THE UNIVERSITY OF CHICAGO

GENE FAMILY PHYLOGEOGRAPHY EXPANDS INSIGHTS INTO MICROBIAL ECOLOGY
BEYOND GENOME COLLECTIONS

A DISSERTATION SUBMITTED TO
THE FACULTY OF THE DIVISION OF THE BIOLOGICAL SCIENCES
AND THE PRITZKER SCHOOL OF MEDICINE
IN CANDIDACY FOR THE DEGREE OF
DOCTOR OF PHILOSOPHY

COMMITTEE ON MICROBIOLOGY

BY
MATTHEW SPENCER SCHECHTER

CHICAGO, ILLINOIS
MARCH 2025



© 2025 by MATTHEW SPENCER SCHECHTER
All Rights Reserved



This thesis is dedicated to my family, whose relentless love and support are the

reason | am here today. Thank you for everything, my love for you guys knows no bounds.



ABSTRACT

Advances in metagenomics and genome recovery from diverse habitats have dramatically ex-
panded the availability of microbial genomes, unlocking unprecedented insights into microbial
ecology and evolution. These discoveries are paving the way for transformative biotechnolog-
ical and biomedical innovations. Despite this progress, final genome collections often provide
an incomplete picture of microbial diversity, limiting our understanding of genome variation
and excluding certain gene family orthologs. In contrast, metagenomic assemblies offer a
more comprehensive view of microbial genomic diversity, capturing gene families lost during
genome recovery and revealing broader ecological and variation of orthologs. This thesis in-
troduces the EcoPhylo workflow, an open-source computational framework designed to track
the phylogeography of gene families across environments. By leveraging single-copy core
genes, such as ribosomal protein gene families, EcoPhylo enables benchmarking of genome
recovery rates across environments, taxa, and recovery methods, providing a powerful tool
for evaluating microbial genome datasets. Using this workflow, | benchmarked genome re-
covery rates in the human oral cavity and gut, uncovering variation across taxa and biomes,
and offering valuable guidance for optimizing genome recovery strategies in future studies.
The scalability of EcoPhylo is further demonstrated through its application to a biome-level
genome collection from the global surface ocean, highlighting its ability to analyze large-scale
datasets. Additionally, | applied EcoPhylo to investigate the evolutionary landscape of anaero-
bic flavin respiratory reductases across hundreds of gut microbes, illustrating its broader utility
for exploring gene family phylogenetics and functional diversity. Overall, the EcoPhylo work-
flow provides a platform for linking microbial genomes and gene families across environmental
metagenomics datasets and offers a new avenue for benchmarking genome recovery efforts

and advancing our understanding of microbial ecology.
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CHAPTER 1
INTRODUCTION

1.1 Microbes Everywhere All at Once

Microbial life thrives across this planet. In fact, after a five-minute call with Dani Rojas from
Ted Lasso, | can easily imagine that he would walk away shouting, "Microbiology is life!"
Microbial life is everywhere, and if life as we know it originated on this planet - it was likely
microbial (Woolfson, 2015). Microbes flourish across the global oceans (Venter et al., 2004;
Sunagawa et al., 2015), from the poles (DelLong et al., 1994) to hydrothermal vents, (Schrenk
et al., 2004; Brazelton and Baross, 2009) and even the bottom of the ocean in sediment en-
tombed for millions of years (Garber et al., 2024). They thrive in soils all over the world (Fierer
and Jackson, 2006), in permafrost (Hultman et al., 2015), and in extreme environments such
as hypersaline habitats (Fernandez et al., 2014). Microbes also bloom on and inside plants
(Berendsen et al., 2012) and animals (Simon et al., 2019; Qu et al., 2008) - yes, even jellyfish
also have microbiomes (Tinta et al., 2019). Unsurprisingly, Homo sapiens (Gilbert et al., 2018)
and other primates (Grieneisen et al., 2020, 2021) also host rich microbial communities.
Microbial life has contributed to global biogeochemistry since the origin of life on this planet
~3.5 billion years ago. The evolution of phototrophs radically changed global biogeochemistry
by oxygenating the Earth’s atmosphere. Marine microbes impact global carbon cycling by fix-
ing carbon dioxide and settling on the bottom of the ocean, sequestrating carbon 1,300 Pg of
Carbon per year (Nowicki et al., 2022) through the biological carbon pump (Siegel et al., 2023).
Nitrogen-fixing microbes (diazotrophs) perform the incredible catalysis of breaking three cova-
lent bonds in nitrogen gas, making bioavailable ammonia for the global oceans and soils (300
Tg nitrogen per year) (Hutchins and Capone, 2022; Gruber and Galloway, 2008). Microbes
also play essential roles in most key elemental cycles that impact life, such as phosphorus
(Duhamel et al., 2021), sulfur (Zhou et al., 2023), iron (Tagliabue et al., 2017), and man-
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ganese (Aguilar and Nealson, 1994). All of these microbial powered, global biogeochemical
processes are what make this planet habitable for us humans.

Plants and animals have co-evolved with microbes, developing symbioses essential for
mutual ecological success, as well as parasitic relationships. The plant microbiome plays a
variety of roles for its host, including the production of enzymes to break down nutrients in the
surrounding soil (Backer et al., 2018), defense against plant pathogens (Pieterse et al., 2014;
Trivedi et al., 2016), and critically creating bio-available nitrogen in the rhizosphere (Lynch
etal., 2001). A classic example of an animal microbe symbiosis is the bioluminescent symbiont
Vibrio fischeri, which helps camouflage the nocturnal Hawaiian bobtail squid (McFall-Ngai and
Ruby, 1991). This relationship, which involves the squid hosting the bacterial partner in a
dedicated light organ (Septer and Visick, 2024), has advanced our understanding of the evo-
lution and biochemistry of host-microbe interactions and inspired microbiologists to discover
quorum sensing (Nealson et al., 1970). Another example of an intimate relationship between
microbes and the host is Wolbachia, a genus of obligate intracellular bacteria that resides in
insect ovaries (Reveillaud et al., 2019). This symbiosis is being harnessed as a mosquito-
control strategy to prevent the spreading of tropical diseases such as West Nile, Zika, dengue,
and yellow fever (Shragai et al., 2017; Flores and O’Neill, 2018). Furthermore, ruminant an-
imals have co-evolved with their gut microbiome, which breaks down complex carbohydrates
such as cellulose to produce nutrients (Mizrahi et al., 2021). The impact of a microbiome on
hosts varies, as some evidence suggests that "microbiome-free" hosts can ecologically suc-
ceed without a microbiome. In other cases, a host microbiome can be temporary or even
parasitic (Hammer et al., 2019). Given the vast examples of host-microbe interactions, the
term "holobiont" has been used to describe these relationships where evolution acts on both
the host and associated microbiome as one entity. Interestingly, the term holobiont stems from
the theoretical discussion of endosymbiosis (O’Malley, 2017), expanding the gene repertoire

of the host cell. Overall, these intricate partnerships highlight the dynamic interplay between



hosts and their microbiomes, shaping the evolutionary trajectories of the host, microbes, and
holobiont.

In Chapter 3 of this thesis, | leveraged a computational workflow | developed during my
Ph.D., the anvi’'o EcoPhylo workflow, to study the genome recovery rates and microbial ecol-
ogy of three microbiomes: the human oral cavity, the human gut, and the surface ocean.
Each environment provides unique evolutionary and ecological pressures on colonizing micro-
biomes.

The first environment | decided to explore with the EcoPhylo workflow was the human
oral microbiome. Excitingly, plaque was one of the first microbial samples that Antonie van
Leeuwenhoek’s visualized underneath his single lens light microscope. The human oral cavity
is a diverse environment defined by a range of colonization pressures. It has varied attach-
ment substrates, including hard teeth and a soft tongue (Mark Welch et al., 2019). Additionally,
the habitat contains multiple environmental gradients including oxygen, nutrients, and saliva
(Simén-Soro et al., 2013). These ecological factors select for diverse microbial communities
that form biofilms with distinct spatial structures (Mark Welch et al., 2016). Interestingly, the
teeth have been hypothesized to be a transition zone for environmental microbes to adapt to a
host-associated lifestyle (Shaiber et al., 2020). Expanding genome collections from this micro-
biome has direct implications for understanding oral health, and its accessibility for sampling
makes it an intriguing habitat to study microbial ecology.

Among the broad anecdotes of microbes impacting the globe mentioned above, it can be
argued that the human gut microbiome has been the most extensively studied from a scien-
tific funding perspective. Research has shown that the human gut microbiome is vertically
transmitted from mother to infant during birth (Ferretti et al., 2018). The infant microbiome
transitions into an adult-like state over the first few years of life by incorporating microbes from
the environment and increasing species richness (Backhed et al., 2015). Interestingly, this

transfer includes not only microbes but also mobile genetic elements, such as Bacteroides
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plasmids (Fogarty et al., 2024). The correlations between the gut microbiome and health or
disease have further driven research efforts (Almeida et al., 2019; Parks et al., 2017; Pasolli
et al., 2019). In fact, numerous microbiome surveys have sought to define a "healthy" gut
microbiome to better detect disease states and develop medical interventions (Fan and Ped-
ersen, 2020). Dysbiosis of the gut microbiome, characterized by reduced alpha diversity, has
been linked to conditions such as Crohn’s disease and Ulcerative Colitis (Kostic et al., 2014;
Nagalingam and Lynch, 2012). Notably, studies have revealed differences between Western
and non-Western gut microbiomes, underscoring the need to extract more human gut micro-
bial genomes from underrepresented populations to explore the impact of industrialization on
gut microbiomes (Pasolli et al., 2019).

The marine ecosystem hosts a remarkably diverse microbiome, spanning from the ocean
floor to the sunlit surface. Circulating through this vast environment, the global ocean conveyor
belt - a system of currents driven by temperature and salinity - takes approximately 1,000 years
to move a single parcel of seawater through its entirety. In just 1 mL of seawater, there can
be around 1 million plankton (Porter and Feig, 1980), and the abundance of phages infecting
these microbes can reach up to ~ 107 (Suttle, 2005). Growing up near the ocean as a surfer
and lifeguard, | swallowed gallons of seawater, along with many marine bacteria and viruses.

In Chapter 3 of this thesis, | focused on analyzing microbiome samples from the sunlit
ocean, specifically analyzing samples from depths shallower than 30 meters. This biome is
one of the most sampled in the global ocean due to its accessibility and role as the starting
point for multiple biogeochemical processes (Falkowski et al., 2008; Falkowski, 2012). Sunlight
energy permeates these shallow depths powering primary producers that fix C'O9 into organic
matter through photosynthesis. Additionally, the input of Aeolian dust from the surrounding
continents provides essential nutrients (e.g. iron and phosphorus) for Carbon fixation as well
as Nitrogen fixation. These are driving factors in the sunlit ocean that shape marine microbial

ecology, limiting where primary productivity can bloom as well as diazatroph activity (Tyrrell,



1999). Outside of nutrient limitations, temperature has been shown to correlate with microbial
diversity in the global oceans (Sunagawa et al., 2015). The surface ocean hosts a vast array
of biomes, but one Order of microbes, Pelagibacterales (SAR11), tends to dominate this habi-
tat, ranging from 20 to 40% cells in seawater samples (Schattenhofer et al., 2009). In fact,
SAR11 1a.3.V has been shown to recruit 1.5% of metagenomic reads from metagenomes
representing an enormous proportion of DNA extracted from a sample (Delmont et al., 2019).
Despite its ecological importance as a globally prevalent heterotroph that metabolizes low-
molecular-weight dissolved organic matter across the global ocean, relatively few complete
genome sequences are available. Challenging culture conditions for microbial isolation (Gio-
vannoni, 2017) and fragmented assemblies from marine metagenomes (Chen et al., 2020a)
limit genome recovery of this taxon. Ongoing efforts aim to address this gap and expand
genomic resources for this taxon (Freel et al., 2024). Measuring this discrepancy between
the global prevalence and lack of genomic representation of SAR11 is discussed further in
Chapter 3.

A fundamental aspect of studying microbial communities is observing them in their natural
environments, which can be approached through culture-dependent and culture-independent
methods. Culture-dependent strategies involve isolating individual microbes or consortia from
the environment to study them in the laboratory. While this approach enables direct exper-
imentation with living organisms, it is slow and constrained by the need to develop specific
growth conditions and isolation techniques, making it impractical to culture all microbes on
Earth. In contrast, culture-independent methods detect microbes directly in their environments
through DNA-based surveys, bypassing the limitations of culturing techniques. Among these,
metagenomics has been transformative, enabling the sequencing of all DNA present in an
environmental sample. This approach has generated the majority of the genomic data ana-
lyzed in this thesis and forms the foundation of my perspective on microbiology and microbial

ecology. | will therefore introduce the history metagenomics in detail in the next section.



1.2 A brief history of metagenomics and its impact on the field of

microbiology

This section is derived from the following blog post:
Matthew S. Schechter. The history of metagenomics: An incomplete summary. Retrieved

from https://merenlab.org/2020/07/27/history-of -metagenomics/.

1.2.1 Back to the Origins

It was difficult to find a starting point for the history of metagenomics. As a primer, | thought
it would be great to begin before the word metagenomics was invented, with arguably the
most prominent figure of microbial ecology and evolution, Carl Woese. His philosophical and
experimental contributions to 16S ribosomal RNA gene amplicon sequencing is an important
catalyst that launched us into the era of metagenomics because it opened our eyes to the
unimaginable diversity of microbes. Let’s get started!

Carl Woese fundamentally changed our view of biological diversity by utilizing the 16S
ribosomal RNA molecule as a phylogenetic marker. With this, he added to the tree of life
‘archaea’ as a new domain of life (Woese and Fox, 1977), and primed 16S rRNA gene to
be later used as a tool in high-throughput amplicon sequencing studies to explore microbial
ecology. The Carl Woese’s review, "Bacterial Evolution”, is a microbial perspective written
over 30 years ago and yet still feels relevant today (Woese, 1987). The manuscript provided a
breadth of reasoning and evidence for the utility of 16S rRNA gene as a phylogenetic marker
in biology, as well as a source of wisdom and outlook on the field of microbiology. Although
the majority of the review is describing arguments for the usage of 16S rRNA gene to explore
bacterial evolution, | focused on the introductory sections that presented timeless ideas that
impact the way | perceive metagenomics and microbiology today.

The "Perspective" chapter reads like a microbial op-ed, reflecting on how nucleic acid se-
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quencing fundamentally changed our understanding of genetics and evolution, and how taxon-
omy before sequencing was, "a fruitless search". Woese has a few epic quotes in this section

that would be a injustice to paraphrase and are worth discussing more in-depth:

"The cell is basically a historical document, and gaining the capacity to read it (by
sequencing of genes) cannot but drastically alter the way we look at all biology."

(Woese, 1987)

This premise highlights how microbiology research has been fundamentally technology-
driven. Our "capacity" to sequence genes drastically changed our understanding of diver-
sity and protein evolution. What other technological innovations have pushed microbiology
forward? Since the field of metagenomics rests on the technology of Next-Generation se-
quencing and long-read sequencing, | was inspired to review the origins of a few fundamental
microbiology technologies.

| would argue that most knowledge about microbiology could not be discovered a priori.
In fact, for 1000’s of years humanity had only interacted with the miracles (e.g. bread and
beer) and disasters (e.g. pandemics) of microbial life using senses that could not elucidate the
perpetrator (can we hear microbes?). Yet, there was an "apple falling from the tree" moment
when Antony van Leeuwenhoek made technological improvements to the single lens light
microscope. This Dutch scientist is referred to by many as the "Father of Microbiology" and is
credited for discovering bacteria and protists (Lane, 2015)!

The realization of the microbial world permanently changed our view of biological diver-
sity; At the time, adding a new Kingdom. Yet, visually quantifying and categorizing microbes
through microscopes had its limits. How could one assign metabolic abilities to a "species”
when most microbes look the same in their natural community assemblages? To begin and
ask questions about "What are they doing?" and "Who is there?" another innovation was re-

quired.



To address basic questions about microbial physiology and taxonomy, pure culturing tech-
niques needed to be invented. Robert Koch is credited for developing the first microbial iso-
lation techniques. He grew the first bacterial colonies on thin potato slices (Madigan et al.
2018)! Koch had the genius insight to assume that a colony was monoclonal and formed from
a single colonizing bacteria. This catalyzed his research and allowed for the first pure culture
(Reinkulturen) experiments. Koch'’s assistant, Julius Richard Petri, expanded on Koch’s potato
slices and invented, you guessed it, the Petri dish. This technological leap is responsible for
the "Golden Age of Bacteriology" and an exponential increase in our knowledge of microbial
diversity and function leading to discoveries such as antibiotics. Yet, as the century went on
it became clear that culturing techniques were not keeping up with the immense diversity of
microbes. Although there were many observations describing the discrepancy between the
diversity of microbes that were able to be cultured versus those seen in microscopes, Staley et
al. 1985 first deemed the problem as, "The Great Plate Count Anomaly" (Staley and Konopka
1985). We are still battling this culturing bias today and it has a new name, "The Uncultured
Majority" (Michael S. RappAl and Stephen J. Giovannoni). Metagenomic sequencing would

later provide a more unfiltered glimpse into the microbial world, regardless of culturing ability.

1.2.2 The first metagenomic sampling

16S rRNA gene sequencing studies expanded our understanding of microbial diversity and
ecology, and ushered in the era of culture-independent studies. This era was catalyzed by
improved PCR primers and economic Sanger sequencing. Although discoveries of novel mi-
crobial diversity seemed endless, limitations of amplicon sequencing began to arise. Cultured
representatives could not keep up with the discovery of new phylotypes observed in the envi-
ronment. This is a continued disconnect even today - it is very difficult to isolate ecologically
relevant microbes and/or representatives of the total niche space in an environment. Due to

this culturing bias it became hard to extrapolate metabolic capabilities and phenotypes of cul-
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tured representatives to newly discovered sequence phylotypes; more genomic context was
needed. As Carl Woese puts it, "In the extreme, interspecies exchanges of genes could be so
rampant, so broad spread, that a bacterium would not actually have a history in its own right;
it would be an evolutionary chimera, each with its own history" (Woese, 1987). One promi-
nent example is Staphylococcus aureus. Strains that have identical marker genes, such as
identical 16S rRNA genes, may have different antibiotic resistance phenotypes obtained from
genomic islands via horizontal gene transfer. A new sequencing technique was needed to ac-
cess more genetic information from environmental microbes to expand hypothesis-generating
capabilities.

Stein et al. (1996) recognized the limitations of amplicon sequence and pushed the field
forward with the first attempt of metagenomic sequencing in Hawaiian ocean water (although

the name metagenomic sequencing had not been coined yet) 1. Stein et al. (1996) posited

1. Where did the term "metagenomics" come from? The term metagenomics was first coined by Handelsman
et al. (1998), a few years after Stein et al. (1996). Interestingly, metagenomics was first used to describe an
approach for biosynthetic gene cluster (BGC) research. Natural product discovery via BGC research at this
point had been driven by microbial isolation with selective media to search for specific antibiotic and metabolic
phenotypes. Handelsman et al. (1998) recognized how using an entire sample’s worth of DNA could be beneficial
for accessing novel BGC loci (similar to how Stein et al. (1996) wanted to explore novel metabolisms in archaea
described below). The method described in this paper included cloning potential BGC genomic fragments from
an environmental sample into E. coli vectors and phenotype screening. BGC research would no longer be
constrained by the Great Plate Anomaly!

The first sentence with the term metagenome:

"The methodology [cloning of environmental DNA into E. coli for phenotype screening] has been
made possible by advances in molecular biology and Eukaryotic genomics, which have laid the
groundwork for cloning and functional analysis of the collective genomes of soil microflora, which
we term the metagenome of the soil." Handelsman et al. (1998)

Considering this is the first use of the term metagenomics, | want to take a second to break down its etymology.
The prefix "meta-" is Greek in origin and has a few applications including the inference of later, behind, or beyond
in time and space (e.g. metacarpus). But when used as a prefix to a subject, it means the critical and/or abstract
analysis of the subject (e.g. metaphysics, metalinguistics).

Genomics is the study of the genetic material of an organism. If genomics is a subject, the most direct interpre-
tation of metagenomics would be, "to think abstractly about the genome." Yet in the case of Handelsman et al.
(1998) and even todayaAZs field, this interpretation may not be appropriate. In fact, | believe meta- in the context
of metagenomics is inferring "going beyond the genome." Microbiology ecology had been constrained by ampli-
fying taxonomic markers and extrapolating the functional potential of microbes by linking them to known isolates.
For example, in BGC research, you had to use 16S amplicon sequencing to see if potential microbes of interest
(e.g. actinomycetes) were in a specific environment, then hope they could grow in standard culture techniques
and be screened for specific phenotypes. This is essentially accessing one genome at a time. Handelsman
et al. (1998) explains how the metagenome, "the collective genome," of the soil can now be accessed by cloning
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that there is a need for culture-independent innovations because of the lack of cultured rep-
resentatives of newly discovered phylotypes and examples of prokaryotic lineages having a
large metabolic diversity of physiological capabilities. This manuscript looks to further culture-
independent microbial ecology by investigating the marine Archaea clade, Creanrchaeota.
They do this by going beyond surveying taxonomic markers of diversity via 16S and 18S rRNA
amplicon sequencing. Instead, they extracted large fragments of genomic DNA (up to 40 Kb)
from seawater and sequence via a Fosmid cloning approach 2.

At this point, it was known that there were abundant marine Archaea in the surface ocean
(DelLong, 1992; Fuhrman et al., 1992; DelLong et al., 1994), but there was no cultured rep-
resentative, only amplicon marker gene evidence. "Although the genotypic and phenotypic
properties of marine pelagic archaea are unknown at present, their abundance and ecological
distribution suggest that they may represent entirely new phenotypic groups within the domain
Archaea" (Stein et al., 1996). With only marker genes, inferences of metabolic capabilities
can only be made by looking at phylogenetically similar cultured representatives. Leverag-
ing metagenomic sequencing of large genomic fragments, Stein et al. (1996) could use "ge-
nomic walking" (looking upstream and downstream on genomic fragments from a phylogenetic

marker) in the marine environment. In essence, their goal was to collect large fragments from

genomic fragments into Fosmid vectors and expressing them in E. coli. | would argue that this is essentially a
survey of the functional potential of a microbial community, an ecological perspective. Maybe metagenomics was
not the best word to describe our field? Regardless, it stuck and | do not have a problem with it.

2. Whoa! Metagenomic sequencing is different now... Shotgun metagenomic sequencing with lllumina meth-
ods have come a long way since the time of this paper. Stein et al. (1996) could not just perform an lllumina
library preparation. Instead, they had to use an E. coli Fosmid cloning vector to generate their library of large
DNA fragments from the marine environment (30 liters of seawater were filtered!). Furthermore, prior to their
library prep, they performed a standard 16S rRNA screen on a subset of each sample to confirm there was Cre-
anrchaeota genomic material in the sample. This makes sense considering how labor intensive and expensive
this sequencing must have been at the time. Next, the DNA was digested using restriction enzymes to achieve
smaller fragments and then cloned into the Fosmid vector library. The clones were then screened for specifically
archaeal DNA fragments by amplifying 16S rRNA genes content from the fragments. Fragments that did not
contain a part of the Crenarchaeota ribosomal subunit were not further sequenced. The clones that passed this
stage were then prepared for sequencing. Final DNA sequences were analyzed for homology upstream and
downstream of the 16S phylogenetic anchor against the NCBI NR protein database using BLAST (Altschul et al.,
1990). Glad we don’t have to do that anymore!
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picoplankton genomic DNA in an attempt to extract the genomic DNA from Crenarchaeota.
By "walking" upstream and downstream from the phylogenetic marker, they hoped to obtain
physiological insights.

Phylogenetic analysis revealed that 33% of genes found on the 40 kb fragments had sig-
nificant homology to previously sequenced genes. Additionally, most genes located on the
fragments were related to ribosomal proteins. Other notable genes included glutamate 1-
semialdehyde transferase and RNA helicase, both of which are core microbial functions. Fi-
nally, there were examples of the entire 16S-23S operons found on fosmids. This cutting-edge
environmental sequencing study at the time was unfortunately constrained by the use of the
16S phylogenetic marker of Crenarchaeota. The genomic neighborhood that was explored
by "genomic walking" only allowed the discovery of neighboring genes of core functions of
Archaea and a highly studied area of genomes. If there was another phylogenetic marker
of Archaea more related to metabolism, there could have been a chance to explore a more
novel genomic neighborhood away from the 16S region. Although the findings of the paper
did not reveal novel Archaeal metabolisms for the time, it laid groundwork for a new era of

environmental shotgun sequencing.

1.2.3 Order to chaos - Extracting genomes from metagenomes

Jumping ahead to another phase of the metagenomics progression, the era of genome-
resolved metagenomics. Now that we had the ability to access the "collective genome" of an
environmental sample, research was constrained by the immense amount of data. To address
this data analysis challenge there were numerous data analysis innovations in comparative
metagenomics from clustering orthologs (Yooseph et al., 2007) to gene catalogs (Turnbaugh
et al., 2007). Yet, as Katherine McMahon puts it, "Genes are expressed within cells, not in
a homogenized cytoplasmic soup." (McMahon, 2015) In other words, the first comparative

metagenomics projects were genome agnostic. It was like comparing a Jackson Pollock paint-
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ing of functional potential to a Jean-Paul Riopelle painting of short reads.

(Tyson et al., 2004) is the first example of genome-resolved metagenomics. The questions
being explored in this paper were both methodologically and ecologically based. The technical
question was whether it was possible to assemble and extract groups of metagenomic contigs
that represent a collective genome from a population of similar microbes? The ecological
question in this paper was what is the functional potential of the individual microbial community
members in a low-diversity biofilm found in an acid mine drainage (pH 0.83)? Understanding
life in extreme environments is important for fundamental questions in regards to astrobiology
and geobiology. Although there were cultured representatives of extreme acidic environments
at the time, it was unclear if the naturally occurring community of this acidic biofilm mirrored
the isolates taxonomically and metabolically.

To address these questions, (Tyson et al., 2004) used unprecedentedly deep shotgun
metagenomic sequencing (103,462 reads) to access the functional repertoire of this gnarly
biofilm. Interestingly, they used the same method for DNA extraction as Stein et al. (1996) dis-
cussed above! Some other key strategies they implemented to prepare their data for genome
reconstruction attempt were: (1) adjusting their assembly strategy to not penalize non-uniform
read depth and (2) allowed read mapping of 95% identity. These two adjustments allowed for
more contigs to be assembled from the environmental sample and would incorporate more
variation in the final contigs.

