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The totality of microbial species and their associated genomes living
within the human gastrointestinal tract are known collectively as the human
gut microbiome. The human gut microbiome is an integral part of human
health. There is some evidence that human genomic variation is associated
with differences in the composition of the gut microbiome, leading to
potential health effects. For example, mutations in NOD2, a gene associated
with Crohn’s disease, and mutations in MEFV, a gene causing
Mediterranean fever, are associated with compositional shifts in certain
bacterial phyla. By jointly analyzing the genomes and the metagenomes of
individuals in a population, we can uncover the connection between the two,
and how they relate to health outcomes using health or phenotype data. To
investigate these questions, I used the shotgun metagenomic sequencing
data, along with genotype and phenotype information, for 250 adult female
twins from TwinsUK.

To understand the link between the gut microbiome’s composition
and functions with human health outcomes, I apply classical statistical and
machine learning methods to identify features of the gut microbiome that
can predict host diseases and phenotypes. I find interesting results for
anxiety symptoms within twin pairs who are discordant for anxiety.
Specifically, 175 genes were found to be enriched in the twins without
anxiety and absent in those with anxiety. Using strain-level metagenomic
analyses, I identify the source of these genes as a species within the genus
Azospirillum.
Studies of the impact of host genetics on the gut microbiome
composition have mainly focused on the impact of individual host variants,
without considering their collective impact or the specific functions of the
gut microbiome. To assess the aggregate role of human genetics on the gut
microbiome composition and function, I apply both the Tweedie
distribution, for modeling gene and species abundances in metagenomic
data, and the multivariate data integration method known as sparse canonical
correlation analysis to the challenge of identifying correlations between
overall host genetics and the composition of the gut microbiome or its
composite functions.
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CHAPTER 1: Introduction and Review

This part of the dissertation is adapted from the review article by Felicia
New and Ilana Brito in 2020. It is published in Annual Reviews
Microbiology. New FN, Brito IL. (2020). "What Is Metagenomics Teaching
Us, and What Is Missed?" Annual Reviews Microbiology. 74:117-35.

Abstract
Shotgun metagenomic sequencing has revolutionized our ability to detect
and characterize the diversity and function of complex microbial
communities. In this review, we highlight the benefits of using
metagenomics as well as the breadth of conclusions that can be made using
currently available analytical tools, such as greater resolution of species and
strains across phyla and functional content, while highlighting challenges of
metagenomic data analysis. Major challenges remain in annotating function,
given the dearth of functional databases for environmental bacteria
compared to model organisms, and the technical difficulties of metagenome
assembly and phasing in heterogeneous environmental samples. In the
future, improvements and innovation in technology and methodology will
lead to lowered costs. Data integration using multiple technological
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platforms will lead to a better understanding of how to harness
metagenomes. Subsequently, we will be able to not only characterize
complex microbiomes but also able to manipulate communities to achieve
prosperous outcomes for health, agriculture, and environmental
sustainability.

Introduction
The tools of microbiology—microscopy, culturing, and genetic
engineering—have allowed researchers to observe, grow, and experiment on
a small number of well-studied organisms, revealing insights into their
biological, ecological, and evolutionary capacities. Yet microbes live nearly
everywhere on Earth, have vast influence over ecosystem services and host
health, and are dominant members of all three domains of life. Despite
scientific awareness of this diversity, it has remained unexplored until
recently. The advent of high-throughput sequencing platforms has rapidly
enhanced our ability to understand the diversity of species in microbiomes
by coupling physiological data with the underlying genetic data. Though
metagenomes have given us glimpses into the diversity and function of
complex microbiomes, this data can itself be incomplete, biased, and
challenging. It is thus important to be extremely critical of and to understand
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the limitations of metagenomic data as the scientific community continues
to embrace this technology.
Due to the cost, computational footprint, and analytical hurdles of
whole-microbiome shotgun sequencing, amplicon sequencing of the 16S
rRNA gene is used broadly to determine the taxonomic identities of
members of a microbial community. The 16S rRNA gene, ubiquitous in all
bacteria and archaea, was chosen as a genetic marker for taxonomic
identification for several reasons. Barring some exceptions, this gene is
evolutionarily stable, meaning that it has gone through little horizontal gene
transfer, follows a molecular clock, and has regions of conservation and
regions of divergence. For most microbiomes, several tens of thousands of
sequences are adequate to assess the diversity in a sample (55a), and as of
2020, the cost of DNA extraction, library preparation, and sequencing
would cost less than $25–50 per sample, depending on the number and
sample type, making this data type the most broadly accessible. With this
accessibility has come streamlined analytical platforms, such as QIIME (13),
UCHIME2 (37), mothur (97), and dada2 (25), using reference-based
assignment of taxonomies and/or de novo sequence clustering.
Yet, sequencing this single gene to determine community composition
results in several complications, arising from the facts that organisms may
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carry 1–15 genetically dissimilar, and occasionally fairly distant, copies; that
artifacts, such as chimeras and jackpot effects, arise during the amplification
process; and that the resolution of taxa varies depending on the branch of
the bacterial tree of life. Despite innovations to solve these problems, both
experimentally and computationally, with programs to remove chimeras and
deal with errors inherent to the platform (25), significant biases may remain.
As a result, the studies exploit the low cost and streamlined computational
analyses of 16S rRNA data sets either to cover large dense time courses
where increased coverage can mitigate the effects of noise, or diverse
ecologies where the differences are more robust.
With the increasing appreciation for dramatic phenotypic differences
arising from differences in the genomic content of organisms and strains,
there has been a movement toward using higher-resolution differences in
16S sequences, called amplicon sequence variants (ASVs). Previously, DNA
sequences would be clustered at 97% sequence identity, a cutoff meant to
distinguish between species while masking the effect of PCR (polymerase
chain reaction) or sequencing errors. Among the benefits of using ASVs
rather than clustered 16S sequences are a greater comparability across
studies, greater reproducibility, and lack of reliance on previously curated
reference libraries (24).
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As part of this trend to obtain greater resolution, whole-microbiome
shotgun sequencing, hereafter referred to as metagenomics, is becoming an
important data type for many studies aiming to understand the mechanisms
driving microbiome-associated traits. Rather than amplifying a single gene, all
the DNA within a sample is sequenced, regardless of whether it originated
from bacteria. DNA is simply extracted, made into libraries, and sequenced
either on a short-read platform (e.g., sequencing by synthesis, such as
Illumina’s platform) or on a long-read platform [e.g., single-molecule realtime (SMRT) sequencing, used by PacBio, or nanopore, used by Oxford
Nanopore]. Recently, with the decreased costs of DNA sequencing and
library preparation, studies have grown in breadth and scope.
This review focuses mainly on the benefits of using metagenomics and
outlining the breadth of conclusions that can be made using currently
available analytical tools, such as greater resolution of species and strains
across phyla and functional content, while highlighting challenges of
metagenomic data analysis (Figure 1). These major challenges include
annotating function, given the relative lack of functional databases for
environmental bacteria compared to model organisms, and the technical
challenges of assembly and phasing in heterogeneous environmental
samples.
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Figure 1.1. Metagenomic shotgun sequencing, the profiling of all DNA
present within a microbiome sample, has many benefits and challenges. (a)
DNA is extracted, made into libraries, and sequenced. The genomic and
cellular context is lost during the process, and the output is reads that need
to be organized into meaningful groups. (b) Assembly and binning are
general steps for many analyses including taxonomic and functional
profiling. However, many challenges and unknowns remain, here denoted by
question marks: (c) Strain profiling methods have improved, but it is difficult
to know what variation is missed; (d) unbinned contigs originating from
plasmids, sequencing errors, or low-abundance (or low-sampled) organisms
are indistinguishable; (e) many genes found in microbiome samples remain
unannotated; and (f) it is difficult to link metagenomic data to host traits.
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What has metagenomics taught us?

A trove of new (draft) genomes
Many of the earliest metagenomic studies used alignments to reference
genomes to assess composition and function (62). Given a suitable reference
catalog of genes, coding regions, or reference genomes, metagenomic data
can be mapped to the reference using a typical alignment software. Yet,
many environmental metagenomic samples, still to this day, lack appropriate
representative reference genomes. A simple study where spores were selected
from human gut microbiome samples revealed 45 novel candidate species
(22), despite relatively deep study of the human gut microbiome. Advances
in culturing of organisms are improving our reference libraries of previously
unknown or unculturable species (65, 95), yet de novo assembly methods are
still necessary to fill this knowledge gap. While single-genome assemblers
were not appropriate for assembling metagenomes, because of the varying
abundances of bacteria within a community, tools were designed to account
for and leverage these distinctive metagenomic qualities to assemble draft
genomes within complex, heterogeneous assemblies.
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Methods to assemble metagenomes
Overlap or consensus assembly methods were initially applied for DNA
sequence assembly. These methods use a greedy algorithm and were
originally created for Sanger sequencing (4). Given that pairwise
comparisons of every read must be made, they are computationally
expensive and became less suitable for next generation sequencing (NGS).
The algorithm underlying de Bruijn graph assemblers breaks the sequencing
reads down into uniform k-mers of a specified size, k. The k-mers are used
as nodes in the graph, and overlapping nodes are connected by an edge. The
assembler then constructs sequences based on the compiled graph. These
methods (4, 102a, 133a) reduced the computational memory requirements
because they essentially compress the repetition inherent to NGS data,
negating the need to perform pairwise read alignments. Despite the gains in
performance, several challenges remain. As reads are broken down into kmers, some genomic context is lost. Additionally, the choice of k-mer size
and the choice of tools can significantly alter an assembly. One solution
helpful for metagenomes has been to employ iterative de Bruijn graph
assembly, which combines graphs from various k-mer sizes (78, 87).
Currently, there is no single best practice. In the Critical Assessment of
Metagenome Interpretation (CAMI) challenge (98) to assemble
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metagenomes, the simulated data assembly had 39,140 contigs and was 1.97
Gbp long. However, other programs resulted in a range of results:
MEGAHIT (66) resulted in the largest assembly, with 587,607 contigs, of
1.91 Gbp, whereas the smallest assembly, produced by Ray Meta (12), was
12.3 Mbp long and had just 13,847 contigs. We recommend the review paper
by Ayling et al. (4) and the CAMI challenge (98) for comparisons of these
methods.
A subsequent challenge is making sense of the thousands of relatively
small contigs that can result from assembling heterogeneous microbiome
data. Whereas contigs could be binned into genomes based on taxonomic
markers, genomes are typically fragmented, incomplete, and contaminated.
New algorithms to bin contigs have led to higher-fidelity genome assembly.
Binning algorithms use several different metrics to group contigs: DNA
composition, GC content, tetranucleotide frequency, depth of sequencing
coverage, and abundance or co-abundance patterns across multiple samples
(2, 54, 57, 128). An alternative method is to bin reads that are predicted to be
derived from the same organism prior to assembly (29). There are also
downstream tools that combine output from several binning tools (101, 108,
117) to refine and recombine contigs with the goal of identifying cleaner and
more complete metagenome-assembled genomes (MAGs).
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These techniques have been applied to large numbers of metagenomes to
reconstruct draft genomes in a uniform manner. Nayfach et al. (77)
reconstructed draft genomes from 3,810 publicly available human gut
metagenomic samples, and Pasolli et al. (85) analyzed 9,428 metagenomes
across microbiomes on different body sites. Both studies prioritized
assemblies from international cohorts, including those in areas of the world
in which fewer microbiome studies have been performed overall. The
former study resulted in over 2,000 newly identified species, accounting for a
50% increase in the phylogenetic diversity of the human gut microbiome.
Despite the creative use of recent tools to recover this vast diversity from
individual gut samples, strain-level diversity and sequencing depth still pose a
challenge to MAG assembly. The latter study reconstructed 154,723 MAGs,
increasing the mappability of human metagenomic reads from around 67%
to over 87% in gut microbiome samples, and from 65% to 82% in oral
microbiome samples. These two studies highlight a particularly timely
challenge to the field, the need to internationalize metagenomic sequencing
efforts (89). Most of the unknown or uncharacterized species found in these
studies were found in non-Western, low- and middle-income populations.
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Metagenomic assembly quality
Following assembly, it is important to assess quality. Since there is often no
ground truth in metagenomic sequencing for environmental samples,
assembly quality is usually evaluated using summary statistics from singlegenome assembly methods like size, contig N50, and maximum contig
length (15). Completeness and contamination are the two main metrics that
researchers rely on for assessing MAG quality. Completeness relies on the
identification of marker gene sets and can miss strain heterogeneity.
Likewise, contamination is derived from a set of single-copy marker genes
and can be complicated if genes overlap contig gaps (38, 84, 102, 113).
However, many of these tools rely on taxon-specific metrics that are better
suited for those organisms that are well studied, and therefore they lack the
same resolution in identification of marker genes for organisms that are
more obscure (84, 127). Other methods address potential contamination by
aligning the assemblies to many references with the ability to report chimeric
contigs (75). A set of standards has been proposed, called the minimum
information about a single metagenomic-assembled genome (MIMAG) (15),
emphasizing manual curation and review. With more studies published
obtaining single-cell genomes and/or cultured representatives, we urge a
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systematic comparison of curated genomes with those obtained through
metagenomic assembly.
Metagenomic genome assembly may still miss key aspects of the true
underlying genomic variation. In order to detect low-abundance organisms,
deeper sequencing is required. Shallow metagenomic sequencing, to as low
as 500,000 reads, is a current alternative to amplicon sequencing in large
cohort studies to gather species-level taxonomic and functional information
on a large scale, at roughly the same cost as 16S rRNA sequencing (52).
However, this method does not account for rare organisms and strains. Coassembly of organisms present across genomes (66) or binning of reads
from many samples prior to assembly (29), has a better chance of
assembling low-abundance organisms. Novel methods that use co-barcoded
sequencing reads derived from individual long DNA sequences to provide
the origins of reads with which to construct scaffolds (9), as well as methods
that combine high-fidelity short-read sequencing with long-read sequencing
data (8), will undoubtedly aid metagenomic assembly. In fact, these
technologies may replace traditional shotgun metagenomic sequencing one
day, as their costs are reduced. Obtaining information on the genomic
structure of organisms with multiple chromosomes or plasmids will still
require additional innovations.
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Better compositional data than taxonomic profiling alone
Metagenomic sequencing improves the resolution of bacterial community
profiling compared to 16S rRNA profiling alone and has the added
advantage of being kingdom-agnostic. Despite this benefit, this leads to one
of the largest challenges of the metagenomics field, classifying and
quantifying the species present in a metagenomic sample. Up-to-date
comparisons and benchmarking of the available tools and databases are
necessary in such a fast-paced field (132).

The diversity of host-associated viruses, fungi, and archaea
Along with the bacterial DNA present in microbiomes, metagenomic data
sets often include viral, fungal, and host DNA. The eukaryotic component
has often been ignored, as genome coverage generally compares poorly to
the coverage of bacterial genomes and databases containing full genomes of
eukaryotes found within microbiomes are limited. Nevertheless, efforts to
assemble genomes from metagenomic data sets have revealed that diverse
eukaryotes can inhabit the human infant gut (80) and environments such as
geothermal geysers (124). Likewise, a measurable abundance of fungi
inhabiting human skin has been detected (79).
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Viruses with DNA-based genomes can also be found within
metagenomic data, and occasionally in high abundance. Viral genomes,
mainly from bacteriophage, are small compared to bacterial or eukaryotic
genomes and can be well covered. However, because they are highly diverse
and fewer of the genes in bacteriophage genomes can be assigned functions
or even be found in reference databases (18), their roles remain elusive.
There have been efforts to gain a better understanding of this microbiome
component. Numerous computational tools have been developed to identify
elements of phage genomes (43, 94), either integrated prophage or freeliving phage. Deeper sequencing of viral particles isolated from samples
reveals the active lytic phage within a community (17). Despite the challenges
associated with analyzing phage within microbial communities, there have
been several landmark observations, including a role for phage in
inflammatory bowel disease pathogenesis (33). In the marine environment,
metagenomic sequencing of a large number of samples, followed by cooccurrence analysis and abundance estimates of host and associated viral
genomes, supports an ecological framework where lysogenic viruses
dominate at high host density (31). Phage abundance data from longitudinal
studies of the infant gut microbiome also resemble Lotka-Volterra dynamics
(68). Assigning hosts remains a major challenge, although efforts continue to
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improve in this sphere (76), where even the hosts of very large, ubiquitous
bacteriophage present in the human gut remained elusive until recently (32,
36, 50).
Host DNA in animal and plant systems is also sequenced along with
bacterial, viral, and eukaryotic symbiont DNA. Most often, host DNA is
removed prior to analysis (93), and this step is often required in human
metagenomic studies, where host DNA can be identifiable. In certain types
of microbiomes, such as the oral and skin microbiomes, this results in
removal of the vast majority of sequences, up to 90% (40). There are no
commonplace uses for the host DNA. Increasing numbers of studies link
human genotype data with microbiome composition and/or functions to
perform combined genome-wide association studies (14, 91, 121), but we
have yet to observe researchers utilizing human reads from metagenomic
samples to this end.

