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ABSTRACT
The human microbiome is a complex ecosystem that is influenced not only by host
genetics but environmental stimuli. With advancements in next-generation sequencing
(NGS) technologies, genomics and related meta-omics such as metagenomics,
metatranscriptomics and metaproteomics have become increasingly accessible for
researchers and clinicians to investigate microbial-related diseases. However, analysis
of the outputs of “omics” technologies are often difficult due to variance introduced by
biological complexity, batch effects from laboratory protocols/conditions, and the
sensitivity/calibration of highly sensitive instruments. The biological complexity of “omics”
presents a considerable analytical obstacle as most datasets contain hundreds of
thousands to millions of unique features with unknown connections and nested
hierarchies. In addition to this inherent complexity, the deluge of data generated from
NGS technologies is fundamentally compositional, conveys only relative information, and
because of this cannot be robustly analyzed using conventional statistical approaches.
Furthermore, meta-omics datasets are typically sparse and the number of biological
features often vastly exceeds the number of biological samples which can introduce
anomalies in statistical analysis and the downstream findings if not addressed
accordingly; a term dubbed as “the curse of dimensionality”. The complexity,
compositionality, and dimensionality of “omics” datasets makes it challenging to derive
clinical meaning and an understanding of the microbial system with respect to a host

phenotype.



Although, artificial intelligence and machine-learning methods have progressed
substantially in recent years, their applications in domain sciences such as biology, and
by extension “omics” technologies, have been limited in terms of human interpretability.
In many machine-learning paradigms, interpretability is often sacrificed for analytical
performance, or vice versa, but recently a domain-agnostic effort aims to develop
explainable artificial intelligence algorithms that have both high modeling performance

and human interpretability; a major goal of biomedical sciences.

In this dissertation, | develop novel approaches in bridging biological science with
machine learning methods at the vanguard of scientific development through the initiative
of explainable artificial intelligence. The methods developed are validated on 3 datasets
pertaining to microbial-related diseases including antibiotic resistance discovery, acute
malnutrition in West African children, and caries pathology in Australian juvenile twins.
The combination of methods developed are expected to provide the means for clinical
researchers to overcome obstacles in interrogating the complex narratives that determine

health and disease.
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1 -INTRODUCTION

1.1 — Background and Context

Microbial-related diseases are a critical concern for public health. The study of these
diseases is often stymied by a battery of obstacles ranging from high-level interpretation
of microbial complexes identified in silico to the low-level assumptions of data generated
by next-generation sequencing (NGS) technologies. While each microbial-related
disease is unique in its own, the methodologies used to investigate these diseases are
not disease specific. NGS instruments produce a wealth of data and can be analyzed in
silico to provide insight into not only what it means biologically to be diagnosed with a
disease but also what it means to be healthy in the context of said disease. However, this
wealth is not without its caveats as this “embarrassment of riches” often leads to a
dimensionality where the number of features vastly exceeds the number of observations.
Analysis that does not address this dimensionality obstacle may result in unreliable

findings that are not generalizable to other similar datasets.

Traditional approaches often focus solely on the abundance of individual features (e.g.,
genes, microbes, etc.) when studying microbial-related diseases. Although this can reveal
biological insight and is suitable to address many hypotheses, abundance-centric
approaches often fail to provide insight into the microbial community structure and how
this topology changes between healthy and unhealthy phenotypes, many of which include
a multitude of microbial configurations that are grouped within the context of an umbrella
diagnosis. Investigating microbial communities through the confines of compositional

data analysis (CoDA), a critical framework when investigating NGS data especially the
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context of network analysis, is an area of active albeit nascent research and growing
amongst microbial ecologists with the advent of software packages built on a solid
foundation of theoretical mathematics. The advantages of network theory in the context
of microbial ecology are vast but the interpretations from a biological or clinical
perspective are often precarious as the number of pairwise interactions amongst features

increases quadratically with respect to the number of features.

Machine learning, a subset of artificial intelligence (Al), is an invaluable resource for
distilling biological meaning from large and complex datasets such as NGS datasets
and/or their network representations. However, these methodologies are by no means a
silver bullet; failure to address assumptions of NGS data have a high likelihood of yielding
spurious conclusions. In particular, the goal of many NGS experiments is to detect as
many high-quality biological features as possible and, despite a decline in experimental
costs, this facet of the experimental design often leads to a far greater number of features
than observations, thus, increasing the noise to signal ratio; a property exacerbated when
the category of observations is imbalanced which is the norm in most real-world studies.
Proper implementations of machine learning approaches to study such datasets should
include methodologies that address this dimensionality obstacle to minimize the risk of
spurious results. Further, many existing approaches do not recognize the compositionality
of NGS data and therefore do not abide by the assumptions imposed by CoDA
fundamentals. Therefore, findings based on statistical fallacies that do not address
dimensionality obstacles and compositionality may be misleading when it comes to

biological or clinical interpretation.
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The performance of machine learning algorithms increases with algorithm complexity
making interpretation of Al methodologies non-trivial. Explainable Al (XAl) is a paradigm
in which algorithms are designed for both high performance and human interpretability.
These algorithms function as a feed-forward knowledge loop where better understanding
of domain expertise (e.g., biology, chemistry) result in more realistic models which, in
turn, lead to a better understanding of the underlying process. XAl as a synergy of domain
expertise and machine learning presents a productive framework to characterize
microbial-related diseases by leveraging the wealth of data generated from NGS
instruments while also incorporating the many assumptions that are inherent in NGS

datasets.

1.2 - Aim and Objectives
Aim:
To develop explainable artificial intelligence methodologies that can be used to

characterize and provide insight into the mechanisms of microbial-related diseases.

Objectives:

1.2.1 — Compile existing literature to establish a theoretical foundation for
compositional data analysis, network theory, and (semi-)unsupervised machine learning
for investigating next-generation sequencing for biotechnology. Accomplished in

Publication | (Environmental Microbiology).

19



1.2.2 — Development of explainable supervised machine learning algorithms to
broadly address the dimensionality obstacles inherently in next-generation sequencing
datasets while applying these methodologies to alleviate the bottleneck in antibiotic
discovery pipelines. Accomplished in Publication Il (PLOS Computational Biology).

1.2.3 - Development of explainable precision medicine algorithms and
demonstrate their utility in characterizing childhood undernutrition using clinical
measurements and fecal microbiome sequencing. Accomplished in Publication Il
(EBioMedicine).

1.2.4 — Development of differential network analysis algorithms and scalable
metatranscriptomics pipelines while using these approaches synergistically to
characterize the oral microbiome in relation to dental caries. Accomplished in Manuscript

IV pending publication.
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1.3 — Dissertation Structure

Objective 1.2.1

Establish network analysis, CoDA, and
(semi-)unsupervised machine learning

theory

Publication |
Applications of weighted association networks
applied to compositional data in biology

L\
Objective 1.2.2

Develop supervised machine learning
methodologies to alleviate bottleneck in

A

antibiotic discovery

Publication Il
Predicting antimicrobial mechanism-of-action from
transcriptomes: A generalizable explainable artificial
intelligence approach

\ 4

Objective 1.2.3

Develop precision medicine algorithms to
characterize childhood undernutrition

Publication Il
Interactions between fecal gut microbiome, enteric
pathogens, and energy regulating hormones among
acutely malnourished rural Gambian children

\
Objective 1.2.4

Develop differential networks and
metatranscriptomics pipelines to provide

insight into dental caries <

Publication IV
Differential network analysis of oral microbiome
metatranscriptomes identifies community scale
metabolic restructuring in dental caries
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2 - LITERATURE REVIEW

2.1 - From organisms to ecosystems

Life can be visualized as a hierarchy as one transitions from molecules to unicellular
organisms and from individual organisms to ecosystems. An ecosystem is a complex of
organisms interacting with one another and with the physical environment that defines
the ecosystem with stability governed by a system of checks and balances. Ecosystems
are not constrained to environmental realms and can be defined over a broader domain
especially in the context of microbiology. For instance, the human microbiome is a
dynamic ecosystem comprised of microorganisms that have colonized the human body
and many of which interact with host human metabolism either directly or indirectly. As
with any environment, the human microbiome can be partitioned into more distinct
macroenvironment ecosystems such as the oral, nasopharyngeal, gut, vaginal, and skin
microbiomes each with their own microenvironments (e.g., supragingival vs. subgingival

plague microbiomes) (Fig. 1).

A common myth, and fallacy, is that the ratio of microbial cells to human cells within an
individual microbiome is around 10:1 (Luckey, 1972) but recent estimates disprove this
myth and estimate the ratio to be around 1.3:1 (Sender et al., 2016a, 2016b) and highly
variable between subjects; percentages as roughly 56.5% microbial and 43.5% human
cells on average (Fig. 1). Although the ratio of microbial to human cells is closer to 1:1,
there are an estimated 500-1000 species of bacteria that exist in the body at one time —

though, the number of unique sub-species and genotypes may be magnitudes larger -
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making the number of microbial genes vastly greater than the number of human genes
(Gilbert et al. 2020, Turnbaugh et al., 2007, Locey et al. 2016); thus, dramatically
increasing the metabolic heterogeneity and complexity of the ecosystem. Furthermore,
the dynamics within a human microbiome is especially complex because of the influence
from host genetics and environmental stimuli that introduce latent effects rendering
disease-related dysbiosis a non-trivial topic to study. Characterizing the mechanisms of

these interactions is paramount in the quest to understand health and dysbiotic systems.

Nasopharyngeal
Oral

Gut

Vaginal

%, ‘4“; T ~— " - N .
{QL}‘ = YW WEsy Skin

[l Human Cells (43.5%)
[ ] Microbial Cells (56.5%)

Figure 1 — Ecosystems of the human microbiome

(Right) Showcasing the 1.3:1 ratio of microbial to human cells proposed by (Sender et al., 2016a, 2016b)
but represented as percentages (56.5% microbial, 43.5% human). (Left) Simplified illustration of varying
communities and microbial richness for each ecosystem in the human microbiome consisting of, but not

limited to, nasopharyngeal, oral, gut, vaginal, and skin.

23



2.2 — Next-generation sequencing technologies

With the advent of next-generation sequencing (NGS) technologies, deep profiling of
biological systems has become increasingly affordable, and the collection of publicly
available datasets is growing exponentially. NGS instruments estimate the relative
abundance of discrete biological components (e.g., transcripts, 16/18S rRNA gene,
marker genes) within a community by sampling from a pool of nucleic acid fragments.
NGS technologies are the most practical avenue in which to study microbiomes and is
harnessed via metagenomics and metatranscriptomics, collectively referred to as “omics”
but the term encompasses other technologies, such as proteomics, as well. The cost of
NGS technologies have fallen drastically since the first human genome has been
sequenced with ~$10,000 per megabase of DNA sequence in 2001 to ~$0.01 in 2020;
substantially lower than the predictions of ~$10 per megabase via Moore’s law (NHGRI,
n.d.). The US National Institute of Health (NIH) sequencing read archive alone contained
more than 36 petabytes of raw NGS reads in 2020 and is expected to rise to 43 petabytes
in 2023 (National Center for Biotechnology Information, 2020). From falling costs and
rising accuracy of NGS technologies to the expanse of public data repositories, genomics
and meta-omics have moved from the being used primarily by researchers to being
increasingly used in clinical settings to investigate human and microbial-related diseases,

respectively.

A major advantage of metagenomics and metatranscriptomics is the ability to sample

from a variety of systems (e.g., marine systems, mammalian microenvironments, build
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surfaces) in an untargeted way to study organisms that cannot (yet) be cultured in the
laboratory. Early microbiology studies were cognizant to the prevalence of microbes that
could not be cultured. For instance in 1932, Razumov reported discrepancies between
cultivation-based and microscope-based cell counts (Razumov, 1932). Recently, it has
become clear that most bacterial phyla lack cultured representatives (Hug et al., 2016);
begging the question of what fraction of microscopic cells and viral particles on Earth have
been cultured? While each environment has its own characteristics and are likely
extremely variable, one study estimates that only about 0.01-1% of the microorganisms
observed in a microscope could be isolated using artificial media (Garza and Duitilh,
2015). The ability to sequence and reconstruct genomes without the need for exhaustive
culturing experiments not only expands our reference databases but more importantly
widens our understanding of life while increasing the potential for identifying genes that

can be repurposed via biotechnology.

The basic approach to NGS sequencing is isolation of genetic material (DNA or RNA)
with subsequent sequencing of fragments to produce reads. The reads output by NGS
instruments are then assembled in silico to produce contiguous sequences by taking
these short nucleic acid sequences and combining them to reconstruct the original source
genetic sequence. As NGS technologies become more widespread in their usage,
assemblers have followed suite with the emergence of assembly algorithms that
specialize in metagenomes (Nurk et al., 2017), transcriptomes (Bushmanova et al., 2019),
biosynthetic clusters (Meleshko et al., 2019), plasmids (Antipov et al., 2016), viruses

(Antipov et al., 2020), and even SARS-CoV-2 corona viruses (Meleshko et al., 2021);
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many of which are based on a data structure called a de Bruijn graph (Compeau et al.,

2011).

Two common types of metagenomic sequencing used in environmental and microbiome
sampling experiments are marker gene surveys and shotgun metagenomic sequencing
(Table 1). Both types can be referenced based but while the former requires a reference
database, the latter can be post-processed as de novo to build a reference. Similar to
shotgun metagenomics, there exists metatranscriptomics which can be processed as
either reference based (often paired with de novo shotgun metagenomics) or de novo to
yield transcripts that can be used as a reference. Although in both shotgun metagenomics
and metatranscriptomics de novo approaches the output is often annotated with existing
reference databases, they are still able to identify sample-specific genomes and
metabolic activity not previously observed. Marker gene surveys, shotgun metagenomics,
and metatranscriptomics all have their benefits and caveats which is why meticulous
experimental design is critical to maximize the amount of resources devoted to

researching a topic of interest.

The aim of marker gene surveys is to quantify the abundance of specific components
and, by extension, the biological features they represent. Marker gene surveys amplify a
specific region of the source genetic material, with the most common being the 16S
ribosomal RNA (rRNA) for prokaryotic, 18S rRNA for protists, and ITS for fungal targets.
The reads from this approach are aligned and clustered, often at 97% nucleotide identity,

into operational taxonomic units (OTU), or amplicon sequence variants (ASV) where
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unique sequences retain their independence. Although these surveys are cost effective
with established user-friendly post-processing computational pipelines, they are limited
to only characterizing taxonomy, often only at a genus specificity, and provide no
functional information. Although the abundance of specific taxa may be the suitable for
many studies, especially when the sample size is large, the lack of defined genomes in
marker gene surveys makes it difficult (if not impossible) to distinguish between similar
strains (Espinoza et al., 2018) and provide no means for characterizing novel organisms
since analysis is dependent on existing databases. There are tools such PICRUSt2 that
infer metabolic function from marker gene surveys but these predictive methods are only
useful in well characterized systems such as the human gut and should not be used in

less characterized systems such as environmental samples.

The aim of shotgun metagenomics is to not only quantify which taxa are present in a
community as in marker gene surveys but to quantify the functional potential of these
organisms. The library preparation differs from marker gene surveys as shotgun
metagenomics protocols fragment the source genetic material and sequences all the DNA
present in the sample instead of a specific locus. Shotgun metagenomics are often split
into two categories: (1) reference-based profiling metagenomics; and (2) de novo
assembly-centric. Profiling approaches are more user-friendly and typically implemented
by mapping reads to a database of well-established marker genes to determine the
taxonomy and, sometimes, metabolic potential (Beghini et al., 2021; Nayfach et al., 2016;
Wood et al., 2019). De novo assembly-centric approaches are more complex as they

assemble reads into contiguous sequences referred to as contigs and these contigs are
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then joined into larger scaffolds. Although these methods are time consuming and
analytically challenging, they provide much richer information; more than is necessary in
some studies. As the main objective of assembly-centric shotgun metagenomics is
typically to associate metabolic function with specific, post-processing analysis is non-
trivial because the output data are random and have no biological organization. The post-
processing of assembly-centric shotgun metagenomics, such as reconstructing genomes
in a process called genome binning (described below), often requires more expertise in
running computational pipelines and interpretation, which makes automation and

scalability of shotgun metagenomics more difficult than marker gene surveys.

While metagenomics focuses primarily on identifying which microbes are present within
a community and their functional potential, metatranscriptomics can be used to study the
expression of genes within such communities and how these levels change in different
conditions (e.g., healthy vs. dysbiotic microbiomes). Metatranscriptomics is more difficult
than metagenomics approaches because it involves RNA which is less stable than DNA.
A typical shotgun metatranscriptomics protocol includes RNA extraction, depletion of
rRNA, and cDNA synthesis to prepare the libraries prior to sequencing. Similar to shotgun
metagenomics, metatranscriptomics can either be reference-based profiling based or de
novo assembly-centric. Metatranscriptomics can also be paired with de novo
metagenomics, where the metatranscriptomic reads are mapped to genomes derived
from metagenomic assemblies to determine gene expression. With regards to profiling
approaches, many of the tools designed for microbial profiling can be used seamlessly

with either RNA or DNA reads. In a de novo assembly-centric metatranscriptomic
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approach, the reads are assembled into contiguous sequences as in shotgun
metagenomic assembly but the resulting contigs represent transcripts that are organized
by predictive in silico gene assignments. The advantage of metatranscriptomics is that it
can provide information about differences in the functional activity of microbial
communities which appear to be the same in terms of microbe composition (Bashiardes
et al.,, 2016). In many “omics” studies, metagenomics and metatranscriptomics
sequencing are paired where genomes are derived from the assembly-centric shotgun
metagenomics and the reads from the metatranscriptomics are used to determine gene

expression for these de novo communities as mentioned previously.

Table 1 — Overview of types of NGS approaches for quantifying environmental DNA and RNA

Reference- Analysis
Type Cost Scalability based Taxonomy Metabolism Difficulty
MGX - Marker Gene Survey * ok v v *
Shotgun MGX/MTX (Profiling) | ** ook v v v *
Shotgun MGX (De novo) * * v v ok
Shotgun MTX (De novo) > b v v *
Paired MGX - MTX (De novo) ok * v v Rk

MGX Metagenom cs
MTX Metatranscr ptom cs
MAG Metagenome Assemb ed Genome

2.3 - Reconstructing genomes from metagenomes

The methodology for reconstructing genomes in silico from metagenomic assemblies is
referred to as genome binning. The ability to organize disjoint sequences into individual
genomes is a major strength employed by shotgun metagenomics and is absolutely
essential when linking functional potential to taxonomy; especially in the context of novel

organisms. The minimum requirement input for running a genome binning algorithm is
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the metagenomic assembly in the form of contigs or scaffolds. In most genome binning
algorithms, the contigs are binned by making use of DNA sequence composition and
counting the number of overlapping occurrences of k-mers, which are genetic sequences
of length k. However, many algorithms take in additional input arguments including
coverage matrices linking sequencing depth per contig per sample (Alneberg et al., 2014;
Kang et al., 2019; Nissen et al., 2021; Wu et al., 2016), Hidden Markov Models identifying
which marker proteins occur in each bin (Wu et al., 2016), codon usage (Yu et al., 2018),
and even the de Bruijn graph intermediates of the metagenome assemblies
(Mallawaarachchi et al., 2020, 2021). The input data are combined and clustered (a form
of unsupervised machine learning described later) using various algorithms such as
Emergent Self-Organizing Maps (Dick et al., 2009), t-Distributed Stochastic Neighbor
Embedding (Van Der Maaten, 2014), Uniform Manifold Approximation and Projection
(Mclnnes et al.,, 2018), or even deep learning techniques such as Variational
Autoencoders (Nissen et al., 2021) to produce groups of contigs referred to as genome
bins. Once the genome bins have been refined (Sieber et al., 2018), the quality has been
evaluated (Parks et al., 2015), quality guidelines are met (Bowers et al., 2017)), and
taxonomy has been determined (Chaumeil et al., 2020) the draft genomes are then
referred to as metagenome assembled genomes (MAG). These genome binning
techniques make it possible to recover genomes from organisms that cannot be cultivated
and have broadened our range of detecting and characterizing microbial life from various
environments (Hug et al., 2016). While this has been historically focused on Bacteria or
Archaea, recent advancements in bioinformatics have made it routine to assemble viral

genomes from metagenomes (Antipov et al., 2020), isolate complete or partial viruses
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from assemblies (Guo et al., 2021; Kieft et al., 2020; Ren et al., 2017), and evaluate the

quality of detected viruses (Nayfach et al., 2020).

2.4 — Next-generation sequencing data is inherently compositional

While NGS technologies prove invaluable in the quest for identifying and characterizing
microbes that cannot yet be cultured, they are not without their caveats. One of the of
the most obvious is the inability for short sequence reads to be resolved over repeat
regions that are common in eukaryotic organisms. Emergent long read technologies such
as Oxford Nanopore and PacBio can address these issues but are not without their flaws
and not widely applied in meta-omics yet, thus they will not be further discussed in this

dissertation.

Another caveat that is less known originates from the inherent design of NGS instruments
as they estimate the relative abundance of discrete biological components (e.g.,
genomics fragments, transcripts, marker genes) within a community by sampling from a
pool of nucleic acid fragments. Each of these subsampled fragments serve as a proxy
for discrete biological components, and the percentage of each biological component is
proportional to the true abundance in the sampled community. In practice, these
subsampled fragments (i.e., reads) are mapped to a reference and the number of reads
that align to a feature within the reference are counted resulting in a matrix (samples vs.
features) of positive integers called a counts table. “Omics” counts tables, albeit routine
in biological sciences, are non-trivial to analyze when considering the variance that arises

from biological complexity, batch effects from laboratory protocols/conditions, and the
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calibration of highly sensitive instruments. In addition to this inherent complexity, the data
generated from NGS instruments is fundamentally compositional; that is, conveying only
relative information dependent upon the capacity of the instrument, experimental design,

and technical bias.

Compositional data is defined as a D-part composition, referred to as a composition, when
all components are represented by strictly positive real numbers that carry only relative
information (Aitchison, 1982; Egozcue et al., 2003). The statistical methods for
compositional data address the reality that these compositions do not exist in real
Euclidean space but in a subset known as the simplex (Aitchison, 1982). In NGS studies,
these compositions are generated from subsampling and the observed abundance is
uninformative (e.g. sequencing depth) as only this represents parts of a whole and carries

only relative information (Pawlowsky-Glahn et al., 2015).

With this relativity, the information contained in the relationships between components is
more essential than the information contained within an individual component (Rivera-
Pinto et al., 2018). For instance, consider two conditions (A and B) where each
composition contains 3 components (X, Y, and Z) where each component represents an
individual microbe (Fig. 2, Table 2). Components Y and Z have identical abundance in
both conditions but component X has doubled in condition B relative to condition A (i.e.,
Conditiona(X) = 3, Conditions(X) = 6). If relative abundance measures are used and
compared between conditions, then it may appear that components Y and Z are depleted

in condition B relative to condition A but, in actuality, their absolute abundances have not
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changed. Comparing relative abundances between samples will likely lead to spurious

and noisy conclusions with faulty biological interpretations.

Log-ratio transformations are compositionally valid data transformations that perform
equivalently on both the counts and relative abudances while capturing the relationships
between features within the sample space (Pawlowsky-Glahn et al., 2015). The log-ratios
are referred to as balances and are not sensitive to library-size or individual components.
Aitchison geometry provides methods for analyzing compositional datasets through log-
ratios and isomorphisms that transform compositions from the Aitchison simplex to real
space (Aitchison, 1982). One type of Aitchison geometry is the isometric log ratio (ILR)
which operates on relative data in an unconstrained space with an orthogonal basis, thus,
preserving all information in the original composition and is preferred when a non-singular
covariance matrix is needed (Egozcue et al., 2003; Silverman et al., 2017). The ILR
method uses a sequential binary partition to construct a new set of coordinates making it
desirable in the field of microbiology where phylogenetic trees represent a natural
coordinate system for vertical evolutionary relationships that distinguish taxonomy-
derived components. As mentioned, ILR transformations have recently been repurposed
by the microbiology community and have proven to evade many statistical artifacts
introduced from an incorrectly represented sample space (Morton et al., 2017; Silverman
et al., 2017; Washburne et al., 2017). The ILR transformation has been used to
investigate taxonomic signatures in the human gut that are associated with obesity
(Finucane et al., 2014), has been benchmarked for several supervised machine learning

methods against popular normalization techniques (Knights et al., 2011; Silverman et al.,
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2017), and for linking external covariates to specific clades using regression methods
(Washburne et al., 2017). ILR can also be used in a supervised setting for identifying
taxa associated with a particular phenotype (i.e., feature selection) (Rivera-Pinto et al.,
2018). However, one caveat of using balances is that the resulting data dimensionality
is projected into a D — 1 dimensional space making interpretation difficult to directly

associate specific components with particular trends.

Additive log-ratio transformation (ALR) also projects the data into a D — 1 dimensional
space and does not preserve distances as it is an isomorphism but not an isometry
(Pawlowsky-Glahn et al., 2011). However, ALR is not as common in biological settings
as it often requires a single unchanged reference (Quinn et al., 2018), which is rarely
available in many microbiome studies. Another type of Aitchison geometry is the centered
log-ratio (CLR) transformation which preserves distances and is both an isomorphism and
an isometry (Pawlowsky-Glahn et al., 2011). The CLR transformation is computed by
taking the logarithm of each measurement and dividing by the geometric mean of the
composition (i.e. arithmetic mean of logs) (Aitchison, 1982). An attractive feature of the
CLR transformation is that the output retains the same dimensionality after transformation
(Egozcue et al., 2003), which is not the case for ILR or ALR. This property allows for direct
associations between a particular component and the transformed value without
decomposing the balances amongst binary partitions as is required by ILR. CLR
transformations have been applied to a wide range of biological topics including
metagenomic binning using k-mer profiles (Laczny et al., 2015), the impact of gliadin in

gluten-tolerant hosts (Zhang et al., 2017) and differential abundance (Fernandes et al.,

34



2013; Mandal et al., 2015; Morton et al., 2019). However, it is important to note that the
CLR transformation yields a coordinate system featuring a singular covariance matrix
which may violate the assumptions of some statistical methods (Pawlowsky-Glahn et al.,

2015).

CLR- and ILR-transformed data benefit from the following properties: (1) scale invariance,
in that multiplying by a constant, such as library-size, will not influence the resulting
transformation; (2) perturbation invariance, in that converting compositions between
equivalent units does not affect the results; (3) permutation invariance, in that the order
of components comprising the composition does not matter; and (4) sub-compositional
dominance detailing that a subset of a complete composition contains less information

than the whole composition (Quinn et al., 2018).

Exploration in this landscape requires vigilance and awareness of data characteristics,
such as the lack of independence among compositional features, when applying
statistical methods not designed for such assumptions as described in the literature
(Gloor et al., 2017; Quinn et al., 2018). Although many industry standard statistical
approaches used for analyzing NGS datasets such as negative-binomial dispersion
models (Love et al., 2014; Robinson et al., 2010) and zero-inflated gaussian models
(Paulson et al., 2013) harbor assumptions about data distributions that violate the
principles of compositionality (Gloor et al., 2017), the knowledge transfer of CoDA has
migrated from geology to the realm of bioinformatics (Erb and Notredame, 2016; Lovell

et al., 2015; Morton et al., 2017; Quinn et al., 2018). This facet of compositionality is
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integral to CoDA, which has a strong mathematic theoretical foundation, and has become
expected by many research groups that specialize in microbiome research. The aftermath
of establishing CoDA principles as a cornerstone of NGS analysis has produced
advancements in machine learning (Espinoza et al., 2021), phylogenetic analysis (Morton
et al., 2017; Rivera-Pinto et al., 2018; Silverman et al., 2017; Washburne et al., 2017),
network analysis (Erb and Notredame, 2016; Espinoza et al., 2020; Quinn et al., 2017),
differential abundance analysis (Fernandes et al.,, 2014, 2013; Mandal et al., 2015;
Morton et al., 2019; Thomas P. Quinn et al., 2018), metagenomic binning (Laczny et al.,

2015), and feature engineering (Quinn and Erb, 2020).
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Figure 2 — Absolute vs. relative abundance of compositional data
Simplified illustration of absolute abundance (left) and the effects on relative abundance (right) for

conditions A (top) and B (bottom) where component X is doubles from 3 to 6 counts.
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Table 2 — Interpreting enrichment when comparing absolute and relative abundance between two

conditions
Type Condition X Y z
Absolute A 3 5 6
B 6 5 6
A(B-A) 3 0 0
Relative A 21.4% 35.7% 42.9%
B 35.3% 29.4% 35.3%
A(B-A) 13.9% -6.3% -7.6%

2.5 — Structuring abstract associations in compositional data with networks

A network is a graphical structure used to represent relations between discrete objects.
It is a flexible abstract mathematical construct that can model systems with varying levels
of complexity from simple binary networks to hierarchical weighted networks. This
versatility is alluring to researchers seeking to understand how discrete features are
associated with each other, reflective of the inner mechanics of a system. However, the
versatility of networks theory comes with a cost in that a network is highly sensitive to
input data, thresholds, inference, and transformations; therefore, implementation must be

pursued strategically.

The discrete objects within a network are referred to as nodes and the connections
between these nodes are referred to as edges (Fig. 3A). Edges are typically either
weighted (w € R ) or unweighted (w € {0,1}), where the weights correspond with some
numeric association value that represents the connection strength between the two
nodes; though, many layout algorithms expect networks with positive real valued edge
weights (Jacomy et al., 2014). A matrix consisting of these values is called an adjacency

matrix (A) and is the core structure of a network (Fig. 3B). A is often represented as a
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(m x m) matrix where each Aj represents a (weighted) connection defined by a real
valued association function of two vectors of size n (m = number of nodes and n = number
of observations). Weighted networks are generally preferred over unweighted networks

as they contain much more information than their binary counterpart.

Networks can either be symmetric or asymmetric, where the edges are undirected (Aj
equals Aji) or directed (A; may or may not equal Ajj), respectively. Directed networks
have been applied to modeling metabolic pathways, where nodes represent compounds
and edges represent chemical reactions that transform metabolites into products
(Levering et al., 2017). Undirected networks are more common when investigating
compositional datasets and are covered in detail in the subsequent section of this review.
As mentioned, the flexibility of networks is essential for its powerful applications while,

often, interpretation is the limiting factor.

Network connectivity [ k ] is a metric used to quantify how much influence a particular
edge, node, or group of nodes has within a system. Many studies benefit from weighted-
degree as a connectivity measurement which is applicable at multiple levels and
interpreted differently depending on the network context. Connectivity at the edge level
represents the edge weight of a pair of nodes, while at the node level connectivity refers
to the sum of weighted edges connected to a node (Fig. 3B,C). These connectivities can
be grouped such as quantifying the total connectivity of a subset of edges (as in the case
for node connectivity by grouping edges connected to a node), a subset of nodes, or the

entire network itself. As scaled connectivity [k”] normalizes the node connectivity values
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so they sum to 1 within a network they can be used to compare networks with different

numbers of nodes or edges (Fig. 3C).

Association networks are common amongst biological network analysis where each node
typically represents a discrete feature, each edge represents an inferred interaction or
association, and the edge weight represents the strength of association between a pair
of nodes. Association networks construction is highly modular and customizable from the
selection of the association metric to edge detection (Fig. 2). Common association
measures include correlation coefficient (Fuller et al., 2007), -log(P) (Shomorony et al.,
2020), mutual information (Lachmann et al., 2016; Villaverde et al., 2014), Kullback-
Leibler divergence (Lachmann et al., 2016), and proportionality (Lovell et al., 2015). The
most common perhaps is the correlation coefficient which measures the relationship
strength between a pair of nodes and exists within the interval [-1,1] where a value of 1
indicates an identical relationship amongst covariates. There are several types of
correlation measures including Pearson, Spearman, Kendall rank, and Biweight-
midcorrelation. Pearson correlation measures linear relationships and is the most widely
used correlation measure, albeit sensitive to outliers. Spearman correlation is a rank-
based measure that is able to capture monotonic relationships while Biweight-
midcorrelation is a median-based correlation. Both Spearman and Biweight-
midcorrelation tests are more robust to outliers than Pearson, while the latter is often
more powerful (Hardin et al., 2007; Langfelder and Horvath, 2012; Song et al., 2012).
Correlation coefficients as an edge association metric are desirable because they are

easily calculated, are subject to several asymptotic statistical tests, scaled, and the sign
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of the measure can distinguish inverse relationships (Song et al., 2012). However,

correlation measures can be biased by compositionality (Friedman and Alm, 2012).

Proportionality is a compositionally valid association measure that can be used as an
analog to correlation as the range of values is from [-1,1]. There are typically three flavors
of proportionality including ¢, ¢s, and pp (Lovell et al., 2015). The proportionality measures
¢ and ¢s both range between [0, «), as the asymmetric and symmetric versions,
respectively (Quinn et al., 2017). The proportionality measure pp is the most akin to
correlation as the pairwise application results in a symmetric matrix with values ranging
from [-1,1] where a value of 1 indicates perfect proportionality amongst components (Erb
and Notredame, 2016). A major advantage of proportionality measures is that they are
robust when analyzing relative data (Lovell et al., 2015) and tend not to produce spurious
connections (Quinn et al., 2017); a stark contrast with Pearson’s correlation coefficient
which had considerable limitations when applied to compositional data. The properties of
robustness to spurious results, scale invariance, and interpretability positions
proportionality as an effective association metric when inferring cooccurrence (Bian et al.,

2017) and coexpression (Lovell et al., 2015) from NGS-derived datasets.
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Figure 3 — Network connectivity

(A) Traditional view of a fully-connected network of 4 nodes {A,B,C,D} with undirected edges where
Edge(A,B) = Edge(B,A). (B) Adjacency matrix representation of (A) edge connectivities showing symmetry
of upper and lower triangles. In this scenario, self-associations are not included. (C) Node connectivity
shown as weighted-degree, that is, the sum of edge weights connected to a node and scaled connectivity

which normalizes the connectivity so that the total of all connections sums to 1.

2.6 — Machine learning as a subset of artificial intelligence

Artificial intelligence (Al) in popular culture and science fiction is much different in reality.
In the most general sense, Al simply refers to programs with the ability to learn and reason
as observed with human intelligence. However, this is partitioned into 2 categories: (1)
universal Al; and (2) narrow Al. Often times in popular culture, the Al referenced is
universal Al which exhibits all features of human intelligence but this type of Al research
is much more niche and is not at the level of real world applications. Narrow Al on the

other hand, though less well known amongst non-engineers, is much more applicable for

41



research purposes. Narrow Al can be defined as Al that exhibits some aspect of human

intelligence and designed to accomplish a specific task very well.

Machine learning is a subset of narrow Al that provides systems with the ability to
automatically learn and improve from experience without being explicitly programmed.
The basic anatomy of input data in a machine learning algorithm includes the
observations (e.g., biological samples), the features (e.g., genes), and, in the case of
supervised learning, the target output (e.g., classifications or continuous values). Machine
learning algorithms are typically split into 2 categories: 1) unsupervised learning; and 2)
supervised learning (Fig. 4A). In NGS studies, a typical machine learning problem will
consist of at minimum (1) a (n x m) feature matrix, denoted as X, of compositional data
for both supervised and unsupervised paradigms and (2) a n dimensional target vector,
denoted as y, in supervised paradigms though additional metadata (either with respect to

observations or features) (Fig. 4B).

Unsupervised learning is a branch of machine learning in which the algorithm is not
provided with any pre-assigned labels or scores for the training data (Bastanlar and
Ozuysal, 2014) and is typically used in clustering (e.g., genome binning) and network
analysis. Supervised learning is another branch where algorithms learn a function that
maps an input to an output based on example input-output pairs; that is, the algorithm
infers a function from labeled training data. Supervised learning is split further into 2
subcategories with one being classification algorithms that predict sample labels and the

other being regression algorithms that predict continuous values based on input data.
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Consider a 2-dimensional dataset (dimensions x and y) with 2 classes of samples (Classa
and Classg) as illustrated in Fig. 4C where x and y are linearly related; this can either
modeled as a regression or classification problem. For instance, if one were to model y
as a function of x (i.e., f(x) = y ), then the fitted model would be the line that best fits the
trend of x with respect to y; the best-fit line as indicated by the dashed line in Fig. 4C.
Similarly, this best-fit line can also be used a discriminator between Classa and Classg in
a classification task where any point above the f(x) = y regression line can be classified
as Classa and any point below the line as Classs. However, most real-world datasets
where the latent mechanisms giving rise to the phenomena being modeled are
multifactorial and probabilistic (e.g., biology), the models are much more complex.
Further, in many real-world datasets the number of samples within classes tend to differ
as a result of poor experimental design, incomplete measurements (e.g., random
sampling), or the (in)availability of bona fide samples within a class (e.g., compounds
within a MOA), referred to as class imbalance illustrated in Fig. 4C, and this aspect tends

to create biased models if not addressed properly.

In both scenarios, the true values of y would be compared against the model predictions,
referred to as y, to evaluate the performance of the model. In the regression scenario, a
basic metric of performance would be mean squared error where the difference between
y and y are measured for each point, squared so all values are positive, and then
averaged (i.e., MSE = Mean( (y - y)? )). In the classification scenario, the most basic
metric would be accuracy which would get the number of correctly classified points

divided by the number of total points (i.e., Accuracy = Mean( y == y)?).
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The data that is used as input into the algorithms are typically split into training and testing
datasets where the training set is used to fit the models and the testing set is used to
evaluate the models (Fig. 4B). However, the training and testing is typically implemented
in an iterative manner by randomly sampling training and testing pairs, given there isn’t a
hierarchical structure which is typically known a priori as described in Publication |, which

prevents overfitting models and increases generalizability to new observations.
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Figure 4 — Types of machine learning

(A) Visualizing the differences between supervised and unsupervised machine learning of samples
representing different classes indicated by shapes. (A, Left) Supervised learning indicating best fit model
classification sectors indicated by dashed lines separating samples of different classes. (A, Right)
Unsupervised learning clustering samples learning patterns without any training a priori with cluster sectors

indicates by dashed lines. (B) General process in which algorithms are trained and evaluated given input
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data. (C) Visualization the difference between classification and regression learning while also showing

how more complex models can overfit the data and remove the generalizability to new data.

2.7 — Explainable artificial intelligence

XAl is the intersection of domain expertise, mathematics, and computer science (Fig. 5A).
XAl arises from the proper execution of the synergy between biology and machine-
learning where a researcher: (1) creates human interpretable models without sacrificing
performance (e.g., high prediction accuracy); (2) interprets the models to better
understand the biology; (3) uses the enhanced interpretation biology to construct more

realistic models.

The premise of XAl is that learned models can be unpacked and analyzed so that their
contents have an interpretable structure. With this premise, there are several aspects of
the learning process that must be taken into consideration: (1) the algorithm used for
learning (e.g., logistic regression vs. neural network); (2) the data transformation used
(e.g., center log-ratio vs. Box-Cox); (3) the evaluation metric and cross-validation
procedure; and (4) feature representation procedure (e.g., aggregated features vs.
principal components). When curating these aspects, the advantages of XAl is a feed-
forward loop of knowledge where models can be interpreted by domain experts such
biologists or chemists which can inform the engineer on how to develop more expert

curated Al models (Fig. 5B).
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The complexity of a machine learning model at times can often be associated with higher
performance (Fig. 5C). However, greater complexity provides a higher probability of
model overfitting if the model is designed poorly or the training data is not sufficient. For
instance, revisit Fig. 4C from a classification perspective to notice the overfitted model
(solid line) that has greater accuracy but at the cost of increased complexity and
decreased the generalizability to data. Deep learning models such as neural networks
can be very complex with activation functions and multiple internal layers of varying
dimensionality rendering human interpretation difficult but not impossible. On the other
end of the spectrum, there are rule-based algorithms that are not very generalizable.
Linear models and decision trees are widely used as they have mediocre performance
out-of-the-box but can easily implemented into ensemble approaches such as random

forests, gradient boosting trees, or adaboost.

