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The idea that all bacteria are bad is crazy. Some are just artifacts.
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Abstract
Communities of microbes in natural environments, referred to as microbiomes, are
commonly profiled with DNA sequencing appob&s.Sequencing results atgpically
partitioned so that the relative abundances of microbes (taxonomic data) and genes
(functional data) are analyzed separately. It is challenging to biologically interpret these
data, partially due to the lack cbmpuationalframeworks for joint analysis of
taxonomic and functional data. Hereiprésent my work to addretiss issue from three
perspectives.

First, 1 did so in the context of an investigation i@ microbiome of pediatric
Crohn's disease patientsunain goal with this work was to compare the performance
of microbiome data types for classifying samples in both independent and combined
models. Wdound thatgenera identified through markgene sequencing performed best
in these models, but that in combined models functions performed best for classifying
treatment response. Although these and other insights were valuable, it became clear that
improved methosl for generating and analyzing tafxection linkswereneeded.

One method for generating these links is through metagenome prediction
methods. Although these approaches are widely used, they suffer from several major
caveats and have been inconsistendglydated. Accordingly, | developed a new
bioinformaticmethod, PICRUSt2, for generating predictadonfunction links based on
several hypothesized improvements. Although | confirmed that this new approach
performed moderately better than alternative mmdsh | also identified issues with
analyzing metagenome predictions in general.

My final project focused on partially addressing these and related problems in
functional data analysis. | did this by developing a novel method to better integrate
taxonomicand functional data types to identify functional biomarkers. This tool, POMS,
accurately identified genes under selection in simulated data and performed well when
applied to actual cassontrol metagenomics datasets.

Takentogether, this thesis represents several valuable developments in joint taxa
function analysis that enabled improved interpretation of microbiome data. In several
instances, particularly with the application POMS, this joint analysis approach yielded
novelinsights that would be overlooked by analyzing each data type individually.
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Chapter 1 - Introduction
Microbial communities encompass most of the genetic and sgevidsliversity on
Earth. These communities are commonly characterized through DNA sequencing, which
can be used to identify the presence and relative abundance of microbes in a community.
These communities, including both the microbes, their constituent genes, and
metabolites, are referred to as microbiomes. Due to technological improvements and the
reduced cost of sequencing, the number of sequenced microbiomes has substantially
grown in recat years. For instance, in 2017 the Earth Microbiome Project published a
metaanalysis of 23,828 sequencing samples from all seven cont{fiéiaisipson et al.
2017) This data represented 109 environmental groupings and 21 major biomes, such as
animal secretions, saline water, and soil. A key goal of microbial ecology research is to
robustly analyze and correctly interpret thasd other such microbial profiles.

But is DNA sequencing the best method for characterizing microbial
communities? It is commonly observed that microbiome research would benefit from
more emphasis on culturing, which enables individual microbes to b&eesaliad
precisely studied in the lab. Traditionally, microbial communities were difficult to study
by culturing alone because the vast majority of environmental microbes, particularly
bacteria, could not be grown under standard culturing condit®tatey & Konopka
1985) This issue remains unresolved even after gradual improvements to standard
culturing conditions; a recent evaluation of six major environments only identified 34.9%
of bacteria as culturable under stambeonditiongMartiny 2019) However, modied
culturing conditions can largely resolve this problem. By systematically applying 66
different conditions it was demonstrated that 95% of bacterial species in human stool
samples could be grown in the l@lau et al. 2016)Therefore, it is no longer true for
human stool samples, and likely other environments as well, that the majority of
constituent bacteria cannot be cultured.

Despite these advances, a clear remaining advantage of DNénsauis that it
enables microbial communities to be characterized in place, which theoretically enables
the exact community relative abundances to be profiled. In practice, biases during sample
collection and sequencing library preparation can pertuchotnial relative abundances
(Jones et al. 2015; Bukin et al. 2019; Watson et al. 2@L8)nonetheless, DNA



sequencing provides a more accurate view of the relative abundances of the community
members than would besgsible from culturing alone. For this reason, DNA sequencing
remains the predominant method for characterizing microbial communities, although it is
well-complemented by culturin@g.au et al. 2016)

DNA sequencing is typically analyzed to identify specific associations between
individual features (e.g. individual microbes) and sample groupings of interest. Most
commonly, researchers are interested in identifying associations between disesse state
and the relative abundances of features. A similar goal is often to investigate whether
different measures of diversity in the studied dataset are associated with the sample
groupings. These measures of diversity are divided into alpha andivetsity
(Goodrich et al. 2014 Alphadiversity metrics refer to withisample measures, such as
richness, the number of taxa, and the Shannon diversity index (or entropy), which
incorporates both the abundance aadnness of taxa within a samflest 2006)In
contrast, betaliversity refers to metrics that summarize variation between samples, which
is most often performed by metrics that take the presence and abundance of features into
account, such as the Br&@urtis dissimilarity metri¢Goodrich et al. 20140ther
microbiomespecific metrics have also been developed, sutieageighted UniFrac
distance which also takes the phylogenetic distance between taxa into account
(Lozupone & Knight 2005)There is often more statistical power to detect overall
differences based on alpha and lbt@rsity metrics than to detect associations with
individual features, buliversity-level insights are also less actiona@@ade 2017)

There are many sutategories of DNA sequencing@paches for characterizing
microbial communities. One key distinction is between approaches that aim to
characterize taxa (i.e. a group of organisms) and those that characterize genes and
pathways, referred to as functions, that could be active in thenoaity. These data
types are referred to as taxonomic and functional microbiome data, respectively.
Biologically this dichotomy is countentuitive; clearly genes are encoded in the
genomes of taxa. So why does this distinction exist?

The reason is engly related to methodological challenges. The most common
and costeffective sequencing approach focuses on sequencing marker genes. This

method provides no direct information on the genomes of sequenced microbes, and



instead is used to profile taxa. Innt@ast, shotgun metagenomics sequencing (MGS)
provides information on all DNA present in a sample. MGS data can be used for
analyzing both taxonomic and functional profiles. However, it is difficult to integrate the
two data types, largely due to the coaxily of microbial communities: it is relatively
straightforward to identify genes in MGS data but challenging to determine from which
genomes they originated. In this thesis, | present several projects that leverage both data
types with the common thenoé integrating functional and taxonomic microbiome data
(Langille 2018}to yield more robust and novel insights.

This thesis is in publicatieformat, which means that each main chapter is a
published or draft manaspt. The exception is that the methods of each manuscript are
all presented in Chapter 2. In Chapter 3 | present a reproduction of my work exploring the
mi crobi ome pediatr i ©ougaset@n2018Duw masnga@alsveh pat i e
this work was to compare the performance of microbiome data types for classifying
samples in both separate and combined models. Although our insights based on this
approach were useful, it became clirat improved focus on taxanction links is
needed. One method for generating these links is through metagenome prediction
methods. In Chapter 4 | present my work developing an improved prediction method and
also the novel validations | perform@douglas et al. 2020As described below,
improved statistical approaches for analyzing tfaxection links are sorely needed in the
microbiome field. To help address this issue, | developed a novel bioiatios method
which | presenin Chapter 5. Last, | briefly present my overall conclusions and key
discussion points arising from these projects in Chapter 6.

A consequence of presenting this thesis in publication format is that the depth of
introductory nformation provided is constrained by journal formatting requirements.
Accordingly, this chapter will provide pertinent introductory material to complement the
subsequent chapters. | will first provide a detailed introduction to microbiome data types,
followed by a discussion of the analysis challenges particular to these data. Next, | will
explicitly discuss areas where microbiome data types have or could be integrated. One
focus of this discussion is on generating links between data types with predicted
metagenome data. | also describe several approaches for integrating taxonomic and

functional data types in statistical analyses. In closing | will focus on a case example of a



human disease highly associated with the microbiome. This section will notidtihea
reader better appreciate my work on Crohno
also provide useful examples of representative associations between microbes and traits
of interest.
The paragraphs below that discuss metagenomics assemtdyprguced from a
review paper | previously publishéDouglas & Langille 2019)This was done with
permisgon from the publisher (see Appendices) and is also indicated again directly above
that subsection.

1.1- Marker -gene Sequencing
The earliest developed and most common form of microbiome sequencing is-gerker
sequencing, also known as amplicon sequencing. Under this approach specific genes are
PCRamplified and then sequenced. There are two key requirements for robust marker
geres. First, they must be encoded by all taxa of interest. Second, the observed sequence
divergence between orthologs should be approximately equal to the neutral mutation
fixation rate multiplied by double the divergence time between orth¢Wgsse 1987)
Note that the divergence time should be doubled because mutations could accumulate in
either lineage since the organisms diverged. Genes displaying this seqomdment
have been referred to as molecular chronometers. This term highlights the close link
between these marker genes and the concept of the moleculafZtiokkrkandl &
Pauling 1965)given equaimutation rates and equal fixation rates for neutral mutations,
the number of neutral substitutions between organisms is directly proportional to the
evolutionary divergence between them.

However, there are many reasons why a gene might be an unrelidéteilawo
chronometefJanda & Abbott 2007)0One reason is that if a gene varies in function across
taxa then contrasting selection pressures could result in differersynonymous
substitution rateéWheeler et al. 2016}-or instance, as previously obser¢étbese
1987) the cytochrome complex gene is a useful molecular chronometekanyotes,
but suffers from drawbacks. This gene was valuable for building early phylogenetic trees
representing both long evolutionary distances across eukaryotes and between human

populationgFitch & Margoliash 1967)However, within prokaryotes the cytochrome



complex systematically varies in size, whiclb@ieved to be due to positive selection
(Ambler et al. 1979)Because positive selection is likely driving divergence between
orthologous cytochrome complex&s at least some cases it would be an invalid
molecular chronometer to study in prokaryotes. Similarly, if a gene is sufficiently
divergent between organisms then it can be difficult to accurately align residues.
Misalignments lead to inaccurate estinsabé evolutionary divergence, which is
particularly true if the gene accumulates insertions and deletions. Such highly divergent
regions, particularly in areas under no selective constraint, have been referred to as
Aevol uti on ar(\Woes 198 Pbecausetheg areduseful only at short
evolutionary distances. Therefore, to select a robust marker gene one should adhere in
some ways to the Goldilocks pripte: some nucleotide conservation is needed, but not
too much.

The 16 Svedberg (16S) ribosomal RNA (rRNA) gene fits well with this principle.
This gene features highly conserved regions surrounding nine less conserved regions
(referred to as variable regis). It is also encoded by all prokaryotes and represents 50
helical RNA regions encoded by approximately 1,500 Ipases(Woese et al. 1980)
This high number of indegmdent functional domains is valuable in a marker gene
(Woese 1987)This is because if there are a@mdom substitutions within a single
domain, but substitidns in the majority of other domains are driven by random
processes, there likely would be little effect on estimates of evolutionary divergence. This
gene also encodes a highly conserved function across both prokaryotes and eukaryotes
(where it is calledhe 18S rRNA gene). The 16S rRNA molecule is part of the 30S small
subunit (SSU) of the ribosome, which helps initiate protein synthesis by binding the
ShineDalgarno sequence in messenger RNA (mRNA) to align the ribosome with the
encoded start codon. Myaghanges in the highly conserved region of the 16S rRNA gene
affect its binding affinity to the ribosome and mRNA. The strong negative selection
acting against such substitutions makes these regions valuable for detecting rare
substitutions between distarelatives, anchoring alignments of 16S rRNA genes, and for
primer desigriWang et al. 2013b)

Since the 16S rRNA gene was identified as a useful molecular chronometer, it has

been the prime marker gene used to develop phylogenetic models of the tree of life. Most



famously, an alignment of 16S (and 18S) rRNA gene sequences from across life lead to
distinguishing archaea, bacteria, and eukaryotes into distinct do(Wéaiese & Fox
1977) In these early days, research focused on analyzing the rRNA sequences of isolated
microbes. This was painstaking work, as illustrated by the prediction in 1987 that future
research groups could plausibly sequence on the order of one hundred 16S rRNAs a yea
(Woese 1987)

Thirty-three years later, through neggneration sequencing technology,
insufficient availability of sequenced rRNA genes is no longer a canwamplaint.
Databases such as SILVA contain enormous collections of sequenced SSU fragments; as
of August 2020 SILVA contained 9,469,124 ndnstered, independent sequences
(Quast et al. 2013)Software such as redbiom also enables unique 16S rRNA gene
variants to be compiled from the growing number of 16S rRNA gene sequencing
(hereafter referred to as 16S sequencing) stiileBonald et al. 2019)These 16S
datasets are produced to characterize and compare the relative abundances of prokaryotes
across communities. However, despite the ubiquity of such datasets, they-areiaion
to analyze and interpret. There are numerous methodological reasons for this difficulty.

First, due to sequencing length constraints, only certain 16S rRNA gene variable
regions are typically amplified and sequenced. Each variable region has particular
strenghs and limitationgChen et al. 2019; Johnson et al. 2018y colleagues and |
have previously compardhe biases between the amplified fragments from variable
regions four and five and from regions six to eight (written a&/84nd V6V8,
respectively) on a mock community from the Human Microbiome Project (HMP)
(Comeau et al. 2017YVe found the V4/5 region overrepresented Firmicutasd
Bacteroidesvhile drastically underestimating Actinobacteria. In contrast, th&/¥6
region overrepresented Proteobacteria amtbuepresented Bacteroides. These biases
highlight that choice of variable region can depend on which taxa are of interest. For
example, region VA/5 was recently shown to be superior to region\W8for
identifying archaea in the North Atlantic Oce@Milli s et al. 2019)In this case the
authors were particularly interested in archaeal diversity so théS&gion was more

appropriate.



Typically, however, the taxonomic scope of interest and region biases in a
particular environment are not clear aritldior no rationale is given for the variable
region selection. This is a problem, because analyses of the same communities with
different variable regions can result in not only systematic biases in the raw data, but also
in strikingly different biologial interpretations. For exampkyy species that modulate
human vaginal health are underrepresented or missing-Wi2&equencing datasets,
such asGardnerella vaginalisBifidobacterium bifidumandChlamydia trachomatis
(Graspeuntner et al. 201&pplication of this region for profiling vaginal samples,
instead of the more appropriate choice of theWd3region, can result in entirely missing
associations between vaginal health and the microbiome. Similarly, a comparison of the
tick microbiomebased on six sequenced 16S rRNA gene regions found a wide range of
the number of prokaryotic families and in the Shannon diversity index for each individual
tick (Sperling et al. 2017)The problem of such biases in variable region selection is
beginning to recede as loagad technology enables fildingth 16S sequencing
(Callahan et al. 2019; Johnson et al. 20H&)wever, it will remain an important issue for
the foreseeable future as long as the microbiome is largely studied byesttbrt
sequencing.

Regardless of the gaenced region, most reads originating from the same
biological molecule will differ due to sequencing errors. Raw reads are either clustered
based on sequence identity into operational taxonomic units (OTUS) or alternatively
errors are corrected to proguamplicon sequence variants (ASVs). OTUs are typically
clustered at 97% identifcoodrich et al. 2014Wwhich often results in merging different
species into a single OT(Mysara et al. 2017)This issue has long plagued 16S rRNA
genebased analyses. For instanBacillus globisporuandBacillus psychrophiluare
problematic cases because tldiEgenes share 99.5% sequence identity, but are highly
distinct at the genome level (Fox et al. 1992).

In contrast to clustering approaches, egoirecting approaches, referred to as
denoising methods, theoretically can correct raw reads sufficientlyoyglbtiuce exact
biological molecules. Several different denoising approaches have emerged recently.
DADAZ is the most sophisticated approach, which generates a different parametric error

model for every input sequencing datg€&llahan et al. 2016aJhe raw sequencing



reads are then corrected to genera®d/é based on this error model. Deblur and
UNOISE3 are two other denoising tools that are based on rapidly clustering raw reads
and using predetermined hard-cfits related to the expected error rates to generate
ASVs. My colleagues and | evaluated thefpenance of these three tools and open
reference OTU clustering (which combines bd¢éhnovoand referencéased clustering)
and found that all three denoising methods result in similar overall microbial
communitiegNearing et al. 2018)n contrast, we found thapenreference OTU
clustering resulted in a high rate of spurious OTUs compared to these methods.
Nonetheless, there were important differences between the three methods, particularly in
terms of richness and when profiling rare téidaaring et al. 2018)A morerecent
independent validation based on a higher number of test datasets reached similar
conclusiongProdan et al. 2020)

In addition to the choice of clustering or denoising method and selected variable
regions, there are numerous other steps of sample preparation and analysis that are
contentiougPollock et al. 2018)My co-authors and | have been concerned about these
and related issuglroughout (and before) my doctoral program. Accordingly, throughout
my thesis analyses of 16S rRNA gene sequencing data were based on the recommended
bestpractices at the time, but these bastctices have rapidly changed over the years.

For instance,n ChapteB we clustered raw sequencing data into OTUs, while in Chapter
4 the focus is on ASVs. Although we acknowledge that these and other similar
differences in analysis can affect the interpretation of analyses, in key places we used
multiple approacés to ensure our interpretations were robust to the bioinformatics
pipeline employed.

In addition to 16S rRNA gene sequencing data, one section of this thesis focuses
on eukaryotic marker genes specifically. As mentioned above, the 18S rRNA gene is the
homolog of the 16S rRNA gene in eukaryotes and is widely used to profile that domain.
However, fungi are more difficult to distinguish based on the 18S rRNA gene, because
fungi lack several variable regions for this gé¢8ehoch et al. 2012)nstead, the internal
transcribed spacer (ITS) region, although nottty a marker gene, is more often
amplified to study fungal communities, because it typically has more resolution to
distinguish fungi than the 18S rRNA gefhéu et al. 2015a)This region is within the



nuclear rRNA cistron of fungi genomes, which contains the 18S, 5.8S, and the 28S rRNA
genes. The ITS regions encompasses the two intergenic regions, which have relatively
high rates of insertions and deletions, and the 5.8S rRNA(§ehech et al. 2012Dnly
a single intergenic region is typically amplified, referred to as ITS1 or ITS2, which have
better discriminatory resolution for the major phyla Basidiomycota and Ascomycota,
respectively(Saroj et al. 2015)

Although the aboveescribed marker genes are the most commonly profiled loci,
in many cases there are marker genes more appropriate for specific lineages. For
example, several halophilic specieHafloarculaencode multiple 16S copies that can
differ by more than 5% sequemidentity within the same genorffeun et al. 2013)
Consequently, different marker genes are often used when building phylogenetic trees
representing a single species or genera. For instance, sekeeping genes have been
shown to be valuable for discriminating straingdelicobacter pylori(Palau et al. 2016)
which could be separately amplified and sequenced in gastric biopsy samples to produce
complementary OTUfPalau et al. 2020More generally, marker genes for specialized
comparisons are often chosen to match the defining function of a given lineage. For
example, the mayl coenzyme M redundance A(cA) gene and a nitrate reductase gene
have been previouslyrofiled to explore the diversity of methanogdhiallam et al.

2003)and nitrogerfixing microbes(Comeau et al. 2019)espectively.

1.2- Shotgun Metagenomics Sequencing
Shotgun metagenomics (MGS) is a qualitatively different method from rrgeker
sequencing, because it involves sequencing all DNA in a community. This advantage
meanghat MGS data can profile any taxa, including viruses and microbial eukaryotes.
MGS approaches were first applied to study ocean water communities through a Fosmid
cloning approacliStein et al. 1996Building upon such early studies, the potential for
leveraging MGS was widely publicized by an investigation into the microbial diversity of
the Sargasso S€denter et al. 2004)This studyidentified 1.2 million previously
unknown genes and many other microbial features that would be impossible to study with
16S rRNA gene sequencing. These and other related observations sparked an explosion
of interest in profiling microbial communities wiMiGS approaches. This interest has



culminated in the generation of enormous MGS datasets such as the ongoing work on the
Earth Microbiome ProjedfThompson et al. 201 &8nd the Human Microbiome Project
(Lloyd-Price et al. 2017)

There are two main approaches for analyzing MGS data:b@setl workflows
and metagenomics assembly. Each of these approaches has strengths and wehlhesse
in both cases the generated profiles will likely only imprecisely reflect biological reality.
For instance, the number of species identified by-besdd methods can differ by three
orders of magnitudéMcintyre et al. 2017)The exact species relative abundances can
also drastically differ across tools as well, as recently shown in a comparison-of read
based methods applied to simulated datg¥et®t al. 2019)As discussed below,
different approaches for metagenomic assembly will produce different assembled contigs
and microbial profiles as wglDIson et al. 2019)Unsurprisingly, given this wide
variation, there is also low concordance between 16S sequencing and MGS data taken
from the same samples. For example, one comparison found that fewer than 50% of
phyla identified in water samples based16S sequencing were also identified in the
corresponding MGS profilgSessler et al. 2017 his wide variation in results
highlights that any interpretation of MGS profiles should be done cautiously. It is crucial
to appreciate that any approach will have important weaknesses and treateeey
profile will only partially represent the actual microbial diversity.

With those important caveats in mind, an understanding of the different
approaches is nonetheless important to give context to MGS data analysibaRead
workflows involve litle or no assembly of the reads and instead each read (or pair of
reads) is treated independently. This is the most common approach for analyzing MGS
data, particularly because it can be performed with low sequencing(éjptann et al.
2018)and in complex communitig€hou et al. 2015)However, an important
disadvantage of this approach is that taxonomic and functional annotations akytypic
generated and treated as entirely independent data types. When generated independently,
the most common approach for generating taxonomic profiles is either based on a
markergene or kmer method.

Markergene approaches are based on the insightpkaifie genes can be used

to identify the presence and relative abundance of certain taxa. An extreme example is to
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use solely the 16S rRNA gene for taxonomic classificgtitao & Chen 2012)More
commonly, markegene approaches base classifications on many genes. For instance,
PhyloSift(Darling et al. 2014)everages 37 nearly universal prokaryotic maigenes

(Wu et al. 2013)n addition to eukaryotic ahviral gene sets to make a combined set of
approximately 800 (mainly viral) gene families for classification. Aligned reads are
placed into a phylogenetic tree of reference sequences and taxonomic classification is
performed based on summing the likelidawf each taxa based on each read placement
(Darling et al. 2014)MetaPhlAn2 is a contrasting approach that instead bases taxonomic
predictions on the presence of clastecific marker genes, which arengs only found in
that given lineageandfound in all membergTruong et al. 2015)This method has

rapidly become the most popular margene MGS approach and is what myacahors

and | used when analyzing the data present€hapter 3. Given that this approach is
limited by the existence of robust clagigecific genes, it is not surprising that it tends to
have low sensitivitf{Tessler et al2017; Miossec et al. 2020neaning that it misses taxa
that are actually present.

In contrast, kmerbased approaches are much more sensitive but have slightly
lower specificity than markegene methodéMiossec et al. 2020hese approaches
searchor exact matches of short DNA sequencemis) within reference genomes. An
algorithm such as lowesbmmon ancestor isién performed to determine the likely
taxonomic classification based on all matching genomes. Two corkmerbased
approaches are krake(®/ood et al. 2019and centrifugéKim et al. 2016)both of
which match kmers against a compressed database of reference genomes. In contrast to
the markergene results, the main challenge of analyzing taxonomfdge@utput by
these methods is the high number of rare taxa of different ranks identified, some of which
may be false positives. Summarizing the output profiles with an additional approach,
such as the Bayesiatbundance restimation tooBracken(Lu et al. 2017)n the case
kraken2 data, can help partially mitigate this problem.

In contrast to taxonomic analyses, there are fewer options for functional
annotation of MGS reads. Most functional rdesed methods are based on a similarity
search of reads againstiatabase of known gene families. This is primarily done in

protein space, because protein similarity matches are more informative and the database
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requirements are low¢Koonin & Galperin 2003)The common similarity searching tool
BLASTX is prohibitively slow when scanning millions of reads, whiek triven the
development of faster alternatives like DIAMONBuchfink et al. 2015and MMseqs2
(Steinegger & Sdding 2017)hese faster alternatives are leveraged by workflows
implemented in software such as MEGANuson et al. 2007gnd HUMANNZ2(Franzosa
et al. 2018}o identify gene family matches and output overall metagenome profiles.
HUMANNZ2 is a unique approach in thafirst screens reads that map to reference
genomes of taxa identified as present with MetaPhlAn2. This step enables a small subset
of gene families to be linked directly to particular taxa. However, the vast majority of
gene families typically have naxonomic links and are only part of the commusige
metagenome. There are clear issues with the general approach implemented by these gene
profiling approaches, as has been previous
in a homogenized cyto@ami c¢ (8#oMahpie 2015)

Linking functional annotations to specific taxa by assembling raw reads is the
ideal approach to resolve this problem, but this too comes with caveats. Most
importantly, insuficiently high read depth, which depends on the complexity of a sample,
can result in too few assembled contigs to sensibly analyze. Nonetheless, with
sufficiently high read depth metagenome assembly can be a valuable way to leverage
information about microial communities. Note that the below description of
metagenome assembly workflows (which runs until the end of this section) is a lightly
edited reproduction of a review paper section that | previously publ{§ledjlas &
Langille 2019)

There has recently been enormous growth in the number of metagenome
assembled genomes (MAGS) generated from MGS(Baisolli et al. 2019; Almeida et
al. 2019) With this growth of available gentes there have been renewed discussions
about the need for genome quality control, particularly for MA&®iber & Eren 2019)
Either composite assemblies of multiple taxa or incomplete genomes missing genes of
interest could result in false inferences. One extreme example is of the tardigrade
genomewhich was falsely identified as having 17% of genes acquired through horizontal
gene transfer due to contaminant sequences within the asq&mabtgovoulos et al.

2016). Such false inferences are more likely in metagenome assemblies compared with
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genome assemblies due largely to the challenge of distinguishing many organisms at
different abundancg®\yling et al. 2019) Mis-assemblies can also affect the detection of
other genic events as well. For instance, repetitive regions of assemblies are difficult to
resolve with current sheread sequencin@hin et al. 2013)which can make

duplication events difficult to identify. Due tbdse challenges an understanding of the
workflows for generating MAGs is needed.

There are many metagenome assembly tools currently available, which are
predominately based dde Bruijn graphs of overlappingitkers(Ayling et al. 2019;
Vollmers et al. 2017)The outputs of these tools are assembled contigs, which typically
vary in length from ~500 bp to neaomplete genomes. Some of the most popular freely
available assembly tools are MetaSPA@¢srk et al. 2017)Ray Meta(Boisvert et al.

2012) OmegaHaider et al. 204), IDBA-UD (Peng et al. 2012and MegahifLi et al.

2015) Choice of assembly tool can have a major influence on the resulting assembled
contigs, and so careful consideration needse taken at this stage. An independent
evaluation of these and other methods found that MetaSPAdes performed best overall
with the caveat that it may not be appropriate for distinguishing highly similar genomes
(Vollmers et al. 2017)However, no assembly tool performed best across all
environments and it was suggested that the best choice of assembly tool degbeds o
study environment and research question.