Once contigs were assembled, (Tyson et al., 2004) grouped them together ("binned") using
GC content then subsequently refined the groups ("bins") using differential coverage of short
reads against the reference contigs. A bimodal distribution of contigs arose when statistics
from their metagenomic contigs were visualized (Visualization of metagenomic bins has de-
veloped over the last 15 years, check out its progression in Figure 1.1). Tyson et al. (2004)
highlighted that their success in reconstructing genomes from metagenomes in this environ-

ment was contingent upon the low diversity in the biofilm. The results of their binning yielded
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two "nearly complete" genomes and 3 partially recovered metagenomes (aka metagenomic
assembled genomes - MAGs). This data analysis strategy began the transition of the field of

metagenomics from primarily read-based based approaches to a genome-centric phase.

1.2.4 Leveraging Genome-resolved Metagenomics

Genome-resolved metagenomics has revolutionized our understanding of uncultured microbes
and catalyzed unprecedented discoveries that have impacted multiple fields, from biogeo-
chemistry to evolutionary biology. To me, metagenomics is a fantastic hypothesis generator,
and at this point in this thesis introduction, | wanted to highlight some discoveries made possi-
ble by genome-resolved metagenomics.

Bioavailable nitrogen in the global oceans is a hot topic because of its impact on the car-
bon cycle and primary productivity. For how critical nitrogen is to the ocean ecosystem, a
surprisingly small group of Cyanobacteria (e.g., UCYN-A and Trichodesmium) are theorized to
be responsible for the majority of nitrogen fixation in the global oceans. Other Bacterial phyla
such Proteobacteria and Firmicutes have been linked to nitrogen fixation via PCR amplicon
studies of the nifH gene. Although, surveys showed that these nitrogen fixers (diazotrophs)
tend to be from the rare biosphere (in very low abundance) with only a few cultured repre-
sentatives. This left a significant knowledge gap in terms of the function potential of these
enigmatic diazotrophs and how they impact biogeochemistry. Delmont and Eren (2018) lever-
aged metagenomic binning and extracted around 1,000 MAGs from the Tara Oceans Project
(A global ocean microbiome sampling effort with unprecedentedly deep sequencing) (Suna-
gawa et al., 2015). Some of these newly extracted MAGs contained nitrogen-fixing capability!
An interesting highlight from this collection of MAGs was identifying diazotrophic capabilities in
Planctomycetes for the first time. Genome-resolved metagenomics permitted access to uncul-
tured microbes with key biogeochemical capabilities and revealed the rest of their metabolic

potential. By putting contigs with nitrogen-fixing genes into genomic context, we can now
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Figure 1.1: Progression of genome-resolved metagenomics visualizations Progression
of genome-resolved metagenomics visualizations. (A) The first visualization of binned con-
tigs using GC content and read depth coverage (Tyson et al., 2004). (B) Self-organizing map
approach based on tetranucleotide z-scores (Weber et al., 2011). (C) Clustering of contig
scaffolds based on contig read depth from two separate DNA extraction protocols, with and
without hot phenol (HP* and HP"), and colored by GC content (Albertsen et al., 2013). (D)
Anvi’o interactive interface with contig clustering based on tetranucleotide content and differ-
ential read coverage from co-assembled metagenomic samples (Eren et al., 2015).
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create targeted culturing campaigns to isolate these novel diazotrophs.

Genome-resolved metagenomics has catalyzed bacterial phylogenomics of uncultured mi-
crobes. Brown et al. (2015) leverage MAGs from deep aquifer groundwater to unveil more
than 35 new bacterial Phyla deemed candidate phyla radiation (CPR). This unveiled extraor-
dinary microbial diversity that was never shown using 16S amplicon surveys because the 16S
rBRNA gene sequences these enigmatic CPR were too divergent for standard bacterial primers.
Metagenomic sequencing is a less biased sequencing approach compared to PCR-based ap-
proaches because there is no amplification step, thus allowing for more microbial biodiversity
to be uncovered. Hug et al. (2016) leveraged this new set of CPR genomes and re-calculated
the tree of life leveraging phylogenomics, which included all Domains. Without MAGs, the
genes necessary to make a concatenated single-copy core gene alignments would not have
been possible.

MAGs have re-rooted our interpretation of the origin of Eukaryotes. MAGs from the bottom
of the ocean (really, the bottom of the ocean in a hydrothermal vent revealed a whole new
class of archaea that contain eukaryotic-like genes (Asgard archaea named after Scandina-
vian gods). Spang et al. (2015) proposed that the tree of life has two, not three, branches.
In other words, Eukaryotes branched off from a more ancient archaeal branch. This is a
highly debated topic where other groups have claimed there are still 3 branches (Da Cunha
et al.,, 2017). These analyses were only possible through putting contigs in a genomic con-
text through binning which allowed for a phylogenomic approach to place these undiscovered
genomes on a provocative branch of the tree of life.

The discoveries described above have all relied upon putting metagenomic assembled
contigs into the genomic context of a microbial population genome. Although binning metage-
nomic contigs has the potential to yield a mosaic mixture of microbial populations, careful cura-
tion can yield MAGs with high probability of accuracy. In essence, MAGs have given scientists

access to the genomic potential of microbes that are not yet cultured and maybe, the uncultur-
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able! Although there are many inherent limitations to binning, MAGs are a great hypothesis-
generation tool that can inspire new cultivation experiments that could have never been imag-
ined. Imachi et al. (2020) spent 12 years enriching Asgard archaea from marine sediment
2,533 m below sea level (using powdered milk as one of their media ingredients!). This ar-
chaea named ’Candidatus Prometheoarchaeum syntrophicumthus’ was a literal missing-link
for evidence of the endosymbiotic theory. | would argue that motivation for a decade-long en-
richment experiment would have dwindled if it were not for discoveries such as Spang et al.

(2015).

1.3 Benchmarking the breadth of large genome datasets to uncover

novel microbiology

Building collections of microbes is not a modern idea but actually a classical activity in mi-
crobiology. Microbiologists have been isolating microorganisms before DNA was discovered
as the hereditary material. This is demonstrated by the second requirement for identifying a
pathogen in Koch’s postulates:

"The microorganism must be isolated from a diseased organism and grown in pure culture."
- Robert Koch (Brock, 1999)

Recently, MAGs were reconstructed from ~100,000 metagenomic samples spanning mul-
tiple biomes and yielded over 1 million MAGs (Schmidt et al., 2023). This remarkable achieve-
ment underscores the high-throughput nature of genome recovery and firmly establishes that
we are in an era of big data in microbiology. Genomes are critical for novel discoveries in funda-
mental microbiology and serve as vast resources for novel proteins and natural products (e.g.
enzymes, biosynthetic gene clusters) with broad implications for medicine and biotechnology
(Paoli et al., 2022; Chen et al., 2024). Additionally, genome collections serve as reference se-

quences for homology detection in new sequencing data, crucial for characterizing previously
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unexplored microbiomes. As the corpus of genomic DNA expands, researchers are increas-
ingly using these collections to train foundation DNA large language models (Nguyen et al.,
2024). Overall, these expanded applications of genome collection provide impetus to continue
extracting microbial genomes from the environment.

In the past few decades, the explosion of microbial genomes in genome collections can
be attributed to technological innovations in genome recovery. Even the classical strategy
of microbial cultivation has seen innovations (Lewis et al., 2021). For example, Cross et al.
(2019) leveraged an innovative strategy called "reverse genomics" to create antibodies that
target specific taxa and isolate them with flow cytometry for genome sequencing. Additionally,
microfluidic platforms have been leveraged for high-throughput cultivation, enabling the growth
of slow-growing anaerobic microbes (Watterson et al., 2020). However, despite innovative
cultivation techniques, microbiology remains limited by the unique growth conditions, media
requirements, and symbiotic relationships, preventing us from isolating all microbes on Earth.

Genome-resolved metagenomics has been the main culture-independent technological
driver for increasing the size of genome collections in recent decades. Specifically, innova-
tions such as open-source bioinformatics tools for metagenomic assembly (Li et al., 2015)
and binning (Kang et al., 2015; Pan et al., 2022), combined with workflow management soft-
ware like Snakemake and Nextflow (Koster and Rahmann, 2012), which connect these data
processing steps (Shaiber et al., 2020), have made genome recovery methods both highly
accessible and scalable. Due to the high throughput of genome-resolved metagenomics, it will
likely be the predominant genome recovery method for the near future.

Another genome recovery method that has gained traction in recent years is single ampli-
fied genomics. This approach isolates individual microbial cells from environmental samples
using microfluidics and performs whole-genome amplification. It offers key advantages over
genome-resolved metagenomics, which often struggles to recover genomes for rare microbes

because of low sequencing depth and populations with high degrees of polymorphism pro-
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ducing fragmented assemblies (Chen et al., 2020b). Unlike metagenomics, single amplified
genomics is limited by the number of cells in a sample, making it particularly valuable for
studying microbial populations that are rare in the biosphere or resistant to recovery through
traditional metagenomic assembly (Hosokawa and Nishikawa, 2024). Additionally, the method
can associate mobile genetic elements, such as plasmids, with genomes since it amplifies
each genome separately. Unfortunately, a technological pitfall that holds back this method is
the low completion and contamination of genomes after whole genome amplification, limiting
the number of high-quality genomes that can be produced from this method.

Numerous large-scale genome sampling projects have produced enormous biome-specific
datasets of MAGs (Almeida et al., 2019; Parks et al., 2017; Pasolli et al., 2019; Delmont and
Eren, 2018; Almeida et al., 2020), and SAGs (Pachiadaki et al., 2019; Kawano-Sugaya et al.,
2024) profiling microbiomes from across the planet including the oceans, soils, and those
associated with animals. These datasets have added a significant amount of new diversity to
the tree of life and provide a way forward to explore the uncultured majority of microbes and
their functions. Furthermore, large-scale multi-biome resources are now available with multiple
kinds of genome recovery methods, including EBI MAGnify (Richardson et al., 2023), SPIRE
(Schmidt et al., 2023), and the DOE’s IMG/M (Nayfach et al., 2021). Importantly, the Genome
Taxonomy Database (GTDB) has curated a large genome to calculate a phylogenomic tree
for the archaea and bacteria domains providing standardized phylogeny-based taxonomies
(Parks et al., 2018). With these genome resources and domain scale phylogenies, we can
now address questions about microbial functions on the tree-of-life scale. For example, we
can identify microbial functions with broad and limited phylogenetic breadth across bacteria
e.g. what are the phylogenetic constraints of a particular metabolic pathway?

Another step forward in large-scale genome recovery efforts is experimentally validating
genes and pathways discovered in novel genomes. Paoli et al. (2022) used their global ocean

genome dataset to identify biosynthetic gene clusters in genomes reconstructed from the deep
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ocean (x > 2,000 m) and explored their enzymology in the lab. In another example of leveraging
ocean genome collections, Chen et al. (2024) tested the gene editing efficiency of a novel
CRISPR system in laboratory conditions. Additionally, Durrant et al. (2022) surveyed publically
available genomes for novel serine recombinases and experimentally validated them in the lab
to create innovative strategies for genome editing. Overall, this workflow of extracting genomes
from the environment and mining them for novel biotechnology and medical applications is
highly valuable and should be further pursued. However, as the field continues to expand these
genome collections, a fundamental question in microbial ecology arises, how well do these
collections represent the phylogenetic diversity and ecology of microbes in the environment?
In this thesis, | attempt to address this question by taking a step back in the genome

recovery process, the metagenomic assembly.

1.4 An open-source workflow to explore the phylogeography of gene

families

Methods to assess the phylogenetic and ecological diversity of genome collections are es-
sential for optimizing genome acquisition strategies, both to achieve broad sampling of micro-
biomes and target specific taxa. For decades, microbiology has documented a persistent dis-
connect between the diversity of taxa detected in the environment and the rates of successful
culturability (Staley and Konopka, 1985) or genome extraction through metagenomics (Chen
et al., 2020b). A notable example is the lack of representative genomes for the widespread
marine bacterial order SAR11. Genome recovery for this taxon is challenging because its
specialized growth requirements hinder easy isolation (Giovannoni, 2017). Additionally, the
extensive microdiversity within SAR11 populations leads to fragmented metagenomic assem-
blies, reducing the ability of binning tools to reconstruct complete genomes from contigs (Chen

et al., 2020b). Current methodologies to benchmark genome recovery involve using metage-
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nomic read recruitment statistics to assess what proportion of reads align with genomes. This
approach assumes that the fraction of reads mapped to a genome collection serves as an
indicator of how well the collection represents the microbial community in the environment.
Although this is an efficient method, it has two pitfalls, including (1) an inability to track the
microbial diversity found in the unmapped fraction and (2) no direct link to contigs for targeted
genome recovery.

Although genome collections are valuable, they do not contain all the genetic information
present in the environment. The ground truth genomic diversity of a microbiome is in the envi-
ronment itself. If we could directly count all microbes and individually sequence their genomes,
then the story of microbial ecology would stop here. Unfortunately, every step of the genome
recovery process has potential to lose information. For example, microbes with cell walls
resistant to DNA extraction kits, populations that are difficult to assemble in metagenomes,
and populations that are difficult to bin (reconstruct genomes from metagenomes) all can
lower genome recovery from various taxa. Stepping back in the genome recovery process,
metagenomic assemblies present an opportunity to identify genomic elements assembled
from metagenomic reads that are not included in the final genome collection. Furthermore,
gene families that efficiently assemble from metagenomes and act as proxies for biological
phenomena can provide more genomic information about microbial ecology beyond genome
collections.

In this thesis, | focus on analyzing the distribution of ribosomal proteins, a subset of SCGs
that assemble efficiently in metagenomes, to track the distribution of genome recovery of taxa
in a metagenomic assembly. During the writing of this thesis, Wu et al. (2025) measured
genome recovery by measuring the phylogenetic diversity (PD) (Wu et al., 2009) of MAGs and
isolate genomes compared to SCGs from metagenomic assemblies. While this is an efficient
method for explaining the contributions of various genome sampling methods to the tree of life,

it does not account for ecological insights gained from metagenomic read recruitment. In fact,
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the combination of phylogenetics and biogeography is a powerful data integration strategy to
track microbial ecology (Ustick et al., 2023; Gaia et al., 2023). In Chapter 3 of my thesis, |
describe the anvi'o EcoPhylo workflow, which tracks the phylogeography of gene families to
explore microbial ecology across environments and track genome recovery rates of taxa and

genome recovery methodologies.

1.5 Summary of thesis topics

This thesis presents the development and application of a novel computational workflow, the
anvi’o EcoPhylo workflow, to track the phylogeography of gene families across microbial com-
munities in diverse environments while highlighting my contributions to open-source software
supporting ‘’omics analyses in microbiology. At its core, this work explores the premise that new
discoveries lie beyond existing genome collections and that metagenomic data, both within as-
semblies and raw reads, can provide deeper insights into microbiomes. A key focus is assess-
ing whether the vast microbial genome collections comprehensively capture the full breadth
of microbial diversity and associated genes in the environment. To address this, | demon-
strate that tracking the phylogeography of gene families, which serve as proxies for microbial
diversity and function, extends our understanding beyond genome collections to metagenomic
assemblies across environments and experiments. Furthermore, this thesis details the imple-
mentation of open-source bioinformatics tools and workflows to empower microbiologists and
catalyze future discoveries, ensuring these technical advancements remain accessible and
scalable for the broader scientific community.

To begin my thesis, Chapter 2 describes my open-source software contributions, bioin-
formatics tools, and workflows to catalyze the era of data-intensive microbiology. In Chapter
3, | highlight the keystone scientific contribution of my dissertation, a study that applies my
computational workflow, the anvi'o EcoPhylo workflow, to track genome recovery rates of mi-

crobes through the phylogeography of ribosomal proteins. The combination of tracking both
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the phylogenetic and biogeographical relationships of microbial communities offers a powerful
platform to contextualize microbes without genome representation and benchmark genome
collections. Finally, in Chapter 4, | present a composite chapter of further applications of the
Ecophylo workflow. This includes surveying the evolutionary landscape of anaerobic flavin res-
piratory reductases in gut microbes. Additionally, | showcase EcoPhylo as an efficient method
for detecting the presence of genomes in metagenomic data.

Overall, this dissertation provides insights into exploring microbial ecology beyond genome
collections, focusing on metagenomic assemblies to uncover expanded collections of gene

families.
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CHAPTER 2
OPEN-SOURCE SOFTWARE EMPOWERS SCIENTISTS IN THE ERA OF
BIG DATA AND MICROBIOLOGY

2.1 Introduction

This section is derived from the following section of a publication:
A. Murat Eren, Evan Kiefl, Alon Shaiber, lva Veseli, Samuel E. Miller, Matthew S. Schechter,
et al. "Community-led, integrated, reproducible multi-omics with anvi’o." Nat. Microbiol. 6, 3—6

(2021). https://doi.org/10.1038/s41564-020-00834-3.

Novel data analysis strategies are essential to continuously extract new insights from the
growing repository of publicly available genomes and metagenomes deposited from micro-
biome studies. Due to the intense influx of new data and data types, many bioinformatics tools
are being developed to process, visualize, and store the data (Callahan et al., 2018). Eren
et al. (2021) makes the argument that these programs fall into two categories: (1) ’essential
tools’ and (2) workflows. Bioinformatics tools are small programs designed to perform specific
tasks and process ‘'omics data and workflows string together tools to efficiently analyze these
massive datasets to produce summary tables and figures.

Traditional bioinformatics pipelines often produce static visualizations, such as bar charts
or dimensionality-reduction plots, which fall short of enabling researchers to interact dynami-
cally with the complexities of ‘omics data. To address these limitations, interactive visualization
tools, like those offered by the anvi’o platform (Eren and Delmont, 2024), empower researchers
to explore their data more thoroughly. For example, the anvi'o platform enables users to inter-
actively visualize read recruitment across various data types - genomics, metagenomics, and
transcriptomics - alongside nucleotide variance patterns like single-nucleotide, single-codon,
and single-amino acid variants. Live interaction with these datatypes has led to numerous

discoveries that might have been missed without this access (Reveillaud et al., 2019; Fogarty
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et al., 2024).

During my Ph.D., one of my overarching goals was to improve access and education to
computational biology and analysis of ’omics data in microbiology. To accomplish this, one
of the bi-products of my research endeavors was a variety of open-source software contri-
butions to the microbiology community. | chose to contribute these pieces of software to the
anvi’o platform Eren et al. (2021) due to its focus on interactive visualization, open-source phi-
losophy, and commitment to open science and teaching. This section of my thesis details a
subset of these contributions. | start by discussing my first solo contribution to anvi'o, ‘anvi-
analyze-synteny‘. This program was implemented to explore synteny conservation across the
hypervariable gene content of B. fragilis capsular polysaccharide utilization loci. Next, | doc-
ument a suite of programs to annotate carbohydrate-active enzymes (CAZymes), including
‘anvi-setup-cazymes* and ‘anvi-run-cazymes’, which leverage the publically available database
of protein family CAZymes (Yin et al., 2012) to annotate genes predicted from genomes and
metagenomes in anvi'o. Finally, | discuss ‘anvi-export-locus,‘ a powerful program that can cut
genomic loci out of a given genome or metagenomic assemblies and scale to genome col-
lections of thousands of genomes, such as The Genome Taxonomy Database (Parks et al.,
2022).

Subsequently, in this chapter, | highlight the workflows | contributed to the anvi'o plat-
form. Workflows are similar to bioinformatics pipelines but differ in their scalability on high-
performance computing clusters and their modularity to be customized to specific science
questions. The first workflow | document is the anvi'o ‘sra-download’ workflow, a scalable work-
flow leveraging NCBI SRA programs (https://github.com/ncbi/sra-tools) to efficiently download
paired-end metagenomic reads. Next, | document the keystone contribution of my Ph.D, the
anvi’o EcoPhylo workflow. This workflow analyzes gene family phylogenetic and biogeographic
distribution patterns across samples using metagenomic read recruitment. It features an inter-

active interface that allows users to seamlessly switch between co-occurrence and phyloge-
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netic perspectives of gene family distribution. The applications of this workflow and its scientific
findings are discussed in Chapters 3 and 4.

To enhance my software contributions and improve accessibility in computational biology
and the anvi’'o environment, | have documented these tools and workflows through detailed
tutorials, as well as comprehensive code and artifact documentation for developers. This will
allow these software contributions to be robust additions to the platform, allowing users and de-
velopers to leverage these tools and build on top of them long into the future. In addition to soft-
ware development, my colleague lva Veseli, Ph.D. and | designed and led multiple in-person
lecture series covering core concepts in computational microbiology, including metagenomics
and metabolomics data analysis in 2022 https://merenlab.org/tutorials/dfi-metagen
omics-workshop/ and 2023 https://merenlab.org/tutorials/dfi-metagenomics-wor
kshop/. Additionally, | lectured on the EcoPhylo workflow at the 2021 workshop on Emerging
Bioinformatics Applications for Microbial Ecogenomics (https://maignienlab.gitlab.io/ebame6/)
as well as TA'd the associated anvi’'o tutorials along with my colleague Florian Trigodet, Ph.D.
The majority of the publically available resources | created during my Ph.D. can be found at

https://anvio.org/people/mschecht/.

2.2 Exploring n-grams of syntenous genes

2.2.1 anvi-analyze-synteny

Comparing the differences in gene content and synteny of microbial loci between genomes or
locus copies within the same genome can be a challenging task if a locus is hypervariable, i.e.,
gaining or losing gene content quickly over time. Pangenomics offers an elegant solution to
compare gene content efficiently by creating gene clusters, but it does not account for synteny.
Furthermore, traditional contig alignment strategies do not resolve open-reading frames and

microbial functions. In the context of an operon, synteny is essential to explore because the
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order of gene transcription can impact final protein products and function. Additionally, syn-
teny can help elucidate which operons are more related to each other. In the field of Natural
Language Processing, n-grams are used to track sequences of adjacent words and can be
used to compare distances between texts by employing n-gram decomposition. The program
‘anvi-analyze-synteny‘ leverages this concept by breaking down microbial loci into blocks of
syntenic genes with user-defined ranges.

The webpage https://anvio.org/help/main/programs/anvi-analyze-synteny/ serves documen-
tation for this program. Briefly, ‘anvi-analyze-synteny‘ counts n-grams by converting con-
tigs into strings of open reading frame annotations for a given user-defined gene annotation
source. Using a source annotation for functions, anvi'o will use a sliding window of size N to
deconstruct the loci of interest into n-grams and count their frequencies across a given set of
contigs. The program ‘anvi-analyze-synteny‘ exports a count table of n-grams, allowing users

to visualize n-gram distributions of function across microbial loci.

2.2.2 Exploring synteny in the Bacteroides fragilis polysaccharide utilization
loci
This section is derived from the following section of a publication in prep:

Abigail C. Schmid, Matthew S. Schechter, et al., A multi-omics survey of Bacteroides

fragilis hypervariable genomic islands, in prep.

Introduction

Capsular polysaccharides (CPS) form a protective capsule surrounding bacteria, allowing
them to endure numerous stresses, including phage predation and the immune system (Whit-
field et al., 2020). The microbe Bacteroides fragilis, an obligate anaerobe and prevalent mem-

ber of the human gut microbiome, is famous for having eight phase-variable CPS loci (PSA-H),
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some of which have been implicated with different impacts on the human host. The B. fragilis
isolate NCTC 9343 PSA capsule is immunomodulatory in the human gut, with some research
showing it causes abscesses in mice (Coyne et al., 2001) . In contrast, other PSX have been
shown to protect mice from induced colitis (Surana and Kasper, 2012). Overall, these loci
are difficult to compare due to their hypervariable synteny and gene content (Patrick et al.,
2010). To investigate this, we used n-grams to explore their distribution of syntenous genes of

B. fragilis PSX.

Synteny-aware characterization of CPS genetic structure

We implemented an n-gram decomposition strategy to identify conserved functional associ-
ations between groups of genes for each CPS class. This strategy quantifies the frequency
of a set of 'n’ collinear genes that occur in the same order across different sequences for a
given CPS class. Using the NCBI’s Clusters of Orthologous Groups (COGs) as the functional
annotation source (Tatusov et al., 2000), we first deconstructed CPS sequences into collinear
groups of 2 to 22 genes. Next, we counted the occurrence of unique n-grams across the entire
CPS sequence database and within individual CPS classes. Conservation of n-grams across
all CPS sequences was low, with a steep decrease of n-gram frequency as a function of in-
creasing n-gram size (Figure 2.1). In fact, the most frequent n-grams consisted of 2-grams and
3-grams, indicating an overall lack of notable structure of synteny based on functional annota-
tions alone. Not surprisingly, the most frequent n-gram was a 2-gram, which consisted of the
CPS regulatory elements upxY and upxZ and occurred in 99.3% of all CPS in the dataset (the
remaining 0.4% of the CPS sequences lacked this 2-gram due to missing HMM hits for the
upxY (COG0250). The most common 3-gram across all CPS loci was upxY-upxZ-COG1209,
which occurred in 26.9% of the CPS sequences but never in PSD and PSH. This 3-gram is
an extension of the regulatory 2-gram upxY-upxZ followed by COG1209, a dTDP-glucose py-

rophosphorylase, the key enzyme for the formation of dTDP-L-rhamnose, the precursor to a
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core component of O-lipipolysaccharides, L-rhamnose (Mistou et al., 2016). Even though this
set of genes was the most frequent 3-gram, its complete absence in PSD and PSH and its
partial occurrence in sequences from other CPS classes suggest that its global significance
to CPS function is limited. The most frequent 4-gram was an extension to this 3-gram with
COG1898, a function related to the synthesis and secretion of O-specific LPS found in the
rfo operon, and was found only in 15.6% of CPS sequences. The remaining n-grams lacked
notable occurrence, revealing the absence of any set of collinear functions that were globally

conserved across all CPS.
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Figure 2.1: CPS locus n-gram decomposition to explore gene synteny. Each CPS class
panel shows the percent counts of the n-grams. The x-axis is n-gram size and the y-axis is
the percent occurrence of an n-gram within a CPS class. Red points represent n-grams that
contain CPS regulatory genes (upxY, upxZ).

The most frequent n-gram across all CPS classes was a 3-gram that occurred in 97.5% of
PSH sequences and included upxY and upxZ, as well as a gene that is involved in peptidoglycan-

anchored antigen-related synthesis of carbohydrates (COG0472). The longest n-gram in more
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than 50% of a CPS loci class was 7 genes long, and occurred in PSA, PSB, and PSE, each
with unique gene content. On average, 95.5% of all n-grams was shared by less than 25% of
sequences for any CPS class, highlighting the striking level of diversity without any conserved
synteny patterns. PSD was the most variable CPS class also based on the n-gram decompo-
sition, with only three n-grams occurring in more than 50% of the PSD sequences. Even the
most frequent 3-gram across all CPS loci (upxY-upxZ-COG1209) occurred in more than 50%
of sequences only in PSE and PSF, and did not show a uniform frequency pattern across CPS

classes.