XAl is a universal effort, not limited to bioinformatics, to transition our methodology
towards one of interpretability and high-performance (Gunning, 2017). The prospect of
XAl in the quest to demystify the complexity of human microbial communities in the
context of what it means to be healthy or diseased is immeasurable. Furthermore, the
XAl methodologies developed to study human microbiomes can be used seamlessly to
investigate sustainable agriculture (Singh et al., 2020), coral resilience to climate change

(Santoro et al., 2021), build environments for public health (Weiss et al., 2018), space
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travel (Voorhies et al., 2019), and global pandemics (Burchill et al., 2021).
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Figure 5 — Explainable artificial intelligence
(A) Venn diagram of the overlap between biology, mathematics, and computer science to yield XAl. (B)
Schematic of the XAl learning process showing how models can be interpreted by domain experts in biology

which in turn yield insight into how engineers can develop better models. (C) A diagram showing the general
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relationship between a model's human interpretability and potential performance with XAl being in the

sector that is both highly interpretable and highly performant.

2.8 - The union of domain expertise and artificial intelligence

Bioinformatics exists at an advantageous nexus between domain expertise and machine-
learning with the requirement of framing biological questions from an engineering
perspective and utilizing machine learning methods to address these questions.
Although NGS instruments output a deluge of data in the form of sequencing reads, the
reference used for mapping these reads ultimately determines the resulting
dimensionality of the counts table. In microbial isolate genomics, it is common to map
the sequencing reads to ~4000 features (e.g., Escherichia coli K-12 genomes has 4,401
genes) and in human genomics there are typically ~20,000 features (more if non-coding
genes or isoform variants are included), but in meta-omics it is not uncommon for a
reference to contain over a million features. With most “Omics” datasets containing
samples in the tens, sometimes in the hundreds and rarely in the thousands, this
dimensionality has the potential to introduce a multitude of statistical anomalies if not
properly addressed. More specifically, when the number of biological features vastly
exceeds the number of biological samples statistical phenomena can arise that do not
exist in lower dimensional representations (Altman and Krzywinski, 2018); a term dubbed
as “the curse of dimensionality” (Bellman, 2003). The complexity, compositionality, and
dimensionality of “Omics” datasets makes it challenging to derive clinical meaning and an

understanding of the microbial system with respect to a host phenotype.
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As the study of microbiomes become a more frequented vantage point in which to
examine disease, new methods must be developed to surmount the obstacles inherent
in the data. It is common for domain sciences such as biology to have analytics as the
limiting factor for progress; the knowledge to ask the questions without the computational
abilities to solve the problem on a large scale. This limiting factor is not only due to the
complexity and dimensionality of the data but also the degree of uncertainty, unknown
function of biological features, and influence from external variables. The quintessential
example of this is illustrated in the synthesis of the minimal cell JCV-syn3.0 with a 531
kilobase genome and 473 essential genes; 149 genes of which with completely unknown
function (Hutchison et al., 2016). On the contrary, the fields of machine-learning and
artificial intelligence have two limiting factors with the first being compute resources and
the second being the domain expertise to interpret the findings in the context of domain
knowledge; the means to solve the problem without knowing or understanding the

question.

Naturally occurring microbial communities are structured by complex mechanisms
including competition for resources, dynamic environmental conditions, and interactions
between other organisms (Bastolla et al., 2009; Pascual-Garcia et al., 2020). The study
of systems biology is fundamental when investigating microbial-related diseases
including what factors are involved in characterizing a healthy or diseased phenotype.
Furthermore, the complexity of microbial communities introduces an unprecedented
channel for discovering natural products as microbes wage a metabolic war when

competing for limited resources. For instance, novel antibacterial compounds have been
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isolated from soil microbiomes (Ling et al., 2015) and from the digestive systems of

entomopathogenic nematodes (Imai et al., 2019).

As these microbial communities

cohabitate and influence their environment, antibiotic resistance becomes relevant in the

diagnosis of microbial-related diseases as observed with drug resistance potential

between the oral microbiomes of cohorts with and without dental caries (Espinoza et al.,

2018)).
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Summary

Next-generation sequencing technologies have gen-
erated, and continue to produce, an increasingly
large corpus of biological data. The data generated
are inherently compositional as they convey only rel-
ative information dependent upon the capacity of the
instrument, experimental design and technical bias.
There is considerable information to be gained
through network analysis by studying the interac-
tions between components within a system. Network
theory methods using compositional data are power-
ful approaches for quantifying relationships between
biological components and their relevance to pheno-
type, environmental conditions or other external vari-
ables. However, many of the statistical assumptions
used for network analysis are not designed for com-
positional data and can bias downstream results. In
this mini-review, we illustrate the utility of network
theory in biological systems and investigate modern
techniques while introducing researchers to frame-
works for implementation. We overview (1) composi-
tional data analysis, (2) data transformations and
(3) network theory along with insight on a battery of
network types including static-, temporal-, sample-
specific- and differential-networks. The intention of
this mini-review is not to provide a comprehensive
overview of network methods, rather to introduce
microbiology researchers to (semi)-unsupervised
data-driven approaches for inferring latent structures
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that may give insight into biological phenomena or
abstract mechanics of complex systems.

Introduction

With the advent of next-generation sequencing (NGS)
technologies, deep profiling of biological systems has
become increasingly affordable and the collection of pub-
licly available datasets is growing exponentially. NGS
instruments estimate the relative abundance of discrete
biological components (e.g. transcripts, 16/18SS rRNA,
marker genes) within a community by sampling from a pool
of nucleic acid fragments. A typical NGS 16SrRNA experi-
ment consists of (i) sequencing 16S rRNA amplicons at a
specified sequencing depth from environmental samples
(Caporaso et al., 2011; Logares et al., 2020), human tis-
sues/biofluids (Goodrich et al., 2016; Gomez et al., 2017;
Voorhies et al., 2019) or built environments (Weiss
et al., 2018; Checinska Sielaff et al., 2019); (ii) clustering
highly similar sequences into operational taxonomic units
(OTU) as a representative for closely related taxa (Sneath
and Sokal, 1962; Schloss et al., 2009; Edgar, 2013) or
using amplicon sequencing variants (ASV) (Callahan
et al., 2016; Amir et al., 2017); (iii) generating abundance
tables by counting NGS reads mapped to ecological units
(e.g. OTU or ASV); and (iv) analysing the resulting abun-
dance tables such as alpha/beta-diversity, differential
abundance or network analysis.

Each of these subsampled fragments serve as a proxy
for discrete biological components, and the percentage of
each biological component is proportional to the true abun-
dance in the sampled community. However, the measured
abundance ultimately depends on the chemistry of the
assay, not the input material (Quinn et al., 2018), and
observations of these biological units are not entirely inde-
pendent as the instruments can only measure reads up to
the capacity of the machine. For example, if we imagine a
sequencer as having a fixed number of slots, analogous to
sequencing depth, then an increased abundance of one
biological component may saturate the available slots
leaving fewer slots for less abundant components and
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potentially rendering low abundance components as
undetected. NGS experiments often produce millions of
reads, and after quality control followed by post-
processing, the resulting product is an abundance table
organized by quantification of biological components with
respect to the total measured reads within a sample repre-
sents the sequencing depth.

Although observed abundances in macroscopic eco-
logical context are typically independent events (Gloor
et al., 2017), this is often not the case in microbial ecol-
ogy as many organisms cannot be cultured in a con-
trolled setting (Rinke et al., 2013) and can currently only
be observed collectively through NGS technologies. As a
result of this phenomena, NGS-derived datasets such as
metagenomics and metatranscriptomics are inherently
compositional. Compositional data are defined as a vec-
tor of strictly positive real numbers with an unknown or
uninformative total (e.g. sequencing depth) as the abun-
dance of each component represents parts of a whole
and carries only relative information (Pawlowsky-Glahn
et al., 2015). With this relativity, the information contained
in the relationships between components is more essen-
tial than the information contained within an individual
component (Rivera-Pinto et al., 2018). Exploration in this
landscape requires vigilance and awareness of data
characteristics, such as the lack of independence among
compositional features, when applying statistical methods
not designed for such assumptions as described in the lit-
erature (Gloor et al., 2017; Quinn et al., 2018).

The advantages of powerful analytical techniques such
as machine-learning and network analysis on NGS
datasets become increasingly attainable as sequencing
costs continue dropping by several orders of magnitude.
For instance, in 2001, the cost of sequencing the human
genome was ~$100,000,000 compared to ~$1000 in
2019; exceeding far beyond the Moore’s law predictions of
~$180,000 (DNA Sequencing Costs, 2020), machine-
learning methods are routinely applied on two-dimensional
data matrices represented by observations and features,
where each feature represents an individual measurable
property or characteristic of a phenomenon being
observed (e.g. microbiome diversity) (Bishop, 2006). This
terminology adapts to compositional datasets where an
observation would represent a particular composition, a
feature as an individual component and the numeric value
as the count of the component within the composition.
Extending the concepts into network theory, these discrete
features can represent nodes within a network and continu-
ous associations between features as weighted edges. In
the context of a NGS-derived compositional dataset, a typi-
cal network instance could entail an individual sample as
an observation/composition, OTU as a features/compo-
nent and read counts where pairwise association between

features would be the basis for the edge connectivity within
the network. Later in this review, we elaborate on the
methods behind generating such networks from composi-
tional datasets.

With large datasets, researchers are not only investi-
gating the abundance/depletion of features in relation to
a specific condition, but also the (inferred) interactions
between features. One way for such an investigation is
by applying network theory. The versatility of graphical
abstractions using nodes, edges and topological struc-
ture can be contextually applied to a wide array of prob-
lems. For instance, applications of network theory have
been successful in several fields including studying
plankton networks driving carbon export (Guidi
et al., 2016), gene interactions related to weight physiol-
ogy (Fuller et al., 2007), ecological shifts (Gomez
et al, 2017) and metabolic potential (Espinoza
et al., 2018) associated with carious lesions in children
and regulatory metabolic interactions in marine diatoms
(Levering et al., 2017) and bacterial soil communities
(Mandakovic et al., 2018). Many biological networks are
composed of molecules such as DNA, RNA, proteins and
metabolites as the nodes, and edges between these
nodes represent either curated or inferred interactions
between them. Furthermore, advanced multi-omics
approaches incorporating associations across modalities
such as clinical tests, proteomics, amplicon, trans-
criptomics, cytokines, metabolomics and lipidomics have
begun to pave the way towards precision health using
systems biology (Schussler-Fiorenza Rose et al., 2019;
Zhou et al., 2019; Shomorony et al., 2020). There are
several approaches for network analysis in systems biol-
ogy that each have their advantages and caveats. The
goal of this review is not to describe the landscape of net-
work methods but to guide the reader through the pro-
cess of implementing association networks from NGS-
derived datasets which are inherently compositional.

Compositional data

Compositional data is defined as a D-part composition
when all components are strictly positive real numbers
that carry only relative information (Aitchison, 1982;
Egozcue et al., 2003). The statistical methods for compo-
sitional data address the reality that these compositions
do not exist in real Euclidean space but in a subset
known as the simplex (Aitchison, 1982). Datasets gener-
ated from NGS technologies such as gene expression
and 16/18S amplicons are compositional, sparse and
have complex distributions such as negative binomial
(Robinson et al., 2010; Love et al., 2014), zero-inflated
gaussian (Paulson et al., 2013) and Dirichlet (Holmes
et al., 2012; Chen and Li, 2013; Wadsworth et al., 2017;
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Harrison et al., 2019). Generating these datasets are
often patient or sample limited making it difficult to pro-
duce a large number of sample observations without
extensive resources and cooperation among collection
agencies. This dilemma often subjects the dataset to
‘the curse-of-dimensionality’ in which the number of
features vastly exceeds the number of observations
potentially introducing statistical artefacts that can bias
downstream analysis such as false positive correlations
(Bellman, 2003). NGS-derived datasets are inherently
incomplete as they are only parts of a complete system
due to both biological and technical phenomena such as
the capacity of a sequencing instrument to process reads
(Gloor et al., 2017). This aspect presents a significant
hurdle in analysis because a zero value may have differ-
ent meanings in different datasets, and it is often difficult
to distinguish the difference between true and false zeros
(Kuhnert et al., 2005; Martin et al., 2005). Zeros can arise
from many sources: (i) false zeros result from errors in
experimental design or observational instrumentation;
(i) true zeros are either structural zeros and hypothe-
sized in the statistical model or random zeros resulting
from sampling variability (Parada et al., 2016; Blasco-
Moreno et al., 2019). If not properly accounted for analyti-
cally, this missing information can introduce substantial
artefacts in the downstream statistical analysis including
comparing intra-sample patterns or association with other
variables such as a phenotypic measurement. It is often
useful to minimize excess sparsity to focus on core com-
ponents within a system. The most common method for
dealing with sparsity involves either filtering by preva-
lence, the addition of a minimal pseudocount or both
respectively. However, incorporation of pseudocounts
should be pursued with caution as haphazard usage can
introduce statistical bias (Kumar et al., 2018). The han-
dling of sparse data is an active area of research with
interesting recent developments such as Robust
Aitchison PCA (Martino et al., 2019). The balance
between removing low prevalence features and retaining
discriminative diversity depends on the research ques-
tions. For instance, if one is investigating community rich-
ness of soils in the context of potential natural products
(Ling et al., 2015; Crits-Christoph et al., 2018), then it is
reasonable to not remove any features assuming that the
appropriate quality control and preprocessing were per-
formed. In the scenario of inferred interactions in relation
to a phenotype, it may be more beneficial to remove fea-
tures with missing information to detail the relationships
among core components. Most research questions will
require a balance between the two extremes with some
indication of when too many discriminative features are
removed or when too many missing values have biased
the data such as the notorious horseshoe effect
(Diaconis et al., 2008; Morton et al., 2017).

Network analysis of compositional data 3

The advantages and caveats of compositional data
transformation

Relative abundance sensitivity and biased outcomes

Normalizations and transformations are standard
approaches that are applied to compositional datasets
when pursuing any type of weighted analysis beyond
binary presence/absence and log-ratios. The most com-
mon normalization technique is total sum scaling (TSS),
also referred to as relative abundance or closure
(Aitchison, 1982), which divides each feature count by
the sum of total counts in a sample. This technique
removes technical bias that is related to differences in
sequencing depth across samples. Despite the wide-
spread adoption of this simple normalization, the abun-
dances of specific components can drastically bias the
results.

With TSS normalized data, the distance between vari-
ables is sensitive to the presence or absence of individ-
ual components and can reveal spurious relationships
amongst unrelated variables resulting in false positive
correlations (Pearson, 1896; Aitchison et al., 2000; Quinn
et al., 2018). Consider the example illustrated in Fig. 1
involving a synthetic community of three OTUs with the
following sample states: sample, (uniform abundances);
sampleg (doubling the abundances of OTU;) and
samplec (halving the abundances OTU;). Notice the
observed abundances of the community (Fig. 1A) and
the TSS normalized abundances (Fig. 1B) show con-
flicting results when comparing between the samples. An
increase in the abundance of OTU; within sampleg intro-
duces a false sense of depletion of OTU, and OTU3, and
the decrease in abundance in samplec suggests an
enrichment of OTU, and OTU3 when in reality their abun-
dances did not change between samples. This artificial
enrichment or depletion can lead to false positives in
downstream analysis when investigating relationships
between samples (e.g. network analysis, differential
abundance, etc.). Using balance-trees is one method that
bypasses the bias induced from TSS normalization as
the ratios only reflect the values of the descendent
nodes. A simplified example of balance trees is shown in
Fig. 1C and D, where each internal node computes a
ratio of the summed counts across both bifurcated paths.
OTU, is a descendent of y7 and not y2, and we illustrate
that internal node y7 is different between sampleg and
samplec, whereas internal node y2 is unchanged
(Fig. 1C and D). This simplified concept of balance trees
is vastly expanded in Aitchison geometry, in particular
with isometric log ratio, and was first explored in geology
(Egozcue and Pawlowsky-Glahn, 2005; Pawlowsky-
Glahn and Egozcue, 2011). Since then, Aitchison geome-
try has recently been adopted by microbial-based data-
science and is an effective alternative to address these
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Fig 1. Comparison of balances and relative abundance with compositional data.A, B. Simple synthetic microbiome with three OTUs (OTU;_3) and
three samples (samplea-c) represented as (A) absolute abundances and (B) relative abundances. C, D. Simplified examples of balance-trees
where each internal node computes a ratio of the summed counts across both bifurcated paths for sample and sample respectively.

caveats (Silverman et al., 2017; Washburne et al., 2017,
Rivera-Pinto et al., 2018; Morton et al., 2019).

Log-ratio transformations are a natural representation of
compositional data

Log-ratio transformations perform equivalently on both the
counts and proportions while capturing the relationships
between features within the sample space (Pawlowsky-
Glahn et al., 2015). The log-ratios are referred to as bal-
ances and are not sensitive to library-size or individual
components. Aitchison geometry provides methods for
analysing compositional datasets through log-ratios and
isomorphisms that transform compositions from the
Aitchison simplex to real space (Aitchison, 1982). One type
of Aitchison geometry is the isometric log ratio (ILR) which
operates on relative data in an unconstrained space with
an orthogonal basis, thus, preserving all information in the
original composition and is preferred when a non-singular
covariance matrix is needed (Egozcue et al., 2003;
Silverman et al., 2017). The ILR method uses a sequential
binary partition to construct a new set of coordinates
making it desirable in the field of microbiology where
phylogenetic trees represent a natural coordinate system
for vertical evolutionary relationships that distinguish

taxonomy-derived components. As mentioned, ILR trans-
formations have recently been repurposed by the microbi-
ology community and have proven to evade many
statistical artefacts introduced from an incorrectly repre-
sented sample space (Silverman et al., 2017; Washburne
et al., 2017; Morton et al., 2017). The ILR transformation
has been used to investigate taxonomic signatures in
the human gut that are associated with obesity (Finucane
et al., 2014), has been benchmarked for several
supervised machine learning methods against popular nor-
malization techniques (Knights et al., 2011; Silverman
et al., 2017) and for linking external covariates to specific
clades using regression methods (Washburne et al.,
2017). ILR can also be used in a supervised setting for
identifying taxa associated with a particular phenotype
(i.e. feature selection) (Rivera-Pinto et al., 2018). However,
one caveat of using balances is that the resulting data
dimensionality is projected into a D — 7 dimensional space
making interpretation difficult to directly associate specific
components with particular trends. Additive log-ratio trans-
formation (ALR) also projects the data into a D - 7 dimen-
sional space and does not preserve distances as it is an
isomorphism but not an isometry (Pawlowsky-Glahn
etal.,2011). However, ALR is not as common in biological
settings as it often requires a single unchanged referenced
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(Quinn et al., 2018), which is rarely available, and will not
be described further in this review. Another type of
Aitchison geometry is the centered log-ratio (CLR) transfor-
mation which preserves distances and is both an isomor-
phism and an isometry (Pawlowsky-Glahn et al., 2011).
The CLR transformation is computed by taking the loga-
rithm of each measurement and dividing by the geometric
mean of the composition (i.e. arithmetic mean of logs)
(Aitchison, 1982). An attractive feature of the CLR transfor-
mation is that the output retains the same dimensionality
after transformation (Egozcue et al., 2003), which is not the
case for ILR or ALR. This property allows for direct associa-
tions between a particular component and the transformed
value without decomposing the balances amongst binary
partitions as is required by ILR. CLR transformations have
been applied to a wide range of biological topics including
metagenomic binning using k-mer profiles (Laczny
et al., 2015), the impact of gliadin in gluten-tolerant hosts
(Zhang et al., 2017) and differential abundance (Fernandes
et al., 2013; Mandal et al., 2015; Morton et al., 2019). How-
ever, it is important to note that the CLR transformation
yields a coordinate system featuring a singular covariance
matrix which may violate the assumptions of some statistical
methods (Pawlowsky-Glahn et al., 2015).

CLR- and ILR-transformed data benefit from the follow-
ing properties: (1) scale invariance, in that multiplying by
a constant, such as library-size, will not influence the
resulting transformation; (2) perturbation invariance, in
that converting compositions between equivalent units
does not affect the results; (3) permutation invariance, in
that the order of components comprising the composition
does not matter; and (4) sub-compositional dominance
detailing that a subset of a complete composition con-
tains less information than the whole composition (Quinn
et al., 2018).

Recently, the CLR transformation has been modified
by multi-additive log-ratio (MALR) transformations to use
the geometric mean of a subset of components as a spe-
cialized reference (Quinn et al., 2018). Fernandes et al.
introduced the interquartile log-ratio (IQLR) transforma-
tion which includes only components that exist within the
interquartile range of total variance in the geometric
mean calculation implemented in their ALDEx2 package
(Fernandes et al., 2013, 2014). Another variant is the
robust centered log-ratio (RCLR) transformation which
uses only the non-zero components introduced by
Martino et al. in their DEICODE package (Martino
et al., 2019). Every log-ratio transformation uses a unique
reference and applications of such will be dependent on
the hypothesis. For instance, if an analysis does not
require analysis of individual components such as beta
diversity analysis (e.g. clustering, ordination, manifold
learning) then ILR may be the most effective. If the
desired outcome is to analyse individual components,

Network analysis of compositional data 5

then perhaps CLR or a MALR variant may the preferred
option over ILR which would require traversing the basis
partitions. The selection of which method CLR-based
method will again depend on the preferred interpretation.
If the query dataset is relatively tame in terms of outliers,
then CLR would be a practical option as the reference
would be based on the sample’s geometric mean. If out-
liers were an issue, then it may be more reasonable to
use IQLR where the reference is based on the geometric
mean of the components in the interquartile range.
Understanding the concepts behind the reference sets
will allow researchers to continue extending these
methods to more specialized applications and expanding
the paradigm of compositional data analysis.

Principal component-based correction

Compositional datasets in biology can often contain anom-
alies derived from latent technical or biological phenom-
ena. When uncorrected, these confounding effects can
lead to spurious associations in network-based analyses
described in detail below (Parsana et al., 2019). Latent
factor-based data correction has successfully been applied
to address variation introduced from batch effects (Goh
et al., 2017) and can be extended to other sources of vari-
ance. Recently, Parsana et al. have developed methods to
regress out latent confounders captured within the top prin-
cipal components (Parsana et al., 2019). Principal
component-based correction can be described by the fol-
lowing: (1) compute p principal component loadings (L)
where p reflects the number of principal components used
during singular value decomposition; (2) fitting a linear
model on each feature E; = y; + f; x Ly, and (3) return the
residuals. The assumptions of these methods posit thatthe
network structure is scale-free (described below) and that
the true topology is relatively sparse. The principal
component-based correction implemented in Parsana
etal. has been shown to reduce false positive associations
when implemented as a preprocessing step before net-
work construction using widely practiced methods such as
weighted gene coexpression network analysis (WGCNA)
(Langfelder and Horvath, 2008) and graphical lasso
(Friedman et al., 2008) compared to instances with
uncorrected input data. However, biological signals of
interest may be removed by regressing out the top principal
components in networks that violate the scale-free
assumption. This technique could be adapted to incorpo-
rate non-Euclidean distances with alternative ordination
methods and/or more complex manifold learning algo-
rithms such t-Distributed Stochastic Neighbourhood
Embeddings (t-SNE) (van der Maaten, 2013; Van Der
Maaten, 2014) or Uniform Manifold Approximation and
Projection (UMAP) (Mclnnes et al., 2018). Principal
component-based correction, along with the proposed
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adaptations, have substantial potential in correcting for bio-
logical and technical variance. Although these methods
have been in practice for at least a decade (Price
et al., 2006), they have not been extensively benchmarked
and explored on the wide array of modalities produced by
NGS technologies and present a unique avenue in which
to interrogate noisy datasets. Aside from principal
component-based correction, noise reduction can be
implemented in the experimental design with custom mix-
tures consisting of mock microbial communities (Bokulich
et al., 2016; Parada et al., 2016) or spike-in internal con-
trols such as External RNA Controls Consortium (ERCC)
standards composed of synthetic RNA oligonucleotides
spanning a range of nucleotide lengths and concentrations
(Pine et al., 2016). However, these later methods must be
embedded in experimental design and cannot be utilized
post hoc.

Network theory, metrics and applications
Overview of network structure and terminology

A network is a graphical structure used to represent rela-
tions between discrete objects. It is a flexible abstract
mathematical construct that can model systems with
varying levels of complexity from simple binary networks
to hierarchical networks. This versatility is alluring to
researchers seeking to understand how discrete features
are associated with each other, reflective of the inner
mechanics of a system. However, the versatility of net-
works theory comes with a cost in that a network is highly
sensitive to input data, thresholds, inference and transfor-
mations; therefore, implementation must be pursued
strategically.

The discrete objects within a network (G) are referred
to as nodes or vertices (V), and the connections between
these nodes are referred to as edges (E); formally, as G
(V, E). Edges are typically either weighted (w € R) or
unweighted (w < {0,1}), where the weights correspond
with some numeric association value that represents the
connection strength between the two nodes; although,
many layout algorithms expect networks with positive real
valued edge weights (Jacomy et al., 2014). This is formu-
lated as (i, j, w) where i and j represent the source and
target nodes respectively and w indicates edge weight.
This representation of a static network can be extended
to a dynamic network such as a temporal network, where
edges are described by (i, j, w, t) as t represents time. A
matrix consisting of these values is called an adjacency
matrix (A) and is the core component of a network. A is
often represented as a (m x m) symmetric matrix where
each Aj represents a (weighted) connection defined by a
real valued association function of two vectors of size n
(m = number of nodes and n = number of observations).

Weighted networks are generally preferred over
unweighted networks as they contain much more infor-
mation than their binary counterpart. The weighted net-
works can either be symmetric or asymmetric, where the
edges are undirected (A; equals Ay) or directed (A; may
or may not equal Aj), respectively. Directed networks
have been applied to modelling metabolic pathways,
where nodes represent compounds and edges represent
chemical reactions that transform metabolites into prod-
ucts (Levering et al., 2017). Undirected networks are
more common when investigating compositional datasets
and are covered in detail in the subsequent section of
this review. Bayesian networks, a type of directed net-
work, have been used to investigate longitudinal relation-
ships within the infant gut microbiome (Mcgeachie
et al., 2016) but take much longer to compute than undi-
rected association networks and will not be further cov-
ered in this review. As mentioned, the flexibility of
networks is essential for its powerful applications,
whereas, often, interpretation is the limiting factor.

Association measures

Association networks are common among biological net-
work analysis where each node typically represents a dis-
crete feature, each edge represents an inferred interaction
or association and the edge weight represents the strength
of association between a pair of nodes. Association net-
works construction is highly modular and customizable
from the selection of the association metric to edge detec-
tion (Fig. 2). Common association measures include corre-
lation coefficient (Fuller et al., 2007), —log(P) (Shomorony
et al., 2020), mutual information (Villaverde et al., 2014;
Lachmann et al., 2016), Kullback-Leibler divergence
(Lachmann et al., 2016) and proportionality (Lovell
et al., 2015). The most common perhaps is the correlation
coefficient which measures the relationship strength
between a pair of nodes and exists within the interval
[-1,1] where a value of 1 indicates an identical relationship
among covariates. There are several types of correlation
measures including Pearson, Spearman, Kendall rank and
Biweight-midcorrelation. Pearson correlation measures lin-
ear relationships and is the most widely used correlation
measure, albeit sensitive to outliers. Spearman correlation
is a rank-based measure that is able to capture monotonic
relationships, whereas Biweight-midcorrelation is a
median-based correlation. Both Spearman and Biweight-
midcorrelation tests are more robust to outliers than Pear-
son, whereas the latter is often more powerful (Hardin
et al., 2007; Langfelder and Horvath, 2012; Song
et al., 2012). Correlation coefficients as an edge associa-
tion metric are desirable because they are easily calcu-
lated, are subject to several asymptotic statistical tests,
scaled, andthe sign of the measure can distinguish inverse
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Fig 2. Schematic illustrating the modularity of network analysis.Modularity of network construction visualized by a network. The top of the visuali-
zation starts with compositional data as output from NGS methods. Traversing vertically goes further into the various operations detailed in the

review to construct complex networks.

relationships (Song et al., 2012). However, correlation
measures can be biased by compositionality (Friedman
and Alm, 2012).

Many inference methods have been developed to lever-
age compositionality with sparse solutions to mitigate the

effects of this bias including REBECCA (Ban et al., 2015),
SparCC (Friedman and Alm, 2012), SPIEC-EASI (Kurtz
et al., 2015) and CCLasso (Fang et al., 2015), whereas
others rely on probabilistic graphical models (Tackmann
et al., 2019) or permutation-based methods (Faust and
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Raes, 2016). Variance log-ratio (VLR) is another composi-
tionally valid association metric that does not produce spu-
rious results. VLR measures the concordance between
two compositions (e.g. samples, observations or feature
vectors) and computes the variance of the logarithm of one
component as divided by a second component (Quinn
et al., 2018). However, VLR has a substantial limitation in
that it is unscaled with respect to the variances of the log
components with the range [0, o), where zero indicates
perfect coordination (Aitchison, 1982).

Proportionality is another compositionally valid associ-
ation measure, implemented in the propr package, intro-
duced by Lovel et al. and expanded upon by Erb et al.
(Lovell et al., 2015; Erb and Notredame, 2016; Quinn
et al., 2017). Proportionality can be thought of as a modi-
fied VLR that uses information about the variability of
individual components to constrain VLR in a practical
range. Proportionality also depends on the reference
used for transformation and, unlike SparCC and SPIEC-
EASI, does not assume the underlying structure of the
associations are sparse (Quinn et al., 2018). There are
typically three flavours of proportionality including ¢, ¢s
and p, (Lovell et al., 2015). The proportionality measures
¢ and ¢s both range between [0, o), similar to VLR, as
the asymmetric and symmetric versions respectively
(Quinn et al., 2017). The proportionality measure py, is
the most akin to correlation as the pairwise application
results in a symmetric matrix with values ranging from
[-1,1] where a value of 1 indicates perfect proportional-
ity amongst components (Erb and Notredame, 2016). A
major advantage of proportionality measures is that they
are robust when analysing relative data (Lovell
et al., 2015) and tend not to produce spurious connec-
tions (Quinn et al., 2017); a stark contrast with Pearson’s
correlation coefficient which had considerable limitations
when applied to compositional data. The properties of
robustness to spurious results, scale invariance and
interpretability positions proportionality as an effective
association metric when inferring cooccurrence (Bian
et al., 2017) and coexpression (Lovell et al., 2015) from
NGS-derived datasets.

Association measures often involve some type of data
transformation in network analysis pipelines to achieve
specific weight distributions. It is important to note that
many algorithms require weights to be positive real num-
bers but some algorithms such as the Bellman—Ford
shortest path algorithm can handle negative weights
(Bang-Jensen and Gutin, 2009). Two common tech-
niques to fulfil the weight assumptions are to investigate:
(i) unsigned relationships where only the magnitude of
the association is considered (A; = |p|”; or (i) signed net-
works where the weights are forced into the interval [0,1]
Aj=(05+0.5 p)* where p represents the association
and g represents the soft thresholding power when g > 1,

or (iii) direction-specific relationships by analysing solely
positive associations and masking negative associations
(or the reverse). Each of these approaches produce
unique network topologies and can be utilized to address
different hypotheses depending on whether or not the
type of interaction, either positive or negative, is relevant.

Determining network structure and spurious connections

Thresholding and inference are two techniques used to
select which connections are represented in a network.
Commonly used thresholding methods include: (i) hard
thresholding and (ii) soft thresholding. Hard thresholding
refers to a binary decision that defines two nodes to be
connected (e.g. w = 0.7). Such thresholds are often arbi-
trarily chosen without any statistical reasoning and could
overlook potentially informative interactions which has
been previously investigated (Connor et al., 2017).
Another approach towards threshold selection is via per-
mutation test to identify significant connections usually
followed by multiple tests corrections such as false dis-
covery rate (Unpingco, 2019; Pitman, 1937; Efron and
Tibshirani, 1994). Soft thresholding refers to a method
where the edge weights are shrunk towards zero and
can be applied to networks with edge weights in the
range of [0,1] by raising the weight to a power  empha-
sizing strong connections at the expense of weak con-
nections (Langfelder and Horvath, 2008).

In most networks, the true topology of the network is not
known a priori and must be inferred via computational
methods. Therefore, the concept of false positive edges
(i.e. spurious connections) based on true network topology
is rather abstract and difficult to assess. In addition to this
uncertainty, there exists the Simpson’s paradox wherein
associations can reverse or disappear when data sets are
combined and analysed together (Kievit et al., 2013). In an
effort to evaluate the presence of false positives, empiri-
cally derived functional pathways have been used as gro-
und truth connections (true positives) and compared the
associated gene sets using association-based network
analysis with inferred structure (Parsana et al., 2019). In
this paradigm, false positives were defined as edges that
were observed between a pair of genes in the inferred net-
work but absent in the list of curated connections. Spurious
connections can often occur via the outlier effect (Heyer
et al., 1999). For example, if the normalized abundance of
two features are unrelated in all but a single observation,
then the correlation coefficient may be much higher and
can result in an inverse relationship (e.g. p =0.87
vs. —0.29) (Heyer et al., 1999). The topological overlap
measure (TOM) is a powerful transformation for symmetric
adjacency matrices, particularly for w € [0,1], that con-
siders pairs of nodes in relation to all nodes within the net-
work instead of in isolation (Yip and Horvath, 2006; Ravasz
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etal., 2002). The TOM-based adjacency is particularly use-
ful when the original adjacency matrix is sparse or suscep-
tible to noise by replacing the isolated connections with
weighted neighbourhood overlaps, thus, decreasing the
effects of spurious or weak connections leading to more
robust networks (Yip and Horvath, 2006; Dong and
Horvath, 2007; Li and Horvath, 2007; Song et al., 2012).
Association networks transformed via TOM often reduce or
eliminate the number of false positive connections intro-
duced by spurious correlations (Voigtand Almaas, 2019).

Some NGS-derived compositional datasets such as
16/18S amplicon sequencing are often sparse (Paulson
et al., 2013; Kumar et al., 2018; Martino et al., 2019)
depending on the diversity between samples
(e.g. comparing multiple ecosystems or host body sites).
Network analysis applied to sparse datasets are subject
to false positives when using methods that are not
designed for sparsity. Sparse Correlations for Composi-
tional data (SparCC) is a technique for inferring correla-
tions from compositional data often used for network
analysis with the assumptions that the number of compo-
nents is large and the true correlation network is sparse
(Friedman and Alm, 2012). Sparse Inverse Covariance
Estimation for Ecological Association Inference (SPIEC-
EASI) is another statistical method for the inference of
compositional networks, designed for ecologically derived
datasets, seeking to address the ‘curse-of-dimensionality’
with a graphical model inference framework that relies on
algorithms for sparse neighbourhood and inverse covari-
ance selection (Kurtz et al., 2015). Regularized estima-
tion of the basis covariance based on compositional
data (REBECCA) identifies significant co-occurrence pat-
terns by finding sparse solutions in a system with a defi-
cient rank and estimating correlations between pairs of
basis abundance using log-ratio transformation of counts
(Ban et al., 2015). The network method used should be
determined by the goal of the analysis. For instance, if
the aim is to compare differential edges between a treat-
ment system and a reference system, then it may be
beneficial to use TOM for fully connected networks that
are directly comparable. In contrast, if false positives are
a critical concern or community detection is the aim, then
it may be more appropriate to use one or a combination
of the sparse methods described above.

Interpreting networks and evaluation metrics

Interpreting networks is often the limiting factor for appli-
cations beyond visualization. Fortunately, network theory
offers several metrics that can be used to describe a par-
ticular network at varying levels of abstractions ranging
from the network as a whole to objects including nodes
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and edges. One of the advantages of systems-wide anal-
ysis through networks is the ability identify and rank the
most important nodes, or hubs, in a system (Layeghifard
et al., 2017). Within a single organism gene expression
network, the most important node could be a critical tran-
scription factor, whereas in an environmental system, a
hub node could be an organism essential for community
stability. The most common metrics for static networks
are degree, connectivity, flow and centrality. For simple
networks (undirected and unweighted), the degree of a
network is the number of connections a particular node
contains. In an undirected weighted network, such as the
association networks mentioned above, weighted-degree
can be computed by summing the weighted connections
for each node. The implementation of this weighted-
degree is often referred to as connectivity such as in the
intramodular connectivity calculations or advanced net-
work visualization methods (Krzywinski et al., 2012). It
should be noted that the aforementioned description of
connectivity as analogous to weighted-degree is informal
and the technical definition requires that node connectiv-
ity is equal to the minimum number of nodes that must
be removed to disconnect the graph (Esfahanian, 2019).
In a fully connected undirected network, weighted-degree
is an extremely useful metric for measuring connected-
ness of a node within the network or a sub-network
(e.g. intra-genus connectivity in microbial cooccurrence
network). An unweighted-degree would yield a uniform
distribution because each node is promiscuously con-
nected to the rest in a fully connected network. In
directed graphs, a node contains both an in- and out-
degree which corresponds to connections into and out-
wards from a node, respectively. Extending the concepts
of directed degree metrics, flow represents the difference
between the out- and in-degree with positive and nega-
tive measures representing sources and sinks respec-
tively (Krzywinski et al., 2012). In this paradigm, one may
utilize Google’'s PageRank (Brin and Page, 1998; Page
et al., 1999), a powerful link analysis algorithm, which is
a variant of eigenvector centrality designed for quantify-
ing the relative importance of a node within a network
based on the directed flow of edges into and out of a
node. Centrality comes in many different flavours such as
eigenvector centrality (a measure of influence within a
graph), closeness centrality (the average length of the
shortest path between a node and all other nodes in the
graph) and betweenness centrality (the frequency in
which a node acts as a bridge along the shortest path
between two other nodes). As with any analysis, the use-
fulness of each of these metrics is dependent on the
research question, the structure of the graph and com-
plexity of the edges. It is important to note that centrality
measures have their caveats in that they underestimate
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the power of non-hub nodes due to heterogeneous topol-
ogy of complex networks (Sikié et al., 2013; Layeghifard
et al., 2017) and do not measure the difference between
nodes (Bauer and Lizier, 2012).

Scale-free and heavy-tailed degree distribution topology

A network’s organization is characterized by its structure;
most notably, the distribution of node degrees. In a ran-
dom network, the degree distribution is normally distrib-
uted. In complex systems, it is common for networks to
self-organize into a scale-free state in that the probability
P(k) that a node in the network interacts with k other
nodes decays as a power law following P(k) ~ k™
(Barabasi and Albert, 1999; Jeong et al., 2000; Barabasi
and Bonabeau, 2003). Scale-free networks are heteroge-
nous, and their topology is dominated by a few highly
connected nodes, referred to as hubs, which connect to
the rest of the system (Zhang and Horvath, 2005). In net-
work analysis, an examination of hubs typically repre-
sents influence within the system such as yeast protein—
protein interaction networks and the relevance to proteins
essential for survival (Jeong et al., 2001; Carter
et al., 2004; Han et al., 2004). It should be noted that the
prevalence of scale-free topologies in the natural world
have been debated and suggested to be overestimated
(Clauset et al., 2009; Mitchell, 2009; Broido and
Clauset, 2019); therefore, assumptions on scale-free
topologies should be properly assessed when exploring
various preprocessing metrics, association measures
and adjacency transformations.

Recent efforts have described the inconsistencies
involving the applications of scale-free topologies with a
meta-analysis using a large corpus of published net-
works, ranging from social networks to biological sys-
tems, by characterizing the extent of scale-free
topologies including not scale-free, super-weak, weak,
strong and strongest (Broido and Clauset, 2019). The
findings from Broido & Clauset et al. revealed that scale-
free structure is not universal, varies across domains and
is often confounded as a generic stand-in for other
heavy-tailed distributions such as log-normal. Regard-
less, compared to the entire Index of Complex Networks
(ICON) corpus (N = 928 networks) with networks from
biological, information, social, technological and transpor-
tation domains, biological networks were more likely to
display the strongest level of direct evidence of scale-free
structure.

Scale-free topology is well defined for simple networks
(i.e. undirected, unweighted, and monoplex); although,
the definition naturally generalizes to weighted networks
where k takes on non-negative real numbers (Zhang and

Horvath, 2005). In this generalization, scale-free topology
can be approximated via the model fitting index R? of the
linear regression modelled as log(p(k)) ~ log(k) (Zhang
and Horvath, 2005). Despite being better modelled using
an exponentially truncated power law p(k) ~ k™’exp
(-ak) (Csanyi and Szendroi, 2003), Zhang et al. suggest
the e and y provide too much flexibility in curve fitting as
RZ is often more robust to adjacency parameters.