Contig binning, where contigs from the same species or strain are grouped, is
another key step when generating MAGSs. Binning approaches typically group contigs
based on sequence composition (e.g. GC or tetranucleotide content) and similar coverage
of mappel readgAyling et al. 2019) The most popular freely available binning tools are
CONCOCT(Alneberg et al. 2014MaxBin2(Wu et al. 2016)and MetaBAT(Kang et
al. 2015) As above, the choice of binning software can have drastic effects on the
resulting MAGs(Meyer et al. 2018)One partial solution to this issue is to run multiple
binning tools and use the software Das T(&@ber et al. 2018p identify the consensus
output, which has been shown to produce high quality(Meyer et al. 2018)

Evaluating the quality of MAGs is a crucial step once the final contig bins have
been gnerated and guidelines on how to categorize MAGs based upon quality metrics

have recently been establish@bwers et al. 2017)The two key metrics are
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completeness and contamination, which are based on the counts of universalapgigle
genes (USCGgilentified in an assembly. Completeness is measured based on the
proportion of USCGs identified in an assembly and contamination is defined as the
proportion of USCGs found more than once in an assembly. Hawaffsdor these

metrics have been suggestedcategorizing the overall quality of a MAG, for instance
high-quality draft MAGs are defined as being >90% complete with <5% contamination
(Bowers et al. 2017 CheckM(Parks et al. 20159nd BUSCQSiméo et al. 2015re

two tools that will estimate the completeness and contamination of prokaryotic
assemblies and BUSCO can also be used to evaluate eukaryotic assemblies. Determining
strain heterogeneity, the degreecofitamination due to different strains, within an
assembly is also important, which can be measured using CheckM or alternatively
custom methods to identify polymorphisms in an assef(fagolli et al. 2019)An
assembly with high strain heterogeneity can still be useful but should be considered

differently than an assembly of a single strain.

1.3- Characteristics of Microbiome Count Data
Regardless of the sequencing technology and workflow used for profiling a microbial
community, the final product is typically a count table. This is true for many sequencing
approaches, such as RNA sequencing, larethre several differences. First, unlike in
the case of RNA sequencing where there are a known number of genomic loci, novel taxa
and functions are frequently identified in microbiome data. For instance, novel OTUS,
ASVs, and contigs are frequently idigietd in taxonomic analyses. Similarly, B5% of
proteins in MGS are novel microbial genes of unknown fung¢ttwakash & Taylor
2012) Second, no statistical distribution fits microbiome data in all contexts. For
instance, many statistical distributions, including the negative binghuaé et al.
2014) beta binomia{Matrtin et al. 202Q)and PoissofFaust et al. 2013jistributions
have been proposed as appropriate fits to microbotatee However, upon analysis with
real data these and other distributions fit with inconsistent acc(\eigs et al. 2017,
Calgaro et al. 2020} ast, microbiome count tables typically have high sparsity, meaning

that there is a high proportion of features not found across many sdiipbesen et al.
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2016) Both of these characteristics make microbiome data analysis challenging for all
taxonomic analyses and most functional analyses\s@ebial Functions section).

These challenges are exacerbated by the inherent compositionality of sequencing
data. Compositional data refers to data that is constrained to an arbitrary constant sum
(Aitchison 1982) such as the arbitrary number of raw sequencing reads output per
sample. This characteristic means that the observed abundance of any given feature is
dependent on the observed abundance of all other features. A simple example can help
illustrate the implications of this characteristic. Imagine a microbe, microbe X, at low
relative abundance in sample A and at high relative abundance in sample B. An observer
might naively infer that there is more of microbe X in sample B than in sample A.
Howeve, there are many reasons this could be false. For instance, the absolute
abundance of microbe X could be the same in each sample but the abundance of other
microbes in general might be higher in sample A. This higher total microbial load would
push the rative abundance of microbe X in sample A down. Depending on the total
microbial cell count it is even possible that the absolute abundance of microbe X could be
higher in sample A than in sample B, but that the relative abundance is simply lower.
This exanple highlights a necessary consideration regarding microbiome sequencing data
analysis: it only provides information on the relative abundances, or percentages, of
features and does not provide insight on feature absolute abundances.

This important charderistic was not widely appreciated in the field until
relatively recently, when researchers identified fatal issues with common approaches for
analyzing microbiome da{#&loor et al. 2016, 2017ptandard differential abundance
approaches, such as thestand Wilcoxon test, when applied to relative abundances,
and microbiomespecific tools such as LEf§8egata eal. 2011)do not account for this
compositionality. Common summary metrics for microbiome data, such as the UniFrac
distance, also suffer from this problé@loor et al. 2017)This is a major issue, because
ignoring this characteristic is knowto lead to spurious discoveries with compositional
data(Aitchison 1982; Jackson 1997; Fernandes.e2@l4)

Fortunately, there is active work in the field to resolve this issue and numerous
compositional approaches have been developed. The focus has primarily been on

developing novel correlatioffFrriedman & Alm 2012; Kurtz et al. 2015; Schwager et al.
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2017)and differential abundance approaches, such as ALDEx2andes et al. 2013,
2014)and ANCOM(Mandal et al. 2015)A common theme of these compositional
approaches is that the data is transformed based on the ratio of feature relative
abundances to some reference frgaiechison 1982; Morton et al. 2019y his choice of
refererce frame varies substantially between approaches. For instance, ALDEXx2
transforms relative abundances by the centreddtig (CLR) transformatiofFernandes
et al. 2013)which essentially normalizes feature relative abundances by the mean
relative abundance per sample. This approacisfioans the original data but maintains
the interpretation of individual features. In contrast, it has been suggested that analyses
could instead be based on ratios between feafitegon et al. 2019)which converts
the data type into comparisons of features rather than individual features.

There are nbestpractices regarding approaches that compositionally transform
individual features. More generally, differential abundance tests commonly produce
widely different sets of significant taxa from each offfdrorsen et al. 2016; Weiss et al.
2017; Hawinkel et al. 2019T his wide variation is largelyus to specific characteristics
of microbiome count data. A large proportion of the variation in results is driven by high
false discovery rates. Although many methods advertise that only approximately 5% of
significant taxa are likely false positives, @shbeen estimated that for some methods the
actual false discovery rate is substantially hightawinkel et al. 2019)This particular
validation observed this trend for several methods, including ANCK&hdal et al.
2015)and metagenomeSéBaulson et al. 2013wo microbiomeoriented methods that
are otherwise considered conservativaulson et al. 2013; Weiss et al. 201id)
addiion, a recent evaluation of differential abundance tools found that compositional
methods are actually less robust than severaloampositional alternativg€algaro et
al. 2020)

Given this wide variation in differential abundance tool performance and unclear
bestpractices, how is a microbiome researcher to proceed? One possible answer is that a
change in expectations regarding the interpretability of microbiome data analysis is
needed. In particular, analyses using ratios between the relative abundances @ taxa ha
been shown to be robust, although it comes at the cost of interpretdiddityn et al.

2019) However, an important issue is how to determine which taxa should be the
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numerator and denominator of each ratio. One solution is to leverage the bifurcating
structure of a clustered tr@@gozcue & Pawlowskylahn 2011; Morton et al. 201@)
phylogenetic tre¢Silverman et al. 201 %f features. Analyses can bectsed on the

ratios in relative abundances between features on tHedeft and righhand of each

node in the tree. Despite the potential of this approach, it is rarely used for standard
microbiome analyses because it is unclear how to biologicallypnetesiny differences in

the values of these ratios across samples. In Chapter 5 | discuss a novel bioinformatics
approach that leverages these-tbased compositional approaches and integrates
microbial functional information to provide improved interjiatity.

The above discussion focused on taxonomic features, which were either based on
16S sequencing or redxhsed MGS data analysis. However, it is important to emphasize
that count tables produced from MAGs do not resolve this issue. In fact, attgnapti
account for these challenging characteristics of microbiome count data and the links

between taxa and function makes the analysis more difficult.

1.4- Microbial Functions
To this point | have only discussed functional microbiome data in vague asrms
referring to microbial gene abundances. When based on DNA sequencing data this
information summarizes the functional potential, meaning the functions that are present,
but not necessarily active in a community. However, rather than individual gene
sequences, research is typically focused on gene families, which are gene clusters.
Alternatively, the focus is sometimes on higbeder functional categories like pathways.
To complicate matters further, there are several different functional ontologies, avhi
different frameworks for studying functions at different resolutions. Depending on which
of these functional ontologies and stdtegories are analyzed, the characteristics of the
data can drastically differ.

The Universal Protein Resource (UniPr@eference Clusters (UniRef) database
contains all protein sequences from the SWisst (manually curated) and TrEMBL
(automated) databases clustered at either 50%, 90%, or 100% i(&ptitgiler et al.

2004) The most recent versions of these clusters have been generated with the MMseqs2
algorithm(Steinegger & Soding 2018s of June 30, 2020, the 100% identity cltess
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(called UniRef100), corresponded to 235,561 ,6aijue protein sequences, which
provides a detailed summary of almost all known protein sequences. Despite being
clustered at lower identity thresholds, UniRef50 and UniRef90 nonetheless contain
enormouswumbers of protein clusters: 41,883,88®1 115,885,342, respectively.

The UniRef database contrasts with another common functional ontology, the
Kyoto Encyclopedia of Genes and Genomes (KEGG) datdKasehisa & Goto 2000;
Kanehisa et al. 2016KEGG is based on 23,530 individual gene families (as of
September 1) 2020), which are called KEG@thologs (KOs). The advantage of KOs
is that the majority have wetlescribed molecular functions that can be linked to higher
order KEGG pathways and modules. Accordingly, any analysis of KEGG data will likely
result in less sparse count tables tharctreesponding UniRebased database, simply
because KOs are shared across more taxa than UniRef clusters. To illustrate this point,
my colleagues and | previously compared the taxonomic coverage of each function
within these two functional ontologies anach subcategory(Inkpen et al. 2017\We
found that all UniRef functions, including those in UniRef50 clusters, are on average
foundin a single domain and encoded by fewer than four species. In contrast, we found
that KOs were encoded in 1.3 domains and 184.3 species on average. Similarly,-the high
level KEGG modules and pathways were predicted to be potentially active in a mean of
1.7 and 2.5 domains and 671 and 1267.6 species, respe¢hnkgign et al. 2017)Based
on these statistics, clearly a shift in theiatbance of a UniRef cluster should not be
treated the same as a KEGG function: the former corresponds to the activity of a small
number of species while the latter could correspond to a large assemblage. This example
highlights that the choice of how fummt is defined in a given analysis can have
profound effects on the biological interpretation.

In addition to UniRef and KEGG, several other functional ontologies were
leveraged for analyses that are presented in this thesis. These additional funegon typ
include: Clusters of Orthologous Genes (CO@g}tusov et al. 2000; Makarova et al.

2015) Enzyme Commission (EC) numbers, Protein families (P{Ruita et al. 2012;
Finn et al. 2014)and TIGRFAMgHatft et al. 2003)These categories represent a range

of approaches for defining gene families and functional categories.
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The COG stratggfor functional annotation was originaligtendecto
phylogenetically classify proteins into groups of ortholfEusov et al. 2000)This
oneto-one approach of matching individual orthologs has now been expanded to allow
for more complex relationships between gerseich as paralogs and horizontally
transferred homologdvlakarova et al. 2015; Galperin et al. 20183 of 2015, there
were 4,631 independent CO@&dperin et al. 2015)The COG framework is similar to
that of the eggNOG databa@kensen et al. 2008)hich is a more higthroughput,
automated approach. However, the key advantage of the COG database is that
orthologous gnes are clustered into 26 interpretable functional categories, which are
expanded from categories originally defined to functionallyHsoherichia coligenes
(Riley 1993)

The EC number framewor k, whi ch was deve

Union of Biochemistry and Molecuila Bi ol ogy o, i s a contrast.

annotation. Instead of focusing on orthologous genes, EC numbers specify particular
enzymecatalyzed reactions. An interesting characteristic of this database is that these
reactions can be performed bgn-homologous isofunctional enzym@melchenko et

al. 2010) As of August 1%, 2020, there were 6,520 EC numbers, which correspond to
one of bur levels of granularity. For example, the accession EC 3.5.1.2 corresponds to
glutaminases, while the highkavel categories correspond to hydrolases-(3, that act

on carbomnitrogen bonds other than peptide bonds {3)5and that are in lineamides
(3.5.1:). One major advantage of EC numbers is that because they specify exact
enzymatic reactions they are straifimward to link into pathway ontologies based on
reactions, such as MetaCyc pathwégaspi et al. 2013)

The Pfam database categorizes protein families, which are protein regions that
share sequence homolo@Bunta et al. 2012)ndividual proteins with multiple domains
can thus belong to multiple Pfam families. Each Pfam family is represented by a hidden
Markov model (HMM), which models the likely amino acids atleresidue and the
likely adjacent amino acids based on curated alignments of representative protein
sequence. This approach identified homologous protein regions, which are often
hypothesized to have a shared evolutionary history, but not necessaolfyiMay 2020,

there were 18,259 Pfam families.
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Lastly, TIGRFAMs are manually curated protein families, which are also
identified based on HMMs, but also additional pertinent informdtitait et al. 2003)

As of Septenber 18", 2014, there were 4,488 TIGRFAMs. The distinguishing feature for
this database is that different information supplements each HMM. For instance, certain
TIGRFAM are annotated based on species metabolic context and neighbouring genes,
while othersare based on validated functions from the scientific literature. This database
has been less commonly analyzed in recent years and is best known as the annotation
system for early largecale metagenomics proje€téenter et al. 2004 Alternative
approaches, such as the FIGfam protein database are now more commonly used than
TIGRFAMs. FIGfams are based on a similar approach, but instead of being manually
curated they are aggregated into isofunctional groups based on shared rolesien spe
subsystemgMeyer et al. 2009)

A recurrent question thus far has been that given a range of comparable, or
contrasting, bioinformatics options, how is one to proceed? Fortunately,dagbef
selecting functional ontologies, the choice is much clearer than other bioinformatics
areas. Each functional database typically excels for different purposes. For instance,
UniRef is useful for identifying uncharacterized genes that may be oéshi@ an
environment, but quickly becomes challenging to interpret and analyze in diverse
communities.

In contrast, KEGG is useful for looking for shifts in waéscribed functions at a
high level, which means this database is more robust to granntaiofual diversityDue
to also being more robust to granular functional diversity and because they are more
interpretable, pathwalgevel functions are often of particular interest. For instance,
obesity is associated with an enrichment of phosphotrassfeystems involved in
carbohydrate processing in human and mouse gut microbidmetaugh et al. 2008,
2009a) This straighfforward explanation quickly communicates the pertinent biological
details, which might be lost by focusing on more granular levels. However, it is worth
noting that pathways identified based on DNA sequencing are merely predictions based
on the identified gene families. Although there are several pathway reconstruction

approaches, they all require some mapping from gene families or reactions to pathways.
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This mapping can be structured, meaning that optional and required contributors can be
specified, or nosstructured, meaning that all genes and/or reactions are treptaity/e

The naive approach for pathway reconstruction is to assume that a pathway is
present if any gene or reaction involved is present in the community. This was the
predominant approach used for pathway inference in early functional andl@es et
al. 2007; Meyer et al. 200@8nd in several pathway inference tools such as PICRUSt
(Langille et al. 2013)Pathway abundance under this framework is calculated by
summing the abundance of each contributing gene family. This approach errs towards
avoiding missing the presence of alpedy, which is a concern in metagenomes as key
genes may be missing due to rarmotations. However, this approach comes at the cost
of spurious annotations. Based on the naive mapping approach the human genome was
previously annotated as including the KE@athway equivalent of the reductive
carboxylate cycléYe & Doak 2011) This pathway is restriatieto autotrophic microbes
and is similar to reversing the Krebs cycle. Consequently, several gene families are
shared in both processes. Under the naive mapping approach, the presence of genes
involved in the Krebs cycle are also evidence for the predprtesence of this atypical
microbial pathway in humans. Similarly, vitamin C biosynthesis would also be predicted
in humans based on the naive apprda@h& Doak 2011) However, thé5LO gene,
which encodes the protein involved in the key last step of vitamin C biosynthesis in
mammals, is pseudogenized in hum@ouin et al. 2011)which makes vitamin C
biosynthesis impossible.

The Minimal set of Pathways (MinPath) approach is an approach developed to
address this issu@e & Doak 2011) This tool identifies the smallest set of pathways,
based on maximum parsimony, that are required to explain the presence of a set of
proteins. In this way, the approach is more conservative than naive mapping and also
accounts for incomplete protein sets. This method has been applied in numerous contexts,
including for the AHMP Unified Metabolic
(Abubucker et al. 2012; Franzosa et al. 200&S gene family profiling and pathway
reconstruction framework. This popular framework reconstructs pathways based on
MinPath and infers pathway abundance basedifferent approaches, depending if the

pathway mapping is structured. For unstructured mappings, the arithmetic mean of the
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upper half of individual gene family abundances is taken to be the pathway abundance
(Abubucker et al. 2012For structured mappings, the harmonic mean of the key (i.e.
required) genes families is computed for pavabundanc@ranzos et al. 2018)Both
these approaches are motivated by the need to be robust to variable abundance in
alternative gene families.

Although this approach for MGS pathway reconstruction is commonly performed,
it is important to emphasize that it has notiibeniversally accepted and there remains
disagreement about bgstactices. For example, Eviderbased Metagenomic Pathway
Assignment using geNe Abundance DAta (EMPANADA) is a method that addresses the
same issue as MinPath and HUMANN2Z in a different {dsnor & Borenstein 2017a)

This method focuses pathway reconstruction on distinguishing genes that are shared with
multiple pathways fronthose that are unique to a single pathway. Pathway support
weightings are first given by the average abundance of gene families unique to each
given pathway. The abundance of all shared gene families is then partitioned between all
pathways according toe¢ir relative support values. Pathway abundances are then taken
as the sum of the unique gene family relative abundances and the partitioned relative
abundances of the shared gene fam{idanor & Borenstein 2017a)

The exact reconstructed pathways and their respective abundances differ
depending on whether naive mapping, MinPath/HUMANN2, or EMPANADA are used
(see Chapter 4). Validating pathway reconstructions is challenging without-a gold
standard comparison, partiatly in metagenomes. Even in isolated genomes, as
demonstrated by the above examples of the human pathway reconstructions, pathway
reconstruction is netrivial. However, the advantage in these cases is that experimental
validation of pathway reconstruatis is possibléFrancke et al. 2005; Oberhardt et al.

2008) Such validations would be possible if predictions are based on individual members
of a microbiome, but it is less clear what experiments could validate pathwdictque

for an overall community. In MGS data pathways are typically inferred as though all gene
families were free to interact with each otherother words, they are inferrad though
therewasuniversal crosgeeding. All three approaches describedetare intended to

be used for such communityide gene family profiles. However, as mentioned above,

this assumption is invalid because clearly not all proteins and metabolites in the
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microbiome can freely intera@icMahon 2015) The implications of this assumption
being invalid remain unclear, but nonetheless it is an important caveat when interpreting
pathway reconstruction data based on commumitie MGS data.

This section would be incomplete witltcaddressing the most common
discussion regarding microbiome functional data: its ostensible high stability. Functional
pathways are commonly at similar relative abundances across the sametgpawle
whereas taxonomic features, such as phyla, can uastantially(Turnbaugh et al.
2009a; Burke et al. 2011; HMébnsortium 2013; Louca et al. 2018his functional
consistency is often taken to be evidence ofremvnental selection for particular
microbial functiongTurnbaugh et al. 2009apuca & Doebeli 2017However, the
validity of comparing variation between these two data types is rarely discussed. My
colleagues and | investigated this question from a philosophical perspective and
concluded that any meaningful comparison of thetivaaariation between taxonomic
and functional profiles is likely impossib{gnkpen et al. 2017)This difficulty is largely
becaus it is unclear which levels of granularity would be meaningful to compare
between each data type. In other words, each data type is qualitatively different from the
other and the choice of how to compare the two is based on arbitrary decisions.

For instaice, as discussed above, the sparsity and number of possible functional
categories differs drastically across ontologies anecatggories. My colleagues and |
demonstrated how observations of functional and taxonomic stability are entirely
dependent on e function and taxa are defin¢ehkpen et al. 2017)We did this by
comparing human stool sample profiles at each possible taxormmki@and also each
functional level for both the KEGG and UniRef functional ontologies. As expected, phyla
were less stable across the samples than KEGG pathways, but more stable than UniRef50
protein clusters. However, this area remains an area of detbate. Others have also
argued that taxonomic variability never unambiguously reflects functional variation,
which they believe is strong evidence for functional conservétionca et al. 2018a)
Nonetheless, this example denstrates once again the common theme throughout this

section: Afunctiond has many meani ngs.
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1.5- Metagenome Prediction Methods
Ideally, analyses of microbial functions are based on MGS data. However, including in
the discussi on ohemCrobmmepiesentedibaldargareta.n d t
2012; Davenport et al. 2014)redicted functions based on 16S rRNA gene (hereafter
16S) sequencing are often analysed instead. Metagenome prediction, predicting complete
genomes for each individual ASV or taxon weighted by their relative abundance, when
based on 16S data is much chedpan performing MGS.

There are additional advantages of predicted metagenomes over actual MGS data.
Namely, MGS is often prohibitively expensive for samples where host DNA overwhelms
microbial DNA. The high read depths required to yield sufficient miatalead depths is
infeasible in many cas€&evers et al. 2014%imilarly, low-biomass samples are
difficult to accurately quantify with MGS, but they can be profiled with H2Red 16S
sequencing. For example, applying MGS to profile human tumours is currently
infeasible, but it is straigkforward to apply 16S sgiencing(Nejman et al. 2020)n
both cases, for host DNA ntaminated and loshiomass samples, metagenome
prediction based on 16S profiles is a useful alternative to MGS.

However, metagenome prediction suffers from important drawbacks. The key
problematic assumption is that the marker gene used for predictipits|lty the 16S, is
strongly associated with genome content. This broad assumption is correct: genera such
asLactobacillusandDesulfobactercan be easily distinguished based on the 16S and they
are enriched for extremely different functions. Nameggtobacilluscan often perform
lactic acid fermentation whereBesulfobactercan typically oxidize acetate to GGuch
comparisons of characteristic functions between distantly related taxa are
uncontroversial. The difficulty arises whapproaches attempt to predict entire genome
contents for an entire community, including for closely related taxa.

This issue is highlighted by classic DNA hybridization experim@vitndel
1966; Brennel973) These experiments are based upon mixing sisigéended DNA
from two organisms and recording the melting temperature required to separate the
strands. Higher melting temperatures are required to break apart DNA that shares more
complementary b&s connected by hydrogen bonds. This approach provides a rough

estimate of the genetic distance between different strains or species. An early comparison
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of these genetic distances with 16S dissimilarity across 34 bacteria computed a linear
correlation 0f0.728(Devereux et al. 1990However, the relationship between these two
metrics is not linear: many bacteria with highly similar 16S genes have hybridization
rates much lower than 70€8tackebrandt & Goebel 1994yhich is the traditional cut

off for delineating species. This trend has been corroborated across diverse prokaryotes
(Hauben et al. 1997, 1999; Kang et al. 2007 )addition, a metanalysis of 16S gene
sequencing and DNA hybridization data from 45 bagkgenera further clarified these
observationgKeswani & Whitman 2001)This analysis established that 78% of the
variability in hybridization rates could be accounted for by 16S similarity, based on a
nortlinear model. However, they also identified that a minoritigydridization rates

were extremely poorly predicted by 16S similafieswani & Whitman 2001)

These observations agree well with genomic comparisons of strains, which can
drastically differ in genome content. For example, acrods. £oligenomes there are
~13,0® genes that are variably distributed and only ~2,200 core ¢feasko et al.

2008) This enormous range of genomic variation is not reflected at thietélSwhere

E. colistrains are typically >99% identicguardana 2014 hese genomic differences

can translate to enormous variation at higher taxonomic levels as well. For instance, a
comparison of the genomes from Yérsiniaspecies found a range of genome sizes from
3.77 4.8 megabasd€hen et al. 2010A closer comparison of three pathogenic species

of Yersiniadetermined that they shared 2,558tein clusters while 2,603 were variably
distributed. These specivel differences are also not proportionally reflected by
divergence ir¥ersiniaspecies 16S genes, which are typically > 97% identilcedhim et

al. 1993) These exaples highlight that 16S similarity can be a poor predictor of

genomic similarity. This issue is compounded when there are divergent 16S copies within
the same genome, although typically these are >99.5% ideptiéddt r ovs kT & Bal
2013)

Variation in gene content within a taxonomic ligeas a recurrent observation
across microbial communities. Variably present genes are often linked to putative niche
specific adaptation@Vilson et al. 2005)such as genes affecting antibiotic resistance
(Kallonen et al. 2017)xarbohydrate catabolisfArboleya et al. 2018 andwound
healing(Kalan et al. 2019)Based on these and other observations, the understanding of

25



bacterial genomic content has shifted from that of a static genome tegepame,
consisting of core and variable gerf€sttelin et al. 2005)Variably present genes are
transmitted between genomes through horizontal gene transfer, which typically occurs
between closely related organis(Popa & Dagan 2011However, horizontal gene
transfer can also occur between distantly related organisms, such as between different
bacterial phylgBeiko et al. 2005Kloesges et al. 2011; Martiny et al. 2013)

The high variability between bacterial genomes and extensive horizontal gene
transfer highlights the major challenges facing metagenome prediction. Despite these
challenges, interest in performing metagengmealictions has continued, supported by
several observations. First, although there are important outliers, 16S sequence identity
does logarithmically correlate well with the average nucleotide identity between
genomes, with an$of 0.79(Konstantinidis & Tiedje 2005)5econd, 16S sequence
similarity does provide some information on thelegical similarity of bacteria
(Chaffron et al. 2010)This was demonstrated khe fact that canccurring
environmental bacteria are more likely to have similar 16S sequences. In addition, overall
differences in inferred KEGG pathway potential are strongly associated with 16S
divergencgChaffron et al. 2010)Last, within a given environment, such as the human
gut, 16S divergence was shown to be particulambdictive of divergence in average
gene contenfZaneveld et al. 2010)

Originally, metagenome prediction workflows were lihsa matching 16S
sequences to reference genomes. In addition to predicting microbial functions linked to
Cr o hn o6 s(Matgarset a. 04.2his approach has also been used to profile diet
related microbial functions across mammdsiegge et al. 20119nd the functions of
invasive bacteria within cora{8arott et al. 2012)Although bioinformatics tools for
metagenome prediction are now typically used for performing this task, this 16S
matching approach is still used farstom analyse@/erster & Borenstein 2018; Bradley
& Pollard 2020)

The first metagenome prediction tool to expand beyond this approach, and
specifically intended for 16S sequencing d
Communities by Reconstruct i @anglektalll0l®b ser ve

To distinguish this software from the tool | present in Chapter 4, | will hereafter refer to

26



this version as PICRUSt1. This tool is based on leveraging classical anstg#al
recorstruction methods, which have been widely used in phylogerigaceveld &
Thurber 2014)The key extension of this framework is to extend trait predictions from
internal, or ancestral, nodasa phylogenetic tree to tips with unknown trait values. This
approach has been termed hiddgate prediction (HSRXaneveld & Thurber 2014)
PICRUSLt1 bases genome predictions on genomes the Integrated Microbial

Genomes (IMG) databag®larkowitz et al. 2012)Generating predictions for individual
16S sequences is time and memecoysuming with this approach, so for typical usage
predictions for all OTUs from the GreengenesalasgDeSantiset al. 2006)are pre
computed in advance and then provided to users. However, it is possible for users to
conduct ancestradtate reconstruction with custom reference genome databases, although
this is a laborious process. In fact, the constructianefalternative database focused on
cow rumenassociated bacteria, called CowPl, was deemed sufficient work to be
published as a standalone pa@ilkinson et al. 2018)

This approach requires a phylogenetic tree based on an alignment of 16S
sequences from reference genomes and 16S sequences without known genome content.
The known genome annotations typically correspond to KEGG or COGayaiies by
default. A range of phylogenetic ancestral state reconstruction methods can be used to
reconstruct trait values at ancestral nodes. Many of these methods are implemented by the
Analyses of Phylogenetics and Evolution (APE) R packBgeadis et al. 2004)vhich is
used by PICRUSt1. Faster and extended versions of these methods were recently
implemented in the castor R package as (@lica & Doebeli 2018)The default
PICRUSLt1 predictions are based on the Phylogenetic Independent Contrasts (PIC)
reconstruction methofFelsenstein 1985pPIC isa fast method for reconstructing
continuous traits, which can also be applied to discrete traits like gene counts if they are
treated continuously. Under the PIC model evolution occurs through Brownian motion
(i.e. a random walk), where differences betwegganisms are normally distributed
around a mean of 0 with a variance proportional to their phylogenetic distance. A least
squares approach is used to predict ancestral trait values, based on this model and the
input data(Langille et al. 2013)The key hidderstate prediction step implemented in
PICRUSLt1 is performed for each OTU (with unknown genome content) by taking the
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average of its ancestral and close relafive v al ue we i g hlengthldistaryce t he bt
to each value. Metagenome prediction can then be performed by multiplying the relative
abundance of each OTU by the abundance of
predicted genome. PICRUSLt1 predicts pathveals through naive mapping of genes to
pathways (see Microbial Functions section).