Conclusion

In summary, our analyses of the genetic structure of CPS sequences, based on the con-
servancy of collinear functions shed light on the hypervariability of these loci (Figure 2.1). We
identified n-grams of gene blocks unique to individual CPS locus subtypes and shared between
subtypes. Furthermore, we identified that PSD was the most variable CPS locus. At the same
time, PSA, PSB, PSC, and PSF had more substantial signs of synteny conservation based on
n-gram decomposition, suggesting differential selection pressures for these loci subclasses. If
true, differential selection pressures raise an interesting question regarding whether there is
a strict coupling of CPS classes with distinct types of environmental stresses that are yet to
be answered. Our results also show that the visualization and the n-gram decomposition can
infer the overall structural distribution of variability and quantitatively infer functional conser-
vancy through recurring gene blocks for any hypervariable genomic island. Future directions
should explore these patterns over a larger collection of B. fragilis genomes and perform qual-
ity control steps to filter out the surrounding genomic context. Additionally, a synteny-aware,
graph-based pangenome strategy would combine the benefits of pangenomics and synteny

analyses to further elucidate these hypervariable loci.
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Material and Methods

Genomes and Metagenomes

We downloaded 113 Bacteroides fragilis isolate genomes from the National Center for Biotech-
nology Information (NCBI) Reference Sequence Database (RefSeq) and 542 human gut metagenomes
that represented 159 individuals who lived in the US (Human Microbiome Project Consortium,
2012), 74 who lived in China (Qin et al., 2012), 36 who lived in Peru (Obregon-Tito et al.,
2015). In addition, we acquired the B. fragilis clinical isolate genome 'p215’ from (Vineis et al.,
2016) the NCBI Sequence Read Archive dbGaP accession ID phs000262. To calculate the
coverage of the B. fragilis clinical isolate genome we downloaded the anvi’'o merged profile of

the patient metagenome reported by Vineis et al. from doi:10.6084/m9.figshare.3851364.v1.

Extracting CPS loci from genomes and metagenomes

We used anvi'o v5.5 (Eren et al., 2015) and the anvi’o workflows that rely on Snakemake
(Koster and Rahmann, 2012) to generate CONTIGS databases. We first used the anvi’o con-
tigs workflow to create a CONTIGS database for each isolate genome and metagenome co-
assembly. Briefly, this workflow runs (1) ‘anvi-gen-contigs-database‘ on sequences, which
uses Prodigal v2.6.3 (Hyatt et al., 2010) to identify open reading frames, (2) ‘anvi-run-ncbi-
cogs’ on resulting anvi'o contigs databases to annotate functions using the NCBIs Clusters
of Orthologous Groups database (Tatusov et al., 2000), and (3) runs ‘anvi-run-hmms’ to per-
form hidden Markov model (HMM) search on genes using HMMER 3.2.1 (Eddy, 1998). To
identify upxZ genes, we used ‘anvi-run-hmms*‘ with a custom model that included a single
HMM from the Pfam database (PF06603.10). We then used the anvi’'o program ‘anvi-export-
locus’ to extract CPS loci from the genomes and metagenomes. We ran ‘anvi-export-locus’
with the following parameters: ‘—use-hmm° (use anvi'o HMM framework to search for the user

terms); ‘—search-term upxZ' (find upxZ genes)); ‘“num-genes 1,21 (mark one gene upstream
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and 21 genes downstream of the upxZ as the target locus); and ‘—remove-partial-hits‘ (ex-
clude candidate loci that do not include all genes of interest). Running ‘anvi-export-locus'
with these parameters on anvi’o contigs databases of genomes and metagenomes spawned
smaller anvi’o contigs databases we could seamlessly use for all downstream analyses. A

tutorial for ‘anvi-export-locus’ is available at the URL http://merenlab.org/export-loci.

Calculating Phylogenies of upxZ

We calculated a phylogenetic tree using the amino acid sequences for the upxZ genes in
all isolate genomes. We recovered the sequences with the program ‘anvi-get-sequences-
for-hmm-hits’ specifying ‘-hmm-source‘ and the parameters ‘-gene-name UpxZ*‘ and ‘—get-aa-
sequences’. We then used MUSCLE v3.8.425 (Edgar, 2004) with default parameters to align
the amino acid sequences. Next, we computed the phylogenetic tree using IQ-TREE v1.6.6
(Nguyen et al., 2015) with -bb 1000‘ and the substitution model JTT+R3 as determined by
ModelFinder (Kalyaanamoorthy et al., 2017). Finally, we visualized the tree with anvi'o. We
also computed two more phylogenetic trees with amino acid sequences, one with all upxZ
genes in the loci we identified and one with the refined set of upxZ sequences (see Refining
and classifying locus collection), in the manner described above but using the substitution
model JTT+R5 (Jones et al., 1992; Yang, 1995; Soubrier et al., 2012) for all upxZ genes and
JTT+R3 (Jones et al., 1992; Yang, 1995; Soubrier et al., 2012) for the refined set, both as

determined by ModelFinder.

Refining and classifying locus collection

To ensure our collection of newly extracted loci only came from B. fragilis, we compared their
upxZ genes to those of the eight characterized loci from the NCTC9343 B. fragilis strain. To
do this, we first note that the phylogeny of upxZ sequences from isolate genomes clustered

in eight groups, each of which contained one upxZ sequence from the reference NCTC9343.
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Thus, we can use NCTC9343 as a single reference to verify that a given upxZ sequence
belongs to B. fragilis. Using this, we recovered the upxZ sequences from the NCTC9343
genome contigs database with the program ‘anv-get-sequences-for-hmme-hits' (parameters:
‘—gene-name upxZ‘ and ‘“hmme-source’). Then, we used the program ‘makeblastdb’ with the
parameter ‘-dbtype nucl to create a blast database with the eight known upxZ sequences from
NCTC9343 (Altschul et al., 1990). Next we used the program ‘blastn to align the upxZ DNA
sequences from the newly extracted loci to the NCTC9343 upxZ sequences. Any loci from
isolates and metagenomes with upxZ genes that did not align to the NCTC9343 isolate upxZ
genes were removed. To further scrutinize the loci from metagenomes, we blasted each full lo-
cus sequence using web-based blastn. We removed any loci where the top hit was not at least
20% alignment length to a B. fragilis genome. Finally, we classified loci as PSA through PSH by
aligning the upxZ gene from a given locus to the upxZ sequences from the B. fragilis reference
genome NCTC9343. Collapsing redundancy of CPS. We collapsed redundancy in our locus
collection based on average nucleotide identity (ANI) and hierarchical clustering. To compute
ANl for the collection of loci, we used the process described above (see Isolate genome all vs
all ANI). The results were used to cluster sequences with hierarchical clustering via the hclust
function in the R package ‘stats‘ (v3.4.1) with average agglomeration method. Groups were
determined by the program ‘cutree’ in the R package ‘dendextend’ v1.8.0 (Galili, 2015) with a
stringent height of .003. This height corresponds to loci that are extremely similar in percent
identity and have extremely high alignment coverage because we use the element-wise prod-
uct of the percent identity and alignment coverage matrices computed by pyANI. To preserve
the structure of our dataset, we chose a representative locus sequence for each group alpha-

betically from the source (isolate or metagenome) which made up the larger proportion of the

group.
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N-gram analysis

We calculated n-gram occurrence patterns across all and within CPS classes using the anvi'o
tool ‘anvi-analyze-synteny‘. Briefly, this tool deconstructs loci into windows of collinear func-
tions (n-grams) based on a user defined functional annotation. In this analysis, we used both
gene-clusters and COGs to define n-grams. The output of anvi-analyze-synteny was then

post-processed and visualized in R using the Tidyverse (Wickham et al., 2019).

2.3 Annotating genomes and metagenomes with carbohydrate-active

enzymes

Carbohydrate-active enZYmes (CAZymes) are proteins that either synthesize or break down
carbohydrates. These enzymes are critical for microbes to help them build structural compo-
nents such as capsular polysaccharides and cell walls (Wardman et al., 2022). Additionally,
they help heterotrophs break down complex carbohydrates from the environment for energy
conservation. Studies of CAZymes in the surface ocean have focused on their role in the car-
bon cycle, as heterotrophic bacteria utilize these enzymes to break down sugars released dur-
ing algal blooms (Kruger et al., 2019). In general, protein annotation databases contain broad
microbial functions, making it challenging to identify specific microbial functions in high reso-
lution. The doCAN2 CAZyme database provides a solution to this with a massive database of
CAZyme protein HMMs (Yin et al., 2012). To leverage this resource and provide it to the com-
munity, | developed the programs ‘anvi-setup-cazymes‘ and ‘anvi-run-cazymes* to efficiently

annotate these genes on contigs.

2.3.1 anvi-setup-cazymes

The program ‘anvi-setup-cazymes® downloads and organizes a local copy of the data from

dbCAN2 CAZyme HMMs (Yin et al., 2012) for use in function annotation. This program gen-
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erates a cazyme-data artifact, which is required to run the program ‘anvi-run-cazymes*‘. The
webpage https://anvio.org/help/main/programs/anvi-setup-cazymes/ serves documentation for

this program.

2.3.2 anvi-run-cazymes

The program ‘anvi-run-cazymes' annotates genes in an anvi’o contigs-db with functions using
dbCAN CAZyme HMMs. The parameter ‘—noise-cutoff-terms‘ can be used to filter out HMM-
hits with low homology. The default value is ‘—noise-cutoff-terms -E 1e-12‘. If you want to
explore filtering options, check out the help menu of the underlying hmm program you are using
e.g. ‘hmmsearch -h'. The webpage https://anvio.org/help/main/programs/anvi-run-cazymes/

serves documentation for this program.

2.3.3 Case study with anvi-run-cazymes: exploring CAZyme contributions in

Alteromonas genomes

This section is derived from the following section of a publication:

Iva Veseli, Michelle A. DeMers, Zachary S. Cooper, Matthew S. Schechter, Samuel Miller,
Laura Weber, Christa B. Smith, Lidimarie T. Rodriguez, William F. Schroer, Matthew R. Mcllvin,
Paloma Z. Lopez, Makoto Saito, Sonya Dyhrman, A. Murat Eren, Mary Ann Moran, Rogier
Braakman. Digital Microbe: a genome-informed data integration framework for team science
on emerging model organisms. Sci Data 11, 967 (2024). https://doi.org/10.1038/s41597-024-
03778-z

The development of the ‘anvi-run-cazymes’ program was driven by community input from
The National Science Foundation Science and Technology Center, The Center for Chemi-
cal Currencies of a Microbial Planet (C-CoMP). Scientists at C-CoMP in the Data Integration

Working Group, expressed the need for a tool to annotate CAZymes from genomes with the
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anvi’o software platform (Eren et al., 2021) to explore a genome collection of the marine het-
erotroph Alteromonas, a model organism used to study carbon cycling. After a few meetings
with the team, | developed the program and made it publicly available within a month. This
highlighted a dynamic collaboration between scientists and scientific programmers.

Veseli et al. (2024b) swiftly utilized ‘anvi-run-cazymes' to annotate evolutionary patterns
in Alteromonas carbohydrate utilization, revealing how carbohydrate heterotrophy may have
shaped whole-genome evolution. For instance, some CAZyme phylogenies mirrored whole-
genome phylogenies, suggesting vertical inheritance of these enzyme families. Conversely,
other CAZyme phylogenies showed branching patterns distinct from whole-genome phyloge-
nies, indicating potential horizontal gene transfer events to acquire specific enzyme families.
Without a tool like ‘anvi-run-cazymes’, organizing these CAZyme annotations would have been
significantly more time-consuming, potentially delaying scientific progress. This application
underscores how open-source bioinformatics tools can be rapidly developed to accelerate sci-

entific discoveries through collaboration.

2.4 Extracting loci in high throughput from genomes and metagenomic

assemblies

Comparing operons and loci between microbial genomes is critical for understanding the func-
tional and evolutionary relationships among genes and the organisms that harbor them. Oper-
ons, clusters of co-regulated genes transcribed together, often encode critical functions that
can provide insights into adaptation (Coleman et al., 2006), niche specialization (Gushgari-
Doyle et al., 2022), and metabolic capabilities of microbes (Crits-Christoph et al., 2020). By
analyzing and comparing these features across microbial genomes, researchers can iden-
tify conserved and unique genetic elements, infer horizontal gene transfer events, and predict

gene functions and interactions. There are examples of tools that extract subtypes of microbial
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loci e.g. biosynthetic gene clusters (Kautsar et al., 2020). However, a flexible tool that extracts
any kind of locus can empower microbiology research. To address this, | implemented the
program ‘anvi-export-locus’, which can extract microbial loci in high throughput across tree of

life scale genome collections as well as metagenomic assemblies

2.4.1 anvi-export-locus

This program can cut a ’locus’ from a larger genetic context (e.g., contigs, genomes). By de-
fault, anvi’o will locate a user-defined anchor gene, extend its selection upstream and down-
stream based on user-defined parameters and then extract the locus to create a new anvi'o
contigs database and associated FASTA file. The anchor gene can be identified with multiple
protein annotation databases such as: Pfam (Finn et al., 2016), COGs (Tatusov et al., 2000),
and CAZymes (Yin et al., 2012). A comprehensive description of the program can be found
here: https://anvio.org/help/main/programs/anvi-export-locus/.

This section shows a tutorial | wrote to increase the accessibility of the tool ‘anvi-export-
locus‘. | adjusted the post for readability in this thesis and the complete blog post can be found

here: https://merenlab.org/2019/10/17/export-locus/

Introduction

Some genetic analyses require comparing specific genetic loci between genomes. For exam-
ple, one may be interested in investigating evidence for adaptive evolution of the lac operon
between different E. coli strains, and the first step to this analysis would be to extract the
various lac operon from a collection of E. coli genomes.

To address this example and other genomic loci analyses alike, we present ‘anvi-export-
locus’, an anvi’'o program that enables you to target regions of interest across genomes and/or
metagenomic assemblies, and report sequences and/or anvi’o contigs databases for cut loci

for downstream analyses.
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Briefly, ‘anvi-export-locus’ cuts out loci using two approaches: ‘default-mode* or what we
call ‘flank-mode’. In the ‘default-mode’, the tool locates a designated anchor gene, then cuts
upstream and downstream based on user-defined input. Notice that what is "upstream" and
what is "downstream" is determined according to the direction of the anchor gene, i.e., if the
anchor gene is in the reverse direction, then "upstream" would mean genes that have higher
gene callers ids, and vice versa. On the other hand, ‘flank-mode’ finds designated genes that
define the left and right boundaries of the target locus, then cuts in between them. Genes
to locate locus anchors or flanking genes are defined through their specific ids in anvi'o or
through ‘search-terms* that query functional annotations or HMM hits stored in your contigs
database.

The purpose of this article is to demonstrate the functionality of ‘anvi-export-locus* using a
simple and reproducible example: extracting the lac operon from the larger genomic context

of E. coli genomes.

Downloading E. coli genomes

First, let's download Genbank files for a few representative E. coli strains. Please see the
tutorial [here](http://merenlab.org/2019/03/14/ncbi-genome-download-magic/) describing how
to automagically download genomes from NCBI and include them in anvi’'o workflows. We’'ll

be using this tool to download a few E. coli genomes.

# Set working directory variable for later

WwD=$ (pwd)

# Download Genbank files

ncbi-genome -download bacteria \
--assembly-level chromosome,complete \
--genus Escherichia \

--metadata metadata.txt \
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--refseq-category reference

Next, we’ll make FASTAs, external gene calls, and functional annotations for all the Gen-

banks we just downloaded:

anvi-script-process-genbank-metadata -m metadata.txt \
--output-dir ecoli \

--output -fasta-txt fasta.txt

Just to have an idea about what is going on, please take a look at the output file ‘ecoli.txt".

We will use this file to create our contigs databases for these genomes.

Generate contigs DBs

Now we need to get the fasta files into an anvi'o friendly format. There are many ways to turn
your FASTA files into anvi'o contigs databases, but here we will follow our best practices and
process all our files using the anvi’o contigs workflow.

First, make a config file for the anvio workflow called ‘config.json‘:

anvi-run-workflow -w contigs --get-default-config config.json

Then run the contigs workflow!

This step may take a while depending on your computational resources. If you have any
questions about running anvi’'o workflows please refer to this tutorial here. If you access to
an HPC or cluster computer, check out additional parameters here. HINT: you will prob-
ably need to edit ‘config.json’ by switching the rule ‘anvi_gen_contigs_database’ parameter
‘—ignore-internal-stop-codons’ to ‘true’.

anvi-run-workflow -w contigs \
-c config.json \
--additional -params \
--jobs 6 \

--resources nodes=6
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Extract lac operon

We should now have contigs DBs for our genomes.

Now that we have six representative E. coli examples, we will use a combination of the
‘default-mode* and ‘flank-mode* to cut out the genomic neighborhood around the lac operon
and then trim the contig to just contain the target operon.

First, we will use ‘default-mode’. This requires the user to provide a ‘—search-term‘ and
‘—num-genes‘ parameter. The ‘—search-term‘ will act as an anchor gene to locate the locus
within the contigs provided. In this case, we will use the lacZ gene to locate the lac operon
in our E. coli genomes. Once the anchor gene is located ‘—num-genes X,Y* will instruct ‘anvi-
export-locus’ to cut ‘X gene(s) upstream and ‘Y* gene(s) downstream of the designated anchor
gene.

Let’s get cutting!

Default mode

First, we’ll use ‘default-mode‘ to extract the general genomic neighborhood around the lac
operon. To cut the lac operon from a single genome, we would have run this command in this

general form:

anvi-export-locus -c MY_GENOME.db \
--num-genes 10,10 \
--search-term "lacZ" \

-0 MY_GENOME_lac_1locus

But since we have multiple genomes we wish to study all at once, we will build a ‘for* loop
in BASH to make life easier (while making everything more reproducible, and less error-prone

at the same time):

mkdir O03_LOCI
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Figure 2.2:

cd 03_LOCI

for GENOME in ‘l1s "${WD}"/02_CONTIGS/*-contigs.db‘;

do
FNAME=$ (basename "${GENOME}" -contigs.db)
anvi-export-locus -c "${GENOME}" \
--num-genes 10,10 \
--search-term "lacZ" \
-0 "${FNAME}" _lac_locus;
done

Be aware that ‘—search-term' is NOT case sensitive unless you surround your term in
quotes (e.g. ‘—search-term "lacZ™)
Here is a visual representation of how ‘anvi-export-locus found the anchor gene "lacZ" the

cuts 10 genes upstream and downstream.

Flank-mode

Awesome, now we have some smaller contigs that contain the lac operon. BUT, we also
grabbed some extra genes that don’t belong to the operon. Let’s use ‘—flank-mode* to trim the
loci to just contain the lac operon.

To do this, give ‘anvi-export-locus’ two flanking search-terms: ‘lacl* and ‘lacA’
for GENOME in ‘ls "${WD}"/03_LOCI/x.db*;

do
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Figure 2.3:

FNAME=$ (basename "${GENOME}" _lac_locus_0001.db)
anvi-export-locus -c¢ "${GENOME}" \
--flank-mode \
--search-term "lacI","lacA" \
-0 "${FNAME}" _lac_locus_clean;

done
Be aware that ‘—flank-mode’ requires flanking genes to be single copies in the contig
it's searching. If your locus of interest does not have fixed coordinates in your genomes or

metagenomes, you may need to adjust the ‘-search-term‘s on a case-by-case basis.

Here is a visual representation of how ‘flank-mode* cuts out a locus using flanking genes:

Conclusion

So there you have it, ‘anvi-export-locus’ is a flexible tool that allows you to extract genomic
loci from genomes and metagenomes. In this tutorial, we looked at the classic lac operon in
E. coli genomes, but this tool can also be unleashed on any loci in genomes or metagenomic
assemblies. For example, one can download all genomes available for taxa with biosynthetic

gene clusters, identify an anchor gene, then extract their loci for characterization!

2.5 Reproducible Bioinformatics Workflows in anvi’o

In the era of big data in microbiology, workflow technology catalyzes the ability to swiftly and

reproducibly process terabytes of ‘'omics data at scale (Eren and Delmont, 2024). Snakemake,
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workflow infrastructure, has been a game changer for the open-source bioinformatics commu-
nity (Mélder et al., 2021) and leverages the popular coding language Python. Setting up a
computational workflow provides numerous advantages for computational biologists, including
(1) processing multiple data types in parallel, drastically decreasing compute time; (2) careful
logging of all computational processes so that errors can be efficiently traced and resolved; (3)
scaling a workflow to as many files as you need without changing the definition of the workflow;
and finally, my favorite (4) restarting a workflow EXACTLY where it left off even if it prematurely
stops.

The anvi'o platform integrates seamlessly with Snakemake workflows, reflecting its de-
sign philosophy of creating small, task-specific programs that work together to form a cohe-
sive computational ecosystem for processing 'omics data. This compatibility allows Snake-
make to organize and link these programs in a modular fashion, enabling the development
of powerful and scalable computational pipelines tailored for microbiologists. Notably, the
first anvi’'o Snakemake workflows were specifically implemented to automate commonly used
anvi'o pipelines for metagenomic data analysis, streamlining these processes and enhanc-
ing reproducibility and efficiency. The webpage https://anvio.org/help/main/programs/anvi-run-
workflow/ serves documentation for the ‘main‘ program from which anvi'o Snakemake work-
flows are run, and this webpage https://merenlab.org/2018/07/09/anvio-snakemake-workflows/

serves as an overarching tutorial for the most popular workflow in anvi’o.

2.5.1 The anvi’o sra-download workflow

Workflow description

The anvi’o ‘sra-download* workflow is a computational workflow built with Snakemake (Mélder
et al., 2021) that automates the process of downloading paired-end FASTQ files for a given list

of SRA-accessions. Downloading paired-end FASTQ files from NCBI is common practice for
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computational microbiologists to acquire publicly available sequencing data from microbiomes
with multiple sequencing types, including 16S amplicon sequencing and shotgun metagenomic
sequencing. Downloading data requires careful verification to ensure files are complete, un-
corrupted, and suitable for downstream analysis. | became acutely aware of this while down-
loading and processing hundreds of metagenomes for my keystone paper in Chapter 3. Addi-
tionally, sequencing data packages can be terabytes in size, requiring days to download. Man-
ually retrieving individual SRA accessions via an HPC terminal is both time-consuming and
error-prone. The anvi’o ‘sra-download’ workflow provides numerous advantages compared to
batch downloading or ‘for* loops including (1) parallel downloading on high-performance com-
puting clusters to drastically increase the download speed, (2) high-quality logging to carefully
document when downloads fail, (3) restarting downloading workflows exactly where they left
off.

Excitingly, this workflow has been featured in an anvi’'o tutorial, showcasing its efficiency
in downloading metagenomes to profile Prochlorococcus genomes in the surface ocean and
demonstrating how anvi’o analyses can scale to terabytes of data: https://anvio.org/tutorials/scaling-
up/. The webpage https://anvio.org/help/main/workflows/sra-download/ serves documentation

for this program.

2.5.2 The anvi’'o EcoPhylo workflow

The EcoPhylo workflow explores the ecological and phylogenetic relationships between a gene
family and the environment. Briefly, the workflow extracts gene families orthologs from any set
of FASTA files (e.g., isolate genomes, MAGs, SAGs, or simply assembled metagenomes)
using a user-defined HMM, and displays an interactive interface highlighting the phylogeo-
graphic distribution of orthologs across environments. The EcoPhylo workflow can leverage
any HMM that models amino acid sequences. If the user chooses an HMM for a single-copy

core gene, such as ribosomal protein, the workflow will yield multi-domain taxonomic pro-
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files of metagenomes *de facto*. Below, | highlight some key features of the workflow but
a comprehensive description including command line examples can be found here: https:
//anvio.org/help/main/workflows/ecophylo/

The EcoPhylo workflow starts with a user-provided target gene family defined by an HMM
and a list of assembled genomes and/or metagenomes. The final output is an interactive in-
terface that includes (1) a phylogenetic analysis of all genes detected by the HMM in genomes
and/or metagenomes and (2) the distribution pattern of each of these genes across metagenomes
if the user-provided metagenomic short reads to survey.

The 'user-provided HMM' is passed to EcoPhylo via the hmm-list file, and the input assem-
blies of genomes and/or metagenomes to query using the HMM are passed to the workflow
via the files external-genomes and metagenomes-txt, respectively. Finally, the user can also
provide a set of metagenomic short reads via a samples-txt to recover the distribution patterns
of genes across samples.

EcoPhylo first identifies homologous genes based on the input HMM, clusters matching
sequences based on a user-defined sequence similarity threshold, and finally selects a rep-
resentative sequence from each cluster that contains more than two genes. The final set
of representative genes passes through a series of QC at multiple steps of the workflow, in-
cluding (1) HMM alignment coverage, (2) open reading frame completeness, and (3) multiple
sequence alignment filtering.

HMM alignment coverage filtering: The first step to removing bad hmm-hits is to filter
out hits with low-quality alignment coverage. This is done with the rule
filter_hmm_hits_by _model_coverage®, which leverages anvi-script-filter-hmm-hits-table. This
tool uses the output of ‘hmmsearch’ to filter out hits based on the model and/or gene coverage.
We recommend 80% model coverage filter for most cases which can confidently identify HMM-
hits while leaving room for open-reading frame length variation. However, exploring the distri-

bution of model coverage with any new HMM is always recommended to help you determine a
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proper cutoff. To adjust this parameter, go to the filter_hmm_hits_by_model_coverage rule
and change the parameter --min-model-coverage. You can also adjust the gene coverage
by change the parameter --min-gene-coverage. This can help filter out ORFs with outlier
lengths, but its effectiveness entirely depends on the HMM in use. You can explore the distri-
bution of alignment coverages before choosing HMM alignment coverage filtering values with
a tool like Interproscan. Additionally, you can parse the domtblout files from hmmsearch to
explore the distribution of these values within your own data.

Filtering open-reading frame completion values: Genes predicted from genomes and
metagenomes can be partial or complete depending on whether a start and stop codon is
detected. Even if you filter out hmm-hits with bad alignment coverage as discussed above,
HMMs can still detect low-quality hits with good alignment coverage and homology statis-
tics due to partial genes. Unfortunately, partial genes can lead to spurious phylogenetic
branches and/or inflate the number of observed populations or functions in a given set of
genomes/metagenomes. To remove partial genes from the EcoPhylo analysis, the user can
assign true for --filter-out-partial-gene-calls parameter so that only complete open-
reading frames are processed.

Trimming large multiple sequence alignments: One step of EcoPhylo involves perform-
ing a multiple sequence alignment of the recruited orthologs. Depending on the application
and size of the input dataset, this process may involve thousands of ORFs, making the MSA
particularly challenging. By default, the EcoPhylo is designed for quick insights, and thus the
workflow-config file uses MUSCLE parameters to perform a large MSA, swiftly. The EcoPhylo
workflow removes sequences that contain more than 50% gaps in the MSA to remove as-
sembly artifacts that could add a lot of gaps to the MSA. Additionally, the workflow filters for
columns with more phylogenetic information using trimAL with the *-gappyout’ flag (Capella-
Gutiérrez et al., 2009).