Host-associated phenotypes
Metagenomic data analysis has shaped our understanding of the relationship
between the microbiome and host phenotypes such as health outcomes,
growth, and crop productivity. While there are myriad studies ranging from
medicine, agriculture, and the environment, we highlight only a few notable
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findings here from larger studies. The Environmental Determinants of
Diabetes in the Young (TEDDY) study comprises almost 11,000 samples
from 783 children beginning at 3 months of age until the onset of type 1
diabetes (T1D), or islet autoimmunity, with the goal of identifying
compositional or functional aspects of the gut microbiome that may be
predictive of the onset of T1D (119). It found that microbial factors
associated with the onset of T1D were functionally similar but
taxonomically diverse, that the gut microbiome matures faster with earlier
cessation of breastfeeding, and that there are reproducible acquisitions of
metabolic capabilities. Meta-analyses of smaller individual studies have also
revealed important pathways to disease. Given that there have been over
eight metagenomic microbiome studies on colorectal cancer on a
geographically and culturally diverse set of populations, comparative
metagenomic analysis can be used to find robust signals, such as an
association with choline metabolism and pathways related to secondary bile
acids (115, 126).
The Tara Oceans voyage was the largest metagenomic sequencing effort
of marine environments to date, involving 243 size-fractionated samples that
allowed for viral or prokaryotic enrichment (112). Assembly of these
samples amounted to an excess of 117 million genes from over 35,000
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species. Just a single drop (0.4 mL) of ocean water collected from the
Sargasso Sea contained 6,236 genomes (average of 38% completeness) (82).
Pairwise comparisons of the genomes found within these ocean water
samples found that less than 0.1% of the genomes were from the same
species, indicating the vast diversity of aquatic microbial communities. This
example highlights the challenges inherent in metagenomic sequencing of
microbial communities, where surveying an appropriate amount of diversity
to answer a given biological question may be cost-prohibitive. Therefore,
many aquatic studies on important systems like coral reefs rely on amplicon
sequencing, where assessing community diversity at the species level may be
more feasible (34, 49), especially in the case of time course or perturbation
experiments where sampling error may complicate the interpretation of
results.

Strain-level analyses
One of the major advantages of using metagenomic shotgun data is the
ability to obtain strain-level data by resolving variations in single-nucleotide
polymorphism (SNP) frequencies in microbial genomes across individuals
harboring the same species. Strain-level differences can also be observed
between individuals over time. There has not yet been a consensus among

17

researchers on the most appropriate method to use, although most programs
use SNPs found in single-copy core genes, either retrieved from reference
genomes (1, 41, 103, 116) or taken from the sample’s MAGs (19). These
genes are generally phylogenetically conserved; therefore, contamination and
completion are easy to determine. Many of these genes encode proteins
found within the ribosome, which are rarely horizontally transferred. Within
a species, the mutation frequency in these genes is often no more than one
SNP per read, thus complicating phasing methods that would link sets of
SNPs into single genotypes.
The study of transmission of bacterial species between environments,
between hosts and the environment, or between hosts typically has relied on
full genome sequences. However, headway has been made in understanding
the transmission of strains within complex communities by metagenomics
studies. Simple examination of the dominant strain of each organism
present in a community has revealed differences in the colonization of
specific species after fecal microbiota transplantation (67). Improvements to
this method have shown that often people are colonized by a consortium of
strains within a single species from a donor through, rather than a single
strain (103). Vertical transmission and colonization of strains from mother
to newborn infant are observed by using SNP and strain-specific gene
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content methods (41, 131). These patterns have been shown to persist even
in adult family members. Adult twin pairs share higher frequencies of
microbial SNPs in common strains than non-twin pairs; and shared SNPs
and strain-specific flexible gene content are more commonly found for
species in oral and gut microbiomes of family members (129). Interestingly,
metagenomic data mining has also revealed evidence of transmission
between spouses, showing the malleability of the adult human microbiome
(19).

Functional assessments of metagenomes
The main advantage of metagenomic sequencing over amplicon sequencing
is the ability to perform functional profiling of microbial communities. This
normally entails aligning reads to either known or de novo–assembled genes
to obtain gene abundances and infer functional abundances (by merging
gene abundances by gene family or function), regardless of bacterial host. In
other words, unlike taxonomic profiling, these methods do not rely on
marker gene sets or even assembly in some cases. Many packages exist to
streamline this process (44, 53). Caution needs to be taken when performing
functional profiling because up to 50% of genes within host-associated and
environmental microbiomes lack annotated functions (55). For example, the
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earliest attempts at functionally profiling human gut microbiomes as part of
the Human Microbiome Project, a large-scale effort to characterize the
microbiomes of 300 individuals across several body sites with 16S rRNA
and metagenomic whole-genome shotgun sequencing, led to the conclusion
that functional profiles are conserved across body sites, despite vast
differences in microbial composition (52a). This conclusion is largely based
on the portion of genes that were capable of being functionally annotated at
that time, which are largely conserved core genes present in all microbes.
These conclusions have largely been revised by analyzing differences
between the core and distinguishing functions between body sites, and by
acknowledging the extent to which genes are annotated functionally (70).
Time courses are especially useful to examine relevant changes in the
microbiome that occur alongside host physiology. Metagenomic sequencing
of oral, vaginal, and gut microbiome samples of pregnant mothers reveals
the dynamic nature of the microbiome during pregnancy. Aside from large
intraindividual differences, gestational age of the fetus and health
complications of the mother correlate with gene abundances of the
mother’s microbiome (47). Although the functional pathways of the various
microbiota remained stable over the length of gestation, there were a few
interesting examples of functions changing over time. For example, an
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increase in fermenter activity in the guts of the subjects over gestational time
seems to suggest that fermenters could be enriched during pregnancy.
For environmental samples, a similar approach can yield insight into the
functional roles of specific microbial communities and the effects of
anthropogenic change on these communities. For example, metagenomic
sequencing has allowed us to see that sustained warming in grasslands leads
to a shift in microbial metabolic processes such as organic matter
decomposition (81). Antibiotic use also has a significant effect on
environmental communities, in addition to host-associated communities.
Built environment microbial communities, such as those found in urban
sewage systems, could be a major route for the spread of antibiotic
resistance genes. Within an urban Chinese sewage system, seasonal
differences of 381 different antibiotic resistance genes were found using
metagenomic data, and the majority of these genes were associated with
known human gut commensal bacteria (110).

Interesting miscellanea
The microbiome has served as a unique platform for bioprospecting, and
this has been aided by metagenomics approaches. In short, most analytical
methods rely on examining metagenomic sequences for new enzymes that
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share some homology or genetic architecture with known proteins or
operons. Biosynthetic gene clusters (BGCs) can be identified by observing
canonical operon structures harboring sequential enzymatic processes (11).
Recent advances make direct use of metagenomics reads to find potentially
interesting BGCs, such as those that produce type II polyketides, which
comprise clinically important drugs such as doxorubicin and tetracycline
(111). Similarly, novel CRISPR-Cas systems can be identified across diverse
microbiomes, enabling new functionalities and the identification of novel
PAM (protospacer adjacent motif) sites that differ from the canonical NGG
sequence or with more compact genetic architecture (23). Bioprospecting for
biofuel enzymes across environmental metagenomic data sets can also be
used to prioritize which environmental samples to use for testing (28). These
types of studies will often require cloning and expressing these genes
exogenously to confirm function.
Experimental methods to determine gene functionality are well defined.
One example is using metagenomic data to determine target gene(s),
extracting the DNA sequence, and using expression vectors to transform the
gene into bacteria for functional screening (16, 106). Although this method
has had some success with larger gene operons, including identifying certain
antiproliferative, anticancer, and antibiotic compounds (27), this approach is
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generally more suited for those functions encoded by small operons of few
genes. Samples from the environment such as soil microbiomes have been
used to find new biologically and environmentally important phosphatases,
as well as new domains encoding phosphatase activity, thus extending the
classic categorization of known phosphatases (26).

Horizontal gene transfer
Horizontal gene transfer represents one of the major challenges to
metagenomic assembly, yet metagenomics has been a useful tool in
understanding this process. The flexible portion of a bacterium’s genome
allows the organism to rapidly adapt to changing environmental conditions
by acquiring and incorporating novel functions, potentially altering its
relationship with its host or providing a competitive edge against other
organisms, and it is therefore of high importance to microbiome researchers.
Although significant progress has been made using reference genomes (3,
104) or single-cell genomes (20, 64), current methods fall short on reliably
assembling mobile genetic elements and assigning mobile genetic elements
to a host genome. There is great variability in mobile genetic element
structure. For example, integrated transposons and certain phage comprise
inverted or direct repeats and can vary between hundreds to tens of
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thousands of base pairs; plasmids and phage may contain large amounts of
host genome. Recent evidence based on long-read metagenomic data reveals
high mobility of transposable elements within a single organism, resulting in
large heterogeneity within a single species in one microbiome (10). Several
methods have been developed to try to apply alignment-based approaches to
identify mobile genetic elements, either by examining the variation in reads
aligning to reference genomes to identify flexible portions of genome
assemblies (19, 35) or by aligning to reference genomes to identify those
genomic regions that are not vertically conserved (107). Long-read
metagenomic sequencing of microbiome samples will enable the capture of
integrated mobile genetic elements and allow researchers to explore the
heterogeneity of these elements within and across genomes. Additional
tools, such as Hi-C sequencing, in which genomic DNA may be cross-linked
and ligated with plasmid DNA (109, 130), may serve to enable better
metagenomic assemblies that link plasmids with their hosts.

Replication rates of organisms
Relative rates of replication can be obtained using shotgun metagenomic
data. Bacteria replicate their genomes bidirectionally from a singular origin
of replication. Therefore, a replicating population of cells should have an
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abundance of metagenomic reads that map near the origin, relative to the
replication terminus. This works well in cultured bacteria, and there has been
success using metagenomic data, most notably in identifying replication
differences across inflammatory bowel disease (IBD) and type 2 diabetes
cohorts (60). Although replication rates are most readily estimated when
there are phylogenetically close reference genomes with well-known
replication origins, these methods have also been applied to assembled
metagenomes (21). In these cases, assembled contigs need to be binned into
draft genomes and then ordered according to their relative coverage to
determine the overall rate of replication. There are some inherent challenges
with using such a technique on MAGs that arise from incorrect binning of
contigs or scaffolds and the presence of promiscuous mobile genetic
elements, which may skew coverage and overestimate replication rates. The
success of this approach largely depends on the quality of the MAGs, and
this method is much easier to perform in microbiomes for which there are
good reference genomes.

What has metagenomics missed?
Analyzing metagenomic data requires careful consideration of the treatment
of genome assemblies and abundances. Composite MAGs can lead to
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inaccurate interpretations from inflated abundance or prevalence
estimations, deflated diversity from ignoring or missing strain-level
information, and reduced refinement in binning. Reporting quality metrics
such as those proposed by the Genomics Standards Consortium (15) may
lessen the burden on the end user to either determine the quality of publicly
available MAGs or make incorrect assumptions. Metagenomic data sets
almost exclusively rely on compositional quantification, further complicating
analysis. We have only recently started reckoning with methods for assessing
absolute microbial abundances and transferring this knowledge to
metagenomic data (118). Aside from these technical issues, there are many
aspects of microbial ecosystems that are missed when shotgun sequencing is
performed alone on microbial communities.

Ecoevolutionary modeling
Metagenomic approaches have allowed us to obtain higher resolution than
taxonomic profiling, and these approaches are poised to shed light on other
aspects of microbial community assembly and evolutionary trajectories, yet
the approaches are still fairly nascent in this regard. A remaining challenge is
that information derived from individual genomes, which can be crucial for
ecological or evolutionary inferences, can be lost. For example, population
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variation in genetic architecture, mobile genetic elements, and SNP diversity
may be difficult to ascertain. There have been several early efforts to draw
evolutionary models from metagenomic data alone (46). From an
examination of strain-level differences across gut microbiome samples, it
appears that gene gains and losses are fairly common and can sweep to high
frequencies relatively quickly, though strain replacement is the more
dominant trend over longer periods of time. Differences in gene copy
number variants within microbial genomes have proved to be informative
about the function, and possibly the evolutionary trajectories, of specific
organisms (48, 133). To some extent, it will take time for ecoevolutionary
theory to develop, as we are still learning about the genomic structure in
microbial communities in their natural environment. For example, a large
number of small genes were recently uncovered in metagenomic data sets,
many of whose functions are unknown (96).

Phenotype and comprehensive functional profiling
Phenotype is a complex trait, and metagenomic data alone are often
insufficient in determining phenotypic traits. As an example, many of the
metabolites in the human gut microbiome have strong associations with
microbial species and pathways present in metagenomic data (120), but
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predictions of metabolic output using metagenomic data alone can have
high variance (73). First, phenotypic differences may be driven by large
differences at the level of transcription. For example, Verrucomicrobia was
identified as highly abundant in soil communities, leading to the assumption
that it was vital for soil health and functioning. However,
metatranscriptomics analysis revealed that Verrucomicrobia is metabolically
inactive in the soil. As another example, metatranscriptomics of ruminant
livestock showed that a mix of bacterial, archaeal, and eukaryotic species are
active during plant degradation and methane production, which may be
missed when focusing on either bacteria or eukaryotes alone (105). Second,
gene-gene interactions across species may drive specific outputs of
pathways, yet few of these in natural microbial communities are known.
Examining co-occurrence networks may provide clues to codependent
organisms (39, 45, 63), yet these methods have not been applied widely to
metagenomic data sets. Modeling metabolic outputs using metagenomic data
(71) is another important step toward this end, yet these models tend to be
more accurate for less diverse microbiomes, such as those found in termites
(61).
Despite these considerations, the predominant limitation in translating
metagenomic data to phenotype is the overall proportion of genes we can
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annotate. KEGG (56), COG (114), PFAM (42), TIGRFAM (51), MetaCyc
(58), and other databases used to assign functions to assembled genes only
capture roughly half of functions in a commonly assayed microbiome, such
as the human gut (55); however, they capture a much smaller fraction in
diverse, less-sampled microbiomes such as those from certain soil
communities, less-studied animal microbiomes, and those from human
populations living in low- and middle-income countries or remote areas (77,
85). Large-scale functional studies will be vital to improving functional
databases, but these experiments are laborious, and curation of these
databases is often done manually.
Alternative methods have been applied to microbial communities to gain
additional functional insight. Stable isotope probing using isotopically
labeled substrates can inform researchers about the specific bacteria utilizing
the substrate (88, 125). The labeled substrate gets incorporated into DNA
that can be separated and sequenced. One interesting example is the
identification of new bile salt hydrolase genes in the gut microbiome using
probes that label active enzymes that can be assayed with proteomic tools
and metagenomic sequencing to identify those proteins (83). To determine
which organisms are metabolically active in a sample, PMA (propidium
monoazide) has been used to distinguish between live and dead cells. It
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intercalates DNA, but only in those cells with compromised membranes.
Light exposure causes covalent bonds to form with the DNA, resulting in
fragmentation and rendering it unamenable to DNA sequencing. This
method has been used widely for samples prior to 16S rRNA amplicon
sequencing, but it was recently used to identify the live portion of a saliva
microbiome sample that underwent metagenomic sequencing (74). Examples
that probe specific functions will enhance our understanding of
metagenomic communities above metagenomics alone.
Similarly, integrating metagenomic, metatranscriptomic, and metabolomic
data can alternatively improve functional assessments of communities. There
has been a sharp increase of methods that integrate omics data. The multiomics approach is valuable in that it does not require bacterial culturing,
which is an impediment to examining microbiome function. In phase 2 of
the Human Microbiome Project, known as the Integrative Human
Microbiome Project (iHMP), 1,785 individuals from three microbiomeassociated condition cohorts were sampled: pregnancy and preterm birth,
IBD, and type 2 diabetes. A wealth of data was collected, including gut
microbiome metagenomes, metatranscriptomes, proteomes, metabolomes,
and virome data (69). By integrating these data, the authors were able to
associate functions and molecular dynamics to specific taxa of the gut
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microbiome. Similarly, omics studies reveal that twin pairs share metabolic
pathways on average almost twice as much as they share species (120),
suggesting that in the search for therapeutic targets, genetic associations, or
biomarkers, it may be more informative to study the functions of the gut
microbiome rather than the organismal composition or species diversity.
In addition to omics performed on microbial communities, an increased
number of studies are also incorporating measurements of the host. Zhou et
al. (134) used a longitudinal multi-omics approach to study host-microbe
dynamics in prediabetes. By integrating metagenomes, transcriptomes,
metabolomes, cytokines, and proteomes from 106 individuals, they were able
to detect molecular signatures in 1 person that preceded the onset of type 2
diabetes, which included the inflammation markers interleukin-1 receptor
agonist and high-sensitivity C-reactive protein. More broadly, they were able
to characterize thousands of host-microbe interactions that were distinctive
between insulin-sensitive and insulin-resistant individuals. Techniques to
integrate the diversity of data sources, each with their own benefits and
limitations, are still under development (7).
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Spatial analyses of the microbiome
Missing from many metagenomic analyses are temporal and spatial
dynamics. Time course experiments are relatively expensive, but several
large-scale temporal data sets are starting to emerge, such as a recent study
of patients with IBD (90). Similar to 16S rRNA amplicon data sets,
metagenomic time course data analysis requires not only careful managing
of the compositionality but also autocorrelation. Techniques to obtain
spatial data about microbiomes are emerging (92, 99, 100, 122, 123), by
applying species-level probes or by sequencing proximate microbes captured
in preserved microscale blocks or by performing laser dissection of fixed
communities. These techniques capture species-level interactions and have
not yet scaled to accommodate metagenomic sequencing approaches.