PICRUSLt1 introduced the step of normalizing relative abundances by the
predicted number of 16S copies within each genome, which is intended to control biases
in 16S sequemag due to copy numbédFarrelly et al. 1995)importantly although 16S
copy number correction has become a common step for metagenome prédingigret
al. 2014) accurately predicting@S copy number is particularly challenging. An
independent validation of several 16S copy humber prediction methods, including
PICRUSLt], identified poor agreement of predicted copy numbers against existing
reference genomékouca et al. 2018b)n sane cases, less than 10% of the variance in
actual 16S copy number was explained by these predictions. In addition, these predictions
were often only slightly correlated between prediction methods.

The original validation of PICRUSt1 predictions focuseccomparing predicted
KEGG orthologs (KOs), pathways, and modules with the corresponding functions
identified with MGS data on matched sampleangille et al. 2013)This approach
uncovered a high Spearman correlation between these data types on the same samples. In
particular, predicted KOs from Human Microbiome Project (HMP) samples across
numerous body sites were highly correlated with the matching-M&g8ified daa
(Spearmam = 0.82). Principal component analysis based ongdréficted and MGS
derived KEGG modules also identified close matching by satypks regardless of
whether the data was predicted or not. Lastly, PICRp&idictions also matched with
particular functional shifts in MGS datasets. For example, uronic acid metabolism was
found to be at higher levels across all compared HMP body sites in both data types, with
the exception of urogenital samples where thisaigvas largely absefitangille et al.
2013)

Although PICRUSt1 was shown to perform well in these validations, it
nonetheless suffers from certain limitations. Fiastmentioned above, by default

PICRUSLt1 requires input sequences to be OTUs that can be linked with the Greengenes
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database. This means that some form of clestgience OTU picking is required to
identify these links, which eliminates the possibilifygenerating predictions for novel
16S sequences. This is a major disadvantage, because in certain communities, such as in
soil and ocean samplete noval6S sequences can account for a large proportion of the
data. In addition, due to this limitaton@®RUSt 16s def ault i mpl ement
incompatible with sequence denoising meth@llahan et al. 2016a; Edgar 2016; Amir
etal. 2017) which are rapidly becoming the predominant approach as they enable
sequence resolution down to the singleleotide level. This improved resolution allows
closely related organisms to be better distinguished and thus more precise gene
annoations are associated with a given 16S sequence. Another major drawback is that
PICRUSLt1 cannot be used with 18S rRNA gene and internal transcribed spacer
sequencing data as its database is limited to prokaryotic community predictions. The
feasibility of making such eukaryotic predictions with PICRUSt1 is unclear. Lastly, the
prokaryotic reference databases used by PICRUSt1 have not been updated since 2013 and
lack many recently added gene families and pathway mappings. | hypothesized that
making these andther improvements to the PICRUSt workflow, which | implemented in
PICRUSt2, would improve the accuracy and flexibility of the tool. | also identified an
important issue related to how to interpret concordance betweeprééigted and MGS
derived functioal data. As described in the manusc(gee Chapter 4high correlations
can occur in these comparisons by chance, which has major implications for how
metagenome prediction approaches in general are evaluated.

Since PICRUSt1 was published a number ofilsir metagenome prediction tools
have been developed. All of these approaches aim to capture the shared phylogenetic
signal in the distribution of functions across taxa; however, they differ in many
fundamental ways. Tax4FARhauer et al. 20133 a similar approach that pre
computes predictions in advance and restricts input data to OTUs corresponding to the
SILVA databas€Quast et al. 2013redictions are based on converting SILVA OTUs to
prokaryotic KEGG organisms, which have qwamputed functional profiles. An updated
version of this tool, Tax4Fun@Vemheuer et al. 2020¢xtended this approach to allow

for ASVs andde novoOTUs to be used. Input 16S sequences are mapped against
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reference sequences in Tax4Fun2 to identify the closest match, alloiels novel
sequences to be used.

Piphillin is another metagenome prediction approach, which is based on a-nearest
neighbour search between input and reference 16S sequences within a global alignment
(Iwai et al. 2016)The genome content of the matching nearest neighbour is taken to be
the genome for each input 16S sequence. This procedure is fast anghigaeeach
input dataset, meaning that either reference OTUs or novel ASVs carubeAinpajor
advantage of this tool is that it has an online yeltal, which allows straigkiforward
usage. This tool was shown to have minor performance improvements over PICRUSt1,
which at the time was hypothesized to be due to the higher number ofgemziuded
in the reference databa@wai et al. 2016) The Piphillin authors also introduced the
notion of using the concordance of differential abundance results between actual and
prediced metagenomics profiles as a novel validation. Although this is a valuable idea,
thus far it has only mapplied with a limited number of tool and differential abundance
test comparison@wai et al. 2016; Narayan et al. 2020; Sun et al. 2020)

Pangenomdased Functional Profiles (PanFP) is a contrasting method that bases
metagenome prediction on the taxonomic classifications of 16S sequences, rather than on
exact sequencddun et al. 2015)The taxonomic lineage for each OTU is mapped to
RefSeq lineages and then genome predictions are performed by averaging the genome
content of all organisms within a given lineage. PICRUSLt1 differs flosrapproach, in
addition to Tax4Fun and Piphillin, because PICRUSt1 explicitly accounts for each
unknown organi smés position in a phylogene
information enables more sophisticated methods for inferring hidders stabe
employed.

PAthway PRedction by phylogenetIC plAcement (PAPRICA) is another approach
that leverages phylogenetic informati@owman & Ducklow 20%). This method uses a
phylogenetic placement approach, originally ppldbatsen et al. 201Gnd now the
nextgeneration of the Evolutionary Placement Algorithm (ERA (Barbera et al.

2019) to place input 16S sequences into a reference phylogenetic tree. The advantage of
placing sequences into a reference tree is that it more accurately represents the

phylogenetic retgonship between reference and query sequences than if an entirely new
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alignment and tree are creafddnssen et al. 2018%enome predictions are acquired
differently depending on how query sequences are pl@msdman & Ducklow 2015)If

a queryo6s most | ikely placement i s on an e
content is taken to be that tip. Alternatively, if query sequences are placed at internal
nodes then the predicted genome content is takentteebere genome of btlescendent

tips. The major drawback of PAPRICA is that it has not been evaluated using standard
MGS-16S comparisons. Instead, it has largely been evaluated by its utility in practice for
explaining variation across aquatic microbial communities compeitad®ICRUSt

(Bowman & Ducklow 2015)The original database for this tool also was focused on
marine microbes and originally the tool was challengingge because it required raw
reads, rather than OTUs or ASVs, to be input. Another important difference of this tool
compared with the others is that it focuses on EC number predictions rather than KOs or
COGs.

In addition to these prediction methods thagdict gene families across
metagenomes, alternative methods have focused instead on predicting more interpretable
phenotypes. The Functional Annotation of Prokaryotic Taxa (FAPROTAX) is a database
that enables prokaryotic taxonomic labels to be linkied gpecific highlevel functions
(Louca et al. 2016)This database focuses on over 80 interpretable functions, such as
nitrate respiration and methanogenesis. Theseftaaion links were collated through a
systematic literature review. BugBase is a similar approach that insteaé$amu
categorizing six main phenotypes: Gram stain, oxygen tolerance, biofilm forming, mobile
element content, pathogenicity, and oxidative stress tole(sviel et al. 2017)Rather
than literature searches, these phenotypes were inferred based on the genome content of
reference genomes. The key advantage of both FAPROTAX and BugBase is that the
high-level traits they predict are typically more robust within taxonomic lineages than

lower level functions, such as individual gene fami(Msartiny et al. 2013)

1.6- Current State of the Integration of Taxonomic and Functional Data Types
The above discussion has described the many faces of microbiome data types. Taxonomic

and functional microbiome data are typically generated independently, but in some cases
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can be directly linked. Regardless of the exact processing workflow for thesgpetal
have yet to address one question: how are they integrated?

For independent taxonomic and functional data types this is largely done
anecdotally. For example, this is commonly done in regards to the nine genera that are the
primary producers offe@rt-chain fatty acids (SCFAS) in the human ¢dbya & Ferrer
2016) SCFA | evels have | ong hasgasea(6DjTaeerbi guous
et al. 1994)although they are typically negativelgsociated with disease activity
(Venegas et al. 2019Due to this association, there has been-ktagding interest in
identifying microbial taxa that are associated with altered SCFA levels. Accordingly, CD
microbiome studies commonly hgthesize that shifts in the relative abundance of any
known SCFAproducing taxa likely cause altered SCFA levels. For example,
Faecalibacterium prausnitzis a weltknown commensal SCFAroducer in the human
gut and is consistently found at lower levelgshe CD patient microbiomggVright et al.

2015) Although potential links between lower levels of this species, in addition to other
taxa such aRoseburigLasernaMendieta et al. 2018and SCFA levels are often
discussed, this is rarely formally investigated.

More often, anecdotal links between function and taxa are based on observed
associations between significant features. Several such cases have previously been noted
as representative exampl@éanor & Borenstan 2017b) For instance,

Propionibacterium acnelsas been identified as strongly correlated with NADH
dehydrogenase levels in the skin microbid@é et al. 2014)Consequently, this species
was implicated as the likely cause for changes in NADH dehydrogenase levels. Similarly,
Bacteroides thetaiotaomicraelative abundance has been identified as positively
correlated with ncrobial genes involved with the degradation of complex sugars and
starch in the infant gyBackhed et al. 2015Based on this observation, this species was
hypothesized to be the key contributor to increased levels of these degradation genes.
Such insights are valuable, but as previously discu®sador & Borenstein 2017b)

these anecdotal links alone are not convincing evidence that particular taxa are the
primary contributors to functional shifts.

Linked taxonomic and functional data alone is not sufficient to resolve this issue.

Thereare substantial challenges facing the integration of these data types besides simply
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generating a combined format. For example, two massive datasets have recently been
published as part of the next iteration of the Human Microbiome Project. Both datasets
include numerous sequencing and profiling technologies, including 16S and MGS, from
the stool and various bogtes of IBD(LIoyd-Price et al. 2019nd individuals with
pre-diabetegZhou et al. 2019)However, in each case there was little integration of
microbiome functional and taxonomic data types. Instead, these features were largely
tested independently, despite the availability of links between the dats gud
associations between top features were discyssayt-Price et al. 2019; Zhou et al.
2019)

In contrast to these examples, there have been calls for imprggaation of
these microbiome data types, which is rooted in a systemsbiology outlook
(Greenblumetal. 2013) 6 Functi onal Shiftsé Taxonomic (
bioinformatics method developed for this purpose, which quantifies taxonomic
contributiongto functional shift{Manor & Borenstein 2017bJSignificant shifts in
functional abundances are first identified using a standard differential abundance test,
typically a Wilcoxon test. Subsequently, arpatation analysis is undertaken, which
consists of randomly shifting the relative abundance of a subset of taxa, while
maintaining the rest. A large collection of such permutati®psrformed, which include
permutations of single and multiple taxa iffetient replicates. Based on this approach an
estimate of the relative contribution of each taxon to a functional shift can be estimated
(Manor & Borenstein 2017bYhese relative contributions are thengarged as stacked
bar charts breaking down the direction and magnitude of each functional contribution.
These visualizations help distinguish when a functional shift is due to the enrichment or
depletion of taxa and also which sample grouping the shitirced within. This
approach was motivated by Shapley values, which were introduced irtigaong to
summarize the contribution of each player in a multiplayer g&hapley 1953)
Specifically, FishTaco leverages a modified version isfdéipproach that enables the
contribution of individual features to be estimated in large datasets without exhaustively
testing every possible permutatif@i¢einan et al. 2004)

FishTaco represents an important advancement in integration and improved

interpretability of taxonomic and functional microbiome data. However, itthefess
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suffers from major limitations. First, although the taxonomic breakdown of contributors
to a function is valuable, the FishTaco approach requires significant functions to be
identified based on the relative abundance of individual gene familigsasimatays. This
is done by systematically testing all functions across the entire metagenome, which is
problematic when performed with a roampositional approach like a Wilcoxon test.
This approach also treats gene families under theobggnes modelyhich is
inappropriate, as discussed above. An improved method would conduct a compositionally
sound analysis and integrate taxonomic information when identifying significant
functions.

An alternative method is phylogenize, which does address each ®ithass
(Bradley et al. 2018; Bradley & Pollard 2020his gproach tests for significant
associations between the presence of a taxa within a given sample grouping and the
probability that a taxon encodes a given gene family. This is performed through
phylogenetic linear regression, which accounts for the gesiatitarity of cooccurring
taxa that might trivially be due to a shared evolutionary history. A separate phylogenetic
linear model is fitted for each gene family. The key distinction of this approach from a
normal linear model is that instead of the realdupeing independent and normally
distributed, they covary so that phylogenetically similar microbes have higher covariance
(Bradley et al. 2018)This overdlapproach was partially motivated by an attempt to
address a similar problem by comparing the species and gene trees of gut-gat non
microbes(Lozupone et al. 2008Based on simulated random data (i.e. data with no real
functional shifts) the phylogenize authors demonstrated that performing standard linear
models without controlling for phylogenetic structure results in false positive rates
ranging from 20% 68%. h contrast, controlling for phylogenetic structure with
phylogenize resulted in a uniformvRlue distribution and an appropriate false positive
rate of 5%. One interesting feature is that phylogenize does not directly analyze relative
abundances. Instedthe tool converts taxa relative abundance into one of three formats:
(1) binary presence/absence across all samples, (2) overall prevalence within each sample
grouping, (3) or the specificity within each sample grougBrgdley et al. 2018)

Although phylogenize is undeniably an invaluable contribution to microbiome

data analysis, it also has several limitations. First, information on taxa abundance is
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discaded entirely in favour of presence/absence data. From one perspective this is an
advantage; eliminating taxa relative abundances enables phylogenize to circumvent
compositionality issues. However, relative abundance data is often more important to
investicate, because key taxonomic shifts might not be detected by presence/absence
alone. In addition, phylogenize reports significant gene families for each phylum in a
dataset. This is performed to reduce the memory usage and to enable-ppgtific

rates ofevolution for each functio(Bradley et al. 2018)This focus on the phylum level
makes the results difficult to interpret for two reasons. First, it is icgritly broad,
because it limits the potential to identify functions distributed across multiple phyla that
might be linked with a condition of interest. From another perspective, this focus on the
phylum level is also not specific enough; although phyfunction associations are
valuable they do not provide information on the relative contributions of {avel taxa,
such as species, to the association. Accordingly, there is room for improvement in both
the statistical analysis and interpretation @f pinylogenize approach.

Despite the availability of approaches for integrating functional and taxonomic
data, they have yet to become a mainstay of microbiome analyses. However, it is
becoming common to visualize stacked-bharts of taxonomic contributoto functions
of interest. This is typically performed on predicted metagenome output by PICRUSt or
alternatively on HUMANN2 output, although this could be performed with any linked
taxafunction data. As discussed above, the HUMANNZ pipeline includéspafor
identifying particular strains in MGS dataset, which allows gene families to be linked to
those straingFranzosa et al. 20180 some cases this approach enables complete links
between taxa and function to be identified. For instaRcprausnitziiwas shown tde
the obvious principal contributor to glutaif@bA biosynthesis in the HMP gut MGS
sampleqFranzosa et al. 2018} owever, more commonly there are numerous taxonomic
contributors to a single given function, and it is difficult to interpret which taxa are the
key contribdors by looking at visualizations alone. Nonetheless, even in the presence of
many taxonomic contributors, the HUMANN2 authors demonstrated that these
visualizations can provide information about the diversity of taxa contributing to a

function, termed theontributional diversitfFranzosa et al. 2018Jhis is most often
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guantified withthe GinSi mpson i ndex, which is the compl

(Jost 2006)

Contributional diversity has been shown to be a useful approach for delineating
housekeeping pathways encoded by many taxa, intermediate pathways, anaréhpse
encoded, which can correspond to opportunists or keystone species. For ifstance,
prausnitziihas previously been linked with several human microbiome pathways
identified through MGS that have intermediate contributional divergiles-Ali et al.

2018) When present, this species tended to contribute the majority of all pathways it
encoded.

This appoach has also been valuable for profiling shifts in the contributions to
microbial pathways over time, such as in the infant gut profiled with MA@&nen et al.
2018) In this case, several microbial pathways, such as siderophore biosynthesis, were
found to display decreasing contributional diversity with age. This is an interesting
observation because siderophores are costly to prdadii@ge highly beneficial in the
human gut. In particular, siderophores can confer a strong benefit to multiple community
members, including those that do not produce siderophores, by providing access to iron.
Siderophores have previously been presentadi@®bial functions whose distribution is
consistent with the Black Queen Hypothdsiorris et al. 2012)This hypothesis states
that adaptive gene loss may occur for functions that are costly to produce, provided that
the function is provided by other community members. This hypothesis was discussed in
the cantext of the infant microbiome as an explanation for why siderophore
contributional diversity decreases over ti(Watanen et al. 2018perhaps gene loss
confers an adaptive benefit by avoiding the production of a costly metabolite. Although
this is an interesting hypothesis, a less controversial interpretation of this result is that
siderophores became less stably encoded over time.

Related to this point, two additional metrics have also been developed to
summarize the stability of taxonomic contributions to microbial functigng &

Borenstein 2018)More specifically, these metrics are intended to summarize functional
robustness across samples, which is the stability in the relative abundance for a given
function in response to taxonomic perturbation. This is performed by generating a taxa

response curve that describes the average change in functional relative abundances in
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response to taxonomic perturbations of different magnitudes. Two metrics are then
conmputed based upon these curves: attenuation and buffering. Attenuation captures how
rapidly a function shifts with increasing taxonomic perturbation magnitudes. In contrast,
buffering represents how well functional shifts are suppressed at smaller taxonomic
perturbation magnitudes.

Applying these metrics to PICRU$tedicted metagenomes from 16S sequencing
of human body sites, validated by a subset of MGS samples, yielded several novel
perspectives. First, attenuation and buffering were conserved acrossitesdpr
microbial housekeeping pathways but varied for several others. For instance, robustness
in the biosynthesis of unsaturated fatty acids varied substantially across body sites. In
addition, human gut samples were found to have higher valueshohtb®nuation and
buffering than compared to vaginal samples. These trends were shown to be driven by
more than simply lower richness in vaginal samples by subsampling to comparable
diversity levels across each besiye (Eng & Borenstein 2018)'hese observations are
consistent with the controversial hypothesis that micratmaimunities may be under
varying selection strengths for functional robustness, depending on the environment
(Naeem et al. 1998; Ley et al. 2006)

The development of these metrics for summarizing functional contributions
represent an important goal of microbiome research, whicheséodge sequencing data
to yield novel biological insights. In contrast, another major goal is to answer a more
practical question: how useful is microbiome data for classification and prediction tasks?

There is great interest in applying machine learaipgroaches to microbiome
sequencing dat@nights et al. 2011)Most commonly this is performed with either
Support Veadr Machine or Random Forg@reiman 2001)nodels. Applications of
these and other machine learning approaches to microbiome data are primarily aimed at
classifying healthy and diseased samffd®u & Gallins 2019)On rare occasions this
is performed on functional data types, which was the focus of one MG Sanad{esis
thatidentified informative functional biomarkers across several human diSgasssur
et al. 2019)However, more commonly taxonomic features aeefticus of these
machine learning approaches, which is true for both(DeSallet et al. 2017and MGS
(Pasolli et al. 2016Jata.
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Regardless of the data type, one major motivation of these projects is to leverage
the gut microbiome to improve disease diagnoses. The microbiome of IBD patients has
been analysed through machine learning for this purpose on numerous odgasu@arns
et al. 2014; Tedjo et al. 2016; Sprockett et al. 20Oadditon to classifying patients by
diseases, this work has also focused on leveraginga6&d taxonomic profiles to
classify patients by remission stafi®djo et al. 2016and disease stigpe (Gevers et
al. 2014) This latter approach has particularly been valuable as a-pf@ohcept that
intestinal biopsies from multiple regions of the Gl tract perform comparably in a machine
learning context. In general, the observed witudy performances typically are
relatively high. For instance, one influential study computed accucacgss(the area
under the curve [AUC] in this case) ranging from 0.65685(Gevers et al. 2014)

However, the generalizability of these models is rarely assessed across different study
cohorts. This issue applies not only to CD, but also to most human diseases associated
with the microbiome.

One major exception imicrobiomebased models for colorectal cancer, which in
one investigationvereshown to be generalizable across five independent datasets
(Wirbel et al. 2019)This landmark study atssystematically compared the utility of
functional and taxonomic data types in these models and found them to be comparable
overall. This finding is consistent with a past comparison of the classification
performance of 168ased taxa and predicted metagme datgNing & Beiko 2015) In
the case of predicted metageres, which are based on 16S profiles, it is perhaps less
surprising that they yield comparable classification performance. However, with MGS
data in particular it might be possible to detect robust, informative functions that might be
undetectable with tanomy alone due to taxonomic variabil{yoolittle & Booth 2017)

Despite thigyreat interest in applying machine learning to different microbiome
data types, there has been little focus on integrating across them. The aforementioned
comparison of 16®ased taxa and predicted functions is one exception where a hybrid
classificationrmodel of both data types was creatthg & Beiko 2015) In this case,
there was a small increase in classification performance for distinguishing nine human
oral sublocations. The original OTU and kfased models yielded accuracies of 76.2%

and 76.1%, respectively, while the hybrid model resulted in an accura@y7éb{Ning
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& Beiko 2015) This result indicates that predicted€tions may provide some

additional information in combination with taxonomic data, but the consistency and
biological significance of this small effect remains unclear. Further investigation into the
integration of these data types within a machine Iagroontext is needed to ensure that

the highestjuality models possible are constructed.

1.7-Mi crobi al Associations with Disease: Cr
The above sections have described microbiome data types in detail. | have discussed the
different sequencing technologies, data types, and introduced challenges facing
microbiome data analysis. However, | have neglected to describe the motivation driving
most human microbiome research: to identify links between the microbiome and disease.

Myriad associations have been identified between microbiome features and
disease, such as asth(@arieta et al. 2015; Hufnagl et al. 202@pesity(Ley et al.
2005; Turnbaugh et al. 2009a; Castaner et al. 2@h8) colorectal cancé€Zeller et al.
2014; Flemer et al. 2018A review of microbial associations with disease in general is
beyond the scope of this work, and detailed reviews on this topic are available elsewhere
(Durack & Lynch 2019; Ngrreslet et al. 2020; Willis & Gabaldén 20&Gtead, | will
focus on a single disease,mplcaten btioldgg di sease
associated with the microbiome. Understanding this disease is important to appreciate
Chapter 3, which focuses on the microbiomes of intestinal biopsy samples from pediatric
CD patients.

CD is an inflammatory bowel disease (IBD) chagaieed by chronic mucosal
inflammation. Any part of the gastrointestinal (Gl) tract can be discontinuously affected,
but the ileum and/or colon are most often inflar{iElia et al. 2010)This disease has
many symptoms, including diarrhea, abdominal pain, Gl bleeding, and fatigue. In
addition to physical issues, these symptoms often have negative social and psychological
impactson® patients, which dr asoftlifeéhsatys decr eas
Toner 2000; Sewitch et al. 2000Qommon treatments for CD include prescribing
corticosteroids5-aminosalicylates, purine antimetabolites, and-amtiour necrosis
factor suppressive strategig$o & Khalil 2015) In addition, 71% of CD patients
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eventually undergo invasive intestinal surgery (a surgical resection), which unfortunately
leads to relapses (up to 10 yelater) in 44% of casg®ernell et al. 2000

CD diagnosis has become more common in the Western world over the last 60
years. As of 2011, CD prevalence varied froni 201 per 100,000 persons across North
American cohort¢Cosnes et al. 2011AIthough historically CD has typically developed
in young adult§Ekbom et al. 1991 there is increasing incidence in pediatric patients
(Jabandziev et al. 2020Fanada has one of the highesidence rates for pediatric CD:
9.68 per 100,000 children under 16 from 1:29d0(Benchimol et al. 2017Although
all surveyed Canadian provinces have similar incidence rates, Nova Scotia has the highest
incidence rate for CD. In addition, younger chéid seem to be a growing risk group for
CD in Canada as disease incidence was found to be increasing only for children under
five (Benchimol et al. 2017)n general, CD in younger individuals can be more complex
and aggressiv@soodhand et al. 2010Current treatments can be less effective for
treating these cases, or alternatively canehsevere side effects on pediatric patients,
such as corticosteroids that may interfere with growth during pugdegynzadeh et al.
2002) Immunosuppressive treatments are also associated with eatiegsction risks,
likely caused by impaired immune respon@d@snovas et al. 2016 hese issues, in
addition to the lack of lon¢erm solutions for CD, have motivated renewed efforts to
develop novel treatments.