After quality control steps, the EcoPhylo workflow can continue with one of two modes de-
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fined by the user in the workflow-config: tree-mode or profile-mode. In the tree-mode, the user
must provide a hmm-list and metagenomes-txt and/or external-genomes, and the workflow will
stop after extracting representative sequences and calculating a phylogenetic tree (without any
insights into the ecology of sequences through a subsequent step of metagenomic read re-
cruitment. In contrast, the profile-mode will require an additional file: samples-txt. In this mode,
the workflow will continue with the profiling of representative sequences via read recruitment
across user-provided metagenomes to recover and store coverage statistics. Completing the
workflow will yield all files necessary to explore the results in downstream analyses to investi-

gate associations between ecological and evolutionary relationships between target genes.

Future work

The anvi'o EcoPhylo workflow has been successfully applied in several projects to investi-
gate the evolution of respiratory reductases (Little et al., 2024), detect genomes within large
metagenomic datasets (Veseli et al., 2024b), and, as showcased in Chapter 3 of this thesis,
track genome recovery rates using ribosomal proteins across metagenomic projects. Despite
its current utility, the workflow has multiple potential avenues for future development.

One of the strengths of EcoPhylo is its modular design, which allows users to easily swap
tools for key steps of the workflow. For example, the clustering algorithm currently relies
on MMseqs2 (Steinegger and Soding, 2017), but users could replace it with CD-HIT (Li and
Godzik, 2006) with minor code adjustments to the workflow. This flexibility ensures that the
workflow can adapt to specific research needs or emerging methodologies.

Another promising direction for EcoPhylo is to expand beyond analyzing individual open
reading frames to examine entire loci across genomes and metagenomes. For instance, users
could leverage the anvi-export-locus command to extract a defined set of upstream and down-
stream genes around a target HMM hit. These loci could then be passed through the work-

flow, potentially enhancing its phylogenetic capabilities. This would be particularly valuable for
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studying deep branching patterns of taxa without complete genomes by accessing ribosomal
gene operons and performing phylogenetic analyses on multiple genes simultaneously.
Currently, the most significant bottleneck in the EcoPhylo workflow lies in the first three
steps, which involve running anvi-run-hmms, filtering results with anvi-script-filter-hmm-hits-
table, and extracting sequences using anvi-get-sequences-for-nmm-hits. These steps are
handled by separate rules, each invoking a distinct program. Combining the functionality of
these three steps into a single program would streamline the workflow and improve efficiency.
Finally, another enhancement would be implementing metrics to assess the diversity ex-
plained by categorical variables in the resulting phylogenetic trees. For example, Wu et al.
(2025) evaluated genome recovery by measuring the phylogenetic diversity (PD) (Wu et al.,
2009) of metagenome-assembled genomes (MAGs). Incorporating such measurements into
EcoPhylo would provide users with valuable insights into the evolutionary diversity of gene

families captured by their analyses.
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CHAPTER 3
RIBOSOMAL PROTEIN PHYLOGEOGRAPHY OFFERS QUANTITATIVE
INSIGHTS INTO THE EFFICACY OF GENOME-RESOLVED SURVEYS OF
MICROBIAL COMMUNITIES

This section is derived from the following publication:

Matthew S. Schechter, Florian Trigodet, Iva A. Veseli, Samuel E. Miller, Matthew L. Klein,
Metehan Sever, Lois Maignien, Tom O. Delmont, Samuel H. Light, A. Murat Eren. "Riboso-
mal protein phylogeography offers quantitative insights into the efficacy of genome-resolved

surveys of microbial communities." bioRxiv. https://doi.org/10.1101/2025.01.15.633187

3.1 Abstract

The increasing availability of microbial genomes is essential to gain insights into microbial
ecology and evolution that can propel biotechnological and biomedical advances. Recent ad-
vances in genome recovery have significantly expanded the catalogue of microbial genomes
from diverse habitats. However, the ability to explain how well a set of genomes account for
the diversity in a given environment remains challenging for individual studies or biome-specific
databases. Here we present EcoPhylo, a computational workflow to characterize the phylo-
geography of any gene family through integrated analyses of genomes and metagenomes, and
our application of this approach to ribosomal proteins to quantify phylogeny-aware genome
recovery rates across three biomes. Our findings show that genome recovery rates vary
widely across taxa and biomes, and that single amplified genomes, metagenome-assembled
genomes, and isolate genomes have non-uniform yet quantifiable representation of environ-
mental microbes. EcoPhylo reveals highly resolved, reference-free, multi-domain phylogenies
in conjunction with distribution patterns of individual clades across environments, providing a

means to assess genome recovery in individual studies and benchmark biome-level genome
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collections.

3.2 Introduction

Establishing comprehensive genome catalogues is a fundamental objective in microbiology
as genomes are essential to develop insights into microbial life and to advance biotechnology
and biomedicine (Eren and Banfield, 2024). Indeed, the rapidly increasing number of micro-
bial genomes (1) provides an evolutionary framework to resolve the branches of the Tree of
Life (Brown et al., 2015; Spang et al., 2015), (2) enables hypothesis generation and testing
through comparative genomics (Paoli et al., 2022; Al-Shayeb et al., 2022; Durrant et al., 2022;
Chen et al., 2024), (3) offers resources to search for novel biosynthetic capabilities and natural
products (Paoli et al., 2022; Chen et al., 2024), (4) contributes to the body of nucleotide data
used to train biological language models (Cornman et al., 2024; Nguyen et al., 2024; Hwang
et al., 2024) and more, while well-structured databases aim to consolidate and give access to
the outcomes of genome recovery efforts (Parks et al., 2022; Schmidt et al., 2023).
Increasing availability of microbial genomes is a result of multiple complementary break-
throughs that include (1) advances in high-throughput or targeted cultivation that enable the
recovery of isolate genomes (Jiang et al., 2016; Watterson et al., 2020; Cross et al., 2019),
(2) the use of environmental shotgun sequencing that enables the recovery of metagenome-
assembled genomes (MAGs) (Chen et al., 2020b), and (3) the use of microfluidics and cell
sorting that enables the recovery of single amplified genomes (SAGs) (Woyke et al., 2017).
These strategies have not only been used in large-scale characterization of many of the Earth-
aAZs biomes (Pasolli et al., 2019; Parks et al., 2017; Pachiadaki et al., 2019; Ma et al., 2023),
but also have been applied to many specific questions or niche systems that span a wide
range of research priorities, collectively resulting in over 500,000 non-redundant bacterial and
archaeal genomes (Parks et al., 2022). The recovery of microbial genomes is now a rela-

tively well-established practice, yet it is not straightforward to assess (1) how taxonomic or
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biome-specific biases impact on genome recovery efforts, and (2) the ecological or evolu-
tionary importance of unrecovered populations. As a result, individual studies that recover
genomes, or efforts that curate biome-specific or global genomic collections, rarely offer quan-
titative insights into one of the key questions they aim to address: "how well do these genomes
represent this environment?".

Attempts to benchmark genome recovery often rely upon metagenomic read recruitment
statistics to quantify the fraction of reads that map to genomes with the assumption that the
proportion of reads recruited by a genomic collection is a proxy for the degree to which a
genome collection represents the genomic fragments found in a given environment. In indi-
vidual studies that reconstruct genomes directly from environmental metagenomes, the pro-
portion of metagenomic reads that are recruited by resulting MAGs can vary from as low as
7% in the surface ocean (Delmont et al., 2018a) to as high as 80% in the human gut (Carter
et al., 2023). While read recruitment statistics are easy to generate and communicate, they fail
to contextualize what is present in the unmapped fraction and thus leave considerable ambi-
guity about the microbial community. For instance, a large fraction of metagenomic reads not
mapping to the genome catalogue could belong to a single organism or multiple taxonomically
diverse microbes with critical ecological roles in the system. Furthermore, genome collections
often systematically underrepresent certain portions of the tree of life, as the rate of genome
recovery differs across taxa as a function of genome recovery methodology: while cultivation
efforts often struggle to capture slow-growing organisms (Imachi et al. 2020) or those that de-
pend on others for survival (He et al., 2015), genome-resolved metagenomics often struggle
to reconstruct genomes from taxa that form highly complex populations (Giovannoni, 2017;
Pachiadaki et al., 2019). Altogether, biological and non-biological factors confound accurate
interpretations of read recruitment results, and the ability to measure genome recovery rates
requires alternative strategies that can contextualize the ecological and evolutionary relation-

ships of organisms recovered in genome collections with environmental populations accessible
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through metagenomics.

One approach to gaining insight into microbial life underrepresented in genome cata-
loguesAdinvolves the use of marker genes. De novo assembly, in which individual sequencing
reads are stitched together to recover much longer contiguous segments of DNA (contigs),
is common to the vast majority of genome recovery efforts. While in most cases contigs
only represent fragments of genomes, they still explain a much greater genomic context than
unassembled reads and give access to entire open reading frames, including phylogenetically
informative marker genes. Employing such phylogenetically informative genes assembled from
metagenomes in conjunction with metagenomic read recruitment enables fine-grained analy-
ses of phylogeny and biogeography of individual taxa, as demonstrated by previous studies
that used the rpoC1 gene to characterize the phylogeography of marine bacteria (Kent et al.,
2019; Ustick et al., 2023) or RNA and DNA polymerases to identify and guide the genomic
recovery of major viral clades (Weinheimer and Aylward, 2020; Gaia et al., 2023).

Among all phylogenetically informative genes, ribosomal proteins represent a special class
as they (1) occur as a single-copy gene in genomes across the tree of life, (2) are consis-
tently assembled even for complex or relatively rare populations in metagenomes due to their
relatively short length, and (3) contain enough phylogenetic information to delineate distinct
branches of life at relatively high levels of resolution (Olm et al., 2020). Recognizing their utility,
many studies have leveraged individual ribosomal proteins to analyze community composition
Wu et al. (2009); Crits-Christoph et al. (2022) , integrating ribosomal protein phylogenies with
metagenomic read recruitment to track individual clades of microbes (Hug et al., 2016; Emer-
son et al., 2016; Hamilton et al., 2016; Diamond et al., 2019; Matheus Carnevali et al., 2021).
Ribosomal proteins are thus ideally suited gene markers for tracking microbial populations
underrepresented within genome collections.

Here we present EcoPhylo, a workflow to simultaneously visualize the phylogenetic rela-

tionships and biogeographical distribution patterns of sequences that match any given gene
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family from genomes and metagenomes, and demonstrate its application to the phylogeog-
raphy of ribosomal proteins for quantification of genome recovery rates across biomes. Our
results show that bringing together multi-domain ribosomal protein phylogenies with distribu-
tion patterns of individual clades across environments in a single interface offers a valuable
data analysis and visualization strategy to benchmark genome recovery efforts scaling from

individual projects to global surveys of large genome collections and metagenomes.

3.3 Results

3.3.1 EcoPhylo enables integrated surveys of gene family phylogeography

EcoPhylo implements a computational workflow to integrate the phylogeny and biogeography
of any given gene family and enables its users to track the distribution patterns and evolu-
tionary relationships between homologous genes across environments and/or experimental
conditions (Figure 4.1, also see Materials and Methods).

When applied to phylogenetically tractable single-copy core genes, such as ribosomal pro-
teins, in tandem with metagenomes and a genome collection, EcoPhylo identifies populations
assembled in metagenomes but absent in the genomic collections (and vice versa), highlight-
ing the ecological and evolutionary relevance of organisms detected through metagenomic
assemblies but lacking genomic representation (Figure 4.1). This allows for the quantification
of genome recovery rates of different methods (e.g., isolate genomes, MAGs, SAGs) across
taxa and provides a means to investigate phylogenetic and ecological features of organisms
without genomic representation. Importantly, the unbroken link between genes and contigs
enables downstream targeted binning efforts when necessary.

Using ribosomal proteins to de novo characterize the phylogenetic makeup of microbiomes
and benchmark genome recovery rates has numerous advantages. However, these advan-

tages also pose noteworthy challenges. Ribosomal proteins are short protein sequences (300
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When including genome sources the workflow highlights which genome recovery strategies
are more effective for sampling specific taxa. Although this manuscript focuses on ribosomal
proteins, the proposed workflow is generalizable to any protein family.
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amino acids), which substantially limits their ability to resolve deep phylogenetic branching
patterns. Furthermore, their evolution is subject to strong purifying selection, as a result, the
average nucleotide identity (ANI) threshold often used to define ’species’ boundaries between
whole genomes is 95% (Jain et al., 2018) increases to 99% for ribosomal protein sequences
(Olm et al., 2020) . Therefore, ribosomal proteins are more vulnerable than other genes to
non-specific read-recruitment from closely related proteins within metagenomes. To identify
criteria for reliably resolving taxa, we started our investigation by developing a series of bench-
marks to optimize the use of ribosomal proteins in EcoPhylo with appropriate parameters to
maximize the ecological and evolutionary signal they can offer while minimizing non-specific
read recruitment. These benchmarks, which are detailed in the Supplementary information (1)
inspected hidden Markov model (HMM) alignment coverage thresholds to accurately detect
ribosomal proteins in genomes and metagenomes; (2) examined the copy number distribution
of ribosomal protein HMMs across archaeal and bacterial genomes to only consider single-
copy candidates; and (3) explored nucleotide similarity thresholds to cluster ribosomal gene
sequences to maximize the taxonomic resolution of representative sequences while maintain-
ing sufficient nucleotide distance between distinct representative sequences to reduce non-
specific read recruitment from metagenomes (Supplementary information).

Based on these considerations, we implemented routines and adjusted default EcoPhylo
parameters to (1) use a minimum of 80% model coverage for ribosomal protein HMMs for a
match; (2) filter for complete open reading frame sequences to remove assembly artifacts; and
(3) cluster HMM hits with target coverage to ensure grouping of extended open reading frames
and leverage 97% nucleotide similarity as the most appropriate clustering threshold to mini-
mize non-specific read recruitment (Supplementary information). We also compared broad
ecological insights recovered from EcoPhylo to state-of-the-art taxonomic profiling tools, con-
firming that this framework offered qualitatively comparable results (Supplementary informa-

tion). Altogether, these evaluation and optimization steps yielded EcoPhylo default parameters
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to obtain representative ribosomal protein sequences that are suitable for investigations of the

phylogeny, biogeography, and genome recovery of populations they describe.

3.3.2 Ribosomal proteins quantify and contextualize genome recovery rates

from metagenomes

Thanks to its diverse physiological properties that promote a variety of chemical gradients and
surfaces (Bowen et al., 2018), the human oral cavity is home to diverse communities of mi-
crobes (Dewhirst et al., 2010). The human oral microbiome is a relatively well-characterized
environment with a wealth of isolate genomes accessible through the Human Oral Microbiome
Database (HOMD) (Escapa et al., 2018; Chen et al., 2010), and numerous genome-resolved
metagenomics surveys that have captured representative genomes of microbial clades that
have largely eluded cultivation efforts. Using EcoPhylo we first focused on a genome-resolved
metagenomics survey which reconstructed multiple high-quality MAGs from tongue and plaque
samples from the human oral cavity (Shaiber et al., 2020). While Shaiber et al. (2020) re-
ported numerous genomes for elusive taxa, such as Saccharimonadia (TM7), Absconditabac-
teria (SR1), and Gracilibacteria (GN02), the genome-resolved metagenomic workflow failed
to reconstruct MAGs that resolved to some of the best-represented organisms in culture col-
lections from the oral cavity, such as members of the genus Streptococcus, (Escapa et al.,
2018), which was represented by only two MAGs in Shaiber et al. (2020). This discrepancy
compelled us to combine isolate genomes from the HOMD together with metagenomes and
MAGs from Shaiber et al. (2020), to investigate whether EcoPhylo could reveal the differential
recovery of genomes through distinct recovery approaches.

We started our analysis by combining 790 non-redundant MAGs and 14 metagenomic co-
assemblies of tongue and plaque metagenomes reported by Shaiber et al. (2020) with 8,615
isolate genomes we obtained from the HOMD (Supplementary Table 1). To characterize these

data, we elected to use EcoPhylo with rpL19 HMM, since it was the most frequent riboso-
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mal protein with an average length of 393 nucleotides across all genomes in our collection,
occurring in 98.59% of the HOMD genomes and 81.81% of the Shaiber et al. (2020) (Sup-
plementary information). To assess the generalizability of observations made from rpL19, we
also ran EcoPhylo on the same dataset with rpS15 and rpS2, with the average length of 275
and 781 nucleotides, respectively (Supplementary Table 2, Supplementary information).

The EcoPhylo analysis of the rpL19 genes found in the genomes and metagenomic as-
semblies resulted in a phylogenetic tree with 277 non-redundant bacterial representative se-
quences (Figure 3.2, Supplementary Table 3). Hierarchical clustering of metagenomes based
on the detection patterns of these rpL19 sequences organized metagenomes into tongue
and plaque sampling sites de novo (Figure 3.2, Supplementary Figure 1), demonstrating that
a single ribosomal gene family is able to capture the known ecological differences between
these habitats. Many closely related rpL 19 genes that resolved to prevalent oral taxa, such as
Prevotella and Steptococcus, showed within-genus differences in site specificity, a previously
observed phenomenon (Eren et al., 2014) that is attributed to divergent accessory genomes
(Mark Welch et al., 2019; Utter et al., 2020). Multiple ribosomal protein representative se-
quences recruited reads from tongue as well as plague metagenomes, also matching prior
observations of cosmopolitan taxa (Figure 3.2, Supplementary information). Overall, the eco-
logical insights revealed by rpL 19 recapitulated known ecology of oral microbes (Mark Welch
et al., 2019) and provided a framework to assess genome recovery rates.

EcoPhylo tracks the origins of each sequence in each sequence cluster. Some rpL19
clusters, representatives of which are shown in the phylogenetic tree in Figure 3.2A, were
composed of sequences found only in metagenomic assemblies and not in MAGs or isolate
genomes, highlighting clades present in the environment but not in genome collections. Other
rpL 19 clusters only contained sequences represented in HOMD isolate genomes; despite their
consistent detection in oral samples through metagenomic read recruitment, they were absent

in metagenomic assemblies or MAGs, highlighting clades that are less accessible to short-
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Figure 3.2: Ribosomal protein phylogeny and detection patterns across metagenomes
from the human oral cavity and gut microbiomes. In the heatmaps in both panels,
each column represents a ribosomal protein representative sequence, each row represents a
metagenome, and each data point indicates whether a given ribosomal protein was detected
in a given metagenome. The columns of the heatmaps are ordered by a tree representing
a phylogenetic analysis of all ribosomal protein representative sequences, and the rows are
ordered by a hierarchical clustering dendrogram calculated based on the ribosomal protein de-
tection patterns across metagenomes. Panel (A) represents the EcoPhylo analysis of rpL19
sequences across Shaiber et al. (2020) metagenome-assembled genomes (MAGs), Shaiber
et al. (2020) oral metagenomes, and HOMD genomes, and includes three additional rows
that indicate the origin of a given ribosomal protein: whether it is a metagenome-assembled
genome (MAG, blue), HOMD isolate genome (red), or only recovered from metagenomic as-
semblies with no representation in genomes (green). Smaller red boxes in the phylogenetic
tree mark microbial clades absent in the collection of MAGs and assemblies reported by
Shaiber et al. (2020) but detected in Shaiber et al. (2020) metagenomes solely due to the
inclusion of HOMD isolate genomes.
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Figure 3.2 continued: The panel (B) represents the EcoPhylo analysis of rpS15 sequences
across the Carter et al. (2023) metagenome-assembled genomes (MAGs) and Carter et al.
(2023) gut metagenomes from a Hadza tribe, and includes an additional row that indicates
whether a MAG was reported for a given ribosomal protein (blue).

read metagenomic assembly approaches (Figure 3.2). To calculate genome recovery rates for
any given taxon, we divided the number of sequence clusters that contained a sequence from
a given genome recovery method by the total number of representative sequences EcoPhylo
reported for that taxon (Materials and Methods). This analysis revealed that 60.3% of the bac-
terial populations defined by rpL 19 gene clusters that were detected in metagenomic reads
also appeared in MAGs. In other words, the overall bacterial MAG recovery rate in the study
by Shaiber et al. (2020) was 60.3% (rpS15:A4 62.8%, rpS2:A4 53.2%) (Figure 3.2A, Sup-
plementary Table 3, Supplementary Table 4). However, this rate of recovery was not uniform
across individual taxa. EcoPhylo revealed higher MAG recovery rates for taxa such as Sac-
charimonas at 69.2% (rpS15: N/A, rpS2: 63.6%), and Prevotella at 76.9% (rpS15: 82.6%,
rpS2: 84%). In contrast, the MAG recovery was lower for populations in other clades, in-
cluding Gammaproteobacteria and Fusobacteriia, with MAG recovery rates of 47.1% (rpS15:
58.1%, rpS2: 44.8%) and 41.7% (rpS15: 46.2%, rpS2: 31.2%), respectively (Figure 3.2A,
Supplementary Table 3, Supplementary Table 4). The MAG recovery rate was particularly
low for Streptococcus at 30% (rpS15: 15.4%, rpS2: 10%), consistent with the presence of
only two MAGs in Shaiber et al. (2020). However, the MAG recovery rate for Actinomyces
was also very low at 23.1% (rpS15: 36.4%, rpS2: 13.3%) despite the characterization of nine
Actinomyces MAGs by Shaiber et al. (2020) reveals a large number of distinct Actinomyces
populations missed by MAGs even though they were present in the assemblies (Figure 3.2A,
Supplementary Table 3, Supplementary Table 4). Overall, this analysis not only confirmed that
MAG recovery rates are not uniform across microbial clades, but also showed that quantifica-
tion of these rates is possible and may yield unexpected insights into the extent of diversity

that is not represented in the final set of MAGs for some clades.
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The inclusion of genomes from the HOMD increased the number of rpL 19 sequence clus-
ters that contained genomes in this dataset, i.e., the total genome recovery rate, from 60.3%
to 73.3% (rpS15: 74.8%, rpS2: 81.3%), and led to the representation of 35 additional mi-
crobial clades for which the metagenomic sequencing and analysis workflow implemented
in Shaiber et al. (2020) did not assemble. As with MAGs, the improved detection of taxa
among HOMD genomes was not uniform across clades (Figure 3.2A). For example, HOMD
genomes offered genomic context for five additional Streptococcus populations, increasing the
genome recovery rate from 30% with MAGs only, up to 80% when including the HOMD collec-
tion. When taking into account both MAGs and isolate genomes, the overall genome recovery
rate of Shaiber et al. (2020) from a human oral microbiome dataset determined by EcoPhylo
was 73.3%, showing that ribosomal protein phylogeography is an effective means to quan-
tify genome recovery statistics for individual studies. Conversely, EcoPhylo results showed
that 26.7% of the individual clades that could be detected through the presence of rpL 19 se-
quences in assemblies of Shaiber et al. (2020) metagenomes lacked genomic representation
in both Shaiber et al. (2020) MAGs and HOMD isolates (Figure 3.2A). Clades that were solely
detected through their assembled yet not binned ribosomal proteins increased the detection
of populations of Lachnospiraceae, Actinomyces, Gammaproteobacteria, and Patescibacteria
(Figure 3.2A). As EcoPhylo clusters ribosomal proteins at 97% nucleotide similarity, a conser-
vative threshold that underestimates biodiversity by often grouping genomes with gANI below
95% (Olm et al., 2020).

Next, we applied EcoPhylo to another genome-resolved metagenomics study that recently
characterized the gut microbiome of a Hadza hunter-gatherer tribe with a deep sequencing
effort by Carter et al. (2023), in which the authors reported nearly 50,000 redundant bacterial
and archaeal MAGs from 338 metagenomes with an average of 76 million paired-end reads
(Supplementary Table 1). EcoPhylo analysis of this dataset with rpS75 with an average length

of 276 nucleotides, along with rpS16 and rpL19, with the average length of 297 and 370
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nucleotides respectively (Supplementary Figure 3.2), revealed a relatively high bacterial MAG
recovery rate of 67.7% (rpS16: 72.8%, rpL19: 69.5%) (Figure 3.2B, Supplementary Table 2).
While there were some clades, such as Actinomycetia, for which the genome recovery rate was
as low as 31.9% (rpS16: 32.4%, rpL19: 33.3%), the high MAG recovery rate was generally
uniform across all major taxa (Supplementary Table 5, Supplementary Table 6, Supplementary
Information).

Through these analyses, we are able to demonstrate that the MAGs obtained by Carter
et al. (2023) more comprehensively represents the populations captured by their metagenomic
assemblies of the human gut compared to the MAGs obtained by Shaiber et al. (2020) given
their metagenomic assemblies of the oral cavity (Figure 3.2B, Supplementary Table 5, Supple-
mentary Table 6, Supplementary Information). The ability to make such a statement highlights
the utility of EcoPhylo at providing quantitative insights into the efficacy of genome-resolved
surveys independent of biomes while offering a phylogenetic and biogeographical context for
the populations that were detected in the assemblies.

Overall, EcoPhylo results from the human oral cavity and human gut ecosystems show
that our workflow can scale to large metagenomic surveys, combine genomes from multiple
sources to compare distinct recovery strategies at the level of individual phylogenetic clades,

and recapitulate known ecological patterns.

3.3.3 Genome collections represent a small fraction of microbial diversity in

the global surface ocean microbiome

Marine systems support fundamental biogeochemical cycles that maintain the Earth’s habit-
ability, and comprehensively documenting the genomes of marine microbes that are intimately
connected to these processes has been one of the key aims of microbiology. In addition to
decades of cultivation efforts, recent years witnessed a rapid expansion of marine microbial

genome catalogs for bacteria and archaea with new MAGs (Delmont and Eren, 2018; Tully
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et al., 2018; Paoli et al., 2022) and SAGs (Pachiadaki et al., 2019; Martinez-Perez et al.,
2022). Studies that recover genomes from marine systems recognize that the extent to which
these collections represent marine environmental populations is limited (Delmont et al., 2019;
Paoli et al., 2022). Yet, quantifying the extent of representation at the level of individual en-
vironmental clades across genome collections is a challenge. Having established the utility
of EcoPhylo to elicit quantitative answers to such questions, we next surveyed a state-of-
the-art globally distributed collection of microbial genomes from marine systems (Paoli et al.,
2022) in the context of metagenomes generated by the Tara Oceans Project (Salazar et al.,
2019; Sunagawa et al., 2015), the Hawaii Ocean Time-series (HOT) (Biller et al., 2018), the
Bermuda Atlantic Time-series (BATS) (Biller et al., 2018), BioGEOTRACES expeditions (Biller
et al., 2018), and the Malaspina Project (Sanchez et al., 2024) to simultaneously compare
genome recovery rates of MAGs, SAGs, and isolate genomes. Of all 1,038 metagenomes, we
focused on those that were collected from up to 30m depth and had a size fraction of 0.22
to 3 micrometers (Supplementary Figure 3, Supplementary Table 1), which left us with a total
of 237 metagenomes containing a total of 18,832,767,852 short reads (79,463,155 reads per
metagenome on average). Our collection of genomes included 7,282 MAGs, 1,474 SAGs, and
1,723 isolate genomes from The Ocean Microbiomics Database (subsetted from samples of <
30m depth when possible) (Paoli et al., 2022). We expanded this collection with an additional
52 isolate genomes that historically have low MAG recovery rates, such as Pelagibacterales
(SAR11) and Cyanobacteriota, and a collection of 41 SAGs obtained from below the Ross Ice
Shelf to improve detection of cold-adapted clades Martinez-Perez et al. (2022) (Materials and
Methods), yielding a total of 10,479 genomes (Supplementary Table 1). For characterization
of these data by EcoPhylo we primarily used the ribosomal gene rpL 14 with an average length
of 363 nucleotides, which we detected in 82% of the final list of genomes (Supplementary
information), but we also conducted additional analyses using the ribosomal genes rpS8 and

rpS11, with an average length of 398 and 415 nucleotides respectively, to confirm our key
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observations (Supplementary Figure 1, Supplementary Table 2).