Innovation and future directions
Metagenomic analyses of microbiomes will be vastly altered in the coming
decade by technological and accessibility improvements in DNA and RNA
sequencing. As long-read sequencing becomes cheaper, it will negate the
need for elaborate methods for genome assembly and phasing of SNPs.
Since the quality of draft genomes assembled from short-read sequencing
data may be highly variable, and few studies incorporate reference genomes
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for comparison, long-read sequencing will go a long way to improve the
quality of these metagenomic assembled genomes. The increased use of
metagenomics will create new challenges in data storage and data reporting,
especially as the types of data platforms (e.g., short-read, long-read, Hi-C,
Tn-seq, functional screening) grow. The size of future data sets will
necessitate solutions for data compression, high-speed search, and memoryefficient assembly methods, some of which are starting to become available
(6, 29, 59). Standard protocols for data reporting and submission will be
important, especially in terms of what information and metadata to provide.
If the expenses and error rates associated with long-read sequencing are
reduced, many of the challenges associated with short-read sequencing will
fade. Assemblies will be less fragmented, SNP phasing will be inferred based
on co-occurrence on reads, and integrated mobile genetic elements will be
associated with their flanking genomes. Nevertheless, this will not fully solve
the problem of associating extrachromosomal elements with their host
genomes. Alternatively, single-cell genome sequencing may provide the
technological advance that surmounts some of these problems. Yet, even the
largest of studies is several thousand cells, orders of magnitude below what
is typically sampled in a shotgun metagenomic sample. Currently single-cell
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sequencing technologies are limited by the cost, and the quality of the
genomes is highly variable, resulting in a large amount of data loss.
Despite these projected improvements, methods to assign functions to
the vast number of genes within the microbiome are still necessary to
understand the mechanisms underlying microbiome-related phenotypic
outcomes. It was recently discovered that a single-amino-acid-residue
difference in the dopamine dehydroxylase (DahD) gene in Eggerthella lenta
altered whether the pharmaceutical l-dopa remained active in microbiome
samples from a cohort of patients with Parkinson disease (72). This level of
detailed understanding of gene function will be required for the research
field to go beyond characterization of microbiomes to understanding the
mechanisms underlying an overall phenotype. Examination of modifications
of DNA, such as methylation patterns obtained using single-molecule realtime (SMRT) sequencing (5), can reveal interesting patterns of plasmid
mobility within natural microbial communities. Technological innovation will
reveal interesting layers of organismal interactions, functional roles,
evolutionary trajectories, and niche occupancy in microbial communities,
which will lead to a better understanding of how to shape communities to
achieve a prosperous outcome for health, agriculture, or environmental
sustainability.
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CHAPTER 2: Collective effects of human genomic variation on
microbiome function

This part of the dissertation is adapted from New FN, Baer BR, Clark AG,
Wells MT, & Brito IL. “Collective effects of human genomic variation on
microbiome function”. (2021). In Review.

Abstract
Studies of the impact of host genetics on gut microbiome composition have
mainly focused on the impact of individual single nucleotide polymorphisms
(SNPs) on gut microbiome composition, without considering their collective
impact or the specific functions of the microbiome. To assess the aggregate
role of human genetics on the gut microbiome composition and function,
we apply sparse canonical correlation analysis (sCCA), a flexible, multivariate
data integration method. A critical attribute of metagenome data is its
sparsity, and here we propose application of a Tweedie distribution to
accommodate this. We use the TwinsUK cohort to analyze the gut
microbiomes and human variants of 250 individuals. Sparse CCA, or sCCA,
identified SNPs in microbiome-associated metabolic traits (BMI, blood
pressure) and microbiome-associated disorders (type 2 diabetes, some
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neurological disorders) and certain cancers. Both common and rare
microbial functions such as secretion system proteins or antibiotic resistance
were found to be associated with host genetics. sCCA applied to microbial
species abundances found known associations such as Bifidobacteria species,
as well as novel associations. Despite our small sample size, our method is
able to identify not only previously known associations, but novel ones as
well. Overall, we present a new and flexible framework for examining hostmicrobiome genetic interactions, and we provide a new dimension to the
current debate around the role of human genetics on the gut microbiome.

Introduction
Variation in gut microbiome composition underlies numerous human
phenotypes and health outcomes, such as immune function, metabolic
disorder, cancer and psychiatric traits. These variations have been attributed
largely to environmental factors, including diet (Rothschild et al. 2018),
antibiotic exposure (Francino 2016), and birth modality (Bokulich et al.
2016). However, twin and population-based studies have identified genetic
associations with the overall composition of the gut microbiota (Blekhman et
al. 2015; Davenport et al. 2015; Turpin et al. 2016; Bonder et al. 2016a; Igartua
et al. 2017; Wang et al. 2018; Visconti et al. 2019; Hughes et al. 2020;
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Kurilshikov et al. 2021), in addition to heritable taxa (Goodrich et al. 2014,
2016). Underpowered studies, population differences, as well as
inconsistencies in experimental and computational methods, have led to a
problem of replicability across microbiome genome-wide association studies
(GWAS) and contribute to the doubt surrounding the role of genetics in
shaping the gut microbiome (Costea et al. 2017; Rothschild et al. 2018).
Traditional methods to associate host genetics with microbiome traits
involve comparing a single genotype to a single microbial species or pathway
(one-vs-one) or a single genotype to a set of microbial species (one-vs-many
association tests, Spearman’s rank correlation) (Blekhman et al. 2015;
Davenport et al. 2015; Goodrich et al. 2016; Turpin et al. 2016; Bonder et al.
2016a; Igartua et al. 2017; Wang et al. 2018; Hughes et al. 2020; Kurilshikov et
al. 2021). As the number of species within a microbiome can be several
orders of magnitude greater than the sample size, there is limited statistical
power and a risk of overfitting. Until the cost and computational burden of
microbiome profiling decreases, it will be difficult to reach the sample sizes
of modern human GWAS, which now reach into the hundreds of thousands
of participants even for single phenotypes (Tam et al. 2019). The sample size
needed to perform reasonably efficient inference can be reduced by
performing association tests between one genotype and the dissimilarity
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between the study’s microbiome samples, which reduces the dimension of
multivariate phenotypes such as the gut microbiome (Goodrich et al. 2016;
Rothschild et al. 2018). Although the microbiota function as a community,
these gross metrics (e.g., beta diversity) obscure the sources and mechanisms
of the host-microbe genetic relationship and their effect sizes tend to be
small. Furthermore, like the observation that human GWAS studies focusing
on single SNP-level associations do not account for the total observed
heritability (Yang et al. 2010), microbiome GWAS studies may not account
for vertical- and family-level heritability of microbiome components
(Hildebrand et al.; Brito et al. 2019).
Since microbial genomes are not static due to recombination between
closely related strains and horizontal gene transfer (Treangen and Rocha
2011; Shapiro 2016; Garud et al. 2019), species-level analyses can introduce
avoidable variability in comparing results across studies. Metagenomic
sequencing offers an opportunity to examine microbial genes, which offers a
more consistent accounting of a microbiome’s functional capacity across
individuals and may capture more specific mechanisms underlying various
phenotypes. Not surprisingly, GWA studies using metagenomes are few, as
the cost of metagenomic data acquisition can be roughly 10-fold higher than
16S rRNA profiles. Furthermore, the number of genes within a metagenome
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far outweighs the number of species, exacerbating the problem of
dimensionality. Aggregating genes into functional units such as protein
families, KEGG orthologs, or pathways reduces the dimensionality of the
data, though these groupings can still outnumber sample sizes. Another
challenge with metagenomic data is that they are right-skewed and are
characterized by both zero-inflation and overdispersion. To appropriately
model these data, we propose the use of a Tweedie distribution. Tweedie
distributions are exponential dispersion families of distributions and are
often used in generalized linear models (Jørgensen 1987). Depending on
their parameterization, they can have mass at zero along with non-negative
continuous support. Tweedie distributions can also describe the mean to
variance power law relationship that is present in several types of data
including metagenomic abundances. These two characteristics have made it
very useful in fields as diverse as ecology and natural language processing
(Kendal and Jørgensen 2011; Foster and Bravington 2013; Warton and Hui
2017; Baer et al. 2018). In ecology the distribution is commonly characterized
through Taylor’s law.
To address the challenge of identifying associations between human
genetics and the composition and function of the gut microbiome, we apply
a flexible, unsupervised, multivariate data integration method, known as
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canonical correlation analysis (CCA) (Hotelling 1936). This method bypasses
the need for multiple hypothesis testing and leverages the combination of
many small effect sizes. CCA is the earliest multi-table analysis method, first
used in 1936 to relate multidimensional variables (Hotelling 1936). CCA
creates low-dimensional representations of features, similarly to principal
component analysis (PCA). However, unlike PCA, it allows for comparisons
across multiple measurements, where the low dimensional representations of
each set of features, or canonical components, represent the maximum
correlation between the two sets of linear combinations. This method works
well when the number of samples exceeds the number of measured features,
which is not the case with modern genomics data. As an example, for a set
of individuals, it is possible to correlate their RNA-seq gene expression data
with their DNA copy number or SNP data. In this case, the number of
genes with expression data and the number of polymorphisms will most
likely exceed the number of individuals that can feasibly be sampled.
Penalized CCA methods have been developed to overcome this issue
(Witten and Tibshirani 2009; Witten et al. 2009; Rodosthenous et al. 2020). In
penalized CCA, also known as sparse CCA or sCCA, sparsity is induced in
the features through penalization, for example using an l1 penalty (lasso)
(Tibshirani 1996). This method is flexible in two ways: 1) it can be applied to
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any number of measurements sampled from the same individuals or units,
and 2) it can handle different penalization schemes, and 3) it does not
require summarization of tables as preprocessing, unlike the beta diversity
example. Here, we apply this method to human genotypes and
corresponding metagenomic features from a set of 125 twin pairs that are
part of the TwinsUK project (Xie et al. 2016). Using sCCA and Tweedie
distributions, we model the relationship between human SNPs and microbial
species or gene family profiles, using appropriate penalties for each.
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Figure 2.1. Overview of the SCCA method applied to the TwinsUK cohort.
Microbiome gene abundances or species abundances estimated from whole
shotgun metagenomic sequencing, and host genotype data were inputted
into generalized linear mixed models to extract residuals for downstream
analysis. Step 1 involves the tuning parameter optimization for sparse CCA.
The pair of regularization parameters that represent the maximum
correlation in the data are chosen for Step 2: Variable selection. In Step 2, we
apply elastic net to the sets of genes or species abundances and group lasso
to the human genotype data to reduce the size of the datasets. In Step 3,
CCA is applied to the reduced data to find the maximally correlated linear
combinations of the data.
53

Results

Study cohort and metagenomic processing
The TwinsUK project includes corresponding human genotypes and
microbiome metagenomic shotgun sequences of 250 individuals. This
dataset consists of female twin pairs from the United Kingdom, of which 35
are monozygotic and 92 are dizygotic (Moayyeri et al. 2013; Xie et al. 2016). A
subset of 240 individuals were previously genotyped (Goodrich et al. 2016).
The SNP data were filtered to remove missing data, rare alleles (present in
fewer than 10% of individuals), and loci violating HWE or in high linkage
disequilibrium (>80%) with another. After standard quality filtering,
metagenomic sequences were assembled into contigs. We generated a
custom microbial gene catalog from the metagenomic assemblies, totaling
5,025,174 microbial genes. These were combined into 12,813 annotated gene
families present in at least 10% of the samples. We also estimated species
abundances from the metagenomes and found that 655 species are found in
at least 10% of the samples.
Metagenomic shotgun sequencing data are compositional, which
arises due to sequencing DNA from each sample that is equal to the library
size, and proportional to the community size within each sample, and
therefore results in relative abundance data of community members rather
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than absolute abundances. Such composition-based data imposes strong
constraints on the correlations in relative abundances, and subsequent
analysis must be done with caution. Mishandling of compositionality can
make most results uninterpretable (Gloor et al. 2017). Microbiome 16S rRNA
sequencing analyses have used rarefaction or sub-sampling techniques to
mitigate the effects of compositionality, but this can result in the loss of data
and can result in false positives (McMurdie and Holmes 2014).
Normalization methods for read counts assigned to a genomic feature, such
as those used in RNA sequencing analyses, account for the number of reads
sequenced per sample and other technical variability (Mortazavi et al. 2008),
however, normalized abundances are still relative values (Zhao et al. 2020).
Rather, by modifying a commonly used normalization method, RPKM
(reads per kilobase sequenced per million) (Mortazavi et al. 2008), we include
a term for the geometric mean of each sample’s abundances, thereby
accounting for the compositionality of the data as well as the library size of
each sample(Aitchison 1982). Our modified RPKM approach is a hybrid
between Aitchison’s center log ratio transformation (CLR) (Aitchison 1982)
and the standard RPKM approach. Rather than divide the number of
mapped reads by the number of reads sequenced, we divide by the geometric
mean of the sample and adjust for the length of the gene and the magnitude
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of the library in one step.