Exclusive enteral nutrition (EEN3 one such alternative firihe therapy to
standard approaches such as corticosteroids. This treatment involves providing all
nutrition via a liquid formula, which can be done orally or with a feeding tube-&r 6
weeks(Whitten et al. 2012)EEN has been investigated with variable success for over 30
years(Morain et al. 1984)With the exception of Japan, EEN is not an effective treatment
for adults, partily because it requires strict dietary adherefwell et al. 2013)In
contrast, EEN is highly effective for treating active disease and inducing remission in
pediatric patient¢Day et al. 2006; Critch et al. 201AIthough the mechanism of action
remains unknown, EEN provides additional benefits than corticosteroidsashagher
rates of mucosal healing, greater weight gain, and enhanced bone tailest al.
2013)
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There is a high genetic predisposition for CD as indicated bydtuities
(Orholm et al. 2000; Halfvarson et al. 2003; Halmale2006) A metaanalysis of six
CD twin-studies determined that the overall concordance rate is 30.3% and 3.6% for
identical and fraternal twins, respectivéBrant 2011) The higher concordance rate in
identical twins indicates that CD risk is highly heritable. Accordingly, there have been
many investigations into genetic variants underlying(CiD & Anderson 2014)Many
risk loci have been identified and one interesting discovery has been that the genetic
variants associated with CD susceptibility argédy independent from those related to
disease prognos(tee et al. 2017)

A major focus has been to develop genetic risk score models based on combining
the oddsratios of hundreds of singleucleotide polymorphisms (SNPs). This approach
has partially accounted for CD heritability estimafiexin twin-studies and to develop
CD screening methods based on relatively few genetic vafifaisg et al. 2013a,;
Zupan| i | .6&enetiatisk scaze(dtidates for 34,819 IBD patients based on
approximately 200 SNPs demonstrated that this approach could also be used for
distinguishing disease suipes(Cleynen et al. 2016)n particular, CD could not only
be distinguished from another IBD, alative colitis, but ileal and colonic CD stypes
could also be distinguished. This result highlights that genetic risk score can in principle
be leveraged to rapidly stratify patients into different diseas¢ygp@s, which could have
treatment implicabns.

The primary disease risk gene for CD was identified in 2001 as the nucleotide
oligmerizationdomain2 (NOD2) locus(Hugot et al. 2001; Ogura et al. 200This gene
is an apoptosis regulator expressed in monocytes and variants of tHecepoatein
activate the prenflammatory transcription factor N6B. NOD?2 is also a pattern
recognition receptor that can detect cell wall components of both-@eaitive and
Gramnegative bacteria as well as other microfddsreira& Zamboni 2012)NOD2
variants have also been associated with extreme microbial shifts following antibiotic
usage and with failure to control microbial pathog@xisNabhani et al. 2017)

Many environmental factors are also thought to contribute to the etioldgi of
which likely explains the rising rates of pediatric (i2eney et al. 20025moking is
strongly associated with CD, with an odds ratio of 3-fold increased risk of
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developing diseaggalfvarson et al. 2006; Ng et al. 201Early-life Gl infections and
antibiotic usige are also associated with developing(RBuyen et al. 2020)n addition,
differences in dietary intakealie been linked to CD, for instance diets with high fibre
and fruit content are protectiyelou et al. 2011)Lastly, reduced exposure ganlight

may be linked with CD risk as vitamin D insufficiency is common in CD patients
(Raftery & OdMéwy ofthese aislogi@alXactbry, such as dietary
differences, Gl infections, and antibiotic usage are intuitively potentially linked with the
microbiome. Consequently, there has been a-&tagding interesniinvestigating links
between the gut microbiome and CD etiology.

The most consistent microbial signal in the gut microbiome of CD patients has
been reduced alpltaversity (Manichanh et al. 2006; Hansen et al. 2012; Pascal et al.
2017) However, different alphdiversity metrics are often significant (or tested) across
different studies. For instandé was previously typical to assess alplhersity based on
richness alon€Manichanh et al. 2006)n some cases richness has not significantly
differed between CD and control samples, but other measures oflalphsity sich as
Shannondés entropy and ev eghansersesal.2002dve signi
Therefore, lower alphdiversity metric values in general are characteristic of the gut
microbiome of CD patients, but there can be subtleties regarding how toenteat
difference depending on the cohort and analysis. Importantly, CD patients also have
significantly lower microbial load compared with healthy control individuals, which
likely accounts for the observed differences in algirarsity metric{Vandeputte et al.
2017)

However, higher alphdiversity should not be equated with healthiness in general
(Shade 2017)EEN typically causes a rapid reduction in algheersity, but nonetheless
is able to induce remission in 80% of patigiMscLellan et al. 2017)n fact, patients
who exhibit sustained remission after EEN have significantly lower alpeasity
following treatment, whereas an increase in alikarsity has been observed irtipats
who relapse after treatmef@unn et & 2016a) After several weeks the microbiome of
patients in sustained remission eventually becomes more similar to healthy samples
(Lewis et al. 2015)which suggests that EEN does not cause a permanent reduction in

alphadiversity.
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Specific bacterial taxa are also at differential relative abundances in the gut
microbiome of CD patients. In generalany bacterial commensals are at lower levels or
absent in CD patien{®uvallet et al. 2017)which is consistent with the lower alpha
diversity in these samples. The most consistent signal is that of higher relative
abundances of Proteobacteria angldorelative abundances of Firmicu{&sank et al.
2007; Sartor 2008; Gevers et al. 2Q14)particular, nembers of the Proteobacteria
family Enterobacteriaceae, suchEascoli, are often highly associated with GBrank et
al. 2007; Willng et al. 2009)In addition, certailNOD2risk alleles are associated with
increased levels of enterobactin synthesis, which enables Enterobacteriaceae to inhibit the
bactericidal host enzyme myeloperoxidéBender et al. 2016)nhibiting this enzyme
likely confers a survival advantageEo coliand other Enterobacteriaceae in the gut
(Singh et al. 2015)

Although most CD microbiome research has focused on bacteria, fungi and
viruses are also associated with patient disease state. Interestingly, fungdiadpdity
is largely unaffected in CD samples, which indicates that fonayi have an advantage
over bacteria under inflammatory conditidi@okol et al. 2017)In addition, there are
reproducibly higher levels of Basmnycota and lower levels of Ascomycota in CD
patient microbiomeéViukhopadhya et al. 2015; Sokol et al. 20IMe pathogenic
AscomycotaCandida albicanss an important exception, which frequently infects CD
patients(Sokol et al. 2017; Stamatiades et al. 2018)

Bacteriophages are highly associated with the specific bacteria they infect, so
perhaps unsurprisingly many bacteriophages have also been linkediNorman et
al. 2015; Ungara et al. 2019)lowever, these associations do not necessarily merely
reflect trivial associations with Glinked bacteria: bacteriophages can also directly
modulate host immunity. This was demonstrated by inoculating-freermice with
bacteriophages specific tcactobacillus Escherichia andBacteroidegGogokhia et al.
2019) Direct stimulation of toHike-receptor nine was shown to result in the production
of the preinflammatory cytokine interferon gamma. The key bacteriophage signature of
IBD is an increase i€audoviralegaxonomic richnesgNorman et al. 2015)n contast
to bacteriophages, any connections between CD and eukaryotic viruses are less clear

(Ungara etl. 2019b) but nonetheless several associations have been identified. In
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particular,HepeviridaeandVirgaviridae have been observed at higher and lower relative
abundances, respectively, in the gut of CD patients compared with control subjects
(Ungara et al. 2019a)mportantly however, analyzing and peging viral MGS data is
particularly challengingRose et al. 2016jhese results should be interpreted with the
understanding that the field of viral metagenomics is rapidly changing and improving.

In humans, it remains unclear whether these microbial differences are a cause or
an effect of disase. In mice, there are clearer links between the relative abundances of
certain bacteria and intestinal amtflammatory and prenflammatory responsg&han
et al. 2019)In particularClostridiaandBacteroidesare known to induce regulatory T
cells that initiate antinflammatory cytokine respons€Seuking et al. 2011; Atarashi et
al. 201). In contrast, segmented filamentous bacteria are sufficient to induce pro
inflammatory cytokine activation by T helper 17 c€lisanov et al. 2009)

Although identifying similar causal links is chalgng in humans, it is possible
to make more robust inferences by controlling for confounding factors in observational
studies. One important confounding factor is the effect of treatment on the microbiome.
This was the motivation driving the collectionsaimples at or near the time of diagnosis
in the large BISCUITHansen et al. 2012nd RISK(Gevers et al. 2014BD cohorts.
Similarly, the microbial profile of stool samples represents an aggregate of microbial
communities from across the Gl tract. Accordingly, stool sample profiles often
substatially differ from biopsy microbial profiles. Even in the case of colon biopsies,
which correspond to the region of the Gl tract with the highest microbia(litichan et
al. 2017) stool samples nonetheless are highly dis{ittarns et al. 2011Because CD
can affect the Gl tract at different locations it is important to differentiate microbial
signals identified in particular Gl tract locations compared with in the stool overall.
Sequencing biopsy samples of inflamed regions of the Gl tra@duess this issue.
Based on this idea, a comparison of the 16S sequencing profiles of the stool, ileal
biopsies, and rectal biopsies taken from CD patients was undertaken as part of the RISK
project(Gevers et al. 2014Yhe stool profiles qualitatively differed from the biopsy
sampletypes, but interestingly there were only minor differences overall between the
microbial composition between the two biopsy locations. In fact, microbial profiles at

either biopsy site codlaccurately diagnose CD regardless of the location of
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inflammation(Gevers et al. 2014Although the authors performed MGS on a subset of
stool samples, this was deemed infeasible at the time for the biopsy samples due to the
high proportion of unintended human DNA that would be sequenced.

MGS profiling of the stol of CD patients has nonetheless yielded valuable
insights regarding the disea@édorgan et al. 2012; Gevers et al. 201@pe key
observation is that the shift inglgut microbiota from obligate anaerobes, such as many
Firmicutes, to facultative anaerobes, such as Enterobacteriaceae, is consistent with the gut
environment shifting to a more oxygenated environn@yhdloss et al. 2018)BD is
known to result in higher levels of fregymen species and oxidant levels in general,
particularly near inflamed tissi{geshavarzian edl. 2003) More generally, a shift from
obligate anaerobic to facultatively aerobic commensals has been observed in several
contexts where the microbiome is associated with diseases or treatments. For instance,
similar microbial shifts are observedIfming antibiotic therapy, colorectal cancer, and
Salmonellanfection (Litvak et al. 2018)

An oxygendependent shift in the metabolism of colonocytes could account for
these observations. Under homeostatic conditions tloa c®kypically an anaerobic
environment, that is partially maintained by the microbial production of butyrate, a short
chain fatty acid, through the digestion of dietary fibres primarily by ClostfiRlizera
Chavezetal. 2016) To perform one of the colondbés pri
an osmotic gradient is created by first absorbingihta colonocytes. The majority of
ATP required for Natransport by colonocytes under thesaditions is generated by
oxidizing butyrate, which produces ¢(¥elazquez et al. 1997This process maintains
the hypoxic conditions of the colonocytes, and because oxygen can diffusetresly
biological membranes, it is also thought to greatly contribute to depleted oxygen levels in
the lumen. A key observation was that if there is a perturbation to this process at one of
several key steps, this can result in a shift of colonocyte Ad@&uption to require less
oxygen(RiveraChavez et al. 2017This could occur through direct inflammatory
damage to colonocytes or the perturbation of butypedeucing commensal bacteria
(Litvak et al. 2018)In either case, facultative aerobes will bloom at the expense of
obligate anaerobes, which agrees well with the common microbial signatures in CD

patient microbiomes.
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In the context of this larger model, severmre specific microbial functions have
also been linked with disease state. In particular, bacteria that produce thehairort
fatty acids acetate and propionate, in addition to butyrate, are commonly at lower levels
in CD patient microbiome@Vang et al. 2014Takahashi et al. 2016] his observation
has also been corroborated with metabolite data from CD patient sdiriplesPrice et
al. 2019) Bacteria involved with nucleotide biosynthesis are also often found at lower
levels in CD patient microbioméMorgan et al. 2012)0ne hypothesis for this recurrent
observation is that there are fewer carbohydrates available for bacterial metabolism in
inflamed tissue, which could select for bacteria that are ablerforpy amino acid and
lipid metabolism(Davenport et al. 2014)n addition, microbes that encode genes related
to glutathione production and sulfate transport have been found at higher levels in CD
microbiomes, which could dicate a response to inflammaticelated oxidative stress
(Morgan et al. 2012)_astly, microbial futions related to xenobiotic degradation, such
as nitrotoluene degradation, have also been linked witfDZidn et al2016b) The
mechanism underlying this observation is unclear, but it could have implications for CD
treatment efficacie€Clarke et al. 2019)

1.8- Outlook

As discussed aboven ancreased focus on the integration of functional and taxonomic
microbiome data types is needed. In many cases, linked taxa and functions are available,
but integration between them is only performed anecdotally. In addition, although there
are methods ailable for analyzing integrated datasets, there are major issues with the
implementation and interpretation of the results. There are several areas where
methodological improvements could resolve these issues and yield improved insights
regarding microbimes.My goalwas toaddress these issues, whigiresenfrom three
perspectives this thesis

My first results chapter focuses on my work that compared the utility of different
microbiome data types for classifying pediatric {I»uglas et al. 2018)his is
presented in Chapter 3 and the methods are presented in Chapter 2, where | describe all
methods used in this thesis. These analyses focused on functional and taxonomic data

types fom both 16S and MGS data at different levels of granularity. One motivation of
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this work was to both corroborate known and identify novel microbial links with CD
based on these data types. Another major goal was to compare the performance of
machine learmg models based on each individual data type and on combined data types.

Although this machine learning approach yielded valuable insights, it is difficult
to make more than anecdotal biological insights regarding taxa and function without
explicit links ketween them. These linkages are commonly generated with 16S data by
performing metagenome prediction. Although this approach has been widely applied,
particularly with the tool PICRUSt, there are limitations of this approach. In addition,
there have beemuggestions that past validations have not fully captured the variability in
performance across metagenome prediction tools. | developed PICRUSt2 to address these
problems(Douglas et al. 2020Wwhich ispresented in Chapter 4. | show that improved
metagenome predictions, and the resulting-faxation links, are produced by this
method compared with alternative metagenome prediction approaches. In addition, my
evaluations highlighted major issues witle reproducibility and interpretability of both
predicted and actual functional data.

Such issues are commonly encountered when analyzing microbiome data, which
could be partially addressed by better integrating data types in statistical analyses. To
compkment existing integration approaches like FishTaco and phylogenize, | developed
a novel bioinformatics tool called POMS. This method is described in Chapter 5. The
main goal of POMS is to incorporate functional information into aeprsting
framework fa identifying taxonomic differences. This framework provides a method for
organizing functional signals by how consistently they are found in independent
taxonomic groups at relatively higher or lower abundance in sample groupings. The
intuition underlyingthis approach is that functions that show consistent signals of
enrichment are more likely to represent actual cases of enrichment due to the effects of
the function rather than due to indirect effects. Based on applying POMS on simulated
and real data wehowed that the top functional features are more reliable than current
differential abundance methods. This body of work represents several useful advances in
microbiome data analysis, particularly from the perspective of improved integration of
functiond and taxonomic data types. In some cases, as discussed below, my work

resulted in more questions than answers, and identified alarming issues with current
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analysis approaches. However, although not always the answers we might want, this

gradual progressineeded to provide substantive improvements to the microbiome field.

48



Chapter 21 Materials & Methods
This section contains the methods sections corresponding to the manuscripts presented in
Chapters 3, 4, and 5. This sepatesentatiorf the methodss due to a Microbiology

& Immunology department thesis formatting requirement.

2.17 Methods for Chapter 3
2.1.1- Sequenced Samples

|l ntestinal Dbiopsies were previously taken
coloncomt r ol patients as part of the ABacteria
Children Undergoing I nvesti gat(Hoosenebadf ore T
2012, 2013)We did not perform a power test to predict what effect sizes could be

detected with this sample size, but instead chose this sample size due to sequencing cost
constraints. These patients were all under 17 years old with a mean age of 12.7 years. CD
biopsies were obtained at the diagnostic endoscopy prior to commencing any therapy. We
based CD diagnosis on the Paris Classificai@vine et al. 2011)None of these

patients used systemic antibiotics or steroids in the 3 months prior to their cojmnosco
immunosuppression at any point. Treatment response was classified as sustained

remission following induction treatment response and was defined by physician global
assessment and the requirement for treatment escalation (repeat induction theoapy) bef

24 weeks.

2.1.2- Metagenomics Sequencing and Bioinformatics Pipeline

Shotgun MGS preparation and sequencing was conducted by Gé€gbec (McGill
University, Montréal, Québec) on an Illlumina HiSeqg. A mean of 110 million PE 100
basepair (bp) MGS reds were produced with a range of #7235 million reads over all
samples. We first concatenated FASTQ files containing forward and reverse reads into a
single FASTQ per sample. We then screened out contaminant sequences by mapping all
reads against the ham (hg19) and PhiX (RTA) genomes using bowfle@hgmead &
Salzberg 2012(v2.1.6),which resulted in a mean of 90% of reads being excluded. This

high percentage of contaminant reads is mainly due to the high proportion of human cells
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in biopsy samples, which is less of an issue for microbiome studies that focus on stool
samples. After geening out these nemicrobial reads we classified the remaining reads
taxonomically using MetaPhlAnEGegata et al. 2012)v 2 . 1. O)ivews e hst hev 0o
global alignmat option and into KEGG orthologs (KOs) using HUMAnsbubucker

et al. 2012)v0.11.1;http://huttenhower.sph.harvard.edu/humgni@portantly, we

found that running bowtie2 in local alignment mode with MetaPhlAn2 resulted in many
spurious hits, which were mainly represented byses. These taxa were not identified
when global alignment was performed. We ran MUS{®@nor & Borerstein 2015)

(v1.0.2) to normalize the KO abundances within each sample by the median universal
singlecopy gene abundance, which controls for ks@mple variation in microbial

genome sizes. We then ran HUMANNZ2 on these normalized values to recoKE@G.6t
module and pathway abundances within each sample. No taxa or functions were
identified in the MGS of two samples, S34 and S38 (16S sequencing also failed for these

samples, see below), which were excluded from downstream microbiome analyses.

2.1.3- Calling Human Variants

Due to the large percentage of human DNA in our MGS (see above), we were also able to
call human variants from the same dataset. Although we used 133 loci for calculating the
genetic risk score (see below), we called gerwnage varants to improve imputation

accuracy in cases where samples were missing data at these sites. We began by mapping
all MGS reads to the human genome (hg19) using the BuiVdhexler Alignment

T 0 o (Li&Durbin 2009)(v0.7.12) mem algorithm, which resulted in a 98% mapping

rate. This mapping rate is higher than taee for the metagenomic microbial pipeline due

to the different algorithms used for each workflow. We then followed the Genome

Anal ysi s (Mtkema & al. 2B FGATK) Best Practice workflow (DePristo et

al. 2011; Van der Auwera et al. 2018 variant calling. Prgrocessingteps included

marking duplicate reads, recalibrating base quality scores based on a model trained on
known variants, and falignment of reads around known insertions and deletions. We

then ran the GATK (v3.5) program HaplotypeCaller to call variantsyusefault

parameters and variant quality score recalibration per the Best Practices workflow. These
steps resulted in 16,333,869 raw variants based on a gemoi@enean coverage of 7.5
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reads across all 40 individuals. Due to the low genwade coveragewe also discarded
variants based on several hard filters implemented by VCHRtioalsecek et al. 2011)
(v0.1.13): any variant rion HardyWeinberg equilibrium (cubff significance of P <

1 10%), any variant called by < 6 reads, or any variant with > 50% missing data. We
retained 7,604,626 variants following these hardotigt The 133 known risk loci were

not required to pass these hard ofis.

2.1.4- Imputing Missing Genotyes

After calling variants genomeide, we next imputed the missing genotypes for the 133

known CD risk loci. Three variants (rs9264942, rs11209026, rs6927022) were missing
genotype calls in all samples and were excluded. Haplotype phasing and thedirst pa
imputation was performed with SHAPE(Delaneau et al. 2012y2.r837). IMPUTE2

(Howie et al. 2009,201) v2. 3. 2) was then run on SHAPEI T
the final gmotypes. The HapMap phase Il b37 genetic map was used for both imputation

steps and the 1000 Genomes Phad€®)B80 Genome Project Consortium 20pbased

haplotypes were used aeference haplotypes. Default parameters were used for running

both SHAPEIT and IMPUTEZ2.

2.1.5- Genetic Risk Scores

A custom Perl script was used to parse the IMPUTEZ2 output into variant call format and
then PLINK(Purcell et al. 2007(v1.90b3.29) was used to convert this tabte IPRED

and MAP files. Pesample genetic risk scores (GRS) were calculated using the
Mangrove R packag@ostins et al. 2013Y o calculate the GRS, we used the genotypes
at these imputed risk loci, oddatio information for risk alleles, and minor allele
frequencies from previously published genewide association studi€3ostins et al.

2012; Liu et al. 2015b)We assumed a Cprevalence of 1% when calculating GRS (K
value = 0.01).

2.1.6- 16S rRNA Gene Sequencing

The intestinal biopsy samples were prepared for 16S sequencing using our Microbiome

Amplicon Sequencing WorkfloComeau et al. 2017Briefly, the preextracted DNA
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(Hansen et al. 2013)as first amplified in duplicate using duadexing Illumina primers
(forward: ACGCGHNRAACCTTACC;reverseACGGGCRGTGWGTRKAA) that

targeted the V&/8 region (438 bp) of the bacterial 16S rRNA gene. The pooled duplicate
PCR products were verified using higiroughput Egels (Invitrogen), then purified and
normalized using the SequalPrepwéll Plate Kit (Invitrogen). Follomwng quantification,

the pooled samples were run on an lllumina MiSeq using PE 300+300 bp v3 chemistry at

the Integrated Microbiome Resource (Dalhousie University, Halifax, Nova Scotia).

2.1.7- 16S rRNA Gene Bioinformatic Pipeline
We followed the Microbiome Helper standard operating proce@lomeau et al. 2017)
to process the 16S rRNA gene data. Two CD samples (S34 and S38) were exoluded fr

this pipeline due to low DNA quality and repeated sequencing failures, which left a total
of 38 samples remaining (20 CN and 18 CD). A mean of 21,793 raw PE read pairs were
produced over these remaining samples (min=9,503; max=40,392). Forward asd rever
reads were then stitched together using PEARNg et al. 2014)v0.9.6) with an

assembly rate >80% for all samples except for sample S22 (68.7% of reads assembled).
We then filtered out stitched reads with a quality score < 30 over 90% of bases using the
FASTX toolkit (v0.0.14http://hannonlab.cshl.edu/fastx_toolkit¥)/e also filtered out

reads < 400 bp or that did not have exact matches to the forward and reverse primers
using BBMap (v35.82https://sourceforge.net/projects/bbmag@iy average of 18.7% of

the assembled reads per sample were discarded by these filters. Next, we removed
chimeric sequences using UCHIMEdgar et al. 2011(v6.1) with the parameters
mindiv=1.5 and minh=0.2, which resulted in an average of 16.3% of the assembled reads
being discarded. Following these filters a mean of 13,815 reads were remaining per
sample (min=4,427; max=27,472). We ran opefierence 97%TU picking using

QIIME (v1.9.0) wrapper scripts with these filtered reads. Reference OTU picking was run
against the Greengen@3eSantis et al. 2006y13_8) database using SortMeRNA
(Kopylova et al. 2012(v2.0-dev, 29/11/2014) with a minimum query coverage of 80%
anddenovoOTU picking using SUMACLUST (v1.0.00;

https://git. metabarcoding.org/obitools/sumatra/wikis/hom&# filtered out OTUs that

were called by < 0.1% of reads and then rarefied read counts to 4,000 reads per sample,
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which resulted in a finadet of 984 OTUs. PICRUS$Langille et al. 2013}v1.0.0) was

used to predict KEGG ortholog and pathway abundances based on reference OTU
abundances. We compared thefied OTU abundances to ngarified abundances after

performing a centered le@tio transformatioriGloor et al. 2016)Read counts were

imputed with the count zero multiplicative method in the zCompositions R package
(PalareaAlbaladejo & MartinFernandez 2015y1.1.1) before performing the centered

log-ratio transformation. We compared these workflows by evaluating how well models
performed using abundance tables produced by each workflow. To evaluate concordance
between MGS and 16iflentifie d gener a we cal cul at dof t he Sp
the relative abundances of 16S genera at greater than 10% frequency and identified in

both datasets.

2.1.8- RISK Validation Cohort

We downloaded singlend sequencing of the V4 region of the 16S gene produced for the

ARIi sk Stratification and I dentification of
Di sease Progression in Chil dr(@ewmerswetiat h Cr ohn
2014)from the National Center for Biotechnology Informatiomder study accession
PRJEB13679We reduced this data to 773 biopsy samples that were either controls or

CD patients and <= 18 years old. To process this data, we first merged together

sequencing replicates for the same samples. We then trimmed allocdafsnucleotides

using Trimmomati¢Bolger et al. 2014{v0.36). The remaining steps were the same as

the 16S processing pipeline described above. The OTU table was reoef@@D reads

(42 samples with depth below this @it were discarded), which resulted in 2564 OTUs

being called over 731 samples.

2.1.9- Random Forest Classification

For each dataset, we ran random forest (RF) models to classify disease state and

treatment response separately. Each dataset wgsrpcessed so only features with >

10% nonzero values were retained. Each table was then standardized by sample
(subtracted the sampleds mean and then div
ran RF moels using the randomFordsiaw & Wiener 2002)v4.6.12) R package with
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defaultmtry values and used 712 as the random seed. All models were run with 10,001
trees except for the KO models which were run with 501 trees to reduce running time. RF
model significance was determined by the permutation test implemented in the rfUtilities
(Murphy et al. 2016§v2.0.0) R package. This test involves building a null distribution of
out-of-bag (OOB) errors from Rfmodels with randomized classes (e.g. the disease state
column of the input table was randomized). Model significance is then determined by
calculating whether < 5% of random permutation models have an OOB error less than or
equal to the observed OOB err&ignificance of RF models as tested by the above
permutation procedure was treated as an omnibus test for any association between the
signal derived from genetic data and the feature labels of each sample. This allowed us to
identify at what level (e.gfamily, genus and species) further investigation was
warranted, and supported our investigation
not others. Note that RF models make no assumptions about how the input features are
distributed. Leav@neout aossvalidation was also run on each dataset to output an
accuracy for each model with the R package c&netin 2008)(v6.0.77).

