coverage and relative abundance of Blastocystis in subjects infected over
two timepoints.
Supplementary Table 2.1.4. Statistics for the 43 genomes associated with different STs reconstructed from the
metagenomes.
Supplementary Table 2.1.5. Description of the 795 ST-specific KOG functions, which were determined after
statistical significance testing with false-discovery rate correction. The table reports the KOG functions with an
adjusted p-value less than 0.2.
Supplementary Table 2.1.6. p-values associated with the statistical significance test aimed at finding association
between Blastocystis presence and other organisms of the microbiome.
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Supplementary figures

Supplementary Figure 2.1.1. Analysis on semi-synthetic data revealed that Blastocystis is detected through the
developed methodology when present at a concentration as low as 0.03% in typical metagenomic samples of 50M
reads.

Supplementary Figure 2.1.2. Blastocystis prevalence at varying DNA extraction procedures.
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Supplementary Figure 2.1.3. p-values associated with the statistical significance test aimed at finding prevalence
of specific STs in different continents. "-" denotes non-statistical significance.

Supplementary Figure 2.1.4. GC-content of the reconstructed genomes associated with the four most prevalent
ST types.
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Supplementary Figure 2.1.5. Heatmap reporting the ST- specific KOG functions. Further details on these KOG
functions are reported in Supplementary Table 5.
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Supplementary Figure 2.1.6. The LEfSe analysis conducted on all the taxonomic levels extends the results
reported in Figure 2.1.6E. Several microorganisms are statistically associated (α = 0.05) with Blastocystis presence
at high effect size (threshold at 3.3). These include Clostridiales and Firmicutes that are associated with the
presence of Blastocystis whereas Bacteroides and Proteobacteria tend to be more associated with its absence.
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Supplementary Figure 2.1.7. Additional results than those reported in Figure 2.1.6A-D shows that the presence
(or absence) of Blastocystis is associated with major differences in the intestinal microbiome.
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Supplementary Figure 2.1.8. Gini-Simpson and Shannon indexes were considered to estimate the alpha diversity
in each dataset under the condition of absence (in red) or presence (in green) of Blastocystis. Only in one case
(reported with the blue asterisk) we observed statistical significance between the two conditions.
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Supplementary Figure 2.1.9: False discovery rate plot. The two plots show the average subtypes detected at a
given value of breadth of coverage. The distribution goes from seven (all the STs in addition to the dominant one)
to one (only the dominant ST detected), but it is already plateauing at 10% breadth of coverage confirming that
such value does not produce false positives.
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Tobacco exposure associated with oral microbiota oxygen
utilization in the New York City Health and Nutrition Examination
Study
Introduction to the chapter
The impact of cigarette smoke and tobacco products on human health has been widely
established and linked to the rise of numerous adverse health issues and several systemic
diseases (Law et al, 1997; Lee et al, 1997; Ho et al, 1993), including several types of cancers
(Ang et al, 2010; Lortet-Tieulent et al, 2016). Tobacco assumption via the oral route makes
the upper respiratory airways the first parts that make contact with the cigarette smoke. Recent
studies have assessed the impact of cigarette smoke on the oral microbial communities (Wu
et al, 2016a; Colman et al, 1976; Charlson et al, 2010) and a special focus has been made on
the association with oral diseases, mostly in particular periodontal diseases (Haber, 1994;
Mager et al, 2003; Socransky, 1977). Recent alternative ways of smoking like e-cigarettes or
hookah or more “classical” like cigar smoking, gained popularity most in particular between
young people (Department of Health and Human Services, 2016) and to date, little is known
about the effect of these ways of smoking on the oral microbiome (Ganesan et al, 2020). It
has also been observed that several socio-demographic aspects, like the education level, can
influence smoking status (Chassin et al, 1996; Emmons et al, 1998; Pan et al, 2015).
In this chapter, I will present the result of an investigation we conducted on the NYC-HANES
dataset, a population-based sample of New York City including extensive information on
smoking habits, socio-demographics, oral health, and other health conditions and biomarkers
(including serum cotinine levels). We tested the effect of several sociodemographic variables,
such as education level or age, as confounding factors and tried to identify possible variables
that could explain the predisposition of certain groups to smoke. Thanks to the availability of
blood serum cotinine data, we assessed the effect of environmental exposure like secondhand
smoke on the oral microbiome, an important aspect since it has been established its toxicity.
I performed all the analyses described in the paper and, with the help of the co-authors, I
performed the data interpretation of the statistical tests and the manuscript writing. All the coauthors were involved in the creation of an R package to make the results reproducible, with
all the code and functions used for analyzing the data. The package and the associated
vignette are available at https://github.com/waldronlab/nychanesmicrobiome.
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Abstract
Purpose: The effect of tobacco exposure on the oral microbiome has not been established.
Methods: We performed amplicon sequencing of the 16S ribosomal RNA gene V4 variable
region to estimate bacterial community characteristics in 259 oral rinse samples, selected
based on self-reported smoking and serum cotinine levels, from the 2013-14 New York City
Health and Nutrition Examination Study. We identified differentially abundant operational
taxonomic units (OTUs) by primary and secondhand tobacco exposure, and employed
“microbe set enrichment analysis” to assess shifts in microbial oxygen utilization.
Results: Cigarette smoking was associated with depletion of aerobic OTUs (Enrichment
Score test statistic ES = -0.75, p = 0.002) with a minority (29%) of aerobic OTUs enriched in
current smokers compared to never smokers. Consistent shifts in the microbiota were
observed for current cigarette smokers as for non-smokers with secondhand exposure as
measured by serum cotinine levels. Differential abundance findings were similar in crude and
adjusted

analyses.

Conclusion: Results support a plausible link between tobacco exposure and shifts in the oral
microbiome at the population level through three lines of evidence: 1) a shift in microbiota
oxygen utilization associated with primary tobacco smoke exposure, 2) consistency of
abundance fold-changes associated with current smoking and shifts along the gradient of
secondhand smoke exposure among non-smokers, and 3) consistency after adjusting for a
priori hypothesized confounders.
Keywords: microbiota; RNA, Ribosomal, 16S; human microbiome; oral health; tobacco;
smoking
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Introduction
Dysbiosis of the dental plaque microbiome is a necessary step in the etiology of periodontitis
and caries (Curtis et al, 2011), which have been linked to systemic illness, including
cardiovascular diseases (Blaizot et al, 2009), type 2 diabetes mellitus (Borgnakke et al, 2013),
obesity (Chaffee & Weston, 2010), low birth weight and preterm birth (Ide & Papapanou,
2013), rheumatoid arthritis (Detert et al, 2010), chronic obstructive pulmonary disease (Zeng
et al, 2012), and oral and digestive cancers (Fitzpatrick & Katz, 2010). Tobacco exposure is a
cause of these outcomes (Chang et al, 2014; Chang, 2012; Stallones, 2015; Laniado-Laborín,
2009; Zheng et al, 2016; Moura et al, 2014), but whether it causes them through shifts in the
general oral microbiome is unknown (Wu et al, 2016a). If tobacco smoke causes harmful
alterations of the oral microbiome, interventions targeting the oral microbiome could mitigate
the impact of tobacco exposures. A key aspect of making this distinction lies in establishing
whether a range of tobacco exposures, including cigarette smoking, secondhand smoke
exposure, hookah and e-cigarette use, cause substantial changes in the structure and function
of the general oral microbiome.
Evidence suggests that tobacco smoke exposure causes alterations to the oral microbiome,
selecting a community enriched with opportunistic pathogens (Kumar et al, 2011; Mason et al,
2015) and negatively impacting the resilience and colonization resistance of the sub- and
supragingival biofilms (Joshi et al, 2014). Such alterations may occur directly due to selective
toxicity (Macgregor, 1989), or indirectly via alteration of the host immune system to produce
both pro- and anti-inflammatory effects (Giannopoulou et al, 2003; Güntsch et al, 2006;
Stämpfli & Anderson, 2009) which alter the oral biofilm and mucosal microbial habitats.
Another potential mechanism by which tobacco smoke reconfigures the oral microbiome is via
depletion of oxygen (Kenney et al, 1975), creating a hypoxic oral environment that favors
anaerobiosis. Tobacco smoke may also favor anaerobiosis by increasing the amount of free
iron (Ghio et al, 2008), and inhibiting oral peroxidase (Reznick et al, 2003). Anaerobic
glycolysis in human salivary cells has been shown to dramatically increase after exposure to
tobacco smoke (Eichel & Shahrik, 1969), and human experiments show reduction in
periodontal pocket oxygen tension (Hanioka et al, 2000) and redox potential (Kenney et al,
1975) after smoking cigarettes. Low throughput studies of the oral microbiome have shown
greater abundance of the anaerobes Prevotella intermedia (Eggert et al, 2001) and
Lactobacillus spp. (Parvinen, 1984) in cigarette smokers. Ad hoc findings from high throughput
studies have suggested that smokers have greater abundance of anaerobic microorganisms
(Mason et al, 2015) and depletion of microbial functional pathways related to aerobic
respiration (Wu et al, 2016a). Thus tobacco exposure could plausibly cause changes to the
oral microbiome, but available results are limited to laboratory and small-sample studies.
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This study suggests a causal link between tobacco exposure and alterations to the saliva
microbiome among participants of the 2013-14 New York City Health and Nutrition
Examination Study (NYC HANES). It contrasts current smokers to non-smokers with no recent
secondhand exposure, and investigates a dose-response relationship among non-smokers
with varying degrees of secondhand exposure assessed by quantitative serum cotinine level.
It further investigates former smokers and smokers of e-cigarettes and hookah. Multiple lines
of causal inference are used to test the hypothesis that tobacco smoke alters the saliva
microbiome: controlling for hypothesized confounders, testing for a dose-response
relationship, and testing for altered oxygen requirements of the microbial communities
associated with tobacco exposure.