Tweedie distribution for metagenomic abundance data
Normalized abundances from metagenomic sequencing are also rightskewed, overdispersed, and tend to be zero-inflated. The negative binomial
and Poisson distributions are typically used to model sequencing data
including RNA-seq and shotgun metagenomic sequencing (Love et al. 2014;
Calle 2019). However, the mean and variance of the Poisson distribution are
the same. The negative binomial has a more flexible dispersion parameter
than the Poisson, but it’s still not flexible enough: when comparing the log
variance and the log mean, its intercept is always at 0 like the Poisson
distribution (Figure 2.2A, B). To account for zero-inflation and
overdispersion within the normalized metagenomic counts, we introduce the
Tweedie distribution to model the taxa and gene abundances from
metagenomic shotgun sequencing. This contrasts with some genomic
methods which use zero-inflated Poisson and negative binomial
distributions, which add an additional parameter and make them no longer
exponential dispersion families. Metagenomic abundance data have a large
mass at 0 and a long, positive tail, like the probability distribution for certain
Tweedie distributions. The shape of a Tweedie distribution is determined by
the shape parameter, p. When 1 < p < 2, the distribution is continuous for Y
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> 0, with a positive mass at Y=0. When p > 2, the distributions are
continuous for Y > 0, without the mass at zero, and are no longer
appropriate for zero-inflated data. The variance of the response variable is
related to the mean through the Tweedie power and dispersion parameters, p
and 𝜙, where 𝑉𝑎𝑟(𝑌) = 𝜙𝜇 𝑝 . We show that when 1 < p < 2, the Tweedie
distribution is flexible enough to capture the mean-to-variance power
relationship in the metagenomic taxa and gene abundances (Figure 2.2A, B)
(Jørgensen 1987). This Tweedie distribution captures the relationship better
than either the negative binomial or Poisson, but it also accounts for the
number of zeros present in the data. The expected number of zeros, given
the count data, roughly matches the observed number of zeros specified by
−𝜇2−𝑝

the Tweedie relationship, modeled as P(Y=0) = exp(𝜙(2−𝑝)), where 𝜙 is the
dispersion parameter and p is the power parameter. For fixed 𝜙 and p, the
probability of a gene count within a sample being zero decreases as the mean
increases linearly (Figure 2.2C, D).
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Figure 2.2. Tweedie distribution captures the mean-to-variance power
structure of metagenomic abundance data. A-B) the relationship between the
log mean and log variance of the microbiome gene family abundances (A)
and microbiome species abundances (B). The yellow line represents the
Tweedie distribution that best captures the mean to variance relationship,
while the Poisson and negative binomial do not. C-D) show the expected
proportion of zeros per microbial gene family or microbiome species plotted
against the observed proportion of zeros for the gene family abundances (C)
and species abundances (D). The expected proportion is calculated from the
Tweedie distribution where a linear relationship is expected.
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Figure 2.3. Human SNPs selected by sCCA as correlated with the gut
microbiome from each analysis. A-C) results from the correlation test of
host genetics with the microbial gene family abundances of the gut
microbiome, and D-F) results from the test of host genetics with
microbiome species abundances. A and D) show the prevalence of the
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selected SNPs in the TwinsUK population, colored by which CCA
component they were selected in. B, C, E, and F) show the annotation of the
human SNPs and their associated human genes that are associated with the
gut microbiome genes and gut microbiota, respectively.

Sparse CCA identifies novel associations of host genetics with the
gut microbiome
We use a sparse variant of CCA to identify associations between human
genetics and features of the gut microbiome (Figure 2.1). First, we identify
appropriate penalization methods for each data type. To the human SNPs,
which we have dummy-coded for additivity and dominance, we apply a
group lasso (Yuan and Lin 2006), and to the microbial species and gene
family abundances we apply an elastic net (Zou and Hastie 2005). We apply a
general linear mixed model to the SNPs and the microbial gene family and
species abundances to control for the effects of sample shipment number,
age at sampling, zygosity and family, and BMI. We include a random effect
for the twin’s zygosity (monozygotic or dizygotic) to remove the effect of a
person’s correlation with their own twin. The residuals are used as inputs to
the sCCA pipeline. The first step in sCCA is tuning parameter optimization
for the group lasso and elastic net. Next, using these optimized parameters
for variable selection, sCCA is applied (Figure 2.1). The output is the first
canonical component, comprising a list of SNPs and metagenomic gene
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families or species, each with a corresponding weight. Features with nonzero weights are associated with each other across tables. To obtain
additional orthogonal components from sCCA, we deflate the original
residuals with the output from the first component and run sCCA again with
the deflated data (Witten et al. 2009).
To determine whether the same human SNPs associate with both
species and bacterial gene families, we performed sCCA four times: one set
of analyses on the species abundances and one set on the gene family
abundances. For each of these two sets, we extracted two canonical
components, for a total of four lists of human SNPs associated with either
species or gene abundances from the gut microbiome.
The first component of the sCCA test with microbial gene families
identified 161 human SNPs and the second identified 171 human SNPs
collectively associated with microbial gene family abundances. The analysis
of the species abundances identified a similar number: 141 and 181 human
SNPs that are associated with species abundances within the first and second
component, respectively. We find limited overlap between previous
microbiome GWAS studies and our results at the level of SNPs. Twelve
SNPs were found in common with previous studies: (rs9327097 [located
within TNFAIP8], rs11578436, rs193466 [RARS1], rs60701 [DAP],
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rs6947185 [COL26A1], rs7638704, and rs1882926 [PDC-AS1]) from
Kurilshikov et al. (Kurilshikov et al. 2021) and rs906351 from Davenport et
al. (Davenport et al. 2015). This is expected given the differences in
methodologies.
We annotated the selected SNPs by their gene-disease associations
and functions (GO terms) and performed enrichment analyses in FUMA
GWAS (Watanabe et al. 2017) (Figure. 2.3, for SNP enrichment results, see
Supplemental Table S2). We see similarities between the many significantly
enriched traits (Fisher’s exact test, FDR adjusted p-value) of our bacterial
species and bacterial pathway sCCA analyses, which is also reflected in a
small number of shared SNPs between the two analyses (53 SNPs
overlapped in the first component of our bacterial species and bacterial
genes sCCA analyses; and 12 overlapped in the second components of both
analyses.) In both analyses, we see overlap of metabolic traits and diseases
(obesity, BMI, blood pressure, type 2 diabetes), neurological diseases
(Alzheimer’s disease, Schizophrenia, epilepsy, age-related cognitive decline),
and cancer (pancreatic cancer, endometrial cancer, adverse response to
chemotherapy, prostate cancer, Hodgkin’s lymphoma). Many of these traits
reflect known links between the microbiome and metabolic disorders (Yang
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et al. 2021), cancers (Sepich-Poore et al. 2021), and psychiatric disorders
(Bastiaanssen et al. 2019; Szeligowski et al. 2020).

Microbial gene family CCA results
We hypothesized that human genetics may have associations that span
species and reflect specific functional gene families. From our two analyses
on microbial gene family abundances, we find that 168 and 171 microbial
gene families are associated with human genetics. Any two components of
sCCA extract orthogonal information from the data. Here, this is reflected
prominently in the abundances of the gene families between components 1
and 2. Component 1 selected more prevalent genes and is enriched for
common enzymes (Fisher’s exact test, FDR p-value) (Figure 2.4A).
Conversely, component 2 selects rare genes (generally present in fewer than
50% of the population) and is enriched for rarer functions such as
antimicrobial resistance (Figure 2.4C). The first component’s results include
functions with enrichment for secretion system and enzymes (Fisher’s exact
test, FDR p<0.1) (Figure 2.4B). The second component is enriched for
enzymes, two-component system, peptidoglycan biosynthesis and
degradation proteins, DNA repair and recombination proteins, and
antimicrobial resistance (Fisher’s exact test, FDR p<0.1) (Figure 2.4C). To
further investigate the KEGG BRITE module known as “enzymes”, we
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performed an enrichment test of the subcategories of enzymes within the
results. Within component 1, the enriched enzymes are translocases and
lyases, and translocases are enriched in component 2 (Figure 2.4B, C).
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Figure 2.4. Microbial gene results. A) the prevalence of the microbial genes
in the TwinsUK cohort colored by CCA component. B-C) the statistically
significant functional enrichment of the microbial genes, Fisher’s exact test,
FDR corrected -log10 p-values.
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Microbial species CCA results
When we apply this method to investigate microbial taxa abundances, we
find 134 microbial taxa associated in the first component, and 417 microbial
taxa associated in the second component from sCCA. Sixty-six of the
detected species representatives overlapped between the two components.
Most of the species reflect organisms that are well-established with the
commensal gut microbiome, although our analysis did detect associations
involving potential pathogens such as Phocaeicola vulgatus (Figure 2.5A-D).
Similar to previous studies, we find that Faecalibacterium prauznitsii is
associated with host genetics (Wang et al. 2016; Bonder et al. 2016b), but we
also find phage known to infect this species including Taranis, Toutatis,
Lugh, Epona, and Oengus are associated with host genetics. We also identify
crAssphage, uncultured crAssphage, and crAss001. The phageome is known
to be unique to individuals and consistent over time with some evidence for
a core gut phageome (Townsend et al. 2021). Several other species overlap
with previous microbiome GWAS including the genera Streptococcus the
genera Barnesiella, Campylobacteracea, Lactococcus, and Akkermansia (Davenport et
al. 2015), Bacteroides xylanisolvens (Bonder et al. 2016b), the genera
Enterobacteriaceae and Bacillus (Wang et al. 2016), the genera Blautia and
Lachnospira (Bonder et al. 2016a), and the genus Bifidobacterium (Goodrich et
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al. 2014, 2016; Blekhman et al. 2015; Wang et al. 2016; Bonder et al. 2016b;
Kurilshikov et al. 2021).
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Figure 2.5. The prevalence of microbial species selected by CCA as being
associated with host genetics. A) Prevalence of the species out of 240
individuals. Data from components 1 and 2 are shown, with 66 species
selected by both components. B-D) The top 10 most prevalent species
sorted by mean abundance selected by components (B), only component 1
(C), or only component 2 (D).
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Discussion
We apply both the Tweedie distribution, for modeling gene and species
abundances in metagenomic data, and sparse CCA to the challenge of
identifying correlations between overall host genetics and the composition of
the gut microbiome or its composite functions. Common species or gene
families will tend to have a higher mean across samples, while also having
larger variation, and a lower probability of being 0 (which here can mean
either missing in the sample or not measured) in any one sample.
Conversely, a rare gene function or low-abundance bacterium, may have a
low mean, high variance, and a high probability of being 0 in many samples.
We show that Tweedie distributions, with a power parameter, p, between 1
and 2 best captures this relationship within the data (Figure 2.2). While the
Tweedie distribution is a superior fit for both metagenomic gene family and
species abundance data, it has not yet been widely applied to genomics.
Our choice of penalties for sCCA have known features that affect the
interpretation of results: 1) group lasso, which we applied to the human
variants, enables us to select SNPs as a whole (Yuan and Lin 2006) and 2)
elastic net, which we applied to the metagenomic features, will tend to select
a larger set of correlated features within a sample if genes or species are
correlated with each other (Zou and Hastie 2005). When considering
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metagenomic gene family abundances, we can intuitively imagine that once
one gene from a pathway is selected, the model will select the whole group
of correlated genes from the same pathway. This behavior of elastic net
variable selection makes it ideal for analyzing gene abundances. sCCA with
elastic net searches for the overall effect of many smaller, combined effects,
which while appropriate for genes that can be grouped into functional
pathways, may also capture biologically relevant relationships between
microbiota and their host. For example, co-occurrence of bacterial species in
the gut microbiomes may capture how multiple species can work together to
perform a function such as metabolic cross feeding that results in the
production of a biologically important metabolite.
While sCCA identifies a small number of known gene-microbiome
relationships, it expands the number of broadly associated human SNPs with
microbiome composition and function. Our results show that human genes
known to be associated with human diseases such as type 2 diabetes and
schizophrenia are associated with components of the gut microbiome and
are significantly enriched in our data. These results may provide new routes
of study for identifying links between the gut microbiome and disease risk.
We identify many microbial species that are known components of a healthy
gut microbiome and expand upon the list of species that may be heritable.
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We also identify abundant crAssphage, which are the most abundant
bacteriophage in the human gut, as being associated with human genetics.
CrAssphage are a gut-associated bacteriophage which is broadly associated
with primates (Siranosian et al. 2020). In addition, while most members of
the gut virome are unique between twins and family members, crAssphage
genomes tend to be nearly identical between mothers and infants, indicating
a heritable component (Siranosian et al. 2020).
A drawback of our penalized CCA method is that by using
regularization methods in the first part of the method, we cannot readily
interpret the results as we would for a traditional CCA. For example, the
coefficients for the metagenomic species and gene abundances cannot be
ranked since the standard errors are unknown and the shrinkage from the
penalization may have had a different effect across features. That is, properly
controlling for variable selection makes inference on the sCCA coefficients
more difficult than it is classically. Additionally, the results have a specific
interpretation that the associated SNPs and metagenomic abundances share
a common latent factor (Bach and Jordan 2005). In other words, there is no
implication of directionality between the SNPs and metagenomic gene
abundances.
Given that this method requires paired metagenomic (shotgun
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metagenomic sequencing or 16S rRNA sequencing) and host genome data,
we are still limited by what is publicly available. Our analyses are performed
on a small, healthy cohort of women from the United Kingdom. We do not
expect large differences in gut composition/function within a mostly healthy
cohort, so effect sizes are small. A larger sample from more diverse
geographic and cultural backgrounds would enhance our ability to identify
novel associations between the human gut microbiome and human genetics.
Despite the usual limitations of a small sample size, we were still able to
uncover previously known associations as well as novel ones. It would be
interesting to perform our method on a large disease cohort where strong
differences between disease and control microbiomes are expected and may
provide more context for disease-associated mechanisms. Additionally, there
are many known SNPs involved in microbiome-related disorders and larger
microbiome differences between disease and control samples would make it
more likely to find additional SNPs that correlate with these overall shifts.

Methods

Subject details and data
The study involved metagenomic sequencing from a subset of individuals
from the TwinsUK Project at King’s College London as reported previously
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(Moayyeri et al. 2013; Xie et al. 2016). Deidentified metagenomic data were
processed to remove adapter sequence, low quality, duplicate, and human
reads (Rotmistrovsky and Agarwala 2011; Schmieder and Edwards 2011;
Bolger et al. 2014). High quality reads were assembled into contigs using
MetaSpades v3.13.1 (Nurk et al. 2017). All work involving human subjects
was approved by the Cornell University IRB (Protocol ID 1108002388) and
all methods were performed in accordance with relevant guidelines and
regulations. Informed consent was obtained from all participants.

Gene Catalog construction
Prodigal v2.6.3 was used to predict proteins on the assembled contigs.
Duplicate proteins were removed using vsearch v2.15.0 and sequence
redundancy was further removed by CD-hit v4.8.1 (Li and Godzik 2006)
(90% identity) leading to a catalog of 12,563,449 nonredundant proteins.
DNA sequences for the clustered proteins were used to form the final gene
catalog for alignments.

Metagenomic gene family abundance calculation
Metagenomic reads were aligned to the gene catalog using BWA mem
v0.7.17 (-a -bwtsw -t 4) (Li 2013). The output was filtered to retain primary
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alignments and reads aligning with at least 90% identity. Next, genes were
removed if less than 80% of the gene was covered. Abundances were then
normalized using a modified RPKM approach according to the gene length
and the geometric mean of abundances per sample to account for the
compositionality of the data. Genes were annotated using KEGG orthologs
(downloaded 2016) and abundances were aggregated by KO into functional
gene families leading to a final abundance table with 12,645 microbial gene
family abundances.

Genotype Data
Human genotyping data are available for 240 individuals from an Illumina
HumanHap300 Bead Chip or Illumina HumanHap610 Quad Chip and
imputed using IMPUTE version 2 (Howie et al. 2009; Moayyeri et al. 2013).
One individual from each monozygotic twin pair was genotyped and the
data were duplicated for the full pair. SNP data were filtered to remove
missing data, rare alleles, and loci violating HWE or in high LD (>80%) with
one another (Plink v1.9 --geno 0 ---maf 0.10 –indep-pairwise 50 10 0.8 –hwe
0.001) (Chang et al. 2015). Variants are coded for additive and dominance
effects such that the additive component is {1, 0, -1} for the number of
alleles, and the dominance effect is coded as {-1, 1, -1} such that these

74

effects are orthogonal to the additive effects.

Microbial taxa abundances
First, metagenomic reads were annotated to the species level using Kraken2
(v2.1.0, --confidence 0.1) (Wood et al. 2019). Then species abundances were
estimated using Bracken (v2.0, -r 100, -l S) (Lu et al. 2017). Species
abundances were normalized by the geometric mean per sample and species
present in at least 90% of the population were retained. A total of 655
species were analyzed.