2.21 Primary Methods for Chapter 4
This section describes the methods primarily related to the-teimesults. In contrast,
the Supplementary Materials section which is later in this file describes the sethod

underlying the Supplementary Results.

2.2.1- Data Availability

The raw sequencing reads analyzed in this study are available from the following online

repositories. The Human Microbiome Project (HMP) raw data is available from
https://www.hmpdacc.org/HMIWGS/healthyhe mammalian stool sequencing data is
available from the Short Read Archive (SRA) under accessions SRP115632 (shotgun
metagenomics [MGS]) and SRP115643 (16S rRNA gene). The oasgulessequencing

data is available from SRA project SRP056891. The blueberry soil samples are available
at SRA project accessions PRINA484230 (MGS) and PRINA389786 (16S rRNA gene).
The Cameroonian MGS data is available under European Nucleotide Archig¢ (EN
project PRIJEB27005 and the 16S rRNA gene sequencing data is availableRAMG
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under accession mgp15238. All of the Indian sequencing data is available under ENA
project PRINA397112. The primate metagenomics data and 16S rRNA gene sequencing
data (wit processed outputs) are available in the QIITA repository under accession
11212.

The blueberry 18S rRNA gene sequencing data are available under SRA project
accessions PRINA391782 (soil) and PRINA434067 (root). The matching MGS data for
these blueberryoot and soil samples are available under accession PRINA484230. The
processed ITS output files for the wine fermentation dataset are available as part of a
GigaDB datasethttp://gigadb.org/dataset/10080and the raw MGS data are available
as part of SRA project accession PRINA305659.

2.2.2- PICRUSt Pipeline Updates
The analyses in this paper are based on PICRUSt2 versiorb2lh.@ddition to the

improvements reported in the maext, several other updates have also been made to the
PICRUSt pipeline. Since the hiddstate prediction (HSP) step is now run using the
castor R package, other inference approaches like maximum parsimony (MP) may be
performed in realistic timérames bsides phylogenetic independent contrasts
(Felsenstein 1985yhich was the default approach in PICRUSt1. The default HSP
method is now MP with a parameter weighting the contribution of branch lengths set to
0.5 edge_exponemtption incastor package). This parameter value was chosen because
setting this parameter to a nearo value resulted in more reproducible predictions.

In addition, now that any study sequences can be input to PICRUSt, and not just
Greengenes closadference OTUs nearessequence taxon index (NSTI) screening
step is recommended to eliminate sequences above a certafifi ditte default NSTI
cutoff in PICRUSt2 is two, which was chosen as an extremely leniemtftintended to
eliminate problematic sequenc&nly one ASV in the test inflammatory bowel disease
dataset (see below) was above thisaffitwhich corresponded to a mitochondrial
sequence. The only sequences above thisf€ut the HMP validation dataset
corresponded to two 18S rRNA gene ASVs thate clustered within the 16S rRNA
gene dataset. Similarly, although 13/1148 of ASVs in the ocean dataset were above the
NSTI cutoff of two, these ASVs corresponded to candidate taxonomic groups that have
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no representative reference genomes in the d&¥#DRUSt2 database. Based on these
observations, we believe this it should be suitable for most scenarios; however,
users can select a NSTI value that best fits their study design and environment (i.e.
whether to maximize precision or recall).

Transfaming gene family predictions to pathway abundances in PICRUSt1 was
done by assuming that the abundance of each gene family contributed equal abundance to
all pathways containing the gene family (i.e. if a gene family can be involved in 10
pathways the genfamily abundance would be added equally to the abundance of all 10
pathways). Although this approach is easy to understand, it results in a highofitbee
rate of identifying pathways present. To improve on this approach, we adapted the
approach taén by HUMANnNN2(Franzea et al. 2018)0.11.1 into the PICRUSt2
pipeline. MinPath{(Ye & Doak 2011)v1.2 as modifieddr the HMP workflow
(Abubucker et al. 2012Js first run to identify the minimum pattays present given the
gene families present. By default, these predictions are made based on the EC number
predictions after regrouping them to MetaCyc reactions to predict MetaCyc pathway
abundances. The mappings files and code for regrouping to Meta&ons and
mapping from reactions to structured pathways were taken from HUMANN2. We further
split the pathway mapping files into prokaryotic and fungal sets based on the taxa where

these pathways have been identified (as reported in the MetaCyc athibask).

2.2.3- 16S rRNA Gene Database Processing
The 16S rRNA gene sequences and gene family counts from a total of 52,217 genomes

were acquired from IMG on 8 Nov. 2017. These data were based on IMG annotations and
we did not work with the raw genomeaiences. Genomes lacking a 16S rRNA gene

length of at least 1,250 bp or that were identified as eukaryotic marker genes were
removed. The gene families in these annotations corresponded to these databases: Kyoto
Encyclopedia of Genes and Genorti¢anehisa et al. 201ZKEGG; v771), Protein
FamiliegFinnetal. 2004 Pf am; v30), The Institute for
protein FAMilies(Haft et al. 2003 TIGRFAM; v15), Clusters of Orthologous Genes
(Tatusov et al. 200QCOG; v2014), and Enyzme Commission (EC) numbers (as of 21

Jan 2016).
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We also created an alternative trait database containing phenotypes defined by
IMG (Chen et al. 2013)Use of this database was motivated by the predictions made by
the tools FAPROTAXLouca et al. 20163nd Bugbas@Nard et al. 2017)These
phenotypes are more directly interpretable than the gene familyadatadescribed
above. Files listing IMG genome ids positive for one of 65 phenotypes were downloaded
on 8 Jan 2019. The presence and absence of phenotypesasdsdeas 1 and O.
Prototrophic and auxotrophic phenotypes for the same compound were comtoreed
single prototrophic phenotype (auxotrophs are coded as 0 and unknown phenotypes are
coded as NA). After this merging step, and removing two extremely rare phenotypes,
there was a final set of 41 phenotypes remaining.

To identify low-quality, inconplete genomes, and possible misassembled
assemblies we calculated the median number of socuglg KEGG orthologs (KO) as
previously identified for the tool MUSICQManor & Borenstein 20155ince these
genes are expected to be found in single copies within each genome, we reasoned that
incomplete or contaminated genomes could be identified by a memjigmumber less
or greater than one, respectively. Accordingly, we discarded all genomes with a median
number of singleopy genes that differed from one. In addition, we discarded genomes
lacking a sufficient number of genes within any gene family. Timénmam number of
gene families per genome was chosen based on visualizing the distribution of gene family
numbers over all genomes and choosing aotfuhat eliminated outliers (minimum cut
offs of unique gene families were 500, 250, 500, 750, and 33ddCOG, EC, KO,

Pfam, and TIGRFAM databases). Importantly, this filtering means that endosymbionts
and other organisms with reduced genome sizes will be underrepresented in the
PICRUSTt2 reference database. After these filtering steps, a total of H@28hes were
discarded, producing a final set of 41,9@Homes. Gene family copy numbers higher
than 10 in this final set were-odded to be 10 to decrease the number of possible
prediction states.

Since prokaryotes often have multiple 16S rRNA gengespphe centroid 16S
rRNA gene per genome was identified using the VSEARR®&Ynes et al. 2016y2.4.4)
clusterfastcommand with an identity cudff of 90%. In cases where multiple centroid

sequences were found, a single centroid was chosen randomly. IdenticatcE®S
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rRNA gene sequences across genomes were then identified to produce genome clusters.
There were 3,002 such clusters with more than one genome and the sequences contained
in these clusters made up 59.5% of the original 41,926 genomes. Amongti2® 1090
sequence clusters (including clusters with one genome), there was a mean of 2.1
sequences per cluster (standard deviation = 562.5). The cluster with the highest sequence
count of 1,379 corresponded to strainStdphylococcus aureug/e observed mean
clusteredsequence length of 1489.6 bassrs (bp; standard deviation = 65.8) overall.

The final 16S rRNA gene sequences were used to build a multiple sequence
alignment (MSA) using ssalign (v0.1.1;http://eddylab.org/software/ssalign/) against
the bacteria alignment model. Note that although the majority of the reference 16S rRNA
gene sequences correspond to bacteria, there are archaeal sequencefoaw/iieh,
the bacteria ssalign alignment model is likely less appropriate. Ongak masking of
this output MSA was performedgumaskoptions:--pf 0.001--pt 0). The custom Python
scriptderep_fasta.pyas used to identify sequences in this alignment after this masking
step. A phylogenetic tree was built from this MSA with RAxMd (Kozlov et al. 2019)
(v0.6.0) using th& TR+Gmodel. The custom Python script
mean_16S_function_countsygs used to calculate the mean gene family abundances
for all sequences within a cluster. These values wererthenled to the nearest integer.
The full NCBI taxonomic lineage of all 16S rRNA gene clusters was called by the
taxizedb R packagénitps://github.com/ropensci/taxizédlsing the species name
providad by the IMG FASTA metadata. Gene family trait depths were calculated using
the castor R package functiget_trait_depthwith default settings, which is based on the
consenTRAIT metri¢gMartiny et al. 2013)

2.24 - Amplicon Dataset Processing

As described in the main text, we analyzed the following datasets:
1. 57 stool samples from Cameroonian individyMerton et al. 2015; Lokmer et
al. 2019)
2. 91 stool samples from Indian individudBhakan et al. 2019)
3. 137samples from different body sites, but primarily stool (part of the Human
Microbiome ProjectHuttenhower et al. 2012HMP])
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77 nonhuman primate stool sampl@smato et al. 2019)
Eight mammalian stool samplésinlaysonTrick et al. 2017)

Six ocean sample&illies et al. 2015)

N oo g A

22 bulk soil and blueberry rhizosphere samp€éargel et al. 2019)

An in-depth comparison of the technologies and sequencing depths for each of the seven
16S rRNA gene validation datasets is showmable4.2. The processing pipelines and
filtering criteria differed for each dataset due to technical differences between them. The
key difference was that DADAEallahan et al. 2016&jas run for the HMP dataset

because ils was Roche 454 sequence data. De[#umir et al. 2017)was run on all other
validation datasets since they were lllumina sequence Talde@.2).

The HMP reads were filtered using DADA2 (v1.6.0) options. Denoising these
sequences with DADAZ2 resulted in 1,865 ASVs after discarding ASVs with a minimum
frequency of 10 and discarding §&mples with fewer than 2,000 reads. The reverse
complement of these sequences was taken before running the functional prediction
pipelines. The mammalian stool dataset was run using deblur with the default options in
QIIME 2 (Bolyen et al. 2019(v2017.12), which resulted in 3285Vs after discarding
two samples with final read counts less than 3,220. The Cameroonian, Indian, ocean, and
blueberry soil datasets were also proceésgith deblur and no pogtrocessing was done
(besides discarding samples that did not overlap with the MGS data) because all samples
had high depth, which resulted in 4,077, 2,237, 1,148, and 3,333 ASVs for each dataset
respectively. The primate datase¢yiously processed by deblur was acquired through
the QIITA databaséGonzalez et al. 2018)vhich contained 7,452 ASVs after excluding
samples with no MGS data available.

Before running PICRUSt1 on each dataset, ASVs were matched abainst
Greengenes v13_8 OTUs using the VSEARCH comrniiasdarch_globawith an
identity cutoff of 97%. The ASVs were then regrouped to be the best matching
Greengenes OTU to be compatible with the default PICRUSt1 pipeline.

The alternative functional predion tools discussed in this paper were the
following versions (with default reference databases): PICRUSt version 1.1.3, Tax4Fun2
version 1.1.3, PanFP from a specific GitHub commit
(1f49bd1b7341b47d46fa7eaad5d7771044d0efde), Piphillin online interfaé&@&slov.
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2019 athttp://piphillin.secondgenome.cofEGG v88.1) and PAPRICABowman &
Ducklow 2015)version 0.5.2.

We also created several shuffled prediction datasets to help evaluate the
PICRUSt2 predictions. These shuffled datasets were losssiuffling the predicted

genome content and not the relative abundance of the ASVs across samples. This
shuffling was performed on entire predicted genomes, i.e. each ASV was assigned the
genomic content of a randomly sampled ASV (see below). This agfpatlawed us to
assess how randomizing predicted genomic content for ASVs across samples in a dataset
affects the concordance with MGS data. These shuffled datasets also provide a baseline
of the performance expected by chance for the differential aboadatidations. In
other words, they give a baseline of the expected concordance (e.g. precision and recall)
based on differential abundance testing compared to MGS data given the same ASV
relative abundance across samples but shuffled predicted genomes.

More specifically, these datasets were produced by shuffling the ASV ids in each
PICRUSt2 prediction table (i.e. the first column of the PICRUSt2 output prediction
tables). This was performed 10 times for each dataset and then averaged to produce a
single $uffled table per dataset. Shuffled MetaCyc pathway abundances were produced
by running the PICRUSt2 pathway pipeline on the shuffled EC metagenome tables.
These shuffled datasets are referrted to as
and figures

2.2.5- Shotgun Metagenomics Sequencing Validation Dataset Processing

All shotgun metagenomic sequencing (MGS) datasets were processed using the same
pipeline, which is described below. Each dataset was filtered using kneaddata (v0.6.1;
https://bitbucket.org/biobakery/kneaddata/wiki/Hgrteerun (1) Trimmomati¢Bolger et

al. 2014)(v0.36) toexclude lowquality reads with the optior®LIDINGWINDOW:4:20
andMINLEN:50and (2) bowtieZLangmead & Salzberg 2018)2.3.2) to exclude reads

that mapped to the human and PhiX genomes with the optengsensitiveand--

dovetail For the blueberrassociated samples we also mapped reads against the northern
highbush blueberrnMacchnium corymbosungenomgGupta et al. 2015jersion W8520
(downloaded frontttps://www.vaccinium.orgn October 29, 2018) to exclude
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additional contaminant reads. For samples with paretireads the forward and reverse
reads were concatenated into the same file. HUMANN2 was then run to identify the
abundances of annotated UniRef50 gene families in ssaple. The abundances of

gene families were regrouped into other gene family databases as indicated in the text
usinghumann2_regroup_tabl®athway abundances and coverages were produced by
the default HUMANNZ2 mapping files. These steps were parallelidesh possible with
GNU Parallel(Tange 2011§v20170722).

To comparénow different metagenomics processing pipelines can affect the
resulting functional abundance tables, we also ran HUMANN2 directly against the KEGG
v56 database using default options. This pipeline only involved mapping translated reads
against this datalsa (i.e. it skipped the nucleotide alignment step) and results in KO
abundances directly for each sample. This differs from the other pipeline described
above, because in the above case UniRef50 ids were regrouped to KOs based on a
mapping file rather thabased on direct read mappings. These KO abundances are

referred to as the alternat.i-tedanMi8espi pel i n

2.2.6- 16S rRNA GeneMIGS Validation Analyses
The simulation approach to illustrate the issue of high null &meacorrelation

coefficients was based on the following procedure. First, for Mactihe set of integers
that span 1 to 100, two subsetd\ojenomes were sampled randomly from the reference
database. The abundance of each sampled genome was takamigative binomial
distribution family implemented in the R functiampinom with parametersize=10and
prob=0.7, which aimed to simulate the ovelispersed count data frequently encountered
in sequenced data sets. Gene family abundance tables wemthputed for each of the
two subsets of genomes based on the abundance of each genome and the abundances of
gene families within each genome. Spearman correlation coefficients were then computed
between the two gene family tables. This procedure wasaggd 10 times for eadk.

This simulation inspired the use of null distributions in our validation analyses.
We calculated the correlations between the MGS metagenome or gene table and a
synthetic gene table comprised of the mean gene count numberaitretsence
genomes in the database, which i-guttmeef err ed
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maintext. The null Spearman correlation coefficient distributions of pathway abundances
and coverages were similarly based on the reference genomeaypsihverred from the
EC reference database.

For the purposes of comparing functional prediction tools, gene family tables
were filtered to only those gene families present in the databases of all tested functional
prediction tools. Gene families absenaihsamples were retained as zeros and were not
removed. We converted the predictions to binary presence (positive) and absence
(negative) format before calculating precision and recall (any abundance greater than zero
was considered as evidence for pres?. Precision and recall are defined¥ad "Y0
"00 and"YOF "YO "O0, respectively, where TP=number of true positives (i.e.
functions correctly called as present), FP=number of false positives, TN=number of true
negatives, an8N=number of false negatives. The F1 score is the harmonic mean of
precision and recall: 2 * ((precision * recall) / (precision + recall)).

We also conducted differential abundance tests to compare how results differ
between predicted metagenomes and abli@&S data. To conduct these analyses, we
subset four of the validation datasets into sample groupings appropriate for pairwise
testing. The other datasets were excluded because they resulted in no significant results
based on the MGS data after restrigtthe data to appropriate sample groupings. The
comparisons were:

1. Stool samples from 1Bntamoebgpositive vs 3@Entamoebanegative

Cameroonian individuals

2. 22 supragingival plague vs 36 tongue dorsum samples from the Human

Microbiome Project (i.e. samplé®m two different oral body sites).

3. Stool samples of 51 individuals from Bhopal, India vs 38 individuals from Kerala,

India

4. Stool samples of 29 old world monkeys vs 29 new world monkeys

In the maintext the differential abundance results are focused dcowin tests on

relative abundance values for the KOs (after normalizing function abundances by the
median number of universal singtepy genes per samplglanor & Borenstein 2015%)

The pathway differential abundance results are also based on Wilcoxon tests, but on the

relative abundance of pathways instead.
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As a comparison point we also ran ALDE¥2rnandes et al. 2014)ilcoxon
test with 128 Monte Carlo samples) and DESgaRe et al. 2014)0 see how these
choices affetcthe resulting significant functions. DESeq2 was run twice on each dataset:
once with default options and separately with options specifically recommended for
microbiome data. In the latter case, these options included first calculating the geometric
meas of the data to estimate size factors a
second method is referred to as ANADESeq2 GM
for differential prevalence of functions based on the presence and absence of$uncti
with Fishero6s exact tests.

ALDEX2 is a general method for compositional data analysis thatudgichlet
multinomial model to infer sampling and biological variation. The significance reported
by this tool is based on Wilcoxon tests after abundaaesstimated from the count
data. DESeq2 is also a compositional data analysis method for read counts, based on the
negative binomial distribution. Lastly, th
prevalence rather than abundance. In this chedgests were focused on the counts of
how many samples were positive (i.e. had the specific function) compared to those that
were negative in each group based on the binary presence/absence of functions.

ALDEX2 and DESeq2 require count tables as inputclvhequired the prediction
tables to be rounded. Tax4Fun2 and PanFP were excluded from these analyses, because
they do not output predictions in a format that corresponds to the original ASV relative
abundances (i.e. the output tables cannot be mearingiuhded). In all cases
significant functions were identified based on Benjarhlochberg corrected-Palues <
0.05.

2.2.7- Additional Notes on Statistical Analyses

No tests for statistical power were conducted to determine sample sizes for thignstudy.

the boxplots throughout this paper the centre line corresponds to the median and the

|l ower and upper hinges (i.e."atdi%® edges of
percentiles, respectively. The boxplot whiskers extend to the most extreme values no
further than 1.5 multiplied by the intquartile range in each direction. The points

overlaid on the boxplots correspond to each individual sample unless otherwise stated.
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2.37 Methods for Chapter 4 Supplementary Results
This section describes the methods relevant to the supplementary results published as
additional online available with the letter presented in Chapter 4. In addition, the methods
for the additional, unpublished analypigesented in Chapter 4 are also described below
in Section 2.3.4.

2.3.1- Inflammatory Bowel Disease Data Processing and Analyses

We ran PICRUSt2 on a dataset of ileal biopsies from an inflammatory bowel disease

(IBD) cohort to highlight how metagenonmdeérences can be generated for datasets

where MGS is infeasible. Raw 16S rRNA gene reads and processed human host
transcriptome and metabolome tables were downloadedHitpst//ibdmdb.orgThe 16S

rRNA gene data wasrocessed using deblur and QIIME 2 as described above for the
validation datasets. Only ASVs found in at least two samples and called by at least 10

reads were retained, which resulted in 1,419 final ASVs. The MGS raw reads were

processed using the sameriftow as the validation datasets described above. PICRUSt2

was run with default options except for the optiqrer_sequence_contrilvhich was set

to get pathway abundances within each predicted genome forsp&sific analyses. The
unstratified pathway abundances were then calculated by summing over the pathways
contributed by each ASV within each sample. Only features preserieasaB83% of

samples were retained for all analyses. In addition, any pathways described as
Asuperpat hwayso or fAengineeredo were exclu
(Fernandes et al. 201@4)1.12.0) was rumvith default options to identify features at

di fferenti al relative abundance between Cr
pathways independently.

Partial Spearman correlations between predicted pathway abundances and both
the metabolomic antlanscriptome data was conducted with the R package ppcor (v1.1).
Subject consent age was controlled for when calculating the partial correlations. Before
calculating these correlations, pathway abundance data was first transformed by the

arcsine squareoot transformation, and the metabolomic and transcriptomic datasets were
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transformed by logafter adding a pseudocountaie Metabolites were limited to those

with nonempty compound names and the gene expression data was limited to 11 genes
known to bebiomarkers of CBassociated ileal inflammatiqilaberman et al. 2014)

DUOXA2, MMP3, AQPY9, IL8 DUOX2, APOA1, NATS8, AGXT2, CUBN, FAM151A,

and NOD?2. Because several of these genes are highly correlated, we removed redundant
genes based on hierarchical clustering of the complement of Spearman correlation
coefficients between all genes. Six clear clissté genes were then identified and the
following six representative genes for each cluster were retained for further analyses (the
other genes in each cluster are indicated in parentheses): DUOX2 (DUOXA2), MMP3,
AQP9 (IL8), APOAL, NAT8 (AGXT2, CUBN, FAM&1A), and NOD?2.

2.3.2- 18S rRNA Gene and ITS Database Processing
A total of 574 publicly available fungi genomes were downloaded from the 1000 Fungal
Genomes Databasbt{p://1000.fungalgenomes.grgn November 16, 2018. The 18S
rRNA genes were annotated using barrnap (de@

https://github.com/tseemann/barriagnd 18S rRNA genes were parsed from the
genomes using the custom Python saflA_from gff3.py ITS sequences were
identified and parsed from all genomes using I{BengtssorPalme et al. 2013)
(v1.0.11) using the-only_full Tandi heuristicsoptions. Sequence length affs for the
18S rRNA genes and ITS sequences were30%6 bp and 148,570 bp, respéwely.
BUSCO(Siméo et al. 2015)3.0.2) was run to identify incomplete and contaminated
genomes with th&ungi_odb9database. Only the genomes with a congpless of at least
70%, and a duplicated metric (which is based on the copy number ofsopyl@enes)
of at maximum 10% were retained. After restricting genomes to those that passed these
guality cutoffs that also had at least one passing ampliconmethere were 229
genomes in the 18S rRNA gene database and 201 genomes in the ITS database.

The 18S rRNA gene and ITS sequences were then dereplicated using the same
approach as used for the 16S rRNA genes. The 18S rRNA gene MSA was built using the
ssualign pipelineas for the prokaryotic databa@esing theesukaryaalignment model)
whereas the ITS MSA was built using MAFEatoh et al. 2002(v7.407) with thei
genafpairandi maxiterate 100@ptions. Phylogenetic trees for both MSAs were built
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with RAXML-ng (v0.8.0) as for the prokaryotic database except a guide tree enforcing a
taxonomic topology was also used. EC number copy numbegepeme were

downloaded for these genomes also from the 1000 Fungal Genomes Database. Mean EC
number abundances were calculated for dereplicated amplicon sequences using the same

approach implemented for the prokaryotic databases.

2.3.3- 18S rRNA Gene anlI'S Amplicon Data Processing

The blueberry soil 18S rRNA gene data was processed the same as the blueberry soil 16S

rRNA gene data except the output ASVs were restricted to those classified as fungi. This
resulted in a total of 1,048 ASVs and a minimumgke depth of 1,981 reads. A total of
3,691 ASVs and a minimum depth of 2,091 ASVs was produced wiraemmang this

pipeline with all bluebernassociated 18S rRNA gene samples (i.e. including blueberry
root and soil samples with no matching MGS datag Ripackage rfPermute (v2.1.6)

was run with 501 trees, 1,000 replicates, and the defdanftsetting to identify

significantly different predicted pathways between the three environments based on
PICRUSTt2 predictions run on this full bluebeagsociatediataset. Previously clustered

ITS sequences and a processed abundance table were acquired for the wine fermentation
datase(Sternes et al. 201.7These files were used because no raw ITS reads could be
located for this dataset. When comparingséhamplicon datasets with the corresponding
shotgun metagenomics data, the percent of eukaryotic DNA in the MGS data was
identified with MetaxaZBengtssorPalme et al. 2015y2.2), which parses rRNA genes

from the raw reads.

2.3.47 Evaluating the Contribution of Individual Updates to PICRUSt2 Performance
The validation 16S rRNA gene datasets werurewith PICRUSt2 v1.1:® with a
range of input files and parameter settings. This was done to betteareoting relative

contributions of the individual updates to the increased performance observed for
PICRUSt2. To perform these analyses, the orighf@RUSH. reference files (the
abundance tables of KOs and 16S copy numbers across IMG genomes) weredormatt
for PICRUSt2. In addition, the Greengenes 13_5 phylogenetic tree and rrsitiplence

alignment for all corresponding Greengenes OTUs to these IMG genomes were prepared
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for input. Last, we created trees with FastT(ece et al. 2010fpr all validation

datasets that included both query and reference sequences as tips. These trees were
computed based on MAFHKatoh et al. 2002alignments of all 16S sequences per
dataset. This workflow was performed with QIIME 2 v2020.2 commands.

2.4- Methods for Chapter 5
2.4.1- POMS Framework

The standard Phylogenetic Organization of Metagenome Signals (POMS) workflow starts

by preprocessing three input files: (1) a tabldgafon abundances, (2) a tree of the taxa
in this table, and (3) a table of the gene copy numbers in the genome of dageo
taxa. Two separate groupings of samples must also be specified. Currently enly two
group comparisons can be performed by default. Rare gene families are first excluded,
which by default includes functions that occur across fewer than 10 taxa kasd/dran
0.1% of taxa. If an unrootddeeis input, it is rooted using midpoint rooting. Last, nodes
in the input tree with sufficient underlying taxa are then identifByddefault his
includes nodes with at least ten underlying taxa on the leftigimehand sides.

Balances at each passing node are then calculated for all samples (see Isometric
Log-Ratio section below). By default, the POMS pipeline tests for nodes with
significantly different balances between sample groupings based on Wilcoto hés
testing isalsoconservativdy default only nodes wittBenjaminiYekutieli corrected P
values (BY) < 0.05 are identified as significantly different. This multiple correction
approach was chosen because it better caritnofalse positives in the presence of
dependencies between variables compared with standard méeogsmini &
Yekutieli 2001) However, users can specify the significaogeoff and multipletest
correction approach to use for specific applicatidime taxonomic breakdown of taxa on
each side of a significant node can be parsed out based on the lowest possible taxonomic
grouping shared by at least 75% of taxa.