Advanced network analysis approaches
Differential networks

Comparing static networks, often referred to as cross-
sectional networks, via differential network analysis (DiN
[A]) is non-trivial and pertains to interrogating changes in
feature interactions (i.e. edges) rather than the changes in
the feature measurements (i.e. nodes). In particular, DiINA
measures changes in network structure including topologi-
cal restructuring and edge weights between different states
(Lichtblau et al., 2016). DINA is a fusion of two well-studied
fields, namely differential abundance analysis and network
theory. Differential abundance analysis has been routinely
applied to RNA-seq (Robinson et al., 2010; Paulson
et al., 2013; Love et al., 2014; Pimentel et al., 2017),
whereas the latter, network theory, has been a studied for
decades (Harary, 1969) with applications in biology to study
the centrality of features in a disease network (Joy
etal., 2005; Wanget al., 2011; Winter etal.,2012; Espinoza
et al., 2018). There also exists compositionally aware differ-
ential abundance methods such as the Analysis of Compo-
sition of Microbiomes (ANCOM) which is done by
calculating pairwise log ratios between all components and
performing a significance test to determine if there is a signif-
icant difference in component ratios with respect to sample
groupings of interest (Mandal et al., 2015); in addition to the
aforementioned ANOVA-Like Differential Expression
(ALDEx2) (Femandes et al., 2013, 2014), the synergy of dif-
ferential abundance analysis and biological networks obvi-
ates the limitations by considering multiple changes that are
associated with differences between connectivity states
instead of changes in singular features. DINA algorithms
typically compute network metrics for each network individu-
ally (e.g. weighted-degree) and interrogated via various sta-
tistical tests (Espinoza et al., 2018) or qualitatively using
advanced visualization techniques such as hive plots
(Fig. 3) (Krzywinskiet al., 2012). The utility of DINA has been
validated through several diverse applications from identify-
ing coexpressed genes related to obesity (Fuller
et al., 2007), key transcriptional regulators associated with
cancer that were undetected by expression levels (Carter
et al., 2004; Laiet al., 2004; Choi et al., 2005) and regulatory
mechanismsin yeast (Hsu et al., 2015).
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Fig 3. Visualization methods for differential co-occurrence networks.Supragingival plaque oral microbiome 16S community (Gomez et al., 2017).
Turquoise and orange represent connections that are enriched in healthy and diseased cohorts respectively. Undirected weighted networks were
constructed by the following pipeline: (1) removing OTUs that were not present in at least 25 individuals (5% of the cohort); (2) subsetting dis-
eased and healthy cohorts; (3) pp pairwise proportionality of each cohort (Erb and Notredame, 2016; Quinn et al., 2017, compositional, Espinoza,
2020); (4) signed transformation; (5) soft thresholding (4 = 12); (6) topological overlap measure; (7) DIN = TOMpjseased — TOMpeam,; (8) subgraph
for top three abundant genera and (9) visualization of (A, B) traditional networks (NetworkX (Hagberg et al., 2008), (C) clustermaps (Seaborn,
Waskom et al., 2020) and (D) hive plots (Soothsayer, Espinoza, 2019).

Temporal networks

Understanding a system in a particular state is useful for
some research questions such as investigating the differ-
ences between a disease and a non-diseased states
(Gomez et al., 2017; Espinoza et al., 2018). However, it is
difficult to address hypotheses about how a system changes
over time using static networks, which are based on many
assumptions including the following: (1) network topology is
fixed; (2) processes of flow are at a steady state and
(3) edges represent persistent interactions (Blonder
et al., 2012). Such static networks can be further extended

to study dynamically changing systems such as temporal
networks. Network dynamics can be captured by studying
the changes in the overall topology, node connectedness,
node interactions (i.e. edges) and strength of the interac-
tions (i.e. edge weights). Temporal networks are able to
address such network dynamics by extending the edge
domain across a time dimension instead of within the con-
fines of a particular cross-sectional timepoint. Although con-
cepts derived from static network theory apply to individual
time states within temporal networks, extended theory must
be utilized to study the dynamics between states across
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time. There exists many network measurements designed
for temporal dynamics with the most notable including:
temporal centrality, closeness centrality, volatility and
reachability latency with many more described in
(Thompson et al., 2017). Of the centrality based adaptive
measures, temporal centrality measures the number of
overall connections in a timepoint, whereas closeness cen-
trality measures the time between specific connections. Vol-
atility measures the rate of change in network states with
respect to timepoint. Lastly, reachability latency is a useful
index as it measures the time taken for all nodes to reach
each other. Although temporal network theory offers an
arsenal of metrics, usage should be crafted towards inter-
pretation of a hypothesis on how states evolve over time.
For example, the usage of volatility would have a much dif-
ferent interpretation when applied to a temporal resolution of
milliseconds compared to staggered years or subjective
timepoints (Thompson et al., 2017).

There are two main approaches in implementing tem-
poral networks; namely (1) time-ordered where each
edge is present only for a precise period and (2) time-
aggregated networks over relatively short time frames
(Blonder et al., 2012; Farine, 2018). Successful applica-
tions of temporal network theory have been demon-
strated using functional magnetic resonance imaging
data to explore dynamic properties of neural connectivity
(Thompson et al., 2017), drought-responsive plant genes
based on differential rhythmic expression profiles
(Greenham et al., 2017), predicting parasite transmission
spread in wild lemurs (Springer et al., 2017), recurrent
patterns of microdiversity in a temperate coastal marine
environments (Chafee et al., 2018) and longitudinal multi-
omics to advance precision health (Schissler-Fiorenza
Rose et al., 2019; Zhou et al., 2019). When deciding
whether to pursue temporal network analysis or adapt a
static framework to incorporate temporal dynamics, it is
vital to develop the framework around a particular
research question such as available time resolution for
samples, whether or not the time-ordered or time-
aggregate would better model the hypothesis, or, most
importantly, if a temporal component would yield any
insight in the base hypothesis.

Sample-specific networks

Sample-specific networks (SSN) have been employed in
the quest for personalized medicine to identify patient-
specific biomarkers and changes in connectivity that can
describe or predict health status (Liu et al., 2016; Yu
etal., 2017; Kuijjer et al., 2019). Although previous research
has focused on location-specific (Lima-Mendez et al., 2015)
or host-specific (Ofaim et al., 2017) networks, SSNs have
shown to be reliable for accurately characterizing a specific
disease state within an individual (Liuet al., 2016); although,

these methods could seamlessly be adapted to investigate
environmental systems such as the Tara oceans (Karsenti
et al., 2011) or Global ocean sampling expedition (Venter
et al., 2004; Rusch et al., 2007) datasets. In a clinical setting,
patient-specific diseases generally result from the dysfunc-
tion of the underlying system rather than individual mole-
cules (Barabasi et al., 2011; Hood and Flores, 2012). The
assumptions of SSNs posit that f a single sample can signif-
icantly alter the association of two features, then the query
sample is considered to be inconsistent with the interactions
in the reference network. Liu et al. developed a statistical
method to construct SSNs based on statistical perturbation
analysis of a single sample against a group of control sam-
ples validated with nine different cancer types from The Can-
cer Genome Atlas dataset (Weinstein et al., 2013). In short,
this perturbation method computes the pairwise Pearson
correlation of a background network compared to the same
network with the sample of interest added. Liu et al. discov-
ered network patterns unique to specific types of cancer;
personalized features revealed important regulatory pat-
terns of driver genes, strong associations between SSNs
and somatic mutations and the ability to predict driver genes
from edges involving hub genes. The SSN method
employed in Liu et al. was shown to be less sensitive to spu-
rious associations than standard Pearson correlation-based
networks through the incorporation of a reference network
for comparisons. SSNs are in their infancy; but, their poten-
tial is unprecedented especially when studying how a partic-
ular sample state perturbs a reference state. Furthermore,
SSNs also present an opportunity to incorporate sample-
specific phenotypic data such as nutrient measurements in
ecological samples or clinical measurements in medical
samples.

Visualizing network complexity

Network visualizations are infamously difficult to interpret.
Visualization is a qualitative assessment of network struc-
ture that can guide quantitative assessments downstream.
The complexity of a network scales exponentially which can
make visualization of large networks difficult. For instance, a
fully connected undirected network (e.g. p, proportionality
network with soft thresholding) contains (N,2 — N,,)/2 non-
redundant edges (Ne) where N, represents the number of
nodes. This exponential scale makes visualizing a fully con-
nected undirected network with N, = 100 nodes (N, = 4950)
much easier than a network with N, = 1000 nodes
(Ne =499,500). To demonstrate the interpretability of net-
work visualization methods, we construct a cooccurrence
DiN using the top three abundant genera (Streptococcus,
Veillonella and Neisseria) from a supragingival plaque oral
microbiome dataset (Gomez et al., 2017) consisting of sub-
jects with (Ngiseasea = 126) and without (Nheainy = 337) den-
tal caries (Fig. 3). A traditional network visualization would
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be the aforementioned ‘ball-and-stick’ method with efficacy
governed by the layout algorithm for positioning nodes in
relation to each other in a plot; usually with respect to edge
weight. A common network is the circular layout using cus-
tom node ordering which is feasible for simple networks but
decreases in interpretability with increasing network com-
plexity (Fig. 3A). Networks visualized with layout algorithms
that incorporate edge weights are more useful for qualitative
visual clustering of nodes such as the ForceAtlas2 (Jacomy
et al., 2014), Fruchterman-Reingold force-directed algo-
rithm (Fruchterman and Reingold, 1991) or graphviz algo-
rithms (Ellson et al., 2001) (Fig. 3B). However, this method
of visualization is often only interpretable for fully connected
networks with low complexity or scale-free networks and
can quickly tum into the notorious ‘hairball’ network visuali-
zation. Despite the archetype of visualizing networks with
layout-based methods, they are often difficult to interpret
because their creation is often driven by an aesthetic heuris-
tic which influences how the topology is rendered
(Krzywinski et al., 2012). More complex networks benefit
more from alternative visualization approaches such as
clustermaps and hive plots. Clustermaps are a unique com-
bination of agglomerative hierarchical clustering and matrix
heatmaps leveraging unsupervised relationships between
nodes and the visualization of edge weights as values within
the heatmap (Fig. 3C). Clustermaps are beneficial for visual-
izing low and medium complexity networks but can be
uninterpretable, difficult to render and computationally
expensive to compute as the number of nodes increases.
Hive plots are a network visualization method that are appli-
cable at all levels of complexity (Krzywinski et al., 2012).
The hive plot places nodes on a radially oriented linear axis
with nodes positioned along the axis either by structural
properties or user-defined selections. Hive plots contain
three flexible components including: (1) the assignment of
node coordinates to and within an axis; (2) the layout profile
of each axes (position, scale and angle) and (3) the aes-
thetics of (weighted) edges visualized as curves between
nodes for intra/inter-axes connectivity. The hive plot most
effectively illustrates enriched intra-genus connectivity
within Neisseria in the diseased cohort and phenotype-
specific inter-genus connectivity profiles between specific
OTUs (Fig. 3D). Hive plots are powerful for networks butare
difficult to adapt for temporal networks. Arguably, the most
intuitive temporal network is the slice plot implemented
through the teneto Python package (Thompson
etal., 2017). A slice plot essentially decomposes a hive into
a collection of arc plots, a linear segment with nodes posi-
tioned along the line and arcs showing connections, juxta-
posed consecutively to visualize connections that remain
consistent or, altematively, inconsistent with respect to time.
In networks with few connections (e.g. N,, < 100), the labels
can be useful in discerning connections, but larger networks
are often assessed globally without visualizing the label of
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nodes directly. Network visualization methods are still evolv-
ing and can benefit from the insight of researchers with
unique hypotheses and computational abilities.

Summary and outlook

NGS-derived datasets are compositional and should be
considered as compositions at all stages of analysis (Gloor
et al., 2017). We have overviewed the characteristics of
compositional data, the bias that occur when compositional
datasets are analysed inappropriately and transformation
techniques that mitigate the bias such as log-ratio transfor-
mations. In addition, for compositional data analysis, we
detailed the advantages and caveats of various methods to
construct association networks. We further reviewed the
analytical metrics for quantifying different aspects of network
topology and application of advanced network analysis to
model more complex systems.

Despite the progressive techniques recently developed
to interpret biological systems, the nascent field of sys-
tems biology is far from the status of omniscient. Not
knowing the true topology of a system a priori inherently
limits our approaches towards fully understanding a sys-
tem’s natural complexity. Furthermore, biological systems
are not static and modelling the transition between states
will yield more intuitive insights on the schematics of
these complex structures. The aphorism that ‘all models
are wrong, but some are useful’' (Box et al., 2009) holds
truth in the paradigm of inference-based systems biology
where knowing the true network structure of an abstract
space a priori is not attainable. Biological systems are
complex because they are abstract constructs used to
model an observed phenomenon. This complexity is the
aftermath of the uncertainty of true associations, the sen-
sitivity of the methods to infer associations, unaccounted
variance (e.g. unknown phenotype) and the dynamics of
how these abstractions, such edge weights and node
inclusion, evolve over time. The abstract space defined
by a network is the source of its versatility while also rep-
resenting the crux of germane interpretation.

The advanced network approaches described in this
review, combinations thereof, or even networks-of-networks
(Gao et al., 2014) can potentially be utilized to address
humanity’s most pressing issues. For instance, consider the
topic of drug discovery in the scope of antibiotic-resistance.
Imagine one has identified a novel chemical entity (NCE)
from a soil microbiome, referred to as NCE, that appears to
exhibit a unique mechanism of action against a particular
pathogenic organism (P. organism). One may ask how the
query NCE perturbs the baseline state (tp) of P. organism
with dose d at different time intervals? This question could
be addressed by creating a differential network at each time-
point n (DINET,,) as t, vs. t, where each static network is
derived via coexpression-based topological overlap
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measures. Of greater insight, albeit greater complexity, one
may ask how the perturbations of NCE-challenged
P. organism at dose d compares to a negative control, chal-
lenged with a solvent such as water, over a time interval
from O min to 1 h? The symbiosis of temporal, sample-
specific and differential correlation networks could be used
to investigate this question which, naturally, could guide the
experimental design for the over-arching project. SSNs
have already been harnessed for personalized medicine
and could be further augmented by incorporating not only
temporal dimensionality but multimodality. For more grandi-
ose applications, imagine the synergy of explainable artifi-
cial inteligence (Gunning, 2017), system-wide cellular
modelling (Ebrahim et al., 2013) and ‘network-of-networks’
(multi-level network) frameworks (Gao et al, 2014)
harnessed by domain experts spanning climate science to
microbiology, public health to agriculture and from econom-
ics to politics modelling the complex flux of resources; an
interdisciplinary effort to usurp climate change by identifying
solution states thatare not only environmentally sustainable
but economically productive.

The future of systems biology must be approached
from creative vantage points by building combinatorically
on the cornerstones of established concepts, understand-
ing the assumptions of various statistical methods and
interpreting these mathematical abstractions in the con-
text of insightful biological questions where domain
knowledge is of utmost importance. The synergy of
domain expertise, advanced analytical methods and cre-
ative minds is the foundation of cutting-edge science.
Modelling complex systems has provided insight in the
past and will certainly continue to do so in the future with
the evolution of network theory, and the inventiveness
catalysed by the human mind and machines to decipher
latent patterns embedded within natural and abstract
systems.
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Abstract

To better combat the expansion of antibiotic resistance in pathogens, new compounds, par-
ticularly those with novel mechanisms-of-action [MOA], represent a major research priority
in biomedical science. However, rediscovery of known antibiotics demonstrates a need for
approaches that accurately identify potential novelty with higher throughput and reduced
labor. Here we describe an explainable artificial intelligence classification methodology that
emphasizes prediction performance and human interpretability by using a Hierarchical
Ensemble of Classifiers model optimized with a novel feature selection algorithm called
Clairvoyance; collectively referred to as a CoHEC model. We evaluated our methods using
whole transcriptome responses from Escherichia colichallenged with 41 known antibiotics
and 9 crude extracts while depositing 122 transcriptomes unique to this study. Our CoHEC
model can properly predict the primary MOA of previously unobserved compounds in both
purified forms and crude extracts at an accuracy above 99%, while also correctly identifying
darobactin, a newly discovered antibiotic, as having a novel MOA. In addition, we deploy our
methods on a recent E. coli transcriptomics dataset from a different strain and a Mycobacte-
rium smegmatis metabolomics timeseries dataset showcasing exceptionally high perfor-
mance; improving upon the performance metrics of the original publications. We not only
provide insight into the biological interpretation of our model but also that the concept of
MOA is a non-discrete heuristic with diverse effects for different compounds within the same
MOA, suggesting substantial antibiotic diversity awaiting discovery within existing MOA.

Author summary

As antimicrobial resistance is on the rise, the need for compounds with novel targets or
mechanisms-of-action [MOA] are of the utmost importance from the standpoint of public
health. A major bottleneck in drug discovery is the ability to rapidly screen candidate
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compounds for precise MOA activity as current approaches are expensive, time consum-
ing, and are difficult to implement in high-throughput. To alleviate this bottleneck in
drug discovery, we developed a human interpretable artificial intelligence classification
framework that can be used to build highly accurate and flexible predictive models. In this
study, we investigated antimicrobial MOA through the transcriptional responses of
Escherichia coli challenged with 41 known antibiotic compounds, 9 crude extracts, and a
recently discovered (circa 2019) compound, darobactin, with novel MOA activity. We
implemented a highly stringent Leave Compound Out Cross-Validation procedure to
stress-test our predictive models by simulating the scenario of observing novel com-
pounds. Furthermore, we developed a versatile feature selection algorithm, Clairvoyance,
that we apply to our hierarchical ensemble of classifiers framework to build high perfor-
mance explainable machine-learning models. Although the methods in this study were
developed and stress-tested to predict the primary MOA from transcriptomic responses
in E. coli, we designed these methods for general application to any classification problem
and open-sourced the implementations in our Soothsayer Python package. We further
demonstrate the versatility of these methods by deploying them on recent Mycobacterium
smegmatis metabolomic and E. coli transcriptomics datasets to predict MOA with high
accuracy.

Introduction

As antibiotic resistant pathogens have increasingly emerged [ 1,2], the discovery of new antimi-
crobials has lagged [3,4] despite previous efforts in screening hundreds of thousands of com-
pounds [5]. Many of the screened compounds are either identical to known drugs, close
analogs thereof, or have the same molecular targets [6]. Despite the wide variety of utilized
antibiotics, many of these appear to collapse into 6 distinct mechanisms-of-action [MOA]
based on pure enzyme inhibition assays. Progress within antibiotic discovery has been rela-
tively slow [7] and the discovery of new antibiotics within existing MOA [8] constitutes a van-
ishingly low percentage of screened compounds [3,4]. This redundant discovery and
diminishing returns of new chemical entities underpins declining industry efforts in screening
for new antimicrobial drugs and a desire for disruptive new approaches.

One of the barriers to finding new chemical entities with novel biological targets is the
problem of dereplication; the determination of a compound’s primary MOA is time-consum-
ing and often results in rediscovering a previously observed compound from a known MOA.
The typical screening for antibiotics entails bacterial growth inhibition assays followed by mac-
romolecular synthesis assay [9], with the former defining antibacterial activity and the latter
determining the primary MOA [7]. Growth inhibition assays are easily automated and per-
formed in high throughput [10]. An automated method to screen new antimicrobial com-
pounds in high-throughput for both predicted MOA and similarity to known antibiotics as an
intermediary step would obviate a major bottleneck in the path from drug discovery to clinical
trials. Efforts to utilize more detailed whole cell bioreporter methods include large scale
mutant library screening [ 11], whole cell imaging [12-14], proteome profiling [15,16], tran-
scriptomics [12,17-20], and metabolomics [21]. Relative to the other approaches, transcrip-
tome profiling benefits from capturing broad gene expression information relative to input
labor. In previous MOA predictive modeling studies, accuracy estimated was occasionally
absent [20], difficult to reproduce [19], or lacked robustness on held-out compounds [19].
More recent studies did validate their models but did not evaluate their models on unobserved
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compounds [12,20,21]. The desired method should have high prediction accuracy validated on
compounds not included in the training data and, therefore, unobserved by the model. An
approach that abides by this stringency is Leave Compound Out Cross-Validation [LCOCV]
where all instances of a compound are reserved for a testing set and the remaining compounds
are used for model training; thus, demonstrating predictive performance on unobserved com-
pounds. Even though a large set of transcriptomic data has been accrued in this field, the data-
sets have not been utilized effectively to build predictive MOA classification models,
presenting a unique opportunity for exploiting recent advancements in artificial intelligence
[AI] and machine learning.

As Al broadly mimics the cognitive abilities of the human mind, machine learning, a subset
of Al focuses on the ability of machines to receive input and adapt to information for a variety
of tasks including predictive modeling and data mining for diagnostic genes. Machine-learn-
ing algorithms require large amounts of high-quality training data from intelligently designed
experiments to effectively learn latent patterns that describe phenomena; in the case of this
study, patterns within differential gene expression [DGE] profiles that can discriminate MOA.
However, many high-performance models such as deep neural networks are difficult to inter-
pret in a biological context where transparency in diagnostic decisions are paramount for reli-
able clinical applications. Explainable Al, often abbreviated XAl is an effort to produce
human interpretable models while maintaining a high level of learning performance [22].
Interpretability in the context of Al translates to a detailed understanding of a model’s deci-
sion-making process. Although XAI cannot directly explain hitherto unknown biological phe-
nomena, it can be used synergistically to guide research endeavors with domain expertise
which, in turn, produce more realistic models resulting in a positive feedback-loop of informa-
tion gain.

Given the proper training data, XAI can be leveraged to address two major questions of bio-
technological and fundamental importance in antibiotic discovery. First, can XAI utilize whole
transcriptome responses to predict the primary MOA of a compound or culture extract with
high accuracy? In this scenario, antibacterial compounds or extracts that defy classification
potentially represent new chemical entities with novel molecular targets or MOA; a major goal
of biomedical science. Of seemingly lesser but potentially greater impact, does an examination
of these responses within compounds of the same MOA reveal established MOA categories to
be discrete entities or rather a spectrum of biological responses? In the latter case, compounds
categorized within existing MOA but with unique transcriptional responses may represent
new chemical entities that would have been discarded erroneously using traditional
approaches.

Results

Antimicrobial mechanism of action training data compounds and
producer-strain extracts

Our training dataset consists of 41 antibiotic majority FDA-approved compounds represent-
ing 6 MOA including inhibitors for protein-, DNA-, RNA-, cell-wall-, cell-membrane-, and
fatty-acid-synthesis (Tables 1 and S1), which were chosen to maximize coverage of MOA and
chemoinformatic space. The challenge experiments were conducted in Escherichia coli strain
WO0153, which has a permeable outer-membrane susceptible to large hydrophobic antibiotics
[23], allowing us to investigate the effects of more antibiotic compounds at lower concentra-
tions than wild-type strains, therefore, reducing the likelihood of off-target effects that could
trigger secondary MOA activities. For each compound, at least triplicate challenges were con-
ducted and transcriptomes were sequenced to analyze gene expression profiles.
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Table 1. Training data for pure compounds and producer-strain extracts relative to MOA. Number of compounds, samples, and pairwise DGE profiles for pure com-
pounds and producer-strain extracts relative to individual MOA.

Pure Compounds Producer-strain Extracts
Compounds Samples Pairwise DGE Profiles Compounds Samples Pairwise DGE Profiles
MOA
cell-membrane 2 11 33 0 0 0
cell-wall 12 61 178 4 18 54
dna-synthesis 10 52 171 2 7 21
fatty-acid-synthesis 3 12 36 0 0 0
protein-synthesis 9 42 126 2 6 18
rna-polymerase 4 20 58 2 6 18

https://doi.org/10.1371/journal.pcbi. 1008857.t001

Historically, the majority of antibiotics have been discovered and isolated by fermenting
soil bacteria. Hence for nine compounds, we also included crude extracts from organisms pro-
ducing a specific antibiotic compound (called “producer-strain extracts” herein) to prepare
our models for high-throughput discovery pipelines of microbial extracts, which would obviate
the time-consuming chemical purification.

The specific machine learning problem addressed in this study is to robustly predict the
MOA of a compound unobserved by the model using gene expression data generated from
microbes treated with said compound. An added constraint of this overarching task is to
ensure maximum model interpretability without sacrificing model performance and these
objectives are evaluated by simulating predictive performance on novel compounds in silico
(i.e., LCOCV). As machine learning algorithms benefit greatly from more high-quality train-
ing data, we used pairwise DGE profiles (instead of summary statistics) to maximize the num-
ber of observations while simultaneously accounting for bias between sampling and providing
prediction error profiles. This simple procedure increased our available training data from 235
observations to 713 observations and, thus, providing more information that can be used for
modeling (Table 1). With these 713 pairwise DGE profiles, we used 3065 protein-coding genes
as features to increase opportunities for downstream interpretability and potential post hoc val-
idation experiments.

Feature selection to optimize held-out compound classification
performance

Machine learning models tend to overfit when the number of features vastly exceeded the
number of observations; in this case, genes and biological samples, respectively. The training
data dimensionality is not ideal for even simple binary classification models, let alone 6 imbal-
anced classes, thus, it was not surprising to find that most traditional classification models per-
formed poorly (<90% LCOCV accuracy) (Table 2). Our solution to overcome this
dimensionality obstacle was to develop the Clairvoyance feature selection algorithm as a means
for curating gene sets that could robustly discriminate the primary MOA of DGE profiles. The
objective function implemented in Clairvoyance maximizes the accuracy of custom (or sto-
chastic) cross-validation pairs by iteratively enriching the subset of predictive features (e.g.,
genes). This iterative enrichment denoises the dataset with respect to a specific classification
task resulting in a smaller feature set with reduced potential for model overfitting (see SI Meth-
ods). In the case of this study, the Clairvoyance algorithm iteratively refines the gene sets to
maximize the MOA classification accuracy of unobserved compounds provided as the test set
in our custom LCOCV pairs to simulate the performance on novel compounds.
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Table 2. Model performance using several supervised machine-learning algorithms. Various machine-learning algorithms were evaluated using the entire feature set
(n= 3065 genes) and the Clairvoyance-optimized feature set (GeneSet,; 5, n = 399 genes) with the same LCOCV pairs. Performance metrics for each LCOCV set include
accuracy, precision, recall, and F1 score. LCOCYV refers to Leave Compound Out Cross Validation where we remove all instances of a compound from the data used to fit

the model (training data) and evaluate performance

on the held-out compound profiles (testing data) (see Materials and Methods).

Clairvoyance feature selection [N = 399 Genes| No feature selection [N = 3065 Genes|
Accuracy F1 Score Precision Recall Accuracy F1 Score Precision Recall

Classifier
CoHEC 0.999 0.983 0.983 0.982 0.749 0.693 0.715 0.682
Logistic Regression 0.880 0.829 0.856 0.817 0.793 0.732 0.763 0.723
Random Forest 0.792 0.719 0.768 0.708 0.742 0.659 0.703 0.645
K-Nearest Neighbors 0.714 0.568 0.617 0.546 0.636 0.506 0.561 0.481
Support Vector Machine 0.798 0.722 0.778 0.704 0.694 0.616 0.668 0.600
Naive Bayes (G: ian) 0.698 0.582 0.623 0.561 0.429 0.302 0.389 0.274
AdaBoost 0.333 0.308 0.333 0.301 0.339 0.277 0.333 0.261
Neural Network 0.872 0.785 0.815 0.773 0.741 0.635 0.683 0.619

https://doi.org/10.1371/journal.pcbi. 1008857 1002

We leveraged Clairvoyance feature selection with a multiclass version of a logistic regression
model predicting MOA using a one-vs-rest architecture. Without feature selection, this model
predicts the MOA from unobserved compounds with a LCOCV accuracy of 79.3% (Table 2).
With feature selection designed for multiclass predictions, Clairvoyance was able to identify 98
genes (GeneSetruisiciass) that could predict MOA from unobserved compounds with a LCOCV
accuracy above 95% (Table 3). Although the performance of this model is high, we wanted to
extend our methods to a hierarchical framework to better understand the decision-making
process and maximize the amount of available information.

Hierarchical framework for multiclass classifications

With inspiration from the mechanisms of human cognition and the applications to automated

facial recognition [24], we sought to decompose the complex task of multiclassification into a
multilayered path of simple binary tasks [25]. We have developed a flexible framework for
implementing Hierarchical Ensemble of Classifiers [HEC] models and their Clairvoyance-
optimized counterpart [CoHEC]. Our basic HEC model approach implements a hierarchical
ensemble of binary classifiers through a single graphical model with 3 degrees of flexibility for
each sub-model decision node: (1) a custom feature set optimized for a simple binary classifi-
cation task; (2) a unique classification algorithm with hyperparameters that most effectively
discriminates the sub-model-specific decision paths; and (3) the relationship between sub-
models can be data-driven or assigned a priori.

The graphical structure of our COHEC model (Figs 1A and S2) is entirely data-driven to
demonstrate the autonomous abilities of our XAI methodology by solely using emergent pat-
terns within the training dataset in relation to the labeled classes. In other words, we do not
predefine the graphical structure or gene sets using curated databases or domain knowledge
(although, this functionality is supported) and instead allow the data to guide such parameter
choices. Optimization of the gene feature set for each sub-model using Clairvoyance (GeneSet,x
where k ranges from sub-models 1-5) boosted LCOCV accuracy substantially; between 10-
23% in most cases and all cases resulting in left-out compound accuracies greater than 99%
(Fig 1B and S2 Table). Several estimators were evaluated, optimized, and tuned for each sub-
classification task but logistic regression models were the exemplar in all cases. While a few
genes are shared between various pairs of sub-models, none of the 399 unique genes from Gen-
eSety;.ys used in the COHEC model were universal to all sub-models reinforcing the notion
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explained variance of the eigenprofile for each MOA. B) The influence of the Clairvoyance optimization algorithm for feature selection on model performance
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number of compounds included during (lower) LCOCV evaluation relative to performance. Error bars represent standard error of mean. E) Kernel density of
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performance.

https://doi.ora/10.1371/journal.pcbi.1008857.9001

that each sub-model is task specific (Fig 1C and S2 and S3 Tables). Of these 399 genes in our
CoHEC model, there were 87 of the 98 genes (88.8%) in GeneSet s, iciass OVerlapping (S6 Fig)
and, thus, demonstrating the ability of Clairvoyance to identify emergent patterns within the
data despite different model architectures. Interestingly, none of the MOA enzymatic targets
were selected by Clairvoyance as discriminative features further endorsing our data-driven
approach because the discriminating patterns were unknown a priori.

Our hierarchical framework provides a seamless avenue for introducing additional classifi-
cation layers post hoc to a fitted model. For example, our COHEC model was initially designed
to classify 6 MOA categories but we’ve augmented the model with an additional layer to
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predict sub-MOA for 30S/508S subunit protein-synthesis inhibitors to showcase this function-
ality. In our COHEC model, protein-synthesis is discriminated from rna-polymerase inhibitors
by sub-model y5 using a subset of 92 genes (GeneSet,s). To demonstrate how the information
content in our hierarchical model is nested, we used Clairvoyance with the 92 genes from sub-
model y5 to identify an additional feature set that could robustly discriminate 30S from 50
protein-synthesis inhibitors (S1 Table). This approach predicted the target subunit of protein-
synthesis inhibitors with a LCOCV accuracy greater than 96% using a subset of only 7 genes

(GeneSet 3ps/50s) (S5E and S5F Fig and S2 and S3 Tables) from sub-model y5 and only over-
lapped with gene sets from sub-models in protein-synthesis decision path.

Model evaluation and benchmarking

The structure of our training data and our representation of differential expression allowed us
to evaluate unobserved compound accuracy on 3 hierarchical abstractions. For our CoOHEC
model using GeneSet,,; s, we have the following evaluation: (1) the accuracy of individual pair-
wise DGE profiles using LCOCV (99.72%), (2) the mean accuracy for each LCOCV test set
(99.86%), and (3) the majority voting consensus prediction for a compound from multiple
individual predictions (100%) as shown in Tables 2,3,54, and S7, and described in detail with
Materials and Methods. Consensus predictions from our CoHEC model using individual pre-
dictions grouped by LCOCV test sets can be accomplished via soft majority voting with sub-
model probabilities or hard majority voting with only terminal predictions; majority voting is
amethod that combines the results of multiple predictions into a single prediction. Regardless
of the voting scheme, the COHEC model achieves 100% accuracy for predicting the primary
MOA from unobserved compounds despite the draconian method of leaving out all instances
of a compound when fitting the model during LCOCV (83 Fig and Tables 3 and S7). This
methodology out-performs that of previous studies [14,19,21] despite our usage of a far more
stringent accuracy validation method.

We compared our CoHEC model performance to similar models and methods to assess
performance gains. As mentioned prior, we used Clairvoyance with a multiclass logistic regres-
sion and obtained accuracies greater than 96% using GeneSet g, jsiciass (Tables 2 and S7). To test
whether our COHEC model can outperform a standard multiclass model given the same input
data, we evaluated another multiclass logistic regression but instead of using GeneSetaysiciass
we used the 399 genes from GeneSet,,.s which was designed for a hierarchical architecture.
The multiclass version of our COHEC model performed with a LCOCV accuracy between
85.7% and 89.8% depending on evaluation method (Tables 3 and S7). Although hierarchical
feature selection that is designed for a multiclass model (GeneSet yriticiass) or adapted from a
CoHEC model (GeneSet,,,..s) improves the classification performance when compared to a
standard multiclass model without feature selection (LCOCV accuracy = 79.3%, Table 2),
these methods cannot compete with the synergy of feature selection and hierarchical classifica-
tions implemented in our COHEC model.

In addition to evaluating (Tables 3 and S7) and benchmarking (Fig 1D and 1E) our COHEC
model’s ability to predict MOA, we also tested the performance of the following models: (1)
multiclass logistic regression model using GeneSet,; .5 predicting MOA (S5A and S5B Fig); (2)
Clairvoyance-optimized multiclass logistic regression model (GeneSetauiticiass) predicting
MOA (S5C and S5D Fig); and (3) the Clairvoyance-optimized binary logistic regression model
predicting 30S/50S protein-synthesis inhibitors (GeneSetsos/sos) (S5E and S5F Fig). The null
LCOCYV accuracy of our MOA predictive models had a similar range 20% - 24% (Figs 1E, S5B
and S5D) which is only slightly above the expected null accuracy of 16.6% given perfect
randomness.
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By gradually increasing the number of compounds used for training, we were able to char-
acterize the LCOCV accuracy distribution to evaluate how many compounds were needed to
properly train the model (i.e,, saturation) and if a model is overfitting. We define saturation in
this context as a model’s ability to robustly predict held-out compounds and stabilize even
upon addition of more compounds into the training data. In particular, we observed a stark
difference between the multiclass logistic regression model using GeneSet,;.,s and our CoOHEC
model using the same feature set, In particular, the multiclass representation had an initial
LCOCYV accuracy of 56.7% (+ 2.93%) fitting the model with a single compound per MOA and
does not ever saturate as each additional compound results in notable gains in performance
with a maximum LCOCV accuracy of 99.1% using a maximum all 12 available compounds per
MOA and all of the 713 pairwise DGE profiles (S5A Fig). In contrast, our CoHEC model using
the same feature set, attained an initial LCOCV accuracy of 81.7% (+ 2.72%) fitting the model
with a single compound per MOA and surpasses the multiclass model’s performance using a
maximum of only 7 compounds per MOA upon saturation with an average of 448/713 pair-
wise DGE profiles (Fig 1D). Put simply, given the same amount of information, CoHEC mod-
els can learn predictive patterns faster and more robustly than the direct multiclass adaptation.
With this, the COHEC model surpasses the multiclass adaptation performance using 37% less
data. Although our Clairvoyance-optimized multiclass logistic regression models fit using Gen-
eSetaruiticiass could predict MOA with high LCOCV accuracy (> 96%), we observed a lower
benchmarking performance than our COHEC with an initial LCOCV accuracy of 67.4% (+
2.78%) using a single compound per MOA and did not observe classification saturation until
about 10 compounds per MOA. Our CoHEC model can outperform its multiclass counter-
parts and, therefore, derive more meaning given the same input data.

Interpreting trained models

Interpretability of trained models is paramount in XAI and CoHEC models provides substan-
tial insight into the decision-making process. For instance, fitted HEC models produce an
array of probabilities for each of the 5 sub-models (yI-y5) with built-in methods designed to
calculate the probability for traversing each of the 10 decision paths and to visualize the predic-
tions via decision graphs (Fig 2 and S4 Table). In this case, the probabilities represent binary
decision paths from each of the 5 logistic regression sub-models (though other algorithms for
sub-models are supported) and the standard error is calculated for profiles grouped by
LCOCYV test set; that s, all associated pairwise DGE profiles corresponding to a compound in
aLCOCV test set. These 10 probabilities computed by the CoOHEC model on LCOCV test sets
are machine informative as unsupervised analysis of these probabilities clusters compounds by
MOA with statistically greater homogeneity than the input data of pairwise DGE profiles (Figs
3B, 3D and S1); further shown when comparing silhouette score distributions (Fig 3C). The
ability of our COHEC model to compute probabilities that can confidently cluster a compound
with its respective producer-strain extract in a completely unsupervised setting provides a
powerful avenue to dereplicate known compounds in high throughput (Fig 3D and 3E).

The CoHEC model was field-tested by examining crude extracts from producer-strains for
9 compounds as we would implement in a practical antimicrobial discovery pipeline. Even
when the respective pure-compound had not been observed by the model in the training set
during our LCOCV procedure, the classifier accurately predicts these producer-strain extracts
and this holds true for texiobactin as well; a recently discovered inhibitor of cell-wall biosyn-
thesis [8] (Figs 2A, 2B and S3, and $4 Table). We observed an agreement of probabilities and
standard errors for the prediction paths between a pure compound and the associated pro-
ducer-strain extract suggesting the model is resilient to potential noise from metabolites
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79



PLOS COMPUTATIONAL BIOLOGY Predicting antimicrobial MOA using explainable Al models

Fig 2. CoHEC model decision graphs for pure compounds, producer extracts, and darobactin representing MOA predictions. Prediction paths where each
terminal colored node depicts a MOA, each internal gray node represents a sub-model decision point, and the edge-width corresponds to the probability according
to the model for the respective path. Opaque halos around the edges represent SE with a large width corresponding to higher variance and vice versa. Rose and teal
colored edges illustrate predictions traversing incorrect and correct paths, respectively, with black edges representing paths within a novel MOA paradigm. (A,B)
Show teixobactin as a pure compound and the respective producer-strain while (C) depicts kirromycin and (D) represents darobactin. All of the prediction paths
shown have no instance of the compound being previously observed by the model.

https://doi.org/10.1371/journal.pcbi.1008857.9002

present in the extracts; further supporting dereplication applications. This ability to predict
primary MOA at the level of crude fermentation extract relieves the bottleneck of purification
and isolation of active compounds in natural product antibiotic discovery, addressing our
objectives of providing a high throughput method for primary MOA determination and com-
pound dereplication. Our CoHEC model was also able to accurately predict kirromycin, a
known protein-synthesis inhibitor via EF-Tu [26], even though it was not used during our
training process (Fig 2C). Finally, a compound with a newly discovered MOA not present in
the training data, darobactin [27], was examined. Simulating a novel MOA is difficult because
the paradigms are entirely dependent on the input data, each having unique properties, but
our examination of standard error profiles reveal a method for identifying novel MOA (Fig
2D). While the COHEC probabilities for darobactin point to a fatty-acid-synthesis inhibitor,
the standard error profile along the predicted path is the highest observed in the entire dataset,
particularly at sub-model y4 in discriminating between fatty-acid-synthesis and cell-mem-
brane inhibitors (Fig 3E). The routing, albeit error prone, towards fatty-acid-synthesis and
cell-membrane inhibition is biologically relevant as darobactin uniquely targets the p-barrel
assembly machinery, the BAM complex, which is necessary for outer membrane protein bio-
genesis [28]. This one-off novel target prevents proper modeling of robust cutoffs in standard
error for rejecting a prediction. However, this instance proves that a negative result contains

immense value and can be leveraged for identifying new chemical entities with novel activity.
When the CoHEC model fails to confidently classify an antibacterial compound, assuming
proper data preprocessing, it likely has a novel MOA or target. While the CoHEC model has
high accuracy at predicting primary MOA for known compounds, it also proves robust when
identifying compounds within a MOA and compounds representing new MOA such as kirro-
mycin and darobactin, respectively.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1008857 March 29, 2021 10/25
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Fig 3. Unsupervised clustering performance and error profiles of transcriptomes and COHEC model probability vectors. Unsupervised hierarchical
clustering using (A) pairwise DGE profiles prior to feature selection (N = 3065 genes), (B) COHEC model LCOCYV test set prediction probabilities concatenated
for all sub-models, and (D) CoHEC model prediction probabilities averaged by LCOCYV test set. All hierarchical clustering uses Euclidean distance and ward
linkage. C) Distributions of silhouette scores for (A) and (B) clustering results with Wilcoxon signed-rank test for statistical significance. D) Unsupervised
hierarchical clustering and E) standard error profiles for each of the sub-model and the predicted path with red showing darobactin as a novel MOA and teal
showing producer-extracts. Producer-strain extracts where the pure compound: () has been observed; and (**) has not been observed by the HEC model in
the training data. The box plots extend from the Q1 to Q3 quartile values of the data, with a line at the median (Q2), and whiskersat 1.5 * IQR.

https://doi.org/10.1371/journal.pcbi. 1008857.0003

Interpreting models based on gene expression data is difficult as this approach often cap-
tures downstream effects. Regardless, the decision graphs and sub-model gene coefficients are
biologically relevant when evaluated via Gene Set Enrichment Analysis [GSEA] [29]. For
instance, coefficient-ranked genes from sub-model y2 (DNA-synthesis vs. y4) are enriched in
both DNA and membrane-related GO terms (GO:0009432, GO:0006281, GO:0009102,
GO0:0006974, GO:0090305, GO:0009314, GO:0004518, GO:0006310, GO:0003677) while y4
(cell-membrane vs. fatty-acid-synthesis) is enriched in membrane-related (GO:0006810,
G0:0005886, GO:0016020, GO:0016021) and transport (GO:0006810) GO terms as shown in
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S5 Table. We also observed several nucleotide-binding related (GO:0003677, GO:0000166),
transcription regulation (GO:0006355), protein-binding (GO:0005515, GO:0042802), and
metal-binding (GO:0000287, GO:0046872, GO:0008270, GO:0051539) GO terms enriched in
sub-model y5 in the classification between protein-synthesis and rna-polymerase inhibitors.