Statistical analyses
Prior to association testing, a Tweedie generalized linear mixed model was
performed in R using the ‘lme4’ and ‘statmod’ packages to extract residuals
from the gene, species, and SNP data. The models include fixed terms for
the individual’s age at sampling, their BMI, the shipment number of their
sample, and a random effect for their twin status (either monozygotic or
dizygotic) to remove the effect of a person’s correlation with their own twin
otherwise known as relatedness. The use of the twins’ zygosity and genetic
differences between them is a topic for another paper. Further, we included
ten principal components from the human SNPs in the models to remove
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any effects of ancestry from the data, where the principal components were
fit after removing all co-twins (i.e., only one individual from each twin pair is
used to perform PCA).

Sparse canonical correlation analysis, sCCA
We use a multivariate method to associate human variants and microbial
gene abundances called sparse canonical correlation analysis, or sCCA. Like
principal components analysis, CCA projects observations into lower
dimensional space, but has the added benefit of comparing across tables.
CCA aims to identify the linear combination of two tables that maximizes
the correlation between the two. Traditional CCA requires low-dimensional
data where the sample size is larger than the number of features, which is
not the case for modern genomic datasets. In order to apply CCA to highdimensional data, we apply a penalized variant of CCA, or sCCA, that first
performs variable selection to reduce the number of features to be fit. For
the genes and species input data, we apply elastic net regularization, which
combines the l1 and l2 penalties from lasso and ridge regression methods,
that is:
argmin
𝛼,𝛽: ||𝑋𝛽||2 =||𝑌𝛼||2 =1

||𝑋𝛽 − 𝑌𝛼||22 + 𝜆1 𝑝𝑒𝑛1 (𝛽) + 𝜆2 𝑝𝑒𝑛2(𝛼)

We apply group lasso to the variants in order to select the entire variant,
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however variations of this method could use different variant coding or
different regularization methods. The first stage of this method is to perform
tuning parameter optimization to select the l1 and l2 penalty via cross
validation. Twelve pairs of penalty parameters are tested via cross validation.
Once the penalties are selected, we perform sparse CCA with the gene or
species residuals, the variant residuals, and the selected penalties. The output
is a list of all inputs (genes or species, and variants) with coefficients that are
either zero or nonzero. Features with a nonzero coefficient was selected by
sparse CCA as having the maximum correlation between the two input
tables. We fit the sCCA through block coordinate descent by iterating
regression on X and on Y.
Statistical analyses and association tests were performed in R. Code
adapted from glmnet, gglasso, and lme4, to perform penalized CCA with
elastic net and group lasso. The new reduced set of gene family abundances
and human variants are then fit by CCA for each component requested.

sCCA results analyses
BiomaRt (Durinck et al. 2009) was used to annotate the human SNPs using
HG19. FUMA GWAS was used to annotate the selected SNPs by their
gene-disease associations and functions (GO terms) and performed
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enrichment analyses to identify GWAS associations for human SNPs and
genes (Watanabe et al. 2017).
Using the KEGG API, pathway information was linked to the
microbial gene family abundances selected by CCA. Fisher’s exact test with
false discovery rate correction performed in R for pathway enrichment test.
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CHAPTER 3: Improving accessibility to latent strain analysis for
metagenomics

Introduction

Resolving strain-level resolution from metagenomic shotgun
sequencing
The human gut microbiome is an important factor in human health and the
immune system. There is a lot of inter-personal diversity of the gut
microbiome in terms of function and composition as seen by many
population-level analyses, yet we are only beginning to understand the
functional consequences of such diversity. Metagenomic analyses at the
species level, such as those using 16S rRNA sequencing, allow us to see
species compositional changes that may correlate with health or immune
status. Metagenomic shotgun sequencing analyses reveal microbial functions,
species, and even strain-level associations with human health. Understanding
the strain-level diversity between people can unlock much more information
than species alone. The Human Gut Microbiome project found that species
specific to certain human body sites showed strain-specific clustering and are
stable over time (Lloyd-Price et al. 2017).
Culture-independent methods for identifying strains from
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environmental samples are becoming more available for use with
metagenomic shotgun sequencing. Many of these methods rely on sequence
variation across genomes or single-copy core genes from metagenomic
assemblies (Ferretti et al. 2017; Truong et al. 2017; Albanese and Donati
2017; Smillie et al. 2018). It can be difficult to generate enough data for many
species within a single microbiome to accurately and precisely resolve strainlevel genomes. Latent Strain Analysis, or LSA, is a pre-assembly method for
binning metagenomic reads into bins that represent species or strains, by
using pooled variation across metagenomic samples, thus allowing the user
to assemble genomes of species and strains from metagenomes (Cleary et al.
2015). By pooling together metagenomic reads across many samples, LSA
identifies and bins together strings of nucleotides known as k-mers that
covary together across samples. It uses a hyperplane hashing function and
streaming singular value decomposition in order to find covariance relations
between k-mers in a scalable and memory-efficient way. The pre-assembled
bins from LSA can be assembled using standard genome assembly software
such as Velvet (Zerbino 2010) and annotation methods like AMPHORA2
(Wu and Scott 2012) or BLAST (Altschul et al. 1990) to identify bacterial
strains from metagenomes.
In this chapter, I will demonstrate the utility and value of LSA using a
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real application to metagenomic data to find low-abundance microbial
species within the gut microbiome. At the end, I will describe the steps for
performing LSA on metagenomic data in the interest of increasing
accessibility to the tool.

Identifying gut-associated microbial genes that are associated with
anxiety symptoms
Anxiety disorders affect approximately 18% of Americans, and about 1 in 13
people worldwide. While most people suffering from these disorders do not
seek or receive treatment, of those who do, only about half of patients
respond positively to treatment (“Facts & Statistics | Anxiety and
Depression Association of America, ADAA”). Because of the vast burden
anxiety places on people worldwide, it is important that we understand the
underlying pathophysiology of anxiety in order to develop better treatments.
There is growing evidence for bi-directional communication between
the human gut microbiome and the host’s central nervous system via the
gut-brain axis (Dinan and Cryan 2015, 2017). Bacteria of the gut may
influence the central nervous system through several mechanisms. Bacterial
species can regulate the production of neurotransmitters, produce or
upregulate the production of proteins or metabolites involved in
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neurological processes and gut hormones, and modulate the host’s immune
system via cytokine induction (Dinan and Cryan 2017; Foster et al. 2017).
Inflammation that starts in the gut could also contribute to inflammation
that reaches the brain. A prolonged stress response in the body may lead to
increased permeability of the intestines, leading to circulating microbes or
microbial metabolites. It is notable that gastrointestinal symptoms are often
seen together with anxiety and other psychiatric disorders (Simpson et al.
2020).
A systematic review of the available evidence linking the gut
microbiome and anxiety revealed that, in general, neither species diversity
between people nor species richness within people seem to explain anxiety
symptoms, however the abundances of specific bacteria do correlate with
anxiety symptoms or appear differentially abundant in people with anxiety
compared with healthy controls (Simpson et al. 2021). Many studies report
that patients with anxiety have higher abundances of certain species known
to be associated with gastrointestinal inflammation such as Enterobacterales,
Eggerthella, and Desuflovibrito. An interesting finding is that Bifidobacterium was
observed in higher abundances in patients with anxiety. Some strains within
this group are anti-inflammatory and used as probiotics, but there is
evidence that other strains could contribute to inflammation (Simpson et al.
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2021). Therefore, studying strains of gut microbial species could shed more
light on the pathophysiology of the microbiome-CNS connection.
Twins offer a unique opportunity to study traits in the context where
one twin has a condition and the other does not, also known as discordance.
For identical twins, by studying a discordant trait (where one twin sibling is
affected and the other is not) you can rule out the effect of genetics on the
trait. In other words, since identical twins share genetics, any difference
between the two siblings must be due to the environment. In this chapter, I
leveraged data from the TwinsUK cohort (Xie et al. 2016) in collaboration
with the Clark Lab at Cornell to study microbiome features that correlate
with anxiety in adult twins. Dr. Xu Wang, a former post-doc in the Clark
Lab, performed a differential gene abundance analysis in twins discordant
for anxiety and identified genes that were abundant in the twins without
anxiety and missing in the twins with anxiety symptoms. The bacterial
sources of the genes were not identifiable using standard methods such as
BLAST. Here, I used latent strain analysis (LSA) to create metagenomic
assembled genomes (MAGs) that I then used to identify the bacterial sources
of these genes.
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Methods

Subject details and data
This work uses the metagenomic sequencing from a subset of individuals
from the TwinsUK Project at King’s College London as reported previously
(Moayyeri et al. 2013; Xie et al. 2016). Deidentified metagenomic data were
processed to remove adapter sequence, low quality, duplicate, and human
reads (Rotmistrovsky and Agarwala 2011; Schmieder and Edwards 2011;
Bolger et al. 2014). All work involving human subjects was approved by the
Cornell University IRB (Protocol ID 1108002388) and all methods were
performed in accordance with relevant guidelines and regulations. Informed
consent was obtained from all participants.
Anxiety was measured using an anxiety scale questionnaire
administered by a healthcare professional. Anxiety scores are calculated from
a survey of 40 questions. Anxiety scores, or AS, are grouped into three
classes: AS1: low (0-17), AS2: moderate (18-23), AS3: high ( 24). Twin pairs
with discordant anxiety phenotypes (AS 1 vs 3, or an AS score difference
greater than 10 to increase the sample size) were chosen from the larger
cohort resulting in 32 individuals being analyzed. These 32 samples represent
11 monozygotic and 9 dizygotic twin pairs.
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Target gene identification
Paired-end reads were mapped to the Integrated Gene Catalog, or IGC (Li et
al. 2014). Genes significantly enriched in between high and low anxiety
individuals were identified using EdgeR (Robinson et al. 2010). Differential
gene abundance analysis identified 187 highly significant genes (FDR p-value
 0.05) that were enriched in low anxiety individuals. Genes were searched
using NCBI BLAST for taxonomic identificatin (Altschul et al. 1990; NCBI
Resource Coordinators 2016).

Metagenomic processing
Metagenomic reads were first sorted into species- and strain-specific bins
using LSA (Cleary et al. 2015). This process generated 1,406 metagenomic
bins containing raw reads that represent putative species. Each bin was
assembled using Velvet (v1.2.10) (Zerbino 2010) and contigs greater than
500 base pairs were retained for further analyses.

Taxonomic annotation of metagenome assembled genomes
To identify the bacterial origin of each MAG, I used a marker gene-based
approach to annotate the MAGs taxonomically. AMPHORA2 (Wu and
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Scott 2012) contains a set of 31 conserved, single copy marker genes. The
first step is to predict whether each of these 31 core genes is present within
MAG. For MAGs with low contamination, in other words, ones that
represent a single species, the expectation is that the MAG will contain one
copy of each of the AMPHORA2 core genes. Once marker genes have been
identified for each MAG, the genes are mapped to the BLAST nr database
to identify the species. MAGs that contain more than one copy of any
marker genes are considered to be more contaminated, and it’s important to
check the identity of each marker gene copy. MAGs that contain only copy
of each gene, or few copies of them, have little contamination and may
represent a genome of a single species.

Linking target genes to species using metagenome assembled
genomes
To identify which MAGs the anxiety-associated genes could be coming
from, I mapped the genes of interest to each MAG using BLAST (v2.3.0)
(Altschul et al. 1990). Alignments were filtered to keep the longest and
highest quality matches.

Results
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Gene enrichment in twins discordant for anxiety
Reads were mapped to the IGC and differential abundance tests were
performed in EdgeR (Robinson et al. 2010) to look for differences between
the anxious and non-anxious twins. There were 187 genes that are highly
significantly enriched in individuals that report no or low anxiety symptoms
(Figure 3.1). All of these genes are missing in the ten twins with anxiety, and
six out of nine of the non-anxious twins have these genes in high abundance.
The abundances of 175 of these genes are tightly correlated indicating they
may share a common taxon. None of these genes had a taxonomic
annotation in the IGC database. When input to NCBI BLAST, the results
were inconclusive because the genes did not map to any taxa.
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Figure 3.1. Differential (microbial) gene abundance analysis. In total, 160k
genes had enough coverage in 9 or more individuals for analysis. Here, 187
genes are highly, significantly enriched with high fold change between
anxious and non-anxious twins.
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Latent strain analysis
To identify the source of these genes enriched in low anxiety individuals, I
needed to first identify the species within the metagenomic samples. I
performed pre-assembly binning of the metagenomic reads using LSA in
order to create more accurate and more clean metagenome-assembled
genomes. Essentially, LSA groups reads into bins according to covariance
structures within the data based on k-mer abundance across samples. This
process resulted in 1,406 bins. By tuning LSA, it is possible to influence the
resolution of binning to create more or fewer bins based on prior
expectations. With deep sequencing, it is possible to get many more bins and
recover rare species or strains. Each bin was assembled using Velvet and
contigs greater than 500 base pairs were retained (v1.2.10) (Zerbino 2010).
To identify bins that contained any of the genes found to be enriched in
non-anxiety samples, I mapped the enriched genes to all of the MAGs and
filtered for the best and longest alignments. The genes enriched in the nonanxious samples map to 26 of the metagenome-assembled genomes. Bin 46
had the most of any MAG with 116/175 of the genes, or about 66%. The
next top bin has 64 of the genes, or about 36%.
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Azospirillum species are the source of most of the genes enriched
in unaffected twins
Next, to identify the taxonomic identity of the MAGs, I used the
software AMPHORA2 which uses a marker gene approach. AMPHORA2
looks for a specific set of 31 single-copy, conserved bacterial or archaeal
sequences, and outputs a protein and nucleotide sequence file for each
marker gene. Once the marker genes were identified for each bin, the genes
were mapped to the BLAST nucleotide database to identify their genomic
origin. The marker genes from bin 46 all map to the genus Azospirillum with
a high percent identity and no other matches. Azospirillum is a Gramnegative, microaerophilic bacterial genus from the family Rhodospirillaceae and
is known to promote plant growth. Interestingly, species within this genus
are found in some commercialized probiotics for plants.
The next few bins with the most matches to the enriched genes, bins
107, 303, and 505, all had marker genes that map to Azospirillum, in addition
to other taxa. The marker genes from bin 107 mapped to Azospirillum sp.,
Ruminococcus sp., and Clostridium sp. Marker genes from bin 303 were
annotated as Clostridium sp. and Azospirillum sp. And bin 505 was annotated as
Eubacterium sp., Ruminoccocus sp., Azospirillum sp., and Clostridium sp. With LSA,
it is possible that that some bins are more contaminated than others, and
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these results indicate that some reads may be erroneously binning together
with different species. However, bin 46, with the highest number of enriched
genes of interest, only maps to Azospirillum (Figure 3.2A).
These four bins, 46, 107, 303, and 505, that all map to Azospirillum at
least partially, all contain some of the enriched microbial genes. It is possible
that they are all capturing different parts of the same genome, (or genomes
of different Azospirillum species) that got split into multiple bins. There is
some overlap in the enriched genes that map to each of these bins (Figure
3.2). Bin 46 has overlap with each of the four bins, and nine of the genes
enriched in unaffected twins are present in bins 46, 107, and 303, but no
genes overlap all four bins. Between these four bins, 155/175, or 88.5%, of
the enriched genes are represented (Figure 3.2B). Each of the four bins
contains genes that bin 46 does not, indicating that these other bins could be
capturing more genes of interest and were just not binned with the same
Azospirillum genome.

96

Figure 3.2. Venn diagram of the overlap for the enriched genes across the
four bins fully or partially annotated as Azospirillum. A) The number of genes
enriched in the unaffected twin found within each bin that was annotated as
Azospirillum, with bin 46 containing the most. B) The overlap of these genes
between the four bins. Bin 46 contains 64 genes not seen in any other bin.
Bins 46, 107, and 303 overlap by 9 genes. Together, these four bins contain
155 unique genes from the set of enrichment results.
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Both of these analyses using MAGs are based on the presence of
genes within contigs. Only two contigs for bin 46 had an amphora gene and
an anxiety gene. More occurrences of this would be good evidence that
indeed Azospirillum is the source of these genes, but it does not negate the
fact that both the genes of interest and the taxonomic marker genes are
found within the same MAG. The species could be rare in the gut, and were
only identifiable using meticulous methods for pre-assembly binning. Many
contigs have multiple amphora genes on them for partition 46, which gives
more weight to the identification of the taxon.