Although ths overall testing approach is effective, a major advantage of
converting relative abundances to phylogenetic balances is that the resulting balances are
orthonormal and can be used with a wide range of statistical approaches. Accordingly, the

user can atsuse an alternative statistical approach to the Wilcoxon test and simply
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identify the significant nodes for POMS to use instead. This capability is especially
useful for cases where controlling for confounding variables is required when testing for
differences in balances.

Enriched gene families are then identified within taxonomic lineages on one side
of each tested node compared with the other. In the main text we predominately focus on
KOs, but POMS is agnostic to the functional ontology used. Iniaddthis is performed
for all tested nodes and not only for those that are significant. This is crucial, because it
enables a pseuduull distribution to be generated based on different subsets of
significant nodes (see below). In addition, the numbenothments for each gene
family at nonsignificant nodes is also provided to the user to provide context on how
commonly this function varies across lineages. These enrichment tests are performed
with Fisher 6s exactvaltee<sOBsare takenasbhgofffdref aul t
enrichment (although this can bleangedy the user).

This functional enrichment information is then combined with the significant
nodes to determine the direction of functional enrichment. In other words, POMS will
determinewhich group has relatively higher levels of the taxa (based on the balances at
that node) that are enriched for the function. In the main text we refer to this as being
positive or negative when the enrichment is in the direction of case and contnalgpatie
respectively.

Finally, the key output by POMS is a table that summarizes the number of nodes
that are positively or negatilyeenriched for each gene family from the perspective of the
first sample group specified. Optionally additional informatian also be provided to
the user, such as the mean internode distances of all nodes that are either positively or
negatively enriched for each function. This information is provided to enable further
exploratory analyses.

Significantly enriched gene fanels can be identified based on a psendib
distribution approach (see below). Whether based on this approach or simply hard cut
offs to identify outliers, enriched pathways can be identified based on a set of gene
families of i nt etese Bhistestcomparedtienumbarsgad e x a c t
proportion) of gene families within the set of significant genes to all genes in the

background.
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2.4.2- POMS Dependencies
POMS is written in RR Core Team 2013nd is dependent on the following R packages

(versions used in this manuscript are intBdabut these exact versions are not required):
ape v5.3Paradis et al. 2004parallel v3.6.0, phangorn v2.5Schliep 2011)and stringr
v1.4.0(Wickham 2019)Rv3.6.0 and RStudio v1.2.5033 were usedésting and
developing this tool, which was on a server running Ubuntu v16.04.5.

Several additional R packages are required to follow the current analysis
workflow after running POMS (again the versions indicated were used for this paper, but
are not requed versions): ggtree v1.16(Yu et al. 2017; Yu 2020pgplot2 v3.3.0
(Wickham 2016)plyr v1.8.4(Wickham 2011)and reshape2 v1.4(®/ickham 2007)

All multi-panel plots displayed were createdivihe cowplot (v1.0.0) R package/ilke
2019)

2.4.3- Isometric LogRatio

Phylogenetic balances in POMS are calculated based on the isometatdogf taxa on
one side of the node compared to the ofNarton et al. 2017; Silverman et al. 2017)
The balance for a sampléereodei is calculated based on this equation:
€ € .. Qw
C

) ) — | 16
& & [o18)

Where¢ and¢ correspond to the number of taxa on the right anehifid side of the
node. Similarly;Qw and™Qw correspond to the geometric mean of the relative
abundances of taxa on the left and rgand side of the node. Note that the choice of
which lineage is considered the left or rigi@ind side of a given node is arbitrary. The
ratio of geometric means tise key component of this approach that converts microbiome
relative abundance data to ratios. The fraction including the numbers of taxa on each of a
node is included simply to scale the balance to give it unit length (i.e. to make the
balances comparabtkespite varying numbers of taxa at each node).

The geometric mean of the relative abundance of a set of taxa (e.g. on-the left

hand side) is calculated based on the below equation:

69



Qw w Www 8 w

2.4.4- PseudeNull Distribution
To identify significantly enriched nodes, we employed a psewdiadistribution

approach. This method isbasedosra mpl i ng random nodes as th
from the set of all tested nodes. The POMS pipeline then proceeds withetttedality
given for sampled noddased on whichever sample grouping has higher mean balances.
This approach yields the number of nodes that are positively and negatively enriched for
each function for each of 1000 replicates. &aPue can then be @allated for each gene
family based on the proportion of the permutation replicates with absolute enrichment
values (the absolute difference between the number of positively and negatively enriched
nodes) greater or equal to the observed value. Basedsaapitrioach we identified gene
families as significant with a BY < 0.05 in the main text.

Importantly, this approach can result in different sets of significant genes
compared with simply setting a hard -@if for a given absolute enrichment value. This
is because the pseudall distribution is different for each gene family as it depends on
the dispersion and variation in encoding of each function. In other words, a gene family
might be significant based on the pseunddl distribution based on an intermediate
absolute enrichment that would otherwise be difficult to notice by eye.

Werefet o t hi s appr oach -nausl 1goe ndeirsattriinbgu tai ofnp,
think it would be misleading to suggest that it represents a true null distribweaio
not believe it is guaranteed to represent what the pattern of gene enrichments would look
like in the absence of signal between sample groupings. As discussed in the main text,
there are many factors that could result irocourrences between significant nodes and
increased likelihoods of certain nodes being significant over others. Nonettiakess,

approach is a convenient metHod identifying major outliers in the POMS output.
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2.4.5- MetagenomeAssembled GenomBased Simulations

The MAG-based simulations were based on 704 control samplesafiange human
metaanalysis dataséfAlmeida et al. 2019)These simulations proceeded as described in

the Results sectiarFirst, the samples were randomly split into two groupfogsach of

the 500 replicatesThen, for each replicate a random focal gene family was nalgdo

chosen and then within one group all MAGs encoding this gene family underwent a ten

fold increase in relative abundance. These simulated profiles were then input to POMS
and the results are referred toakss the nfo
performed parallel simulations where the relative abundance of random taxa were
randomly inflated by teifiold in one group only. Importantly, the same number of taxa

were perturbed as were affecteceachmatching focal gene simulation replicate. The
resulting output based on these simulated
profiles. Significant gene families were identified conservatively based oncdf @it

BY < 0.0001 with Wilcoxon tests. Default input parameters were used with PIDMS.

addition, all comparisons of summary distributions between the two tests were

themselves compared with Wilcoxon tests. The summary metrics for these tests are

reported in the main text.

2.4.6- Reference GenomBased Simulations

The reference genonrtmsed simulations were based on genomes from the Integrated
Microbial Genomes databa@darkowitz et al. 2012)hat were previously parsed for use
with PICRUSt2(Douglas et al. 2020PergenomeKO annotations were taken from the
default PICRUSt2 database. We created a de novo phylogenetic based on a set of
universal singlecopy genes (USCGs) with GToTree v1.4(Lée & Ponty 2019)This
approach parses out USCGs from genome sequences and wraps several tools to build a
phylogenetic tree. The tool was run with the bacterial hiddarkov model setting and

with FastTree v2.1.1(Price et al. 2010)GToTree also returns estimates of the percent
completeness and redundancy for each genome. We excluded all genomes with
completeness below 95% and/oruadancy above 5%. We then randomly sampled 3000

of the remaining higiyuality genomes for the subsequent analyses.
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We next simulated random abundances of these genomes across 1000 samples
based on the zeiiaflated betadistribution implemented in the rBH& function of the
gamlss.dist v5.1.7 R packaffetasinopoulos & Rigby 2020%imulations under this
model carbe modified with three key metrics: mu (the mean), nu (the probability of zero
abundance), and sigma (the standard deviation). The selection of these parameters has
drastic effects on the resulting abundance profAesordingly, we chose parameter
valuesfor mu and nu to represent a range of genome abundances across samples. The
sigma parameter was set to 1 in all cases. Specifically, we generated abundance tables
with four parameter settings: mu=0.1 and nu=0.5 (Setting 1); mu=0.1 and nu=0.9 (Setting
2); mu=0.1 and nu=0.99 (Setting 3); and mu=0.01 and nu=0.99 (Setting 4). These tables

are referred to based on each respective setting numberReshés sectian

2.4.71 CaseControl Shotqun Metagenomics Dataset Validations

We focused our validation analys on three datasets that were patti@farge meta
analysis of human shotgun metagenomics datéakteida et al. 2019)These datasets
aredefined based on dataset accession identifiers in the EurbjpesotideArchive.
The largest dataset focused on obese and control individuals (which we refer to as the
primary obesity dataset) that corresponded to data accession ERP002061. The secondary
obesity dataset corresponds to accession ERP003612 and the colorectal carxer data
under accession ERP012177. We used the previously generated MAGs, sample MAG
abundance profiles, and MAG phylogenetic tree as input to POMS after performing pre
processing. Importantly, we excluded MAGs from each sample with mapped read
coverage lowethan 25%.

The alternative differential abundance tools compared in this study were:
Wilcoxon tests based on relative abundances, ALDEx2 v1(Eémdandes et al. 2014)
and LimmaVoom v3.40.6Law et al. 2014)Venn diagrams comparing the number of
overlapping significangene families identified by these approaches were created with
ggVennDiagram v0.8Gao 2019)
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2.4.8- Code Availability

The code for all analyses presented in this manuscript is available at:

https://github.com/gavinmdouglas/POMS _manuscrifiie source cod®f POMS is
available athttps://github.com/gavinmdouglas/POMS
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Chapter 3 - Multi -omics Differentially Classify Disease State and Treatment
Outcome in PediatricCr ohnds Di sease
This chapter is a close reproduction of the paper of the same name published in the
journal Microbiomeg(Douglas et al. 2018) was cefirst authoron thiswork with Dr.
Richard Hansen, a clinician in the department of Paediatric Gastroenterology at the Royal
Hospital for Children in Glasgow,ited KingdomDr. Hanserdesigned the project,
recruited all participants, collected raw data from patients, contributed to reviewing
treatment response, and performed all DNA extractioanducted all analyses and
wrote the paper.
The additional authors on this papeere Casey M. A. Jones, Katherine A.
Dunn, André M. Comeau, Joseph P. Bielawski, Rachel Tayler, Em&d ®mar,
Richard K. Russell, Georgina L. Hold, Morgan G. I. Langille, and Johan Van Limbergen.
This paper was published under a Creative Commons Cl{iz8nse, which
allows unrestricted use with attribution (see AppefidBopyright Permissions). All
additional files referred to in this chapter are freely available as part of the publication on
the Microbiome journal website. The original author fugdstatements, author
contributions breakdown, and acknowledgements are also available in the original

publication.

3.17 Abstract

Crohn's disease (CD) has an unclear etiology, but there is growing evidence of a direct
link with a dysbiotic microbiome. M# gut microbes have previously been associated
with CD, but these have mainly been confounded with patients’ ongoing treatments.
Additionally, most analyses of CD patients' microbiomes have focused on microbes in
stool samples, which yield different inkig than profiling biopsy samples.

We sequenced the 16S rRNA gene (16S) and carried out shotgun metagenomics
(MGS) from the intestinal biopsies of 20 treatmeaive CD and 20 control pediatric
patients. We identified the abundances of microbial taxardaded functional
categories within each dataset. We also identified known human genetic variants from the

MGS data. We then used a machine learning approach to determine the classification
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accuracy when these datasets, collapsed to different hierargtoagings, were used
independently to classify patients by disease state and by CD patients' response to
treatment. We found that 16&entified microbes could classify patients with higher
accuracy in both cases. Based on follgps with these patientaie identified which
microbes and functions were best for predicting disease state and response to treatment,
including several previously identified markers. By combining the top features from all
significant models into a single model, we could compageadhative importance of these
predictive features. We found that t@fentified microbes are the best predictors of CD
state whereas MGHentified markers perform best for classifying treatment response.
We demonstrate for the first time that useful preats of CD treatment response
can be produced from shotgun MGS sequencing of biopsy samples despite the
complications related to large proportions of host DNA. The top predictive features that
we identified in this study could be useful for building mxproved classifier for CD and
treatment response based on sufferers' microbiome in the future. The BISCUIT project is
funded by a Clinical Academic Fellowship from the Chief Scientist Office (Scotland)
CAF/08/01.

3.2- Background

Crohnods di srefasmmeatoly 6dwel disease (8BD) classically characterized
by abdominal pain, rectal bleeding and weight loss. Recurring flares of IBD cause
lifelong, farreaching consequences for patients that can affect lifestyle and overall health
(Cleynen et al. 2016; Neovius et al. 2013D differs from the other form of IBD
ulcerative colitis- in that CD can affect any part of the gastrointestinal tract, can be
discontinuous, and can involve granulomatous inflammd@dm 2008) There is a
growing need to understand the etiology of CD due to the worldwide increase in annual
incidence(Molodecky et al. 2012)particularly in childref{Henderson teal. 2012)

Although the etiology of CD is uncleénanthakrishnan 2015)here is growing
evidence for the dysbiosis hypothesis. This model postulates thétt ia she balance
bet ween commensal and pathogenic intestina
immune system contributes to CD onset. In support of this model;daade differences
in bacterial abundances have long been associated wi{s€k3ik et al. 2003)r'he most
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reproducible finding has bee& decrease in alpladversity in CD patients compared to
controls(Gevers et al. 2014; Hansen et al. 2012; Pascal et al..ZBdvgral particular
changes in taxonomic abundances Haesen linked to this dysbiotic state, for instance
Firmicutes tend to be at lower proportion and Gammaproteobacteria at higher proportion
in CD patient{Sokol & Seksik 2010)Most taxonomic profiles of CD patients have been
based on stool samples, which yield drasticdilfferent insights into CD pathogenesis
when compared with mucosal washing of the muehsainal interface (MLI) and
intestinal biopsy samplé&evers et al. 2014)rrespective of body site, it is unclear
whether these shifts in microbiota are a cause or a symptom of the disease. However,
there is reason to beliexhat the microbiome contributes to CD etiology due to several
observations. Firstly, children that are exposed to antibiotics in the first year of life are
more likely to develop IBO¥Shaw et al. 201Q)which could be related to acquiring a
dysbiotic state. Also, many CD risk loci are linkedoattern recognition receptors

(PRRs) and cytokines that regulate the host immune sydef@overn et al. 2015)

PRRs generate responses against pathogenic bacteria while identifying
commensal bacteria within the human microbiome. Thekeswvn example of a PRR
linked to CD is the nucleotidieinding oligomerization domain containing2@D?2)
gene that codes for an intracellular PRR. Loss of function mutations in the gene lead to
increased inflammation due to impaired clearance of intestinal bacteria that are harmful
to the gut(De Souza & Fiocchi 2016Pespite these reproducible links to CD, risk
mutations account for <14% of dase variance across patielsstins et al. 2012)
However, the concordance rate of CD between monozygotic twins ranges #s0fa20
which is higher than several other complex diseéddsne et al. 2006)Nonetheless,
risk loci alone do not explain CD onset and the relative importance of the microbiome in
the onset of this disease is not well understood.

Here, we compare the relative importance of genetic risk loci and microbiota
identified from intestinal biopsy samples for classifying treatanaiite pediatric patients
by disease state. We also demonstraee that
classified by microbial features with high accuracy. Taxonomic and functional profiles

discussed in this study are based on both 16S sequencing and MGS sequencing of the
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same intestinal biopsy samples. To our knowledge, this is the first report airsihb@S

of CD intestinal biopsy samples.

3.3- Results
331-ldentifvying Crohndéds Disease Rel ated SNP

Intestinal Biopsy Samples

To investigate which microbial and genetic features best classify pediatric CD patients by
disease state and treatment response, we sequenced the intestinal microbiomes of 20 CD
and 20 normal colon controls prior to any treatments. Both MGS and 16S saguenc

were performed on the same biopsy samples. Much of the MGS data was comprised of
human DNA (90%), which was separated from the microbial DNA and used to call

human genotypes. We combined the human genotypes at 133 known CD risk loci with
known oddsratios and allele frequencies to calculate a genetic risk ¢doséins et al.
2013)(GRS) per sample. We then used the remaining microbial MGS reads, a mean of
10.7 million paireeend (PE) reads per sample, td ddl5 independent taxa (summarized

at the class level iRigure3.1).
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Figure 3.1: Stacked barchart showing percentages of classes across metagenomic

samples Note the presence of archaea and viruses, which are absent in the 16S data.
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Also, note the high prevalence of viral DNA in several samples. étaglata groupings

of these samples are indicated at the bottom.

All microbial MGS reads were also used to identify the relative abundances of Kyoto
Encyclopedia of Genes and Genorti¢anehisa & Goto 200QKEGG) orthdogs,

pathways, and modules within each sample. Similarly, after filtering the 16S amplicon
reads, we retained an average of 13,815 stitched reads per sample. We performed open
reference clustering to call 984 operational taxonomic units (OTUs; summatittes

class level irFigure3.2).

100 1 e e e e -
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M k__Bacteria.p__Actinobacteria.c__Coriobacteriia
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Figure 3.2: Stacked barchart showing percentages of classssoss 16S rRNA gene
sequencing sample€olours were chosen to help with discerning different taxa;
however, several taxa have the same the colour so the taxa ordering should be
considered when interpreting this figure. The metadata groupings of thepéesaare

indicated at the bottom.

Overall the relative abundances of MGS and-i&itified genera were similar within
t he same biopsy s ahp.blestandarddedation-HAE.Sincema n 6 s
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sequencing read counts are a form of compositiorial dee tested whether a centered

log-ratio transform of the noerarified read countéGloor et al. 2016yvould result in

improved model performance compared to rarefaction of all samples. Although the
compositionabased métods performed slightly better for some feature tables, in the

majority of cases this transformation resulted in less accurate classification of patients
(Figure3.3) and so we focused on the rarified datasets for our analyses. We used these

OTUs to infer the relative abundances of KEGG orthologs and pathways within each

sample (seddditional File 2for sample sequencing coverage and metadata). Two of the

CD patientsd microbi al profiles were disca
depth. These different datasets are outlindeignre3.4 (seeTable3.1 for sample

details).

A B
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0.7 0.75

Workflow Workflow
. MCLR . HMCLR
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) I i I I I
0.00 0.00

DTU Sp lely Dd Class thlm OTU Sp e'rms Fmﬂy Od C\ss F'hy\m
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o
@

3
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@

Figure 3.3: Comparison of taxonomic dataset accuracies either transformed by
centered logratio or rarified. The accuracies of random forest models trained on
taxonomic datasets for each taxonomic level to classify patients by ¢aseiand (B)

treatment response are shown.

We then replicated two welnown predictors of CD: increased GR3eynen et al.
2016)and a reduction in microbial alpkiaversity as proof of principle. We chose the
simplest measure of alplaversity: the observed numbef OTUs per sample (# OTUS).
Both GRS (ondailed MannWhitney-Wilcoxon [M-W-W] test, W=288, P=0.00837) and
# OTUs (onetailed M-W-W test, W=261.5, P=0.00894) significantly differed between
patients based on disease state in the expected dire@uhitdnal file 1;Figure3.5).
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To make these known predictors comparable to classification accuracies using datasets
containing multiple features, we used an analogous method to calculate accuracy.
Importantly, these matrs produced only marginal accuracies when used to classify
patients by disease state (GRS: 62.5%; # OTUs: 71.1%).

Legend Biopsy samples: 20 Crohn's disease
_ and 20 normal colon controls
Shotgun ]
. 16S sequencing
16S datasets metagenomic (n=38)
sequencing
(n=40)

Identify variants in human
“contaminant” DNA SN S S—

number from 16S

oTu
Count 1 l Infer functions
of OTUs

Alpha |- KEGG pathways I
il KEGG orthologs

Figure 3.4: Diagram of the different datasets used for classification in this study

Datasets in orange were derived from the shotgun metagenomic sequencing (MGS) data
(n=40) and the datasets in blue were derived from the 16S rRNA gene (16S) sequencing

data (n=38*). These datasets were used to classify both disease state and treatment
response as input to random forest machine |
samples were removed from both the 16S sequencing and MGS datasets due to low
sequencing coverage, but their genetic profile was inferred from the MGS.
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Table 3.1: Demographic and phenotypic characteristics of pediatric patiemtgh

Crohnos
BISCUIT study.

di sease (highlighted
]85 Sex Age BiopsySite IBDDiagnosis
51 Male 14.4 Rectum MNormal colen cantrol
52 | Female 12.0 | 4 Sigmoid, 2 Caecum | Normal colon control
53 Mlale 11,9 Sigmoid Mormal colen control
54 Male 15.3 Rectum Mormal colon control
55 | Female 13.1 Caecum Mormal colon control
56 Male 15.0 | 4 Sigmoid, 2 Caecum | Normal colon control
57 Male 14.0 Sigmuoid Mormal colon cantrol
S8 | Female BB Sigmuoid Marmal colon control
59 Male 13.7 Rectum Mormal colen control
510 Male 14.8 Sigmoid Mormal colon control
£11 Male 153 Slpmoid Mermal colon control
512 | Female 2.6 Sigmoid Mormal colen control
513 fale 14.4 Sigmoid Mormal colon control
514 hale 11.7 Recturm Marmal colen cantrol
515 | Male 15.4 Sigmuoid Mormal colon cantraol
516 hale 7.6 Rectum Mormal colon control
517 hale 11.5 SiErnniu:l Mormal colon cantrol
518 | Female 14.2 | 4 Sigmoid, 2 Caecum | Mormal colon control
519 Male 10.7 5 Sigmoid, 2 Caecum | Mormal colon contral
520 Male 13.4 SiErnuil;I Mormal colon control
521 | Male 12.9 Sigmoid Crohn's disease
522 | Female 2.0 S[Ern::nid Crohn's disease
523 | Male 10.8 Sigmoid Crohn's disease
524 | Male 16.3 Sigmoid Crohn's disease
525 | Female 10,2 Recturm Crohn's disease
526 | Male 14.5 Sigmoid Crohn's disease
527 hale 11.8 Sigmoid Crohn's disease
528 | Female 11.9 Descendlng Crohn's disease
529 | Male 15.2 Sigmoid Crohn's disease
530 Male 12.2 Sigmoid Crohn's disease
531 | Male 14.8 Sigmoid Crohn's disease
532 | Female 12.5 Descending Crohn's disease
533 fale 14.2 Rectum Crohn's disease
534 | Male 15.0 Cagcum Crohn's disease
535 | Male 7.6 Descending Crohn's disease
536 | Female 11.4 Slgrnaid Crohn's disease
537 | Male 14,2 Sigmoid Crohn's disease
538 | Male 14.1 Caecum Crohn's disease
539 [ Male 11.2 Rectum Crohn's disease
540 | Male 15.5 Rectum Crohn's disease
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Figure 3.5: Boxplots of (A) genetic risk scores on a natural log scale and (B) the

number of observed OTUsvhich is a measure of alpliversity. Samples are shown as

black points. Redotted lines correspond to the best-offs to distinguish the classes.

There are 20 control and 18 Crohnos- di seas
WhitneyWilcoxon test were used to compare these groups since it isganametric

test whose maiassumption is only that the dap@ints be independently distributed.

3.3.2- Classifying Samples by Disease State

We next investigated how well microbial datasets classify CD disease state. MGS and
16S taxonomic datasets included strain and @8ugl rdative abundances respectively

and were also collapsed at each level from species to phifigor€3.4). Functional

datasets included KEGG ortholog gathway counts for both sequencing technologies,
as well as KEGG modules for MGS samples. In total, 19 datasets were entered as
classifiers for disease state after standardization (each-ceesered and scaled by the
standard deviation for each sampl&)e ran independent random forest (RF) models to
determine each dat asRKEguré36A;sdefdditonalfFle§at i on ac
Each of the 16S xnomic datasets, except for the OTU level, could classify patients by
disease state with high accuracy (maximum accuracy of 84.2% and P < 0.001 based on
genus level). The MGS strain, genus, family, and phylum taxonomic datasets also
classified patients,ut with lower accuracy than the 16S datasets (maximum accuracy of
68.4% and P=0.016 based on strain level). The predicted KO abundances based on the
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16S data and the MGilentified KEGG modules both significantly classified patients as

well (accuracies 088.4% and 65.8% respectively).

#0Tus I #0TUs I

oty I oTu I
Species [ - Species I

Genus | Genus I

Family I - Family I -

Order I - Order I

Class I - Class (I -
Phylum | Phylum

KO I KO I
Pathway I Pathway I

GRS [ - GRS (I

Strain [ - e Strain [ M s
Species [ M Species [

Genus [ - g vies Genus [ - I vas
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Order Order ]|
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Disease State Classification Accuracy Treatment Response Classification Accuracy

Figure 3.6: Classification accuracies for all datasets classifying (A) disease state and
(B) treatment responseEach bar corresponds to a different model. Accuracies are based
on random forest (RF) leaxaeout crossvalidation (LOOCYV) in all cases, except for
number of observed OTUs (# OTUs) and genetic risk scores (GRS) which are based on
LOOCYV of simple lineacut-off models. The symbols *, **, and *** indicate significance

at P <0.05, P <0.01, and P < 0.001, respectively. RF model significances were based
on a permutation test.-#alues for # OTUs and GRS are based ontailed Mann
WhitneyWilcoxon Tests.

One advantage of RF models is that they output variable importance metrics for each
feature used in a model. We considered each RF model to be an omnibus test for each
dataset, which enabled us to look at the ranking of variable importance in significan
models to identify important features (sedditional File 4. Based on these metrics, the
three most informative 16S genera wBesulfovibrio, AkkermansjandButyricimonas
(Figure3.7), whereas the top MGS genera wAlsstipes, OscillibacterandDorea

These top genera could differ since both top 16S genera were close to the detection limit
threshold of the MGS data: thesere only identified in a small number of samples

(Figure3.8). NonethelessAkkermansiavas ranked %in the MGS genus model despite
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being missed in several samplébe top features in the MGS strain model were strains

of Alistipes putredinisClostridium symbiosunandFaecalibacterium prausnitziirhe
16Sinferred KOs and the MGS modules were the only functional datasets that
significantly classified samples by dase state (Accuracy=68.4%, P=0.043 and
Accuracy=65.8%, P=0.03, respectively). The three top 16S KOs were (1) KO3785, which
is involved in amino acid biosynthesis, (2) K09013, atBFauster assembly AFP

binding protein, and (3) KO3809, a tryptophan repoedinding protein. The three top

MGS modules were (1) M00144, NADH: quinone oxidoreductase, (2) M00362,
nucleotide sugar biosynthesis, and (3) M00239, peptides/nickel transport system.
Importantly, the datasets collapsed to different taxonomic and dmattievels were not
independent from each other, which is reflected by the fact that the top features in each
taxonomic dataset tended to be part of the same lineage (e.g. the ranks above

Desulfovibrioand Akkermansiavere also top hits).
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Figure 3.7: Genera identified through 16S rRNA gene sequencing ranked by their
importance for classifying disease stateeatures that significantly differed (raw P <
Cr o leaitlly solod ¢orstrel pagients jased gn a-awo d

tailed MannWhitneyWilcoxon are indicated in red (if more abundant in CD patients) or

0.

blue (if lower in CD patientsfeatures that did not differ between the two classes are

05)
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Figure 3.8 Boxplots of the natural log relative abundance of the genera (A)

Desulfovibrio and (B) Akkermansia for both sequencing technologie$hese two

genera had the highest variable importance in the most accurate disease classification
random forest based on 16S rRNA gene seqgue
are indicated by black points and healthy colon controls (CN) are indiest&¢chite

points. A pseudocount of 1 was added to ea
of 0 cannot be taken. Note tHaésulfovibriowas absent in all metagenomic samples.