EcoPhylo analysis of rpL14 genes across 236 global surface ocean metagenomes char-
acterized 8,075 bacterial, 370 archaeal, and 33 eukaryotic clades and computed their dis-
tribution patterns across environments (Supplementary Table 7). Hierarchical clustering of
metagenomes based on rpL 14 detection patterns split samples into two major groups, whereby
one of the groups represented samples collected from polar regions and the other represented
samples collected from temperate oceans (Figure 3.3, Supplementary information); a result
that is in line with previous observations that documented water temperature as a major driver
of microbial diversity in the surface ocean (Sul et al., 2013; Sunagawa et al., 2015). No-
tably, temperate and polar water samples did not partition when we included metagenomes
with lower sequencing depths in our analysis. This was likely caused by increasing noise
in detection patterns of various prevalent populations, which compelled us to only consider
metagenomes with 50 million or more paired-end reads for our downstream analyses (Supple-
mentary information), which left us with a total of 100 metagenomes (Supplementary Table 1,
Supplementary information). Overall, EcoPhylo captured (1) differential distribution patterns
among closely related taxa as a function of temperature and latitude, a form of phylogenetic
overdispersion likely due to greater competitive exclusion among closely related organisms
in the same ecological niche, and (2) showed that the majority of taxa contained both warm-
and cold-adapted clades that exclusively occurred either in polar or temperate waters, an
expected observation since marine thermal adaptation is not correlated with phylogenetic sig-
nal (Thomas et al., 2012) and is likely acquired through independent processes within each
major clade (Figure 3.3). Furthermore, the rpL 14 phylogeography captured well-understood
biogeographical patterns of prevalent pelagic taxa (Figure 3.3), in agreement with previous
studies that showed the dominance of SAR11 subclade 1a.3.V in temperate waters (Delmont
et al., 2019) and the exclusivity of cold-adapted SAR11 clades la.1 and la.3.1l to polar re-

gions (Brown et al., 2012; Delmont et al., 2019). It also corroborated the global distribution
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Figure 3.3: Ribosomal protein L14 phylogeny and detection patterns across
metagenomes from the global surface ocean (depth < 30 m). In the heatmap of panel
(A), each column represents a ribosomal protein representative sequence, each row repre-
sents a metagenome, and each data point indicates whether a given ribosomal protein was

detected in a given metagenome.
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Figure 3.3 continued: The heatmap columns are ordered by a tree which represents a phyloge-
netic analysis of all ribosomal protein representative sequences, and the rows are ordered by a
hierarchical clustering dendrogram that is calculated based on ribosomal protein detection pat-
terns across metagenomes. Metagenomes are colored by temperate (gold) or polar (purple)
biomes. Each leaf of the phylogenetic tree is decorated below the heatmap with metadata de-
noting the origin of the RP: metagenome-assembled genome (MAG) (blue), isolate genomes
(red), and single amplified genomes (green). In panel (B), each map corresponds to phylogeo-
graphical patterns highlighted in panel (A). Colored sampling points correspond to the boxed
phylogeographic signals in panel (A).

of Prochlorococcus HL-Il in temperate waters (Johnson et al., 2006; Biller et al., 2018; Ustick
et al., 2023) and the contrasting distribution of this group with Prochlorococcus HL-III and
Prochlorococcus HL-1V, which are mainly found in the Equatorial PacificA4(Rusch et al., 2010;
Huang et al., 2012; Malmstrom et al., 2013; Kent et al., 2016), as well as Prochlorococcus
HL-1, which is confined to higher latitudes (Johnson et al., 2006; Biller et al., 2015; Delmont
and Eren, 2018). The concordance of our results from EcoPhylo with known ecological pat-
terns in marine microbiology underscores the reliability of ribosomal protein phylogeography in
characterizing the interplay between microbial ecology and evolution in global surface ocean
microbiome (Figure 3.3, Supplementary information).

Using these data, we first compared the overlap between surface ocean microbial popula-
tions in the environment and publicly available MAGs generated from this biome by calculating
genome recovery rates. The MAG recovery rate for Archaea was relatively high at 49.5%
(rpS8: N/A, rpS11: 50%), however, the MAG recovery rate for Bacteria was only 19.9% (rpS8:
22.7%, rpS11: 22.2%). In contrast to the MAG recovery rates we observed in individual stud-
ies from the human oral and gut microbiome (60.3% and 67.7%, respectively), this much lower
recovery rate from multiple sequencing projects reflects the relatively poor efficiency and the
contemporary challenges of reconstructing genomes from metagenomes in the ocean biome
(Figure 3.3, Supplementary Figure 1, Supplementary Table 7, Supplementary Table 8). Some
phyla had relatively high MAG recovery rates, such as 48.2% for Actinomycetota (rpS8: 50.8%,

rpS11: 48.9%), 43.9% for Bacteroidota (rpS8: 47.3%, rpS11: 44.3%), and 49.7% for Verru-
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comicrobiota (rpS8: 51.2%, rpS11. 44.4%). MAG recovery rates were much lower for other
clades, including those containing some of the best-studied autotrophs and heterotrophs of
open surface oceans, for example, the MAG recovery rate was only 11% for Cyanobacteriota
(rpS8: 11.7%, rpS11: 9.93%). Many clades of Alphaproteobacteria had some of the lowest
MAG recovery rates, including 12.7% (rpS8: 9.21%, rpS11: 7.2%) for the uncharacterized
order HIMB59 (Supplementary Table 7, Supplementary Table 8). Poor MAG recovery rate
was also true for the order Pelagibacterales, which remained at 3.76% (rpS8: 3.98%, rpS11:
4.25%) (Supplementary Table 7, Supplementary Table 8). Compared to taxonomic classifica-
tion of shotgun metagenomic reads or sequencing of 16S rRNA gene amplicons, prior studies
observed much lower relative abundance estimates for populations resolving to Cyanobacte-
riota and Pelagibacterales based on MAGs (Pachiadaki et al., 2019; Chang et al., 2024). By
elucidating clade-specific discrepancies between different methods of genome recovery, Eco-
Phylo offers a context for the extent of missing MAGs in prior surveys, which likely is a by
product of fragmented metagenomic assemblies due to co-occurring closely related popula-
tions with high genomic diversity (Chen et al., 2020a).

De novo characterization of rpL14 sequences with EcoPhylo uncovers the vast diversity
within Pelagibacterales compared to the other clades (Figure 3.3). Strikingly, even with the
conservative profiling of EcoPhylo that will occasionally pull together ribosomal proteins that
belong to genomes from multiple 95% gANI clusters, Pelagibacterales made up 41.54% of the
non-redundant rpL 14 sequence clusters shown in Figure 3.3, revealing yet another represen-
tation of its immense phylogenetic diversity (Morris et al., 2002; Brown et al., 2012; Pachiadaki
et al., 2019). While both Cyanobacteriota and Pelagibacterales suffer from similar rates of
poor representation in MAG collections, the missing genomes for environmental populations
of Pelagibacterales resolved to ~12 times more rpL14 sequence clusters, which unveils the
enormous uncharacterized genomic diversity within this order of many clades that show dis-

tinct biogeographical patterns (Figure 3.3), and highlights the importance of ongoing cultivation
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efforts to improve its genomic representation (Freel et al., 2024).

3.3.4 Different genome recovery methods come with different clade-specific

biases

Finally, we explored the contribution of isolate genomes and SAGs to the genomic represen-
tation of surface ocean microbial populations. Isolate genomes had low phylogenetic breadth
across the Ribosomal L14 phylogeny and only sampled a few closely related populations, indi-
cating the repeated isolation of similar microbes. In fact, at the phylum level, isolate genomes
only effectively sampled Cyanobacteriota at a recovery rate of 7.33% (rpS8: 10.7%, rpS117:
7.80%) despite the fact that we supplemented this clade with extra isolate genomes for this
analysis (Supplementary Table 7, Supplementary Table 8). Interestingly, a few closely re-
lated orders within class Gammaprotebacteria were exceptionally well-covered by bacterial
organisms in culture, where 40% of the ribosomal proteins matched to an isolate genome
(Figure 3.3). These sister clades represented a relatively small fraction of the overall phylo-
genetic diversity and were poorly detected across the global surface ocean metagenomes,
however, they collectively contained many intensely studied marine model bacterial genera,
such as Vibrio (Kauffman et al., 2018; Baker-Austin et al., 2017; van Kessel and Camilli, 2024;
Septer and Visick, 2024), Alteromonas (Pedler et al., 2014; Manck et al., 2022; HenrAmquez-
Castillo et al., 2022; Lu et al., 2024; Halloran et al., 2025), and Alcanivorax (Sabirova et al.,
2008; Naether et al., 2013; Prasad et al., 2019, 2023). The clades with some of the highest
SAG recovery rates included the order SAR86 at 16.3% (rpS8: 20.1%, rpS11: 17.8%) and the
phylum Actinomycetota at 14.4% (rpS8: 16.2%, rpS11: 14.5%) (Figure 3.3, Supplementary
Table 7, Supplementary Table 8). Furthermore, SAGs augmented the recovery of genomes
from prevalent, taxonomically diverse populations with low MAG recovery rates including (1)
Cyanobacteriota with a three-fold increase compared to MAGs at 37.0% (rpS8: 47.2%, rpS11:
41.5%), (2) SAR86 at 16.3% (rpS8: 20.1%, rpS11: 17.8%), and (3) Alphaproteobacteria, in-
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cluding HIMB59 at 5.06% (rpS8: 5.61%, rpS11: 5.29%) and SAR11 at 6.35% (rpS8: 7.56%,
rpS11: 7.82%) (Figure 3.3, Supplementary Table 7, Supplementary Table 8). Specifically,
SAGs were able to effectively sample the warm-adapted SAR11 clade 1.a.3V as well as an
uncharacterized cold-adapted clade of SAR11 likely due to SAG sampling sites that covered
both temperate (Pachiadaki et al., 2019) and polar (Martinez-Perez et al., 2022) oceans. Con-
sidering that SAR11 has been estimated to be 25% of all plankton (Giovannoni, 2017)and
20-40% of cells counts in the surface ocean (Schattenhofer et al., 2009), SAG methodology,
which separates individual bacterial cells from the environment, appears to be optimal for re-
covering this taxon and avoids the pitfalls of fragmented metagenomic assembly caused by
microbiomes with closely related populations (Hosokawa and Nishikawa, 2024). SAGs had
greater breadth than MAGs and isolate genomes across the EcoPhylo phylogenies of Riboso-
mal L14, Ribosomal S11, and Ribosomal S8 (Figure 3.3, Supplementary Figure 1), despite be-
ing sampled from only 9 surface ocean sampling sites (Martinez-Perez et al., 2022; Pachiadaki
et al., 2019) compared to 237 metagenomes encompassing higher environmental diversity in
the global surface ocean. Furthermore, SAGs only represented 6.91% of Bacteria and 2.97%
of Archaea populations detected across the dataset while MAGs represented 19.9% of Bac-
teria and 49.5% of Archaea populations detected across the dataset (Supplementary Table 7,
Supplementary Table 8). These results are in line with prior observations that showed pelagic
SAGs represent notably more taxonomic richness when compared to MAGs (Pachiadaki et al.,
2019).

Similar to the human oral microbiome, we found an uneven phylogenetic distribution of
genome recovery rates among genome acquisition strategies in the global surface ocean mi-
crobiome. MAGs systematically undersampled globally prevalent clades of Alphaproteobac-
teria, such as SAR11. In contrast SAGs from only a few surface ocean sampling sites (n=9),
substantially improved their recovery rates from these clades (Figure 3.3), indicating that while

sequencing and assembly of single-cell genomes often lead to severely incomplete genomes
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due to amplification biases (Stepanauskas et al., 2017), SAGs show great potential for un-
biased genome recovery. The phylogeography of ribosomal proteins adds further evidence
that a combination of genome-resolved metagenomics, single amplified genomics, and inno-
vations in microbial isolation strategies are needed to further increase genomic representation

of diverse taxa in the global surface ocean.

3.4 Discussion

Our work illuminates the efficiencies of current genome recovery methods and their ability
to sample genomes from various microbiomes. By leveraging phylogenetically informative
marker genes detected in metagenomic assemblies, such as ribosomal proteins, that are ab-
sent from final genome collections, EcoPhylo provides a robust framework for benchmarking
genome recovery rates across multiple genome acquisition methods and contextualizing the
ecological and evolutionary of genome collections with naturally occurring microbial popula-
tions. Our study examined three microbiome projects that used multiple genome recovery
strategies (MAGs, SAGs, and isolate genomes) to survey the human oral cavity, global sur-
face ocean, and human gut. Overall, we found that the EcoPhylo workflow can quantitatively
measure genome recovery rates and analyze heterogeneous genome collections to assess
the efficacy of distinct recovery methods at the level of individual phylogenetic clades. We
observed that deep metagenomic sequencing of the human gut microbiome yielded the high-
est genome recovery rate across these three biomes analyzed. Additionally, we identified that
a state-of-the-art genome collection from marine environments represents a small fraction of
the total diversity in the open surface ocean through the lens of ribosomal proteins found in
assembled metagenomes. By generating insights into multi-domain ribosomal protein phylo-
geography, EcoPhylo provides a valuable interactive data visualization strategy to evaluate the
underlying microbial ecology of metagenomic sequencing projects.

The de novo profiling of ribosomal proteins in metagenomic assemblies resembles reference-
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based taxonomic profiling of metagenomic short reads to predict relative abundances of taxa,
an idea that is implemented in multiple tools that use marker genes, such as Kraken (Wood and
Salzberg, 2014), MIDAS (Nayfach et al., 2016), Bracken (Lu et al., 2017), mOTUs (Ruscheweyh
et al., 2022), and MetaPhlAn (Manghi et al., 2023), or processed conserved marker gene win-
dows, such as SingleM (Woodcroft et al., 2024). As these tools typically report distinct taxa
and their relative abundances, they indeed can help assess genome recovery efforts through
direct comparisons of taxon names they identify to the taxonomy of recovered genomes. How-
ever, the requirement of a database of reference genomes and/or marker genes, and the
absence of a direct link between the genes in assemblies and taxon names reported in tables
limit applications with additional downstream opportunities such as targeted genome recovery.
In contrast, the flexibility of surveying any marker gene, including ribosomal proteins, across
user-provided metagenomic assemblies de novo offers an alternative approach that directly
connects genes of unrecovered taxa to assemblies and estimates the number of populations
detected in metagenomes regardless of their phylogenetic novelty across diverse samples and
conditions.

While the phylogeography of ribosomal proteins offers valuable insights into genome re-
covery, these genes have notable limitations. Rates of evolution as well as the likelihood to be
recovered through metagenomic assembly will differ across ribosomal protein families, com-
plicating direct quantitative comparisons between different ribosomal proteins and in some
cases will require surveying multiple ribosomal proteins to ensure the generalizability of ob-
servations from a single ribosomal protein. Additionally, individual ribosomal protein trees will
have less phylogenetic power compared to concatenated ribosomal protein trees or longer
marker genes. Although this may lead to suboptimal organism phylogenetics, the efficient or-
ganization of ribosomal proteins yields informative insights into the diversity of clades within
a sample. Furthermore, when working with incomplete genomes, such as MAGs or SAGs, a

single ribosomal gene family will rarely be detected across the entire genome collection and
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thus only a subset of genomes will be contextualized per protein. Yet the inherent trade-offs of
using incomplete genomes (x aLé 50% and less than 10% contamination) highlight ongoing
challenges in genome recovery, as stricter completeness thresholds would further reduce the
number of genomes available for analysis.

The modular design and customizable parameters of EcoPhylo allows users to go be-
yond ribosomal proteins and leverage other gene families tailored for specific analyses which
can improve phylogenetics and the detection of specific taxa. For example, RNApolA and
RNApolIB have been leveraged for phylogeny-guided binning leading to the discovery of miss-
ing branches in viral evolution (Gaia et al., 2023). Furthermore, phylogeography of functional
protein families can be leveraged as proxies for microbial metabolism, e.g. phylogeography of
ABC transporters can aid in modeling cryptic fluxes of microbial metabolites (Schroer, 2023).
The EcoPhylo workflow provides a platform for future microbiome projects to benchmark their
genome recovery rates upon release of genome collections. Ribosomal protein phylogeog-
raphy in tandem with reporting read recruitment percentages to representative genome col-
lections, provides comprehensive insights into genome recovery rates given the biodiversity
detected in metagenomes. Future studies can leverage the strategy implemented in EcoPhylo
to reanalyze existing metagenomic assemblies to identify missing clades or develop tailored
methods to optimize overall genome recovery efforts by taking advantage of the increasing

availability of genomes and metagenomes.

3.5 Materials and Methods

3.5.1 The EcoPhylo workflow

EcoPhylo is a computational workflow implemented in the open-source software ecosystem
anvi'o (Eren et al., 2015, 2021) using the Python programming language and the workflow

management system, Snakemake (Koster and Rahmann, 2012). The primary purpose of
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EcoPhylo is to offer an integrated means to study phylogenetic relationships and ecological
distribution patterns of sequences that match to any gene family based on user-provided hid-
den Markov model (HMM) searches from genomic and metagenomic assemblies. A minimal
command line instruction to start an EcoPhylo run is ‘anvi-run-workflow -w ecophylo -c con-
fig.json‘, where ‘anvi-run-workflow* is a program in anvi'o that runs various workflows, and
‘config.json is a JSON formatted configuration file that describes file paths (such as the loca-
tions of genomes and/or metagenomes) and other parameters (such as the HMM to be used
for a homology search, and sequence identity cutoffs). Comprehensive user documentation
for EcoPhylo is available at https://anvio.org/m/ecophylo.

The minimum input for the EcoPhylo is a gene family hidden Markov model (HMM) and
a dataset of genomic and/or metagenomic assemblies. EcoPhylo identifies and clusters tar-
get genes or translated proteins across assemblies to yield a non-redundant, representative
set of open reading frames (ORFs). Next, an amino acid phylogenetic tree is calculated with
the translated representative ORFs yielding the evolutionary history captured by homologues
from input assemblies. An additional user input to the workflow is a metagenomic sequenc-
ing dataset representing ecological sampling or an experimental setup. With this input, the
workflow performs metagenomic read recruitment against the representative ORFs to yield
ecological insights into the gene family. Finally, the separate data types are integrated into a
phylogeographic representation of the gene family (Figure 4.1).

The resulting sequences from the workflow can be organized in the EcoPhylo interac-
tive interface either using an amino acid phylogenetic tree or using hierarchical clustering
based on differential read recruitment coverage across metagenomic samples. Additionally,
metagenomes can be hierarchically clustered based on the detection of the target gene fam-
ily. It is recommended to employ hierarchical clustering of metagenomes or sequences in the
EcoPhylo interactive interface with the detection read recruitment statistic (rather than cover-

age values) to minimize the effect of non-specific read recruitment (https://merenlab.org/anvio-
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views/).

An application of the EcoPhylo workflow with default settings will (1) identify gene families
with the program ‘hmmsearch’ in (Eddy 2011) using the user-provided HMM model, (2) anno-
tate affiliate hmme-hits with taxonomic names with ‘anvi-run-scg-taxonomy* when applicable, (3)
remove hmme-hits with less than 80% HMM model alignment coverage and incomplete ORFs
with the anvi’o program ‘anvi-script-filter-hmm-hits* with parameters ‘—“min-model-coverage 0.8
and ‘filter-out-partial-gene-calls‘ to minimize the inclusion of non-target sequences and spu-
rious HMM hits, (4) dereplicate the resulting DNA sequences at 97% gANI and pick cluster
representatives using MMseqs2 (Steinegger and Soding, 2017), (5) use the translated repre-
sentative sequences to calculate a multiple sequence alignment (MSA) using MUSCLE with
the ‘-maxiters 2 flag (Edgar, 2004), trim the alignment by removing columns of the alignment
with trimAL with the '-gappyout’ flag (Capella-Gutiérrez et al., 2009), (6) remove sequences
that have more than 50% gaps using the anvi’o program ‘anvi-script-reformat-fasta’, (7) cal-
culate a phylogenetic tree using FastTree (Price et al., 2010) with the flag *-fastest’, (8) per-
form metagenomic read recruitment analysis and profiling of non-translated representative
sequences using the anvi'o metagenomic workflow (Shaiber et al., 2020), which by default
relies upon Bowtie2 (Langmead and Salzberg, 2012), (9) generate miscellaneous data to an-
notate the representative sequences including taxonomy with ‘anvi-estimate-scg-taxonomy*
for ribosomal proteins, cluster size, and sequence length, and finally (10) generate anvi'o arti-
facts that give integrated access to the phylogenetic tree of all representative sequences and
read recruitment results that can be visualized using the anvi’o interactive interface and/or fur-
ther processed for specific downstream analyses using any popular data analysis environment
such as R and/or Python.

The workflow that resulted in the recovery and characterization of ribosomal proteins in
our manuscript used the following additional steps: (1) we removed input reference genomes

that were not detected in at least one of the input metagenomes above a detection value of
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0.9 with their ribosomal protein (we kept all MAGs originating from the samples themselves) to
only visualize detected populations, (2) we manually curated the ribosomal protein tree when
necessary to remove sequences that appeared to be chimeric and those that formed spurious
long branches likely originating from metagenomic assembly artifacts, and/or mitochondrial or
plastid genomes (Supplementary information) and recalculated new amino acid phylogenetic
trees with curated sequences with ‘FastTree’ or IQTREE with the parameters -m WAG -B
1000 (Minh et al., 2020) and imported the new trees using the program ‘anvi-import-items-
order’, and finally,A4 (3) we generated additional metadata using in-house Python or R scripts
and imported additional metadata using the program ‘anvi-import-misc-data‘ to decorate trees

or metagenomes.

3.5.2 Benchmarking EcoPhylo workflow with ribosomal proteins using CAMI

synthetic metagenomes

We validated the EcoPhylo workflow by benchmarking it against the CAMI synthetic metagenomes
(Meyer et al., 2022) to identify nucleotide clustering thresholds of ribosomal gene families to
limit non-specific read recruitment while maximizing taxonomic resolution. We applied the
EcoPhylo workflow across the three CAMI biome synthetic genomic/metagenomic datasets
(Marine, Plant-associated, and Strain-madness). As an initial step, we identified the top five
most frequent ribosomal gene families that were detected in single-copy in the associated ge-
nomic collections for each synthetic metagenomic dataset. We then conducted a parameter
grid search, spanning 95%-100% nucleotide similarity parameter grid search (Meyer et al.,
2022). Next, we measured the amount of non-specific read recruitment in each EcoPhylo iter-
ation, i.e. reads with equal mapping scores between their primary and secondary alignments
(multi-mapped reads), with the following Samtools command: ‘samtools view $sample | grep
XS:i | cut -f12-13 | sed ’s/..:i://g’ | awk '$1==$2" | wc -I'. The percentage of non-specific read
recruitment was calculated by dividing the number of multi-mapped reads by the total num-
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ber of reads mapped to the representative dataset. With this, we identified that nucleotide
clustering thresholds greater than 97% began to show signs of non-specific read recruitment
(Supplementary information).

After identifying 97% nucleotide identity as the optimal threshold, we measured EcoPhy-
loaAZs ability to contextualize a genomic collection within metagenomic assemblies by quan-
tifying the amount of genomic ribosomal genes clustering with their associated metagenomic
assembly ribosomal gene (Supplementary information). Finally, we benchmarked the Shan-
non diversity and richness captured by different SCGs within the metagenomes and compared
it to other taxonomic profiling tools submitted to CAMI (Meyer et al., 2022). To calculate Shan-
non diversity and richness values for SCGs processed by EcoPhylo we used the R package
vegan (Dixon, 2003) and Phyloseq (McMurdie and Holmes, 2013). To calculate the richness
and alpha diversity values for CAMI ground truth and other profiling tools we extracted rela-
tive abundance for each genera included in the associated biome files made available from
CAMI. Shannon diversity for SCGs in the EcoPhylo were calculated with the anvi’o coverage
statistic: Q2Q3 coverage. Datasets were cleaned and visualized with R packages in Tidyverse

(Wickham et al., 2019).

3.5.3 Genome collections

All MAG and SAG datasets were filtered for genomes with 50% completion and 10% re-
dundancy using the single-copy core gene collections in anvi’'o to meet medium-quality draft
status in accordance with the community standards (Bowers et al., 2017). For the human
oral cavity analysis, 8,615 human oral isolate genomes were downloaded from HOMD v10.1
(https://www.homd.org/ftp/genomes/NCBI/V10.1/) (Escapa et al., 2018) and 790 MAGs
were downloaded from Shaiber et al. (2020) via (doi:https://doi.org/10.6084/m9.figsh
are.12217805, doi:https://doi.org/10.6084/m9.figshare.12217961).

For the Hadza tribe human gut microbiome analysis we followed the data download guide-
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lines shared by Carter et al. (2023) to obtain genomes from doi:10.5281/zenodo.7782708.
Carter et al. (2023) formed clusters at 95% gANI by including additional genomes outside of
the MAGs they have reconstructed from the Hazda gut metagenomes. To exclusively analyze
microbial genomes affiliated with the Hadza metagenomes, we filtered for cluster represen-
tatives with cluster members that contained at least one Hadzda adult or infant MAG which
produced 2,437 representative Bacterial and Archaeal MAGs.