Discussion
Latent strain analysis identified the bacterial taxon that expresses the genes
found to be enriched in low anxiety individuals, and also missing in patients
with anxiety, in this study of discordant twin pairs. We found that 187 genes
were significantly enriched in these unaffected twins, whereas these genes
were missing in their sibling who experienced anxiety. Further, 175 of those
genes were tightly correlated with one another, indicating a common
genomic source. Using standard annotation methods such as BLAST, we
were unable to track the source of these enriched genes. However, by
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performing pre-assembly binning I was able to fine tune the resolution of
metagenomic assembly to uncover many species in fine enough detail to be
able to identify their origin.
LSA benefits from having many samples yet also works well with a
relatively small sample size (n=32). These samples are sequenced deeply, and
LSA can use all the information to identify patterns of covariance in the data
to bin reads into MAGs. A larger dataset of anxiety patients and controls
may allow us to identify the exact strain of Azospirillum contributing these
genes to the gut microbiome. Some of the results indicate that other
additional bins may include data from Azospirillum that binned ambiguously
with other genera. By looking at all bins that map to Azospirillum, I was able
to link 155/175 of the enriched genes to this genus. Future work on refining
these bins could generate cleaner and more complete genomes, which may
also lead to identifying the species or even strain of Azospirillum present in
these individuals.
Certain Azospirillum species, such as A. brasilense, are used in probiotics
for plant growth (Menendez and Garcia-Fraile 2017). This may represent the
first time Azospirillum has been identified as a potential human probiotic
species. Since this is a known plant probiotic, it is also possible that this
organism is present in these individuals microbiomes because of food they
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consume. Without more dietary information, it would be hard to say, but it
could be the case that the non-anxious twins ate more plant-based diets than
their anxious sisters.
Future work is needed to understand if Azospirillum species do act or
have the potential to act as probiotic species in the human gut. In vitro
experimentation could be used to test for certain probiotic properties such
as survival of host stress, colonization of a host, antimicrobial properties, or
immunomodulation. However, in order to show that a probiotic makes it to
the appropriate body site (the gastrointestinal tract, in this case), in vivo work
is required once strains of interest have been identified using in vitro methods
(Papadimitriou et al. 2015).
In addition to asking whether Azospirillum could act as a probiotic in
the human gut microbiome, my results indicate that Azospirillum could
potentially have a protective effect against anxiety-related symptoms and
disorders. Mouse models of anxiety could be used to test the effects of fecal
microbiota transplants amended with Azospirillum species on the host’s
anxiety related symptoms (Steimer 2011).
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Performing Latent Strain Analysis
In this section of the chapter, I will outline the steps to run latent strain
analysis on a typical Unix-based server with a sun grid engine scheduler like
the ones found in the Brito Lab. I have created an online version of this
information at https://fnew.github.io/posts/2019/05/blog_post_lsa/. The
source code required extensive modification as many features were
hardcoded for specific computing environments.
LSA is run in 14 sequential steps that must be monitored. All scripts
are maintained on the in-house server
(/workdir/scripts/latent_strain_analysis/). LSA comes prepackaged with a
script that will automatically create submission scripts for each step. I have
modified this script to work with the Sun Grid Engine (SGE) that is installed
in-house. The first steps of the process initialize the environment for
running LSA and prepare your metagenomic reads. This means setting up
the directory, copying scripts over, and establishing paths. Here, you should
run ‘python LSFScripts/setupDirs.py -I /input/reads/ -n 9’. This will create
several directors for you including one for original reads, scripts, and more.
Original, raw metagenomic reads should be in a folder called
“/original_reads/”. Next, the reads need to be split into even chunks of
1,000,000 fastq records each (or 4,000,000 lines). Once the fastq files are
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split into chunks, the next step is to generate the hash function.
The next phase of LSA involves creating the metagenomic kmer
abundance matrix which is done with a hash function. A hash function is a
function that takes inputs of any size and maps them to a table or matrix
with fixed sizing. LSA uses a sequence-sensitive hash function to create the
k-mer abundance matrix out of metagenomic sequencing reads. Reads are
split into 33 base pair long k-mer (by default) and n hyerplanes are randomly
drawn to create 2n bins, then k-mers that fall within the same k-dimensional
space are assigned to a bin and thus a column of the k-mer matrix, where
rows represent samples and columns are k-mers. Because the hash function
takes sequence into account, nearby columns will be closely related k-mers.
To begin, you can run the script “CreateHash_Job.q” which calls the
python script “create_hash.py”. Within the python script, there are two
important arguments, “-k” and “-s”, for the k-mer length and the hash size.
The defaults are k-mer length of 33 and hash size of 31.
Next, LSA hashes all the split reads using “HashReads_ArrayJob.q”.
The job array is set by the number of chunks created in the read splitting
step. For example, if I have 100 metagenomic samples that were split into
1,000 chunks, the array number here is ‘1000’. At this stage, if some jobs fail,
the process can continue, but those chunks will be missing downstream.
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This is the longest step of LSA and can take up to 48 hours to complete read
hashing on ~1,500 chunks. The output will go into a folder called
“/hashed_reads/” within the LSA directory.
Once read hashing is complete, the next step is to tabulate the k-mer
counts of the reads. LSA counts the hashed k-mers in 1/5th of each sample
using the script “MergeHash_ArrayJob.q”. It is very important that within
the “/original_reads/” folder, there is only one “.fastq” file per sample, as
this step uses that information to set the job array size. After this point, it is
wise to remove the original data files from the “/original_reads/” folder,
and only keep the split reads. Note that I have modified the python code at
this step to be able to run in-house, and the original LSA code will not work
(hash_counting.py and merge_hashq_files.py). The output should include
five files per sample. The array job size is the number of samples multiplied
by 5. For example, if you have 100 samples, the array size is 500 and the
script header will include: “#$ -t 1-500”. The next step is to combine the five
files for each sample using the script “CombineFractions_ArrayJob.q”. All
of these jobs must finish successfully. The number of array job tasks here is
equal to the number of samples, which is 100 in this example.
Now, using the hashed reads and k-mer counts, the next step is to
create the abundance matrix using global k-mer conditioning in the

103

“GlobalWeights_Job.q” script. This step requires the use of anaconda
libraries and can use up to (or more than) 70GB of RAM. This step must
succeed to continue. Once this step is complete, rows of the abundance
matrix are written to separate files and local sample conditioning is
computed using the script “KmerCorpus_ArrayJob.q”. If this job failes, you
may see a “core” output file. This step requires around 60GB per sample of
RAM, but runs fairly quickly. It will create one file per sample that looks like
“…/hashed_reads/{FILE_NAME}count.hash.conditioned”. All these jobs
must finish successfully.
The next phase of LSA is calculating the streaming SVD, clustering
the k-mers, and partitioning the metagenomic reads into bins for assembly.
The first step in this phase, calculating the streaming SVD, required some
modification to run. The manual states that this step will need 60GB of
distributed RAM and scales in time with the number of samples: for
example, it will run for 7 hours with 64 small samples, or 6 hours for 12
large samples. This step requires the addition of several lines of code to run:
$ export
PYRO_SERIALIZERS_ACCEPTED=serpent,json,marshal,pickl
e
$ export PYRO_SERIALIZER=pickle
$ export PATH=/programs/Anaconda2/bin:$PATH
$ export
LD_LIBRARY_PATH=/programs/Anadonda2/lib:$LD_LIBRARY_
PATH
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Further, this script must be run in a screen in bash: “bash
KmerLSI_Job.q”.

Next, there are four steps to run to cluster the k-mers. First,
“KmerClusterIndex_Job.q” creates the clustering index which ultimately
determines the resolution of read partitioning. This is the step that often
requires the most tuning. After this job is run, there will be a file in the newly
created directory called “…/cluster_vectors/numClusters.txt”. Checking this
file will let you know the number of partitions or bins to expect at the end of
LSA. If the number of bins is quite different than your expectations, rerun
this script with a new value for the argument “-t”. The authors suggest
values of 0.5-0.65 for large scale data in the order of terabytes, 0.6-0.8 for
medium size data in the order or 100 gigabytes, or greater than 0.75 for small
scale data around 10 gigabytes in size. However, these metrics are not clearly
distinguishable and do not work well on real data. When running LSA on a
medium size dataset, about 500GB, “-t 0.6” results in 19 partitions, whereas
“-t 0.8” results in 1,406 partitions. This step will also create the file
“/cluster_vectors/cluster_index.py”.
Next, LSA will cluster blocks of k-mers using
“KmerClusterParts_ArrayJob.q”. The job array size here, or number of
tasks, is 2 ** hash size / 106 + 1. By default, the hash size is set to 31 and
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therefore the number of tasks will be 2,148 by default. This step creates
numbered directories in the folder “/cluster_vectors/” for the number of
partitions that was set in the previous step. During this step it is important to
monitor the jobs as they tend to silently fail due to memory constraints.
Thoroughly check the logs for any mention of memory issues. If jobs
unknowingly fail here, it will not become apparent until the end of LSA, at
which point a lot of scripts will need to be rerun. If this happens, the scripts
at the end will let you know that the files are corrupt.
The clustered blocks of k-mers will next be merged using
“KmerClusterMerge_ArrayJob.q”. This step creates files in
“/cluster_vectors/” with the extension “.npy” and deletes the directories
created in the previous step. The number of array jobs is equal to the
number of clusters or partitions, which comes from
“/cluster_vectors/numClusters.txt”.
The final step before read partitioning is to arrange the k-mer clusters
on the disk using “KmerClusterCols_Job.q”. This step creates many files in
“/cluster_vectors/”: cluster_cols.npy, cluster_probs.npy, cluster_vals.npy,
kmer_cluster_sizes.npy, and *cluster.npy for each sample.
The final phase of LSA is to partition the original reads according to
the k-mer clusters created using the k-mer abundance matrix. First, reads are
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partitioned using “ReadPartitions_ArrayJob.q”. Create a temporary directory
for read partitioning, such as “partitions_tmp” in the LSA folder. This step
will create numbered directories for each chunk (from the initial step of
splitting your fastq reads) in the temporary folder, and will eventually write
files into numbered directories within /cluster_vectors/. The number of
tasks here equals the number of chunks created in the beginning when the
fastq reads were split, not the number of clusters or partitions from the kmer clustering stage. Check for any failed jobs and resubmit. Finally, the
partitions are merged from the /cluster_vectors/ directory into their final
partitions within /read_partitions/ using
“MergeIntermediatePartitions_ArrayJob.q”. The number of tasks in this step
is the number of partitions, or the number of clusters found in
“…/cluster_vectors/numClusters.txt”. If any of these jobs fail, resubmit
them.
This is the end of the LSA pipeline. From here, the typical steps
include assembly of the bins (partitions), quality assessment of the bins, and
taxonomic annotation using a marker gene approach.
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CHAPTER 4: The predictive power of the gut microbiome for host
health

Introduction
Observational studies of the gut microbiome have uncovered many links to
health for the initiation and maintenance of metabolic and gastrointestinal
(GI) diseases. For example, differences in community stratification have
been observed between lean and obese individuals using taxonomic
composition information from 16S rRNA sequencing (Turnbaugh et al.
2009). Using shotgun metagenomic sequencing, functional differences in the
gut microbiomes of healthy people and those with type 2 diabetes have been
observed (Wang et al. 2012; Qin et al. 2012). For GI-related conditions such
as irritable bowel disease, IBD, there is a lot of evidence that the gut
microbiome is integral in its onset and progression (Glassner et al. 2020). In
fact, transferring proinflammatory bacteria from diseased mice to healthy
mice induces inflammation in the gut, and specific species of microbes have
been found to be involved in driving or suppressing inflammation (Jostins et
al. 2012; Ananthakrishnan et al. 2017; Glassner et al. 2020).
Beyond these metabolic disorders, community differences have been
observed in the gut microbiota between healthy and affected individuals seen
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within many other conditions such as autoimmunity (Xu et al. 2019),
psychiatric (Simpson et al. 2021), and cardiac diseases (Witkowski et al. 2020).
By studying the associations of the gut microbiome with more diseases in
more populations, we can generate more targets for hypothesis testing.
Beyond differences at the community level, it is important to identify
functional differences between healthy and disease gut microbiomes to get
closer to understanding disease mechanisms. A deeper understanding of
disease mechanisms as related to the gut microbiome could lead to the
development of diagnostics of potential interventions. In order to move
from observational studies of community or functional differences to
identifying causal links for more conditions, we need to first identify
potential targets of study.
Although sequencing costs have come down, large-scale studies of the
microbiome are still limited by patient recruitment for many diseases. The
Human Microbiome Project (HMP) has over 2,000 samples from stool
collected and sequenced (Consortium et al. 2012). The second iteration of
the HMP, iHMP, includes data relating to type 1 diabetes, pregnancy, and
IBD (Lloyd-Price et al. 2017). While it can be difficult to recruit large cohorts
for every disease that might be important to study, some consortiums are
taking a different approach. The TwinsUK Registry is the largest cohort of
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adult twins in the United Kingdom (Moayyeri et al. 2013). Started in 1992, it
has over 14,000 adult twins enrolled. Twin data is useful for distinguishing
the relative roles that environment and genetics play in shaping phenotypic
variation. Based on the assumption that monozygotic twins share 100% of
their genomes, any phenotypic differences between them should be due to
environmental factors. These participants are deeply phenotyped and
genotyped, with whole genome, transcriptomic, epigenetic, metabolomic,
and metagenomic data available (16S rRNA gene sequencing available for
most of the participants, and shotgun metagenomic sequencing available for
250 adults at the time of this work) (Moayyeri et al. 2013). By using this large
cohort of individuals, it is possible to study different subsets according to
diseases for specific analysis, as well as studying the gut microbiomes of
generally healthy people. In this chapter, I will be using metagenomic and
phenotype data for a subset of 250 adult women from the TwinsUK registry.
These individuals were sampled randomly from the TwinsUK participants
and are representative of the overall cohort. Additionally, through our
collaboration with the TwinsUK program, I have access to about 400
phenotypes that span many different biometrics and diseases. The
phenotypes that I have access to broadly fit into several categories including,
but not limited to, anxiety, immune system, cardiac, lifestyle/physical,
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metabolic and autoimmunity. As mentioned, I am especially interested in
studying the anxiety, cardiac, and autoimmune traits within this population,
as there is less known about these conditions compared with GI-related or
metabolic diseases.
Commonly used methods for studying features of the microbiome,
such as the abundances of microbial genes, rely on linear models for
normally distributed data or nonparametric ranking tests such as KruskalWallis or Spearman’s rank correlation tests (Xia and Sun 2017). Methods that
assume data are normally distributed are likely to be flawed because
metagenomic data is often overdispersed, zero-inflated, and structured with
gene-gene interactions which violate the independence assumption required
by many models. The Kruskal-Wallis test (Kruskal and Wallis 1952),
essentially a non-parametric one-way analysis of variance (ANOVA) are
useful when comparing more than two groups (for example when a trait is
not binary). Either of these tests are useful for studies comparing taxonomic
diversity within or between samples, or across body sites. The Wilcoxon
rank-sum test (Wilcoxon 1945), essentially a non-parametric two-sample ttest, can be used for comparing two groups of continuous variables (Xia and
Sun 2017). Rank-based analyses should be used with caution because it is
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likely the case in metagenomics that these methods could miss weakly
associated features that in aggregate account for a lot of variation.
Ensemble machine learning approaches such as random forest (RF),
are increasingly applied to genomic and metagenomic data for prediction,
classification, and variable selection (Breiman 2001). RF is effective at
handling datasets where the number of predictors vastly outnumbers the
number of samples (the “large p, small n” problem), and the aggregation of
decision trees allows for the handling of correlations and interactions among
metagenomic gene abundances. RF was found to perform the best for
microarray analysis as well as other high-dimensional data (Breiman 2001;
Lee et al. 2005). In a review of machine learning approaches applied to the
study of the gut microbiome, RF was found to perform the best across five
benchmark datasets, while support vector machines performed the poorest
(Knights et al. 2011). The elastic net method performed worse than RF with
higher error rates, but the authors noted that it can be useful as a
preprocessing step for other methods such as RF.
In this chapter, I will present my work on associating microbial
functions (these will be referred to as gene families throughout this chapter)
from the human gut microbiome with various human traits and diseases that
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are less often studied in the context of the gut microbiome, in order to
identify microbial traits that may be related to host health. To begin, I will
use classical, non-parametric statistical methods to find correlations of the
microbial gene abundances with host traits. I will then apply random forest
for feature selection using backward elimination to identify the microbial
genes whose abundances are the most predictive of certain host traits.
Methods