3.3.3- Classifying Samples by Treatment Response

Next, we used these sartt9 microbial datasets, after excluding normal colon control
patients, to classify the CD patients as responders (RS) angsmonders (NR) to
induction of remission treatments, started at the time of diagri6igisr€3.6B; see
Additional File 3. Clinical CD phenotypes were heterogeneous, but all included active
colonic disease at the sampled location. Treatments were similadgmgstent across

all patients, reflecting heterogeneity of phenotype, but instead were different
combinations of exclusive enteral nutrition (EEN) therapy and immunosuppressive
medi cations, as -woarchddéePbeseaat mpiEENr3ehl paf
were on Prednisolone and EEN therapy, 4 were on Mesalazine alone, and 2 were on
Prednisolone alone, as decided by their gastroenterologist at the time of diagnosis.
Sustained response or n@sponse was defined as need for a second inductibmwit

150 days of diagnosis or ndtgble3.2). After classifying CD patients based on their
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response to induction treatment, 16S genera were agairptdatset (accuracy=77.8%;
P=0.008). However, the MGS strain (P=0.029), genus (P=0.013), and KEGG pathway
(P=0.018) datasets could also classify patients with only slightly lower accuracy
(Accuracy=72.2% for all three). We also found that algikarsity and GRS did not
significantly differ between RS and NR patierfEgy(re3.9).
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Figure 3.9: Boxplots of (A) natural log genetic risk scores (GRS) and (B) number of
observed OTUs (# OTUs) based on Crohndés di
Both metrics did not significantly differ between ffesponders andesponders based

on onetailed ManrWhitneyWilcoxon tests (GRS: W=42, P=0.736; # OTUs: W=47,

P=0.282). Onetailed tests were conducted based on the hypothesis that responders

would have lower GRS and increased # OTUSs.

Table 3.2: Phenotypic characteristics and treatments of children with Crohn's disease
from the BISCUIT study Nonresponders to treatment are the red rows while

responders to treatment are the white rows. The EEN treatment was Modulen.
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ID | Granulod Paris at Diagnosis Primary Secondary Time Maximum
matous Induction within from Maintenance
150 days Diagnosis Agent(s)

S31| VYes L3+L4a/b, B1 Steroid Thiopurine

S32 No L3+L4a, B2 EEN & Steroid Thiopurine

S33 Yes L3+L4a, B1, OFG Steroid Thiopurine

S34| Yes L3, B2 EEN & Steroid Thiopurine + Biological
S35| Yes L3+L4a, B1 Mesalazine Thiopurine

S36| Yes L3, B1 EEN Thiopurine

S37 Yes L3+L4a, B1 EEN Thiopurine

S38 | Yes L3, B1 EEN Methotrexate
S39 | Yes L3, B2 EEN Thiopurine

S40| Yes L3+L4a, B1 EEN & Steroid Missing data

Using the same omnibus test approach as above, we were again able to identify the
most informative features in each significant datasetAsgé#ional File 5. The top 16S
genera wer®ialister, Bilophila andAggregatibactein this analysis. The top MGS
strains were subtypes Bhrabacteroides merda8utterella wadsworthensiand an
unclassified strain within the Lachnospiraceae family. The top MGS genera included
Parabacteroides, Bacteroideand an unclassified genuslachnospiraceae. The top
MGS KEGG pathways included (1) koO0633, nitrotoluene degradation, (2) ko00250,
alanine, aspartate and glutamate metabolism, and (3) ko00230, purine metabolism. The
top KOs were (1) KO2954, a ribosomal protein, (2) KO7259, whighvidved in
peptidoglycan biosynthesis, and (3) KO7793, a putative tricarboxylic transport membrane

protein.
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3.3.4- Comparing the Relative Importance of Top Features

Although comparing RF model accuracies allows individual datasets to be evaluated, it
does not allow the relative importance of features across datasets to be evaluated. To this
end, we next compared the relative importance of the overall top features by running RF
models using the top three features from the significant datasets for batiat€Figure
3.10A) and treatment respondeidure3.10B). The combined model for disease state
classification performed with high accuracy (Accuracy=%8.8<0.001), but notably

this was lower than the 16S genera alone. In contrast, the combined model for treatment
response classification performedtbethan the independent datasets (Accuracy=94.4%,
P<0.001). As expected, many of these features in both models are highly correlated
(Figure3.11 andFigure3.12), nonetheless this approach yielded several useful results.
Firstly, Akkermansia muciniphilevas ranked as the most important feature for

classifying disease state, followed by Verrucomicrobia and Verrucomicrobiales, which
represent the phylum and orderfofmuciniphilarespectivelyNumber of OTUs was

ranked &' amongst these features, whereas GRS and otherdé@®8:d features were
ranked bwer. Notably, 29/37 (78%) of the microbial features in this model were at lower
relative abundances in CD patients compared to controls. The top three features for
classifying treatment response in the combined model were ko00633, the nitrotoluene
degrad#ion pathway, KO7793, the putative tricarboxylic transport membrane protein, and
Erysipelotrichi (the class containing the family Erysipelotrichaceae). Unlike for the
combined disease model, M&l®8rived functions were among the most highly ranked
featureqall 6 MGS functions are within the first 8 top features).
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Figure 3.11: Heatmap ofSpearman correlation coefficients for features in the

combined disease random forest model that were significantly correlated (P <.0.05)
Metagenomicsdentified feature names are coloured green. Only the bottom triangle is
shown forsimplicity. OTU: Operational Taxonomic Unit, GRS: Genetic Risk Score, Un:

Unclassified.
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Figure 3.12 Heatmap of Spearman correlation coefficients for features in the

combined treatment responsandom forest model that were significantly correlated

(raw P < 0.05) Metagenomic&dentified feature names are coloured green. Only the
bottom triangle is shown for simplicity.
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Figure 3.13: The top features from the disease state combined random forest model

ranked by their variable importance in a new model trained on the RISK validation

data Note that the 16&lentified unclassified species in Desulfovibrio was exdude

since it was not present in the RISK data. All MGS features (including the genetic risk
scores) were excluded from this analysis since MGS biopsy data was not available for

this cohort. Features are coloured by whether they are significantly more aliunalan

P < 0.05) in Crohndés disease (CD; red) or

not significantly different based on a ttailed ManrWhitneyWilcoxon test.

3.3.5- Validating the Best 16S Disease Feature Rankings in an Independent Cohort

We validated the rankings of a subset of the 16S features (excluding the unclassified
species irDesulfovibrig used in the combined model for disease state by training a new
model based on these features on the RISK cd@enters et al. 2014a large previously
published dataset, that consisted of 16S data for 731 biopsy samples (444 CD and 287
CN) after processing. The goal of this analysis was to determine if the top features for
classifying disease state would have similar relative impogtaanks across both

cohorts. Only 16S sequencing of biopsy samples is available in this dataset and so we
excluded GRS and the MGS features from this analysis. The new RF model based on this

subset of features and trained on the RISK dataset was highiffcaint although less
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accurate than what we observed in our data (Accuracy=73.2%, P<0.001). However, the
relative ranking of these features was substantially different within the BISCUIT and
RISK cohorts Figure3.10A andFigure3.13). The top features in the RISK model were

the class Erysipelotrichihe phylum Actinobacteria, and the KO K09013. In addition,
8/21 16S features were not statistically different between CD and control patieWs (M

W test P >= 0.05). In particular, bafresulfovibrioand Akkermansiaglid not

significantly differ between D and control patients within the RISK cohort.

3.4- Discussion

In this study, we have classified treatmaaive pediatric CD patients by both their
disease state and treatment response with high accuracies with many different microbial
datasets. Since these microbial profiles were taken from intestinal biopsy samples the
main challenge of this study was to identify true microbial markers above the background
of human DNA in the MGS data. Although we could identify microbial markers by
generating much higher sequencing depth than is usual, the interpretation of analyses of
this data come with the caveat that important rare taxa may have been below the detection
threshold. For instance, although the RF models based on the MGS datas&tssvere
accurate classifiers of disease state this likely was impacted by the fact that the most
informative genera in the 16S data were undetected in many MGS samples. This
observation suggests that the discrepancy between the 16S and MGS taxonomic
classifiation accuracies could be partially due to a relatively greater taxonomic depth of
16S sequencing, currently cgmbhibitive for MGS of biopsy samples, which enabled
rarer taxa to be identified.

Since the 16S data does not face these challenges, interphet analyses based
on these datasets is more straightforward. Indeed, many of the top features in the
significant 16S datasets used to classify disease statdddémnal File 4§ have
previously been associated with IBD. For instance, suéfducirg species within the
Desulfovibriogenus have previously been positively linked to another form of-IBD
ulcerative colitifRowan et al. 2010)and Mottaweat al.recently showed the
importance of hydrogesulfide producers in colonic C/ottawea et al. 2016)
However, we foundDesulfovibrioto be negativel associated with CD in our data, which
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could highlight a difference in microbiota between these two forms of IBD or merely
reflect the different sampling strategies (stool, biopsy and MLI) between IBD studies to
date. We also foundkkermansia muciniphilto have lower relative abundance in CD
patient®biopsies, which has been previously obsei@ahn et al. 2016a)lhe top 16S
inferred KOs are also related to functions previously associated with CD symptoms. The
lower proportion of KO9013 (F8 cluster assembly AFBinding protein) in CD patiga
is interesting to find since intestinal inflammation in general has been associated with the
breakdown of F& clustergSchumann et al. 2012%imilarly, both KO3809 (tryptophan
repressor binding protein) and K03785d@hydroquinate dehydratase I), which is
involved in tryptophan and other amino acid biosynthesis, in CD patients could be
interesting markers since lower serum tryptophan levels has previously been associated
with CD (Gupta et al. 2012; Nikolaus et al. 201HApwever, in this analysis these
markers were both at higher levels in the unexpected direction (KO38d&weasn CD
and K03785 was higher in CD).

The top MGSidentified features for classifying disease state also include several
previously identified markers. The genidsstipesis a known producer of shechain
fatty acids (SCFAs|Brown et al. 2011)This genus was at lower relative abundance in
CD patients, which could be related to lower levels of certain SCFAs that have long been
a hallmark of IBD(Treem et al. 1994; Hueldaujan et al. 2010; Morgan et al. 20112)
addition, although several key tax&mdified by 16S sequencing appeared to be below
the detection threshold in the MGS samples, BddtipesandOscillibacter, which has
previously been negatively associated with (M®ndot et al. 2011)were not identified
in the 16S dat. The absence of these informative taxa is likely related to how certain
lineages cannot be identified with higisolution based on 16S sequences. This
difference highlights a tradeff in the MGS taxonomic results: improved taxonomic
resolution at theast of lower sensitivity, which has been discussed elsewhessler et
al. 2017) The identification of the MG&lentified KEGG module M00144, which is
involved in ATP synthesis, as being informative for classifying disease state is also
interesting since IBD patients are known to have lowezl¢éeof intestinal ATP
(Schirmann et al. 1999)
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Similar to the RF models for disease state, many of the top features for classifying
treatment response agreed with previous studiesA@#idonal File 5. For instance, the
top 16S genudialister, was at higher abundance in RS patients, which is stensi
with previous workMondot et al. 2016)Similarly, the bacterial family
Erysipelotrichaceae has been linked to human health in severa(Kaajfsoush 2015)
Although this taxon was not ranked highly, it is the only family within the top 16S
identified order, Erysipelotrichales, to pass-precessing cubffs. This order is found at
higher relative abundance in RS patients. Erysipelwdeae are particularly of interest
since they have been shown to decrease in abundance in CD patients given EEN therapy
(Kaakoush et al. 201%)nd species within this family are positively linked to
inflammation(Dinh et al. 2015)

Several of the top MG&lentified KEGG functions also consistent with past
work. The pathway ko00633, nitrotoluene degradation, has previously been identified as
the most distinguishing pathway between Etedated CD patients and healthy controls
(Dunn et al. 2016b)Similarly, microbial glutathione and purine biosynthesis have
previously been positively and negativelgasci at ed wi th Crohnodés di ¢
(Morgan et al. 2012)n our dataset, the pathway ko002§itamate and other amino
acid metabolism, was found at higher relative abundance in RS patients whereas
ko00230, purine metabolism, was found at lower relative abundance in RS patients. In
addition, both the geneRarabacteroidesndBacteroidesave preiously been found at
higher abundance in CD patients at the time of surgical resection who remain in
remission(De Cruz et al. 2015Wwhich is the same direction we find here. Our previous
work in this cohort determined th&utterella wadsworthensis unlikely to be involved
in IBD pathogenesi@Mukhopadhya et al. 2011lowever, since this species was one of
the best predictive features for treatment response and was found at lower abundance in
RS patients it may still be clinically relevant. Although these results indicate that future
CD treatments could be informed the presence of these and other microbial markers,
further work will be required to disentangle which markers are predictive of response to
specific treatments.

The findings ofAkkermansia muciniphiland the order and phylum

(Verrucomicrobiales and Varcomicrobia, respectively) that contain this species as the
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top three features for classifying disease state, highlights the importance of this taxon in
our dataset. High levels &f. muciniphilai n donor s st ool has rece
strong pretttor of remission in ulcerative colitis patients undergoing fecal microbiota
transplantation treatme(ump et al. 2018)This finding taken together with our and

ot her s6é o0bs eA muitiphimabundahce in GDvmatients suggests that this
species is a useful biomarker for gut health. Similarly, the relative importance of alpha
diversity compared to genetic risk was also shown in this combined model. This finding
illustrates the importance of microbial features in CD development, as comytrede

weak contribution of genetic markers for CD development and the influence of the
inherited variants on microbiome composit{durpin et al. 2016)The top MGS

identified features largely performed worse than theitléStified functions in the

combined RF modebf classifying disease. One interesting exception is the genus
Alistipes(and its corresponding family Rikenellaceae).

In the combined RF model for treatment response it is notable that MGS
identified functions were the most informative features. This observation could indicate
that major metabolic shifts in the microbiome could be more informative for predicting
treatmentesponse than the presence of particular taxa, which is consistent with past
results indicating that functions shift more consistently than taxa in CD pdtiéoitgan
et al. 2012)Interestingly, functions were only found to be more informative for
classifying patients by treatment response, and not by disease state. However, it is
possible that with higer sequencing depth Md@entified features may have been more
informative. Note that patientsd GRS were
samples, which is consistent with a recent study indicating that the genetic contributions
to CD suscejibility are largely independent from the genetic contributions to CD
prognosiqLee et al. 2017)

Ideally the combined RF model trained on the top features from our cohort would
also have been tested on the validation cohort. However, due to technical differences
across the studies, such afedent sampling protocols and different 16S variable regions
sequenced, the same model cannot be implemented for both datasets. In addition,
variation in pathophysiology due to geography as well as differential microbial profiles

due to different distribtions of patient age and sex across the cohorts could also result in
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differences in predictive markers across the two cohorts. This issue highlights that
additional work in this area is needed to facilitate the comparison of microbiome datasets
from different studies. Nonetheless, the independent validation cohort enabled the
ranking of features within the combined model for disease state to be evaluated. The
ranking of these features did differ in this cohort although the number of OTUs,
Verrucomicrobials, and Verrucomicrobia remain within the top 6 featuFégufe3.13).
However, the genef@aesulfovibrioandAkkermansiavere not significantly different

between CD and control patients within the RISK samples, which highlights the issue of
comparing predictive features across different cohorts. Unfortunately, we were unable to
validate the ranking of the top features for classifying treatment respoase on
independent dataset since there is no paired 16S and MGS dataset with adequate sample
size available to our knowledge.

3.5- Conclusions
Here, we have integrated human genetic data with 16S and MGS intestinal biopsy data to
classify CD patients bglisease state and treatment response for the first time. We found
genera identified from 16S data to be the best classifiers of each outcome. One possible
explanation for why 16S data was found to have higher performance than the MGS data
could be that ienables much higher read depth for taxonomic assignment. This increased
depth allows rare taxa to be identified, which was the case for the tepd@8ied
genera. The biological importance of rare taxa in CD pathogenesis warrants further
considerationand indeed rarity may prove an important bias in cubarged studies of
the IBD microbiome. Although we found alpHaversity to be a clear marker for disease
state, GRS was relatively less informative. This result is perhaps not surprising since
microlial shifts are likely causally related to disease onset, although the direction is
unclear. In contrast, GRS has been developed as a metric for assessing disease risk at any
point in a patientds I|ife; 1 ncl inluenoegn wel |
predicting onset or treatment stratificati@ieynen et al. 2016)'he multtgenomics
machinelearning approach presented in this study could be extended in the future to
other diseases and to other data types such as transcriptomics and metabolatims to b
understand the relative importance of each of these features. These models will provide
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new insights into the multifactorial nature of CD, helping highlight cebpetific as
well as fundamental contributors to disease pathophysiology, and mayimasutel

signatures to predict and guide personalized treatments.

3.6- Declarations

3.6.1- Ethics Approval and Consent to Participate

Ethical approval was granted by North of Scotland Resd#tths Service

(09/S0802/24) and written informed conserats obtained from the parents of all

subjects. Informed assent was also obtained from older children who were deemed

capable of understanding the nature of the study. This study is publically registered on the
United Kingdom Clinical Research Network Holib (9633). An ethics amendment

all owed further review of the cohort part:i
first year following diagnosis.

3.6.2- Availability of Data and Material

All custom scripts used for this study are available at:
https://github.com/LangilleLab/CD_RF_microbionmiehe 16S rRNA gene and
metagenomic sequencing data used in this study are available under accession
PRJEB21933 at the European Nucleotide Arehi
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Chapter 4 - PICRUSt2 for Prediction of Metagenome Functions
This chapter is a reproduction of my letter (and supplementary information) published in
Nature BiotechnologyDouglas et al. 2020)'he short publishelétteris presented first
followed by the suppleentary results section. This was done with permission from the
journal and | was first author on this pagege Appendices) wrote the first draft and
conducted all analyses and programming for this wbink. other authors on this paper
were: Vincent JMaffei, Jesse R. Zaneveld, Svetlana N. Yurgel, James R. Brown,
Christopher M. Taylor, Curtis Huttenhower, and Morgan G. I. Langilhe additional
file and acknowledgements statement are available as part of the original publication on
the Nature Bioteamology website. Note that the methods are presented separately in
Chapter 2.

4.17 Published Main Text
4.1.17 Published Letter

To the editor One limitation of microbial community markegene sequencing is that it

does not provide information about the functional composition of sampled communities.
PICRUSt(Langille et al. 2013)vas developed in 2012 to predict the functional potential

of a bacterial community based on marker gene sequencing profiles, and now we present
PICRUSTt2 https://gthub.com/picrust/picrus)2 which improves upon the original

method. Specifically, PICRUSt2 contains an updated and larger database of gene families
and reference genomes, provides interoperability with any-@i€king or denoising

algorithm, and enablgshenotype predictions. Benchmarking shows that PICRUSt2 is
more accurate than PICRUSt and other competing methods overall. PICRUSt2 also
allows the addition of custom reference databa®és.highlight these improvements and

also important caveats regargithe use of predicted metagenomes.

The most common method for profiling bacterial communities is to sequence the
conserved 16S rRNA gene. Functional profiles cannot be directly identified using 16S
rRNA gene sequence data owing to strain variation weraemethods have been
developed to predict microbial community functions from taxonomic profiles (amplicon

sequences) alor{eangille et al. 2013; Iwai et al. 2016; Jun et al. 2015; ARhauer et al.
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2015; Wembheuer et al. 20205hotgun metagenomic sequencing (MGS) which
sequences entire genomes rather than marker genes can also be used to ah#racteriz
functions of a community, but does not work well if there is host contamination e.g. in a
biopsy, or if there is very little community biomass.

PICRUSt(Langille g al. 2013 her eaf t er APl CRUSt 10) was
developed for prediction of functions from 16S marker sequences, and is widely used but
has some limitations. Standard PICRUSt1 workflows require input sequences to be
operational taxonomic units (E) generated from closedference OTLpicking
against a compatible version of the Greengenes datéiDaSantis et al. 2006Due to
this restriction to reference OTUs, the default PICRUSt1 workflow is incompatible with
sequence denoising methods, which produce iaorpkequence variants (ASVs) rather
than OTUs. ASVs have finer resolution, allowing closely related organisms to be more
readily distinguished. Plus, the bacterial reference databases used by PICRUSt1 have not
been updated since 2013 and lack thousandscehtly added gene families.

We hypothesized that optimizing genome prediction would improve accuracy of
functional predictions. Therefore, the PICRUSt2 algoritkigyre4.1a) includes steps
that optimize genome prediction, including placing sequences into a reference phylogeny
rather than relying on predictions limited to reference OTRilgufe4.1b); basing
predictions on a larger database of reference genomes and gene féigilies4(1c);
more stringent prediction of pathway abundarkggure4.2); enabling predictions of

complex phenotypes and integration of custom databases.
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Figure 4.1: PICRUSt2 algorithm (a) The PICRUSt2 method consists of phylogenetic
placement, hiddestateprediction and sampteiise gene and pathway abundance
tabulation. ASV sequences and abundances &sntas input, and gene family and

pathway abundances are output. All necessary reference tree and trait databases for the
default workflow are included in the PICRUSt2 implementation. (b) The default
PICRUSLt1 pipeline restricted predictions to referenceraponal taxonomic units (Ref.
OTUs) in the Greengenes database. This requirement resulted in the exclusion of many
study sequences across four representative 16S rRNA gene sequencing datasets.
PICRUSTt2 relaxes this requirement and is agnostic to whétleanput sequences are

within a reference or not, which results in almost all of the input amplicon sequence
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variants (ASVs) being retained in the final output. (c) An increase in the taxonomic

diversity in the default PICRUSt2 database is observed cadpgarPICRUSt1.

a PICRUSt1 (KEGG) b PICRUSt2 (KEGG) c PICRUSt2 (MetaCyc)
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Figure 4.2: The number of predicted pathways as phylogenetic diversity varies in
samples from the Human Microbiome Projed comparison of (a) KEGG pathways

output by PICRUSt1, (REGG pathways output by PICRUSt2, and (c) MetaCyc

pathways output by the PICRUSt2 default pipeline. The number of KEGG pathways
plateaus almost immediately whereas there is a much greater range in the MetaCyc
pathways present. In addition, a mean offbll more pathways are called as present in
PICRUSLt1 that are not called as present in PICRUSt2, which is due to the more stringent

pathway pipeline intended to reduce false positives.

PICRUSTt2 integrates existing opsaurce tools to predict genomes of
environmentally sampled 16S rRNA gene sequences. ASVs are placed into a reference
tree, which is used as the basis of functional predictions. This reference tree contains
20,000 full 16S rRNA genes from bacterial and archaeal genomes in the Integrated
Microbial Genomes (IMG) databa@darkowitz et al. 2012)Phylogenetic placement in
PICRUSIt2 is based on running three tools: HMMERYv.hmmer.org to place ASVs,
EPA-ng (Barbera et al. 2019) determine the optimal position of these placed ASVs in a
reference phylogeny, and GAPR8zech & Stamatakis 2018) output a new tree
incorporating the ASV placements. This results in a phylogenetic tree containing both
reference genomes and environmentally sampled organisms, which is used to predict

individual gendamily copy numbers for each ASV. This procedure isurefor each
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input dataset, allowing users to utilize custom reference databases as needed, including
those that may be optimized for the study of specific microbial niches.

As in PICRUSLt1, hidden g prediction approaches are used in PICRUSt2 to
infer the genomic content of sampled sequences. The castor R plakace & Doebeli
2018), which is substantially faster than the approach used in PICRUSLt1, is used for core
hidden state predictidinnctions. As in PICRUSt1, ASVs are corrected by their 16S
rRNA gene copy number and then multiplied by their functional predictions togead
predicted metagenome. PICRUSt2 also provides the ASV contribution of each predicted
function allowing for taxonomynformed statistical analyses to be conducted. Lastly,
pathway abundances are inferred based on structured pathway mappings, whicteare
conservativegehasdéthppdbagh used in PICRUS

The PICRUSt2 default genome database is based on 41,926 bacterial and archaeal
genomes from the IMG databa®éarkowitz et al. 2012fNovember 8, 2017) which is a
>20-fold increae over the 2,011 IMG genomes used by PICRUSt1. Many of the
additional genomes are from strains of the same species and have identical 16S rRNA
genes. We deeplicated the identical 16S rRNA genes across these genomes, which
resulted in 20,000 final 16S NA gene clusters. The taxonomic diversity of the
PICRUSt2 reference database is increased compared with PICRRifitfed.1c). The
clearest increases in diversity is at the species and genus levdtdd®ad 2.2fold
increases respectively) but all taxonomic levels are more diverse including the phylum
level wrere the coverage increased from 39 to 64 phylaf@ldGincrease).

PICRUSIt2 predictions based on several gene family databases are supported by
default, including the Kyoto Encyclopedia of Genes and Gen¢ashisa et al. 2012)
(KEGG) orthologs (KO) and Enzyme Commission numbers (EC numbBexished.1).
PICRUSTt2 distinctly improves on PICRUSt1 by including gene families more recently
added to the KEGG database. Specifically, the total number of KOs is 10,543
PICRUSt2 compared to 6,909 ildRUSt1, a 1.5old increase.

We validated PICRUSt2 metagenome predictions using samples from seven
published datasets generated using both 16S rRNA rgeker and shotgun
metagenomics sequencing (MGS). We used three hassotiated microbiome datasets:

57 stool samples from Cameroonian individuals, 91 stool samples from Indian

104



individuals, and 138amples spanning the human body (from the Human Microbiome
Project [HMP]). We used four ndmumanassociated datasets includingnéh-human

primate stool sanigs, eight mammalian stool samplss, ocean samples, and Balk

soil and blueberry rhizosphere samples. These datasets present a good variation of types

of sequences and environmefiiable4.2).