Finally, the surface ocean genomic collection was based on Paoli et al. (2022) and aug-
mented with SAGs (Martinez-Perez et al., 2022) and isolate genomes for SAR11 and Prochloro-
coccus (Delmont et al., 2018b; Delmont and Eren, 2018). When metadata was available, we
only used genomes sampled from x < 30 meters depth to match the surface ocean metage-
nomic dataset, otherwise, we retained the genomes. The Paoli et al. (2022) MAG collection
included manually curated MAGs from co-assemblies, which included samples from depths
deeper than 30 meters in the deep chlorophyll maximum (Delmont et al., 2018b). The final in-
put surface ocean genome dataset contained 1,474 SAGs, 1,723 isolate genomes, and 7,282

MAGs.

3.5.4 Metagenome and metagenomic assembly datasets

To explore the phylogeography of ribosomal proteins, we used used 71 tooth and plaque
metagenomes from the human oral cavity which were downloaded from the NCBI BioPro-
ject PRUNA625082 (Shaiber et al., 2020) along with associated co-assemblies (doi:https:
//doi.org/10.6084/m9.figshare.12217799). Next, to explore deep sequencing in the
human gut microbiome we used 388 metagenomes and assemblies from infant and adult
members of the Hadza tribe (doi:10.5281/zenodo.7782708) using the FTP links shared in
from the file ‘Supplemental_Table_S1.csv' and NCBI BioProject PRJEB49206 (Carter et al.,
2023). Finally, to explore the global surface ocean microbiome, we used 237 surface ocean

metagenomes and associated assemblies (<30 meters depth) from NCBI BioProjects PR-
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JEB45951 and PRJEB5245228 (Paoli et al., 2022; Sanchez et al., 2023). All metagenomes

and associated assembly accessions can be found at Supplementary Table 1.

3.56.5 Preprocessing of genomic and metagenomic assemblies and

metagenomic short reads

Metagenomic and genomic assemblies were preprocessed with the anvi'o contigs workflow
with the program ‘anvi-run-workflow -w contigs’ to predict open-reading frames with Prodi-
gal (V2.6.3) and identify SCGs for taxonomic inference with ‘anvi-run-scg-taxonomy* (Hyatt
et al., 2010; Shaiber et al., 2020). No contig size filters were implemented during this pro-
cess to include ribosomal proteins located on small contigs. To limit detection of misassem-
blies in downstream analyses, only ribosomal proteins with complete open-reading frames
(as predicted by Prodigal) were analyzed with EcoPhylo (Hyatt et al., 2010) . Additionally,
metagenomic samples were quality controlled with the anvi'o metagenomics workflow with
the program ‘anvi-run-workflow -w metagenomics’ (Shaiber et al., 2020). This workflow uses
the tool ‘iu-filter-quality-minoche’ (Eren et al., 2013), which implements methods described in
(Minoche et al., 2011). All Snakemake workflows in this manuscript leveraged Snakemake

v7.32.4 (Koster and Rahmann, 2012).

3.5.6 Gene-level taxonomy of ribosomal proteins

To assign gene level taxonomy to ribosomal proteins, the EcoPhylo workflow relies upon the
anvi'o tools ‘anvi-run-scg-taxonomy‘ and ‘anvi-estimate-scg-taxonomy‘, which leverage the
genomes and their taxonomy made available by the GTDB (Parks et al., 2022) to identify
taxonomic affiliations of genes that match to any of the ribosomal proteins L1, L13, L14, L16,
L17, L19, L2, L20, L21p, L22, L27A, L3, L4, L5, S11, S15, S16, S2, S6, S7, S8, or S9.

During the workflow, EcoPhylo uses ‘anvi-run-scg-taxonomy* to search for ribosomal genes
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annotated within each anvi’o contigs database against the downloaded marker gene dataset
with DIAMOND v0.9.14 (Buchfink et al., 2021). Later in the workflow, EcoPhylo runs ‘anvi-
estimate-scg-taxonomy —metagenome-mode* on the representative set of ribosomal proteins,
which assigns a consensus taxonomy to each sequence. The program ‘anvi-estimate-scg-
taxonomy*‘ does not provide a taxonomic annotation if the ribosomal protein is less than 90%
similar to any of the ribosomal proteins found in GTDB genomes. In some cases, ribosomal
proteins without taxonomic annotation can be manually annotated with taxonomy based on
the annotated sequences that surround them in the phylogenetic tree, as we described in the

section "Taxonomic binning to improve genome recovery estimations".

3.5.7 Selection of ribosomal proteins to contextualize genomic collections in

metagenomes

To pick ribosomal gene families to study genome collections, we selected ribosomal genes that
were annotated in the majority of genomes in single-copy. We then cross-referenced selected
ribosomal genes with their assembly rates in metagenomes and disregarded candidate ribo-
somal gene families that were under- or over-assembled in the dataset. To do this, we ran the
EcoPhylo workflow with the input dataset of genomic and metagenomic assemblies until the
rule ‘process_hmm_hits‘, which will filter for high-quality HMM-hits as described above. Finally,
we extracted ribosomal protein hits from all assemblies with the anvi'oc command ‘anvi-script-
gen-hmm-hits-matrix-across-genomes‘ and tabulated/visualized the distribution in R using the

Tidyverse (Wickham et al., 2019).
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3.5.8 Distribution of HMM alignment coverage and SCG detection across

GTDB

To identify optimal ribosomal proteins and HMM hit filtering thresholds, we explored the dis-
tribution of SCG detection and HMM alignment coverage across GTDB genomes. The anal-
ysis used the first two rules of the EcoPhylo workflow (anvi_run_hmms_hmmsearch and fil-
ter_hmm_hits_by model_coverage) to annotate the RefSeq representative genomes from GTDB
release 95 (Parks et al., 2020), with the single-copy core gene HMM collections included in
anvi'o. The first rule of the workflow used the program ‘hmmsearch* to identify HMM hits, while
the second rule was modified to include all HMM hit model coverage values by setting the pa-
rameter ‘anvi-script-filter-hmme-hits-table —min-model-coverage 0‘. We stopped the workflow
after this rule and visualized the raw distribution of model and gene coverage values from
‘hmmsearch —domtblout’ output file leading us to to identify an 80% HMM hit model coverage
as an optimal filtering threshold to identify ribosomal proteins. Next, we restarted the work-
flow but re-modified the second rule parameter ‘anvi-script-filter-hnmm-hits-table —min-model-
coverage 0.8 to filter for HMMs hits with at least 80% model alignment coverage. Finally,
we extracted all ribosomal gene families from the genome dataset with anvi'o program ‘anvi-
script-gen-hmme-hits-matrix-across-genomes* and visualized the genome detection and SCG

copy number across the dataset in in R using the Tidyverse (Wickham et al., 2019).

3.5.9 Detection of whole genomes in metagenomic data

In some cases, ribosomal proteins clustering at 97% brought together large groups of highly
similar isolate genomes. To identify the specific genome that is detected in the metagenomic
datasets, we re-clustered the target EcoPhylo protein at 98% to resolve sequence clusters and
thus increase the number of representative sequences. We then used the whole genomes

associated with the new, larger set of representative proteins to explore their distribution in
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metagenomes by performing the anvi'oc metagenomic workflow (Shaiber et al., 2020). Our
threshold for detection of a whole-genome in metagenomic data was 50% (percent of genome
covered by at least one read from metagenomic read recruitment), which was found to be

efficient for human oral cavity microbes (Utter et al., 2020).

3.5.10 Genome recovery rate estimations

Genome recovery rates were estimated to measure which individual or combination of genome
types (MAGs, SAGs, isolate genomes) most effectively sampled clades in the ribosomal pro-
tein phylogenetic trees calculated during the EcoPhylo workflow. To calculate genome recov-
ery rates for any given taxon, we divided the number of sequence clusters that contained a
sequence from a given genome recovery method to the total number of representative se-
quences EcoPhylo reported for that taxon. Taxonomic assignments of sequence cluster rep-

resentatives were determined with ‘anvi-estimate-scg-taxonomy".

3.5.11 Taxonomic binning to improve genome recovery estimations

A subset of ribosomal proteins lacked taxon assignments from ‘anvi-estimate-scg-taxonomy*
due to their sequence similarity being x < 90% to GTDB genomes (See methods section:
Gene-level taxonomy of ribosomal proteins). Using the ‘anvi-interactive' interface, we exam-
ined the placement of these proteins in the EcoPhylo ribosomal protein phylogenetic tree and
manually assigned taxon names based on the taxonomic affiliations of neighboring sequences.
Unannotated sequences were assigned taxonomy only when phylogenetic clustering demon-
strated clear consistency among neighboring sequences. These refined taxonomic annota-
tions were used to improve estimations of genome recovery in the main figures (rpL719 and

rpS15 in Figure 3.2 and rpL14 in Figure 3.3).
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3.6 Data and code availability

The URL https://merenlab.org/data/ecophylo-ribosomal-proteins/ serves all code and data needed

to reproduce our study. Additionally, all anvi’'o artifacts that give interactive access to Eco-
Phylo interfaces are publicly available at doi:10.6084/m9.figshare.28207481. Publicly available
genomes and metagenomes we used in our study are listed in the Supplementary Tables,
which are available via doi:10.6084/m9.figshare.28200050, along with the Supplementary In-

formation text.
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3.9 Supplementary Information

3.9.1 Supplemental Figures
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Figure 3.4: Ribosomal protein phylogeny and detection patterns across metagenomes
from the human oral cavity. In the heatmaps in both panels, each column represents a
ribosomal protein representative sequence, each row represents a metagenome, and each
data point indicates whether a given ribosomal protein was detected in a given metagenome.
The columns of heatmaps are ordered by a tree representing a phylogenetic analysis of all
ribosomal protein representative sequences, and the rows are ordered by a hierarchical clus-
tering dendrogram that is calculated based on the ribosomal protein detection patterns across
metagenomes. Panel (A) represents the EcoPhylo analysis of rpS15 and panel (B) is rpS2
sequences. Both analyses include Shaiber et al. (2020) metagenome-assembled genomes
(MAGs), Shaiber et al. (2020) oral metagenomes, and HOMD genomes, and include three ad-
ditional rows that indicate the origin of a given ribosomal protein, whether it is a metagenome-
assembled genome (MAG, gold), HOMD isolate genome (red), or only recovered from metage-
nomic assemblies with no representation in genomes (blue).
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Figure 3.5: Ribosomal protein phylogeny and detection patterns across Carter et al.
(2023) metagenomes. In the heatmaps in both panels, each column represents a ribosomal
protein representative sequence, each row represents a metagenome, and each data point in-
dicates whether a given ribosomal protein was detected in a given metagenome. The columns
of heatmaps are ordered by a tree representing a phylogenetic analysis of all ribosomal protein
representative sequences, and the rows are ordered by a hierarchical clustering dendrogram
that is calculated based on the ribosomal protein detection patterns across metagenomes.
Panel (A) represents the EcoPhylo analysis of rpS16 and panel (B) is rpL19 sequences. Be-
low both analyses, each leaf of the phylogenetic tree is decorated denoting if the detected
populations contains a metagenome-asembled genome (yellow).
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Figure 3.6: Sample map of surface ocean metagenomes and single-amplified genome
sampling sites

3.9.2 Supplementary Table Legends

This section’s supplementary tables are accessible via doi: 10.6084/m9.figshare.28200050

Table 3.1: List of genomes and metagenomes analyzed in this manuscript

Table 3.2: Metadata from all EcoPhylo runs, including human oral cavity (rpL19, rpS15, and
rpS2), human gut (rpS15, rpS16, and rpL19), and surface ocean (rpL 14, rpS8, and rpS11

Table 3.3: Genome recovery rates calculated with taxonomic binning results for EcoPhylo
analysis of rpL 19 across Shaiber et al. (2020) human oral microbiome MAGs and HOMD

Table 3.4: Supplementary Table 4: Genome recovery rates for EcoPhylo analysis of
Shaiber et al., 2020 oral microbiome metagenomes using rpL19, rpS15, and rpS2. This
table presents the genome recovery rates derived from the EcoPhylo workflow applied to oral
microbiome metagenomes from Shaiber et al., 2020. The analysis utilized ribosomal proteins
rpL19, rpS15, and rpS2, with results directly obtained from the ‘anvi-scg-taxonomy’ tool.
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Figure 3.7: Ribosomal protein phylogeny and detection patterns across global surface
ocean metagenomes (depth < 30 m). In the heatmaps in both panels, each column rep-
resents a ribosomal protein representative sequence, each row represents a metagenome,
and each data point indicates whether a given ribosomal protein was detected in a given
metagenome. The columns of the heatmaps are ordered by a tree representing a phylogenetic
analysis of all ribosomal protein representative sequences, and the rows are ordered by a hi-
erarchical clustering dendrogram calculated based on the ribosomal protein detection patterns
across metagenomes. Panel (A) represents the EcoPhylo analysis of rpS11 sequences, and
Panel (B) represents rpS8 sequences. Below both analyses, each leaf of the phylogenetic tree
is marked to denote whether the detected population contains a MAG (yellow), isolate genome
(red), SAG (green), or is only recovered from metagenomic assemblies with no representation
in genomes (blue).
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Table 3.5: Genome recovery rates calculated with taxonomic binning results for EcoPhylo
analysis of rpS15 across Carter et al. (2023) human gut microbiome MAGs from the Hadza
tribe adults and infants

Table 3.6: Genome recovery rates for EcoPhylo analysis of Carter et al. (2023) Oral micro-
biome metagenomes with rpL 19, rpS15, and rpS2 with direct output of ‘anvi-scg-taxonomy-

Table 3.7: Genome recovery rates calculated with taxonomic binning results for EcoPhylo
analysis of rpL14 across surface ocean metagenomes assembled from Paoli et al. (2022) and
genome collection including MAGs, SAGs, and isolate genomes

Table 3.8: Supplementary Table 8: Genome recovery rates for EcoPhylo analysis of sur-
face ocean metagenomes. This table presents the genome recovery rates derived from the
EcoPhylo workflow applied to surface ocean metagenomes assembled by Paoli et al. (2022).
The analysis includes genome collections comprising MAGs, SAGs, and isolate genomes, and
utilizes ribosomal proteins rpL 14, rpS8, and rpS11. Results were obtained directly from the
‘anvi-scg-taxonomy‘ tool.

3.9.3 Supplementary Information Text

Single-copy core genes effectively detect microbial populations and contextu-

alize genomic collections in metagenomes

To evaluate the ability of EcoPhylo to process ribosomal proteins to de novo survey microbial
diversity in metagenomes and effectively contextualize genome collections within metagenomes,
we benchmarked the workflow from multiple angles. We first investigated single-copy core
gene (SCG) HMM searches against reference genomes as a control to identify thresholds for
removing spurious HMM hits in metagenomic assemblies. To do this, we searched the SCG
Pfam HMM collections Bacteria_71 and Archaea_76 (modified from (Lee, 2019) in anvi’o (Eren
et al., 2021) across the Genome Taxonomy Database (GTDB) Archaea and Bacteria Ref-
Seq genomes (release95) and surveyed HMM alignment coverages (Parks et al., 2020)(Fig-
ure 3.8). We found that most SCG HMMs had high-quality model coverages (x > 95%) in
both Bacteria and Archaea. Moving forward, we selected 80% HMM alignment coverage as

a threshold for identifying ribosomal proteins with divergent lengths while filtering out spurious
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hits in metagenomic assemblies, e.g., chimeras and misassemblies (Salzberg et al., 2012;
Sczyrba et al., 2017; Mikheenko et al., 2016). After applying the HMM alignment coverage to
the GTDB SCG search results, we identified a subset of SCG HMMs that detected nearly 100%
of GTDB genomes in single-copy, however, some models poorly detected genomes in single-
copy (Figure 3.9). For example, Ribosomal L3 (PF00297) detected zero Bacteria genomes
after 80% HMM alignment coverage filtering. Interestingly, Ribosomal L6 was consistently
detected twice per genome in Bacteria and Archaea. Upon further investigation, we found
that the Ribosomal L6 HMM model (PF00347) was detected twice per ORF due to a domain
duplication event. A possible explanation for ribosomal protein HMM hits with low alignment
coverage can be a lack of complete phylogenetic diversity representation of the protein family
or an overrepresentation of taxa with shorter lengths. Overall, these findings identified riboso-
mal protein Pfam models (rpL1, rpL14 rpL32e, rpS19, rpS9, rps12_s23, rpl 16, rpS17, rpS7,
rpS8, rpL22, rpl29, rpl4, rpS11, rpS13) and filtering thresholds (80% HMM alignment cover-
age) that accurately detect genomes in single-copy to effectively detect microbial populations
in metagenomic assemblies (Figure 3.9).

After optimizing the workflow to identify ribosomal proteins confidently, our next step was to
cluster ribosomal proteins extracted from assemblies into a representative dataset for studying
microbial ecology across environments using metagenomic read recruitment. This required
identifying an optimal ribosomal protein gene clustering threshold to limit non-specific read re-
cruitment and maximize taxonomic resolution. To do this, we leveraged CAMI, a widely used
dataset of synthetic metagenomes, modeled from a dataset input genomes and abundance
values, representing multiple microbiomes (e.g., marine and plant-associated biomes) for eval-
uating metagenomic methods (Meyer et al., 2022). First, we selected ribosomal proteins that
detected the majority of the input genome dataset in single-copy CAMI datasets (Figure SI3,
Materials and Methods). Next, we ran the EcoPhylo workflow on CAMI datasets with ribosomal

protein gene clustering thresholds from 95-100% nucleotide sequence similarity (Figure 3.11,
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Figure 3.8: Distribution of HMM alignment coverage of SCG HMM collections searched
against GTDB RefSeq Archaea and Bacteria representative genomes. (A) and (B) HMM
model coverage. The x-axes are boxplots representing the distribution of HMM model cov-
erages against query open reading frames from GTDB Archaea and Bacteria representative
genomes (r95). The blue vertical line indicates 80% alignment coverage, and the red verticle
line represents 95%. The Y-axis represents the list of HMM models. (C) and (D) Target gene
coverage

Materials and Methods). This analysis suggested that 97% nucleotide similarity was optimal
to limit non-specific read recruitment while maximizing taxonomic resolution.

Next, we benchmarked how clustering ribosomal protein genes at 97% nucleotide sim-
ilarity would impact EcoPhylo workflow’s ability to contextualize a genome collection within
a metagenomic dataset. In other words, measure the threshold’s ability to group ribosomal
proteins from a genome collection with metagenome assembly-derived ribosomal proteins,
thereby highlighting microbial diversity lacking genome representation. To explore this, we an-
alyzed the EcoPhylo analyses with the 97% nucleotide identify parameter and observed that all
genomic SCGs clustered with their metagenomics counterparts in all three modeled datasets:

Marine, plant-associated, and strain-madness. Interestingly, there was a small percentage of
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ribosomal protein clusters containing only metagenome-derived ribosomal proteins: 0.55% of
the rpL5 iteration of the Plant Associated dataset of clusters and 0.63% of the rpS19 iteration
of the Marine dataset. This was surprising because that would imply that the in silico CAMI
metagenomes yielded distinct ribosomal proteins from the input metagenomes. Upon further
investigation, this was driven by truncated ORFs called by Prodigal (Hyatt et al. 2010) in the
metagenomic assemblies, which formed their own clusters due to limited homology to the
genome-derived SCGs. To enforce ribosomal protein cluster formation being driven by com-
plete gene homology, we removed all incomplete open reading frames from downstream anal-
ysis using ‘anvi-script-filter-hmm-hits-table —filter-out-partial-gene-calls‘, which can be toggled
TRUE/FALSE in the EcoPhylow workflow config file. Furthermore, to ensure effective cluster-
ing of open reading frames, we encourage users to change the mmseqgs clustering parameter
to ‘—cov-mode 1‘ (coverage of target), which will improve clustering of both fragmented and
extended open reading frames with complete ORF homologs (Steinegger and Soding, 2017).
Overall, EcoPhylo effectively contextualized genomic collections within metagenomic assem-
blies by clustering genomic SCGs with their metagenomic counterparts, highlighting its ability
to link genome collections with related populations and identify distinct populations absent
from the genome collection.

So far, we have refined the application of the EcoPhylo workflow to identify and yield a rep-
resentative dataset of ribosomal proteins optimized for measuring biogeography with metage-
nomic read recruitment and properly contextualizing genomic collection with relation popu-
lations in metagenomic assemblies. We next sought to compare standard reference-based
taxonomic profiling to the de novo taxonomic composition revealed by surveying SCGs across
metagenomic assemblies (OIm et al., 2020) . To do this, we used CAMI to compare the alpha
diversity captured by ribosomal proteins to the CAMI ground truth and other reference-based
taxonomic profiling tools to confirm comparable results (Figure 3.12, Materials and Meth-

ods). We first observed that ribosomal proteins had low variance across richness and Shan-

90


https://paperpile.com/c/9BJxns/kjAqm

non diversity, highlighting that different ribosomal proteins provide comparable results. Next,
we found that in most cases, ribosomal proteins underestimated the ground-truth number of
genomes across samples yet overestimated Shannon diversity. This is likely due to 97% ribo-
somal protein clustering yielding taxonomic units that group genomes together genomes with
x < 95% gANI. Furthermore, since ribosomal proteins consistently detected fewer genomes,
the increased Shannon index values can be explained by inflated evenness. This revealed
that the relative abundance of individual ribosomal proteins was unreliable in this experiment.
Moving forward, we used anvi'o detection values (percent of sequence covered by at least
1x reads) as a discrete read recruitment statistic to determine the presence or absence of
ribosomal proteins across metagenomes.

Despite EcoPhylo-processed ribosomal proteins yielding a conservative view of the biodi-
versity detected in metagenomes (presence/absence and taxonomic units grouping genomes
with x < 95% gANI), the workflow could detect more taxa than other tools in a subset of
the rhizosphere CAMI datasets (Figure 3.12). This highlighted that reference-free taxonomic
profiling with ribosomal proteins can be potentially be more sensitive in metagenomes when
reference databases have a low representation of the underlying microbiome taxonomic di-
versity. Overall, our benchmarking demonstrated that EcoPhylo and ribosomal proteins can
effectively contextualize genome collections within metagenomic assemblies and enable de
novo taxonomic profiling of metagenomes, offering a robust approach for exploring microbial

diversity in complex datasets.

3.9.4 Selection of Ribosomal proteins to contextualize genomic collections

in the human oral cavity, Hadza gut microbiomes, and surface ocean

To compare the oral microbiome genomic collection against populations detected in the metage-
nomic assemblies, we first identified the most frequent single-copy ribosomal proteins in the

genome collection containing MAGs and isolate genomes. The top three ribosomal proteins
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included rpL 19, rpS15, and rpS2. The overlapping genomes these ribosomal proteins covered
were 99.82% of the genomic collection, including 97.8% of the MAGs (Figure 3.13, Supple-
mentary Table SI1, Supplementary Table SI2, Materials and Methods). The genome collec-
tion coverage of rpL 19, rpS15, and rpS2 was documented for the HOMD genomes (Supple-
mentary Table SI1) and MAGs (Supplementary Table SI2). After the initial analysis of rpL 19,
multiple input reference genomes from HOMD were not detected in the metagenomes (90%
detection of the target rpL19 in at least one metagenome). This was expected because the
HOMD database contains isolate genomes from numerous other studies. We thus removed
these genomes from subsequent analyses, lowering the total number of HOMD genomes in
the genomic collection from 8,615 to 1,680.

To explore the MAG recovery rate of the Hadza metagenomes, we analyzed the 2,437
representative genomes where each 95% gANI cluster had at least one Hadza MAG (genome
dereplication included MAGs from other populations) (Carter et al., 2023). We next used the
most frequent single-copy ribosomal proteins in the MAG collection: rpS15, rpS16, rpL 19 (Fig-
ure 3.14). The combination of the three ribosomal genes contextualized 99.34% of genomes
reconstructed from the Hadza metagenomes (Figure 3.14) and the MAG collection coverage
was documented (Supplementary Table SI3).

The most frequent single-copy ribosomal proteins in the surface ocean genome collection
(MAGs, SAGs, and Isolates) included ribosomal proteins rpS11, rpS8, and rpL14. All three
ribosomal proteins together were detected x > 93.77% of the genomic collection (Figure 3.15;
Materials and Methods). The genome collection coverage of rpS11, rpS8, and rpL 14 across
MAGs, SAGs, and IGs was documented (Table SI5, Materials and Methods). The initial anal-
ysis of rpL14 revealed isolate genomes from the MAR databases (MarDB v.4) (Klemetsen
et al., 2018) that were not detected in the surface ocean metagenomes (90% detection of the
target rpL19 in at least one metagenome). This was most likely due to their isolation from

non-pelagic environments such as coastal environments and animal microbiomes (Paoli et al.,
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2022) . We thus filtered out genomes that were not detected (Materials and Methods) and

reperformed the analysis.

3.9.5 Investigation into cosmopolitan taxa in the Oral Microbiome

EcoPhylo analysis of rpL 19 of the Oral Microbiome (Shaiber et al., 2020) showed four microbial
populations that appeared to be cosmopolitan taxa - highly detected in 50% both plaque and
tongue biomes - from the genera Streptococcus, Haemophilus (n = 2), and Porphyromonas
(Figure 3.16A). We further explored these four populations and found they had large ribosomal
protein cluster sizes, the majority of which were multiple closely related isolate genomes col-
lapsed by 97% rpL 19 clustering. In fact, 508 HOMD Streptococcus rpL 19 clustered into one
population and appeared in x > 70% of both tongue and plague samples, highlighting the lack
of genome dereplication in the isolate genome dataset (Figure 3.16A). Additionally, a subset
of the rpL 19 read recruitment plots from the four cosmopolitan populations showed signs of
non-specific read recruitment. This indicated that potentially many similar genomes in HOMD
had collapsed into one population and the representative rpL19 from the EcoPhylo workflow
did not reflect the population in the samples.

To explore this, we re-clustered rpL 19 representative sequences and their cluster members
with a higher sequence similarity threshold (98% nucleotide identity) to further resolve clus-
ters. This would theoretically increase the number of references to identify a more accurate
reference genome for the underlying population captured by the metagenome (Figure 3.16C).
Clustering rpL 19 at 98% increased cluster representatives from 4 to 11 representatives, high-
lighting how clustering ribosomal proteins at 97% collapse closely related genomes. We
then selected whole genomes based on the new 11 rpL19 cluster representatives and per-
formed whole-genome metagenomic read recruitment across the (Shaiber et al. 2020) tongue
and plague metagenomes to further explore the ecology and prevalence of these popula-

tions across both biomesA& (Figure 3.16C, Materials and Methods). We found that all of
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the original cosmopolitan populations contained at least one genome that was cosmopolitan
(identified in both Plaque and tongue samples) which included previously documented oral mi-
crobiome generalists including Haemophilus parainfluenzae, Porphyromonas pasteri, Strepto-
coccus pneumoniae, andA& Streptococcus oralis (Mark Welch et al., 2019; SzafraADski et al.,
2021; McLean et al., 2022; Eren et al., 2014; Wilbert et al., 2020) (Figure 3.16C, Table Sl4).
Interestingly, metapangenomics of H. parainfluenzae has identified multiple strains with oral
site specificities due to genomic adaptations (Utter et al., 2020).