Subject Details and Data
This study used metagenomic sequencing from a subset of individuals from
the TwinsUK Project at King’s College London as reported previously
(Moayyeri et al. 2013; Xie et al. 2016). Deidentified metagenomic data were
processed to remove adapter sequence, low quality, duplicate, and human
reads (Rotmistrovsky and Agarwala 2011; Schmieder and Edwards 2011;
Bolger et al. 2014). All work involving human subjects was approved by the
Cornell University IRB (Protocol ID 1108002388) and all methods were
performed in accordance with relevant guidelines and regulations. Informed
consent was obtained from all participants.
This subset of the TwinsUK metagenomic data consists of 250
individuals representing 90 pairs of dizygotic (fraternal) twins (n=180) and
35 pairs of monozygotic (identical) twins (n=70). Trait data exist for a range
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of these individuals, but it is highly dependent on survey completion. For
many traits, there is vast missing data, and for others the majority of
responses are negative. In total, there are 214 traits and phenotypes with data
for at least 10 individuals (130 categorical traits, 84 continuous traits) which
fall into broad categories of cardiac, rheumatic or autoimmune, and
metabolic traits (Figure 4.1). When filtering for rare genes (genes present in
at least 10/250 individuals are retained), I did not take into account the
balance of affected and unaffected individuals. Many of these traits are
disaggregated survey questions that represent a composite diagnosis. For
example, to diagnose anxiety in these individuals, they were given a
diagnostic questionnaire with 40 questions. The raw phenotype data has
these questions listed individually, but it is also possible to score the results
of this questionnaire to calculate an overall anxiety score (see Chapter 3). For
some traits, aggregating will be necessary to overcome issues of missing data
or class imbalance.
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Figure 4.1. A subset of the phenotypes and traits available in the 250
TwinsUK dataset. Most of the individuals in this population are either
unaffected or their status is unknown for these phenotypes.

118

Metagenomic data analysis
High quality metagenomic reads were aligned to the Integrated Gene
Catalog, IGC (Li et al. 2014), (~9.8 million genes of the human gut
microbiome), and only primary alignments were retained. Reads that aligned
with less than 90% mapping identity were removed. Genes with at least 80%
of the gene body length covered by aligned reads were retained. Gene
abundances were normalized for the length of the gene and number of reads
sequenced per sample, also known as reads per kilobase per million (RPKM)
units (Mortazavi et al. 2008). The normalized gene abundances were then
aggregated by function using annotations from KEGG (Kanehisa and Goto
2000), eggNOG (Huerta-Cepas et al. 2019), and Pfam (Finn et al. 2014).
These aggregated functional groups will be referred to as gene families.
Finally, only gene families that were present in at least 10/250, or 4%, of the
individuals were retained in this study. The result is a gene family catalog
consisting of 23,176 gene family abundances.

Statistical analyses
Multidimensional scaling analysis (Cox and Cox 2008) was performed on a
distance matrix (Brays-Curtis distance (Bray and Curtis 1957)) generated
from the microbial gene abundances using the ‘vegan’ package in R.
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Wilcoxon rank sum tests performed on clustered continuous traits in R.
Continuous traits were clustered into two groups, for example BMI was
clustered into high BMI or low BMI with a threshold set at 30. Spearman’s
correlation analysis was performed in R. For categorical traits, many of
which contain more than 2 categories, I performed Kruskal-Wallis tests in R.
A Bonferroni correction for multiple testing was made to all p-values from
these analyses.

Random forest for feature selection
I constructed a random forest classifier to determine the microbial functions
that best predict host traits using the ‘randomforest’ package in R. Feature
selection was performed using the ‘varSelRF’ package in R. I constructed a
random forest of decision trees, which ranked gene families by variable
importance and iterated through 701 times for a total of 701 random forests.
At each iteration, the bottom 10% of least informative gene abundances are
dropped. The set of genes that minimizes the out-of-bag error is selected as
being the most important for determining host status.
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Results

Technical and other confounding variables in the data
To identify confounding variables in the data, I performed a nonparametric
multidimensional scaling analysis (Cox and Cox 2008), or MDS, on a BrayCurtis dissimilarity (Bray and Curtis 1957) matrix calculated from the
metagenomic profiles of each person. There is a lot of variation along the
first MDS coordinate, creating essentially two groups of data points (Figure
4.2A, C). To understand what could be causing this structure in the data, I
performed a series of Chi-squared tests of all the known metadata and
phenotype data for the dataset (including health/disease information, BMI,
age, shipping information, and more) (Figure 4.2B). Several phenotypes were
found to be significant after a Bonferroni correction (p-value  0.05)
including disaggregated anxiety symptoms, birth modality, BMI, and some
technical variables like when samples were collected, shipped, or received.
The most significant variable was the sample shipment number (p=
5.364x10-8) (Figure 4.2B). One important thing to note is that samples for
each twin pair always shipped together (Figure 4.2C).
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Coordinate 1

Coordinate 2

C

Categorical variable
Anxiety phenotype1
Anxiety phenotype2
Anxiety phenotype3
Birth modality
Anxiety phenotype4
Anxiety phenotype5
Anxiety phenotype6
Chronic skin rash
Gout
Continuous variable
BMI
CD8+ VB2 count
IL6 count
Technical variable
Sample shipment number
Sample date received
Sample collection date

Shipment number
1
2
3
4
5
6

p-value
0.03007
0.01371
0.03976
0.01396
0.00709
0.04249
0.03939
0.03894
0.01386
p-value
0.03381
0.00705
0.02966
p-value
5.3641e-8
0.04265
0.02134

Number of individuals*
24
50
28
14
88
46

*Twins always shipped with their sister

Coordinate 1

Figure 4.2. Dimensionality reduction of the twins’ metagenomic functional
data reveals structure from technical variables. A) A metric multidimensional
scaling (MDS) plot showing the first two coordinates from the MDS analysis
of the metagenomic functional abundances. The first MDS coordinate
shows the highest level of variation across the samples. B) Significant (p 
0.05) results of a series of Chi-square tests to look for traits or variables that
might explain the separation of data along the first MDS coordinate in A.
Sample shipment number has the smallest p-value indicating a relationship
with the structure seen in the MDS plot. C) The same MDS plot now
colored by sample shipment number. The figure legend for C also includes a
count of the number of individuals in each shipment. The twin pairs were
always shipped together.
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Many microbial functions correlate with many host traits and
diseases
I next wanted to test whether any microbial gene family abundances
correlate with any of the host phenotypes or diseases. A Wilcoxon rank sum
test was performed on the continuous traits clustered into two categories
(k=2) as this worked for every trait in my preliminary pass. A Kruskal-Wallis
test was performed on the categorical traits for comparisons between more
than two categories. Following these tests, a Bonferroni correction was
applied to account for multiple testing, which resulted in 92 traits with
significant results (p-value  0.05).
An initial round of testing using the full dataset (no filtering on the
presence of gene families across samples) resulted in many significant results
for genes that were only present in a handful of subjects. Using the filtered
dataset (each gene family must be present in at least ten individuals) results
in far fewer significant results than using the entire dataset. These results
indicate a bias for sample size for each gene family when performing these
analyses and justify potentially stricter filtering.
The traits with the highest number of significant correlations are
anxiety-related symptoms (disaggregated questions from an anxiety diagnosis
questionnaire), arterial thickness, asthma, congenital heart disease, the use of
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medicine for treating diabetes, and various rheumatic diseases (Figure 4.3).
Age and BMI are also significantly correlated with several microbial gene
abundances (Figure 4.3).
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Figure 4.3. Number of microbial gene families significantly associated with
various human diseases and traits. A) For these categorical traits, a KruskalWallis test was performed for each microbial gene family to look for
associations with each human disease or trait. Of these traits tested, 90 have
at least one significant association with microbial gene family abundances of
the human gut microbiome (Bonferroni corrected p-value  0.05). B)
Continuous traits were tested against the microbial gene family abundances
using a Wilcoxon rank-sum test. After a Bonferroni correction, only two
traits were significantly correlated with any abundances.
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Many traits fall within certain health-related categories such as
rheumatic diseases, allergies, anxiety, cardiac conditions, diabetes, and
personal lifestyle. Rheumatic or autoimmune diseases represented here
include lupus and fibromyalgia, which share 38% of their significantly
associated microbial gene families. The functions of these gene families
(from KEGG, eggNOG, or pfam) range from transport systems, membrane
fusion proteins, bacterial motility proteins, ion channels, chaperones and
folding catalysts, membrane trafficking proteins, and lipopolysaccharide and
peptidoglycan biosynthesis proteins. High cholesterol is another trait that has
high coverage for individuals in this dataset. There are 86 microbial
functional groups significantly associated with high cholesterol. These
functions include autophagy, transferases, metabolism, and secretion system
proteins. As these gene families were aggregated by functional group prior to
analysis, it is not possible to look at the individual microbial genes associated
with these diseases.

Microbial functions can be used to distinguish disease status in
adult microbiomes
Given that many microbial gene families were indeed significantly
correlated with host traits or diseases, I next tested if any of these microbial
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gene families could be used to predict those host traits. The results from the
non-parametric statistical tests made it clear that only certain phenotypes
would be appropriate for studying within this population. Specifically, only
phenotypes with high coverage across individuals in this cohort. With this in
mind, I chose to analyze five specific traits: soft tissue rheumatic disease,
rheumatic disease (other than soft tissue), hypertension, high cholesterol,
and eczema (Figures 4.1 and 4.4).
To test my hypothesis, I constructed a random forest of binary
decision trees which ranks features (the microbial gene family abundances)
by their variable importance in terms of splitting the data between case and
control within the forest for each trait. At each iteration, the bottom 10% of
variables were dropped, this is known as backward elimination variable
selection. I repeated this step for a total of 701 random forests constructed.
The most important variables for distinguishing case from control data are
those present when the out-of-bag error is at a minimum (Figure 4.4A).
Similar to the rank sum tests, the results of the random forest
classifier for variable selection are sensitive to sample size and the number of
cases and controls. Except for soft tissue rheumatic disease, there is a linear
relationship between the number of cases for a trait and the number of
observed associations with metagenomic gene family abundances (Figure
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4.4B). Therefore, I may be missing interesting associations for the more
unbalanced traits.
The microbial gene families associated with these five traits fit into
eight KEGG pathways: metabolism, microbial metabolism in diverse
environments, secondary metabolite synthesis, antibiotic synthesis, carbon
metabolism, amino acid synthesis, ABC transporters, and quorum sensing
(Figure 4.4C). The fact that all five of these traits share the same KEGG
pathways could be indicative of biases in the data or within the KEGG
database itself as some of these, such as metabolism, are very broad
categories. However, I do not see a lot of overlap of the individual gene
families between the traits. Of the 2,189 gene families that were found to be
predictive for these five traits, only 149 of them were found within two traits
(6.8%), just 2 gene families were found in 3 of the traits (0.09%), and no
genes were found within all five traits.
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Out-of-bag error

A

Number of variables tested

B
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Figure 4.4. Random forest for variable selection and classification. Five traits
had sufficient coverage in the dataset to be analyzed using random forest for
variable selection: eczema, rheumatic disease, soft tissue rheumatic disease,
hypertension, and high cholesterol. A) The out-of-bag error at each iteration
of random forest for backward elimination variable selection. The optimal
set of variables for distinguishing cases and controls minimizes the out-ofbag error. B) The number of microbial genes used to predict each trait
plotted against the number of cases of each trait in the dataset. There is an
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almost linear relationship between the number of cases and the number of
positive associations. C) The number of gene families found to be associated
with each trait, separated by functional category.
Discussion
Using a subset of the TwinsUK data, and a combination of nonparametric
statistical and machine learning methods, I was able to identify interesting
links between the functions of the gut microbiome and host traits or
diseases. To begin, I identified confounding variables within the data using
an MDS analysis and enrichment tests. Sample shipment number was most
significantly correlated with the variation seen in the MDS plot, but other
traits such as various anxiety symptoms, BMI, and birthing modality were
also significantly correlated. These results are useful for further analyses of
the TwinsUK dataset, as it will be important to control for these variables.
Using nonparametric statistics, I was able to identify many microbial
functions that are significantly associated with host traits and diseases. While
I was able to identify many significantly associated microbial gene families,
this method only allows for univariate testing, and I might be missing out on
aggregate pathway-level information. Another complication is the effect of
sample sizing on these methods. When I analyzed the full, unfiltered dataset,
I found many more significant results, however these results were often
found for very rare genes which were present in fewer than 10 individuals.
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When I filtered out these rare genes, the number of significant results
decreased, but there were still 92 traits and diseases with significant
associations after a Bonferroni correction.
These microbial genes that I analyzed were aggregated into functional
categories, or gene families, so it is not possible to know the exact microbial
genes that may be associated with these host traits. This may limit their
usefulness for identifying biomarkers or potential therapeutic targets.
However, it is possible to look at pathways from KEGG and eggNOG, or
protein families from pfam. Two traits in particular are associated with
interesting microbial pathways: autoimmune diseases and high cholesterol.
Lupus and fibromyalgia shared 38% of their significantly associated
microbial functions. These pathways and proteins include transport proteins,
membrane trafficking proteins, ion channels, and chaperones. High
cholesterol was associated with bacterial proteins and pathways such as
autophagy, transferases, and secretion system proteins.
Given that certain microbial functions are associated with host traits
or diseases, I wanted to go a step further and ask if these, or any other,
microbial functions could be used to predict a host trait or disease. Features
that can be used to consistently and accurately predict a trait could be
powerful biomarkers and targets for further study. To test this theory, I
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applied random forest for feature selection using backward elimination to
identify microbial gene abundances that are predictive for host status for five
diseases: eczema, high cholesterol, hypertension, rheumatic disease, and soft
tissue rheumatic disease. I chose these traits on the basis of their coverage in
the dataset. Each of these five host traits correlated with microbial genes
from similar functional categories (KEGG pathways): metabolism, microbial
metabolism in diverse environments, secondary metabolite synthesis,
antibiotic synthesis, carbon metabolism, amino acid synthesis, ACB
transporters, and quorum sensing. Despite this overlap in KEGG pathways,
the individual gene families found to be associated with each trait themselves
have little overlap. Because the data were aggregated into functional gene
families prior to analysis, it is not possible to study the individual genes that
may be predictive of these host traits.
This method worked well for these traits as they contained relatively
balanced data compared with the other traits in the dataset, in terms of cases
and controls, which is a concern when running random forest. Methods exist
for handling unbalanced data such as sampling schemes, class weighting or
imputation for missing data (Chen et al. 1999; Xu-Ying Liu et al. 2009; Hong
and Lynn 2020). Missing data imputation can be done with random forest
(for continuous or categorical data), but caution should be taken especially
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when data are highly skewed or there are interactions between variables
(Hong and Lynn 2020).
Random forest with class weighting can be used to mitigate the effects
of unbalanced data (Chen et al. 1999). Essentially, during a random forest
analysis, as decision trees are constructed with a subset of the available
features (microbial gene families in this case), it is possible to change the
weight for each class when calculating the impurity score at a split point in
the decision tree. The impurity score is a measure of how heterogeneous the
groups are at each split in the training dataset. In other words, was the
feature used to make a split good or bad at distinguishing the cases from the
controls. Methods for weighted random forest for unbalanced data basically
add a bias so that mixed groups that skew towards the minority class are
favored, which leads to false positives for the majority class (Hong and Lynn
2020).
Another way to handle unbalanced data with random forest is to
explicitly resample from the training data to create bootstrap samples with
more balanced data distributions. This method, known as balanced random
forest, under-samples the majority class and oversamples the minority class
(Chen et al. 1999; Xu-Ying Liu et al. 2009). When data are extremely
unbalanced, for example, case=5, control=100, the bootstrap samples end

133

up having the same few case samples over and over again, creating
dependence between the decision trees. Overall, each method should be
used with caution, but could be beneficial for future work on this dataset.
Another alternative approach for this work would be to use a variable
selection method such as elastic net (Zou and Hastie 2005) or lasso
(Tibshirani 1996) as a preprocessing step on the microbiome gene families
prior to performing random forest. This combination has been shown to
improve model accuracy (Knights et al. 2011).
Data availability and cleaning were complications for this project.
Very few traits had wide or balanced coverage across the subjects and many
of the traits were duplicated with conflicting responses. With a larger subset
of the TwinsUK project, there might have been more coverage of traits and
diseases, but it is not likely given that these individuals were not recruited for
any specific conditions. I wanted to include an analysis of traits that
distinguished discordant twins within the traits or diseases, but I lacked the
data to perform statistically sound analyses. For example, within all
rheumatic diseases (aggregated across diseases in this category), there are
twelve pairs of twins discordant for a rheumatic disease, with just four
monozygotic twin pairs. All traits that had any discordant pairs (eight traits),
were similarly limited and unbalanced between zygosities (Table 4.1). It is
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possible to aggregate traits or find other ways to score phenotypes such that
we could create subsets of the data for analysis. For example, in Chapter 3, I
presented an analysis of anxiety, where we were able to create a subset of the
TwinsUK data for twins that were either discordant for anxiety or had very
different anxiety scores (greater than a 10 point difference on the anxiety
disorder diagnostic tool).