Materials and Methods
2013-2014 NYC-HANES
Data for the current study are sub-sampled from the 2013-14 NYC HANES, a populationbased study of 1,575 non-institutionalized adults in New York City (Thorpe et al, 2015)
modeled after the United States Centers for Disease Control and Prevention’s National Health
and Nutrition Examination Survey (NHANES) (National Health and Nutrition Examination
Survey, 2017). The NYC HANES sample was recruited using a three stage cluster household
probabilistic design of all non-institutionalized adults 18 years of age or older. Consenting
individuals provided information on smoking, including use of alternative tobacco products
such as e-cigarettes and hookahs in the last 5 days, socio-demographic characteristics, and
oral hygiene practices through face-to-face interviewing and audio computer assisted
interviewing for sensitive questions. Participants also underwent physical examination and
provided blood and oral rinse specimens for biomarker analysis. Serum specimens were
analyzed for cotinine by liquid chromatography/tandem mass spectrometry (Perlman et al,
2016).
The study was conducted by the City University of New York (CUNY) School of Public Health
in collaboration with the New York City Department of Health and Mental Hygiene (NYC
DOHMH), with ethical approval from their respective institutional review boards (IRBs). The
current sub-study received separate IRB approval from the CUNY School of Public Health.

Tobacco exposure outcome measures and selection of sub-sample
We selected a sub-sample of 297 participants for oral microbiome assessment based on selfreported tobacco use and serum blood cotinine level, classified into five mutually exclusive
groups:
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●

Current smokers (n=90) were selected from participants who reported smoking more
than 100 cigarettes in their lifetime, smoking a cigarette in the last 5 days, and not
using any alternative tobacco product in the last 5 days (the 90 with highest measured
serum cotinine were selected).

●

Never smokers (n=45) were randomly selected from those reporting lifetime smoking
of less than 100 cigarettes, no usage of any tobacco product in the last 5 days, and
serum cotinine level less than 0.05 ng/mL.

●

Former smokers (n=45) were randomly selected from participants reporting lifetime
smoking of more than 100 cigarettes, but currently not smoking, no use of any tobacco
product in the last 5 days, and serum cotinine level less than 0.05 ng/mL.

●

Non-smokers with secondhand exposure (n=38) comprised all available former or
never smokers with serum cotinine between 1 and 14 ng/mL (Jarvis et al, 1987). This
group includes four individuals with serum cotinine > 10 ng/mL (Homa et al, 2015),
who may have been light smokers; sensitivity analyses excluding these four had
negligible effect (not shown, included in Reproducible Analysis code), so they are
included in the secondhand exposure group.

●

“Alternative” smokers (n=79) were participants with self-reported usage of hookah,
cigar, cigarillo and/or e-cigarette in the last 5 days.

For quality control, 5% of samples were randomly selected and sequenced as technical
replicates. Results from replicates were used instead of the original sample if the sequencing
read count was greater than the original. An additional eight samples failed PCR amplification
and were repeated. Fifteen specimens (n=4 current cigarette smokers, n=2 never smokers,
n=2 former smokers, n=7 alternative smokers) were discarded for sequencing quality control
(below). We excluded an additional 23 participants from the alternative smoker group who
also reported smoking cigarettes in the last 5 days, in an attempt to isolate the effect of
alternative tobacco exposures, resulting in an analytic sample of 259 participants.

Specimen collection, processing, and sequence analysis
Specimen collection, processing, and sequence analysis methods are described in detail in a
companion paper (Renson et al, 2017). In brief, participants were asked to fast for 9 hours
prior to oral rinse and blood specimen collection. A 20-second oral rinse was divided into two
5-second swish and 5-second gargle sessions using 15 mLs of Scope® mouthwash, which
was transported on dry ice and stored at -80˚C. A modified protocol of the QIAamp DNA mini
kit (QIAGEN) was used for DNA extraction (Renson et al, 2017). DNA was amplified for the
V4 variable region of the 16S rRNA gene (Apprill et al, 2015; Parada et al, 2016). Highthroughput amplicon sequencing was conducted on a MiSeq (Illumina, San Diego, CA) using
2x300 paired-end fragments. 16S read analysis was carried out using QIIME version 1.9.1
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(Caporaso et al, 2010) and Phyloseq (McMurdie & Holmes, 2013). Paired-end reads were
merged with fastq-join (Aronesty, 2013) and resulting low quality reads (PHRED score < 30)
were discarded when joining the split reads (qiime split_libraries_fastq.py). Operational
Taxonomic Unit (OTU) picking was performed with an open reference approach by clustering
using UCLUST at 97% sequence similarity and taxonomy was assigned using the SILVA 123
(Pruesse et al, 2007) database as reference. The QIIME generated OTU table was converted
for phyloseq processing. Samples with fewer than 1000 reads (n=15) were removed from the
OTU table in the phyloseq preprocessing step. Genera present with a mean relative
abundance of less than 2 ✕ 10-4 were collapsed as “Other.”

Unsupervised clustering
We explored differences in beta diversity measures via Principal Coordinates Analysis (PCoA)
plots on Weighted UniFrac distances. The grouping of distances by smoking status was tested
by PERMANOVA as implemented in the ‘vegan’ package (Oksanen et al, 2008), with 999
permutations.

Oral microbiome measures
We compared oral bacterial community characteristics by tobacco exposure group using four
types of oral microbiome measures: 1. alpha (within-sample) diversity of the OTUs present; 2.
beta (between-sample) diversity of OTUs; 3. OTU counts at the genus level; 4. enrichment of
differential abundance categorized by oxygen requirement. For diversity measures, we
estimated Chao1 Index, Shannon Index and observed OTUs, and weighted UniFrac
(Lozupone & Knight, 2005) beta diversity using the estimate_richness and distance methods
of the phyloseq Bioconductor package (McMurdie & Holmes, 2013).