Extending methodology to datasets of other microbial strains and feature
modalities

To evaluate our methods relative to other published antibiotic discovery work, we used a col-
lection of transcriptomics and metabolomics datasets classifying MOA utilizing different
microbial strains and feature modalities than used in this study. Hutter et al. 2004 generated a
database of Bacillus subtilis transcriptional responses to treatments of 37 well-characterized
antibacterial compounds from different MOA which were used to build a support vector
machine model to predict MOA of antibacterial compounds. The training data from Hutter
etal. 2004 [19] was not published in any public database. However, the support vector machine
modeling approach and data transformations were well-documented so we used their method-
ology on our dataset to compare method performance. The methods from Hutter et al. 2004
applied to our dataset resulted in 54.5% (no normalization), 60.6% (TMM normalization), and
75.8% (log, transformation) LCOCV accuracies (Tables 3 and S6), which is substantially lower
than our COHEC model. However, the Hutter et al. 2004 methodology used an unconventional
approach that concatenates samples with respect to the feature axis, thus, increasing feature
dimensionality and lowering the numbers of observations available for training. We used a
more standard approach (i.e., stacking replicates on the observation axis instead of feature
axis) in implementing support vector machines to evaluate the performance using modern
methodology but this only increased the LCOCV accuracy by 3% (Table 2).

Next we tested our methods on external datasets by re-analyzing the transcriptomic data
from Zoffmann et al. 2019 [12] and metabolomic data from Zampieri et al. 2018 [21]. Zoffmann
et al. used a combination of transcriptomics and cell imaging data to predict 7 MOA in a differ-
ent E. coli strain (see Materials and Methods). Zotfmann et al. did not publish the cell imaging
data used to construct predictive models but we were able to download the counts from NCBI
Gene Expression Omnibus (Accession: GSE110137) consisting of E. coli BW25113 challenged
with 16 compounds. However, because of this inability to access the same data the Zoffmann
et al. models cannot be directly compared to the results in our study. With the available public
data, we computed pairwise DGE profiles, built CoHEC models, and optimized each sub-model
using Clairvoyance with the same protocol and commands used to construct the CoHEC model
in this study. The COHEC model for the Zoffmann et al. 2019 transcriptomic data resulted in
100% LCOCYV accuracy using only 35 gene features (S6 Table). However, Zoffmann et al. 2018
implemented a random forest classifier which we also implemented as shown in Table 2;
though, COHEC models out-performed this method and other standard classifiers.

The Zampieri et al. 2018 study had the most complete data that was publicly available,
accessible through EMBL-EBI BioStudies (Accession: S-BSST113)[21]. This study used an iter-
ative hypergeometric test to model metabolite responses of Mycobacterium smegmatis exposed
to 62 compounds representing 18 MOAs. The Zampieri et al. metabolomic data had both a
temporal aspect and contained a reference solvent for each timepoint. We constructed two
CoHEC model paradigms: (reference_t0) treatment at t,, vs. treatment at fo; and (reference_sol-
vent) treatment at £, vs. solvent at #, as both are biologically informative. We adapted our
LCOCYV strategy to incorporate treatment concentration for MOA that contained only a single
representative. With this dataset, our COHEC models achieved a LCOCV between 94.9% -
99.1% LCOCYV accuracy with 492 metabolite features when using t = 0 as a reference and
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88.2% - 96.3% with 494 metabolite features when using solvent as a reference (Tables 3, S6 and
S7). Zampieri et al. 2018 [21] reports their performance using area under the curve, which is
undefined for LCOCV, thus we were not able to directly compare model performance.

Discussion

The CoHEC models present a purely data-driven XAl approach that can predict the primary
MOA from unobserved compounds with high performance. This data-driven Al maximizes
the available information content by asking simple questions about specific genes in a particu-
lar order to effectively evade statistical artifacts that are inherent in biological datasets where
features greatly exceed the number of observations. We demonstrate the resourcefulness of
our CoHEC methodology by comparing multiclass models either using the same input data
(GeneSet,,.5) or with gene sets designed for multiclass models (GeneSetyyriciass) and evaluat-
ing the number of compounds needed per MOA to stabilize prediction performance. The
CoHEC model can exceed the performance of a multiclass model using the same base algo-
rithm (e.g., logistic regression in this study) with only a fraction of the training data when
using the same input features. This is desired in the field of bioinformatics where sample col-
lection is a limiting factor and interpretability is key.

Furthermore, our hierarchical classification scheme is intuitive in that we can visualize the
flux of weighted decisions through the graph for both individual and grouped observations
(Figs 2 and S3 and S3 and 54 Tables). Most importantly, our approach does not sacrifice per-
formance for interpretability because the COHEC model can be unpacked to reveal feature
weights that directly translate the Al decision process into human comprehensible
terminology.

As membrane/transport GO terms were expected to be enriched in gene sets that classify
MOA targets related to cellular structure and nucleotide/protein binding related terms were
expected for gene product synthesis, we were not expecting a multitude of metal ion related
GO terms in the classification of protein-synthesis and rna-polymerase inhibitors. However,
this agrees with previous studies that have focused on metal-responsive ECF sigma factors, sev-
eral of which are activated by iron depletion or by an excess of other metals such as zinc [30];
thus, overlapping with the GO terms enriched in our GSEA analysis (S5 Table). Bacterial ECF
sigma factors are directly involved in the transcription process by recognizing promoter
sequences, together with the core RNA polymerase enzyme, and initiate the transcription of
the genes they regulate [31]. Although our models can be fully understood from a mathemati-
cal perspective, biological interpretation is limited to previous empirical studies and the extent
of domain knowledge available. However, our methods are expected to provide a powerful
resource in guiding empirical validation experiments to demystify complex biological
processes.

While some multiclass classification problems do not require the architecture of hierarchi-
cal methods (e.g., S1A Fig), many more likely do given that negative data-mining results are
rarely published. Our methods allow each decision to be evaluated and optimized with flexibil-
ity in classification algorithms, custom cross-validation-based objective functions, feature
selection optimization, and hyperparameter tuning for each sub-model (52 Table). In addition,
the estimators of each sub-model could be further incorporated into ensemble methods such
as tree-based gradient boosting for non-linear discrimination (e.g., XGBoost [32], CatBoost
[33]) or AdaBoost [34] with logistic regression to further boost performance. Ultimately, the
implementations developed here are widely adaptable to a variety of research goals where min-
ing descriptive features for discriminating groups or complex classifications are desired. For
instance, Clairvoyance was developed and validated on primary antibiotic MOA predictions
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but nascent versions of this algorithm were implemented to identify genes and pathways asso-
ciated with cyanobacteria-moss symbiotic events [35], some of which have been experimen-
tally validated post hoc using gene knockout experiments, demonstrating broad usage. We
further demonstrate versatility by applying our methods to predict MOA from E. coli
BW25113 transcriptomics and M. smegmatis metabolomics timeseries (Tables 3,56 and §7). In
these demonstrations, we reveal that our Al determined a mix of logistic regression and non-
linear tree-based classifiers to be optimal for predicting MOA. Furthermore, we expand the
methods to investigate metabolomic profiles both in relation to solvent (reference_solvent) and
to a baseline timepoint prior to antibiotic treatment (reference_t,) showcasing how one could
investigate MOA from different biological contexts. Our methods outperformed these studies
regardless of strain, species, modality, or large number of MOA categories while using a robust
LCOCYV accuracy metric.

Many empirical MOA classification experiments are based on macromolecular synthesis
assays with limited targets and response variables. An open scientific question prior to this
study was whether compounds with the same MOA determined by enzyme assays elicit the
same whole transcriptome response. The lack of consensus statistically significant differentially
expressed genes within a primary MOA (S1C Fig), the disparity of the global transcriptome in
response to compounds both within and between MOA (Fig 3A), and the intermixing in multi-
variate analyses (S1B Fig) all suggest that concept of a MOA is a non-discrete fuzzy categoriza-
tion. Although this presents challenges for classification algorithms, it also illuminates that there
is unexplored functional space of new chemical entities within existing MOA that needs to be
surveyed as compounds within a MOA can have very different biological effects. The 3 MOA
with the lowest number of compounds in this study, cell-membrane (n = 2), fatty-acid-synthesis
(n = 3), and RNA-polymerase (n = 4) are underrepresented in our training data because there is
avery limited number of FDA-approved compounds (Tables 1 and S1) for these MOA. With
the proper experimental design, our methodology could identify novel targets within these
underrepresented MOA and expand the map of each MOA landscape and, in doing so, our
understanding of antimicrobial resistance as a whole. In addition, a natural extension to our dis-
covery methods would be to build secondary post hoc model as a successive layer to the main
CoHEC model able to determine if and how a successfully classified compound is functionally
divergent from previously observed compounds. A companion study examining sub-MOA
diagnostic features may address the research required to execute such an addition [36]. In future
work, we plan to empirically validate our model predictions and expand the underrepresented
MOA classes to fortify the AI's understanding of MOA-specific patterns.

As we have demonstrated, the data-driven methods used here are designed to be transferra-
ble to other organisms as our primary goal was to rapidly screen a broad range of compounds
with any antimicrobial activity. The specific methods developed here need no specialized
equipment beyond access to a sequencing core, which is near universal, but we also demon-
strate usage in other modalities such metabolomics. This is a benefit over previous methods
that required extensive numbers of genetically modified reporter strains [11], mass spectrome-
ters [16,21], or high-end microscopes [13]. Ultimately, this method is easily utilized by other
researchers and the algorithms have been designed to flexibly accommodate model updates by
automating feature selection, determining hierarchical structure, and parameter tuning with
parallel-computing scalability for use on personal laptops to high-performance compute serv-
ers. Progressive science is built on open-sourcing knowledge, which is why we used an inex-
pensive publicly available strain, a detailed experimental design, and hosted the algorithms
with tutorials demonstrating usage in an open-sourced programming language. These are
components that facilitate an organically collaborative community resource accelerating anti-
microbial discovery in both biology-centric and data-driven paradigms. Given our conclusion
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that there are likely unexplored spaces within existing MOA, such an effort should yield new
chemical entities with novel activity and provide a unique perspective in data-mining for other
researchers.

Materials and methods
Selecting antibiotic compounds

An initial set of antibiotics to be tested was chosen to represent the breadth of FDA-approved
antibiotics across MOA classes and then certain MOA classes were supplemented with non-
approved compounds with known antibiotic MOA to improve diversity. Subsequently, this
compound set was dereplicated according to structural diversity using an ordination based on
the molecular descriptors of the compounds [36].

Crude extract production of antimicrobial-producing microbial strains

To further test the predictive model capabilities, strains producing known antibiotics were fer-
mented and the whole broth was processed to produce crude extracts as described previously
in a parallel study to this research [36] (S1 Table).

Strains were inoculated from a frozen glycerol stock onto SMSR4 agar plates (0.125 g
casein, 0.1 g potato starch, 1 g casamino acids, 100ml R4 fermentation medium, 20 g bacto-
agar in 1 L water). Morphology was confirmed under a 10X magnification using a Zeiss Stemi
2000 microscope and inoculated into 20ml of Modsb (15 g glucose, 10 g malt extract, 10 g solu-
ble starch, 2.5 g yeast extract, 5 g casamino acids, and 0.2 g CaCl,-2H,0 per 1 L deionized
H,0, pH 7.0) in a 250ml flask, shaken at 150 rpm at 28 C for 2-5 days. Upon robust growth,
the biomass was diluted 1:20 into 500m! of production medium R4 (10 g glucose, 1 g yeast
extract, 0.1 g casamino acids, 3 g proline, 10 g MgCl,-6H,0, 4 g CaCl,-2H,0, 0.2 g K,SOy, 5.6
g TES free acid (2-[[1,3-dihydroxy-2-(hydroxymethyl)propan-2-ylJamino]ethanesulfonic
acid) per 1 L deionized H,O, pH 7) for all strains except X4251. X4251 was diluted 1:20 into
500ml of production medium BPM (20 g glucose, 10 g organic soy flour (Bob’s Red Mill), 10 g
pharmamedia (Traders Protein), 1 g (NH4),SO4, 10 g CaCOs, 20 g glycerol per 1 L deionized
H20). Activity was monitored by bioassay and the active cultures were harvested between 4
and 7 days of growth in the production medium at 150 rpm at 28~ C. Crude extracts were gen-
erated by extracting the whole broth culture with an equal volume of water saturated n-butanol
for 3 hours at room temperature and sonicated in a water bath for 20 mins prior to clarifying
the butanol/aqueous layers with centrifugation. The n-butanol layers were removed into clean
tubes and dried in a Savant Speedvac Concentrator heated to 450C under vacuum. The dried
substances were reconstituted and concentrated in 100% DMSO at 10X the original volume.
Crude extracts were divided into 500ul aliquots, tested for MIC against W0153, and kept fro-
zen until used for exposures to produce transcriptomes. The production of known compounds
was confirmed with mass spectrometry, HPLC retention time, and/or spectrum of activity
against resistant and sensitive test strains. Crude extracts were shipped on dry ice from Novo-
Biotic Pharmaceuticals to JCVI overnight.

Antibiotic challenge experiments and sequencing

Escherichia coli strain W0153 (parent strain AB1157; asmB1 tolC::kan modifications) was
acquired from the Yale culture collection (http://cgsc2.biology.yale.edu/Strain.php?ID=4509).
This modified AB1157 strain of E. coli has the asmBI allele, which reduces LPS synthesis, and
the gene for tolC has been replaced by a Kanamycin resistance cassette. For the antibiotic chal-
lenge, 3 mls of E. coli strain W0153 at an OD400f 0.5, representing mid-log phase, were

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1008857 March 29, 2021 15/25

85



PLOS COMPUTATIONAL BIOLOGY Predicting antimicrobial MOA using explainable Al models

exposed to each antibiotic in biological triplicate at 1xMIC for 30 minutes. After 30 minutes of
exposure, 100 pls of the cells were removed for ODgg, values and CFU/ml counts (54 Fig).
This served as a checkpoint to observe that the 1xMIC antibiotic treated sample is showing an
ODgq value and CFU/ml counts less than that than of the untreated control ¢ = 30 minute sol-
vent control but greater than that of the t = 0 sample, to ensure proper growth and to rule out
an over treatment of the cells for an incorrect MIC. In parallel, the remainder of the cells were
immediately pelleted at 4°C by centrifugation for 10 minutes at 2000 rpm in 1ml aliquots. The
supernatant was removed and the pellets were immediately frozen in liquid nitrogen then
stored for the RNA extraction processing at a later date. Total RNA was extracted by automa-
tion using the NucleoMag RNA extraction kit (Macherey-Nagel, GmbH) on the EpMotion
Robotic liquid handler. For the resulting total RNA, RIN values were obtained to check for
RNA quality using the 2200 TapeStation (Agilent Genomics, Inc.). Acceptable values to proceed
to ribosomal subtraction were above a RIN of 5. Ribosomal RN A (rRNA) was subtracted from
the total RNA to yield only messenger RNA for library construction using a bacterial rRNA
depletion kit (New England Biolabs, Inc) at half reactions with a total RNA input maximum of
400 ng. The rRNA depleted product was quality controlled using an Agilent Bioanalyzer with
the Agilent Pico chip for RNA detection to check for less than 0.5% of rRNA remaining. Then,
2.5 pl of the rRNA depleted samples, amounting to approximately 2-5 ng, is used as the input
material to construct each cDNA library for RNA sequencing using the NEBNext Ultra Direc-
tional RNA Library prep kit (Illumina, Inc.) at half reactions. The resulting libraries were ana-
lyzed using Agilent High Sensitivity DNA chips to ensure library quality. Libraries were
quantified and normalized by gPCR and then sequenced using the NextSeq 500 High Output
Kit at 150 cycles producing approximately 9 million, 75 base-pair, paired-end reads for each
library.

Sequence processing, mapping, and normalization

Reads were quality trimmed and mapped to E. coli K-12 substr. MG1655 (Genbank: U00096.2,
EcoCyc: v21.1) using clc (http://resources.giagenbioinformatics.com) to produce a gene counts
matrix (S8 Table). To maximize the number of observations and capture all of the variance in
our dataset we used pairwise DGE profiles of the Trimmed Mean of M-values [TMM] normal-
ized counts after filtering out a subset of genomic features. We removed low-quality samples
that had fewer than 4000 detected genes or less than 100,000 reads mapping to non-ribosomal
genes. The following genes were removed from the remaining samples: (1) genes other than
rRNA whose abundance were sensitive to ribosomal depletion methods [G26 (D-galactose
1-dehydrogenase), G0-8867 (GcvB small regulatory RNA), EG30069 (RnpB RNA), G0-9281
(glutamate-pyruvate aminotransferase), and EG30100 (tmRNA)]; (2) rRNA genes; (3) non-
protein-coding genes; (4) genes differentially expressed between comparisons of media and
antibiotic carrier controls; and (5) genes differentially expressed in response to the producer-
strain metabolic background (i.e. pure compound vs. producer extract). Our method of pair-
wise DGE is calculated by the following: (1) remove genes described above; (2) TMM normali-

zation using edgeR [37]; and (3) for each compound in a sequencing run we calculate the
log>(compound,)—log,(control,’) for all compound replicates r and respective control repli-
cates r’ using a pseudocount of 1 (89 Table). Our dataset consists of 9 sequencing runs, each
with several antibiotics representing different MOA, and we only include relationships within
a sequencing run to minimize batch effects and reduce variance introduced from non-biologi-
cal processes. Statistically significant differentially expressed genes were computed using edg-
eR’s exactTest with |log,FC| > 2 and FDR < 0.001 to minimize the influence of off-target

effects (S1C Fig).
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Hierarchical ensemble of classifiers modeling

The graphical structure of our HEC model is entirely data-driven to exploit natural patterns
within the data. However, it is possible to use a predefined structure but, due to the limitations
in our understanding of latent variables in biological classification tasks, we implemented an
unsupervised method to allow the data to dictate the hierarchy. Our methods for implement-
ing this unsupervised hierarchy alludes to the concept of an eigengene which, essentially, is the
first principal component of a dataset using a subset of features [38]. In this context, we trans-
pose the operation by generating m-dimensional eigenprofiles representing each MOA class
from our pairwise DGE feature matrix [X] (m = the number of genes). We then use classical
agglomerative methods with Euclidean distance and ward linkage to cluster these profiles
revealing the relationships between MOASs as a natural hierarchical structure entirely depen-
dent on the differential expression profiles. The implementation for this pipeline can be found
within the soothsayer.hierarchical. Topology object.

Once the structure is determined, the framework resembling a decision-tree is used to con-
struct a directed NetworkX [39] directed graph where each internal or terminal node in the
graph represents a sub-model or classification category (e.g. MOA), respectively. The paths for
each classification target in the directed graph and the target matrix [Y] can be obtained from
the soothsayer.hierarchy. Topology object using the get_paths and get_target_matrix methods,
respectively. The resulting paths contain a collection of ordered nodes when traversing the
graph towards the desired target classification from the input node. Y contains the binary clas-
sifications for each sub-model in the graph and is used with X to train all of the sub-models
simultaneously using the fit method. The model object is implemented in soothsayer.classifica-
tion.HierarchicalClassifier and mimics the API of scikit-learn (arXiv:1309.0238).

Each sub-model node serves as a vessel for storing custom fields including feature sets (e.g.,
gene subsets from feature selection), feature matrices (e.g., gene expression or pairwise DGE
data), and scikit-learn compatible classification models among other custom data fields. The
edge weights between nodes in the graph contain probabilities from the parent sub-models
and these can be examined quantitatively or visualized for a qualitative assessment of a single
prediction or group of predictions (e.g., replicates) with standard error of the mean error bar
support. The sub-model nodes contain a unique classification model equipped with custom
model hyperparameters and gene subsets designed to optimize a specific classification task in
the overarching model. The sub-model hyperparameters and gene sets are shown in 52 Table.

This architecture allows maximum flexibility for decomposing complex predictions into a
sequence of simple predictions with any set of features or any scikit-learn compatible classification
model. The implementations for preprocessing data, determining hierarchical structures, building
and evaluating hierarchical classification models, and analyzing diverse datasets can be found within
our Soothsayer Python package. Additional supervised-classifier algorithms, as shown in Table 2,
were implemented and evaluated using scikit-learn with random_state = 0 when applicable.

An example of the CoHEC prediction process for the transcriptomic response to teixobac-
tin (Fig 1C): (1) evaluate using the 102 genes in sub-model yI with 99% probability diffusing
towards sub-model y3; and (2) sub-model y3 uses a subset of 101 genes, of which only 10 genes
overlap with sub-model y1, routing the transcriptome profile to the cell-wall MOA with 99.5%
probability as a terminal classification.

Simulating novel compounds by evaluating model on unobserved
compounds via Leave Compound Out Cross Validation

In the context of drug discovery, our LCOCV training and testing splits simulated the follow-
ing scenarios: (1) if there is only a pure-compound then we leave out all profiles for the
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compound in the test set to simulate an unobserved compound; (2) if there are both producer-
extracts and pure compounds we (2a) leave out all profiles related to the compound and test
only on the pure compound (again, simulating an unobserved compound); (2b) leave out all
profiles related to a compound and test only the producer-extract (simulating an unobserved
compound derived from extract); and (2c) leave out only the producer-extract from the test set
(simulating a known compound derived from extract). With this scheme, we end up with 59
unique LCOCV training and testing splits (Fig 3D and 3E and S4 Table).

Feature selection (Clairvoyance)

Clairvoyance is a novel feature selection algorithm designed to enrich a dataset for features
that maximize an accuracy-based objective function. In the case of this study, the feature selec-
tion is applied to pairwise DGE profiles to identify gene sets that optimize classification accu-
racy for the specific binary classification task associated with each sub-model. The methods in
Clairvoyance extend on concepts inspired by Zakharov and Dupont 2011 [40] and Warshan
etal. 2017 (35] by adding pseudo-random sampling preserving class proportions, iterative pro-
cesses, subsetting feature weights from classifiers with an accuracy threshold, and the use of
both decision tree- and logistic regression-based ensembles for versatile performance. Clair-
voyance implements parallel computations that are scalable and can be configured for running
quickly on local machines for notable performance gains or exhaustively on compute clusters
for even greater boosts in performance. The Clairvoyance algorithm is available in our Sooth-
sayer Python package implemented as 1) a low-level object for prototyping in interactive con-
soles as soothsayer.feature_extraction.Clairvoyant and (2) a stand-alone executable with very
few dependencies.

The objective function of Clairvoyance maximizes the cross-validation accuracy which can
accept custom cross-validation training/testing pairs; in this case, leaving all instances of a
compound out for a testing set (i.e., LCOCV). In the context of drug discovery, our objective
function was to maximize LCOCV accuracy of held-out compounds to simulate the perfor-
mance on novel compounds unobserved by the model.

The basic strategy of Clairvoyance is as follows: (1) iterate through a grid of hyperparameter
configurations and for each iteration k construct classifier clfy; (2) shuffle the training data
without replacement into equally sized observation subsets A and B while maintaining class
proportions to produce (X4, y4) and (Xp, yp) training/testing pairs, respectively; (3) train clfy
on (X4, y4) and predict on (Xg, yp); (4) train clfi on (X3, yp) and predict on (X4, y4); (5) store
the weights (i.e. |coefficients| for logistic regression or feature importances for tree-based mod-
els) of each feature (e.g. gene), the accuracy of the held out subset, and the hyperparameters of
clfy. for the fitted models from steps (3 and 4); and repeat steps (1-5) n_iter times for each
hyperparameter configuration k. More specific algorithm details can be found in the SI Meth-
ods and in the open-sourced code.

The hyperparameter grid for logistic regression includes the following: (C) inverse of regu-
larization strength; and (penalty) the penalization type as either L1 or L2 regularization. For
decision tree classifiers, we include the following hyperparameters: (criterion) the function to
measure the quality of a split with gini for Gini impurity or entropy for the information gain;
(max_features) the number of features to consider when looking for the best split; and (min_-
samples_leaf) the minimum number of samples required to be at a leaf node.

The weights for each fit are collected in an array and reduced into a single weight vector
with features listed in descending ordered by their predictive capacity. Each feature is itera-
tively added and the classifier is cross-validated using either custom training/testing sets or
randomly generated stratified K-fold splits serving as the objective function maximized by
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Clairvoyance. An early_stopping parameter is used to stop the algorithm from adding features
if there have not been advancements in the accuracy for a user-specified number of iterations
(100 in this study) to increase computational efficiency. Summary statistics are generated for
the cross-validation performance of each feature subset and plots are generated showing the
transitions between feature subsets with respect to cross-validation classification accuracy.

The basic form of the algorithm can be augmented by running the cross-validation methods
on models with accuracy levels above a particular threshold, using either logistic regression
and/or tree-based methods, and iteratively feeding enriched subsets into the algorithm for
exhaustive data-mining to maximize the performance of the feature selection. These methods
can be configured for single run use or in a pipeline that runs all configurations and produces
a synopsis of all executions sorted by the highest performing run. A major component of the
algorithm’s flexibility is the incorporation of both logistic regression and decision trees for the
objective function maximization as some discrimination tasks are better described by linear
relationships of log-odds while other by non-linear criteria. The resulting feature subsets can
be further explored using ensemble methods such as random forests and boosting ensembles
with Bayesian or randomized hyperparameter tuning. We used the gene sets derived from
Clairvoyance to build individual sub-models in our HEC model.

Clairvoyance identified several combinations of gene sets and hyperparameters of equally
high accuracy using the 41-compound set listed in S1 Table (not including kirromycin or dar-

obactin). To determine which gene sets and hyperparameter configurations would be used for
each sub-model, we sorted each configuration by the following criteria and in this order: (1) |
LCOCYV accuracy for 41 training compounds, (2) T u(standard error) of predicted path for 41
training compounds, and (3) T number of genes; | (lower is better) and | (higher is better)
refer to ascending and descending order, respectively.

Evaluation methodologies and benchmarking

The hierarchical nature of our dataset allowed us to evaluate our methodology in multiple
ways. Our data is arranged in the following hierarchy: pairwise DGE profile — transcriptome
— compound — MOA as shown in Table 1. With this hierarchy, we are able to use LCOCV
training and testing splits to evaluate our data. As we perform LCOCV, we stack the predic-
tions for all of the test sets that were held out into an array and once we complete cross-valida-
tion we can compute the overall LCOCV accuracy we refer to as “Individual Pairwise Profiles
Accuracy”. When we compute the accuracy of each LCOCV test set, we can also compute aver-
age accuracy of all the sets which we refer to as “LCOCV Test Set Accuracy”.

Our experimental design includes several replicates for each compound treatment. These
replicates in combination with the pairwise DGE profiles result in several observations to pre-
dict for a given compound and can be grouped via majority-voting methods using either soft
voting (averaged probabilities) or hard voting (only considering terminal predictions). In the
case of this study, hard voting would translate to predicting each profile separately and then
using the most common prediction while soft voting sums the sub-model probabilities for all
of the replicates and averaging. Soft majority voting can be calculated by averaging the proba-
bility matrix ¥ (Y_hat where rows are testing pairwise DGE profiles and columns are sub-
model probabilities), ensuring the sub-model probabilities sum to 1.0, and traversing the path
of highest probability. In Python, this operation is achieved by Y_hat.mean(axis = 0) where
Y_hat is the output of the predict_proba method built into the HierarchicalClassifier object.
This aggregated probability profile is used as input for the predict_from_probas method which
yields the most probable path from a directed walk across the aggregated probabilities. Hard
majority voting can be computed simply by computing the prediction with the most
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occurrences via y_hat.value_counts().idxmax() where y_hat is a collection of terminal predic-
tions. If the most common predicted MOA is not unique then the prediction is rendered
inconclusive via hard voting. Both majority voting methods have proven to be equally robust
for predicting left-out compound. Our dataset allows us to use these majority voting
approaches since we have discrete groupings (compounds) in each of our broader classifica-
tion categories (MOAs). This grouping method only works for categories with discrete subcat-
egories and, thus, does not apply to all classification tasks.

To provide deeper insight into model fitting characteristics, we benchmarked our models
using two separate approaches. The first of which was by fitting the model with a variable
number of random compounds from each MOA and evaluating model performance on the
entire LCOCV set (Figs 1D, S5A, S5C and S5E). The second approach was by shuffling the
MOA labels and fitting these null models on the shuffled dataset (Figs 1E, S5B, S5D and S5F).
For both approaches, we repeated this process for 500 iterations to obtain a distribution of val-
ues instead of single point estimates. We used the same 500 random seeds in our sampling for
each of our 3 MOA models, which use the same pairwise DGE profiles albeit different gene
sets as either GeneSet, ;s or GeneSetauisiclass making our benchmarking results comparable
between methodologies.

Gene set enrichment analysis

Sub-model specific gene sets were evaluated using the logistic regression coefficients from
each fitted sub-model against the Gene Ontology database (http://geneontology.org/docs/
download-ontology/ | go.obo [format 1.4, releases/2019-05-09]) using GSEA’s Prerank module
with 1000 permutations [29]. The gene sets were extracted from EcoCyc v21.1 flat files (data/
gene_association.ecocyc). Significance is determined by FDR < 0.25 as suggested by the GSEA
documentation.

External studies and datasets

We evaluated our methods using 3 external studies including Hutter et al. 2004 methods (no
data available), Zoffmann et al. 2019 (transcriptomics), and Zampieri et al. 2019 (metabolo-
mics). Each dataset contained their own caveats for analysis. Hutter etal. 2004 did not publish
data but described modeling methodology. In this case, we were able to reproduce model
methodology but not use the same data therefore we could not directly compare results. The
Zoffmann et al. 2019 study did not publish cell imaging data used for modeling but did publish
an auxiliary transcriptomics dataset that we were able to leverage for modeling. However, the
Zoffmann et al. 2019 transcriptomics dataset had several MOA with only a single compound
making the use of robust evaluation such as LCOCV impossible. To adapt their dataset to our
stringency, we used slightly broader MOA categories by adjusting as follows: { “cell wall synthe-
sis inhibitor / lipoprotein”, “cell wall synthesis inhibitor”} — “cell-wall” and {"DNA replication
inhibitor", "DNA damage", "Folic Acid synthesis inhibitor"} — “dna-synthesis” so we could
have more than one representative per MOA. Zampieri et al. 2018 was the most comprehen-
sive and accessible dataset. We were able to obtain metabolomic profiles but since we used
LCOCYV accuracy, we could not directly compare to their AUC scores as AUC is undefined for
LCOCV. To properly integrate the zscore-normalized metabolic data with our methods, we
used pairwise differences instead of pairwise DGE profiles as these were the most comparable.

Supporting information

S1 Fig. Unsupervised clustering and marker gene signatures. Model dataset (TCGA-PAN-
CANCER, http://archive.ics.uci.edu/ml/datasets/gene+expression+cancer+ RNA-Seq) and (B)
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our training data from this study. A) Shows the discrimination of 5 different cancer types
based on gene expression patterns for 801 samples with 20531 gene features. In this scenario,
“out-of-the box” standard multivariate statistical analyses are sufficient to differentiate the cells
types with high confidence. (B) Shows the results for the same multivariate analysis using the
training data from this study which includes the transcriptional response to 41 compounds in
6 categories from 713 observations and 3065 gene features represented using Principle Com-
ponent Analysis ordination. Multivariate statistical analyses cannot discriminate these samples
by their MOA. (C) Differentially expressed genes [DEGs] shared by different compounds
within a MOA. The low proportions (y-axis) shows that different compounds within a MOA
have a different transcriptional response in terms of DEGs and that there is not a clear diag-
nostic profile for each MOA.

(EPS)

S2 Fig. XAl pipeline for determining hierarchical structure, selecting gene feature sets,
and building MOA cdlassifier. The pipeline begins with a basic next generation sequencing
procedure for generating the training data for our method which includes treatment of organ-
ism with a compound of interest, transcriptome sequencing, read mapping to reference, filter-
ing data, and generating pairwise DGE profiles (refer to Materials and Methods). The
remainder of the pipeline is domain agnostic and is broadly applicable. The training data con-
sists of a feature matrix X (e.g. the pairwise DGE profiles) and the target vector y (e.g. MOA
classification). The training data is fed into Soothsayer’s Topology object which determines the
hierarchical structure of the HEC model. Each of the sub-models at internal nodes within the
tree-like structure undergo a feature selection procedure via Soothsayer’s Clairvoyance algo-

rithm. This procedure determines a gene subset that optimizes the accuracy for the perfor-
mance of the sub-model. Next, the: (1) sub-model estimators; (2) sub-model specific gene
feature sets; and hierarchical structure are fed into Soothsayer’s Hierarchical Classifier object to
build the CoOHEC model. This CoOHEC model is a MOA classifier and can be validated by
removing all instances of a compound from the training data, training the model on this sub-
set, and then testing the model’s MOA prediction accuracy with the left-out profile subset.
(EPS)

$3 Fig. MOA- and compound-specific model LCOCV prediction accuracy. MOA-specific
prediction accuracy for unobserved compounds with a heatmap (left) showing the accuracy
for each compound at each sub-model in the CoOHEC model. Bar chart (right) showing the
mean accuracy for each compound for the terminal prediction of the COHEC model colored
by MOA. Producer-strain extracts where the pure compound: (*) has been observed; and (**)
has not been observed by the COHEC model in the training data. Error bars reflect standard
error of mean unless specifically noted otherwise.

(EPS)

$4 Fig. Survival rate for compounds. Percent survival for various compounds compared to
solvent controls measured at t = 30 minutes via optical density of sample at wavelength of 600
nm. Error bars are standard deviations taken from 3 biological replicates with 3 technical repli-
cates each. Crude extract indicated by [CE] suffix.

(EPS)

S5 Fig. Model performance and benchmarking for multiclass MOA and 30S/50S protein-
synthesis classifiers. Benchmarking of Clairvoyance-optimized (A) multiclass logistic regres-
sion MOA and (B) binary 30S/50S protein-synthesis sub-MOA model performance (N = 500
permutations without repetition) showing (upper) the number of compounds included during
(lower) LCOCYV evaluation relative to performance. Error bars represent standard error of
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mean. Kernel density of LCOCV accuracy for (B) multiclass MOA and (D) binary 30S/50S
null models (N = 500 permutations without repetition) and dashed horizontal lines represent-
ing actual model performance.

(EPS)

S6 Fig. Gene set overlaps between MOA predictive model feature selection. Upset plots
showcasing gene set overlap of COHEC sub-models, multiclass MOA, and binary 30S/50S fea-
ture selection.

(EPS)

S1 Table. Antibiotic compound list with MICs and MOA categories. Each of the 41 antibiot-
ics used in the training data with minimum inhibitory concentrations and MOA categoriza-
tion.

(XLSX)

$2 Table. Sub-model parameters, features, and performance. Classifier parameters for sci-
kit-learn estimators for each sub-model along with gene sets and performance metrics before
and after optimization.

(XLSX)

$3 Table. Sub-model-specific gene sets with functional annotations and weights. Gene sets
used CoHEC model derived from Clairvoyance feature selection with fitted logistic regression
coefficients and EcoCyc annotations. Additionally includes multiclass MOA model and 30S/
50S protein-synthesis inhibitor model coefficients.

(XLSX)

$4 Table. COHEC model prediction probabilities for cross-validation and test sets. Predic-
tion probability paths from cross-validation and test set combinations with respect to each
sub-model. Cross-validation training and testing pairs for each sub-model included.

(XLSX)

S5 Table. Gene set enrichment analysis of fitted sub-model coefficients. Results from
GSEA’s Prerank module using coefficients as ranked weights with gene sets from the Gene
Ontology database.

(XLSX)

$6 Table. Sub-model parameters, features, and performance for external datasets. Classi-
fier parameters for scikit-learn estimators for each sub-model along with gene sets and perfor-
mance metrics before and after optimization. These parameters pertain to Zoffmann etal.
2019 and Zampieri et al. 2018.

(XLSX)

S7 Table. Classification metrics. Classification metrics such as accuracy, f1 score, precision,
and recall for different models and evaluation methods.
(XLSX)

S8 Table. Gene expression counts. Unnormalized gene expression counts.
(TSV)

S9 Table. Model training and testing dataset. Pairwise log, FC differential gene expression
profiles.
(TSV)
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$1 Methods. Clairvoyance algorithm. Detailed description of Clairvoyance algorithm includ-
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Research in Context

Evidence before this study

There is increasing evidence that the pathogenesis of acute
malnutrition may be multifactorial and linked to microbial dys-
biosis, the overgrowth of specific enteric pathogens in the gut
and hormonal imbalance. However, most of this evidence has
been generated from children with edematous severe acute
malnutrition [SAM] in East Africa and Southeast Asia. However,
despite malnutrition being prevalent in West Africa, little is
known about the pathogenesis of severe and moderate acute
malnutrition during childhood in this region. Unlike East Africa
and Southeast Asian, non-edematous nutrition dominates in
this region, making it a unique case study.

Added value of this study

Here we provide novel insights into the role of microbial dys-
biosis, enteric pathogens, and host energy-regulating hormones
in the pathogenesis of both severe and moderate non-edema-
tous acute malnutrition among West African Children during
outpatient nutritional rehabilitation. This study also demon-
strates key differences in the microbiome structure and enteric
infections between children with severe and moderate non-
edematous acute malnutrition.

Implications of all the available evidence

As with edematous severe acute malnutrition, non-edematous
SAM is also characterized by the collapse of a complex system
including the gut microbiome, enteric pathogens, and energy
regulating hormones, but in with different important features.
Future interventions should target these systems to improve
the management and outcomes for children with acute
malnutrition.

middle-income countries and is a contributory factor in up to 50%
of under 5 mortality [2]. Acute malnutrition or wasting is a mani-
festation of PEM and is defined by the World Health Organization
as weight-for-height Z scores [WHZ] below the median of the
WHO Growth Reference Standards by at least 2 standard devia-
tions [3]. It has varying degrees of severity from moderate acute
malnutrition [MAM] to severe acute malnutrition [SAM] which
can present as: 1) kwashiorkor or edematous SAM; 2) marasmus
or non-edematous SAM; and 3) marasmic-kwashiorkor [4]. The
2018 Gambia Multiple Indicator Cluster Survey estimated an acute
malnutrition prevalence of 7.4% among children between 6-23
months of age [5], while the Gambia National Micronutrient Sur-
vey estimated an acute malnutrition prevalence of 5.8% for chil-
dren under 59 months of age [6].