Table 4.1. A subset of the TwinsUK phenotypes that are discordant within
twin pairs and the number of those pairs that are monozygotic. Few traits
with discordant traits are represented by many identical twins.
Number of
Number of
Trait
discordant twin
monozygotic pairs
pairs
High cholesterol
33
9
Hypertension
23
5
Stroke
5
1
High blood pressure
15
1
High blood pressure
22
4
(in pregnancy)
Eczema
22
5
Rheumatoid arthritis
7
4
Rheumatic diseases
12
4
Future work, especially with an extended set of TwinsUK data, should
identify or develop methods for incorporating the familial structure into the
analysis. This could be done with a mixed effects random forest that
incorporates a random effect for the twins’ families and a fixed effect for
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zygosity. Twin data allows us to distinguish genetic from environmental
effects and could be useful in this situation when looking for microbial genes
or functions that may play an environmental role in host disease. This may
be complicated by the fact that some microbial species and even their
functions are associated with host genetics, so separating the genetic effect
from their environmental effect could be complicated.
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CHAPTER 5: Discussion and Conclusions
In this thesis, I have presented my work on statistical and computational
analyses of metagenomic data for the study of the human gut microbiome.
Shotgun metagenomic sequencing allows us to analyze environmental
communities such as the gut microbiome in a wide variety of ways. In
Chapter 1, I presented a wide-ranging review of the current literature and
future directions for the field of metagenomics (New and Brito 2020). We
highlighted the benefits of using metagenomic sequencing such as greater
resolution of species, strains, and functional content of environmental
samples such as the gut microbiome. With advances in experimental and
computational methodologies, it will be possible to glean even more
information from metagenomes in the future. In Chapters 2-4 I presented
my work analyzing the metagenomes of participants from the TwinsUK
project. The TwinsUK project represents a large collaboration with Drs.
Andrew Clark, Ruth Ley, Timothy Spector, Ilana Brito, and their respective
teams. This collaboration allowed me to have access to genotype and
phenotype information for the individuals. When I began my work within
this collaboration, I initially pursued the question of whether features of the
gut microbiome, such as genes or pathways of the microbial genomes, can
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be used to predict host diseases or phenotypes. I eventually focused on one
phenotype in particular, anxiety, to understand the underlying associations of
this psychiatric disease with the functions and species of the gut
microbiome. I then switched gears to studying the link between host genetics
and the gut microbiome’s functions. Throughout my work, I have focused
on selecting the most appropriate statistical and computational methods.
When I began working with the TwinsUK data, I had access to the
metagenomes and a list of phenotypes for 250 adult female twins. Dr. Emily
Davenport from the Clark Lab was instrumental in acquiring and cleaning
the phenotype data. Even still, additional data cleaning was the first step for
my work with this population cohort. I assessed the coverage of traits, the
amount of missing data, and the overall scale of the phenotypes available to
me from this cohort. I wanted to understand the data and so to start, I
looked for confounding variables within the dataset. This preliminary work
with the dataset proved useful for my later work when I would need to
control for these covariates in my analyses. The main variables that I control
for in this dataset are sample shipment number, BMI, and age.
With access to metagenomic and phenotype data, my first goal was to
identify any microbial genes or functions that associated with host traits.
Although I had access to over 400 individual phenotypes for these twins, the
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majority of traits would not be usable because of missing data or extreme
imbalance in the cases and controls. I removed all traits that were missing in
240/250 individuals, which resulted in 214 traits. These traits roughly fell
into the categories of cardiac conditions or diseases, rheumatic or
autoimmune, metabolic, or immune traits. One option to increase the
number of traits I could use would be to aggregate the traits into categories.
For example, I could combine all autoimmune diseases into a category for
autoimmunity to increase the coverage.
This question was difficult in terms of selecting methods for a couple
of reasons. The number of bacterial genes present in a typical microbiome is
often in the millions. Even with filtering out rare genes, it is difficult to
decrease the size of this type of data without some form of aggregation. I
chose to aggregate the gene abundances by functional categories or protein
families which I refer to as “gene families” throughout this dissertation
(KEGG, eggNOG, and pfam). While this was useful in terms of the
dimensionality of the data and computation, it made interpreting the results
sometimes difficult because it is impossible to identify the exact proteins
involved.
To address my questions, I applied both classic statistical and machine
learning methods. I explored non-parametric statistics for associating
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microbial gene family abundances with host traits, given that these
abundances are highly skewed and zero-inflated. I then applied random
forest for feature selection to identify the microbial gene families which
could best distinguish cases from controls. This method worked for a few of
the traits, but unbalanced data and missing data were challenges.
Future work on this question should aim to incorporate the twin
relationship into any model. For example, if two identical twins are
discordant for a trait such as hypertension, then any microbiome differences
between identical twins should be weighted higher than differences between
fraternal twins. This is because any differences between identical twins
cannot be due to genetics, whereas with fraternal twins it is harder to
distinguish the influence of the environment from genetics. Advances in
mixed effects random forest could be useful for this strategy. Similarly, by
using twin data with paired host genotype information, it would be
interesting to incorporate host genetics into this analysis. For instance, one
could ask if the microbial functions associated with these diseases are
heritable and whether any quantitative trait loci for the gut microbiome
overlap with those for the specific disease, if there are any known.
From this collaboration stemmed another project involving the
TwinsUK dataset. Dr. Xu Wang, a former post-doc in the Clark Lab, had

142

been similarly pursuing this question of linking microbial genes to host traits
and was studying anxiety. He subset the TwinsUK data into two datasets in
terms of the anxiety phenotype: one where the twin pairs were discordant
for anxiety (i.e., one twin was diagnosed with anxiety and the other was not),
and another dataset where the twin pairs had a large difference (more than
10 point score difference) in their anxiety diagnostic scores. With these
datasets, Dr. Wang performed a differential gene abundance analysis
between the anxious and non-anxious (or low anxious) twins. He found that
187 genes were differentially abundant in the twins. Of those genes, 175
were tightly correlated with one another, but he was unable to figure out
where these genes originated from by using typical methods to identify
species from gene sequences. I had been interested in strain-level
metagenomic analyses, so I had the idea to apply latent strain analysis (LSA)
to this challenge (Cleary et al. 2015). In Chapter 3, I used LSA to identify a
low-abundance microbiome-associated species that is inversely correlated
with anxiety symptoms in twins. LSA is a pre-assembly binning software tool
that is particularly adept at identifying low-abundance bacterial organisms
from metagenomes by pooling covariance data across samples. In the
interest of increasing accessibility for this tool, I also included a step-by-step,
detailed overview of how to run LSA.
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By performing pre-assembly binning with LSA of the metagenomic
reads, I was able to more accurately and cleanly generate metagenomeassembled genomes, or MAGs from the samples’ metagenomes. These
MAGs could then be taxonomically annotated using readily available
software that uses conserved, single-copy marker genes. Once I had
taxonomically annotated MAGs from the twins’ samples, I could map the
genes of interest from the differential gene enrichment analysis to the MAGs
and identify their source. I was surprised to see that one MAG in particular
contained so many of the genes, and it happened to belong to the genus
Azospirillum. Species within this genus are known to have probiotic effects
for plants, so it is possible this species entered the person’s body on food
they ate. However, future work to fine-tune the LSA bins and identify the
species of Azospirillum present in these individuals’ guts is needed.
Experimental work could be done to test for probiotic effects in vivo, and
mouse studies using models for anxiety could be used to test for the
protective effects of microbiome-associated Azospirillum.
Overall, my work linking host phenotypes and diseases to features of
the gut microbiome was limited by data in terms of the number of samples
and the phenotypes available. A larger subset of the TwinsUK dataset may
be beneficial in this regard, but given that the cohort was not formed in
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order to study specific diseases, this problem of low coverage for
phenotypes may be unavoidable. Access to more metagenomic datasets from
larger and more diverse populations from around the world, particularly
those with accompanying phenotype data, would be useful for future
analyses.
From there, I switched gears away from the traits of the individuals in
the TwinsUK cohort to studying their genetics in relation to their gut
microbiomes. The literature for metagenome-wide association studies of the
gut microbiome is fairly limited, however there are several published
metagenome-wide association studies. Twin and population-based studies
have identified genetic associations with the overall composition of the gut
microbiota (Blekhman et al. 2015; Davenport et al. 2015; Turpin et al. 2016;
Bonder et al. 2016; Igartua et al. 2017; Wang et al. 2018; Visconti et al. 2019;
Hughes et al. 2020; Kurilshikov et al. 2021), in addition to heritable taxa
(Goodrich et al. 2014, 2016). A couple of these papers looked at functions of
the gut microbiome, but did so in terms of gross dissimilarity metrics
(Rothschild et al. 2018) or very coarse aggregation such as GO terms
(Bonder et al. 2016).
In Chapter 2, I presented a number of methodological advancements
for the analysis of metagenomic sequencing data. I proposed using a
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multivariate data integration methods known as canonical correlation
analysis (Hotelling 1936), or CCA, for multi-omic analysis such as associating
host genetics with microbial features of the gut microbiome. By using a
multivariate method, we are no longer plagued by issues from multiple
hypothesis testing, as we are simply fitting one model. This method also
allows us to identify the composite effect of the human genome on the
overall gut microbiome, which follows from the assumption that any effects
of genetics on the composition or function of the gut microbiome will be
individually weak. To handle the high dimensionality of the data (human
genotyping and microbiome gene families or species abundances), we
applied a sparse variant of CCA (Witten and Tibshirani 2009; Rodosthenous
et al. 2020), or sCCA, using methods for variable selection or penalization:
elastic net (Zou and Hastie 2005) and group lasso (Yuan and Lin 2006). CCA
and sCCA, rely on the normal distribution and are not typically used for
highly skewed data such as metagenomic abundances, which are zeroinflated, overdispersed, and compositional. For the latter constraint, I
modified a typical normalization scheme for the gene abundances, to take
into account the geometric mean of the abundances, according to best
practices for compositional data (Aitchison 1982). To address the former
two issues, in collaboration with Dr. Martin Wells and Dr. Benjamin Baer,
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we identified an appropriate probability distribution that can capture the
structure of the data. We applied a member of the Tweedie distributional
family for modeling metagenomic abundance data (Jørgensen 1987). By
estimating the appropriate parameters we were able to select a Tweedie
distribution that fit the metagenomic abundances better than other common
zero-inflation or abundance data distributions could. With these two
improvements, I performed a multivariate metagenome-wide association
study to identify human variants that are correlated with microbiomeassociated gene families or species abundances.
From this analysis, I identified many novel associations between
human variants and the gut microbiome, with few human variants that
overlapped with previous metagenome-wide association studies. This is likely
due to the major differences in methodologies. Either way, my work expands
the list of human loci known to be associated with the composition or
function of the gut microbiome. We did however find many overlapping
microbial species that were known to be correlated with host genetics, and
many microbial functions that were previously unknown to be associated
with host genetics.
Although sCCA with Tweedie was an appropriate model to use for
this analysis, there are a number of improvements that I can imagine to this
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work. For instance, this process takes multiple steps, where a generalized
linear mixed model using a Tweedie distribution is first used to extract
residuals from the metagenomic abundance data. Then, tuning parameter
optimization takes place, and finally sCCA is run. It would be ideal to
incorporate a Tweedie distribution directly into the model. Additionally,
sCCA is a non-directional model. This makes interpretation of the data
difficult. Another downside to this method when working with twin data is
that it does not take the twins family structure into account. And finally, the
ideal method would handle the compositionality of the data natively.
A related but alternative method that could handle some of these
issues is known as reduced rank regression (RRR) analysis which estimates
regression coefficients while simultaneously performing dimensionality
reduction on the dependent variable and is often used in redundancy analysis
(Anderson 1951). RRR is very similar to CCA except for one major
difference, while both algorithms maximize the correlation between linear
combinations of the X and Y, RRR seeks to identify the linear combinations
of maximum correlation that explain the maximum variance in Y. In other
words, RRR selects a subset of SNPs (by imposing a maximum rank on the
SNP table, a form of variable selection or regularization) that are most
associated with the gene abundances, and then performs a regression
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analysis to estimate the regression coefficients on the remaining SNPs. This
is a directional method that would allow for direct interpretation of the
results. An ideal model would use a multivariate Tweedie distribution to
handle the twin pairs, but this is not possible as there is currently no closed
form of a multivariate Tweedie distribution and methods to approximate
one are difficult to implement.
Future work with the TwinsUK dataset should use the genetic
relationship of twins to full advantage. In this work, we treated the
dependence within monozygotic twins and within dizygotic twins as a
nuisance parameter that was roughly estimated. However, future work can
leverage techniques in the twin studies literature to isolate narrow sense
heritability (Visscher et al. 2008; Yang et al. 2010; Speed et al. 2012; Tenesa
and Haley 2013). This would allow direct estimation of the heritability of the
entire gut microbiome, in contrast to approximate approaches which appear
widely in the literature and are based on dominant principal components
summaries.
Overall, my work would benefit from larger and more diverse
(geographically and ethnically) population-level data. Much of the work done
to study gut microbiomes has been performed on individuals in the West or
the global North. There are known differences in microbiome community
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structure across the globe based on geography, diet, and cultural habits that
we are missing by not studying more people (Porras and Brito 2019). Large
metagenomic studies that have paired host genomes (fully sequenced
genomes or SNP array data), are difficult to generate and often difficult to
access. Increasing access to these types of published data, within the ethical
bounds of privacy laws and guidelines, would be a welcome improvement to
the field of metagenome-wide association studies.
An important aspect of my work has been identifying and applying
appropriate methods for analyzing metagenomic sequencing data. When I
first began working with metagenomic abundance data, I noticed many
similarities to gene expression data. This was a useful observation, as many
methods are established in the RNA-sequencing field that can be ported
over for use in metagenomic analysis. One of the biggest challenges to
working with sequencing abundance data of any type is the inherent
compositionality of the data. In other words, the data reflect relative
abundances within a sample, constrained by an arbitrary amount (generally
the library size). The field is working on methods for handling relative
abundances as well as obtaining absolute abundances experimentally.
Experimental methods for absolute abundances are generally more
straightforward for fewer species of interest using 16S rRNA sequencing in
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combination with polymerase chain reaction (PCR) methods (Barlow et al.
2020), but it may be a while before these methods can be applied to entire
metagenomes.
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