Differential abundance analysis
We performed crude and adjusted negative binomial log-linear regression of tobacco
exposure group to identify differentially abundant OTUs using edgeR (Robinson et al, 2010)
Bioconductor package. Low-prevalence OTUs, those without 3 or more reads observed in at
least 8 samples, were discarded. For adjusted models, a priori hypothesized confounders
included age, sex, race, self-reported physical activity, education, diabetes status (based on
serum HbA1c), and self-reported gum disease. Education (Giskes et al, 2005; Pierce et al,
1989), age, and sex (Emmons et al, 1998; Chassin et al, 1996; Pan et al, 2015) are known to
be associated with smoking and could plausibly be associated with oral microbiome
characteristics. Race was also treated as a possible confounder as studies suggest
differences in nicotine metabolism by race/ethnicity (Benowitz et al, 2009b). A False Discovery
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Rate (FDR, Benjamini & Hochberg, 1995) less than 0.05 was considered statistically
significant. Results from edgeR were compared to results obtained from the application of
DESeq2 (Love et al, 2014). Crude and adjusted coefficients were compared to assess which
hypothesized confounders had the greatest effect on adjusted analyses.

Microbe set enrichment analysis for oxygen requirements
We categorized genera as aerobic, anaerobic, or facultative anaerobic (Bergey’s Manual of
Systematics of Archaea and Bacteria, 2015) integrating information from the IMG/MER
database (Markowitz et al, 2012) and from the Bergey's Manual of Systematics of Archaea
and Bacteria (Bergey’s Manual of Systematics of Archaea and Bacteria, 2015). This resulted
in three “microbe sets” of OTUs with common oxygen requirements. We applied two
concurrent approaches to analyze whether the three microbe sets show coherent changes in
abundance of the contained microbes for (i) smokers vs. never smokers (with no recent
secondhand smoke exposure), and (ii) among non-smokers with exposure to secondhand
smoke. First, over-representation of differentially abundant OTUs in each microbe set was
tested based on the hypergeometric distribution (corresponds to a one-sided Fisher’s exact
test). Second, Gene Set Enrichment Analysis (GSEA, Subramanian et al, 2005) was used to
test whether microbes of a particular microbe set accumulate at the top or bottom of the full
OTU vector ordered by direction and magnitude of abundance change between the tested
sample groups. Over-representation analysis (ORA) and GSEA were applied as implemented
in the EnrichmentBrowser R/Bioconductor package (Geistlinger et al, 2016). Application of
GSEA incorporated the voom-transformation (Ritchie et al, 2015) of OTU counts to concur
with GSEA’s assumption of roughly normally distributed data. As the implementations of
GSEA and ORA required a binary outcome, serum cotinine levels were binned to contrast the
upper tertile (> 4.42 ng/ml) against the lower tertile (< 1.76 ng/ml). We also analyzed serum
cotinine level as a continuous measure using Gene Set Variation Analysis (GSVA,
Hänzelmann et al, 2013).

2.2-150

Statement of reproducible research
Analyses were performed in QIIME version 1.9.1 and R version 3.5.1. All results presented in
this manuscript are reproducible by installing the package and compiling its associated
vignettes provided at https://github.com/waldronlab/nychanesmicrobiome.
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Results
A total of 1.4 M reads (mean±sd: 4,758±3,463 reads/sample) were generated from 297 saliva
mouthwash specimens (Thorpe et al, 2015) of NYC-HANES participants selected based on
questionnaire and serum cotinine levels (Table 2.2.1, with serum cotinine levels by exposure
group shown in Supplementary Figure 2.2.1). After quality control and filtering, we retained
91.7% of reads (5,007 mean, 3,491 s.d), which were then classified using the QIIME pipeline
(Caporaso et al, 2010) into 1291 OTUs with more than 10 reads.
Taxonomic composition of the final analytic sample (n=259) was predominated by
Streptococcus (36% average relative abundance) and Prevotella (17% average relative
abundance), which were present in every sample. Other genera commonly associated with
the oral cavity like Rothia, Neisseria, Veillonella and Gemella were also found with average
relative abundances less than 10%.
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Table 2.2.1. Demographics and characteristics of participants in the 2013-2014 NYC-HANES smoking and
oral microbiome study
Never smoker

Cigarette

Former smoker

Alternative
smoker

Secondhand

n

43

86

43

49

38

Sex = Female (%)

28 (65.1)

45 (52.3)

25 (58.1)

22 (44.9)

22 (57.9)

Non-Hispanic White

13 (30.2)

24 (27.9)

25 (58.1)

19 (38.8)

10 (26.3)

Non-Hispanic Black

13 (30.2)

33 (38.4)

4 ( 9.3)

9 (18.4)

11 (28.9)

Hispanic

10 (23.3)

19 (22.1)

10 (23.3)

12 (24.5)

14 (36.8)

Asian

3 ( 7.0)

9 (10.5)

3 ( 7.0)

3 ( 6.1)

2 ( 5.3)

Other

4 ( 9.3)

1 ( 1.2)

1 ( 2.3)

6 (12.2)

1 ( 2.6)

College graduate or more

16 (37.2)

18 (20.9)

21 (48.8)

17 (34.7)

9 (23.7)

Less than
diploma

8 (18.6)

24 (27.9)

4 ( 9.3)

10 (20.4)

14 (36.8)

7 (16.3)

24 (27.9)

8 (18.6)

11 (22.4)

10 (26.3)

Race/ethnicity (%)

Educational achievement (%)
High

school

High school graduate/GED

Some College or associate's
degree
12 (27.9)

20 (23.3)

10 (23.3)

11 (22.4)

5 (13.2)

45.42 (16.50)

45.85 (13.07)

55.47 (18.00)

35.59 (16.44)

37.76 (14.70)

20-29

7 (16.3)

10 (11.6)

3 ( 7.0)

26 (53.1)

14 (36.8)

30-39

11 (25.6)

17 (19.8)

7 (16.3)

8 (16.3)

11 (28.9)

40-49

10 (23.3)

25 (29.1)

7 (16.3)

4 ( 8.2)

3 ( 7.9)

50-59

6 (14.0)

19 (22.1)

8 (18.6)

7 (14.3)

6 (15.8)

60 and over

9 (20.9)

15 (17.4)

18 (41.9)

4 ( 8.2)

4 (10.5)

Yes

5 (11.6)

5 ( 5.8)

7 (16.3)

3 ( 6.1)

2 ( 5.3)

No

38 (88.4)

81 (94.2)

36 (83.7)

38 (77.6)

36 (94.7)

Missing

0 ( 0.0)

0 ( 0.0)

0 ( 0.0)

8 (16.3)

0 ( 0.0)

Very active

15 (34.9)

27 (31.4)

11 (25.6)

16 (32.7)

17 (44.7)

Somewhat active

20 (46.5)

37 (43.0)

20 (46.5)

25 (51.0)

15 (39.5)

22 (25.6)

12 (27.9)

8 (16.3)

6 (15.8)

Age in years(mean (sd))
Age group (%)

Diabetes (%)

Physical activity (%)

Not very active/not active at
all
8 (18.6)
Annual family income (%)
Less Than $20,000

5 (11.6)

31 (36.0)

8 (18.6)

20 (40.8)

14 (36.8)

$20,000-$49,999

15 (34.9)

20 (23.3)

9 (20.9)

14 (28.6)

9 (23.7)

$50,000-$74,999

6 (14.0)

11 (12.8)

3 ( 7.0)

6 (12.2)

4 (10.5)

$75,000-$99,999

8 (18.6)

4 ( 4.7)

6 (14.0)

4 ( 8.2)

2 ( 5.3)

$100,000 or More

6 (14.0)

11 (12.8)

13 (30.2)

2 ( 4.1)

6 (15.8)

Missing

3 ( 7.0)

9 (10.5)

4 ( 9.3)

3 ( 6.1)

3 ( 7.9)

0.04
[0.04, 0.04]

271.49 [189.99, 0.04
360.99]
[0.04, 0.04]

10.54
[0.28, 55.36]

3.01
[1.39, 5.48]

Yes

4 ( 9.3)

9 (10.5)

5 (11.6)

4 ( 8.2)

4 (10.5)

No

39 (90.7)

76 (88.4)

38 (88.4)

45 (91.8)

34 (89.5)

Missing

0 ( 0.0)

1 ( 1.2)

0 ( 0.0)

0 ( 0.0)

0 ( 0.0)

Serum Cotinine (median
[IQR])
Gum disease (self-reported) (%)
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Alpha and beta diversity of the oral microbiome by tobacco exposure
Alpha diversities were not significantly different between the five tobacco exposure groups
(Shannon Index p=0.95, Observed OTUs p=0.08, Chao1 Index p=0.26 ANOVA test,
Supplementary Figure 2.2.2). However, beta diversity differed between current cigarette
smokers and never smokers, and was larger than differences by race/ethnicity, age, and other
sociodemographic measures (Table 2.2.2). The overall microbiome composition and structure
in these two classes differed and beta diversity was significantly explained by smoking status
(R2=0.051, p<0.001, PERMANOVA test, Figure 2.2.1). Additionally, former smokers were
significantly different from current smokers (p=0.001, R2=0.044, PERMANOVA test), but not
from never smokers (p=0.16, R2=0.018, PERMANOVA test). Within former smokers, we
found no evidence of differences between those who quit recently versus longer ago
(Supplementary Figure 2.2.3).