SAM has multifactorial causes [7], which may contribute to
the poor performance of nutritional interventions in combating
this public health challenge [8]. In addition to inadequate infant
feeding practices and household food insecurity that are invari-
ably critical factors, acute malnutrition may also develop, prog-
ress, or persist as a result of enteric pathogens [9] and gut
mucosal barrier dysfunction [10,11] associated with unhygienic
living conditions from early childhood. In addition, the pathology
of acute malnutrition may vary across different populations giv-
ing rise to similar nutritional phenotypes. Research investigating
how the gut microbiome plays a role in acute malnutrition have
been mostly limited to kwashiorkor and based in countries in
East and Southern Africa, South-East Asia, and Central America
[12-15] with substantial evidence that gut microbiome structure

varies across regions [16,17]. While a previous metagenomic
study has investigated acute malnutrition in the West African
region [18], the focus was on the relationship between human
milk oligosaccharide composition and microbiome composition.

The gut microbiome is complex and is only partially deter-
mined by the host genome. Several factors are involved in shap-
ing the gut microbiome such as environmental modulation and
diet [19,20]. For example, diets in low-and middle-income coun-
tries are often rich in complex plant polysaccharides compared to
the energy-dense animal-derived foods and processed carbohy-
drates in high income countries 7. Differences in dietary carbohy-
drate composition select for bacteria able to metabolize the
available nutrients and such differences have been observed
when comparing the fecal microbiota between healthy children
in sub-Saharan Africa and those in Europe [21,22]. Depending on
diet, gastrointestinal microbes produce a plethora of metabolites
that modulate the host's fitness, phenotype, and health [23].
Given the variation in gut microbiota between individuals and
the interplay between microbial and host metabolites in relation
to nutrition, it might be possible for nutritional interventions
aimed at acutely malnourished children to be optimized by tar-
geting them to the specific needs of each child or region.

To implement such a strategy, a comprehensive framework
must be developed to characterize the interplay of endogenous
and exogenous metabolism in the context of acute malnutrition.
This complexity raises the question of how best to characterize
the microbiome among children with SAM relative to well-nour-
ished children. With a few exceptions, previous microbiome stud-
ies typically focus on individual components of the gut ecology
(e.g. operational taxonomic units [OTU]) and describe micro-
biomes in terms of taxa abundance and diversity. Although these
metrics are informative, they overlook the fundamental interac-
tions between the microbial and host ecosystems. With the pros-
pect of targeted probiotics and interventional therapeutics on the
horizon, the introduction of a single or a few bacterial species
may be insufficient for the long-term nutritional restoration of a
dysbiotic ecosystem.

Microbiota-directed therapeutics are relatively new in the realm
of medicine, but the fundamentals and conceptualization have been
pioneered extensively by Gordon and colleagues [24-27]. The
hypothesis of undernutrition pathogenesis proposed in Blanton et al.
2016 is the following: 1) initial gut community is disrupted by one or
more factors (e.g. enteropathogen competition); 2) gut dysbiosis pro-
vides opportunities for the virulence potential of pathobionts to be
activated and enteropathogens to further establish themselves in the
community and exacerbating dysbiosis; 3) impaired microbiome
development impairs host immune response and defense; and 4) dis-
ruption of microbiota and host co-development induces the effects of
undernutrition such as impaired muscle/bone growth, metabolism,
and immune/gut barrier function.

As similar conditions of acute malnutrition can develop from
different host-microbiome system configurations, the need for
investigating the multifactorial nature of undernutrition and dif-
ferent mechanisms of pathogenesis is essential. The aim of our
study was to investigate the interactions between the gut micro-
biome, enteric pathogens, and energy regulating hormones
among rural Gambian children with non-edematous SAM (the
predominant type of SAM in this region of The Gambia) during
outpatient nutritional rehabilitation and MAM relative to well-
nourished [WN] children. Our research leverages information
gained from a sample-specific perspective towards providing
insight into various mechanisms of pathogenesis and defining
characteristics of the overarching nutritional status phenotypes.
We applied innovative tools for analyzing these complex and
dynamic interactions within an individual child.
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2. Methods
2.1. Setting and context

The study was conducted in the East, West, and Central Kiang dis-
tricts of rural Gambia. Rural Gambian infants are typically small at
birth relative to international standards, show positive growth during
the first few months of life, and then enter a period of profound
growth faltering of both weight and length until 24 months of age
[8]. Although breastfeeding up to 2 years of age is the norm, gastroin-
testinal infections are commonly acquired from as early as 3 months
of age [28-30]. Most of the population are subsistence farmers and in
recent years crop failure has been common, rendering them food
insecure [31]. Housing conditions are often basic with animals living
in close proximity to the humans. However, there has been increas-
ing access to clean water and sanitation over the past 4 decades in
some of the villages, although housing standards remain basic [32].
Most households rely on water from communal taps in the village
and household level pit latrines for sanitation.

2.2. Study design and sample size

This was a cross-sectional observational sub-study of a quasi-
experimental study that aimed to investigate the role of energy regu-
lating hormones in the variable growth responses of rural Gambian
children during nutritional rehabilitation. The baseline characteristics
of the participants are published elsewhere [33]. In summary, chil-
dren from 6 to 24 months of age who had presented to three rural
primary health care services including the Medical Research Council
Unit, The Gambia [MRCG] Keneba field station clinic, Soma Health
Centre or villages covered by the Kwinella trekking team, from June
2013 to October 2014 were recruited. All participants recruited into
the study underwent clinical assessments and assigned to one for the
following groups: MAM, SAM, and well-nourished [WN (WHZ = -2)];
WN control participants were based on the anthropometric measure-
ments >, MAM is classified as WHZ between 2 and 3 standard devia-
tions below the WHO growth reference standard or a mid-upper arm
circumference [MUAC] between 115 and 125 mm while SAM is clas-
sified as WHZ less than 3 standard deviations below or MUAC <
115 mm or bilateral oedema [3]. SAM children were managed in an
outpatient nutrition rehabilitation unit in rural Gambia with a service
for ambulatory provision of intravenous antibiotics and limited
capacity for overnight observation and management of children
requiring intravenous fluids and nasogatric feeds for < 48 hours.
Children were who HIV-infected or had significant medical complica-
tions requiring transfer secondary or tertiary level care were
excluded.

All children with SAM and MAM received 28 days of ready to use
therapeutic foods (RUTF) according to the WHO and Gambian guide-
lines for the integrated management of acute malnutrition [34]. All
children with SAM received broad spectrum antibiotics including
amoxycillin for 7 days according to international guidance for man-
agement of SAM. In addition, 11 (61%) controls and 9 (41%) children
with MAM had antibiotics prescribed at recruitment. Pre-and 1-hour
post prandial venous blood samples for analysis of energy-regulating
hormones were collected from all children at recruitment and for
children in the MAM and SAM groups at days 14 and 28. Stool sam-
ples were collected from all the children at recruitment and at follow
up visits at days 14 and 28 for children that presented with MAM or
SAM (tables 2,3). Terminology, abbreviations, and methodology sour-
ces are available in table 1.

2.3. Ethics approval

Ethical approval to conduct this study was granted by the Joint
Medical Research Council Unit The Gambia and Gambia Government

98

Ethics Committee, L2015.14. All children were recruited into the study
with written informed parental consent.

2.4. Clinical measurements for energy regulating hormones and
receptors

The hormones were measured in plasma and blood as we
described previously [33]. We calculated molar excess soluble leptin
receptor [sOB-R] concentrations divided by leptin concentrations
multiplied by 0.13 (i.e. %;;- x 0.13), referred to as molar (table 4), a
formula following Stein et al. 2006 in their study that sought to eluci-
date the role of the sOB-R and its regulation in children with protein
energy malnutrition during nutritional recovery [35].

2.5. DNA extraction and enteric pathogen detection

Stool specimens underwent pre-treatment including glass bead
beating followed by nucleic acid extraction using the QIAamp® Fast
DNA stool mini Kit (Qiagen, Manchester UK). Efficiency of the nucleic
acid extraction and amplification was monitored through external
controls, bacteriophage MS2 and phocine herpesvirus as previously
described[36]. Detection of 19 enteric pathogens (bacteria, viruses,
helminths and protozoa) was performed using a custom TagMan
Array Card [TAC] previously developed to investigate the etiology of
moderate-to-severe diarrhea among children[36]. TAC assays were
run on the QuantStudio™ 7 Pro Real-Time PCR System (Thermo-
Fisher Scientific, Loughborough, UK). The detailed procedures for set-
ting up the TAC and cycling condition have been described elsewhere
[36]. The gene target for Escherichia/Shigella in the custom Enteric
TAC is the invasion plasmid antigen H (ipaH) which is carried by Shi-
gella species and enteroinvasive E. coli (EIEC) [36].

Detections were considered negative if the cycle thresholds [ct]
were greater than 35. Results were validated and discarded if any of
the controls failed. The following nested pathogen markers were
merged to avoid interdependence of variables: (1) adenovirus (adeno-
virus_f, adenovirus_pan); (2) cryptosporidium (cryptosporidium, cryp-
tosporidium_hominis, cryptosporidium_parvum); (3) giardia (giardia,
giardia_a, giardia_b), norovirus (norovirusgi, norovirusgii); and (4) stec
(stec_stx1, stec_stx2). Pathogens that were detected in fewer than 3
samples were removed prior to downstream analysis including: rota-
virus_g1, vcholerae, cdifficile, cyclospora, and aeromonas. As epec_bfpa
and epec_eae are different gene targets on the E. coli adherence factor
(EAF) plasmid and EPEC chromosome [37], respectively, we kept
these separate to account for potential detection bias and mixed
EPEC communities within a sample.

3. Quantification and statistical analysis
3.1. 16SrRNA, sequencing and operational taxonomic units

16S ribosomal RNA [rRNA] gene analysis was used to investigate
the bacterial component of the gut microbiome. The 16S rRNA gene
libraries (regions V3 and V4) were prepared using the Nextera® XT
Index Kit (Illumina, Essex, UK) followed by multiplexed sequencing
using the MiSeq Reagent Kit on the Illumina MiSeq System (Illumina,
Essex, UK) following the manufacturer’s protocol. Extraction and PCR
controls were also included to detect possible contaminants. Opera-
tional taxonomic units [OTU] were generated de novo from Illumina
sequence reads using UPARSE [38] and mothur [39] open-source bio-
informatics tools. Paired-end reads were trimmed of adaptor sequen-
ces, barcodes, and primers prior to assembly, followed by discarding
low quality reads and singletons. After a de-replication step and
abundance determination, sequences were filtered for chimeras and
clustered into OTUs. UPARSE has a built-in filter for chimera detection
and removal, UCHIMEZ (http://www.biorxiv. org/content/early/2016/
09/09/074252), which uses the highly curated SILVA database. To
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Table 1
Terminology and abbreviations, Terminology and abbreviations for various concepts, data structures, and techniques used in this study.
Category Name Acronym  Description Citation
Data Feature An individual measurable property or characteristic of a phenomenon being observed
Operational taxonomic unit oTu Groups of highly similar 16S rRNA sequences
Modality One of the following datasets: (1) gut microbiome; (2) clinical measurements; and (3)
pathogen markers
Multimodal Data generated from multiple modalities or measurements
Phenotypes Weight-for-Height Z-score WHZ Compares a child's weight to the weight of a child of the same height and sex to classify (3]
nutritional status
Well-nourished WN -2 < WHZ (3]
e acute ished MAM -3<WHZ<=-2 (3]
Severe acute malnourished SAM WHZ <-3 (3]
Undernourished UN MAM or SAM. Used in the context aggregate networks and predictive modeling
Protein energy malnutrition PEM Protein-energy malnutrition defined as a range of pathological conditions arising from [1]
inadequate calories and/or protein intake.
Modeling Clairvoyance Feature selection algorithm leveraged for phenoty pe-discriminative community detection (58]
Hierarchical Ensemble of Classifiers HEC Graphical model where each internal node is a customized sub-model classifier with a [58]
unique feature set
Sub-model Machine-learning classification model used as internal node in a HEC model
Leave subject out cross-validation Lsocv Cross-validation designed to simulate performance on a new subject This study
Networks  Background network BN Networks created from individuals who were WN for all This study
Perturbed background network PBN Networks created when adding in a query individual to the background network This study
Sample-specific network SSN Network with unique properties for each sample [80]
Sample-specific perturbation network SSPN Network created from perturbation between BN and SSPN distributions This study
Aggregate network AN Networks created from fitted sub-model coefficients This study
Node The discrete objects within a network
Edge Weighted connections between nodes
Edge weight Association or perturbation strength of edge
Perturbation Change in association strength of an edge between SSN and BN distributions
Connectivity k Sum of weighted edges connected to a note
Scaled connectivity k~ Scaled connectivity so total connectivity of all nodes sums to 1
Path i h ic E. coli EPEC EPECE. coli are defined by the induction of adistinctive histopathology known as the [81,82]
E. coli attaching and effacing (A/E) lesion, which is characterized by the effacement of the intes-
tinal microvilli and the intimate attachment of the bacteria to the host epithelial surface
Enteroaggressive E. coli EAEC EAECE. coli is defined as a diarrheal pathogen based on its characteristic aggregative [83]
adherence (AA) to HEp-2 cells in culture and its biofilm formation on the intestinal
mucosa with a “stacked-brick" adherence phenotype.
Enterotoxigenic E. coli ETEC ETECE. coli are a pathogenic variant or pathovar of E. coli defined by production of diar- [84]

ic h

t-labile (LT) and heat-stable (ST) enterotoxins.

predict taxonomy, we used the Wang classifier, and bootstrapped
using 100 iterations. We set mothur to report full taxonomies only for
sequences where 80 or more of the 100 iterations were identical (cut-
off = 80). Taxonomies were assigned to the OTUs with mothur using
version SSU Ref NR 99 123 of the SILVA 16S ribosomal RNA database
as the reference. Tables with OTUs and the corresponding taxonomy
assignments were generated and used in subsequent analyses with
annotations detailed in table S2.

3.2. Alpha and beta diversity for microbial composition

Our preferred alpha diversity metric is microbial richness
which measures the number of unique components detected
within a particular sample. We measured alpha diversity for vari-
ous levels including Family, Genus, Species, and OTU (figure 1
and supplementary figure 2). For all downstream OTU analysis,
we removed OTUs that were not observed in at least 12% of the
samples resulting in 155 prevalent OTUs. As OTU counts are com-
positional, we used a compositionally valid approach with the fol-
lowing protocol: (1) inferring a phylogenetic tree from OTU
centroids using FastTree v2.1.10 [40] with default parameters; (2)
transforming abundances with the isometric log ratio transform
using phylogenetic tree as the basis [41-43]; and (3) computing
pairwise Euclidean distance [44].

3.3. Predictive functional profiling of microbial communities

We used PICRUSt2 v2.3.0_b to predict functional profiles for each
sample [45] as human microbiomes are modeled with high

performance [46]. We tested for differential enzyme abundance for
MAM and SAM nutritional status phenotypes, with WN as reference,
using the Mann-Whitney U test followed by Benjamini-Hochberg
multiple hypothesis testing for adjusted p-values; statistical signifi-
cance threshold set at 0.05. Statistical tests were run only for pre-
dicted enzymes that had more than 20 non-zero abundances in both
WN and MAM/SAM classes as suggested by SciPy documentation. We
used the GSEA’s Prerank module (via GSEApy v0.9.8) to assess if any
KEGG pathways were enriched in differentially abundant enzyme
sets using 1 — adjusted p-values as our pre-ranked enzyme weight
[47]. For Prerank, we used FDR < 0.25 for statistical significance as
recommended by GSEA authors.

34. Modality-specific differential abundance analysis

We calculated differential abundance for each modality separately
using appropriate methods for each data type. For our compositional
microbiome data, we calculated differential abundance between WN/
MAM and WN/SAM with the ALDEx2 v1.20.0 R package using a Wil-
coxon signed-rank test with Benjamini-Hochberg corrected p-values
[48]. Our clinical measurements were non-integer continuous data
and we calculated differential abundance using a Kruskal-Wallis H-
test with normalized abundances [44]. Our pathogenic screening
data was binary, so we used Fisher’s exact test with a contingency
table populated from the number of detected events and non-
detected events for each nutritional status category. All p-values
were corrected for multiple tests using Benjamini-Hochberg adjust-
ment with an adjusted p-value threshold of 0.05 for statistical signifi-
cance.
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Figure 1. Microbial alpha diversity in the context of WHZ classifications, (a) Box-plot showing number of detected OTUs (richness) for each phenotype with inner values as inter-
quartile range (Kruskal-Wallis H-test, p = 0.024). (b) Variance of microbial richness for each phenotype (Levene test, p = 0.019). (c) Microbial richness with respect to sample WHZ

scores. (d) Cycle thresholds for 165 rRNA qPCR (Kruskal-Wallis H-test, p=0.0169).

3.5. Linear mixed-effects regression

We used mixed linear-effects models to regress out variation from
uncontrollable variables associated with the participant. In particular,
we used the following regression model: Feature; ~ FixedEffects
(Age + Height + Sex) + RandomEffect(Participant Identifier) where Fea-
ture; represents a normalized/transformed feature vector. Age and
Height were z-score normalized prior to modeling. Features that sta-
tistically covary with microbial abundance, clinical measurements,
and enteric pathogen presence are available in supplementary figure
4. We adjusted for these fixed and random effects in all subsequent
analyses. We implemented multiple linear regression models using
the MixedEffectsLinearModel object in Soothsayer [49] with the stats-
models [50] backend.

3.6. Network structure and visualization

Networks are graphical structures used to represent relationships
between discrete objects where these discrete objects are referred to
as nodes and connections between nodes as edges [51]. The connec-
tions are weighted by a numeric value.

The nodes represent individual features from the following
modalities: (1) fecal gut microbiome; (2) clinical measurements; and
(3) pathogenicity markers, while the edges between nodes represent
intra- and inter-modality associations. To prepare the modalities for
multimodal pairwise associations, we scaled the clinical measure-
ments using z-score normalization and center log-ratio transforma-
tion for the fecal gut microbiome. As our multimodal data were only
partially compositional, including an addition of binary and non-inte-
ger continuous data, we were not able to use proportionality metrics
[52,53] and implemented a bootstrapped Pearson’s correlation as our
association metric.
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Traditional ball-and-stick networks were visualized using the Net-
workX Python package [54]. Hive plots were implemented using the
HiveNetworkX Python package [55,56]. Edge and node connectivity
RainCloud plots were generated using the PtitPrince Python package
[57].

3.7. Sample-specific perturbation networks

Our objective with a sample-specific approach was to maximize
the available data and quantify the amount by which a particular
sample perturbs a biologically-relevant background distribution; we
refer to this as a sample-specific perturbation network [SSPN]. We
define a perturbation in the context of SSPNs as a change in associa-
tion strength of an edge between background network [BN] and per-
turbed background network [PBN] distributions (supplementary
figure 5). For the background cohort, we used data from participants
whose nutritional status was WN for all visits (n=25, table 3), which
allowed us to calculate SSPNs for participants that deviated to or
from WN between visits (n=82 samples, table 2).

More specifically, we created SSPNs for 82 samples using 1000
sub-sampled permutations and a sampling size [n] of 15 with each
draw denoted as k. The BN distribution was created by pseudo-ran-
domly (seed=0) drawing n samples from the background cohort
without repetition, creating a pairwise multimodal association net-
work, and stacking the edges for all permutations allowing us to cal-
culate a distribution of background edge weights; BN is
parameterized by a matrix of k draws and m edges. For each query
sample i, we repeated the BN creation process using the same sub-
sampled sample draws but we added the query sample to build a dis-
tribution of edges for our query PBN distribution [PBN;]. For each
edge j, we calculate the difference in means for the query network
distribution PBN;; and background network distribution BN; to build
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Table 2
Baseline characteristics, Baseline characteristics of children with respect to nutritional status as defined in a previous
study [33).
Nutritional category P
WN MAM SAM
(N=22) (N=18) (N=20)
Age in months, median (IQR) 12.75(102,193)  165(12.0,220) 12.0(103,165) 0.22°
Age of weaning in months, median (IQR) 6.0 (5.0,6.0) 6.0(6.0,6.0) 6.0(55,6.0) 0.82°
WHZ, median (IQR) -12(-18,0.1) 26(-28,-21)  -34(-39,-32)
WAZ, median (IQR) -15(-17,-0.1) -28(-31,-21)  -32(-34,-29) =0.001°
HAZ, median (IQR) -0.7(-18,0.03) -17(-25,-10)  -19(-23,-09)  0.08"
Salivary CRP, ng/mL, median (IQR) 29(24,4.1) 49(2.8,103) 5.6(4.1,99) 0.04°
Urinary tract infections, n (%) 4(19) 2(12) 1(6) 047"
“Diarrhea, n (%) 2(11) 4(29) 11(58) 0.01"
““Antibiotics prescribed 9(41) 11(61) 18(90) 0.003"
Females, n (%) 11(50) 8 (44) 10(50) 0.90"

Abbreviations: IQR Interquartile range, MAM Moderate Acute Malnutrition; SAM Severe Acute Malnutrition; WHZ
weight-for-height z-score; WAZ weight-for-age z-score; HAZ, Height-for-age z-score.

@ Kruskal-Wallis test.
b Fisher's exact test.

* Diarrhea defined according to the WHO guidance of passage of 3 or more loose or liquid stools per day or more

frequent passage than normal for the child.

**If the child had any antibiotics prescribed during the study (irrespective of type, mode of administration or

duration).

SSPN;(a vector for sample i with m) Each edge j in SSPN; is a measure
of how much the addition of query sample i perturbs the background
system. Although the BN and PBN distributions are intermediate data
structures used solely to calculate SSPNs, these network distributions
are fundamental to capturing true variability within a study cohort
while also being robust to sample outliers. More algorithm details are
available in the source code mentioned below.

The range of values for each SSPN edge weight is in the closed
interval [-2,2] where positive and negative values indicate an
increase and decrease in association strength, respectively. Each
SSPN was stacked to yield a perturbation matrix [M] of 82 samples
and 14,270 edges, where each row i corresponds with a sample, each
column j represents an edge, and each M;; indicates a perturbation
value. This matrix structure allowed us to efficiently store networks
and leverage machine-learning methods that require 2-dimensional
data. These methods are open-sourced in our EnsembleNetworkX
Python package using the SampleSpecificPerturbationNetwork object.

3.8. Phenotype-discriminative network community detection

We decomposed our classification of nutritional status pheno-
types into step-wise binary classifications of severity using highly
interpretable algorithms for each step. Each step in our hierarchical
classification scheme can be interpreted which maximizes the avail-
able information content.

For our training data, we use the perturbation matrix M, contain-
ing our SSPNs, as our feature matrix and their associated nutritional
status classifications as the target vector. To ensure our associations
were not biased, and remained clinically relevant, we used a strin-
gent Leave Subject Out Cross-Validation [LSOCV] to simulate classifi-
cation performance on new participants and LSOCV accuracy as a
proxy for reliability in clinical relevance. Although our primary objec-
tive was not to classify sample nutritional status based on SSPNs, we
used LSOCV to simulate classification performance on new partici-
pants and LSOCV accuracy as a proxy for the community detection
capabilities of our feature selection analysis.

In particular, we implemented a Hierarchical Ensemble of Classi-
fiers [HEC] model to partition a single tertiary classification into two
step-wise binary classifications. Our HEC model asks the following
questions: (1) is the participant at this visit WN or acutely malnour-
ished and (2) if undernourished, is the participant at this visit MAM
or SAM? We translate these human interpretable questions directly
to machine interpretable tasks by building a step-wise classification

algorithm that trains each decision using a subset of the samples and
a subset of features. In particular, we produce the following HEC
model: 1) the first binary classification performed by sub-model y1
discriminates between WN and MAM/SAM, collectively referred to as
undernourished [UN] class for here forth; and (2) the second binary
classification performed by sub-model y2 differentiates between
MAM and SAM. The order of each binary class mentioned prior corre-
sponds with a 0 and 1 in a standard logistic regression classification.
In these fitted logistic regression models, a positive coefficient corre-
sponds with an increase in likelihood that a sample is classified as
the 2" class (i.e. UN in sub-model y1 and SAM in sub-model y2) and
vice versa. Despite being the logical progression when diagnosing
severity, these human interpretable questions that define the step-
wise decisions in our HEC model were data-driven and determined
by Soothsayer’s Topology method using only the training data.

These sub-models were optimized using the Clairvoyance feature
selection algorithm (available within the Soothsayer package) which
returns a set of features, edges in this case, and sub-model hyper-
parameters that result in the corresponding LSOCV accuracy *°~%, We
used feature selection with our SSPNs to identify edges that are asso-
ciated with discriminating phenotypes (i.e. paths within the graph).
The output of the feature selection algorithm includes 3 main ele-
ments including the following: (A) hyperparameters for the sub-
model classifier; (B) the edge set used during model fitting; and (C)
the LSOCV accuracy using a combination of using (A) hyperpara-
meters with (C) features. We selected the set of edges and hyperpara-
meters with the highest LSOCV accuracy to build classification sub-
models as internal nodes in the HEC model using Soothsayer’s Hier-
archicalClassifier method. Edge sets Edgesy; and Edgessy, were used
to build sub-models y1 and y2, respectively, representing the small-
est subset of features that most effectively discriminate between
nutritional status phenotypes. Clairvoyance feature selection and
LSOCV accuracy have been adapted from Espinoza and Dupont et al.
2021 which were developed to model antimicrobial mechanism-of-
action [58].

We used L2-regularized logistic regression classifiers for both sub-
models y1 and y2 with inverse regularization strength of 1.0 and
0.106, respectively, as these machine-learning algorithms often per-
form with high accuracy and are human interpretable compared to
“black-box™ algorithms such as neural networks [59]. Logistic regres-
sion classification models are easily interpreted as each feature has a
coefficient and the magnitude of these coefficients reflects the influ-
ence a particular feature has on the classification.
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We used C(lairvoyance with the following parameters:
—model_type logistic,tree —n_iter 500 —min_threshold None, 0.0, 0.1,
02,03, 04, 0.5, 0.6, 0.7, 0.8, 0.9 —percentiles 0.0, 0.1, 0.2, 0.3, 0.4, 0.5,
06, 0.7, 08, 0.9, 0.91, 0.92, 0.93, 0.94, 0.95, 0.96, 0.97, 0.98, 0.99
—method bruteforce —early_stopping 100 —cv LSOCV.tsv where LSOCV.
tsv contains custom training and testing pairs organized by partici-
pant.

3.9. Aggregate networks

We developed ANs as a method to quantify the predictive capacity
of a node, edge, or subgraph in the context of discriminating pheno-
types. ANs serve as an edge framework for building phenotype-dis-
criminative SSPNs whose weights are populated by sample-specific
perturbations from M. In the case of this study, AN edge weights rep-
resent L2-regularized logistic regression coefficients; though, it
would be seamless to incorporate L1-regularization or feature impor-
tance metrics from tree-based algorithms. More specifically, Edgesy;
and Edges,, were used to build ANy;and ANy,with edges weighted
by the fitted y1 and y2 sub-model parameters. A positive coefficient
in sub-model y1 and y2 corresponds with an increased likelihood for
classifying a sample as UN or SAM, respectively, where UN represents
either MAM or SAM. The inverse of this is true as well where a nega-
tive coefficient represents a decrease in likelihood in said classes.
Aggregate and sample-specific perturbation networks were imple-
mented using Graph objects in NetworkX [54] and EnsembleNetworkX.

3.10. Connectivity in the context of sample-specific networks and
aggregate networks

Network connectivity [k] is a metric used to quantify the influence
a particular edge, node, or group of nodes has within a system. In this
study, we implemented weighted-degree as our connectivity metric
which can be measured at different levels. We define connectivity at
the edge level to represent the edge weight of a pair of nodes, while
at the node level connectivity refers to the sum of weighted edges
connected to a node. These connectivities can be grouped such as
quantifying the total connectivity of a subset of edges (as in the case
for node connectivity by grouping edges connected to a node), a sub-
set of nodes, or the entire network itself. Scaled connectivity [k™] nor-
malizes the node connectivity values so the total connectivity within
anetwork sum to 1 and can be used to compare networks with differ-
ent numbers of nodes or edges; such is the case for comparing ANs.

Network connectivity is interpreted differently depending on the
network context. In the context of SSPNs, edge weight represents
perturbation magnitude; that is, the change in association of a query
PBN distribution with respect to a BN distribution. Therefore, the
total connectivity within a SSPN measures how much a particular
sample perturbs the background associations with respect to the
edges in the network. In the context of ANs, L2-regularized logistic
regression coefficients are used as edge weights and can be inter-
preted as the influence of an edge in predicting nutritional status
phenotypes. Therefore, the total connectivity within ANs is the com-
bined influence of the edges in their predictive capacity.

3.11. Recovery scores

Our dataset contains time-ordered samples for many of the partic-
ipants. We developed an edge recovery score [r] to quantify the
amount in which an edge contributes to weight recovery; more spe-
cifically, the transition from UN to WN. As SSPN edge weight indi-
cates a perturbation between the PBN and BN distributions, we
identified perturbations relevant to nutritional status recovery by
selecting for edges in consecutive time-ordered SSPNs that have the
following properties: (1) greatest change in perturbation of associa-
tions between visits t, and t, + ;; and (2) smallest perturbation
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magnitude from the BN distribution at t,, , ; where t, and t, , ; pheno-
types represent UN and WN, respectively.

For each participant that recovers their nutritional status, we cal-
culate r using the following equation: r;;(x.y) = WXt .+ 6ly| where x
and y represent edge weight j for participant i at visits t, and t,, . 4,
respectively. The expression |y — x|> corresponds with property (1)
while 4 + 6|y| corresponds with property (2). This equation bounds r
within the closed interval [0,1] where higher values correspond to
larger potential influence in weight recovery (figure 6a). Non-zero
recovery scores were grouped by (1) MAM — WN and (2)
SAM — WN transitions between t, and t, , ;. These distributions
were plotted using RainCloud plots and outlier thresholds were
determined using the 1.5*IQR + Q3 between the distributions where
IQR is interquartile range and Q3 is the 75" percentile. The outlier
thresholds for MAM — WN (0.449 r) and SAM — WN (0.452 r) recov-
ery scores were very similar so we used the minimum value of 0.449 r
as our consensus threshold for outliers (figure 6b).

The recovery score metric condensed the information content of
complex multimodal time-ordered SSPNs into a single human inter-
pretable metric. We designed the recovery score to demonstrate the
following properties for each edge: (1) a large difference between an
undernourished visit and a consecutive WN visit; and (2) a small
edge weight for WN. Emphasizing these properties allowed us to col-
lapse the temporal dimension, the sign of edge weights, and focus
specifically on edges specifically to the recovery of an individual par-
ticipant.

3.12. Role of funding source

The funding sources had no role in the design of this study
and did not have any role in the study design, data collection,
data analyses, interpretation, or writing of report. or decision to
submit results.

4. Results
4.1. Dataset overview

Sixty children were recruited to the study (20 SAM, 18 MAM,
22 WN) with visit-specific samples detailed in tables 2,3. All the
children with SAM presented with non-edematous SAM. The
median age of the children was 12.0 months for SAM, 16.5
months for MAM, and 12.75 months for WN at recruitment. A
total of 54 children had stool specimens available in this study
that passed quality control; 25, 35 and 47 stool samples were col-
lected from the children in SAM, MAM and WN groups based on
their nutritional status at baseline. Stool samples were collected
only at baseline among the WN children. For the children in
MAM and SAM, stool samples were collected at baseline, Day 14
and Day 28 (table 3 and supplementary figure 2e).

Following nutritional intervention, 36 participants with acute
malnutrition (i.e. MAM and SAM) were included in follow up visits.
Of these follow up visits, 16 participants maintained a consistent
nutritional status throughout all visits (SAM: 3 participants, MAM: 8
participants, and WN: 5 participants). Sixteen participants showed
signs of recovery of at least one nutritional status level (ie.
SAM — MAM, SAM — WN, or MAM — WN), with 13 participants
recovering between t, — t;4 and 3 participants between t;4 — tyg Vis-
its (supplementary figure 2e). Four participants showed signs of
decline of at least one nutritional status level (ie. WN — MAM,
WN — SAM, or MAM — SAM) between t;4 — tyg visits. Multiple
modalities were measured including: 1) fecal microbiome 16S rRNA
sequencing (388 OTUs); 2) 12 clinical measurements related to
immune activation, inflammation, and energy regulating hormones,
and 3) qPCR derived presence of 23 viral, fungal, protozoan and bac-
terial enteric pathogens.
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Table 3

Subjects and samples with respect to nutritional status, The number of subjects and samples with respect to

nutritional status and status changes.

Visits Category Phenotype N Participants N Samples
All visits Nutritional status SAM 16 25
MAM 25 35
WN 34 47
Total 75(54 unique) 107
Maintained nutritionalstatus ~ SAM 4 10
MAM 10 19
WN 20 25
Follow-up visits  Nutritional status SAM 15 24
MAM 23 33
WN 19 32
Total 57 (36 unique) 89
Maintained nutritional status ~ SAM 3 9
MAM 8 17
WN 5 10
Recovery =0 t=14
SAM - MAM 3 -
SAM — WN 5 =
MAM — WN 5 -
Total 13
t=14 — t=28
SAM - MAM 2 -
SAM — WN 0 -
MAM — WN 1 -
Total 3 -
Decline =0 t=14
WN—-MAM 0 -
WN — SAM 0 -
MAM — SAM 0 -
Total 0 -
t=14— t=28
WN — MAM 3 -
WN — SAM 0 o
MAM — SAM 1 -
Total 4 -

4.2. Fecal gut microbial composition and functional profiling predictions

There were a total of 388 high quality OTUs that passed quality
control. The number of 16S ribosomal (r)RNA gene reads mapped to
OTUs ranged from 392 - 92,910 and the number of detected OTUs
(richness) ranged from 14 - 167 per sample (figure 1 and supplemen-
tary figures 1,2a-d). The microbial richness of SAM samples was sta-
tistically lower than both WN and MAM samples (figure la,;
Kruskal-Wallis H-test, p = 0.009). MAM samples had statistically
higher variance compared to WN and SAM (figure 1b; Levene test,
p = 0.016). The variance in richness was the highest for WHZ in the
range (-3,-1), the entirety of MAM samples and the lower WHZ of
WN samples (figure 1c).

We observed evidence of differences in 16S rRNA qPCR Ct values
between nutritional status phenotypes (figure 1d; Kruskal-Wallis H-
test, p = 0.016). MAM samples exhibited the lowest median Ct and
thus the highest relative biomass on average (22.5 Ct), while SAM
exhibited the lowest (30.5 Ct) with WN in between (25.4 Ct). A
bimodal distribution of SAM Ct values with the lower peak at ~24 Ct
and the upper at ~35 Ct suggested that while SAM samples have sim-
ilar community composition (figure 2), in a substantial number of
cases the bacterial community had collapsed from a numerical per-
spective.

The relative abundances of bacterial phyla were very similar
across all nutritional status phenotypes with a few notable excep-
tions (figure 2a). The combination of Firmicutes (WN = 46%,
MAM = 50%, SAM = 33%), Bacteroidetes (WN = 28%, MAM = 20%,
SAM = 17%), and Proteobacteria (WN = 20%, MAM = 23%, SAM = 45%)
constitute more than 90% of the microbial abundance regardless of
the participant’s nutritional status with respect to visit. We did not
observe any components at any level of taxonomy that were

differentially abundant among children with MAM relative to WN.
We did however observe an enrichment in Enterobacteriaceae abun-
dance (Wilcoxon signed-rank test, adjusted p = 0.018) for SAM
(e = 42%) relative to MAM (.t = 19%) and WN (¢ = 18). The only dif-
ferentially abundant OTU was an unclassified Klebsiella (Otu000014)
with an enrichment in SAM (. = 16%) relative to MAM (. = 6%) and
WN (¢ = 3%) (adjusted p = 0.0442).

Beta diversity analyses did not reveal any defining global patterns
associated with WN, MAM, or SAM (figure 2b,c). Despite this lack of
qualitative separation in ordination space and through hierarchical
clustering, we found evidence of differences between intra-and inter-
nutritional category beta diversity (figure 2d; Mann-Whitney rank
test, p < 0.001). The beta diversity of microbial communities from
the same participants was lower than within a nutritional category
(figure 2e; p < 0.001), despite some participants transitioning across
nutritional categories during follow-up.

Functional content predictions of the gut microbiome were per-
formed to gain insight into potential metabolic characteristics of each
nutritional status phenotype. Predictive functional profiles produced
1390 predicted enzymes that were inferred from the fecal micro-
biome There were not any differentially abundant predicted enzymes
relative to WN in MAM but 81 enzymes were differentially abundant
in SAM. This set of 81 enzymes were enriched in 4 KEGG pathways
including map01120 (Microbial metabolism in diverse environ-
ments), map00360 (Phenylalanine metabolism), map00362 (Benzoate
degradation), and map01100 (Metabolic pathways).

4.3. Clinical measurements related to energy-regulating hormone

We explored the differences in plasma levels of key child growth
and energy-regulating hormones at baseline for all the children and
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Figure 2. Taxonomic abundance and microbial beta diversity, (a) Relative abundance of OTUs summed by family-level taxonomy displayed using (Arp) linear and (Agotiom) log
scales (Kruskal-Wallis H-test, adjusted p = 0.0246). (b) Principal coordinates analysis plot using phylogenetic isometric log-ratio transformation [PHILR] and Euclidean distance as
precomputed distance matrix. (c) Hierarchical clustering using PHILR distance matrix (d,e) Intra- and inter-grouping diversity using PHILR distance matrix for (d) phenotype
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at days 14 and 28 for children with MAM and SAM. The annotations
and descriptions for clinical measurements are summarized in table 4.
Several clinical measurements were differentially abundant between
nutritional status categories. In particular, leptin (Kruskal-Wallis H-
test, adjusted p < 0.001), IGF-1 [igf1] (adjusted p < 0.002), and IGF-
binding protein-3 [igfbp3] (p = 0.003) increased with nutritional sta-
tus in that WN have the highest levels (figure 3a). As these statistics
are associated with nutritional status which are dependent on WHZ,
correlations between normalized clinical measurements and WHZ
scores showed that leptin (Pearson p < 0.001), IGF-1 (p < 0.003) and
its binding protein IGFBP-3 (p < 0.001) were indeed positively corre-
lated with WHZ. In contrast, the molar excess of soluble leptin recep-
tor (sOBR)/leptin [molar] (adjusted p < 0.001), ghrelin (adjusted
p = 0.002), ghrelin receptor [ghrp] (adjusted p = 0.003), and sOB-R
[sobr] (adjusted p < 0.007) measurements decreased monotonically
with nutritional status in that SAM have the highest levels
(figure 3a). As expected, the molar excess of sOBR/leptin (p < 0.001),
ghrelin (p = 0.012), ghrp (p = 0.012), and sobr (p = 0.011) levels were
inversely correlated with WHZ.

44. Enteric pathogens and virulence factor prevalence

The abundance of 23 enteric pathogen markers was assessed
using qPCR. All children had between 1 to 15 pathogen or virulence
factors detected in at least one visit (figure 3b). In accordance with
microbial richness, we observed MAM to have a greater number of
pathogenic markers (8 pathogens) compared to SAM or WN (7 patho-
gens) nutritional status phenotypes. Several pathogenic markers
were differentially prevalent between the nutritional status pheno-
types. In particular, Giardia duodenalis was significantly less prevalent
among children with SAM (23%) than MAM (68%) or WN (70%) (Fish-
er's exact test; adjusted p = < 0.001). In contrast, the prevalence of

enteropathogenic E. coli with the bfpA (adjusted p = 0.007) and eae
(adjusted p = 0.024) virulence increased with severity of malnutrition
(figure 3b). Bundle-forming pilus A [bfpA] and intimin adherence pro-
tein [eae] are genes found on the EAF plasmid and EPEC genome,
respectively, and contribute to attachment to epithelial cells, thus,
leading to the attaching and effacing phenotype [60,61].

4.5. Identifying perturbations capable of discriminating nutritional
status phenotypes

Our SSPN analysis produced a perturbation matrix (N= 82 sam-
ples, M= 14,270 edges representing 188 nodes) (supplementary
figure 5). By analyzing our SSPNs using a HEC model and feature
selection in unison, the most accurately predictive edges within the
network were identified. Essentially, this characterizes which inter-
actions are most predictive of nutritional phenotype and is more
informative for nutritional intervention than regression methods
predicting a rise or fall in WHZ and disregarding intra-phenotype
patterns. By selecting for only the edges that are informative in dis-
criminating nutritional status phenotypes, and by extension the
informative nodes, the information content in the edges was com-
pressed by 98.143%; that is, 265 of the 14,270 edges.