Table4.1: Summary statistics of PICRUSt? trait reference databases

Database # Categories Mean sd Sparsity Mean trait
depth
16S rRNA gene 1 2.51 245 0.00 2.52
COG 4598 0.55 1.76 0.68 0.54
TIGRFAM 4287 0.31 0.98 0.77 0.48
EC 2913 0.33 0.95 0.78 043
PFAM 11089 0.40 2.10 0.82 0.40
KEGG 10543 0.19 0.65 0.85 0.32

Table4.2: Descriptions of the paired 16S rRNA gene and shotgun metagenomics

sequencing validation datasets used

Mean # 16S MGS

168 16S MGS Mean # MGS read read
Dataset N*  pipeline region 168 tech. tech. # ASVs 168 reads reads length length
V5- Ilumina Mlumina
Cameroon 57 Deblur Vé MiSeq HiSeq 4077 95354 42 x 108 228 101
Illumina Ilumina
NextSeq NextSeq
India 91 Deblur V3 500 500 2237 164847 6.5x 10° 130 151
Roche Mlumina
HMP 137 DADA2 V4 454 HiSeq 1576 4592 30.0x 10° 245 101
Deblur INlumina Mlumina
Primate 77 (QITA) V4 MiSeq HiSeq 7452 15536 7.5x 10° 150 160
Vé6- Illumina Mlumina
Mammal 8 Deblur V38 MiSeq MiSeq 323 2906 8.0x 108 400 151
Ilumina Mlumina
Ocean 6 Deblur V4 MiSeq HiSeq 1148 62498 64.1 x 10° 250 101
Veé- INlumina Mlumina
Soil 22 Deblur 4] MiSeq NextSeq 3333 5550 26.4x 108 404 150

*Final number of samples overlapping between 16S rRNA gene and MGS datasets.
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PICRUSt2 KO predictions from 16S rRNA markgene data were produced for
each dataset. We compared these predictions to KO relative abundances profiled from the
corresponding MGS metagenomes, which served as sstgidard to evaluate
prediction performance. We performed the same analyses witlaternative prediction
pipelines: PICRUSt1, Piphillilwai et al. 2016) PanFRJunet al. 2015and Tax4Fun2
(ABhauer et al. 2015; Wemheuer et al. 2020¢ calculatd Spearman correlation
coefficients (hereafter Acorrelationso) fo
abundance and MGS KO abundance tables after filtering all tables to the 6,220 KOs that
could be output by all tested databasegure4.3). The correlation metric represents the
similarity in rank ordering of KO abundances between the predicted and observed data.
The correlations based HCRUSt2 KO predictions ranged from a mean of 0.79
(standard deviation [SD] = 0.028; primate stool) to 0.88 (SD = 0.019; Cameroonian stool
dataset). For all seven datasets, PICRUSt2 predictions were either better than or
comparable with the best predictiorethod (pairegsample, twetailed Wilcoxon tests
[PTW] P < 0.05). Correlations based on PICRUSt2 predictions were substantially better
for nonhuman associated datasets. This result could indicate an advantage of
phylogenetiebased methods over nqylogeneticbased methods, such as Piphillin, for

environments poorly represented by reference genomes.
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Figure 4.3: PICRUSt2 performance characteristic¥alidation of PICRUSt2 KEGG

ortholog (KO) predictions aoparing metagenome prediction performance against-gold

standard shotgun metagenomic sequencing (MGS). (a) Boxplots of Spearman correlation
coefficients observed in stool samples from Cameroonian individuals (n=57), the human
microbiome project (HMP, n=137¥tool samples from Indian individuals (n=91), Aon
human primate stool samples (n=77), mammalian stool (n=8), ocean water (n=6), and
blueberry soil (n=22) datasets. The significance of pasathple, tweailed Wilcoxon

tests is indicated above each tesggouping (*, **, and ns correspond to P < 0.05, P <
0.001, and not significant respectively). (b) Comparison of significantly differentially
abundant KOs between predicted metagenomes and MGS. Precision, recall, and F1
score are reported for each categarompared to the MGS data. Precision corresponds

to the proportion of significant KOs for that category also significant in the MGS data.
Recall corresponds to the proportion of significant KOs in the MGS data also significant
for that category. The F1 sre is the harmonic mean of these metrics. The subsets of the
four datasets compared are indicated above each panel (the Cameroonian parasite is
Entamoeba). Wilcoxon tests were performed on the KO relative abundances after

normalizing by the median numbaruniversal singleopy genes per sample.



Significance was defined at a false discov
corresponds to PICRUSt2 predictions with A
MGSO category cor rveB@Soprocessing pipelirerwithadadse r nat i
aligned to the KEGG database rather than the default HUMANNZ pipeline.

Gene families regularly eoccur within genomes, so the use of correlations to
assess germble similarity may be limited by the lack of independe of gene families
within a sampleKigure4.4). To address this dependency, we compared the observed
correlations between paired MGS and predicted metagenomes to correlations between
MGS functions and a null reference genome, compriséiteahean gene family
abundance across all reference genomes. For all datasets, PICRUSt2 metagenome tables
were more similar to MGS values than the nklg(re4.3a). However, this increase over
the null expectation is predominately driwv
(rather than that of individual samples). This is demonstrated by the fact that these
correlations are actually only slightbygnificantly higher than those observed when ASV
labels are shuffled within a datagEtgure4.5). The observed correlations for the
shuffled ASVs raged from a mean of 0.77 (SD = 0.196; primate stool) to 0.84 (SD =
0.178; blueberry rhizosphere). Biologically these results are consistent with several
patterns. First, gene families are correlated in copy number across diverse taxa (as
captur edulblyd tdhaet absNet ). Second, these correl
bet ween environments (as shown by the diff
ASVO6 resul ts) . -tdeavdninentdifferenced tendta e dargér than
sampleto-sample diffeences within an environment (as shown by the differences
bet ween PI CRUSt 2 predictions and the O6Shuf
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Figure 4.4. Spearman correlations between number of gene families in two random
subsets of genomeAs the size of the random subsets increases the correlation
coefficient between the two subsets approaches 1. Ten replicates are plotted for each
number of genome subsets. These correlations are shown for all functional databases
thatcan be used with PICRUSt2 by default. Clusters of Orthologous Genes (COG);
Enzyme Commission Numbers (EC); Kyoto Encyclopedia of Genes and Genomes
Ortholog (KO); Protein Families (Pfam);
database of protein FAMiligF IGRFAM).
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Figure 4.5: Full KEGG ortholog validation results of PICRUSt2 comparing

metagenome prediction performance against gekdndard shotgun metagenomics
sequencing The data shown here is the same as in Figu&xcept the performance at

different nearessequenced taxon index (NSTI)-offis for the ASV input data and based

on the o6Shuffled ASVsd data are al so shown
Significance of aired-sample, twetailed Wilcoxon tests is indicated above each tested

grouping (*, **, and ns correspond to P < 0.05, P < 0.001, and not significant

respectively).
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A complementary approach for validating metagenome predictions is to compare
the resultof differential abundance tests on 1p®dicted metagenomes to MGS data. A
recent analysis of Piphillin suggested that this toolpmiforms PICRUSt2 based on this
approach(Narayan et al. 2020We similarly performed this evaluation on the KO
predictions for four validation datas€igure4.3b). Overall, PICRUSt2 displayed the
highest F1 score, the harmonic mean of precision and recall, compared to other prediction
methods (ranging from 0.4&59; mean=0.51; SD=0.06). However,@kdiction tools
displayed relatively low precision, the proportion of significant KOs that were also
significant in the MGS data. In particular, precision ranged from0.38 (mean=0.48;
SD=0.08) for PICRUSt2 and 0.4666 (mean=0.45; SD=0.27) for Pipim. In all cases,
PICRUSt2 predictions otierformed ASVshuffled predictions, which ranged in
precision from 0.2:0.42 (mean=0.30; SD=0.09). In addition, differential abundance tests
performed on MGSlerived KOs from an alternative M@8ocessing workéw resulted
in only marginally higher precision (ranging from 0:8.67; mean=0.62; SD=0.04).
Taken together, these results highlight the difficulty of reproducing microbial functional
biomarkers with both predicted and actual metagenomics data.

MetaCyc pthway abundances are now the main Higlrel predictions output by
PICRUSt2 by default. The MetaCyc databéSaspi et al. 2013% an opefrsource
alternative tKEGG and is also a major focus of the widaed metagenomics
functional profiler, HUMANNZ(Franzosa et al. 201.8yletaCyc pathway abundances are
calculated in PICRUSt2 through structured mappings of EC gene families to pathways.
These pathway predictions performed bettan the null distribution for all metrics
overall (PTW P < 0.05rigure4.6a; Figure4.7; Figure4.8) compared to MGSlerived
pathways. Similar to our previous analysis, shuffled ASV predictions representing overall
functional structure within each dataset accounted for the majority ofghel §-igure
4.7). In addition, differential abundance tests on these pathways showed high variability
in F1 scores across datasets and statisticddadstwith the ASV shuffled predictions
contributing the majority of this signafigure4.9; F1 scores ranged from 0-362
[mean=0.41; SD=0.17] and22-0.60 [mean=0.34; SD=0.18] for the observed and ASV
shuffled PICRUSt2 predictions, respectively). Again, these results suggest that
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identifying robust differentially abundant metagenewide pathways is difficult and

highlights the challenge of analyzingcrobial pathways in general.
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Figure 4.6: PICRUSt2 accurately predicts MetaCyc pathways and phenotypes for
characterizing overall environmentga) Spearman correlation coefficients between
PICRUSTt2 predicted pathway abundances and-gtdddard metagenomic sequencing
(MGS). Results are shown for each validation dataset: stool from Cameroonian
individuals, The Human Microbiome Project (HMP), dtisom Indian individuals,
mammalian stool, ocean water, rboman primate stool, and blueberry soil. These

results are limited to the 575 pathways that could potentially be identified by PICRUSt2
and HUMANN2. (b) Performance of binary phenotype predistlmased on three

metrics: F1 score, precision, and recall. Each point corresponds to one of the 41
phenotypes tested. Predictions assessed here are based on holding out each genome
individually, predicting the phenotypes for that holdout genome, and corghe

predicted and observed values. The null distribution in this case is based on randomizing
the phenotypes across the reference genomes and comparing to the actual values, which
results in the same output for all three metrics. ThaRes of pairegsample, tweailed
Wilcoxon tests is indicated above each tested grouping (* and ** correspond to P < 0.05
and P < 0.001, respectively). Note that in panel a Hagig is truncated below 0.5 rather
than O to better visualize small differences betweesgoaies. The sample sizes in panel

a are 57 (Cameroonian), 137 (HMP), 91 (Indian), 8 (mammal), 6 (ocean), 77 (primate),
and 22 (soil).
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Predictions for 41 microbial phenotypes, which are linked to IMG gen(Giemn
et al. 2013)can also now be generated with PICRUSt2. These represedehgh
mi crobial metabolic activities such as nGlI
annotated as present or absgithin each reference genome. We performed a-baotd
validation to assess the performance of PICRUSt2 phenotype predictions, which involved
comparing the binary phenotype predictions to the expected phenotypes for each
reference genome. Based on F1 s¢orean=84.8%; SD=9.01%), precision
(mean=86.5%; SD=6.21%), and recall (mean=83.5%; SD=11.4%), these predictions
performed significantly better than the null expectatiigre4.6b; Wilcoxon tests P <
0.05).

There are two main criticisms of amplicbased functional prediction. First, the
predictions are biased towards existing reference genomes, which means that rare
environmenispecific functions are less likely to be identified. This limitation is
decreasingver time as the number of higjuality available genomes continues to grow.
PICRUSTt2 also allows usspecified genomes to be used for generating predictions,
which provides a flexible framework for studying particular environments. The second
criticism is that amplicotbased predictions cannot provide resolution to distinguish
strainspecific functionality. This is an important limitation of PICRUSt2 and any
amgicon-based analysis, which can only differentiate taxa to the degree they differ at the
amplified marker gene sequence.

PICRUSt2 provides improved accuracy and flexibility for marker gene
metagenome inference. We have highlighted these improvemengsalgaldescribing
limitations with identifying consistent differentially abundant functions in microbiome
studiesWe hope that the expanded functionality of PICRUSt2 will continue to enable the
identification of insights into functional microbial ecolofyjgm amplicon sequencing

profiles.
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Figure 4.7: Spearman correlation coefficients of predicted MetaCyc pathway
abundances compared to shotgun metagenomics on same samoplés stool samples
from Cameroonian individuals, (b) the human microbiome project (HMP), (c) stool
samples from Indian individuals, (d) mammalian stool samples, (e) ocean samples, (f)
non-human primate stool samples, and (g) soil samples. PICRUStZoadibased on
varying nearest sequenced taxon index (NSTHptfatare shown to illustrate how this
parameter affects prediction performance.

that the majority of the performance signal is driven by the ptedigenomic content of
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the ASVs in each environment rather than within each sample. Significance of paired
sample, twetailed Wilcoxon tests is indicated above each tested grouping (*, **, and ns

correspond to P < 0.05, P < 0.001, and not significantpeztively).
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Figure 4.8: (a) Precision and (b) recall of predicted MetaCyc pathway abundances
compared to shotgun metagenomios the same samples from the seven validation
datasets. PICRUSt2 predictiohased on varying nearest sequenced taxon index (NSTI)
cut-offs are shown to illustrate how this parameter affects prediction performance.
Significance of pairedample, tweailed Wilcoxon tests is indicated above each tested
grouping (* and ** correspondo P < 0.05 and P < 0.001, respectively).
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Figure 4.9: (a) Differential abundance and prevalence of predicted MetaCyc pathways
vary across datasets and with statistical methods used and are simifaetbctions

based on shuffled ASVS he F1 score is plotted to summarize the agreement between
the statistical testing of predicted pathways with pathways identified from HUMANN2. All
pathway abundances for this analysis were based on Enzyme Commisshk®rsaver

the entire metagenome sample (i.e. assuming sobggnes model), rather than
restricting pathway predictions to each
genome. Each of these statistical tests has a different null hypothesis, lnst thecie
methods are all commonly used to perform differential abundance analyses on
microbiome data. NA indicates cases where either the recall or precision could not be

calculated (which means the F1 scores was not applicable). The sample groupings for
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these analyses are the same as for all the other differential testing results reported and

are indicated by Asubseto here simply to s

4.1.2- Code and Data Availability
PICRUSTt2 is available alttps://github.com/picrust/picrustZhe Python and R code

used for the analyses and database construction described in this paper are available
online athttps://github.com/gavinmdouglas/picrust2_manusciiipts repository also
includes the processed datafiles that can be useegenerate the figures and findings in
this paper. The accessions for all sequencing data used stutiysare listed in
Supplementary Results section below.

4.27 Supplementary Results
The below results were published as part of the Supplementary Information to the above
letter. The exception is Section 4.2.4 below, which was requested by my comitéitee a

we submitted this manuscript and so that section includes additional unpublished results.

4.2.1- Paired 16S rRNA Gene and Shotgun Metagenomics Validations

We previously developed the nearest sequenced taxon index (NSTI) as a metric for
summarizingani cr obi al taxonomic profilebs novel't
(Langille et al. 2013)This measures the abundameeighted distances in the

phylogenetic tree bewen taxa (ASVs) from a community and the tips of the nearest
sequenced neighbours. These NSTI distributions are calculated automatically in
PICRUSt2 and differed significantly among the evaluation datasets, demonstrating their
range of @ unve®eaeguencedsselaies (Krudhdhltisi 2=19,499, P < 2.2

x 101%; Figure4.10, panels a and)bDatasets from more wetharacterized communities
have lower mean NSTI values overall as expected, ranging from 0.10 (SD: 0.11) in the
Indian dataset to 0.51 (SD: 2.06) in the ocean dataset. A maximum NS&3if ofitwo is
implemented by default in PRIJSt2, as a guideline to prevent unconsidered
interpretation of overly speculative inferences, which resulted in a mean of 0.27% (SD:
0.4) of ASVs being excluded across these datasets. These excluded ASVs mainly


https://github.com/picrust/picrust2
https://github.com/gavinmdouglas/picrust2_manuscript

correspond to either eukaryotic sequenceasiorobial phyla with no reference genomes

available.
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Figure 4.10: Referencebased quality metrics for amplicon sequence variants (ASVS)

of validation datasetqa) Nearest sequenced taxon index (NSTI) for ASVs (branch length
to nearest reference sequence). The grey horizontal dotted line at two indicates the
default maximum NSTI value over which ASVs will be excluded. (b) Same as panel a
except yaxis is truncagd so visualizing these differences is easier. (c)saerple

weighted NSTI values, which corresponds to the NSTI values in panels a and b under the
maximum cubff weighted by the abundance of each ASV. (d) Complement of percent

identities of ASVs againstference database sequences

In addition to the Spearman correlations reported in the texinpwe also
investigated metagenome predictions based on the presence and absence of output KOs
by calling any function with nogero abundance as present asgkasing relative
differences in precision, recall, and F1 score (see methods for definitions). PICRUSt2 and
Piphillin exhibited the best (or nestatistically different) F1 score across 3/7 (HMP,

11€



mammalian stool, and ocean) and 4/7 (Cameroonian stool, Hidian stool, and soll
datasets) datasets, respectivélg(re4.11); and were substantially better than the null
(<0.6 in all datasets). Investigagiprecision and recall revealed that Piphillin tended to
have higher precision scores (fewer false positives) while PICRUSt2 had better recall
(fewer false negativeskigure4.12). The slightly lower precision of PICRUSt2 is driven

by falsely called KOs that are on average at significantly lower relative abundance in the
PICRUSIt2 results compared to the Piphillin results (PTW P < 0.05; mean of 0.0020%
[SD: 0.0015] for PICRUSt2 vs mean of 0.0055% [SD: 0.0047] for Piphillin). However, it
remains unclear what proportion of these disagreements between PICRUSt2 KO
predictions and the MGS data are in fact false negatives in the MGS data due to low
sequencing deh or annotation limitations from short MGS reads. Indeed, there is a
significant positive relationship between the number of annotated MGS reads per sample
and the observed precision of PICRUSt2 predictions (Spearman correlation coefficient
across all dasets combined: 0.80; P < 2.2 x¥0mean coefficient of 0.49 [SD: 0.15]

for individual datasets).
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Figure 4.11: KEGG ortholog prediction performance in terms of F1 scowghich is the
harmonic mean of precision and recall. The datasets and prediction categories shown
here are the same as in Figure 2 except the PICRUSt2 performance at different-nearest
sequenced tan index (NSTI) cuffs for the ASV input data is also shown. Boxplot

colours refer to three different category groupings: the null expectation (grey),
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alternative prediction tools (red), and PICRUSt2 predictions (cyan). The significance of
paired-sample two-tailed Wilcoxon tests is indicated above each tested grouping (*, **,
and ns correspond to P < 0.05, P < 0.001, and not significant respectively). HMP:
Human Microbiome Project.
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Figure 4.12. KEGG ottholog prediction performance in terms of (a) precision and (b)
recall. The datasets and prediction categories shown here are the same as indEggure
except the PICRUSt2 performance at different neasegtienced taxon index (NSTI)-cut
offs for the ASV input data is also shown. Boxplot colours refer to three different
category groupings: the null expectation (grey), alternative prediction tools @ed),
PICRUSIt2 predictions (cyan). The significance of pasathple, tweailed Wilcoxon

tests is indicated above each tested grouping (*, **, and ns correspond to P < 0.05, P <

0.001, and not significant respectively). HMP: Human Microbiome Project.
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We also evaluated the performance of the PICRUSt2 EC predictions by
comparing with PAPRICABowman & Ducklow 2015)which is another E®ased
predictian tool. Correlations between EC predictions with the EC gene families observed
in MGS data were significantly higher than PAPRICA for 4/7 validation datasets (PTW P
< 0.05;Figure4.13). In addition, the recall of PICRUSt2 predictions was significantly
higher than PAPRICA although this came at a cost of precision (PTW P <Fj0ke
4.14).
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Figure 4.13: Spearman correlation coefficients of predicted Enzyme Commission (EC)
number abundances compared to shotgun metagenomics on same safop(@3 stool
samples from Cameroonian individuals, (b) the human microbiome project (HMP), (c)
stool samples from than individuals, (d) mammalian stool samples, (e) ocean samples,
(f) nonhuman primate stool samples, and (g) soil samples. PICRUSt2 predictions based
on varying nearest sequenced taxon index (NSTpftsiare shown to illustrate how this
parameter affets prediction performance. Significance of paisainple, twetailed

Wilcoxon tests is indicated above each tested grouping (*, **, and ns correspond to P <

0.05, P < 0.001, and not significant, respectively).
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Figure 4.14: (a) Precision and (b) recall of predicted Enzyme Commission (EC)
numbers(based on presence/absence) compared to shotgun metagenomics for all seven
validation datasets. PICRUSt2 predictions based on varying nearest sequearon

index (NSTI) cubffs are shown to illustrate how this parameter affects prediction
performance. Significance of pairsdmple, twetailed Wilcoxon tests is indicated above

each tested grouping (* and ** correspond to P < 0.05 and P < 0.00peas/ely).

The predicted MetaCyc pathways generated by PAPRICA drastically differ from
the metagenomics pathway abundan&éguie4.15) likely becaus PAPRICA
implements a different approach for inferring pathway abundances. For this reason,
evaluating the performance of the PAPRICA pathway predictions against HUMANN2
pathways may not be appropriate.
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Figure 4.15: Poor concordance of PAPRICA pathway abundance predictions

compared to pathways identified by HUMANNZ2 in shotgun metagenomics tdated

on (a) Spearman correlation coefficients, (b) precision, and (c) recall. Only 1¥8yiet
pathways are considered here since this is the only set that could be identified by both
PAPRICA and HUMANNZ2. In contrast, 575 pathways could potentially be identified by
both PICRUSt2 and HUMANNZ2. The poor concordance shown here may be due to the
differing approach for inferring pathway levels used by PAPRICA, which may mean that
comparing these predictions with HUMANN2 is not a fair evaluation.
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In addition to the differential abundance validations reported in the texdiwe
also tested severalhmr statistical methods. These methods included ALDEx2 and
DESeq2 (with default options and options specifically recommended for microbiome
data) as wel |l as Fisherdos exact tests to t
The raw results of thesanalyses are reported in Additional File 1 (available on Nature
Biotechnology website). The DESeq2 results with both option selections were extremely
similar, so we excluded the results based ordefault DESeq2 options from
subsequent analyses. Overtle different statistical methods result in different sets of
significant functions for both the MGS data and the predicted metagenomes. In addition,
the F1 scores based on the different differential abundance tools can vary substantially
(Figured1l6) . Fi sher 6s exact tests for different:
have especially low F1 scores (ranging from @ for PICRUSt2). We believe that a
more indepth comparison ohese statistical tests is beyond the scope of this manuscript,
but this result does nonetheless highlight the challenge of reliably reproducing

biomarkers from predicted metagenomes.
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Figure 4.16: Differential abundance and prevalence of PICRUSt2 predicted KEGG

orthologs (KOs) agree only marginally, but best overall, with shotgun metagenomics

data The F1 score is plotted to summarize the agreement between the statistical testing

of predicted KOs with KOsléentified from HUMANNZ2. PanFP and Tax4Fun2 are

missing from the ALDEx2 and DESeq?2 results because these statistical methods require
count tables as input. Each of these statistical tests has a different null hypothesis, but the
first three methods are atbmmonly used to perform differential abundance analyses on
microbiome data. NA indicates cases where either the recall or precision could not be
calcul ated (which means the F1 scores was

alternative shotgun metagemics processing pipeline.

This challenge is especially apparent for the MetaCyc pathwaysré4.7), for
which the PICRUSt2 predictions agreed only slightly better with the MGS pathways
compared to the ASV shuffled datasets. The PICRUSt2 predicted pathways varied in
precision and F1 scoreoim 0.230.63 (mean=0.39; SD=0.19) and 0282 (mean=0.41;
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SD=17), respectively. The shuffled ASased pathway predictions had similar
performance, ranging from 0.4658 (mean=0.31; SD=0.19) and 0280 (mean=0.34;
SD=0.18) for the precision and Fdoses, respectively. These values are based on

running Wilcoxon tests on the relative abundances of MetaCyc pathways. The alternative
differential abundance (and prevalence) statistical methods resulted in similar

concordances between the observed and 8i8)fled pathway prediction§igure4.9).

4.2.2- Functional Profiling of Inflammatory Bowel Disease using PICRUSt2

To demonstrate the utility of PICRUSt2 in making functional inferences in a human
health context where only amplicon sequencing is feasible, we profiled 27 ileal biopsy
samples from subjects with CrohnlBB). di sease
Thee data are a subset of the I nflammatory
(Lloyd-Price et al. 2019which pr ov i ebed cfsmu Idtait a t o i dent i fy
microbial features associated with inflammatory bowel disease (IBD). Our analysis was
based on 16S rRNA gene libraries collected from biopsy samples in this dataset.
Importantly, MGS could not practicallye performed on these (or any typical) biopsy
samples due to the overwhelming predominance of human host DNA, which competes
with microbial DNA for sequencing reads. As such, MGS data was produced only for
subject stool samples for this study, which ar@yzed here in addition to accompanying
human RNAseq transcriptional profiles (from the same biopsies) and metabolomic
profiles from paired stool.

We first analyzed these data with a typical testing framework for identifying
significant microbial feature testing for significantly differentially abundant ASVs
clustered by taxonomy as well as inferred pathway abundances. Based on this standard
approach we identified no pathways that significantly differed between CD ad@&Don
subjects (FDR < 0.1). Howey, five taxa were identified with a differential relative
abundance between ndlBD and CD subjects based on a lenient FD¥#alye cutoff of
0.2. These included four taxa within the Clostridiales order, which were increased in
relative abundance in cootrsubjects, and the phylum Proteobacteria at higher relative

abundance in CD subjects.
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We next focused on the predicted MetaCyc pathways inferred by PICRUSt2 for
ASVs underlying the significantly differentially abundant taxa: (1) 35 significant
Clostridiales ASVs and (2) 192 Proteobacteria ASVs. For each predicted pathway in the
community, we calculated the ratio of the abundance of that pathway contributed (i.e.
potentially produced) by ASVs within the g
abundane contributed by all other ASVs. Based on this approach we identified three
pathways significantly contributed by Proteobactdfigre4.17a; Wilcoxontest FDR <
0.05). In addition, the relative contribution to 78 pathways by Clostridiales significantly
differed between CD and ndBD subjects (Wilcoxon test FDR < 0.05). These results
demonstrate how PICRUSt2 stratified outputs allow integration ofiturad predictions
with taxonomic findings as opposed to treating the two independently as-in non
contributor stratified metagenomic analyses.

Figure417.Appl ying PI CRUSt2 to Crohnos.(&§fi sease
Predicted MetaCyc pathways significantly contributed by Proteobacteria in the ileum of
subjects with Crohnés disease (@ED,N=2027) ¢
based on RCRUSIt2 inference from 16S rRNA gene sequencing. These significant

pathways are: PW$188 (tetrapyrrole biosynthesis | [from glutamate]), PAWN89





































































































































































































































