Proteobacteria less abundant in the microbiome of smokers
In crude analyses, 46 differentially abundant OTUs, taxonomically assigned to 28 different
genera,

were identified between current

cigarette smokers and never

smokers

(Supplementary Figure 2.2.4). Relative abundance of OTUs annotated as phylum
Proteobacteria (Neisseria, Lautropia, Haemophilus and Actinobacillus) and Candidate division
SR1 were found to be lower in current cigarette smokers compared to never smokers
(Proteobacteria phylum t-test p-value=5e-07, logFC=-0.84, Supplementary Figure 2.2.5).
Adjusted differential abundance analysis, accounting for hypothesized confounders, identified
fewer (n=21) differentially abundant OTUs between current and never smokers (Figure 2.2.2).
The phylum Proteobacteria was still identified as less-abundant in current smokers in the
adjusted model (t-test p-value=8e-07, logFC=-0.85). Adjusted coefficients were slightly
attenuated toward the null compared to crude estimates (Figure 2.2.3). Addition of one
hypothesized confounder at a time showed that age and education had the strongest impact,
resulting in a median decrease in coefficient magnitude of 2 and 3 percent, respectively.
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Table 2.2.2: PERMANOVA analysis on Weighted UniFrac distance measure. Model included smoking status
(cigarette smokers/never smokers) and other sociodemographic measures. Df: degrees of freedom, R2: Coefficient
of Determination
Df

F.Model

R2

Pr(>F)

Smoking status
(Cigarette smokers vs Never Smokers)

1

7.0845

0.05137

0.002

Self reported gum disease

2

0.8649

0.01254

0.496

Race/ethnicity

4

1.6281

0.04723

0.05

Sex

1

2.2591

0.01638

0.06

Age groups

1

2.9418

0.02133

0.014

Physical activity

2

0.8085

0.01173

0.623

Education level

2

0.7274

0.01055

0.708

Diabetes

1

0.304

0.0022

0.937

Differences in oxygen utilization in the oral microbiome of smokers
compared to never smokers
We functionally annotated the entire set of picked OTUs according to their oxygen
requirement: 78 aerobic OTUs, 673 anaerobic OTUs and 395 facultative anaerobic OTUs. We
failed to annotate 145 OTUs because their genera was annotated as uncultured bacteria or
taxonomic resolution was higher than genus.
A minority of aerobic OTUs (29%) and a majority of anaerobic OTUs (60%) had higher mean
abundance in current smokers as compared to never smokers. Facultative anaerobic OTUs
were approximately evenly divided, with 51% having higher abundance in current smokers.
We accordingly found differentially abundant OTUs between current smokers and never
smokers to be over-represented in aerobic OTUs (Hypergeometric test, p = 0.004). Using
Gene Set Enrichment Analysis (GSEA) to account for collinearity between OTUs and the
direction of the abundance change (up / down), aerobic OTUs were significantly depleted
among current smokers relative to never smokers (Enrichment Score test statistic ES = -0.75,
p = 0.002, GSEA permutation test). Anaerobic OTUs were enriched in smokers relative to
never smokers but the difference was not statistically significant (ES = 0.36, p = 0.14, GSEA
permutation test). We also observed an enrichment of facultative anaerobic OTUs among
never smokers compared to current smokers but this result was not statistically significant (ES
= -0.29, p = 0.48, GSEA permutation test).
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Figure 2.2.1: Principal coordinates analysis based on the weighted UniFrac distance. Dots in the ordination plot
are samples from never smokers with negligible serum cotinine (blue, n=43) and current cigarette smokers (red,
n=86); ellipsis indicating where 95% of observations are expected for each group. A separation between cigarette
smokers and never smokers is present and is statistically significant (R 2 = 0.051, PERMANOVA p<0.001). A
gradient also exists for the entire sample (n=259) by measured continuous serum cotinine level (R2 =0.0485,
PERMANOVA p = 0.001).

Comparison of those with secondhand smoke exposure to never smokers
To provide independent evidence for causal inference, we compared the coefficients
estimated for the contrast of current smokers versus never smokers to the coefficients for
serum cotinine level, estimated from a non-overlapping group of self-reported non-smokers
(n=38) exposed to secondhand smoke. Consistency was assessed by calculating the Pearson
Correlation of the two vectors of coefficients. This correlation is comparable to the Integrative
Correlation Coefficient, which was originally proposed to assess the replicability of
measurements from independent gene expression studies (Parmigiani et al, 2004; Cope et al,
2014). This correlation was estimated from the intersection of 121 OTUs passing the edgeR
filter against low-variance features for both groups. Full differential abundance results for these
121 OTUs are reported in Supplemental File 1. We observed a positive correlation (Figure
2.2.4, Pearson’s Correlation = 0.40, p = 5e-6); this correlation was slightly attenuated after
adjusted for age and educational attainment (Supplementary Figure 2.2.6, Pearson’s
Correlation=0.28, p=0.002). This positive correlation identifies a similarity in the patterns of
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differential abundance in smokers vs. never smokers when compared to the shifts associated
with increasing exposure to secondhand smoke. However, the application of three concurrent
approaches for microbe set enrichment analysis (GSEA, GSVA, and ORA) on samples from
participants exposed to secondhand smoke, with continuous or dichotomous serum cotinine
levels as the response variable, did not identify significant enrichment or depletion of
aerobiosis or anaerobiosis, reflecting smaller shifts associated with secondhand smoke
exposure.

Figure 2.2.2: Adjusted multivariate differential analysis between current cigarette smokers (n=86) and never
smokers (n=43). Starting from the 46 OTUs identified as differentially abundant from the crude model, adjusting for
confounders OTU differentially abundant were reduced to 21.
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Comparison of alternative tobacco exposures to never smokers
Differential abundance of OTUs from participants who used e-cigarettes, hookah, and/or
cigar/cigarillo but not cigarettes (Table 2.2.1) were contrasted to the never smoker group.
Phyla Actinobacteria, Firmicutes and Proteobacteria were more abundant in alternative
smokers while Bacteroidetes and an uncultured bacterium from Saccharibacteria were more
depleted. In those who only smoked hookah (n = 28), genera Porphyromonas, Leptotrichia,
Streptobacillus, Fusobacterium, and an uncultured bacterium from Saccharibacteria were
depleted. No OTUs were identified as differentially abundant among users of e-cigarette
(n=11) or cigar/cigarillo (n=23) who did not use any other smoking products. GSEA identified
a significant depletion of aerobic OTUs in cigar and cigarillo smokers (ES = -0.697, p = 0.04
GSEA permutation test) and depletion of facultative anaerobic OTUs in e-cigarette and hookah
smokers compared to never smokers (e-cigarettes ES = -0.514 p = 0.03 GSEA permutation
test; hookah ES = -0.489 p = 0.04 GSEA permutation test).