Unsupervised machine-learning can be used to gain insight into
the underlying structure of the data and leveraged to validate
dimensionality reduction (e.g. feature selection) results based on pre-
defined categories, nutritional status in this context. Unsupervised
clustering of held-out prediction probabilities (figure 4c) were more
homogenous than unsupervised clustering based on microbiome
abundance profiles (figure 2c) or pathogen markers (supplementary
figure 3). Clustering by held-out prediction probabilities revealed
that the edge features in each sub-model capture biologically rele-
vant discriminatory patterns. It should be noted that the
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Table 4
Cinical measurements and pathogenic markers, Description of clinical measurements
and pathogenic markers used in study with respect to shortened feature label.

Feature Modality  Description

sobr clinical Fasting soluble leptin receptor [SOB-R]
concentration

leptin clinical Fasting leptin concentration

ghrp clinical Fasting ghrelin receptor [ghrelinR]
concentration

ghrelin clinical Fasting ghrelin concentration

molar clinical Fasting molar excess sOB-R concentration/
leptin ratio

igf1 clinical Fasting insulin-like growth factor 1 [IGF-1]
concentration

igfbp3 clinical Fasting insulin-like growth factor binding
protein 3 [IGFBP-3] concentration

molarigfligfbp3 clinical Fasting molar excess of IGF-1 concentration/
IGFBP-3 ratio

insulin clinical Insulin concentration

salivarycrp clinical Salivary C-reactive protein concentration

cortisol clinical Cortisol concentration

astrovirus pathogen  Astrovirus

bfragilis pathogen  Bacteroides fragilis

campylobacter_pan  pathogen Campylobacter pan-genomes

cryptosporidium pathogen  Cryptosporidium

eaec_aaic pathogen Enteroaggregative Escherichia coli aaiC gene

eaec_aar pathogen Enteroaggregative Escherichia coli Aar gene

eaec_aata pathogen Enteroaggregative Escherichia coli aatA gene

eaec_aggr pathogen  Enteroaggregative Escherichia coli AggR gene

ebieneusi pathogen Enterocytozoon bieneusi

enterovirus pathogen Enterovirus

epec_bfpa pathogen Enteropathogenic Escherichia coli bfpA gene

epec_eae pathogen Enteropathogenic Escherichia coli eae gene

etec_It pathogen  Enterotoxigenic Escherichia coli heat-labile
enterotoxin gene

etec_sth pathogen  Enterotoxigenic Escherichia coli heat-stable
enterotoxin gene

etec_stp pathogen Enterotoxigenic Escherichia coli heat-stable
enterotoxin gene

giardia pathogen  Giardia duodenalis

hpylori pathogen Helicobacter pylori

salmonella pathogen Salmonella

sapovirus pathogen  Sapovirus

shigellaeiec pathogen  Shigella/Enteroinvasive Escherichia coli

stec pathogen  Shiga toxin-producing Escherichia coli

unsupervised clustering in figure 4c used Euclidean distance of prob-
abilities generated from multimodal edges while figure 2c and sup-
plementary figure 3 used Euclidean distance of individual modalities.
We were not able to implement unsupervised clustering of the multi-
modal nodes using Euclidean distances because the pathogenic
markers are binary and clinical measurements had missing data.

4.6. Connectivity signatures in aggregate networks

We implemented aggregate networks [AN] from each sub-model
to structure the edge perturbations that could accurately predict
nutritional status phenotype (figure 5). Edge weight in the context of
ANs corresponds with the capacity of a specific edge to predict nutri-
tional status phenotype and these networks serve as a method to
quantify the predictive capacity of specific nodes and edges for clini-
cal interpretation. As the training data for the parent sub-models are
edge perturbations with respect to a sample in a SSPN, an increase in
association strength (a positive perturbation) and a positive coeffi-
cient indicate an increased likelihood for said classes (See Methods).

The higher scaled node connectivity (Mann-Whitney rank test,
p = < 0.001) and lower edge connectivity (Mann-Whitney rank test,
p < 0.001) in ANy, revealed there were a few nodes with high predic-
tive capacity compared to AN,;which was closer to a normal distribu-
tion. In AN,;, we observed an unclassified Escherichia-Shigella
(Otu000281), as the one of two nodes with substantially more

influence in discriminating WN from malnourished children. The
highest weighted edges to this unclassified Escherichia-Shigella were
through ghrelin (-0.321 k) and ghrp (0.311 k) (supplementary figure
6a). The second node with substantially higher influence in ANy; was
molar (0.0384 k™). The highest connectivity edges to molar were
through Lactobacillus mucosae, an unclassified Haemophilus (0.289 k),
and an unclassified Ruminococcaceae UCG-002 (0.264 k) (supplemen-
tary figure 6b). The only edge in ANy; with substantially greater edge
connectivity relative to the other edges in the network was
0tu000965:unclassified Pantoea — Otu000906:Bifidobacterium stellen-
boschense (-0.483 k).

The scaled node connectivity in ANy, was greater than AN, and
this difference was largely influenced by two outlier Enterobacteria-
ceae nodes with much higher connectivity relative to the other nodes
in the network: (1) an unclassified Pantoea (0.0519 k™) and (2) an
unclassified Enterobacteriaceae (0.0409 k™). Therefore, these two
nodes accumulated 9.27% of the total connectivity within AN,,. When
grouping nodes by family-level taxonomy, we observed that Entero-
bacteriaceae constituted 14.61% of the total connectivity in AN,. The
greater edge connectivity in AN,, was largely influenced by four high
connectivity edges: (1) Weissella cibaria — Lactobacillus oris F0423
(-0.222 k); (2) igfl — unclassified Enterobacteriaceae (-0.220 k); (3)
unclassified Streptococcus —unclassified Megasphaera, (-0.201 k); and
(4) Prevotella — Subdoligranulum (0.191 k).

4.7. Quantifying changes in sample-specific perturbation networks over
time

Time-ordered SSPNs provide unique insight into how these multi-
modal systems evolve over time in relation to nutritional status
recovery. We developed the recovery score [r] to reduce the informa-
tion content of time-ordered SSPNs and rank edges by their potential
contribution to nutritional status recovery. The recovery score is
designed to reward edges with large differences between t, and t,.;
while penalizing larger values of t,,;where t,, and t,,;represent edge
weights for UN and WN consecutive visits, respectively. This property of
the recovery score can be visualized with the convex shape defined by r
(xy) as lower scores exist when t,, and t,.;are similar or when t,;; is
large (figure 6a).

There were a total of 67 edges representing 76 unique nodes from
12 participants that had recovery scores statistically greater than the
IQR (T'threshold = 0.449). The 12 participants in this statistically signifi-
cant group are represented by 6 MAM to WN transitions
(MAM — WN) and 6 SAM to WN transitions (SAM — WN). The 76
nodes from edges with statistically significant recovery scores
included 69 OTUs (40 Firmicutes, 12 Proteobacteria, 12 Bacteriodetes, 4
Actinobacteria, and 1 Fusobacteria), 3 clinical measurements (leptin,
molar, salivarycrp), and 4 enteric pathogens (ebieneusi, epec_bfpa,
etec_stp, stec). Unsupervised clustering of statistically significant
recovery scores did not reveal any noticeable groupings by
MAM — WN or SAM — WN transitions (figure 6¢). However, one
group of transitions (N=2 MAM — WN and N=1 SAM — WN) with
participants aged from 20.3 — 24.4 months formed a tight cluster out-
side of the remaining 9 transitions. Both MAM samples in these tran-
sitions have WHZ < -2.79, dose to the -3 WHZ threshold for SAM,
which suggests a similar nutritional status to the lone SAM — WN
transition in the cluster.

Many outlier recovery scores were unique to a participant within
our cohort. However, there were a few exceptions where we
observed more consistency across participants with similar nutri-
tional status shifts. In particular, 3 edges had statistically high recov-
ery scores in multiple MAM — WN transitions including OTUs
belonging to Prevotellaceae, Lachnospiraceae, Phascolarctobacterium
and Ruminococcaceae species. We also observed 3 edges that had sta-
tistically high recovery scores in more than one SAM — WN transi-
tion including Lachnospiraceae, Coriobacteriaceae, Prevotellaceae,
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Subdoligranulum and Bacteroides and Enterobacteriaceae species. The
cohort sample size was not large enough to statistically model spe-
cific associations in a participant's ability to decline or recover with
respect to their nutritional status.

5. Discussion

In this study, we have shown that children with non-edematous
SAM (marasmus) that is the more prevalent type in this region of The
Gambia, have distinct microbiome characteristics and biologically-
relevant multimodal biomarkers not observed in MAM and WN
nutritional phenotypes. These findings also provide some key prelim-
inary insights into systematic changes in gut microbiota and host
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energy regulating hormones among children with marasmus SAM
during outpatient nutritional rehabilitation and among under 5’s
with marasmus SAM, MAM and WN nutritional phenotypes, that
may have important implications for future research into prevention
and treatment strategies of acute malnutrition [24].

Analyzing each data type (modality) independently allowed us to
validate our findings by cross-referencing against previous studies
and set the context for our multimodal network analysis. Consistent
with previous reports [12,13,15,62], we found that children with
SAM had significant reductions in richness and bacterial loads com-
pared to WN or MAM participants. It is possible that the bacteria
depleted in acutely malnourished children are essential for optimal
digestion, nutrient absorption, modulating inflammation and
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Figure 6. Recovery score for time-ordered SSPNs, (a) Domain and topology of recovery score in (left) 3-di

immune development [12]. A new finding from our study was that
children with MAM had statistically significant enrichments in the
gut bacterial loads and variance in microbial richness compared to
WN and SAM participants. These changes may be an indication of
impaired immune function in the children with acute malnutrition
[63] which agrees with our findings that IGF-1 and leptin are associ-
ated with various microbes and are highly predictive of nutritional
status.

The aggregate network analyses suggest that WN and SAM are
relatively more stable ecosystems and as a child transitions from WN
to SAM they encounter a more chaotic and unpredictable micro-
biome. In addition to SAM having lower microbial diversity than
MAM and WN, we also observed an enrichment in Enterobacteriaceae
abundance therefore increasing the risk of adverse outcomes. Previ-
ous metagenomics studies have reported reduced microbial diversity
and an increase in pathogenic Enterobacteriaceae among malnour-
ished children [64].

Analysis of clinical measurements pertaining to energy regulating
hormones gave insight into which metabolites were proportional to
fluctuations in WHZ. We identified statistically significant trends
between IGF-1, leptin, and IGFBP- 3 (the main binding protein of IGF-
1) that increase with WHZ and nutritional status. IGF-1 is a key
growth regulating hormone in infancy and plays an important role
during nutritional recovery in undernourished children. Similarly,
leptin is a hormone predominantly made by adipose cells and entero-
cytes in the small intestine to help regulate energy balance by moder-
ating appetite and intestinal barrier function [65] and plays a major
role in signaling energy deficit in acute malnutrition (Bouillanne
et al., 2007; Prentice, Moore, Collinson, & O'Connell, 2002). We also
observed reverse trends in that the levels of sOB-R (and the molar
excess of sOB-R:leptin), ghrelin (and its binding protein) increase
monotonically as WHZ decreases. Our findings support the hypothe-
sis by Stein et al. 2006 that sOB-R is upregulated during starvation to
maintain low levels of bioactive leptin and increase its half-life, thus,
decreasing energy expenditure and increasing food uptake. Ghrelin is
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a well-studied hormone produced by enteroendocrine cells of the
gastrointestinal, tract with substantial production in the stomach,
[66,67] and circulating ghrelin blood levels are often highest when an
individual experiences hunger while returning to lower levels after
food intake [67,68]. Our clinical measurements of these metabolites
are consistent with previous studies and provide a strong foundation
for more complex analytical methods in the context of acute malnu-
trition.

Enterobacteriaceae abundance is greatly enriched in SAM children
and may be linked to the low prevalence of Giardia which competes
for the same ecological niche in the small intestine [69]. However,
previous research using mouse models showed that Enterobacteria-
ceae is over-representation in Giardia infected mice [70]. There
appears to be a more complex mechanism regulating the balance
between Enterobacteriaceae (bacteria) and Giardia (protozoan para-
site). Our finding may therefore be specific for marasmic SAM involv-
ing the differential regulation of anti-parasitic and anti-bacterial
immune responses in these children where Giardia infection alters
immune responses to E.coli or vice versa. This warrants further explo-
ration. We also observed that EPEC virulence factors bfpA and eae
increased with increasing severity of malnutrition. EPEC adheres to
intestinal epithelial cells, causing diarrhea, and constitutes a signifi-
cant risk to health, especially in very young children [71]. Subrama-
nian and colleagues also reported an enrichment of
Enterobacteriaceae spp. among children with SAM from Bangladesh
[9,13]; although, a causal pathway is yet to be identified.

We found that Escherichia/Shigella sp. and molar ratio of sOB-R:
letpin had substantially greater predictive capacity in discriminating
WN from undernourished participant samples compared to other
nodes. In particular, this Escherichia-Shigella OTU had high predictive
capacity through its associations with ghrelin and ghrp. This is not
surprising as leptin is a key player in regulating both antimicrobial
peptides and microbiota composition and as such, Escherichia-Shi-
gella and molar-excess soluble leptin may play pivotal roles in medi-
ating complex interactions that modulate nutritional status. In the
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TAC analyses, the gene target for Escherichia/Shigella was ipaH which
is carried by Shigella sp. and EIEC. However, it should be noted that
the signals from the ipaH gene target detected are most likely to have
come from Shigella and not EIEC. Our previous studies showed that
Shigella flexneri and Shigella sonnei account for the majority of ipaH
detections[36].

We observed high predictive capacity of molar excess of sOB-R:
leptin through Lactobacillus mucosae, an unclassified Haemophilus
and an unclassified Ruminococcaceae UCG-002. Previous research has
identified strong associations between leptin and Lactobacillus and it
is believed that leptin can modulate gut microbiota by stimulating
mucin production which may favor bacterial growth [72]. Lactobacil-
lus has been shown to maintain intestinal homeostasis and is specu-
lated to attenuate the pro-inflammatory signaling induced by Shigella
after invasion of epithelial lining [73]. Similarly, previous research
has ascertained that leptin supplementation resulted in a higher pro-
portion of Ruminococcaceae [74]. To our knowledge, no research has
investigated relationships between Haemophilus and leptin in the
context of acute malnutrition. Another intriguing finding was the
high predictive capacity of perturbations in IGF-1 and an unclassified
Enterobacteriacea in discriminating MAM from SAM. The high predic-
tive capacity of perturbations in IGF-1 and the Enterobacteriaceae
associations are relevant as Enterobacteriaceae are often enriched in
children who are wasted along with decreased plasma IGF-1 concen-
trations [75] and decreased concentrations of IGF-1 and IGFBP- 3
have been observed in underweight mice [76]. Enterobacteriaceae are
often be enriched in undernourished individuals [64] and coupled
with decreased concentrations of IGF-1 [75] and IGFBP- 3 [76]. These
findings from other research groups agree with our results showing
that IGF-1 and IGFBP- 3 concentrations decrease with WHZ and are
lowest in SAM. As immunity is heavily impaired in children
experiencing SAM [77], the predictive associations between Entero-
bacteriacea and IGF-1 are not surprising. However, it is not uncom-
mon for children experiencing SAM to develop septicaemia [63,77].
Previous research has shown that patients with sepsis have low lev-
els of IGF-1 inversely correlated with enteric bacterial load [78]. Hun-
ninghake et al. 2010 also supposed that translocation of bacteria
across the gastrointestinal tract may occur.

Our predictive functional profiling analysis found that phenylala-
nine metabolism and benzoate degradation pathways were enriched
in SAM compared to WN. Several prior studies have investigated phe-
nylalanine in the context of undernutrition in early childhood [79]. To
our knowledge, this is the first indication that benzoate degradation
may play a significant role in acute malnutrition but this needs fur-
ther investigation. Other individual enzymes that appear to have
been lost to some degree in the SAM condition that could influence
host nutrition include sortase, tryptophanase, and butyrate kinase.
While far more single enzymes are enriched in SAM, they are only
sparingly enriched relative to those that have been lost. Finally, these
functional results are merely predictions based on a computational
tool [45], thus should be considered carefully without further valida-
tion using shotgun metagenomic analyses.

Acute malnutrition is a complex multifactorial disease with inter-
play between the gut microbiome, energy regulating hormones, and
the presence of enteric pathogens. It appears that WN systems are
stable but as a child’s weight declines, approaching MAM, the com-
munity destabilizes with increased microbial diversity and interac-
tions. As a child’s nutritional status deteriorates the gut microbiota
community becomes depleted and dominated by pathogenic Entero-
bacteriaceae in an ecological collapse as demonstrated by low bacte-
rial load, and low microbial diversity. Using novel methods, we show
there are potentially diagnostic interactions for each of these transi-
tions. The methods introduced in this study build upon the existing
SSN framework of Liu et al. 2016 to investigate patient-specific net-
works by extending an approach into a multimodal framework and
by bootstrapping samples to obtain distributions of associations

rather than single point values. This work not only provides an
insightinto dynamic multimodal systems in the context of acute mal-
nutrition but also illuminates the potential avenues for diagnostics
and therapeutics. The framework and methods introduced in this
research can applied broadly across biological sciences.
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SAMN19053066-19053178) under BioProject PRJNA727842. The
code, methodologies, and tutorials for Ensemble Networks are open-
sourced in our EnsembleNetworkX Python package (https://github.
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data, datasets, and networks are available via https://doi.org/
10.6084/m9.figshare.16733584.
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Abstract:

Dental caries is a microbial disease and the most common chronic health condition, affecting nearly 3.5
billion people worldwide. In this study, we used a multi-omics approach to characterize the supragingival
plaque microbiome of 91 Australian children, generating 658 bacterial and 189 viral metagenome
assembled genomes with transcriptional profiling and gene-expression network analysis. We developed a
reproducible pipeline for clustering sample-specific genomes to integrate metagenomics and
metatranscriptomics analysis regardless of biosample overlap. We introduce novel feature engineering and
compositionally-aware ensemble network frameworks while demonstrating their utility for investigating
regime shifts associated with caries dysbiosis. These methods can be applied when differential abundance
modeling does not capture statistical enrichments or the results from such analysis are not adequate for
providing deeper insight into disease. We identified which organisms and metabolic pathways were central
in a coexpression network as well as how these networks were rewired between caries and caries-free
phenotypes. Our findings provide evidence of a core bacterial microbiome that was transcriptionally active
in the supragingival plaque of all participants regardless of phenotype, but also show highly diagnostic
changes in the ways that organisms interact. Specifically, many organisms exhibit high connectedness with
central carbon metabolism to Cardiobacterium and this shift serves a bridge between phenotypes. Our
evidence supports the hypothesis that caries is a multifactorial ecological disease.

Significance Statement:

Using metagenomics and metatranscriptomics, this study characterized 658 bacterial and 189 viral
metagenome assembled genomes (MAG) from the supragingival plaque oral microbiome to investigate
dental caries in 91 children. We developed methodologies for species-level clustering to characterize
biologically accurate MAGs across non-overlapping samples. We also developed novel feature engineering
and network analysis techniques which can be used to gain deeper insight into microbial diseases than
differential abundance methods alone. With these new techniques, we identified regime shifts between
caries and caries-free microbiomes where certain taxa switch their interactions with other organisms and
metabolic pathways. Our study provides evidence for the hypothesis that caries is a multifactorial ecological
disease and contains generalizable methods for microbiome research.
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Introduction:

Oral diseases such as dental caries are a critical concern for public health. Untreated tooth decay is the
most common chronic health condition and affects nearly 3.5 billion people worldwide (James et al., 2018).
Tooth decay is most common in younger individuals with a prevalence of 20% of children aged 5to 11 and
13% in adolescents aged 12 to 19, with low-income children being twice as likely to have cavities (Dye et
al., 2012). In most low- and middle-income countries, the prevalence of oral diseases increases with
urbanization and inadequate access to medical treatment (Peres et al., 2019). In high-income countries,
dental treatment averages 5% of total health expenditure and 20% of out-of-pocket health expenditure
(OECD, 2017) making the disease a socioeconomic issue for all. This silent epidemic has long been
coupled with the rise of civilization as early evidence from the Pleistocene era suggests that agriculture and
the exploitation of starchy plant foods have burdened mankind with carious lesions since early prehistory
(Humphrey et al., 2014).

In the modern “ecological plaque hypothesis”, oral diseases arise from environmental perturbations leading
to a shift in the endogenous microbial community (Marsh, 1994) where the selection of pathogenic bacteria
is coupled with the environment and any species with germane traits can contribute to pathogenesis
(Takahashi & Nyvad, 2011). The evidence for this theory is largely from the advent of next generation
sequencing (NGS) technologies and the ability to sequence uncultivated organisms. In the context of
carious lesions, the environmental perturbation arises from persistent consumption of dietary sugars
leading to a decrease in pH and, when sustained, shifts the population to a more aciduric and cariogenic
microbial community which degrades the enamel (Kleinberg, 2002; Marsh & Bradshaw, 1997). Changing
environments (e.g., a substantial increase in acidity) can destabilize previously stable microbial
communities reconfiguring them into new stability domains, referred to as regime shifts (Folke et al., 2004).,
such as a cariogenic microbiome (Nyvad & Takahashi, 2020). Furthermore, this regime shift of the oral
microbiome towards a cariogenic state is the result of an environment partially created by the bacteria
themselves creating a complex feed-forward loop. This complex feed-forward loop makes it difficult to
diagnose the exact cause of each case and the development of therapeutics for severe cases.

Understanding the roles of microbes in the context of caries-related dysbiosis (from the perspective of
human health and not microbial stability) is non-trivial and is often explored using association networks.
Association networks such as coexpression (transcriptomics) or co-abundance (genomics) are powerful
frameworks for investigating inferred biological interactions by grouping biological features, such as genes
or microbes, with related metabolism (Smith et al., 2016) or complementary ecological niches (Gomez et
al., 2017). Despite widescale usage, many approaches do not address NGS compositionality and this is a
major concern because non-compositionally aware metrics (e.g., correlation) are known to yield spurious
associations with no biological meaning (Lovell et al., 2015). Although packages such as WGCNA
(Langfelder & Horvath, 2008) introduced intuitive and clever ways for analyzing fully-connected weighted
gene association networks, they do not directly support compositionally-aware association metrics such as
proportionality (Erb & Notredame, 2016; Lovell et al., 2015; Quinn et al., 2017); thus, the findings using
such methods are based on a statistical fallacy. However, awareness of compositional data analysis
(CoDA) has increasingly made its way from geology to bioinformatics (Erb & Notredame, 2016; Lovell et
al., 2015; Morton et al., 2017; Quinn et al., 2018) with many advancements in the context of network
analysis (Espinoza et al., 2020).

Association networks are often applied to individual organisms in controlled settings (Fuller et al., 2007)
and extending these concepts to ecosystems introduces many challenges that arise from the complexity of
the data where the exact abundances of biological features are often unknown a priori and the number of
features increase by several orders of magnitude. Furthermore, as systems biology deals with interactions
amongst biological features, the number of pairwise interactions scale quadratically. The vast number of
variables in a microbiome not only makes hypothesis testing precarious but can also lead to statistical
artifacts in downstream analysis due to the “curse-of-dimensionality” making interpretation exceedingly
difficult (Altman & Krzywinski, 2018). Many dimensionality-reduction methods such as PCA, [N]MDS, t-SNE
(Van Der Maaten, 2014), or UMAP (Mclnnes et al., 2018) lose accessibility to original biological features
rendering interpretation limited and unintuitive. The genome-resolved hierarchical complexity of
microbiomes results in dynamic distributions of expression or abundance influenced by other microbes and
latent environmental variables not accounted for by the experimental design. These community-level
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datasets require representations of the data that account for these abstractions and group genes within
their genome-resolved structure; that is, explainable biological feature engineering.

The balance between biological accuracy and analytical practicality is a constant theme when pairing
metagenomic assemblies with metatranscriptomic sequencing. On one hand, consensus assemblies and
binning of metagenome assembles genomes (MAG) make it feasible to cross-reference genomic features
across samples while providing a relatively dense counts table. Though not inherently sparse, sparsity in
NGS technologies is common and a major hurdle in CoDA (Paulson et al., 2013; Silverman et al., 2020).
This approach often produces user-friendly data structures, but the resulting MAGs will likely be composites
of multiple bona fide microbial genomes of highly similar strains resulting in redundant and contaminated
MAGs that lack true biological interpretation. On the other hand, assembling samples individually and
binning genomes will produce more biologically accurate MAGs but mapping to these samples produces
inherently sparse matrices that have an extremely large number of features, which is problematic for
statistical analysis (Altman & Krzywinski, 2018), mostly filled with zeros because the one-to-one mapping
of reads to highly redundant genomic features. When using paired metagenomics and metatranscriptomics
to investigate dysbiotic systems, it is imperative to address these pitfalls by leveraging compositionally-
aware network methodologies simultaneously with natural hierarchies inherent in the data.

Results:

Metagenome assembled genomes for bacteria and viruses

Metagenomes from 88 Australian children in this study were evaluated and analyzed previously (Espinoza
et al., 2018; Shaiber & Eren, 2019) but substantial improvements in assembly, binning, and quality
assessment methodologies warranted revisitation and reanalysis. After quality assessment, with our
updated methods, we isolated 658 bacterial MAGs, 179 DNA viruses, and 10 RNA viruses (Fig. 1, Table
S2). For clarity, DNA and RNA viruses refer to viruses derived from metagenomics or metatranscriptomic
sequencing, respectively. These bacterial MAGs clustered (95% ANI where ANI refers to Average
Nucleotide Identity) into 135 unique species-level clusters (SLC) representing 49 hitherto unclassified
species with 26 of which classified as Patescibacteria candidate phyla radiation (CPR; 6
Gracilibacteria/SR1, 43 Saccharibacteria) and a total of 69 CPR MAGs collectively. Of the non-CPR SLCs,
we identified 31 Bacteroidota, 22 Proteobacteria, 21 Actinobacteriota, 23 Firmicutes, 8 Fusobacteriota, and
4 Campylobacterota (Table 2,S2,S3). The DNA and RNA viruses clustered into 137 and 5 unique SLCs,
respectively. Most of the DNA viruses were classified as Caudovirales, of unknown species, associated
with the human oral (42 SLCs), gut (41 SLCs), human respiratory (1 SLC), and non-specific environments
(1 SLC). Aside from these unknown species, we also identified several Caudovirales phages for
Arthrobacter (7 SLCs), Streptococcus (4 SLCs), Klebsiella, Haemophilus, Pasteurella, Pseudomonas, and
Burkholderia. Other than Caudovirales, we identified Streptococcus satellite phages (2 SLCs), unclassified
CRESS-DNA Parvovirus associated with the human gut (2 SLCs), and an unclassified virus associated
with the human oral environment. Most of the RNA viruses were Escherichia phages (4 SLCs) designated
as Qbeta BZ1, MS2, and BZ13 strains but we also uncovered a novel virus with no close taxonomic
classification. Only high-confidence viruses based on strict CheckV thresholds were considered for analysis
to reduce false positives and increase interpretability. The bacterial and viral SLCs contained 64 and 113
singleton clusters; individual genomes that did not share 95% ANI with any other organisms in the dataset.
No archaea, eukaryote, or novel bacterial genera beyond the CPR were detected.

Our metapantranscriptomics approach collapsed 1,248,783 ORFs into 255,737 SLC-specific orthogroups
(247,943 bacterial and 7,794 viral) reducing the dimensionality by 80% with minimal loss in information
content. By using SLC-specific orthogroups, we were able to maintain a “bag-of-genomes” paradigm,
opposed to that of a “bag-of-genes” and preserving natural hierarchical structures inherent in ecology.

We observed only one taxonomic database discrepancy, M-1507-144.A__MAXBIN2__bin.008 was
classified by GTDB-Tk as a novel Tannerella but this MAG clustered in BC14 with 10 Peptidiphaga
sp000466175 with high confidence (> 95% ANI via FastANI) which suggests an update to the
GCF_003033925.1 reference taxonomy in NCBI. This result is further strengthened by the CheckM basal
classification of the Actinobacteria phylum.

Relative taxonomic expression and abundance
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Clustering using genome-resolved gene expression grouped subjects into 5 distinct clusters (Fig. 2) but
these expression patterns were not able to discriminate samples based on the presence or absence of
caries. We also measured the silhouette scores using Aitchison distance against caries status and observed
average scores close to zero ([Xsinouette] < 0.003) for bacterial and viral microbiomes in both
metatranscriptomics and metagenomics datasets indicating minimal phenotype partitioning capacity using
individual features.

As these expression patterns are in center log-ratio (CLR), values close to 0 can be considered basal
community-level expression and close to the geometric mean of expression values for the microbiome. We
observed a core bacterial supragingival plaque microbiome at the genus level as almost every genus is
transcriptionally active in every sample (Clusters 2.1-2.4, see Methods for naming scheme), regardless of
phenotype, but this is not the case for either DNA or RNA viruses. Most of the viruses were detected with
low expression and grouped in Cluster-2.5. In Cluster-2.5, there are a few DNA viruses that are detected
in almost every sample including Streptococcus satellite phage Jaavan335, unclassified Caudovirales
associated with human gut, Burkholderia phage phiE255, Haemophilus phage SuMu, and Klebsiella phage
ST405-OXA48phi1 with Escherichia phage MS2 as the only high prevalence RNA virus. Cluster-2.4
contains an unclassified human oral DNA virus and an unclassified oral Caudovirales that are
transcriptionally active in every sample at modest levels on par with many bacteria in the microbiome.
Cluster-2.1, the cluster with highest overall transcript abundance, we observe mostly genera from
Bacteroidota, Proteobacteria, Firmicutes(C), and Fusobacteriota. The most transcriptionally active genera
in Cluster-2.1 are Capnocytophaga, Streptococcus, Neisseria, Haemophilus_D, Aggregibacter,
Porphyromonas, and Veillonella with modest expression from other bacteria. Cluster-2.2, with CLRs of 1-
2, includes genera that appear in downstream analysis including Cardiobacterium, Corynebacterium, and
Tannerella. Cluster-2.3 is the cluster with baseline transcriptional activity (i.e., CLR close to 0) which
contains all the Saccharibacteria and SR1 CPR clade.

We also investigated the RNA:DNA ratios from the 26 overlapping metatranscriptomic and metagenomic
samples (Fig. 3). Based on clustering of RNA:DNA ratios, 5 distinct groupings were observed (Clusters-
3.1-5). The most prominent findings are from Clusters-3.1,2 where taxa have highest and lowest RNA:DNA
ratios, respectively. Cluster-3.1, the most transcriptionally active, included Haemophilus A and
Alloprevotella, the most active genera, as well as Aggregibacter, Gemella, and Campylobacter_A. Cluster-
3.2 has a more uniform distribution of low RNA:DNA ratios and contained Gracilibacteria, Saccharibactena,
Streptococcus satellite phage Javan335, and an unclassified Caudovirales phage associated with the
human gut. Clustering of these RNA:DNA ratios also did not differentiate subjects based on phenotype.

In terms of alpha diversity, we did not observe any difference in bacterial richness for metatranscriptomics
(X = 131 SLCs) or metagenomics (X =134 SLCs) datasets between caries and caries-free microbiomes
(Mann-Whitney p >> 0.05). For viral richness, we did not observe difference in the metatranscriptomics
dataset (X =26 SLC) but observed a slight enrichment in viral richness in the caries microbiome (Xcaries =
34.5 SLCs, Xcaries-ree = 30 SLCs; Mann-Whitney p = 0.026).

We implemented differential expression analysis between caries and caries-free cohorts at the taxonomic
level (SLC expression) and PGFC level (engineered taxonomy-functional composite features). We did not
observe any statistically significant components, neither SLCs nor PGFCs, using compositionally-aware
methods such as ANCOM and ALDEx2. However, the lack of clear taxonomic or functional differences
between the cohorts suggests interactions between variables is important, illustrating the need of differential
networks to interrogate the caries and caries-free microbial systems.

Phenotype-specific coexpression networks reveal unique taxonomic and metabolic characteristics
As the caries phenotype is a multifactorial disease (Takahashi & Nyvad, 2011), the most natural approach
for investigating associations would be through network analysis as such methodologies are useful for
modeling complex systems with unknown structure. To be specific, the true structure (if one exists) of
microbial interactions within each phenotype in our dataset is unknown a priori. Therefore, we must infer
the structure of each network using data-driven approaches. Using an ensemble approach, we computed
compositionally-aware coexpression networks, with PGFCs, an engineered feature based on taxonomy
and functional potential (see Methods), as nodes (Nnodes = 2,478) and rho proportionalities as edge weights
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(Nedges = 3,069,003), for caries and caries-free microbiomes (PSCNcaries and PSCNcaries-free, respectively).
The total connectivity of the PSCNcaries was 301,163.9 k with PSCNcaries-free ~7% lower (279,832.1 k, Table
S6). Unsupervised clustering of the PSCNs sorted by median connectivity revealed clusters heterogeneous
with respect to taxonomy, and a sharp drop off in connectivity at 250 k (Fig. 4A,B, Table S5, Table S7). In
this high connectivity range, there are 12 PSCNcaries Clusters (749 PGFCs) and 8 PSCNcaries-free Clusters
(5655 PGFCs) which will be referred to as high connectivity PSCN clusters (HCPC).

One approach in computing homogeneity is via normalized entropy and, in this context, can be interpreted
as cluster homogeneity where low entropy translates to a cluster being dominated by a single taxa (more
homogenous) and high entropy as taxa being evenly distributed within a cluster (more heterogeneous). The
most highly connected cluster in both PSCNs is Cluster-1 (HCPC-4A.1 and HCPC-4B.1) which is the
second largest cluster in each network and one of the most heterogenous with respect to taxonomy. We
observed a modest trend that HCPCs in the caries microbiome have higher taxonomic homogeneity than
the caries-free microbiome. The caries HCPCs tend to have lower normalized entropy than the caries-free
HCPCs especially compared to when considering all clusters; though, the number of observations was not
sufficient for this statistical analysis and these results will not be further explored.

Despite the caries microbiome HCPCs being slightly more homogenous, the highest connectivity PSCNcaries
cluster (HCPC-4A.1) is one of the most heterogenous clusters in the system. The majority of HCPC-4A.1
connectivity (82%) is from Veillonella, Streptococcus, Granulicatella, and Kingella_B. The remaining caries
HCPCs are enriched in other bacteria including Streptococcus, Capnocytophaga, Haemophilus_D,
Neisseria, Cardiobacterium, and Aggregatibacter. The highest connectivity cluster in PSCNcaries-free iS
HCPC-4B.1 whose connectivity is primarily from Streptococcus sanguinis, Veillonella parvula_A, and
Granulicatella adiacens. The remaining caries-free HCPCs are enriched in Neisseria, Capnocytophaga,
Fusobacterium, Haemophilus_D, and Prevotella. We observed a substantial overlap in high connectivity
genera but the cluster membership of these genera is phenotype-specific and these configurations may
provide key insight into how a system, whether caries or caries-free, stabilizes.

The second highest connectivity HCPCs in both caries (HCPC-4A.32) and caries-free (HCPC-4B.22)
microbiomes are homogenous for Streptococcus and Neisseria, respectively. Connectivity from HCPC-
4A.32 is mainly derived from S. sanguinis (98%) while connectivity from HCPC-4B.22 is 100% attributable
to a novel Neisseria species (BC6). We also observed HCPC-4A.39 as another homogenous caries HCPC
for Capnocytophaga sputigena. In both PSCNSs, carbohydrate metabolism (27% PSCNcaries, 36%
PSCNcaries-free) and cofactor/vitamin biosynthesis (10.7% PSCNcaries, 8.2% PSCNcaries-ree) are attributable
to most of the connectivity (Fig. S2). Glycolysis, gluconeogenesis, and pentose phosphate are
heterogenous amongst the HCPCs regardless of phenotype. The citric acid cycle was responsible for the
majority of the carbohydrate connectivity in PSCNcaries HCPC-4A.29; a heterogenous cluster enriched in
Neisseria and Prevotella. Several cofactor and vitamin metabolic pathways were common amongst the
HCPCs.

Community detection algorithms such as Louvain (Blondel et al., 2008) and, its updated successor, Leiden
(Traag et al., 2019) have been used to investigate the structure of large and complex networks. The former
has been used to study various biological networks (Jackson et al., 2018; Wilson et al., 2017; XH & M,
2021; Zheng et al., 2021) while Leiden is new and sparingly applied to biological systems, it addresses
defects associated with Louvain. As these algorithms are stochastic, we utilized an iterative version of the
Leiden community detection algorithm to investigate how these phenotype-specific HCPCs are structured
and how the HCPCs partition into tightly connected high-confidence communities in an induced graph. The
caries HCPCs naturally partition into Communities-4C.I-1ll while the caries-free HCPCs partition into
Communities-4D.I-1l (Fig. 4C,D,Table S5). Leiden communities revealed similar coexpression of two
complementary configurations in both PSCNs: 1) majority Bacteroidota (PSCNcaries Community-4C.| and
PSCNcaries-ree Community-4D.l); and 2) majority Firmicutes via Streptococcus (PSCNcaries Community-4C.II
and PSCNcaries-free Community-4D.1) (Fig. 4E,F).

Community-4C.l and 4D.| have high overlap in taxonomic membership, but they also have several unique

taxa that may provide insight into phenotype-specific system states. Interestingly, no Neisseria were
observed in PSCNcaries Community-4C.| but high Neisseria genus-level membership was observed in the
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complementary PSCNcaries-ree Community-4D.1 (Fig. 4E). However, in PSCNcares we observed high
Neisseria genus-level membership in Community-4C.1Il coexpressed with more Neisseria and
Haemophilus (Fig. 4E). Neisseria are highly connected in both PSCNs but their community membership,
the taxa they are interacting with, is phenotype specific. More specifically, Neisseria appears to shift from
high coexpression with several Bacteroidota species in the caries-free cohort to other Neisseria and
Haemophilus in the caries cohort. The connectivity of Haemophilus_D parainfluenzae and an unclassified
Neisseria (BC6) is relatively high in PSCNcares Community-4C.IIl and these taxa are completely absent
from the Neisseria enriched community in PSCNcaries-free.

In terms of metabolism, drug resistance is only observed in PSCNcares Community 4C.llI, specifically
Streptococcus sanguinis beta-Lactam resistance. Both caries and caries-free microbiomes lack arginine,
proline, and lipid metabolism in the Bacteriodota-centric communities (PSCNcaries Community-4C.| and
PSCNcaries-ree Community-4D.1) but provide these pathways in the Firmicutes-centric communities
(PSCNcaries Community-4C.Il and PSCNcaries-ree Community-4D.Il). Conversely, these Firmicutes-centric
communities lack sulfur metabolism which appears to be provided by Bacteriodota-centric community.
Central carbohydrate metabolism connectivity is much higher in the Bacteriodota-centric PSCNcaries-free
Community-4D.| relative to all of the other communities which may suggest that the taxa and central
carbohydrate mechanisms in this community promote a healthy oral microbiome.

We compared the scaled connectivity of different PGFC groupings between caries and caries-free PSCNs
using the union of PGFCs in caries and caries-free HCPCs. We observed statistically significant differential
connectivity when grouping PGFCs by taxonomic level (N = 7 PGFCs enriched in PSCNcaries and N = 11
PGFCS enriched in PSCNcaries-ree) @and none when grouped by functional level (Fig. 5). Although, the
connectivity of high-level metabolic functional profiles is similar for both PSCNs, the taxa responsible for
these driving functions are unique to the phenotype. The taxa with enriched connectivity in PSCNcaries Were
Kingella_B oralis trailed by Granulicatella adiacens, Haemophilus_D parainfluenzae, Capnocytophaga
leadbetteri, and Streptococcus oralis. The taxa with greatest enriched connectivity in PSCNcaries-ree Were
Streptococcus sanguinis, Abiotrophia sp001815873, an unclassified Neisseria (BC6), and Cardiobacterium
hominis. Although unclassified Neisseria and Abiotrophia sp001815873 are enriched in PSCNcaries-free, they
are not present in the caries-free communities (Fig. 4E) because they were not in the caries-free HCPCs.
This discrepancy in membership suggests that connectivities of these taxa, though enriched, were masked
by other high connectivity taxa in PSCNcaries-free.