Interestingly, two Haemophilus influenzae genomes, which stemmed from the Haemophilus
cosmopolitan ribosomal protein, were in fact, biome-specific and predominately detected in the
tongue. This indicates that the representative sequence of the original cluster may have re-
cruited reads correctly from one biome but not the other. Leveraging a single ribosomal protein
to profile the phylogeography metagenomic read recruitment requires clustering of the gene
family to remove redundancy and limit non-specific read recruitment. Clustering brings short-
comings, including large numbers of genomes collapsing into a single cluster, representing
a microbial population that can span multiple niches. In fact, one Haemophilus pittmaniae
genome, which stemmed from the other Haemophilus cosmopolitan ribosomal protein, was
not detected in any of the metagenomes. Additionally, the non-specific read recruitment sig-
nal identified in the so-called cosmopolitan taxa can be explained by the representative se-
quence not matching the underlying diversity of the population in the sample. Furthermore,
the non-specific read recruitment signal highlights the importance of using detection as a read
recruitment statistic to avoid the pitfalls of recruiting reads to conserved marker genes. Fu-
ture directions could explore picking a representative ribosomal protein sequence based on
detecting the most prevalent genome in the sample or perform genome dereplication prior to

performing the EcoPhylo workflow to avoid this scenario.
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3.9.6 Deep sequencing of the human gut yields the highest genome

recovery rates across microbiomes

While nucleotide sequencing is expected to become more affordable, a question arises: will
deeper sequencing make genome-resolved metagenomics a sufficient genome recovery method
in microbial ecology? To investigate this, we analyzed a state-of-the-art metagenomics project
with ultra-deep sequencing, which characterized the gut microbiomes of adults and infants
from the Hadza hunter-gatherer tribe, generating nearly 50,000 Bacterial and Archaeal MAGs
(Carter et al., 2023).

Genome-resolved metagenomics has been an effective genome recovery strategy in the
human gut, likely due to efficient metagenomic assembly and binning facilitated by its rela-
tively closed ecosystem leading to lower microbial diversity and clonal expansion of microbial
populations. With the gut microbiome’s ideal conditions for MAG recovery, the Carter et al.
(2023) Hadza gut microbiome survey provided an opportunity to assess whether deeper se-
quencing alone can overcome the challenges of evenly capturing genomes from microbial
communities and reduce the need for multiple recovery methods in certain microbiome eco-
logical contexts. To explore this, we leveraged their representative genomes from genome
dereplication clusters that contained at least one Hadza MAG (2,437 representative Bacterial
and Archaeal MAGs) (Materials and Methods). Leveraging rpS15, we were able to contextual-
ize the majority of the genomic collection (92.2%), including archaeal populations, allowing us
to impactfully explore MAG recovery rate (Figure S17). Additionally, we confirmed these find-
ings with rpS16 and rpS19 (Supplementary Figure 2). EcoPhylo analysis of rpS15 across the
Hadza gut microbiome metagenomic dataset detected 2,336 Bacteria and 8 Archaea microbial
populations. Hierarchical clustering of metagenomes generally separated samples into adults
and infants (black and pink samples, respectively), with infants characterized by lower alpha
diversity and detection of Lactobacillales and Bifidobacterium populations (Figure 3.17). Ad-
ditionally, the rpS715 HMM detected multiple plant and amoeba taxa reported by (Carter et al.
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2023) further highlighting the multi-domain features of ribosomal proteins in microbial ecology.
Furthermore, EcoPhyloaAZs ability to process a metagenomic project of this size highlighted
the workflowaAZs scalability.

Excitingly, the total Bacteria MAG recovery rate was 67.7% (rpS16: 72.8%, rpL19: 69.5%),
the highest genome recovery rate among all the metagenomics projects analyzed in this
manuscript (Oral: rpL19 60.3%, Ocean: rpL14 19.9%) demonstrating that deep sequenc-
ing can improve MAG recovery rates (Supplementary Table 5, Supplementary Table 6). Fur-
thermore, multiple taxa had high MAG recovery rates (across all profiled ribosomal proteins:
rpS15, rpL19, rpS15) including the phyla Bacteroidota 79% (rpS16: 57.5%, rpL19: 71.6%)
and Cyanobacteriota 75.8% (rpS16: 71.1%, rpL19: 70.4%), and lower order taxa such as
Coriobacteriia 66% (rpS16: 71.1%, rpL19: 77.8%), RF39 80% (rpS16: 84.1%, rpL19: 80.2%),
and Lactobacillales 70.4% (rpS16: 77.9%, rpL19: 81.8%) (Supplementary Table 5, Supple-
mentary Table 6, Materials and Methods). These results were consistent with Carter et al.
(2023) , which reported that approximately 80% of metagenomic reads mapped to the Hadza
representative genome collection. Overall, the high MAG recovery rates across the major-
ity of taxa add further evidence that deep metagenomics sequencing is an effective genome
sampling method in the human gut.

While ultra deep sequencing allowed for higher MAG recovery rate in general, the Class
Actinomycetia had one of the lowest MAG recovery rates at 31.9% (rpS16: 32.4%, rpL19:
33.3%) (Supplementary Table 5, Supplementary Table 6, Figure S110). Prevalent Bifidobacte-
riaceae MAGs were efficiently recovered but families such as Pseudonocardiaceae, Geoder-
matophilaceae, and Pseudonocardiaceae had no genomes recovered. Interestingly, three
samples from three separate individual metagenomes were responsible for the expansion
Actinomycetia. Upon further investigation, the unbinned Actinomycetia taxa have been docu-
mented as common DNA extraction kit contamination microbes (Salter et al., 2014; Weyrich

et al., 2019). These results show that deep sequencing can yield high MAG recovery across
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bacteria and archaea in the human gut. However, it can also assemble ribosomal genes from
low abundance kit contamination, highlighting that caution should be taken with this level of
sequencing.

Although deep sequencing in the human gut microbiome demonstrated high genome re-
covery rates across the majority of taxa, EcoPhylo revealed a subset of populations that were
prevalent across the dataset yet not part of the MAG dataset. Exploring rpoS15 co-occurrence
across the metagenomic dataset uncovered 17 rpS15 clusters with high prevalence but no ge-
nomic representation (detected in at least 30 samples and frequently co-occurred with other
taxa across the dataset) (Figure SI11). To confirm these were indeed unbinned populations,
we BLASTed the 17 rpS15 cluster representatives against the redundant Hadza MAG col-
lection to see if they belonged to redundant genomes within genome clusters. 13 rpS15 se-
guences had 100% matches to redundant MAGs leaving four true unbinned microbial pop-
ulations (Oscillospiraceae, Lachnospiraceae, and Gastranaerophilaceae) with high detection
across the metagenomic dataset (Figure SI10, blue triangles). These results highlight that
non-representative genomes display prevalent ecology within this metagenomic dataset. While
genome dereplication aims to create a dataset of representative genomes to highlight phyloge-
nomic novelty, it does not consider ecological relevance across a dataset (Evans and Denef,
2020). Future applications of EcoPhylo could be used to expand representative genome col-
lections, highlighting prevalent microbial populations even when they share 95% gANI with
existing genomes in the collection. Furthermore, the four unbinned populations can be used
for targeted genome recovery, leveraging a combination of genome recovery strategies in fu-

ture sampling campaigns.

3.9.7 Sequencing depth in surface ocean metagenomes

After our original EcoPhylo analysis of rpL14 over the surface ocean dataset, we clustered

metagenomes based on detecting rpL 14 as a proxy for community composition (Figure 3.19b).

97



We first observed that many metagenomes did not cluster based on expected biogeographical
epipelagic patterns and showed signs of batch effect correlating with the sequencing project
(Figure 3.19b). We thus compared the sequencing depth between samples to the number of
SCGs recovered from associated metagenomic assembles and found that samples with lower
sequencing depth correlated with fewer recovered SCG (proxies for microbial populations)
(Figure 3.20). By filtering studies based on a minimum sequencing depth of 50 million reads,
we could recapitulate a priori biogeographical patterns driven by latitude and temperature (Fig-
ure 3, Figure 3.19). Moving forward, EcoPhylo analyses of this dataset used the assemblies
from all projects to extract ribosomal proteins but only visualized the read recruitment results
from 100 metagenomes (x > 50 million reads) which only including the projects TARA Oceans
and Malaspina. The final hierarchical clustering of metagenomes based on the detection of a
single ribosomal protein (rpL14) revealed the documented epipelagic microbiome community

structure driven by temperature (Figure 3) (Sul et al., 2013; Sunagawa et al., 2015).

3.9.8 Manually curating the surface ocean Ribosomal protein phylogenetic

frees

Although multiple automated steps were implemented in the EcoPhylo workflow to remove as-
sembly artifacts from the analysis, ocean metagenomic data required manual tree curation to
remove artificially long branches from spurious HMM hits from the metagenomic assemblies
and the mitochondrial signal (Figure 3.19, Materials and Methods). Removing mitochondrial
phylogenetic signal was specifically a problem for ocean metagenomic datasets because sam-

ple filtering will enrich mitochondria into the archaea and bacteria size fraction.
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3.9.9 Supplementary Information Tables

This section’s supplementary tables are accessible via doi: 10.6084/m9.figshare.28200050

Table 3.9: rpL 19, rpS15, and rpS2 frequency across the Human Oral Microbiome Database

(HOMD)

Table 3.10: rpL 19, rpS15, and rpS2 frequency across Shaiber et al. (2020) MAGs

Table 3.11: rpS15, rpS16, and rpS19frequency across Hadza representative genomes

Table 3.12: Cosmopolitan populations in Shaiber et al., 2020

Table 3.13: rpL 14, rpS11, and rpS8 frequency across surface ocean genomes
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Figure 3.9: SCG HMM copy number across GTDB r95 RefSeq representative genomes af-
ter 80% HMM alignment coverage filtering. The (A) panel shows bacteria Y-axis represents
the percent detection of genomes by each SCG HMM with color-stacked bars representing
the distribution of copy-number detected in genomes. Bolded SCGs detect the majority of
genomes in single-copy. The (B) shows the same analysis as (A) with archaea representative

genomes.
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Figure 3.10: SCG Detection distribution across CAMI genome and synthetic metage-
nomic assemblies. The left horizontal bar charts show the copy number detection of each
SCG HMM in the genomic dataset. The right plots show the frequency of SCG recovery from
the metagenomic assembly. Bolded SCGs were used in subsequent supplementary analyses.
(A) CAMI marine dataset (B) CAMI strain madness dataset (C) CAMI plant associated dataset.
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Figure 3.11: Distribution of multi-mapping reads vs. clustering threshold using CAMI
datasets. The EcoPhylo workflow processed the CAMI metagenomic datasets (Marine, plant-
associated, strain madness) with the top 5 SCGs (Figure 3.10) and different ribosomal gene
clustering thresholds (95-100%). The y-axis represents the proportion of multi-mapped reads,
which is the number of multi-mapped reads divided by the total reads mapped.
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Figure 3.12: Shannon alpha diversity and Richness of EcoPhylo vs CAMI ground truth
and submitted tools with 97% and 98% nucleotide similarity clustering threshold for Ma-
rine and Plant associated datasets. Shannon alpha diversity measurements and richness
(number of genomes detected) were calculated for each CAMI synthetic sample. The X-axis
represents each CAMI synthetic metagenome.
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Figure 3.13: SCG Detection distribution across Shaiber et al., (2020) oral cavity genome
dataset (MAG + HOMD) and metagenomic assembly dataset. The (A) panel shows the
SCG HMM copy number for the genome dataset that were filtered for medium-quality draft
status in accordance with the community standards (8,615 HOMD isolate genomes and 364
MAGs filtered for medium quality). The color-stacked bars represent the relative distribution
of copy-number detected in genomes. Panel (B) shows the SCG recovery number 14 co-
assemblies. In (A) and (B), the bolded ribosomal proteins were selected for downstream anal-
yses and the blue line represents mean count of SCGs across all metagenomic assemblies.
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Figure 3.14: SCG Detection distribution across Carter et al., (2023) Hadza MAG and
metagenomic assembly dataset. The (A) panel shows the SCG HMM copy number for the
genome dataset and the color-stacked bars represent the relative distribution of copy-number
detected in genomes. Panel (B) shows the SCG recovery number 388 co-assemblies. In (A)
and (B), the bolded ribosomal proteins were selected for downstream analyses and the blue
line represents mean count of SCGs across all metagenomic assemblies.
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Figure 3.15: SCGs detected across surface ocean genomic and metagenomic assembly
datasets. The (A) panel shows the SCG HMM copy number for the genome dataset including
isolate genomes, MAGs, and SAGs were filtered for medium-quality draft status in accordance
with the community standards (Bowers et al. 2017) and the color-stacked bars represent
the relative distribution of copy-number detected in genomes. Panel Panel (B) shows the
SCG recovery number across 237 surface ocean metagenomic assemblies. The blue line
represents mean count of SCGs (n = 18,793) across all metagenomic assemblies.
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Supplemental Figure rr

A. Ribosomal protein L19 phylogenetic tree

1pi-And
- ETUZAT .
RP cluster size (0-524) = l

Cosmopolitan signal E g

ammaproteobacteria
Campylobacter
Fusobacteriia
Prevotell

Capnocytophaga |
Absconditabacterales
Gracilibacteria

Lachnospiraceae

B. rpL19 differential coverage

sowouabeion

. Haemophilus

. Haemophilus

. Porphyromonaspasteri
. Streptococcus

ﬁ Cosmopolitan

anbuoy  anbeld

Figure 3.16: Ribosomal L19 phylogeny and detection patterns across metagenomes
across Shaiber et al., 2020 human oral cavity metagenomes. In panel (A) the presence/ab-
sence heat map columns are ordered by a Ribosomal L19 protein phylogenetic tree. The rows
(metagenomes: (black = plaque; pink = tongue)) are ordered by a hierarchical clustering den-
drogram calculated based on the ribosomal protein detection patterns across metagenomes.
Each Ribosomal L19 phylogenetic tree leaf is decorated below the heatmap with rpL19 cluster
size (0 - 524 sequences). Cosmopolitan populations (detected in at least 50% of both tongue
and plaque metagenomes) are highlighted in purple, and the star represents a Streptococcus
population with a cluster size of 524.
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Figure 3.16 continued: In Panel (B), the data from panel (A) is ordered by co-occurrence of
each rpL19 across the metagenomes. Panel (C) shows the metagenomic read recruitment
results of 11 genomes associated with cosmopolitan populations in (A) across tongue and
plague metagenomes identified by reclustering rpL19 sequences at 98% nucleotide similar-
ity. Concentric circles represent metagenomes from (A) and are colored if the genome was
detected (anvi'o detection = 50%). A star denotes if the genomes were confirmed to be cos-
mopolitan (detected in both tongue and plague metagenomes). Genome detection statistics
are summarized in Table Sl4.
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Figure 3.17: Ribosomal S15 phylogeny and detection patterns across 388 gut micro-
biomes from Carter et al. (2023). Heatmap represents rpS15 phylogeography across the
Carter et al. (2023) metagenomic dataset. Each column represents a rpS15 DNA sequence,
each row represents a metagenome for adult (black) or infant (pink) tribe members, and each
data point is the presence/absence of rpS15 across metagenomes. Rows (metagenomes) are
clustered by detection of rpS15 across metagenomes via metagenomic read recruitment and
columns are organized by a Ribosomal S15 protein tree. Each leaf of the phylogenetic tree is
decorated below the heatmap, denoting if the detected populations contains a MAG (yellow).
Taxa with low MAG recovery rates are shaded in salmon.
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Figure 3.18: Presence/absence heatmap of rpS15 Carter et al., 2024 Hadza gut
metagenomes. This figure is derived for Figure 2B, where the columns are reordered by a
dendrogram derived from hierarchical clustering of rpS15 sequences based on co-occurrence
across the metagenomic dataset. Each row of the detection matrix represents a metagenome
(Black = Adult; Pink = Infant). Sequences found in genome dereplication clusters or unbinned
are marked with pink or blue lines, respectively.
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Figure 3.19: Global surface ocean Ribosomal L14 protein data curation. (A) Original phy-
logenetic tree output from EcoPhylo workflow. We manually curated the ribosomal protein
phylogenetic tree by removing the mitochondria signal (yellow) and spurious branches (pur-
ple) derived from the metagenomic assemblies. Each row of the heatmap is a metagenome
which are clustered by microbial community composition distance. Additionally, each row is
decorated with bar graphs on the right that denote the number of reads that mapped rom the
metagenome that mapped to the rpL14 sequences (0-507,356,552) and the percent mapped
(0-100%). (B) Manually curated tree with mitochondria signal and spurious branches removed
and all metagenomic samples. (C) Metagenomic samples with low sequencing depth were
removed from the analysis because they did not reflect accurate biogeographic signals with
and added low amounts of microbial diversity.
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Figure 3.20: Scatter plot of sequencing depth vs number of SCGs detected in assembled

metagenomes from 237 surface ocean metagenomes. Shapes designate the filter size and
colors refer to the sequencing project.
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CHAPTER 4
EXPANDED APPLICATIONS OF GENE FAMILY PHYLOGEOGRAPHY IN
MICROBIOLOGY

4.1 Preface

In the previous chapter, | demonstrated that tracking the biogeography and phylogenetics
of ribosomal proteins can yield de novo insights into microbial ecology and be used to as-
sess genome recovery rates across different methods, including isolate genomes, MAGs, and
SAGs. | also described the implementation of the EcoPhylo workflow to scale ribosomal pro-
tein phylogeography from individual metagenomic sequencing projects to entire biome-level
genome and metagenome collections e.g. in the global surface ocean. To expand the applica-
tions of this framework, | designed the EcoPhylo workflow in a modular fashion to explore any
protein family phylogenies.

Examining the phylogenetics of a protein family can yield insights into protein evolution,
particularly when expanding your search for homologs outside of genome collections into en-
vironmental metagenomic assemblies. For example, environmental metagenomes have been
surveyed for rhodopsin proteins from the phylum Saccharibacteria to explore protein family
diversity and the exchange of retinol between these episymbionts and their hosts (Jaffe et al.,
2022). EcoPhylo empowers analysis like these because (1) its scalability allows for the pro-
cessing of massive genome and metagenomic datasets and (2) the workflow can use any
protein family HMM to identify homologs. In the first section of this chapter, | demonstrate
how | used EcoPhylo to efficiently uncover evolutionary insights into a protein family of res-
piratory reductases and their coevolution with substrates by extracting hundreds of homologs
from reference genomes of the human gut microbiome and analyzing their phylogenetic clade
structure. (Little et al., 2024). Next, | highlight a unique application of EcoPhylo to efficiently

detect genomes in metagenomic data (Veseli et al., 2024a). Finally, | discuss future applica-
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tions of EcoPhylo to profile other protein families explored in Schroer (2023) to expand novel

functional annotations of model organisms to the environment.

4.2 Investigation into evolutionary trajectories of flavin reductases

reveals distinct active sites with related electron acceptors

This section is derived from the following publication:

Little, A. S., Younker, I. T., Schechter, M. S., Bernardino, P. N., MAlheust, R., Stem-
czynski, J., Scorza, K., Mullowney, M. W., Sharan, D., Waligurski, E., Smith, R., Raman-
swamy, R., Leiter, W., Moran, D., McMillin, M., Odenwald, M. A., lavarone, A. T., Sidebottom,
A. M., Sundararajan, A., ... Light, S. H. (2024). Dietary- and host-derived metabolites are
used by diverse gut bacteria for anaerobic respiration. Nature Microbiology, 9(1), 55aAS69.

https://doi.org/10.1038/s41564-023-01560-2

4.2.1 Abstract

Respiratory reductases enable microorganisms to use molecules present in anaerobic ecosys-
tems as energy-generating respiratory electron acceptors. Here, we identify three taxonomi-
cally distinct families of human gut bacteria (Burkholderiaceae, Eggerthellaceae, and

Erysipelotrichaceae) that encode large arsenals of tens to hundreds of respiratory-like re-
ductases per genome. Screening species from each family (Sutterella wadsworthensis, Eg-
gerthella lenta, and Holdemania filiformis), we discover 22 metabolites used as respiratory
electron acceptors in a species-specific manner. Identified reactions transform multiple classes
of dietary- and host-derived metabolites, including bioactive molecules resveratrol and ita-
conate. Products of identified respiratory metabolisms highlight poorly characterized com-
pounds, such as the itaconate-derived 2-methylsuccinate. Reductase substrate profiling de-

fines enzyme—substrate pairs and reveals a complex picture of reductase evolution, provid-
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ing evidence that reductases with specificities for related cinnamate substrates independently
emerged at least four times. This study establishes an exceptionally versatile form of anaero-

bic respiration that directly links microbial energy metabolism to the gut metabolome.

4.2.2 Introduction

Heterotrophic cellular respiration is defined by the oxidation of an electron donor and the trans-
fer of electrons through an electron transport chain to a terminal electron acceptor (Moodie and
Ingledew, 1990). This is leveraged to form an ion gradient that powers oxidative adenosine
triphosphate (ATP) synthesis through ATP synthase. While oxygen is the classic respiratory
electron acceptor, microorganisms residing in oxygen-poor environments possess respiratory
metabolisms that use alternative electron acceptors. In fact, these alternative electron accep-
tors, such as carbon, nitrogen, and sulfur chemical species, play roles in global biogeochemi-
cal processes.

Fermentative metabolisms are the primary source of energy conservation for the micro-
biome in the human gut. However, some classic anaerobic respiration pathways have also
been identified in the human gut. For example, acetogens and methanogens leverage carbon
dioxide as a terminal electron acceptor (Smith et al., 2019). Interestingly, inflammation states
in the human gut stimulate the production of terminal electron acceptors from the microbiome
(Hydrogen peroxide and tetrathionate) and the immune system, which produces nitrate. This
allows both commensal and pathogens to use respiration as a source of energy conservation
(Winter et al., 2010).

The majority of research into anaerobic cellular respiration focuses on classic inorganic sol-
uble and insoluble (Aguilar and Nealson, 1994) electron acceptors. However, recent evidence
has shown that taxa such as Eggerthella lenta the neurotransmitter dopamine as a terminal
electron acceptor (Maini Rekdal et al., 2020). This recent find opens doors to new questions in

the metabolism landscape of the human gut microbiome and how anaerobic respiration plays
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a part.

In this study, Little et al. (2024) used a genome-mining approach to explore the usage
of respiratory electron acceptors in the human gut microbiome. As a result, we identified
three taxonomically distinct families of gut microbes that encode unusually high numbers of
respiratory-like reductases, in some cases, over 100 paralogues. To further explore this, |
performed a pangenome analysis on publicly available isolate genomes to compare respiratory
reductase gene content between genomes, highlighting how multiple genomes from the same
taxa contain vast arsenals of these paralogues.

Using reductase substrate profiling through a combination of growth assays and RNAseq
Little et al. (2024) identified enzyme-substrate Sutterella wadsworthensis, Eggerthella lenta,
and Holdemania filiformis which included multiple cinnamates, flavonoids, four-carbon dicar-
boxylates, sulfoxides with electron-accepting groups including carbonaASoxygen bonds, hy-
droxyls, sulfoxides and alkenes. To further explore the evolution of reductases and their dif-
ferent active-site architectures in the article, | leveraged EcoPhylo to explore the clade struc-
ture of a reductase phylogeny as it relates to paired substrates and perform protein structure
alignments to identity differences in active-site residue content. We demonstrate that distinct
evolutionary pathways have produced enzymes with similar functions through different mech-
anisms. These findings highlight a unique mode of bacterial respiration characterized by the
flexible use of organic electron acceptors and shed light on how energy metabolism influences

the composition of the gut metabolome.
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4.2.3 Results

E. lenta, S. wadsworthensis, and H. filiformis exhibit dynamic paralogue ex-

pansion of respiratory reductases

To evaluate reductase evolutionary dynamics, | performed a reductase pangenome’ analysis,
which assessed the variability in the content of paralogous flavin reductases across repre-
sentative species E. lenta, S. wadsworthensis, and H. filiformis. For all three species, we
observed that individual strains differed in their reductase content, containing a 'core’ set of
reductases, which were present in all strains, and an 'accessory’ set of reductases present in a
subset of strains (Figure 4.1). The E. lenta reductase pangenome included the largest number
of genomes (Supplementary Table 4.1) and revealed the most intricate picture of reductase
evolution (23 core and 86 accessory reductases). Prevalence of accessory reductases also
varied, ranging from present in a single E. lenta strain to absent in a single strain. These
results provide evidence of the continued dynamism of reductase evolution and suggest the

selective advantage conferred by some reductases is strain-dependent.

Flavin reductases exhibit evolutionary complexity

We next explored the relationship between reductase evolution and substrate specificity. We
reasoned that new reductase activities could be acquired either by (1) horizontal gene trans-
fer or (2) gene duplication followed by functional divergence, and that these two scenarios
would lead to distinct relationships between reductase sequence and substrate specificity. To
investigate this, we constructed a phylogenetic tree using flavin reductases from E. lenta, S.
wadsworthensis, and H. filiformis (Figure 4.2).

Several branches in the resulting tree include reductases from multiple species. For exam-
ple, urocanate reductases from the three species are monophyletic and thus presumably share
a more recent common evolutionary history (Figure 4.2). However, a majority of branches on
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Figure 4.1: Flavin reductase pangenomes ofE. lenta, S. wadsworthensis, and H. fili-
formis. For each pangenome, the inner concentric layers represent uniqgue genomes while
the radial elements represent gene cluster presence (darker color) or absence (lighter color)
across the genomes. The outermost concentric circle, 'Max number paralogues, indicates
the maximum number of paralogues (defined as reductases with 60% sequence identity) one
genome contributes to the gene cluster. The second outermost circle, 'SCG clusters, indicates
single-copy core reductase that is, gene clusters for which every genome contributed exactly
one gene. Genomes (inner concentric layers) are clustered by the presence/absence of re-
ductase gene clusters. All vs all genome average nucleotide identity is depicted in the heat
map above the genome concentric layers.

the tree are highly sub-branched and exclusively contain reductases from a single genus.
These patterns suggest that both horizontal gene transfer and gene duplication may have
played substantial roles in reductase evolution within bacterial lineages.