Figure 2.2.3: Comparison between 212 coefficients for current (n=86) vs. never smokers (n=43) from crude and
adjusted negative binomial log-linear regression (adjusted for age, sex, race/ethnicity, self-reported physical
activity, education, diabetes status, self-reported gum disease). Points in the scatter plot represent all differentially
abundant OTUs, regardless of statistical significance, with black dot OTUs significant with the Wald test in crude
analyses; coordinates are determined by the log 2 fold change resulting from the crude analysis between current
and never smokers (x axis) and the log2 fold change from the adjusted analysis between current and never smokers
(y axis).
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Figure 2.2.4: Comparison of log2 OTU fold changes between a) crude analyses of smokers (n=86) vs non-smokers
with no detectable serum cotinine (n=43), and b) analysis of continuous cotinine levels among non-smokers
exposed to secondhand smoke (n=38). Plot shows 121 OTUs that passed the edgeR filter for low-variance
variables, including 28 OTUs that are differentially abundant in smokers (FDR <0.05, indicated in black).
Coefficients for these two contrasts, involving different measures of exposure on different individuals, are positively
correlated (Pearson Correlation = 0.58, p = 0.0013 for 28 OTUs; Pearson Correlation = 0.40, p = 5e-6 for all 121
OTUs)
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Discussion
This study analyzes oral mouthwash specimens from a sub-sample of NYC HANES 2013-14
to provide multiple lines of causal inference supporting the hypothesis that tobacco smoke
exposure alters the saliva microbiome. We found current smokers to harbour a different
microbial composition compared to never smokers and the other tobacco exposure groups in
terms of beta diversity, individual OTUs, and oxygen requirements. The microbiome of former
smokers was more similar to never smokers than to current smokers. Phyla Candidate division
SR1, Bacteroides and Proteobacteria were depleted in smokers with genera Bergeyella,
Porphyromonas, Prevotella, Haemophilus, Neisseria, Lautropia and Actinobacillus, consistent
with previous studies (Wu et al, 2016a; Morris et al, 2013; Charlson et al, 2010). The depletion
of Proteobacteria may be especially important as this depletion has also been found among
individuals with periodontal disease compared to healthy controls (Griffen et al, 2012).
Further, Proteobacteria levels in the oral microbiome have been associated with insulin
resistance and inflammation (Demmer et al, 2017). These shifts in genera largely remained
with adjustment for hypothesized confounders.
The large microbiome shifts associated with current smokers compared to never smokers
included significant depletion of oxygen-requiring bacteria, and corresponding (but not
statistically significant) enrichment of anaerobic bacteria. This finding is consistent with a
proposed mechanism (Kenney et al, 1975) by which smoking alters the oxygenation of the
oral cavity, depleting oxygen and favouring anaerobic bacteria. Furthermore, the shifts in
mean abundance occurring between current smokers and never smokers were positively
correlated to those observed among non-smokers with varying levels of secondhand smoke
exposure as measured by serum cotinine. This indicates a dose-response relationship for
secondhand smoke exposure, and reduces the plausibility of residual confounding as an
explanation for the shifts observed in these separate groups of participants.
Reduced aerobiosis and increased anaerobiosis in the oral cavity have implications for oral
and systemic health. The Red Complex, a trio of anaerobic bacteria (Treponema denticola,
Porphyromonas gingivalis and Tannerella forsythia) are linked with the development of
periodontal disease (Rocas et al, 2001). While these primarily inhabit the dental plaque, an
overall anaerobic oral environment may facilitate colonization. Although this study did not
provide species-level resolution to observe the Red Complex, a previous study (Guglielmetti
et al, 2014) found increased abundance of Porphyromonas gingivalis and Tannerella forsythia
in the subgingival plaque of smokers compared to non-smokers. Furthermore, oral
anaerobiosis could provide greater opportunity for movement of oral bacteria to distant
anaerobic environments in the stomach and gut. This study demonstrates how oxygen
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utilization provides a simplifying measure that can be used by future studies of the oral
microbiome and health.
In a mixed group of users of alternative smoking products including e-cigarettes, hookahs,
cigars and cigarillos, we found some alterations comparable to those in cigarette smokers (like
Lactococcus and Neisseria genera), while others like Porphyromonas had an opposite trend.
This small and heterogeneous group of alternative smoking products does not allow robust
conclusions, but indicates the possibility that alternative products could alter the oral
microbiome composition in ways similar to cigarette smoke. As e-cigarettes are gaining
popularity in use, (Department of Health and Human Services, 2016) more research is needed
to explore the effect of vaping on the oral microbiome.
This study has a number of limitations. As a cross-sectional study, changes to the oral
microbiome in direct response to tobacco exposure were not measured; longitudinal data are
needed to directly observe tobacco-induced changes to the oral microbiome. We defined
secondhand exposure to smoke using a serum cotinine upper cut-off of 14 ng/mL (Benowitz
et al, 2009a) Four of 38 participants in the secondhand exposure group had serum cotinine
higher than the cut-off value of 10 ng/mL (Homa et al, 2015), and may have misreported recent
light cigarette usage. However, removing these four individuals had negligible effect on
reported results. We adjusted for self-reported gum disease as a measure of periodontal
health; this measure is imperfect and residual confounding by periodontal health may remain.
Additionally periodontal health may be a mediator rather than a confounder. Regardless, selfreported gum disease was not strongly associated with beta diversity in our analyses, so
adjusting for it should not impact results. Additionally, we did not adjust for differences in
dietary habits given the general lack of validity of self-reported diet data (Schoeller, 1995); we
cannot rule out residual confounding by diet. However, our findings, which show a shift toward
anaerobic bacteria among smokers make biological sense in response to smoke exposure,
reducing the likelihood that these findings are the result of residual confounding. Finally, the
current analysis is based on 16S rRNA gene analyses capturing only genus and higher-level
taxonomic information; whole metagenomic sequencing may provide additional important
information on shifts to the oral cavity caused by tobacco exposures and functional
information.
The strengths of this study are that it included a racially/ethnically diverse group of participants
and an array of tobacco exposure groups including self-reported non-smokers exposed to
secondhand smoke. The study design allowed multiple, complementary comparisons, as well
as biological analysis, to help distinguish causal associations from associations likely to be
caused by residual confounding. This study introduces several analyses that are, to the best
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of our knowledge, novel to epidemiological studies of the human microbiome. These include:
1) the application of Gene Set Enrichment Analysis methods for biological interpretation of
gross microbiome shifts, 2) use of a scatter plot to visualize the comparison of crude vs.
adjusted regression coefficients in high-dimensional data, and 3) application of the Integrative
Correlation Coefficient (Parmigiani et al, 2004; Cope et al, 2014), a method introduced to
assess reproducibility of gene expression studies, to make causal inference by comparing
regression coefficients from different samples with different measures of tobacco exposure
(smokers

vs.

non-smokers,

and

dose-response

for

continuous

serum

cotinine

measurements).

Conclusions
Overall shifts between aerobic and anaerobic microbiota is a relevant simplifying measure that
should be considered in future health studies of the oral microbiome. These results support a
plausible biological mechanism for population-level shifts in the oral microbiome caused by
exposure to tobacco smoke, through three lines of observational evidence: 1) consistency of
the microbiome shifts with reduced microbiota oxygen utilization as a biological mechanism
for the shifts observed in smokers; 2) consistency of oral microbiome abundance fold-changes
in current smokers versus non-smokers with abundance changes along the gradient of
secondhand smoke exposure among non-smokers; and 3) tobacco-related associations that
are stronger than associations with sociodemographic and health indicators, and that are not
meaningfully affected by controlling for hypothesized confounders.
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Supplementary figures