Differential coexpression networks suggests community scale metabolic restructuring through
Cardiobacterium hominis

Differential coexpression networks (DCN) reveal changes in connectivity between a reference (caries free)
and treatment (caries) network. As ensemble PSCNs are the building blocks of DCNs, our DCNs provide
the same benefits with respect to outlier resistance. Previous approaches have used DCNs but did not use
compositionally-aware association metrics or ensemble networks (Fuller et al., 2007; Hsu et al., 2015).
While differential abundance/expression analyses can be useful in identifying feature enrichment (e.g.,
OTU, MAG, ORF, gene, etc.), each method has their own caveats in assumptions about the data
distributions (well characterized in (Morton et al., 2019) with the establishment of reference frames) and
provide no information regarding differences in pairwise interactions; an essential perspective when
studying diseases resulting from dysbiosis. Using the PSCNCcaries-free as a reference network and PSCNcaries
as the treatment network, we were able to construct a DCN using the 875 PGFCs from the community
detection analysis for seamless cross-referencing between PSCNs and the DCN. In the DCN, differential
connectivity (denoted as Ak") is positive and negative when a connectivity is enriched in the caries and
caries-free microbiomes, respectively. Unsupervised clustering of the DCN revealed 6 clusters (Fig. 6,
Table S5,6), of which there were 3 high connectivity DCN clusters (HCDC), each being diagnostic of
phenotype; HCDC-6A.4 had enriched connectivity in the caries microbiome while HCDCs-6A.2 and 5 had
enriched connectivity in the caries-free microbiome. For the only HCDC with connectivity enriched in the
caries microbiome (HCDC-6A.4), the differential connectivity was primarily from Capnocytophaga
sputigena, Kingella_B oralis, Vellonella parvula_A, Streptococcus sanguinis, Streptococcus oralis, and
several species of unclassified Streptococci (Fig. S4A) via carbohydrate and cofactor/vitamin metabolism
(Fig. S4B).
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HCDC-6A.4 included 43% of all taxa within the DCN. HCDCs with enriched connectivity in caries-free
microbiome contained a broader range of microbes. However, most of these taxa were in HCDC-6A.2 with
more than 77% of the taxa in the DCN which was not the case for HCDC-6A.5 with 40% of the taxa. In
HCDC-6A.2, most of the differential connectivity was attributable to Streptococcus sanguinis, Abiotrophia
sp001815873, an unclassified Neisseria (BC6), Rothia dentocariosa, and several Fusobacteriota via
carbohydrate metabolism, ATP synthesis, carbon fixation, and cofactor/vitamin biosynthesis (Fig. S4B).
While HCDC-6A.2 is heterogenous in terms of taxa membership, HCDC-6A.5 is fairly homogenous with
most of the connectivity from Cardiobacterium hominis via carbohydrate metabolism. Veillonella parvula_A
and Fusobacterium polymorphum are the only taxa that had membership in all HCDCs. As Veillonella
parvula_A had high differential connectivity in both caries and caries-free phenotypes through different
metabolic pathways, this finding may provide insight into dysbiosis. Several other taxa including
Haemophilus_D parainfluenzae had membership in the HCDC-6A.4 and with at least one HCDC with
negative differential connectivity (Fig. S4A).

Comparing set membership between HCDCs revealed key metabolic differences between microbiomes.
HCDC-6A.4 exclusively had 14 KEGG modules with the most notable including pentose phosphate
pathway, phosphate acetyltransferase-acetate kinase, beta-Lactam resistance, several cofactor/vitamin
pathways (Table S5). HCDC-6A.2 had 19 KEGG modules not in HCDC-6A.4 which included many
carbohydrate metabolic, reductive pentose phosphate cycle, and dissimilatory nitrate reduction pathways.
HCDC-6A.5 only had 4 exclusive KEGG modules including citrate cycle, fumarate reductase, and Raetz
pathway with citrate cycle and fumarate reductase metabolism from Cardiobacterium hominis.

Hive plots are a network visualization framework that groups nodes with respect to predefined axes. In this
case, grouping PGFCs by taxa or KEGG categories for higher-level nodes and HCDCs for axes. The hive
structure visualizes both intra- and inter-cluster differential connectivity clearly revealing hub nodes
connecting clusters (Fig. 6B,C). In the context of this DCN, Cardiobacterium hominis was a link between
the highest differential connectivity HCDCs for caries (HCDC-6A.4) and caries-free (HCDC.6A.2)
microbiomes even though each cluster’s intra-cluster connectivity is sign specific. HCDC-6A.4 had very low
connectivity to HCDC-6A.2 but both have high connectivity to HCDC-6A.5 primarily via Cardiobacterium
hominis. However, positive differential connectivity from HCDC-6A.5 to HCDC-6A.4 was mainly from
Cardiobacterium hominis carbohydrate metabolism and ATP synthesis from other bacterial species. In the
connection between Cardiobacterium hominis and HCDC-6A.2, we observed many more taxa, also at
greater differential connectivity magnitude, primarily through Streptococcus sanguinis, Abiotrophia
sp001815873, and an unclassified Neisseria (BC6) with a long tail of taxa with negative differential
connectivity. In this latter case, the highly negative differential connectivity from Cardiobacterium hominis
to HCDC-6A.2 is spread out across many metabolic pathways and is not disproportionally weighted at
carbohydrate and ATP synthesis suggesting Cardiobacterium hominis may have a holistic relationship in a
caries-free microbiomes while also playing a potentially non-beneficial role in caries microbiomes. We
expanded Cardiobacterium hominis carbohydrate metabolism and ATP synthesis modules out in a
separate DCN (Fig. 7, Tables 3,S5,S7).

After removing low connectivity edges (Fig. S5), this DCN revealed 5 Leiden communities, denoted as
Communities-7.1-V, with the 2 largest communities being Community-7.1 and Community-7.1l. Consistent
with our previous hive networks, we observed a community with connectivity primarily enriched in the caries
microbiome (Community-7.1) and several communities with connectivity almost exclusively enriched in
caries-free microbiome (Communities-7.11-V). The exception to the latter is Cardiobacterium hominis
pyruvate oxidation and Capnocytophaga sputigena polyketide sugar unit biosynthesis connectivity enriched
in caries microbiome in Community-7.1ll. Community-7.1, the largest of the negative differential connectivity
communities, was far less complex than Community-7.] and has Cardiobacterium hominis pentose
phosphate as highly central nodes. There were 3 other small communities with negative differential
connectivity and the most interesting of these is Community-7.1V as Cardiobacterium hominis glucose to
UDP-glucose conversion is connected to mostly to Veillonella parvula_A cofactor/vitamin metabolism but
also Neisseria nitrogen metabolism/methane metabolism and Corynebacterium durum carbohydrate
metabolism.
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The most complex and informative community is Community-7.1, which is primarily composed of positive
differential connectivity edges, those enriched in the caries microbiome. The negative differential
connectivity edges are primarily from ATP synthesis of Veillonella parvula A and Leptotrichia_A
sp001274535. Said nodes only have negative differential connectivity edges which suggest they are
influential to the rest of the community in a caries-free microbiome and this may provide insight into
community-scale restructuring in the caries microbiome. Also worthy of note, the only nodes with both
positive and negative differential connectivity edges are from Cardiobacterium hominis supporting the
hypothesis that Cardiobacterium hominis is an essential player in the transition from caries-free to caries
phenotypes and vice versa. However, the most striking feature of this community is that Cardiobacterium
hominis citrate cycle and fumarate reductase are highly centralized suggesting a shift in carbohydrate
metabolism from pentose phosphate cycle to citrate acid cycle in the caries microbiome. We also observed
various types of carbohydrate metabolism in Community-7.1 with positive differential connectivity from
several other organisms (Table 3).

Predictive models applied to caries diagnosis

Feature selection and predictive modeling was implemented to further evaluate PGFC features that were
indicative of caries diagnosis. In particular, the Clairvoyance feature selection algorithm (Espinoza et al.,
2021) that has been previously evaluated on identifying diagnostic genes related to antibiotic resistance
(Espinoza et al., 2021) and multimodal associations related to childhood undernutrition (Nabwera et al.,
2021) was used to identify PGFCs that were able to accurately discriminate caries individuals from caries-
free individuals. To allow for seamless interpretation with the network analysis, the set of 212 PGFCs from
the DCN were used as input into the feature selection algorithm and this was implemented for PGFCs
represented as MCR and as CLR transformed abundances to yield two separate feature sets. This mixed
feature architecture allowed for a novel type stacking ensemble where each base classifier uses a specific
feature set and feature representation (e.g., MCR and CLR values simultaneously) leveraging the strength
of each measurement in the ability to predict caries phenotype. The MCR feature set included 36 PGFCs,
the CLR feature set included 27 PGFCs, and 11 PGFCs were shared between both base models (52 unique
PGFCs) (Fig. S6B). The PGFCs selected via feature selection included Cardibacterium hominis pentose
phosphate and TCA cycle as some of the highest weighted features that were able to discriminate caries
phenotypes (Table S9). The stacking ensemble classification model was able to predict unobserved twin
groupings with an accuracy of >96.5% (see Methods for cross-validation). In this context, accuracy can be
interpreted as the reliability of a feature set to be sufficient in diagnosing caries. This is in stark contrast to
predictive modeling using the 212 PGFCs from the DCN without feature selection which yielded a baseline
classification accuracy of only 58.8%.

Discussion:

This study provides evidence of a core bacterial microbiome and a personalized viral microbiome that is
transcriptionally active within the supragingival plaque of this cohort of Australian children regardless of
collection center, age, or sex. This core microbiome supports the ecological plaque hypothesis that
environmental conditions influence the metabolism of existing microbes nudging the community into a
cariogenic configuration, rather than it being associated with extensive gain or loss of taxa. As the oral
community is able to shift the collective metabolism to adapt to a cariogenic environment, the reverse
must also be true given the prevalence of this core community. The implications of such a finding are both
therapeutic and diagnostic. The specific abundances of taxa or even transcripts are not diagnostic, but a
panel of transcripts and their associations are highly diagnostic and could be used as remote dentistry as
demonstrated by the predictive model’s high accuracy in diagnosing caries phenotype. Similarly,
probiotics that revert community associations might be powerful therapeutics. Characterizing the
interactions between microbes and their additive metabolism is expected to provide a deeper insight into
what it means metabolically to have a cariogenic oral environment and, also important, a caries-free
environment. One objective of the study was to determine if an untargeted tooth swab of both cariogenic
and non-cariogenic communities combined with sequencing and in silico analysis could predict the
signals diagnostic of phenotype with an accuracy >96.% using 52 unique biological features. This type of
“take-at-home” assay augments current dental prophylaxis, which is dependent upon in-person visitation,
and increases patient equity.
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The complexity of this study required many novel methods to be developed for identifying mechanisms
involved in caries-related dysbiosis. With a scope only considering single taxa expression patterns (e.g.,
unsupervised clustering of samples and differential expression analysis), we would have not been able to
identify any distinguishing features of caries or caries-free phenotypes. Our development of novel
association network methodologies built on the fundamental network concepts inspired by WGCNA such
as implementing fully-connected, undirected, and weighted networks that can be clustered via hierarchical
clustering. Our approach augments legacy methods by leveraging feature engineering to reduce
dimensionality and exploitation of natural biological ontologies, the use of proportionality instead of
correlation, consensus Leiden community detection, and a novel ensemble network framework to build
distributions of edge weights rather than singular point estimates. Only through the inferred interactions
between PGFCs were we able to notice trends in the data that could describe caries-related regime shifts.
We averted the intractability of naive “bag-of-genes” representations of the data (i.e., ORFs as individual
units) by flexible feature engineering methodologies to simulate an in silico reconstruction of the microbial
community grouped by taxonomy and function; a “bag-of-genomes” approach. Analyzing caries-related
dysbiosis using differential networks in PGFC-space rather than gene-space allowed for rapid and
computationally economical methods for packing and unpacking biological hierarchies to explore regime
shifts; bridging the gap between machine intelligence and biological insight. Although the feature
engineering methods in this study are largely dependent on curated metabolic pathways, they were
designed to be generalizable to custom databases and unsupervised paradigms such as hierarchical
clustering paired with gene ontology analysis.

Exploring the oral microbiome from unique vantage points through analyzing networks specific to a
phenotype, the comparison of connectivity profiles, and the differentials between networks provided insight
into not only dysbiotic regime shifts but also maintenance of caries-free status. Even high-level network
statistics are biologically relevant in the context of caries-related dysbiosis. For instance, the caries PSCN
had substantially greater total connectivity than the caries-free PSCN, which can be interpreted as a higher
number of interacting microbes and diverse metabolic pathways. This enrichment in inferred interactions
within a diseased community relative to a non-diseased community has been observed in other forms of
dysbiosis in the human gut microbiome such as inflammatory bowel disease and obesity (Chen et al., 2020).
This finding is especially relevant considering the microbial richness does not differ between caries and
caries-free microbiomes. The larger total connectivity and number of high connectivity coexpression
clusters in caries microbiome suggests that there are more microbial and metabolic interactions occurring
in carious systems. Similarly, the fewer number of high connectivity clusters in a caries-free microbiome
suggests that the caries-free phenotype has a microbiome dominated by a few key taxa and metabolic
pathways.

Neisseria appears to be a key player with high connectivity in the supragingival plaque oral microbiome
regardless of caries phenotype. Previous research has observed Neisseria as highly abundant in both
caries and caries-free microbiomes (Yang et al., 2021) but, to our knowledge, this study is the first to report
this trend in the context of network connectivity (Fig. 4, 6) and RNA:DNA (Fig. 3). Although the connectivity
of Neisseria is comparable in both microbiomes, the high connectivity in the caries microbiome is masked
by a plethora of other highly connected genera and is ranked higher in the caries-free microbiome as a
result of fewer high connectivity genera (Fig. 4A,B). However, we observed different microbial communities
interacting with Neisseria when comparing between caries and caries-free microbiomes. In particular,
several species of Neisseria were interacting with members of Bacteroidota in the caries-free microbiome
and shifts to interactions with Haemophilus_D parainfluenzae and fellow Neisseria (mostly an unclassified
Neisseria (BC6) and Neisseria mucosa) in the caries microbiome (Fig. 4E). This is interesting because
several species of Neisseria had enriched connectivity in the caries-free microbiome and Haemophilus_D
parainfluenzae had enriched connectivity in the caries microbiome (Fig. 5A,C). Although, Neisseria and
Haemophilus parainfluenzae are both common in the oral cavity of caries-free individuals from the
perspective of abundance (BJ et al., 2008; Liliemark et al., 1984; Zaura et al., 2009), their interactions with
other coexpressed microbes known to be associated with infections in humans (e.g. Prevotella
conceptionensis from Community-C.Il (Amat et al., 2020; N et al., 2018)), may be indicative of caries
dysbiosis. Many of the organisms discussed in this research have not been exhaustively characterized in
the context of dental caries from an ecological perspective which presents an opportunity for future co-
culture experiments.
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The ability to collapse and expand PGFCs in these abstract network spaces can be used to identify
unanticipated players with uncharacterized interactions relevant to maintaining either caries-free or caries
microbiomes. For instance, when comparing PSCNs Cardiobacterium hominis is revealed to be one of the
microbes with the highest enrichment in connectivity in the caries-free microbiome (Fig. 5A,C). However,
the narrative is more complex when partitioning the PGFCs by differentially connected clusters (Fig. 6) and
collapsing PGFCs by taxa-specific higher order KEGG categories. In a hive network layout,
Cardiobacterium hominis emerges as a hub not only in the caries-free microbiome but also in the caries
microbiome as it constitutes the majority of the differential connectivity within HCDC.5 primarily through
ATP synthesis and carbohydrate metabolism. With Cardiobacterium hominis ATP synthesis and
carbohydrate metabolism as a focal point, we were able to expand our focus to more specific KEGG
modules while retaining high-level KEGG categories for the other microbes in the network to avoid the
infamous and uninformative hairball plots (Krzywinski et al., 2012) of overly complex networks (Fig. 7).

This hierarchical network, further validated through predictive modeling, implicates Cardiobacterium
hominis as a nexus between caries-free and caries dysbiotic states through a switch from pentose
phosphate to TCA cycle carbohydrate metabolism. Previous metabolic research confirms that both the TCA
cycle and the pentose phosphate pathway function within the supragingival plaque in vivo and glycolytic
activation caused an increase in pentose phosphate activity (Takahashi et al., 2010). These findings
suggest that Cardiobacterium hominis mediated pentose phosphate pathway metabolism promotes a
caries-free microbiome with the support of Streptococcus sanguinis lysine metabolism, Abiotrophia
sp001815873 ATP synthesis, and Neisseria cofactor metabolism (Community-7.11). This hypothesis agrees
with previous research as Streptococcus sanguinis and Abiotrophia have been known to cooccur in caries-
free children (Kanasi et al., 2010) while Neisseria, as mentioned previously, has been associated with
beneficial oral health. The simplicity of interactions enriched in the caries-free microbiome, Communities-
7.11-V, agree with our theory that fewer taxa with more defined metabolisms are indicative of stable and
healthy oral communities; thus, opening the door for potential probiotics, engineered microbial
communities, and therapeutics for oral health and resilience.

The evidence for Cardiobacterium hominis TCA cycle and its association with caries dysbiosis is more
complex in Community-7.1 which has considerably more taxa and metabolic pathways than communities
that include the pentose phosphate pathway. However, this agrees with our earlier finding that caries-
related regime shifts include more high connectivity interactions without an increase in microbial richness;
that is, greater total connectivity with the same core microbiome. Previous research has shown that the
caries microbiome has the potential to metabolize more diverse sugar sources than the caries-free
microbiome (Espinoza et al., 2018), which supports the notion that metabolism associated with dysbiotic
caries communities is more complex than healthy communities without dental caries and, therefore, higher
total network connectivity. In Communities-7.1-V, Cardiobacterium hominis is the only microbe that has
connectivities enriched in caries and in caries-free microbiomes which supports our hypothesis of turncoat
behavior in regards to oral health. Cardiobacterium hominis TCA cycle had enriched connectivity to
carbohydrate metabolism from Kingella oralis (Cherkasov et al., 2019), Streptococcus oralis (Kanasi et al.,
2010), and Corynebacterium matruchotii (Yang et al., 2021) in the caries microbiome which have previously
been statistically associated with caries dysbiosis in children.

Diseases stemming from microbial dysbiosis are often complex and difficult to investigate due to
computational limitations and human interpretation. Our research addresses a critical limitation in paired
metagenomics and metatranscriptomics across multiple samples/subjects: that is, how to have biologically
accurate assemblies not biased by coassembled chimeras while also producing overlapping features (e.g.,
SLC, SLC-specific orthogroups). Furthermore, the analytical methodology (e.g., feature engineering and
network analysis) employed in this study, though developed for the oral microbiome, can be generalized to
other diseases, environments, and modalities (e.g., clinical measurements, metabolomics, proteomics).
This research demonstrates how investigating microbiomes from different vantage points can provide
insight into microbial ecosystems and their relevance in health and disease.

Methods:
Study design and patient cohort overview used for metatranscriptomics
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The primary objective of this study was to characterize the supragingival dental plaque of children with and
without caries. A secondary objective assess how host genetics affects the microbiome in relation to caries
and was not prioritized in this study due to the environmental effects on transcription. This study has been
analyzed using 16S rRNA amplicon (Freire et al., 2020; Gomez et al., 2017) and shotgun metagenomics
(Espinoza et al., 2018; Shaiber & Eren, 2019) datasets. The metatranscriptomics dataset in this publication
has not been analyzed prior to this study. Our metagenomics dataset contains 88 subjects and our
metatranscriptomics dataset contains 91 subjects with an overlap of 26 subjects. For each subject, there is
a single sample per omics technology and 4 were removed by our strict quality control assessment for a
total of 87 metatranscriptomic samples.

The study design has been described previously for this BioProject (PRJNA383868) in sister studies
(Espinoza et al., 2018; Freire et al., 2020; Gomez et al., 2017). In particular for the metatranscriptomics
cohort, dental plaque samples were collected from participants of the University of Adelaide Craniofacial
Biology Research Group Tooth Emergence and Oral Health Study (CBRG) (n=52), and the Murdoch
Children’s Research Institute (MCRI) Peri/Postnatal Epigenetic Twins Study (PETS) (n=39). Human
research with PETS subjects was approved by the Royal Children’s Hospital Human Research Ethics
Committee (#3174), and the CBRG cohort was approved by The University of Adelaide Human Research
Ethics Committee (#H-2013-097). Research at the J. Craig Venter Institute was approved by the JCVI
Institutional Review Board (#2013-182). All research was performed according to the listed institutions
guidelines and informed consent was obtained from all participants’ parent and/or legal guardians. Inclusion
criteria included 5-11-year-old twins whose parents consented to this portion of the study.

Supragingival plague samples were obtained at the commencement of a dental examination. Prior to
sample collection, participants were guided not to brush their teeth the night preceding the sample collection
nor on the day of sample collection. Metadata were collected from three separate questionnaires completed
by the parents during the period from consent to prior to the dental examination being undertaken. The
clinical questionnaires consisted of a total of 132 questions to survey oral and medical health, dietary
patterns, and development patterns, and dental hygiene. Visual inspection of the oral cavity followed
International Caries Detection and Assessment System (ICDAS II). The ICDAS Il was used to assess and
define dental caries at the initial and early enamel lesion stages through to dentin and more advanced
stages of the disease. Examiners were experienced clinicians who had undergone rigorous calibration and
were routinely recalibrated across measurement sites to minimize error. Caries history in each participant
was initially reduced to a whole-mouth score and three classifications were utilized: no evidence of current
or previous caries experience; evidence of current caries affecting the enamel layer only on one or more
tooth surfaces; evidence of previous or current caries experience that has progressed through the enamel
layer to involve the dentin on one or more tooth surfaces (including restorations or tooth extractions due to
caries). For the purpose of phenotypic analysis, we classified disease states from twins as evidence of
caries in enamel or dentin.

Our protocol samples the supragingival plague of all teeth in the oral cavity during sample collection
regardless of whether or not a tooth is suspected of containing a cavity. Although this yields a mixture of
caries and caries-free communities it provides a powerful opportunity to develop diagnostic “at-home”
tests where samples would be collected by patients. Our quality-controlled cohort consists of 36 caries
and 51 caries-free samples sampled in this method.

Bioinformatics and data analysis
Please refer to Supplemental Methods for detailed descriptions on computational and analytical
methodologies implemented in this study.

Tables:

I Metadata Caries Caries-free
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Age(y, 0%, min, max)

(8.09,2.7,5.5,10.9)

(7.82,2.21,5.4,10.8)

12

Sex(Female) 19 31
Sex(Male) 17 20
Center(CBRG) 21 28
Center(MCRI) 15 23
Total Samples 36 51

609

610 Table 1 — Metatranscriptomics cohort sample metadata

g%é Overview of sample size for cohort with respect to phenotype and several metadata.
Bacterial Phyla SLCs ] MAGs ] Novel Species (SLCs)
p__Actinobacteriota 21 153
p__Bacteroidota 31 160 13
p__Campylobacterota | 4 4 3
p__Firmicutes 16 35 4
p__Firmicutes_A 6 2
p__Firmicutes_C 62 0
p__Fusobacteriota 8 40 1
p__Patescibacteria 26 69 18
p__Proteobacteria 22 129 5
Total 135 658 49

613

614 Table 2 — Bacterial SLCs and MAGs with respect to phylum

g%g The number of bacterial MAGs, SLCs, and novel species with respect to phyla.

PGFC Species

I Category I Description

] HCDC { Community

BC123|M00150

Cardiobacterium hominis ATP Fumarate reductase, prokaryotes 5 |
BC46|M00157
I Granulicatella adiacens ATP F-type ATPase, prokaryotes and chloroplasts 4 |
BC60|M00144
I Kingella_B oralis ATP NADH:quinone oxidoreductase, prokaryotes 4 |
BC21|M00159
I Leptotrichia_A sp001274535  ATP V-type ATPase, prokaryotes 2 |
BC1|M00153
I Veillonella parvula_A ATP Cytochrome bd ubiquinol oxidase 2 |
BC123|M00009
' Cardiobacterium hominis CCM Citrate cycle (TCA cycle, Krebs cycle) 5 |
BC123|M00011 " ) - . -
Cardiobacterium hominis CCM Citrate cycle, second carbon oxidation, 2-oxoglutarate => oxaloacetate 5 |
BCOb|M00003 . " .
Corynebacterium matruchotii CcCM Gluconeogenesis, oxaloacetate => fructose-6P 4 |
BCOb|M00001 . - .
Corynebacterium matruchotii CCM Glycolysis (Embden-Meyerhof pathway), glucose => pyruvate 4 |
BCOb|M00002
l Corynebacterium matruchoti  CCM Glycolysis, core module involving three-carbon compounds 4 |
BC46|M00007
I Granulicatella adiacens CCM Pentose phosphate pathway, non-oxidative phase, fructose 6P => ribose 5P 4 |
BC60|M00011
l Kingella_B oralis CCM Citrate cycle, second carbon oxidation, 2-oxoglutarate => oxaloacetate 4 |
BC60|M00003 | . )
Kingella_B oralis CCM Gluconeogenesis, oxaloacetate => fructose-6P 4 |
BC60|M00001 | " .
Kingella_B oralis CCM Glycolysis (Embden-Meyerhof pathway), glucose => pyruvate 4 |
BC60|M00002 . " . 3 ;
Kingella_B oralis CcCM Glycolysis, core module involving three-carbon compounds 4 |
BC60|M00307
I Kingella_B oralis CCM Pyruvate oxidation, pyruvate => acetyl-CoA 4 |
BC60|M00308 Semi-phosphorylative Entner-Doudoroff pathway, gluconate => glycerate-
Kingella_B oralis CcCM 3P 4 |
BC36|M00005
! Streptococcus oralis CCM PRPP biosynthesis, ribose 5P => PRPP 4 |
BC46|M00854
I Granulicatella adiacens OCM Glycogen biosynthesis, glucose-1P => glycogen/starch 4 |
BC18|M00157 X )
Abiotrophia sp001815873 ATP F-type ATPase, prokaryotes and chloroplasts 2 I
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BC18|M00159

13

Abiotrophia sp001815873 ATP V-type ATPase, prokaryotes 2 Il
BC123|M00004
I Cardiobacterium hominis CCM Pentose phosphate pathway (Pentose phosphate cycle) 5 Il
BC123|M00007 . . o - ’
Cardiobacterium hominis CCM Pentose phosphate pathway, non-oxidative phase, fructose 6P => ribose 5P 5 1}
BC1|M00003
I Veillonella parvula_A CCM Gluconeogenesis, oxaloacetate => fructose-6P 5 Il
BC1|M00001
I Veillonella parvula_A CCM Glycolysis (Embden-Meyerhof pathway), glucose => pyruvate 5 1l
BC1|M00002
I Veillonella parvula_A CCM Glycolysis, core module involving three-carbon compounds 5 1]
BC123|M00854 . : - i .
Cardiobacterium hominis OCM Glycogen biosynthesis, glucose-1P => glycogen/starch 5 1]
BC123|M00307 . ) - -
Cardiobacterium hominis CCM Pyruvate oxidation, pyruvate => acetyl-CoA 5 \%
BC123|M00549 . . - i . .
Cardiobacterium hominis OoCcM Nucleotide sugar biosynthesis, glucose => UDP-glucose 5 \
6I7
618 Table 3 — Carbohydrate metabolism and ATP synthesis nodes in DCN Leiden Communities
619 Category refers to KEGG Level 3 metabolic category while description refers to KEGG module description. Community refers to
g%(l) Leiden communities for DCN.
622 Acronyms: ATP — ATP Synthesis, CCM — Central carbohydrate metabolism, OCM — Other carbohydrate metabolism.
623
624
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627  Fig. 1 — Network of FastANI clusters for bacterial and viral MAGs
628  Network with edge weights corresponding to ANI and nodes representing MAGs. (Left) Bacterial MAGs
629  colored by phylum. (Right) Viral MAGs colored by either DNA or RNA virus type. Thicker edge weights
630 indicate novel species not found in GTDB-Tk or CheckV for bacterial and viral FastANI clusters,
631  respectively.
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633
634  Fig. 2 — Taxonomic expression

635  (A) Center log-ratio transformed abundances of taxa from metatranscriptomics. Row colors represent
636  bacterial (teal) or viral (maroon) MAGs while the column colors represent caries (red) or caries-free (black)
637  phenotypes. Clustering was performed using Euclidean distance and Ward linkage.
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Fig. 4 — Connectivity-based community detection in PSCNs

Heatmap of clustered PSCNs for (A) caries and (B) caries-free phenotypes sorted by median cluster
connectivity [K] in box-plot below with threshold for high-connectivity clusters set at 250 k in both PSCNs.
Each i value in the heatmap represents the weight of genus i in cluster j divided by the total weight of
cluster j; that is, the weighted proportion of each genus in each cluster. Leiden community detection
algorithm applied to high-connectivity PSCN clusters for (C) caries and (D) caries-free phenotypes. Roman
numerals indicate PSCN-specific Leiden communities for reference. Pie charts indicate proportion of genus
weight in each Leiden community and colored by phyla. Clustering was performed using the distance
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version of rho proportionality and Ward linkage. Heatmaps of Leiden Community connectivity (C,D) relative
to taxonomy (E) and KEGG functional pathways (F) showing the connectivity of each grouping relative to
the total connectivity in the community.
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Fig. 5 — Comparing PSCNs with respect to taxonomic or functional levels
Volcano plots of Leiden community PGFCs from Fig. 4 showing change in scaled connectivity [Ak™] and -
log2(FDR) with respect to (A) taxonomic and (B) functional PGFC levels. (C) Sorted barchart of taxa with
statistically different connectivities between caries and caries-free PSCNs. FDRs computed using Wilcoxon
signed-rank test followed by Benjamini/Hochberg multiple hypothesis correction. Red represents an
enrichment in connectivity in the caries PSCN with blue represents an enrichment in connectivity in the
caries-free PSCN.
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Fig. 6 — Differential network analysis between caries and caries-free PSCNs
(A) Hierarchical clustering of DCN using Leiden community PGFCs from Fig. 4. Barchart shows the
differential connectivity [Ak™] for PGFC nodes with positive (red) values indicating higher scaled connectivity
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in caries PSCN and negative (blue) values indicating higher scaled connectivity in caries-free PSCN.
Colored panel on bottom shows DCN clusters sorted by the number of PGFCs in cluster with the largest
cluster being 0 and the smallest being 5. (B) Shows hive plot of taxonomic categories for DCN(Cluster-4),
DCN(Cluster-2), and DCN(Cluster-5) with red and blue edges following the scheme in (A). (C) Shows the
same hive plot in (B) but grouping PGFCs by higher-level KEGG categories instead of taxonomic
categories.
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Fig. 7 — Cardiobacterium hominis carbohydrate and ATP synthesis metabolism centric DCN
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677  to carbohydrate and ATP synthesis metabolism. Edge weights indicate differential connectivity with positive
678  (red) edges indicating higher scaled connectivity in caries PSCN and negative (blue) edges indicating
679  higher scaled connectivity in caries-free PSCN.

680 Roman numerals indicate connected components in DCN (i.e. isolated subgraphs within the larger graph).
681
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684 Fig. S1 — Schematic of metagenome assembled genome pipeline for bacteria and viruses

685  (Left) Prokaryotic and (Right) viral assembly and annotation pipelines. (Bottom) Shows metagenomic
686  assembled genome pipeline.
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A. Genomic feature hierarchy
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Fig. S2 — Genomic feature hierarchy and engineered features
FastANI clusters and orthogroups. (B) PGFC schematics showing taxonomic and functional categories
created by grouping counts from orthogroups.
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Fig. S3 — PSCN connectivity with respect to functional categories
Connectivity profiles for (A) caries and (B) caries-free PSCNs with respect to KEGG categories. (C)
Proportion of connectivity for KEGG modules with respect to a PSCN clucster.
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Fig. S4 — Taxonomic and functional membership with respect to HCDCs
Change in connectivity for each (A) phyla and (B) KEGG category with respect to HCDCs with (Left)
connectivity enriched in caries and (Right) connectivity enriched in caries-free.
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703  Fig. S6 — Mixed feature stacking classifier ensemble

704  (A) Schematic of stacking ensemble model with training data, base classifiers, meta classifier, and final
705 prediction where X, y, and clf represent the feature matrix, target vector, and base classifier, respectively.
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Feature set specific base models feed into a meta classifier which outputs the final prediction. MCR refers
to module completion ratios of PGFCs and CLR refers to center log-ratio transformed abundances of
PGFCs. Cubes indicate classification models with sklearn algorithm name in bold, followed by
hyperparameter values indented (e.g., C, penalty, alpha, and random_state). (B) Venn diagram of PGFC
features used to construct clfucr and clrctr.

Table S1 — Sample metadata and mapping to NCBI identifiers

Table S2 — MAG metadata including CheckM/V, classification, sample of origin, and identifiers
Table S3 — SLC metadata including taxonomy and genomes

Table S4 — SLC-specific orthogroup metadata

Table S5 — PGFC metadata and network prevalence

Table S6 — PSCN and DCN edge weights

Table S7 — Network clusters and communities using PGFCs as nodes

Table S8 — High-level network DCN edge weights

Table S9 — Features and weights for stacking classifier predictive model

Data Availability:

Metatranscriptomes and metagenomes were deposited in NCBI under BioProject PRINA383868. Counts
tables (ORF, orthogroup, MAG), genomes, gene models, and annotations are available on FigShare (doi:
10.6084/m9.figshare.18180614). Reproducible methods for feature engineering and network analysis are
available at https://github.com/jolespin/ensemble networkx.

Acronyms:

MAG — Metagenome Assembled Genome

SLC — Species-Level Cluster

CPR - Candidate Phyla Radiation

PSCN — Phenotype-Specific Coexpression Network
PGFC - Phylogenomic Functional Category

HCPC — High Connectivity PSCN Cluster

DCN - Differential Coexpression Network

HCDC — High Connectivity DCN Cluster

LFOCV - Leave Family Out Cross Validation
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Supplementary Methods:

Assembly, classification, dereplication for metagenome assembled genomes (bacteria and viruses)
We pursued a metapantranscriptomics approach by assembling and binning each metagenome separately,
performing species-level clustering, and a within SLC orthology analysis (Fig. S2A). The primary aim of this
research is to investigate inferred interactions within the supragingival plaque microbiome and how these
interactions are associated with either caries or caries-free phenotypes. With this scope in mind, we
analyzed only the conserved regions of each SLC and, when mapping reads, produced a denser matrix
that is better suited for network analysis where we aim to identify core patterns. While focusing on these
core ecological features, we simultaneously provide high quality and biologically relevant MAGs for other
researchers to perform pangenomics analysis.

Our metagenomics dataset contains 88 subjects and were characterized in our previous work using a
coassembly approach (Espinoza et al., 2018). Using updated state-of-the-art consensus methodologies,
we have revisited this dataset to provide higher quality MAGs and annotations resulting in more accurate
biological interpretations. Each of these 88 processed metagenomic samples were assembled on a per
sample basis using SPAdes v3.15.2 (metaSPAdes mode (Nurk et al., 2017) and binned using several
binning algorithms including: 1) MaxBin2 v2.2.7 (Wu et al., 2016), 2) MetaBAT2 v2.15 (Kang et al., 2019),
3) VAMB v3.0.2 (Nissen et al., 2021), and 4) VAMB using “multi-split binning” which uses all samples
together. The binning assignments were refined using DAS Tool v1.1.2 (Sieber et al., 2018) yielding 833
MAGs that were classified using GTDB-Tk v1.5.0 (reference database: r202 (Chaumeil et al., 2020))
indicating all MAGs were bacteria and none were archaea. The 883 bacteria MAGs were assessed using
the lineage_wf pipeline of CheckM v1.1.3 (Parks et al., 2015) and 658 of which were of at least medium
quality according to the guidelines established by the Genomic Standard Consortium (>50% completeness
and <10% contamination; (Bowers et al., 2017) which are referred to here after as Assemblysacteria. For the
Patescibacteria CPR, we used the 43 marker genes (cpr_43_markers.hmm) propose by Brown et al. 2015
(Brown et al., 2015). These 124 of the 658 MAGs had no confident species-level classification from GTDB-
Tk and indicate novel species from known genera.

Contigs, both binned and unbinned, that were not included in Assemblysacteria Were input into VirSorter2
v2.2.2 (--include-groups dsDNAphage,NCLDV,ssDNA lavidaviridae; (Guo et al., 2021)) and quality
assessed using CheckV v0.8.1 (reference database: v1.0; (Nayfach et al., 2020)) yielding 179 DNA viruses
of at least medium quality; referred to as Assemblyviusona. The recommended cutoffs in CheckV for
considering viral contigs are the following: 1) number of viral genes > 0; 2) the number of viral genes =5
times the number of host genes; 3) completeness = 50%; 4) checkv_quality and miuvig_quality are above
medium quality (Nayfach, 2021). Reads from the 91 metatranscriptomic samples that did not map to any
of the metagenomic contigs (both binned and unbinned) were assembled using SPAdes (rnaSPAdes mode)
on a per sample basis. These transcript assemblies were input into VirSorter2 (--include-groups RNA) and
assessed for quality using CheckV yielding 10 RNA viruses; referred to as Assemblyvinusrna. Classifications
for viruses were assigned using the aai_top_hit field from completeness.tsv where RefSeq identifiers were
propagated and DTR_[XXXXXX] identifiers were extrapolated from the genome_db/checkv_circular.tsv file
of the CheckV database. Only non-proviruses were used in downstream analysis to prevent host bias.

Dereplication of redundant species were clustered using FastAN/ v1.32 (Jain et al., 2018) with a cutoff of 2
95% ANI, as recommended by authors, and connected components were determined using NetworkX v2.5
(Hagberg et al., 2008). FastANI clustering was performed separately on the following: 1) Assemblysacteria
resulting in 135 unique clusters, prefixed by BC, with 64 of the clusters representing singleton clusters of
size 1; and 2) Assemblyviusona + Assemblyviusrna resulting in 142 unique clusters, prefixed by VC, with 113
singleton clusters. Manual curation of FastANI defined clusters was performed when the GTDB-Tk
classifications were clearly split (i.e. FastANI clusters: BCO, BC11, and BC25). These FastANI/ clusters are
referred to through this study as species-level clusters (SLC).

The 289,342 contigs from Assemblysacteria (658 bacterial MAGs), Assemblyviusona (179 DNA viruses), and
Assemblyviusrna (10 RNA viruses) were combined into the Assemblycataogue that is used for all read
mapping, gene modeling, and statistical analysis. A flowchart for bacterial, viral, and orthogroup pipelines
are available in Fig. S1.
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Gene models, functional annotation, and orthology analysis

Gene models were created for Assemblycataiogue Using Prodigal v2.6.3 (--meta mode; (Hyatt et al., 2010))
generating putative proteins and GFF files used for annotations and read mapping. The putative proteins
were annotated using both Diamond v2.0.8 (Buchfink et al., 2014) against RefSeq’s non-redundant
database (accessed 2020.04.02) KOFAMSCAN v1.3.0 (Aramaki et al., 2020).

Orthology analysis was performed for each putative proteins in each FastANI cluster using OrthoFinder
v2.5.2 (Emms & Kelly, 2019). For singleton FastANI clusters, dummy genomes were provided to yield a
paralog-style analysis to stay consistent with the orthogroup analysis where intra-genome orthogroups are
permitted. Consensus annotations for were determined for each orthogroup using the annotations from
Diamond and KOFAMSCAN.

Read preprocessing and mapping to genome catalogue

HISAT2v2.2.1 (Kim et al., 2019) was used for all read mapping to Assemblycataiogue for both metagenomics
and metatranscriptomics datasets. Read counts tables were constructed with featureCounts v2.0.1 (Liao et
al., 2014) using the bam files generated from HISAT2, the Assemblycataingue fasta, and the gene models
defined using Prodigal. Counts for FastANI clusters or MAGs were computed by summing contig-level read
counts using a SAF file generated from Assemblycataiogue.