The distribution of reductases with different activities in the tree suggests a convoluted evo-
lutionary history, with cinnamate reductases providing a striking example of the complex rela-
tionship between amino acid sequence and substrate specificity. We observed that, despite
catalyzing highly similar reactions, the eight E. lenta and H. filiformis reductases induced in
the presence of different cinnamate substrates separated into four phylogenetically distinct re-
ductase clades (Figure 4.2). Identified cinnamate reductases typically share >30% amino acid
sequence identity with other reductases within their clade, including reductases with distinct

substrate specificities. For example, H. filiformis cinnamate reductase CirD and urocanate re-

ductase UrdA are both from ‘reductase clade 1’ and share 32% sequence identity (Figure 4.2).
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Figure 4.2: Independent evolutionary trajectories and distinct active sites distinguish
flavin reductases with related electron acceptors. UrdA structure—previously published
crystal structure of the S. oneidensis UrdA in complex with urocanate and flavin adenine dinu-
cleotide (FAD) (PDB code 6T87). Reductase phylogeny—phylogenetic tree of flavin reductases
from E. lenta, S. wadsworthensis, and H. filiformis genomes. Bootstrap support values are
indicated by the size of the red dots at nodes of the tree and range from 70 to 100. Active-
site residues—representation of the sequence identity of active-site amino acids in reductase
clades 1—4 scaled to frequency within the multiple sequence alignment. Positions within the
multiple sequence alignment have been renumbered to active-site alignment position (AP).
Active site—AlphaFold models of CirD, CirC, CrdD, and CirA cinnamate reductases superim-
posed on the UrdA crystal structure. Activity—reductase activity of CirD, CirC, CrdD, and CirA
and active-site point mutants. Active-site mutations and alignment positions they correspond
to: CrdD H313A (AP1) and W510A (AP6); CirA R417A (AP2), Y469A (AP3), and Y634A (AP6);
CirC E311A and Y511A (AP6); CirD R542A (AP3) and R716A (AP6). The y-axis shows the
amount of reduced methyl viologen in the presence of the indicated electron acceptor.
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By contrast, the cinnamate reductases from different reductase clades share <26% sequence
identity, despite using similar substrates (Figure 4.2). The observations suggest that flavin
reductases with similar cinnamate substrate specificities independently evolved at least four

times.

Dissimilar reductase active sites catalyze related reactions

To clarify how different evolutionary trajectories may have independently generated reduc-
tases with similar cinnamate substrate specificities, we turned to previous mechanistic studies
of enzymes from the flavin reductase superfamily. Fumarate and urocanate reductases were
previously shown to contain two conserved active-site arginines including one that forms a
critical salt bridge with the substrate carboxyl group and a second proposed to facilitate cat-
alytic proton transfer to reduce the substrate enoate. As a similar substrate enoate group is
reduced by cinnamate reductases, we compared the substrate-bound urocanate reductase
crystal structure with AlphaFold (Jumper et al., 2021) structural models of cinnamate reduc-
tases from the four reductase clades (Figure 4.2). We found that active-site arginines were
conserved in reductase clade 1, including in the UrdA urocanate reductases and the CirD cin-
namate reductase (Figure 4.2, alignment positions 4 and 6). By contrast, arginines were not
conserved at the same positions in reductase clades 2—4. Instead, tyrosine was conserved at
alignment position 6 and other active-site amino acids exhibited variable, clade-specific pat-
terns of conservation (Figure 4.2).

To test whether the distinct patterns of active-site conservation in the four reductase clades
might reflect mechanistic distinctions, Little et al. (2024) generated point mutants that targeted
conserved amino acids in representative cinnamate reductases (CirA, CirC, CirD and CrdD)
from reductase clades 1—4. In each case, we found that conserved clade-specific active-site
amino acids were essential for activity (Figure 4.2). These results thus show that distinct

active-site architectures functionally distinguish the cinnamate reductase clades and suggest
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that parallel evolutionary processes produced flavin reductases with similar substrate speci-

ficities but substantial functional distinctions.

4.2.4 Discussion

In this study, we identify gut microbiome members characterized by a high count of respiratory-
like reductases in their genomes. Our findings indicate that these bacteria engage in respi-
ratory metabolism and highlight organic respiratory electron acceptors that show variability in
usage depending on the strain. Although many aspects of these functions are yet to be inves-
tigated, our results imply that a unique form of respiration, marked by the flexible utilization of
various organic respiratory electron acceptors, could be significant in the gut environment.

Interestingly, the bacteria identified in our studies possess reductase arsenals (often >50
reductases per genome) that stand apart from previously characterized (non-host associ-
ated) bacterial respiratory specialists. For example, the fresh-water-inhabiting bacterium She-
wanella oneidensis is widely cited as a model organism with exceptionally broad respiratory
capabilities, but possesses 'only’ 22 molybdopterin and flavin reductases (lkeda et al., 2021;
Heidelberg et al., 2002).

The majority of known respiratory electron acceptors utilized by non-host-associated respi-
ratory specialists, such as S. oneidensis, are small inorganic compounds. In contrast, the elec-
tron acceptors identified in this study are predominantly organic metabolites. This suggests
that the extensive expansion of reductase enzymes in gut bacteria may reflect the need for
enzymatic diversity to process the chemically complex and abundant metabolite electron ac-
ceptors found in the gut environment from the human diet. These findings point to ecosystem-
specific ecological factors driving the evolution of distinct respiratory strategies: (1) a broad
reductase repertoire enabling the respiration of diverse organic metabolites, versus (2) a more
limited reductase arsenal specialized for the respiration of fewer inorganic compounds.

In this article, | demonstrate that EcoPhylo can be a powerful workflow to explore the phy-
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logenetics of a protein family. The combination of phylogenetics and computational structural
biology was able to guide targeted experimentation in the lab, confirming respiratory reductase
active site residues. Future studies can leverage this computational biology - lab integration
strategy to perform more targeted biochemical experiments to confirm protein function. Given
that most reductases encoded by gut bacteria remain functionally uncharacterized, the identi-
fied metabolic pathways likely represent only a fraction of the interactions between respiratory
reductases and the gut metabolome. Future directions into respiratory electron acceptors in
the human gut could significantly enhance our understanding of the functional capabilities and

metabolic outputs of the gut microbiome leading to novel therapeutics.

4.2.5 Material and Methods

Reductase pangenomics

Pangenomes for E. lenta, S. wadsworthensis and H. filiformis were calculated using anvi'o
7.1 (with parameters anvi-pan-genome —mcl-inflation 10) (Delmont and Eren, 2018). Briefly,
the program (1) performed an all-versus-all National Center for Biotechnology Information
(NCBI) BLAST (Altschul et al., 1990) to create a sequence similarity network, (2) used the
Markov Cluster algorithm to resolve gene clusters and (3) was visualized with ’anvi-display-
pan’ (Altschul et al., 1990). Subsequently, the species pangenomes were subsetted for gene

clusters annotated with the Pfam PF00890 using ’anvi-split’ (Eren et al., 2021).

Reductase phylogenetics

Genomes for E. lenta, S. wadsworthensis and H. filiformis were downloaded using ncbi-
genome-download (https://github.com/kblin/ncbi-genome-download; see Supplementary Ta-
ble 4.1 for genome accessions). We then used anvi’o v7.1 to convert genome FASTA files into

contig databases
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(https://anvio.org/m/contigs-db) using the contig workflow (https://doi.org/10.1186/s13059-020-
02195-w), during which Prodigal v2.6.3 identified open reading frames (contigs workflow) (Hy-
att et al., 2010; Eren et al., 2021). Next, we used the EcoPhylo workflow implemented in anvi’'o
(https://anvio.org/m/ecophylo) in 4AYtree-modeaAZ to recover reductase genes in genomes
using the Pfam model PF00890 and to explain their phylogeny. Briefly, the EcoPhylo workflow
(1) used the program hmmsearch in HMMER v3.3.2 (Eddy, 2011) to identify reductases, (2) re-
moved hits that had less than 80% model coverage to minimize the likelihood of false positives
due to partial hits, (3) dereplicated resulting sequences using MMseqgs2 13.45111 (Steinegger
and Soding, 2017) to avoid redundancy, (4) calculated a multiple sequence alignment with
MUSCLE v3.8.1551 (Edgar, 2004) and trimmed the alignment by removing columns of the
alignment with trimal v1.4.rev15 (with the parameters aAY-gappyoutaAZ)(Capella-Gutiérrez
et al., 2009), (5) removed sequences that have more than 50% gaps using the anvi’'o program
anvi-script-reformat-fasta, (6) calculated a phylogenetic tree with the final alignment with 1Q-
TREE 2.2.0-beta COVID-edition (Minh et al., 2020) (with the parameters 'nt AUTO -m WAG -B
1000’) that resulted in a NEWICK formatted tree file and finally (7) visualized the tree in the

anvi’'o interactive interface.

Reductase active-site conservation analyses

AlphaFold models of CirA, CirC, CirD and CrdD were downloaded from Uniprot (Jumper et al.,
2021). Active-site amino acids were identified by independently superimposing N- and C-
terminal domains of AlphaFold models to the substrate-bound urocanate reductase crystal
structure (PDB code 6T87) using PyMOL v2.5.1 (http://www.pymol.org/pymol) "align’ (Vensku-
tonyté et al., 2021). Next, sequences in the monophyletic clade surrounding the experimen-
tally validated sequences were subsetted from the reductase multiple sequence alignment
using the program anvi-script-reformat-fasta and alignment positions were sliced in Jalview

(v2.11.2.5) (Waterhouse et al., 2009). Finally, the extent of conservancy among the active-
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site-associated residues was visualized with WebLogo 3 https://weblogo.threeplusone.c

om/create.cgi.

4.2.6 Supplementary tables

This section’s supplementary tables are accessible at doi: 10.1038/s41564-023-01560-2

Table 4.1: E. lenta, S. wadworthensis, and H. filiformis genomes used for reductase phyloge-
netics (Table S14).

121


https://weblogo.threeplusone.com/create.cgi
https://weblogo.threeplusone.com/create.cgi
https://static-content.springer.com/esm/art%3A10.1038%2Fs41564-023-01560-2/MediaObjects/41564_2023_1560_MOESM3_ESM.xlsx

4.3 Application of EcoPhylo to quickly survey genomes in

metagenomes

This section is derived from the following publication:

Veseli, I., Chen, Y. T., Schechter, M. S., Vanni, C., Fogarty, E. C., Watson, A. R., Jabri, B.,
Blekhman, R., Willis, A. D., Yu, M. K., Fernandez-Guerra, A., FAijsseI, J., & Eren, A. M. (2023).
Microbes with higher metabolic independence are enriched in human gut microbiomes under
stress. eLife, 12, RP89862. https://doi.org/10.7554/eLife.89862

Reduced microbial diversity in the gut is linked to numerous inflammatory diseases. How-
ever, the ecological drivers of this decline in microbial richness remain unclear, complicating
our understanding of the microbiota’s role in disease. To investigate this, Veseli et al. (2024a)
explored the hypothesis that environmental stresses from host inflammation in various Gl dis-
ease states select for microbes with high metabolic independence (HMI) (Watson et al., 2023).
This refers to microbes with larger genomes that harbor an increased number of biosynthetic
metabolic modules, enabling them to thrive with minimal reliance on cross-feeding in less di-
verse microbiomes.

Veseli et al. (2024b) systematically analyzed human gut metagenomes and found that mi-
crobes with higher HMI indexes were more prevalent in gut metagenomes of patients with
Inflammatory Bowel Disease (IBD). Testing this hypothesis required a large collection of gut
microbial genomes, but no publicly available gut-specific genome collections were sufficiently
large. To address this, Veseli et al. (2024a) leveraged EcoPhylo to subset 19,226 genomes
from the Genome Taxonomy Database (GTDB) (Parks et al., 2018), focusing on three major
gut-associated phyla (Bacteroidetes, Firmicutes, and Proteobacteria (Woting and Blaut, 2016;
Turnbaugh et al., 2008)) by profiling their presence in 150 healthy gut metagenomes from
the Human Microbiome Project (HMP) (asd, 2012). Standard approaches for identifying if a
genome is detected in a metagenomic dataset would require performing metagenomic read

recruitment across the whole genome. However, scaling this up to thousands of genomes
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Figure 4.3: Identification of HMI genomes and their distribution across gut samples.
A) Histogram of Ribosomal Protein S6 gene clusters (94% ANI) for which at least 50% of
the representative gene sequence is covered by at least 1 read (>= 50% 'detection’) in fecal
metagenomes from the Human Microbiome Project (HMP) (Human Microbiome Project Con-
sortium 2012). The dashed line indicates our threshold for reaching at least 50% detection
in at least 10% of the HMP samples; gray bars indicate the 11,145 gene clusters that do not
meet this threshold while purple bars indicate the 836 clusters that do. The subplot shows data
for the 836 genomes whose Ribosomal Protein S6 sequences belonged to one of the passing
(purple) gene clusters. The y-axis indicates the number of healthy/IBD gut metagenomes from
our set of 330 in which the full genome sequence has at least 50% detection, and the x-axis
indicates the genome’s maximum detection across all 330 samples. The dashed line indicates
our threshold for reaching at least 50% genome detection in at least 2% of samples; the 338
genomes that pass this threshold are tan and those that do not are purple.
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would be computationally expensive. By contrast, EcoPhylo can use individual ribosomal
proteins to act as a proxy for the presence of a whole genome in a metagenome, thereby
dramatically improving computational efficiency. Veseli et al. (2024a) thus used EcoPhylo and
Ribosomal Protein S6 to profile the presence 19,226 input genomes in HMP. This resulted in a
final subsetted list of 338 reference genomes (Figure 4.3). The subsetted genomes detected
with EcoPhylo in HMP included 258 (76.3%) Firmicutes, 60 (17.8%) Bacteroidetes, and 20
(5.9%) Proteobacteria. Most of these genomes resolved to families common to the colonic
microbiota, such as Lachnospiraceae (30.0%), Ruminococcaceae / Oscillospiraceae (23.1%),
and Bacteroidaceae (10.1%) (Arumugam et al. 2011), while 5.9% belonged to poorly-studied

families.

4.3.1 Material and Methods

|dentification of gut microbial genomes from the GTDB

We took 19,226 representative genomes from the GTDB species clusters belonging to the
phyla Firmicutes, Bacteroidetes, and Proteobacteria, which are most common in the human
gut microbiome (Woting and Blaut 2016). To evaluate which of these genomes might represent
gut microbes in a computationally-tractable manner, we ran the anviaAZo 4AYEcoPhyloaAZ
workflow (https://anvio.org/m/ecophylo) to contextualize these populations within 150 healthy
gut metagenomes from the Human Microbiome Project (HMP) (asd, 2012). Briefly, the Eco-
Phylo workflow (1) recovers sequences of a gene family of interest from each genome and
metagenomic sample in the analysis, (2) clusters resulting sequences and picks representa-
tive sequences using mmseqs2 (Steinegger and Soding, 2017), and (3) uses the represen-
tative sequences to rapidly summarize the distribution of each population cluster across the
metagenomic samples through metagenomic read recruitment analyses. Here, we used the

Ribosomal Protein S6 as our gene of interest, since it was the most frequently-assembled
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single-copy-core gene in our set of GTDB genomes. We clustered the Ribosomal Protein S6
sequences from GTDB genomes at 94% nucleotide identity.

To identify genomes that were likely to represent gut microbes, we selected genomes
whose ribosomal protein S6 belonged to a gene cluster where at least 50% of the representa-
tive sequence was covered (i.e. detection >= 0.5x) in more than 10% of samples (i.e. n > 15).
There are 100 distinct individuals represented in the 150 HMP gut metagenomes 4AS 56 of
which were sampled just once and 46 of which were sampled at 2 or 3 time points 4AS so this
threshold is equivalent to detecting the genome in 5% - 15% of individuals. From this selec-
tion we obtained a set of 836 genomes; however, these were not exclusively gut microbes, as
some non-gut populations have similar ribosomal protein S6 sequences to gut microbes and
can therefore pass this selection step. To eliminate these, we mapped our set of 330 healthy
and IBD metagenomes to the 836 genomes using the anvi'o metagenomics workflow, and
extracted genomes whose entire sequence was at least 50% covered (i.e. detection >= 0.5x)
in over 2% (n > 6) of these samples. Our final set of 338 genomes was used in downstream

analysis.

Data availability

Accession numbers for publicly available data are listed in our Supplementary Tables at doi:10
.6084/m9. figshare.22679080. Our Supplementary Files are also available at
doi:10.6084/m9.figshare.22679080. Contigs databases of our assemblies for the 408 deeply-
sequenced metagenomes can be accessed at doi:10.5281/zenodo.7872967, and databases
for our assemblies of the (Palleja et al., 2018) metagenomes can be accessed at doi:
10.5281/zen0do.7897987. Contigs databases of the 338 GTDB gut reference genomes are
available at doi:10.5281/zenodo.7883421.
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4.4 Future directions of the EcoPhylo

In this chapter of my thesis, | demonstrated the versatility of EcoPhylo in addressing various
biological questions, including the investigation of a reductase protein family. A notable exam-
ple is the work by Little et al. (2024), which combined genome mining across the tree of life
with experimental validation to investigate the evolution of a specific protein family. This strat-
egy can be implemented with protein family and other protein expression systems. A potential
future project could investigate other protein families across a large collection of genomes e.g.
examining the phylogenetic distribution of mucin degradation enzymes and testing their ability
to degrade mucins in different animal species.

Additionally, Veseli et al. (2024a) cleverly applied EcoPhylo to significantly reduce the com-
putational time required for detecting genomes within metagenomes. This strategy could be
applied to any project that seeks to quickly identify a subset of genomes from metagenomic
surveys. For example, one potential application would be to leverage an isolate bank of com-
mensal microbes to determine which strains are most prevalent across various human popu-
lations. This could help inform decisions regarding the development of future probiotics.

Another example of a future application of the EcoPhylo workflow is a study in preparation

that creatively implements this approach to ABC transporter protein complexes.

This section is derived from the following publications in prep:

Schroer, W. F,, Schechter, M. S., Saunders, J. K., Eren, A. M., Moran, M. A. (2024) High-
confidence global mapping of bacterial substrate uptake potential in prep. http://proxy.uc
hicago.edu/login?url=https://www.proquest.com/dissertations-theses/metaboli

te-transport-role-marine-microbial/docview/2917419506/se-2.

In the same light as ribosomal proteins, other gene families can act as proxies for biolog-
ical phenomena. For example, measuring the abundance patterns of nifH in environmental

genomes offers a dual advantage: it allows for tracking microbial diversity while identifying

126


http://proxy.uchicago.edu/login?url=https://www.proquest.com/dissertations-theses/metabolite-transport-role-marine-microbial/docview/2917419506/se-2.
http://proxy.uchicago.edu/login?url=https://www.proquest.com/dissertations-theses/metabolite-transport-role-marine-microbial/docview/2917419506/se-2.
http://proxy.uchicago.edu/login?url=https://www.proquest.com/dissertations-theses/metabolite-transport-role-marine-microbial/docview/2917419506/se-2.

organisms with the genetic potential for nitrogen fixation. Expanding on this concept, the phy-
logeography of other protein families could offer insights into the biogeography of microbial
functions. Further, tracking microbial proteins involved in substrate transport could enable
indirect monitoring of those substrates using environmental metagenomic surveys.

In Schroer (2023), | used EcoPhylo to track the ATPase subunit of a taurine ABC trans-
porter to identify regions in the ocean with high taurine flux, a metabolite known for its cryptic
flux. Cryptic flux refers to metabolites that are difficult to measure directly due to low concen-
trations or rapid consumption by surrounding microbes (Durham et al., 2014). For instance,
2,3-dihydroxypropane-1-sulfonate (DHPS) in the North Pacific is rapidly consumed, making it
challenging to detect with conventional analytical methods (Durham et al., 2014). A potential
workaround is to measure the presence of a protein responsible for transporting the metabo-
lite into cells in that environment. The success of this application of EcoPhylo in Schroer
(2023) was enabled by the wet lab experiments in Schroer et al. (2023), which functionally
annotated ABC transporters in the model pelagic heterotroph Ruegeria pomeroyi. By combin-
ing functional annotations in model organisms with environmental metagenomic surveys, this
workflow provides a powerful approach to linking proteins to their environmental roles in global

biogeochemical cycles.
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CHAPTER 5
CONCLUSIONS

5.1 Summary of contributions

Microbiome research is critical because of its impact on human health, ecosystems, and global
processes. As the cost of DNA sequencing has plummeted (x < $1000 to sequence the hu-
man genome), it is now possible to sequence incredible amounts of environmental genomes
and metagenomes, enabling researchers to generate unprecedented volumes of ‘'omics data.
To handle this influx of data, innovative strategies are required to analyze, interpret, and store
these datasets effectively. In Chapter 2, | detail my contributions to the open-source ’omics
platform anvi’'o to empower microbiologists in processing and interpreting large-scale data.
These contributions range from standalone bioinformatics tools like ‘anvi-export-locus’ to scal-
able computational workflows capable of processing terabytes of data, such as the anvi'o
EcoPhylo workflow. Beyond developing software, | prioritized improving accessibility to bioin-
formatics by providing comprehensive documentation and tutorials. These efforts reflect the
ethos of my PhD work: making computational biology more accessible to the broader scientific
community.

The rapid growth of genome collections in recent years has further highlighted the need
for new methods to address gaps in microbial ecology research. In Chapter 3, | argue that
studying microbial genomic data beyond final genome collections is essential. This thesis
demonstrates that the phylogeography of gene families can offer valuable insights into micro-
bial ecology, extending our understanding beyond individual genomes to metagenomic assem-
blies.

In Chapter 3, | showcase the application of the anvi'o EcoPhylo workflow to ribosomal
proteins to track genome recovery across microbiomes from the human oral cavity, gut, and
surface ocean. This analysis revealed discontinuities between genome collections and micro-
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bial populations in the environment. My research provides a framework for microbiologists
to make informed decisions about the most effective methods for recovering specific taxa in
particular environments. Future microbiome sampling projects can use the EcoPhylo workflow
to assess the phylogenetic and functional diversity of microbial communities, identify gaps
in genome collections, and prioritize the recovery of genomes from underrepresented taxa.
By tailoring recovery strategies to specific ecological functions or conserved markers, micro-
biologists can optimize sampling, assembly, and annotation workflows to enhance genome
recovery. This targeted approach accelerates the discovery of novel microbial lineages and
improves our understanding of their ecological roles. Furthermore, microbiologists can quan-
tify prior genome recovery rates to justify selecting a specific genome recovery method in
future grant applications.

In Chapter 4, | showcase the modular nature of the EcoPhylo workflow by extending its ap-
plication to alternative gene families beyond ribosomal proteins. These instances highlight the
workflow’s adaptability in revealing new insights into microbial ecology and protein evolution,
further illustrating its potential for widespread utilization in the field. Importantly, | demonstrate
how EcoPhylo facilitates the examination of evolutionary patterns in flavin reductase protein
families and effectively identifies genomes within metagenomic datasets.

This thesis collectively showcases how innovations in bioinformatics data analysis tools

and workflows can reveal even greater insights from publicly available microbial ‘'omics data.

5.2 Concluding remarks and perspectives

My Ph.D. training experience has equipped me with a valuable skill set in developing scientific
software and workflows alongside my research. The skills I've honed in scientific programming,
data analysis (particularly with terabytes of data), data visualization, engineering, and creative
thinking have deeply influenced my approach to science. Through this journey, | have gained

a deep appreciation for the complexity and effort required in both software development and
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the pursuit of reproducible open science. There were times when | wondered how much
quicker | could have completed my projects had | not developed bioinformatics software as
a byproduct of my work. However, upon reflection, | realized that the value added to the
scientific community lies not in completing projects faster but in the lasting impact of science
that is reproducible, scalable, and accessible. By providing software, documentation, and
tutorials, | believe I've contributed to making science more accessible in addition to reporting
my scientific findings — | hope to instill this principle in my future scientific endeavors. Beyond
the technical training of this Ph.D., | have built resilience and productivity skills that will last
me a lifetime. Through extensive independent thinking, writing, and programming (what'’s the
difference?), I've built the confidence to tackle any challenge. Even challenges as complex as
microbial ecology.

At the start of my Ph.D., | argued in a blog post that microbiology was transitioning from
a genome-centric phase (Metagenomics 2.0) to a high-resolution phase (Metagenomics 3.0).
This new phase would emphasize innovation in data analysis techniques to explore the grow-
ing genomic collections in unprecedented detail (Schechter, 2020). To contribute to this tran-
sition, | developed the EcoPhylo workflow to better analyze, benchmark, and leverage the
wealth of genomic data generated during Metagenomics 2.0. However, the ability to conduct
such analyses on publicly available data hinges on the commitment of laboratories to make
their data FAIR (Findable, Accessible, Interoperable, and Reusable) (Wilkinson et al., 2016).
| strongly advocate for the continued adoption of open data and open science practices, es-
pecially as large language models increasingly leverage these datasets for advancements in
artificial intelligence.

In Chapter 3 of my thesis, the EcoPhylo workflow provided valuable insights into the ecol-
ogy and evolution of microbial communities in the global surface ocean. Compared to its
application in human gut and oral cavity microbiome sequencing projects, the workflow was

particularly effective at uncovering ecological patterns in the marine microbiome. This raises

130



an important question: why was the EcoPhylo workflow more successful in analyzing marine
microbiomes?

One explanation may lie in the size and diversity of the dataset, which included genomes
and metagenomes collected from across an entire biome, the global surface ocean. Applying
EcoPhylo to this expansive and varied dataset allowed me to identify broad ecological trends,
such as the ecology of SAR11 subtypes and patterns of cold adaptation across multiple clades.
These results suggest that using similarly large-scale datasets for human gut and oral cavity
microbiomes from diverse populations worldwide could yield equally profound insights into
those habitats.

If a particular goal of microbiome research is to understand the fundamental principles of
microbial ecology, it is essential to focus on environments that are both easily accessible for
large-scale sampling and rich in diverse habitats that can be enriched with metadata. While
the global ocean provides immense ecological insights, its sampling remains expensive and
logistically challenging. Similarly, while the human gut microbiome is the most extensively
studied, most samples are restricted to the endpoint of the large intestine, offering only a partial
perspective of the broader microbial ecosystem of the Gl tract. Innovations in sampling the
biogeography of the gut microbiome could improve this effort (Mimee et al., 2018). In contrast,
the human oral cavity represents a highly accessible target for large-scale microbiome studies.
It encompasses multiple distinct habitats (e.g., teeth, tongue, cheeks) within a single sampling
site and allows for the collection of rich metadata, including saliva composition, host genetics,
immune factors, and diet. A global-scale human oral microbiome sequencing project could
generate many new genomes and serve as a foundational study to unravel microbial ecological
principles such as colonization, ecosystem stability, host-microbe interactions, and genomic
adaptation.

This is an exciting time for microbiome research, as high-throughput genome recovery is

becoming the norm. While | hope new projects continue to generate high-quality genomes and
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explore the vast seas of microbial ecology, | also believe it is equally important to innovate data
analysis techniques to extract even more insights from existing datasets. | envision the anvi'o
EcoPhylo workflow playing a crucial role in benchmarking these expanding genome collections

and enhancing our understanding of microbial ecology across diverse environments.
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