Supplementary Figure 2.2.1: Distribution of measured serum cotinine among the five smoke exposure groups
with current cigarette smokers followed by smokers of alternative tobacco products showing the highest serum
cotinine levels.
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Supplementary Figure 2.2.2: Alpha diversity measures between the five tobacco exposure groups. No significant
differences were observed between groups with four measures of richness and evenness.
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Supplementary Figure 2.2.3: Principal coordinates analysis based on the weighted UniFrac distance on samples
from cigarette smokers (n=86), never smokers (n=43), and former smokers (n=43) with size of dot indicating how
long ago they reported quitting.. A separation on the second axis between cigarette smokers and never smokers
is present. We found former smokers were significantly different from current smokers (p=0.002, PERMANOVA
test), but not from never smokers (p=0.16, PERMANOVA test).
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Supplementary Figure 2.2.4: Crude differential analysis between current cigarette smokers (n=86) and never
smokers (n=43). Dots in the plot are the 46 OTUs identified as differentially abundant without adjusting for
hypothesized confounders and coloured according the taxonomy annotation at the phylum level. Position of the
side of the plot is determined by the log2 fold change of abundance of the OTU.
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Supplementary Figure 2.2.5: Crude differential analysis between current cigarette smokers (n=86) and never
smokers
(n=43)
performed
at
the
phylum
level.
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Supplementary Figure 2.2.6: Equivalent of Figure 2.2.4, with adjustment for age and educational
attainment. Comparison of log2 OTU fold changes between a) adjusted analyses of (x-axis) smokers (n=86)
vs non-smokers with no detectable serum cotinine (n=43) and b) adjusted analysis of continuous cotinine
levels among non-smokers exposed to secondhand smoke (n=38). Plot shows 121 OTUs that passed the
edgeR filter for low-variance variables, including 19 OTUs differentially abundant in smokers (FDR<0.05,
indicated in black). Similar to the crude model in Figure 2.2.4, a positive correlation was observed (Pearson
Correlation = 0.68, p = 0.001 for 19 OTUs; Pearson Correlation = 0.28, p = 0.002 for all 121 OTUs).
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Other contributions
In this chapter, I will report other works that I contributed to during my doctoral studies and
that resulted in a published article including myself as co-author.
I will introduce each article with a short paragraph describing the study rationale and my
contributions to the research. Each study will be reported only by the abstract and a link to the
online full version of the article.
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2.3.1. Precise phylogenetic analysis of microbial isolates and genomes
from metagenomes using PhyloPhlAn 3.0
(Asnicar et al, 2020) reports PhyloPhlAn 3, a novel phylogenetic framework able to accurately
reconstruct fine-grained (species- and strain-level) and large size (tree of life) phylogenies.
This novel method was designed to better handle a larger number of reference genomes when
it comes to investigating their phylogenetic relationships. PhyloPhlAn 3 is a completely
automatic pipeline able to retrieve species-specific markers and reference genomes for the
species of interest, a novel feature compared to the previous version (Segata et al, 2013b).
Leveraging the species-level genome bin (SGB) system described in (Pasolli et al, 2019) and
reported below, PhyloPhlAn 3 can find the closest SGB given a reference genome.
My contribution to this work was the development of a module for ChocoPhlAn (see Section
1) that, starting from a species of interest, retrieves the UniRef90 gene families identified as
core proteins and all the available reference genomes. This is described in the Methods
section and in Figure 1 of the paper. Moreover, the pipeline is also described in Section 1 of
this thesis.
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Francesco Asnicar, Andrew Maltez Thomas, Francesco Beghini, Claudia Mengoni, Serena
Manara, Paolo Manghi, Qiyun Zhu, Mattia Bolzan, Fabio Cumbo, Uyen May, Jon G Sanders,
Moreno Zolfo, Evguenia Kopylova, Edoardo Pasolli, Rob Knight, Siavash Mirarab, Curtis
Huttenhower, Nicola Segata
Precise phylogenetic analysis of microbial isolates and genomes from metagenomes
using PhyloPhlAn 3.0
Nature Communications (2020) - https://doi.org/10.1038/s41467-020-16366-7

Abstract
Microbial genomes are available at an ever-increasing pace, as cultivation and sequencing
become cheaper and obtaining metagenome-assembled genomes (MAGs) becomes more
effective. Phylogenetic placement methods to contextualize hundreds of thousands of
genomes must thus be efficiently scalable and sensitive from closely related strains to
divergent phyla. We present PhyloPhlAn 3.0, an accurate, rapid, and easy-to-use method for
large-scale microbial genome characterization and phylogenetic analysis at multiple levels of
resolution. PhyloPhlAn 3.0 can assign genomes from isolate sequencing or MAGs to specieslevel genome bins built from >230,000 publically available sequences. For individual clades
of interest, it reconstructs strain-level phylogenies from among the closest species using
clade-specific maximally informative markers. At the other extreme of resolution, it scales to
large phylogenies comprising >17,000 microbial species. Examples including Staphylococcus
aureus isolates, gut metagenomes, and meta-analyses demonstrate the ability of PhyloPhlAn
3.0 to support genomic and metagenomic analyses.
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2.3.2. Extensive Unexplored Human Microbiome Diversity Revealed by
Over 150,000 Genomes from Metagenomes Spanning Age, Geography,
and Lifestyle
This article by (Pasolli et al, 2019) presents a novel framework for retrieving metagenomic
assembled genomes (MAGs) from public datasets after metagenomic assembly and binning.
To date, this is the largest-scale effort made for retrieving novel MAGs, such novelty allowed
to explain a large unexplained fraction of the human microbiome. A large number of
reconstructed genomes were previously unknown and still-to-be characterized. Briefly, our
group was able to reconstruct more than 154,000 microbial genomes from 9,428 metagenomic
samples from mostly all the continents. In order to assign them a species-level-like label
(spanning 5% genetic distance), a massive clustering effort was performed to identify 4,930
species-level genome bins (SGBs). Leveraging sample-associated metadata and the novel
PhyloPhlAn 3 pipeline, we described the geographical association of several unknown species
(uSGB) and explored novel species associated with non-Westernized populations.
In this work, I contributed by performing the massive functional and metabolic annotations of
the whole set of 154,723 MAGs using UniRef90 and UniRef50. Figure 3, Figure 5, and Figure
S1 of the manuscript report some key results enabled by the functional characterization of
these novel microbial genomes.
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Edoardo Pasolli, Francesco Asnicar, Serena Manara, Moreno Zolfo, Nicolai Karcher,
Federica Armanini, Francesco Beghini, Paolo Manghi, Adrian Tett, Paolo Ghensi, Maria
Carmen Collado, Benjamin L Rice, Casey DuLong, Xochitl C Morgan, Christopher D
Golden, Christopher Quince, Curtis Huttenhower, Nicola Segata
Extensive unexplored human microbiome diversity revealed by over 150,000
genomes from metagenomes spanning age, geography, and lifestyle
Cell (2019) - https://doi.org/10.1016/j.cell.2019.01.001

Abstract
The body-wide human microbiome plays a role in health, but its full diversity remains
uncharacterized, particularly outside of the gut and in international populations. We leveraged
9,428 metagenomes to reconstruct 154,723 microbial genomes (45% of high quality) spanning
body sites, ages, countries, and lifestyles. We recapitulated 4,930 species-level genome bins
(SGBs), 77% without genomes in public repositories (uSGBs). uSGBs are prevalent (in 93%
of well-assembled samples), expand underrepresented phyla, and are enriched in nonWesternized populations (40% of the total SGBs). We annotated 2.85 M genes in SGBs, many
associated with conditions including infant development (94,000) or Westernization (106,000).
SGBs and uSGBs permit deeper microbiome analyses and increase the average mappability
of metagenomic reads from 67.76% to 87.51% in the gut (median 94.26%) and 65.14% to
82.34% in the mouth. We thus identify thousands of microbial genomes from yet-to-be-named
species, expand the pangenomes of human-associated microbes, and allow better
exploitation of metagenomic technologies.
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2.3.3. Microbial genomes from gut metagenomes of non-human primates
expand the primate-associated bacterial tree-of-life with over 1,000 novel
species
In the context of novel species’ discovery, (Manara et al, 2019) describes the application of
the framework presented by (Pasolli et al, 2019) (and previously reported) to cohorts of nonhuman primates (NHP). We performed metagenomic assembly and binning on 203 samples
from 6 different studies aimed to characterize the gut microbiome of different non-human
primates species. This effort resulted in the reconstruction of 2,985 MAGs, 2,186 of them
describing 1,009 novel SGBs associated with non-human primates hosts (pSGB).
Quantification of the mappability of the raw metagenomes showed that the novel identified
pSGB increased the mappability by 600% and those novel species were accounting for more
than 90% of the microbial diversity associated with NHP. Furthermore, using the MAG
collection retrieved by (Pasolli et al, 2019), we observed that NHP held in captivity and
exposed to the human environment were sharing a small number of species with humans, but
non-westernized populations were the one that showed the higher number of shared species,
most of them are still-to-be characterized.
In this work, I conducted the functional annotation of the MAGs with UniRef90 and UniRef50
for the successive functional analysis presented in Figure 5 and Figure S4. I also performed
all the statistical analyses on the functional profiles.
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Abstract
Background
Humans have coevolved with microbial communities to establish a mutually advantageous
relationship that is still poorly characterized and can provide a better understanding of the
human microbiome. Comparative metagenomic analysis of human and non-human primate
(NHP) microbiomes offer a promising approach to study this symbiosis. Very few microbial
species have been characterized in NHP microbiomes due to their poor representation in the
available cataloged microbial diversity, thus limiting the potential of such comparative
approaches.
Results
We reconstruct over 1000 previously uncharacterized microbial species from 6 available NHP
metagenomic cohorts, resulting in an increase of the mappable fraction of metagenomic reads
by 600%. These novel species highlight that almost 90% of the microbial diversity associated
with NHPs has been overlooked. Comparative analysis of this new catalog of taxa with the
collection of over 150,000 genomes from human metagenomes points at a limited specieslevel overlap, with only 20% of microbial candidate species in NHPs also found in the human
microbiome. This overlap occurs mainly between NHPs and non-Westernized human
populations and NHPs living in captivity, suggesting that host lifestyle plays a role comparable
to host speciation in shaping the primate intestinal microbiome. Several NHP-specific species
are phylogenetically related to human-associated microbes, such as Elusimicrobia and
Treponema, and could be the consequence of host-dependent evolutionary trajectories.
Conclusions
The newly reconstructed species greatly expand the microbial diversity associated with NHPs,
thus enabling better interrogation of the primate microbiome and empowering in-depth human
and non-human comparative and co-diversification studies.
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2.3.4. Mother-to-Infant Microbial Transmission from Different Body Sites
Shapes the Developing Infant Gut Microbiome
(Ferretti et al, 2018) presents a large-scale metagenomic investigation of a cohort of mothers
and infants that were followed for four months after birth with samples collected from multiple
body sites. The main goal of this study was to identify and characterize the species vertically
transmitted from mother to infant. Characterization of the transmission of the bacteria was
resolved at the strain level. We observed multiple strains from the skin, vaginal, and gut
microbiome of the mother transmitted to the infant’s gut; gut-associated strains were observed
to be able to colonize the gut more stably whereas skin and vaginal associated strains were
only colonizing the gut transiently.
In this work, I performed the screening of the 215 samples for the presence of microbial
eukaryotes and performed the statistical analysis presented in Figure 1C.
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Abstract
The acquisition and development of the infant microbiome are key to establishing a healthy
host-microbiome symbiosis. The maternal microbial reservoir is thought to play a crucial role
in this process. However, the source and transmission routes of the infant pioneering microbes
are poorly understood. To address this, we longitudinally sampled the microbiome of 25
mother-infant pairs across multiple body sites from birth up to 4 months postpartum. Strainlevel metagenomic profiling showed a rapid influx of microbes at birth followed by strong
selection during the first few days of life. Maternal skin and vaginal strains colonize only
transiently, and the infant continues to acquire microbes from distinct maternal sources after
birth. Maternal gut strains proved more persistent in the infant gut and ecologically better
adapted than those acquired from other sources. Together, these data describe the motherto-infant microbiome transmission routes that are integral in the development of the infant
microbiome.
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2.3.5. Metagenomic analysis of colorectal cancer datasets identifies
cross-cohort microbial diagnostic signatures and a link with choline
degradation
In this work, our group performed a meta-analysis of all the available datasets investigating a
link between the gut microbiome and colorectal cancer (CRC). Besides, two new CRC cohorts
from two Italian hospitals were included in the study. The main goal of the paper was to
leverage machine learning approaches to identify microbial species that can be used as noninvasive biomarkers. The meta-analysis showed that the composition of the gut microbiome
in CRC is consistent across different cohorts and we identified a link between the choline
degradation pathway and CRC, suggesting a potential mechanism for carcinogenesis. We
then identified a panel of species that could be possibly used as potential non-invasive
biomarkers.
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Abstract
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2.3.6. Sociodemographic variation in the oral microbiome
This paper, published in Annals of Epidemiology as a companion paper of the work previously
reported in Section 2.2 (Beghini et al, 2019) describes the oral microbiome of the subjects
enrolled in the NYC-HANES population study by looking at a variety of sociodemographic
measurements. We observed a total of 69 operational taxonomic units differently abundant in
sociodemographic variables associated with health, race/ethnicity, and socioeconomic status,
suggesting that the social disparities are reflected in the microbiome composition. This also
highlighted the importance of considering social factors as confounders in microbiome studies.
As a companion paper of (Beghini et al, 2019) sharing the same data, in this work, I performed
the 16S rRNA analysis with QIIME and contributed to the creation of the R package for future
reproducibility of the sztudy through the creation of vignettes reporting the result of this study.
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Abstract
Purpose: Variations in the oral microbiome are potentially implicated in social inequalities in
oral disease, cancers, and metabolic disease. We describe sociodemographic variation of oral
microbiomes in a diverse sample.
Methods: We performed 16S rRNA sequencing on mouthwash specimens in a subsample (n
= 282) of the 2013–2014 population-based New York City Health and Nutrition Examination
Study. We examined differential abundance of 216 operational taxonomic units, and alpha
and beta diversity by age, sex, income, education, nativity, and race/ethnicity. For comparison,
we examined differential abundance by diet, smoking status, and oral health behaviors.
Results: Sixty-nine operational taxonomic units were differentially abundant by any
sociodemographic variable (false discovery rate < 0.01), including 27 by race/ethnicity, 21 by
family income, 19 by education, 3 by sex. We found 49 differentially abundant by smoking
status, 23 by diet, 12 by oral health behaviors. Genera differing for multiple sociodemographic
characteristics included Lactobacillus, Prevotella, Porphyromonas, Fusobacterium.
Conclusions: We identified oral microbiome variation consistent with health inequalities, more
taxa differing by race/ethnicity than diet, and more by SES variables than oral health
behaviors. Investigation is warranted into possible mediating effects of the oral microbiome in
social disparities in oral and metabolic diseases and cancers.
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2.3.7. How inoculation affects the development and the performances of
microalgal‑bacterial consortia treating real municipal wastewater
Different from the works presented before that were prevalently human-associated studies,
this work was conducted on municipal wastewater coming from the Trento’s wastewater
treatment plant. In collaboration with the Environmental Engineering department of the
Università di Trento, we investigated the effects of different wastewater treatment using 16S
rRNA sequencing. Two photobioreactors, one inoculated with a culture of Chlorella vulgaris,
a microalga used for treating wastewater, and one without any treatment, were fed with
wastewater and monitored for 100 days to characterize its microbial community and
performances. We observed that the treatment with Chlorella was not affecting the
photoreactor performance since photosynthetic microorganisms were able to grow
spontaneously without any seeding, and the composition of the microbiome was similar after
reaching the steady-state.
In this work, I contributed by performing the 16S rRNA data analysis with the QIIME pipeline.
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Abstract
To date, little is known about the start-up of photobioreactors and the progressive development
of stable microalgal-bacterial consortia with a view to the full-scale treatment of real
wastewater. Two photo-sequencing bioreactors, one inoculated with Chlorella vulgaris (RC)
and one with the absence of inoculum (RW), were fed with real municipal wastewater and run
in parallel for 101 days. The influence of the inoculation was evaluated in terms of pollutant
removal efficiency, excess sludge production, solids settleability and microbial community
characteristics. No significant differences were observed in the removal of COD (89 ± 4%; 88
± 3%) and ammonium (99 ± 1%; 99 ± 1%), mainly associated with bacteria activity. During the
first weeks of acclimation, Chlorella vulgaris in RC promoted better P removal and very high
variations of DO and pH. Conversely, under steady-state conditions, no significant differences
were observed between the performances of RC and RW, showing good settleability and low
effluent solids, 7 ± 8 and 13 ± 10 mg TSS/L respectively. Microbiome analysis via 16S rRNA
gene sequencing showed that, despite a different evolution, the microbial community was
quite similar in both reactors under steady state conditions. Overall, the results suggested that
the inoculation of microalgae is not essential to engender a photobioreactor aimed at treating
real municipal wastewater.

2.3-183

Conclusions
Development of novel computational metagenomics methods able to handle the pace of evergrowing availability of reference data and continuous integration of those into a curated
database is of utmost importance for the generation of accurate profiles and performing cutting
edge analyses. Despite the enormous amount of available data, researchers still face many
challenges at leveraging them.
Here, in Section 1, I introduced ChocoPhlAn, an updated database of functionally annotated
reference genomes and gene families that leverages the UniRef database. I also introduced
bioBakery 3, an integrated environment for metagenomic analysis encompassing tools for
data quality control, taxonomic, strain-level, functional, and phylogenetic profiling. Using the
bioBakery 3 suite, we expanded the knowledge of microbial signatures associated with
colorectal cancer by identifying novel biomarkers. By leveraging metatranscriptomics profiles,
we identified enzyme families particularly over-regulated in IBD patients from the Integrative
Human Microbiome Project (HMP2). Updated and improved taxonomic and functional profiles
of the HMP2 study will be made available online and accessible for everyone interested in reanalyzing the data. An updated reference set of genomes allowed an in-depth understanding
of the genomics and the biogeographic distribution of several reconstructed strains of
Ruminococcus bromii, including the identification of two subclades associated with geography.
Thanks to the advancement of the methodology, in the coming years, the availability of new
data will increase and automatic methods for data collection and handling are highly needed.
Recent releases of metagenome-assembled genomes (MAGs) encompassing known and stillto-be characterized microbial species require an infrastructure able to process them and use
its intrinsic information. The ChocoPhlAn pipeline developed as an integrated system for
genomic organization can be a valuable tool for this purpose, although there are still
challenges related to the taxonomy and the integration with current methods. MAGs
reconstructed from metagenomes can be exploited for de-novo discovery of eukaryotes and
viruses. Therefore, using metagenomic assembly and binning, in Section 2.3.2 we showed
how we expanded the catalog of known and unknown prokaryotic species by reconstructing
more than 150,000 genomes from human hosts and further expanded our knowledge of nonhuman primates associated bacteria in Section 2.3.6. These works led to the release of novel
bacterial genomes which greatly increased the metagenomes mappability and unraveled the
missing microbial diversity.
Increasing awareness regarding the importance of non-bacterial microorganisms in the human
microbiome has led researchers to investigate the presence of microbial eukaryotes and
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viruses in the human microbiome. This is challenging for different reasons that range from the
shortage of good reference genomes, both for eukaryotes and viruses, to the lack of studies
that address this unexplored portion of the microbiome. In Section 2.1 I presented a study
conducted on more than 2,000 metagenomes to assess the presence of Blastocystis spp.: our
goal was to determine the presence and prevalence in several cohorts targeting different
populations all around the world. We observed a high prevalence of Blastocystis, averaging
15% of the subjects; in particular, its prevalence is higher in healthy subjects, and when
present, it is able to long-term colonize the gut. We also observed that non-westernized
populations tend to have higher values of prevalence. Taken together, these results suggest
that Blastocystis may be a member of the healthy gut. We further demonstrated that
metagenomic assembly of Blastocystis can be performed, allowing for in-depth phylogenetic
and functional analyses. We have to shift from the paradigm that microbial eukaryotes are
associated with negative outcomes and seeding the idea that they play a key role in gut
ecology.
In Section 2.2 we hypothesized that tobacco smoke exposure is able to alter the saliva
microbiome and we provided multiple evidence for supporting causal inference. A subset of
subjects enrolled in the NYC HANES 2013-14, a community-based health survey, was
selected for assessment of the oral microbiome, self-reported tobacco use, and serum blood
cotinine level and we showed with 16S rRNA that exposition to tobacco smoke can alter the
composition of the oral microbiome, in particular by depleting aerobic genera by favoring
microbial anaerobiosis. First of a kind, this study showed the impact of second-hand smoke
on oral species by assessing the environmental exposure using blood serum cotinine levels
and showed that the microbiome of subjects using alternative smoking products (e.g., ecigarettes, hookahs, cigars, and cigarillos) exhibit alterations comparable to those in cigarette
smokers. To investigate the enrichment of aerobic and anaerobic genera, we proposed a
Microbe Set Enrichment Analysis for interpreting shifts in the microbiome, an analysis based
on the Gene Set Enrichment Analysis (GSEA) (Subramanian et al, 2005). By leveraging
epidemiological methods, we further explored in Section 2.3.5 links between the oral
microbiome and several socioeconomic variables collected in the NYC HANES questionnaire.
We identified several genera differently abundant associated with health and socioeconomic
disparities, suggesting a possible role of the microbiome as a mediator of social disparities in
disease outcomes. Although several microbial signatures were identified at the genus level
using 16S rRNA sequencing, the sequencing methodology is a limitation that does not provide
higher-level taxonomic information. This can be overcome by using whole metagenomic
sequencing which provides species- and strain-level resolution and would better elucidate the
impact of cigarette smoke on the community’s functional information. An ethnically diverse
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group such as this cohort and the availability of several subject-associated metadata coupled
with shotgun metagenomics may enable more comprehensive investigations, helping unravel
the influence of socioeconomic statuses on the oral microbiome.
Future advancements in sequencing methods will induce a decrease in sequencing costs and
an increase in newly available data, a pattern we observed in the last decade. More data
means better methods able to handle them and, in this thesis, I provided ChocoPhlAn as a
blueprint for large-scale data organization. Increased depth of sequencing provides a larger
amount of metagenomic data, allowing for characterization of previously underlooked
microbes and the discovery of new ones, smoothing the path towards a more complete
understanding of the microbial diversity. Current investigations on microbial diversity are
mainly limited to the westernized population, with the majority of metagenomes sampled from
Europe, United States of America, and Europe, introducing a strong bias toward the
understanding of the microbial diversity of non-westernized populations that still harbor a
substantial unknown diversity. Metagenome-assembled genomes are a good tool for exploring
the microbial dark matter in under-investigated metagenomes, an exploration currently limited
by the inaccessibility to cultivation recalcitrant species. Refinishing of retrieved MAGs and
improvement of methods for metagenomic assembly and binning will result in the generation
of high-quality MAGs.
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Future perspectives
The work presented in this thesis represents a contribution to the computational
metagenomics field, but there is still a lot to be done. After the completion of my doctoral
studies, it is my interest to use the knowledge I acquired during the three years as a PhD
candidate to pursue some aspects I have addressed in this thesis.
Integration of MAGs into current methods and the adoption of the SGB system would allow for
a better understanding of the microbiome. In particular, the SGB integration into MetaPhlAn is
of extreme importance since marker-based approaches are a powerful tool for tracking lowly
abundant microbes. The first level of integration was already done with PhyloPhlAn, which,
using phylogenetic placement, is able to assign uncharacterized MAGs to an SGB. Increasing
availability of new MAGs for known species would help define the species boundaries while
unraveling novel pangenomic diversity. Taxonomic labeling is an issue when it comes to newly
discovered species that is substantially addressed by the SGB system by assigning a cluster
identifier but there is the need to adopt a consistent standard.
Uniformly processed metagenomes and associated metadata as currently implemented by
curatedMetagenomicData (Pasolli et al, 2017) is a valid tool for performing large-scale metaanalyses to find associations between specific members of the microbiome and
anthropometric measurements or health conditions. The continuous update and expansion of
this resource with new profiles obtained with the recent bioBakery tools using updated
references would allow for discovering novel associations.
Extensive application of metagenomic assembly aimed to unravel the missing unknown
diversity in metagenomes would help identify novel viral and eukaryotic species, as in the case
of the crAssphage (Dutilh et al, 2014). A higher gut microbiome diversity in non-Westernized
populations can be attributed to the presence of a quite diverse community of eukaryotes and
it is of extreme importance to focalize the attention on non-Westernized populations inasmuch
such unknown diversity that could help understanding the evolution of the gut microbiome
after adopting a Westernized lifestyle.
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