Reads were preprocessed using KneadData v0.6.1 by quality trimming using Trimmomatic v0.39 (Bolger
etal., 2014), aligning reads to the human genome (GRCh37.p4) via Bowtie2 v2.4.3 (Langmead & Salzberg,
2012), and removing aligned reads for assembly and mapping. The metagenomics and
metatranscriptomics datasets contained reads with a post-processed sequencing depth of 2,946,448 +
1,432,642 reads and 5,963,060 + 1,726,024 reads, respectively. The alignment rate to Assemblycataiogue for
metagenomics was 73.0 = 7% and 69.7 + 5.9% for metagenomics and metatranscriptomics datasets,
respectively. The missing alignments are due to the fact that we only mapped to the highest quality bacterial
MAGs and viral contigs.

Phylogenomic functional categories

Within our dataset, there are 255,737 SLC-specific orthogroups which would result in ~32.7 billion non-
redundant connections in a fully-connected coexpression network; an insurmountable dataset for
exploratory analysis on most modern machines. Instead of using draconian filtering thresholds of
orthogroups, we sought to devise a feature engineering technique that would allow seamless transitions
from read < ORF/orthogroup « contig/MAG/SLC < engineered feature using custom taxonomy fields
and functional assignments (e.g. KEGG, MetaCyc, PFAM).

With this in mind, we present the PhyloGenomic Functional Category (PGFC) as a supervised microbiome
feature engineering method that can be used for high-level statistical analysis and unpacked back into
individual orthogroups (or ORFs) unlike dimensionality reduction methods such as PC[o]A, t-SNE, or
UMAP. PGFCs essentially group low-level features, orthogroups in this context, by a taxonomic unit (SLC)
and a functional unit (KEGG module) (Fig. 3B, Table S5); similar, but not identical, to HUMAnN (Beghini et
al., 2021; Franzosa et al., 2018) which does not allow the flexibility for custom low-level features from de-
novo meta-omics. Another similar approach is the amalgram where compositions can either have exclusive
or non-exclusive mappings between the original feature and engineered feature (Quinn & Erb, 2020).
However, these engineered features cannot be collapsed and expanded with respect to predefined
categories such as taxonomy and metabolism so will not be explored in this study.

PGFCs are composite features that group metabolic functional information with genome-resolved taxonomy
assignments and were created by grouping all the orthogroups that had KEGG orthology, defined via
KOFAMSCAN, and extending the grouping up the hierarchy to modules with respect to taxonomy.
Taxonomy for PGFCs were assigned to the FastANI cluster of origin. PGFCs were implemented using our
EnsembleNetworkX v2021.06.24 Python package (Espinoza, 2020b; Nabwera et al.,, 2021) via the
CategoricalEngineeredFeature class.

We implemented strict filtering scheme to identify only the most robust patterns. MCRs were calculated
from the KEGG orthologs defined by KOFAMSCAN using MicrobeAnnotater v2.0.5 (Ruiz-Perez et al.,
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2021). PGFCs were removed if they did not have MCR > 50% in at least 20 samples resulting in 2,478
PGFCS representing 89 bacterial taxonomic units and 113 functional units from 8554 orthogroups. The
rationale behind using such a stringent threshold is that many downstream associations may be misleading
if only a small number of enzymes are represented in the module.

Our unfiltered PGFC dataset contains 15,125 PGFCs incorporating 171 SLCs and 267 KEGG modules.
Although this dataset was relatively dense, many of the KEGG modules were incomplete with respect to a
SLC in a sample. For increased biological interpretability, we filtered out PGFCs with KEGG modules that
were largely incomplete, MCR < 0.5, to identify patterns with higher confidence amongst these high-level
features; a feature, to our knowledge, is not implemented in similar methodologies. Our MCR-filtered PGFC
dataset contained 2,478 PGFCs representing 89 taxonomic units and 113 functional units from 8,554
orthogroups; all of which are from bacterial SLCs. In orthogroup-space, these features would amount to
~37 million non-redundant connections but ~3 million% in PGFC-space effectively compressing the
information content by ~92%; making prototyping and data exploration tractable on modern compute
machines.

The PGFC counts were normalized via prevalence by scaling the counts by the total number of ORFs in
each sample and in each PGFC. Our dataset prior to preprocessing produced 15,125 PGFCs representing
171 bacterial and viral taxonomic units and 267 functional units from 24,640 orthogroups.

Differential expression analysis

We tested several differential abundance packages including ALDEx2 v1.12.0 (Fernandes et al., 2014;
Quinn et al., 2018) and ANCOM v0.5.6 (Biocore, 2020; Mandal et al., 2015). These analyses were
performed at 2 levels: 1) summing contig counts per SLC as a measure of total taxonomic expression in a
sample; and 2) the preprocessed PGFC feature table used as input in network analysis. For ALDEx2, we
tried Welch's t-test, Wilcoxon test, Kruskal-Wallace, and GLM tests with “igir", “zero”, and “all’
denominators. For ANCOM, we tried alpha 0.5, tau 0.02, and theta 0.1 parameters.

Typically, expression:abundance ratios are calculated using log fold-change of relative abundances. For
consistency with our compositional approach, differential RNA and DNA abundance were calculated by
taking the difference in CLR between biosamples with statistical significance calculated via Mannwhitney
U-test and Benjamini/Hochberg adjusted p-values. As the CLR transform is in log-space, the difference
between RNA and DNA values are akin to log fold-change.

Ensemble networks and connectivity measurements

Ensemble coexpression networks were designed to robustly model associations within a system and
differences in associations between systems such as phenotypes. In coexpression networks, it is assumed
that weighted associations between features estimate biologically meaningful interactions within a system.
Instead of creating a single cross-sectional network using all of the samples at once, we implement
ensemble networks by bootstrapping samples, with or without repetition, and calculating a distribution of
weighted associations as the basis for each edge in the networks. Ensemble machine-learning approaches
have higher performance than singular methods (Opitz & Maclin, 1999) and boosting has been shown to
resistant to outliers (Salibian-Barrera & Zamar, 2002)by minimizing the influence of individual samples and,
in the context of networks, performed by representing edges as a distribution rather than a singular value.

For pairwise connectivity measurements, we implemented rho proportionality (Erb & Notredame, 2016;
Espinoza, 2020a; Lovell et al., 2015; Quinn et al., 2017) which is a compositionally-aware association matrix
akin to correlation. Rho proportionality is in the range [-1,1] where -1 means inversely proportional and 1 is
perfectly proportional. Edge connectivity refers to the median rho proportionality associations from our
ensemble networks and serve as the foundation for all higher-level connectivity measurements such as
node connectivity, intra/inter-community, etc. For interpretability, we analyze only the positive associations
as these have the most direct biological meaning.

Node connectivity is implemented as weighted-degree and is computed by summing all weighted edges

connected to a particular node. Similar to the node connectivity calculations, we also investigate
connectivity with respect to other higher-level groupings such as taxonomy, cluster, or metabolic function
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by summing all of the non-self connectivities within that grouping. Differential connectivity is in reference to
the caries-free cohort so that a positive DCN connectivity shows an enrichment in connectivity in the caries
cohort while a negative connectivity shows a depletion in connectivity within the caries cohort.

Connectivity in this study is represented as either unscaled connectivity [k] or scaled connectivity [k”] which
is computed by scaling to total network connectivity in that the sum of scaled connectivities equals 1 in a
network. Scaled connectivity is performed at the level of edges, that is all summed edge connections equal
1, and are useful when comparing networks with different total connectivity.

Phenotype-specific coexpression networks

In this study, we investigate differences in connectivity between caries and caries-free PSCNs using PGFCs
as nodes and rho proportionality as the metric for associations (Nnodes=2,478; Nedges=3,069,003). These
associations are interpreted as inferred interactions with insight into potential phenotype-specific
metabolism coupled to taxonomy. Our ensemble coexpression network analysis is derived from the
following network states: (1) caries cohort coexpression; and (2) caries-free cohort coexpression. After
preprocessing as described previously, we constructed PSCNs using the following operations: (1)
normalize the PGFC counts by dividing the summed counts by number of detected orthogroups in each
sample relative to the PGFC grouping; (2) subset the data by phenotype; (3a) pseudo-random selection of
90% of the samples, (3b) pairwise rho proportionality for compositionally-aware associations among PGFCs
within subject subset; (3c) stack non-redundant edge weights in array; (3d) repeat steps 3a-3c for 500
iterations with consecutive random seeds for reproducibility; (4) compute the median and median absolute
deviation for each edge distribution as a representative edge weight; (5) split the positive associations (A+)
and negative associations (A.) separately where A represents the association matrix; and (6) use the
adjacency matrices for weighted edges to build fully-connected networks via NetworkX v2.4. For
interpretability, only the positive associations were used in downstream network analysis. Normalized
entropy for measuring network cluster homogeneity was computed using the following equation: H,(p) =

- Z,-—'J‘l")‘;gznp" where n is the number genera in the cluster and piis the weighted proportion of genus i in the
2
cluster.

Differential network analysis

Our approach for quantifying the differences between network states is implemented using the following
network types: (1) phenotype-specific coexpression networks (PSCN); and (2) differential coexpression
networks (DCN). For PSCNs, we have networks that share the same nodes but differ in their edge weights.
For instance, PGFC-level PSCNs have 2,478 PGFC nodes for both caries and caries-free systems. This
property allows us to easily create DCNs from PSCNs by taking the difference between adjacency networks
as follows: PSCNcaries — PSCNcaries-free = DCN.

We measure whether groupings such as taxonomy, metabolic function, and cluster have statistically
different connectivities between caries and caries-free PSCNs via Wilcoxon signed rank-tests (SciPy v1.4.1,
(Virtanen et al., 2020)). For Wilcoxon signed-rank tests, only groups that had n > 20 PGFCs were tested
as recommended by the SciPy documentation. Benjamini/Hochberg multiple test correction was used to
compute FDR values from Wilcoxon signed-rank test p-values.

Unsupervised network clustering and community detection

Many unsupervised methods can use a precomputed distance matrix as input. To seamlessly feed our
networks into these unsupervised methods, we converted the network adjacency matrices to dissimilarity
networks and used these as our precomputed distance matrix. As mentioned, we split our networks into
positive and negative networks for downstream analysis. However, we used signed associations for
clustering to maximize the information content used for the most informative clustering. To transform our
signed association into a dissimilarity matrix that preserves all information content in the original association
matrix, we used the formula 1 — rho+ which is an adaptation of correlation distance but applied to rho
proportionality.

For unsupervised clustering, we use the following methods: (1) agglomerative hierarchical clustering of the
dissimilarity network with ward linkage (SciPy v1.4.1, (Virtanen et al., 2020)) with hybrid methods for cutting
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dendrograms (dynamicTreeCut v1.63.1); and (2) ensemble Leiden community detection of networks (Traag
et al., 2019). Community detection does not necessarily reference bona fide microbial communities but
more specifically communities of nodes within a network. Ensemble Leiden community detection was
performed by running the Leiden algorithm (leidenalg v0.8.3) using 1000 different random seeds and
grouping nodes that were in the same community for all iterations.

Agglomerative hierarchical clustering-based clusters are named by their respective figure and integer label.
For example, Cluster-2.5 refers to cluster 5 of Fig. 2, HCPC-4A.1 refers to high connectivity PSCN cluster
1 of Fig. 4 panel A, and HCDC-6A.2 refers to high connectivity differential connectivity cluster 2 of Fig. 6
panel A. Leiden communities are named by their respective figure, panel, and roman numeral. For example,
Community-4C.| is Leiden community | of Fig. 4 panel C.

Feature selection and predictive modeling

The Clairvoyance feature selection algorithm (Espinoza et al., 2021) was used to identify features that could
discriminate caries phenotypes. The feature set used as input into the feature selection algorithm was the
212 PGFCs used in the DCN analysis. Of this feature set, two separate feature representations were used:
1) MCR; and 2) CLR where MCR refers to module completion ratios of PGFCs and CLR refers to center
log-ratio transformed abundances. This implementation of stacking uses custom feature sets for each base
classifier whose prediction probabilities are modeled using a meta classifier (Fig. S6, Table S9). These
feature sets and their respective base classifiers were combined into a stacking classifier implemented in
sklearn v0.22.2 composed of clfucrk (LogisticRegression(C=0.474, penalty=12) and clfcr
(LogisticRegression(C=0.421, penalty=I2) where clf refers to a base estimator whose output probabilities
are used as input into a meta-classifier (RidgeClassifier(alpha=0.8)); C, penalty, and alpha refer to algorithm
hyperparameters. The evaluation strategy used was Leave Family Out Cross Validation (LFOCV) accuracy,
where family refers to the unique family identifier that corresponds to each twin or triplet pair, simulating
predictive performance on new patients.

Visualization

Traditional network plots were implemented using a combination of NetworkX v2.4 for plotting with
graphviz_layout for graphical layout and Matplotlib as the backend. We use the neato layout algorithm from
graphviz which creates virtual physical models and runs an iterative solver to find low energy configurations.
Hive plots were implemented using the Hive class from HiveNetworkX v2021.05.18 (Espinoza, 2020c;
Krzywinski et al., 2012). Dendrograms were implemented using the Agglomerative class from soothsayer
v2021.05.18 (Espinoza, 2019; Espinoza et al., 2021). Heatmaps and clustermaps were implemented using
seaborn v0.9. All other figures were generated with Matplotlib v3.2.3 in Python v3.8.2 unless specifically
noted otherwise
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Beneficial microorganisms for corals (BMCs) ameliorate environmental stress, but whether they can prevent
mortality and the underlying host response mechanisms remains elusive. Here, we conducted omics analyses on
the coral Mussismilia hispida exposed to bleaching conditions in a long-term mesocosm experiment and inoculated
with a selected BMC consortium or a saline solution placebo. All corals were affected by heat stress, but the
observed “post-heat stress disorder” was mitigated by BMCs, signified by patterns of dimethylsulfoniopropionate
degradation, lipid maintenance, and coral host transcriptional reprogramming of cellular restructuration, repair,
stress protection, and immune genes, concomitant with a 40% survival rate increase and stable photosynthetic
performance by the endosymbiotic algae. This study provides insights into the responses that underlie probiotic
host manipulation. We demonstrate that BMCs trigger a dynamic microbiome restructuring process that insti-
gates genetic and metabolic alterations in the coral host that eventually mitigate coral bleaching and mortality.

INTRODUCTION
Coral reefs have been undergoing unprecedented mass coral bleach-
ing events in recent decades, fueled by ocean warming (1), height-
ening the need to devise effective countermeasures to mitigate
further declines (2, 3). Increasing sea surface temperatures trigger
the disruption of the symbiotic relationship between the coral host
and its endosymbiotic algae of the family Symbiodiniaceae (4), result-
ing in the physical whitening of coral colonies known as “bleaching.”
Photosynthetic products from the endosymbiont algae provide more
than 90% of the host’s nutritional demands (5). Thus, prolonged
periods of heat stress and bleaching lead to coral mortality (6).
Besides endosymbiotic algae, corals are associated with a suite of
other organisms (bacteria, protists, fungi, viruses, etc.), collectively
referred to as the coral holobiont or metaorganism (7-10). In par-
ticular, bacteria are assumed to contribute to coral holobiont biology,
notably stress tolerance and adaptation to disparate environments
(10-15). The importance of bacteria led to the proposal of the coral
probiotic hypothesis (16), which states that microbes support coral
biology through selection of the most advantageous holobiont con-
figuration in a given environment. This was later refined by the
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microbiome flexibility hypothesis to include the notion that the
potential or propensity for microbiome change differs among host
species (15). The proposal to use these concepts to select and
manipulate specific microbes to aid the stress tolerance and resilience
of the coral holobiont was dubbed “beneficial microorganisms for
corals” (BMCs) (10). Beneficial microorganisms putatively support
nitrogen fixation, sulfur cycling, scavenging reactive oxygen species
(ROS), and production of antibiotics to thwart pathogens, for
example (10, 11, 17).

The proof of concept that manipulating coral microbes improves
coral stress tolerance was recently demonstrated in the first experi-
ments to identify the beneficial nature of a selected BMC consortium
in ameliorating coral bleaching (18). Nevertheless, exactly “how” these
BMCs were associated with functional changes in the host remained
unknown. Notably, BMCs do not necessarily need to exert their effect
on the coral host directly. Hence, the measured holobiont response
does not need to be a perfect reflection of the BMC consortium added.
Rather, the BMC consortium may benefit the host indirectly, by
means of niche occupation, microbial succession, or the prevention
of dysbiosis through pathogen deterrence (10, 11, 18). Furthermore,
although the ability of BMCs to ameliorate coral bleaching has been
demonstrated (18), it is unknown whether they have the capacity to
help corals evade mortality, e.g., through the provisioning of alternate
metabolites to compensate for the loss of Symbiodiniaceae.

Despite the diversity of the coral microbiome, which makes it
challenging to decipher the contribution of associated microbes to
coral holobiont biology, the dynamic nature of the coral microbi-
ome, which can often change markedly—e.g., across sites, spe-
cies, age, and under stress—further hampers the ability to conduct
such studies in the natural environment (15, 19-21). For this rea-
son, manipulation of BMCs in controlled experimental setups,
such as mesocosms (22-24), provides an avenue to identify im-
portant microbial players and study holobiont responses (and
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putative underlying mechanisms), while maintaining a quasi-reef
environment, to improve and inform the development of biotech-
nological solutions to promote coral reef resilience.

Here, we used coral mesocosms in combination with multiomics
evaluation to assess responses and potentially decipher the mecha-
nisms that underlie the increased stress tolerance and coral mortality
evasion, offered by the provisioning of probiotics. In a large-scale
effort, fragments of the coral Mussismilia hispida were exposed to
thermal stress in a 75-day mesocosm experiment and inoculated
with either a M. hispida-tailored BMC consortium or a saline
solution placebo. Coral health (measured via F,/F,, rates and survi-
vorship) (25), microbial activity, and functional responses were
assessed through a multiomics approach. Our analysis shows that
increased stress tolerance and survivorship of coral holobionts
exposed to a BMC consortium coincided with holobiont restructuring
and a defined reprogramming of the coral host’s gene expression,
targeting cellular reconstruction, immune response, and stress pro-
tection during a post-heat stress recovery period.

RESULTS

BMC consortium selection, assembly,

and experimental setup

Bacterial strains were isolated from a visually healthy colony of
M. hispida. The BMC consortium was assembled with bacterial
strains exhibiting (i) at least one of the beneficial traits detailed
below, (ii) the absence of antagonist activity against other selected
BMCs, and (iii) no previous record of the species/strain being harm-
ful to humans or other marine life. Beneficial traits included nitrogen
fixation (nifH), denitrification (nirK), dimethylsulfoniopropionate
(DMSP) degradation (dmdA), ROS scavenging potential (measured
through catalase activity), and antagonistic activity against two coral
pathogens, Vibrio coralliilyticus strain V1 and Vibrio alginolyticus
V2 (26, 27).

From an initial 133 obtained isolates, the assembled BMC consor-
tium was composed of the following six bacterial strains: Bacillus
lehensis (M20) positive for nifH, nirK, and dmdA; Bacillus oshimensis
(M24) positive for dmdA; B. lehensis (M3) positive for nifH and
dmdA; Brachybacterium conglomeratum (M1) positive for catalase
and nifH; Planococcus rifietoensis (CM29) with antagonistic activity
against V1; and Salinivibrio sp. (F2) with antagonistic activity
against V1 and V2 (table S1). The experimental BMC consortium
consisted of lag phase-grown bacterial strains collected and re-
suspended in sterile saline solution (0.85% NaCl) at 1 x 10° cells/ml
(for details, see fig. S1). The placebo/control consisted of a sterile
saline solution (0.85% NaCl), hereafter referred to as the placebo
treatment.

BMCs and placebo were applied every 3 days during a simulated
heat stress event (maximum temperature of 30°C) and every 5 days
for the remainder of the 75-day mesocosm experiment (Fig. 1A),
while a control was run in parallel (26°C). We focused on four time
points, TO at the beginning of the experiment, T1 upon reaching
peak temperature in the heat stress (30°C), T2 at the end of peak
temperature heat stress (30°C for 10 days), and T3 following a
15-day recovery period at 26°C. Microbiome changes associated with
BMC treatment were investigated through 168 ribosomal RNA
(rRNA) gene metabarcoding (T0, T1, T2, and T3). In addition,
patterns and mechanisms underpinning the projected increased
stress resilience provided by the BMC treatment were assessed

Santoro etal, Sci. Adv. 2021; 7 :eabg3088 13 August 2021

through the evaluation of coral physiology (photosynthetic efficiency
of Symbiodiniaceae and visual monitoring of bleaching for T0,
T1, T2, and T3) (Fig. 1, B and C), elucidation of metabolic foot-
prints [nuclear magnetic resonance (NMR)/partial least squares-
discriminant analysis (PLS-DA) at TO, T1, T2, and T3], and
determination of coral transcriptome patterns at the peak of tem-
perature and the end of the experiment (T2 and T3) (see Fig. 1A
for experimental design).

Host microbiome shift associated with BMC treatment
during heat stress

To confirm the presence of the BMC consortium members in the
coral microbiome, the 16S rRNA gene sequences of each of the six
BMC members was used to query amplicon sequence variants
(ASVs) from both BMC- and placebo-treated coral fragments.
We identified three of the six strains throughout various time points
of the experiment: CM29 P. rifietoensis (T1 BMC-treated), M24
B. oshimensis (T1 and T2 BMC-treated), and M1 B. conglomeratum
(T2 BMC-treated) (Fig. 2A).

Parallel to the confirmed microbiome incorporation of three of
the BMC strains in T1 (CM29 and M24) and T2 (Mland M24)
(Fig. 2A), the overall bacterial community structure of BMC-treated
corals was significantly different from placebo-treated corals during
the heat stress (T2) [permutational multivariate analysis of variance
(PERMANOVA), P = 0.05] but became indiscernible during the
recovery period (T3) (P = 0.583, stress = 0.15) (fig. S2), where BMC
strains were also not detected. The most abundant bacterial phyla
identified across all coral fragments were Proteobacteria, followed
by Bacteroidetes, throughout the course of the experiment (fig. $3).
Despite such consistency at higher taxonomic levels, we found vari-
ability over time with regard to bacterial taxa association. Although
the relatively most abundant genera associated with corals at TO
were consistently Ruegeria (11.9%), Tistlia (4.6%), and Candidatus
Amoebophilus (4.2%), we only found Ruegeria species to be abun-
dant across BMC-inoculated corals (T1: 15.1%; T2: 13.4%; T3:
17.3%), while in placebo-treated coral fragments, Paramaledivibacter
spp. were the most prevalent (T1: 21.6%; T2: 13.8%; T3: 3.9%). In
addition, ASVs exhibiting significant differences in abundance
were identified in BMC-treated coral fragments under thermal
stress compared to placebo samples (Fig. 2B). Overall, 13 ASVs
were significantly increased [average fold change (FC) = 22.4,
P < 0.01] in BMC-treated samples in T1, 23 ASVs in T2 (average
FC=21.8,P<0.01),and 18 ASVsin T3 (average FC = 21.7, P< 0.01)
(Fig. 2B), indicating that BMCs affected the microbiome struc-
ture beyond the addition of selected strains. Ruegeria was the
most prominent genus found in BMC-inoculated corals and
was mainly enriched in T2 samples (FC = 15.3) (Fig. 2B). Despite
the observed microbiome structural changes, overall community
diversity of BMC- and placebo-treated corals remained similar
throughout the course of the experiment [based on Shannon, Chaol,
and ASV distribution indexes; analysis of variance (ANOVA),
P = 0.8] (fig. S4).

Coral BMC treatment contributes toincreased survivorship
and recovery from bleaching after acute thermal stress

We compared photosynthetic efficiency (Fig. 1B) and coral holobiont
survival (Fig. 1C) to assess the BMC treatment effect. Most notably,
survivorship of corals inoculated with the BMC consortium was
substantially higher, with 100% of fragments surviving the heat
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Fig. 1. Long-term heat stress experiment and coral bleaching responses to placebo and BMC inoculation. (A) Experimental design and details on temperature, BMC
inoculations, and sampling layout. (B) Means of photosynthetic efficiency F,/Fr, ratios (y axis) from coral fragments treated with BMCs or placebo under heat stress tem-
perature regimes (30°C) and control temperature regimes (26°C) during the mesocosm experiment days (x axis). (C) Heatmap based on the bleaching score attributed to
coral fragments treated with BMCs or placebo in the heat stress experiment.

stress treatment (T3) compared to only 60% of the placebo-treated
corals (Fig. 1C). Surviving corals in the placebo-treated regime
showed a significant decrease in the F,/F,, average rates (65% de-
crease, from TO to T3; P < 0.05) at the end of the experiment
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compared to the start (Fig. 1B), while photosynthetic efficiencies of
BMC-treated corals only decreased at the peak of temperature stress
(T2) (P < 0.05) and thereafter returned to the initial average during
the recovery period (T3) (P = 0.197).
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Fig. 2. Effects of BMC treatment on coral bacterial community. (A) Relative abundance of BMC consortium members in coral fragments treated with BMCs or placebo
and exposed to heat stress (T1, P=0.028; T2, P=0.0001; T3, P =0.265; Kruskal-Wallis), where boxes represent the relative mean abundance and stars represent outliers.
(B) Boxplot of fold change (FC) of ASVs with differential abundance (P=0.01) in BMC-treated coral fragments compared with placebo-treated fragments at T1, T2, and T3.

Bars with the same color scale belong to the same taxonomic family.

Post-heat stress disorder and transcriptional
reprogramming of BMC-treated coral holobionts

We were further interested in elucidating the coral host transcrip-
tomic response associated with the observed increase in coral sur-
vival after heat stress following BMC treatment. RNA sequencing
(RNA-seq) was conducted on samples from BMC- and placebo-
treated coral fragments at the peak of heat stress (T2; n = 20 sam-
ples) and at the end of the experiment (T 3; # = 15 samples) from the
controland heat stress temperatures. Coral genes were assorted into
orthogroups to increase confidence in their annotation and, hence,
functional inference. We determined a total of 17,755 orthogroups
considered for the gene expression analysis (table S2). As expected,
we observed pronounced differences in the response to heat stress
when comparing placebo-treated corals at 30° and 26°C at T2 (peak
of heat stress) [differential expression of 2294 orthogroups with a
false discovery rate (FDR) of <0.05 associated with metabolic disorders,
apoptosis, autophagy, and response to stress] (table S2). Significant
response differences were also observed after a period of recovery
(T3), suggesting heat stress carry-on effects in the transcriptional

Santoro etal, Sci. Adv. 2021; 7 :eabg3088 13 August 2021

footprint, which we termed post-heat stress disorder (PHSD) with
some signs of recovery (2275 orthogroups with an FDR of <0.05
associated with metabolism, cell death, and oxidative stress) (table S2).

Similar to the physiological and metabolic responses, we did not
see significant transcriptomic differences between BMC- and placebo-
treated coral samples in T2 in the heat stress treatment, suggesting
that both “holobiont systems” react similarly in the peak of heat
stress, originally observed in yeast and termed environmental stress
response (28, 29). Following this, we focused on differentially ex-
pressed orthogroups between BMC- and placebo-treated coral
samples subsequent to the heat stress at the recovery time point (T3)
to elucidate the transcriptomic footprint associated with BMC-
induced recovery (fig. S5). BMCs seemed to exert an overall “healing
effect,” as evidenced by increased recovery and stress attenuation
processes in coral gene expression. In this regard, a total of 169 or-
thogroups were differentially expressed because of BMC inoculation,
mainly involved in apoptosis, inflammatory response, cytoskeleton,
and membrane reorganization (see blue bars for up-regulation and
red bars for down-regulation; Fig. 3 and fig. S5). Most of these
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orthogroups (142 of 169) were down-regulated in BMC-treated
corals in comparison to their placebo-treated counterparts, suggest-
ing attenuation of the PHSD due the probiotic treatment.

Even after the recovery period, the remaining placebo-treated
coral survivors were still showing signs of prolonged PHSD, as sug-
gested by the more prominent expression of proteins involved in
response to thermal stress, when compared to BMC-treated corals.
In addition, orthogroups involved in chromosome condensation
(two titin homolog proteins) and DNA methylation (zinc metallo-
proteinase nas-6-like) were also down-regulated in BMC samples
(log, FC = -4.12, -2.34, and -2.82, respectively). Overall, the ongoing
PHSD observed was significantly mitigated in BMC-treated corals.
Numerous orthogroups involved in triggering apoptosis were more
highly expressed in placebo-treated corals. Following BMC treatment,

Santoro etal, Sci. Adv. 2021; 7 :eabg3088 13 August 2021

we observed down-regulation of seven kinases and one kinase re-
ceptor, as well as E3 ubiquitins involved in apoptosis signaling (log>
FCs from -8.9 to -2.1; see Fig. 3). Further, mitogen-activated protein
kinase signaling orthogroups, such as N-myc 2 proto-oncogene
(log, FC = —4.66) and transforming protein p54/c-ets-1-like (log,
FC = -1.87) involved in kinase-signaling activation, were down-
regulated by BMC treatment. PHSD seemed to also trigger inflammatory
and innate immune responses, not only potentially through activity
of some kinases but also due to the increased expression of Toll-like
receptor, leucine-rich repeat protein and domain. By comparison, these
orthogroups were all down-regulated in BMC-treated corals, fol-
lowing heat stress (log, FC = -2.73, —1.55, and -3.17, respectively).

In addition, various orthogroups involved in cytoskeleton orga-
nization and anchoring were higher expressed in placebo-treated
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corals at the end of the recovery period (T3) and, conversely,
down-regulated in BMC-treated corals. Orthogroups annotated as
echinoderm microtubule-associated protein-like (log, FC = -1.7),
p guanosine triphosphatase (GTPase)-activating protein (log,
FC = -1.51), putative phosphatidylinositol 3,4,5-trisphosphate
5-phosphatase 2B isoform X1 (log, FC = -1.28), and spectrin
chain (log, FC = -1.82) were down-regulated in BMC samples.
Specifically, the spectrin B chain orthogroup is a complex that is
anchored in the cytoplasm via ankyrin proteins, which were down-
regulated in BMC-treated corals after the recovery period [ankyrin
repeat domain-containing protein 26-like isoform X2 (log, FC = -2.89)
and ankyrin-3 (log, FC = -3.25)]. In addition, orthogroups associ-
ated with the synthesis of membrane or secondary cell wall compo-
nents, such as phosphatidylinositol transfer protein (log, FC = ~1.28)
and glucuronosyltransferase GUT1 (log; FC = -3.25), were less
expressed in BMC-treated corals, as well as cellular adhesion proteins,
represented by the transmembrane protein 115-like (log, FC = -2.12),
potassium voltage-gated channel subfamily KQT member 2 (log,
FC = -3.09), and a scribble homolog (log, FC = -1.51) orthogroups.
Conversely, all these orthogroups associated with the cellular re-
sponse to cope with the prolonged PHSD were more prominently
expressed in placebo-treated corals.

On the other hand, following BMC treatment, we found up-
regulated expression of 32 orthogroups (table S2), suggesting that
BMC treatment resulted in the induction of thermal stress protec-
tion and blockage of PHSD through increased expression of the
proteasome assembly chaperone (log; FC = 2.06) and cytochrome
P450 1A1-like (log, FC = 1.99) orthogroups. In addition, the crucial
up-regulation of orthogroups associated with biosynthesis of estro-
gen and steroids (log, FC = 3.0 and 2.31), critical components of cell
membranes, was also observed in BMC-treated corals.

Significant expression differences were also observed when
comparing corals inoculated with BMCs or placebo kept at 26°C
17 days after the beginning of the manipulation of their microbiomes
(T2), as represented by 2371 orthogroups with FDR < 0.05 mainly
associated with the up-regulation of metabolic pathways (specially
biosynthesis of fatty acids, cholesterols, and steroids) and cellular
signaling and cycle in BMC-treated corals (table S2). However, no
long-term BMC reprogramming took place when no thermal stress
was applied, as represented by the lack of differential ortholog
expression at T3 (i.e., 44 days after the beginning of the microbial
therapy at 26°C).

Together, we found that inoculation with BMCs instigated re-
structuring of the transcriptional network and cellular homeostasis,
up-regulating key orthogroups associated with PHSD mitigation, such
as steroids biosynthesis and stress protection proteins, although the gener-
al pattern suggested dampening PHSD through down-regulation of
stress-related downstream pathways, e.g., apoptosis (Fig. 3). The
proximate cause of the transcriptional reprogramming was the
BMC treatment that resulted in a restructured host microbiome,
which, in turn, suggests a signal cascade from the microbes to the
coral host, during the recovery period, corroborating the notion
that the holobiont is the functional biological unit.

Metabolic restructuring of BMC-treated coral

holobionts after heat stress

We obtained metabolic profiles from the thermal stress experiment
using NMR to identify metabolic mechanisms associated with the
microbial and genomic restructuring underpinning the increased
thermal tolerance of BMC-treated corals. Sample complexity led to
strong overlapping 'H resonances, challenging the elucidation of
metabolic patterns (Fig. 4A). Nevertheless, the characterized peaks
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Fig. 4. Metabolic restructuring due to BMC treatment and heat stress. Color-coded loading plot (A) (in which colors indicate variation intensity) and score plot with
95% confidence ellipses showing sample clustering by PLS-DA (B) from PLS-DA of the 'H NMR dataset comparing the metabolic patterns from coral fragments treated
with BMCs and placebo during the thermal stress experiment. Peaks from the loading plot (resonances from annotated as lipids, DMSP, and DMSO) pointing upward are
correlated with BMC-treated samples (grouped in the positive quadrant of PC1 (in the score plot), and those pointing downward are correlated with the placebo samples
[grouped in the negative quadrant of PC1 (Principal Components 1) in the score plot]. Boxplots are provided to access semiquantitative evaluations of the characteristic
DMSP peak at 2.88 ppm (C) and DMSO peak at 2.58 ppm (D) across sampling time and treatment independently.
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at 2.88 parts per million (ppm) (singlet from the S-Methyl groups)
for DMSP and at 2.58 ppm (singlet from the S-Methyl groups) for
dimethyl sulfoxide (DMSO) were found to be separated and well
defined, as well as correlated with different treatments (Fig. 4B). DMSP
variation was found to be positively correlated to the BMC-treated
corals, and DMSO variation was found to show a negative correla-
tion to the BMC-treated corals in the PLS-DA loading plot (Fig. 4B).
To explore the correlations in more detail, comparing metabolic
variations overtime (i.e., T1, T2, and T3), the area under the curve
representing the direct quantitative ratio for the selected DMSP and
DMSO peaks was integrated and represented as boxplots, which
indicated significant decreases in the DMSP and DMSO levels
observed at T2 and T3 in BMC-treated samples exposed to thermal
stress (P < 0.05; Fig. 4Cfor DMSP and Fig. 4D for DMSO). We
therefore used both DMSP and DMSO as important proxies for the
metabolic assessment because of their clear separation from over-
lapped profiles, as well as their importance in sulfur cycling and
microbial structuring (i.e., role of DMSP-related chemotaxis of
V. coralliilyticus and antimicrobial activity of DMSO). In addition,
lipids, despite their predominant presence in every sample, were
also positively correlated to the BMC-treated corals as indicated by
the PLS-DA loading plot (Fig. 4B). Nevertheless, the strong over-
lapping signals (at ~5.26, ~2.74, 1.19, and 0.87 ppm), representing
positive and negative trends of a unique compound, prevented the
possibility of annotating specific compounds. Future efforts should
include the analysis of broader molecular spectra by using liquid
chromatography-mass spectrometry.

DISCUSSION

The promise of coral probiotics to increase the stress tolerance of
corals has been very recently shown (11, 18, 30), although the effect
that BMCs exert on the holobiont or whether BMCs can increase
survivability of corals under stress remained elusive. Here, we show
that the inoculation of coral fragments with a native BMC consor-
tium instigated holobiont changes at the level of the microbiome,
host gene expression, and metabolism, which coincide with an
increase in coral survival rates (Fig. 5). Hence, our results provide a
first insight into the putative mechanistic underpinnings of how the
coral (host) responds to BMC inoculation, although the detailed
functional changes that cause the altered phenotype await further
elucidation. Our results argue for PHSD recovery improvement of
the metaorganism by the BMC consortium, as indicated by changes
at the coral host, Symbiodiniaceae, and bacterial compartment level.
From the results obtained, a number ofkey findings emerge that we
discuss in the following.

We observed major changes in microbial community structure
observed during heat stress (12, 31, 32) in conjunction with the
dynamic microbiome restructuring following the recovery period,
indicating that M. hispida exhibits microbiome adaptation. Thus, it
may fit into the “microbiome conformer” type previously suggested
(14, 15) and observed for this coral species regarding other impacts
(33-35). Following this notion, the level of microbiome flexibility
may be considered as a factor to identify corals with high(er) manip-
ulative potential. Corals that naturally alter their microbial com-
position and potentially uptake microbes from the environment
are more likely to “accept” inoculants (14, 15, 36). Notably, shifts in
metaorganism microbial composition are, potentially, rapid and
versatile means of adaptation to environmental change (12-15).

Santoro etal, Sci. Adv. 2021; 7 :eabg3088 13 August 2021

It is important to consider that the host’s ability to take up
microorganisms from the environment is hypothesized to increase
when under stress, a conclusion based on the finding that many
host microbiomes appear less ordered when stressed (14, 21, 37).
Inoculation with high numbers of different BMC cells (i.e., a con-
sortium) may therefore ensure (and improve) uptake of at least
some microorganisms exhibiting beneficial characteristics, which
may, at the same time, preclude colonization by pathogens consid-
ering that “space is limited.” The use of bacterial consortia provides
a combination of beneficial mechanisms to increase stress tolerance,
even if not all members of the BMC successfully associate with the
coral holobiont (18, 31, 38-40). Here, we show that the use of a
bacterial consortium resulted in incorporation of some of the se-
lected BMCs, which were found in the microbiome of BMC-treated
corals during the thermal stress, i.e., at T1 and T2 (see Fig. 2A).
Notably, members of the BMC consortium were not detected after
the 15-day period (T3; i.e., recovery). This suggests three things: first,
a dynamic restructuring of the microbiome can happen on a rela-
tively small time scale (12, 14, 41); second, incorporation of BMCs
might be facilitated under stress (in this experiment, during the
peak of heat stress) because coral defense is compromised or selec-
tion for beneficial microbes is supported; and third, it is currently
unclear how long the beneficial effect of BMCs is lasting. From our
results, it appears that BMC members colonized coral fragments
during stress and instigated significant changes in the coral holobiont
but reverted to the original microbiome structure after ceasing (or
the absence) of stress [sensu Ziegler et al. (14) who used the term
“microbiome recovery”]. Accordingly, the duration of the presence
of the stressor might determine the longevity of the BMC effect,
which suggests that repeated addition of BMCs might be needed to
ensure a long-lasting effect under natural conditions (11).

The early and detectable incorporation of some of the BMC con-
sortium members into the coral microbiome and the subsequent
microbial restructuring were correlated with significant improve-
ments in coral recovery after thermal stress, as most convincingly
demonstrated by mortality evasion. Heat stress-driven mortality
and/or decrease in F,/Fp, rates observed in fragments that were not
treated with BMCs suggest damage to the temperature-related
photosystem II electron transport of the Symbiodiniaceae through
chronic photoinhibition (42), which ultimately leads to a breakdown
in symbiosis and results in loss/expelling of the Symbiodiniaceae,
i.e., bleaching (43). Notably, bleaching is a symptomatic phenotype,
i.e., loss of Symbiodiniaceae can occur through multiple processes,
including host cellular apoptosis (44) or necrosis, and eventually
death from starvation (6, 45), which was corroborated by the
up-regulation of different kinases directly involved in triggering
apoptosis in placebo-treated corals (46, 47). Our transcriptome
results indicate that BMCs did not buffer the immediate heat stress
response in M. hispida but exerted its effect during recovery, sup-
ported by the gene expression patterns and coral physiology. Most
notably, we observed low F,/F, rates for both BMC and placebo
treatments at T2 (during heat stress), but only the BMC treatment
promoted recovery at T3, as indicated by the “return-to-normal”
F,/Fy, rates. Our interpretation is that BMCs exert their effect
through mitigation of the effects from what we term PHSD. The
molecular evidence for this condition includes not only apoptosis
activity, which may be triggering inflammatory responses, but also
membrane and cellular reconstruction due to tissue loss caused
by recent-past heat stress. In this regard, the remaining placebo-treated
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surviving corals seemed to be still struggling from the effects of re-
cent heat stress, even 19 days after the end of the heat stress period,
while all BMC-treated corals seem to have recovered.

Asan analogy to posttraumatic stress disorder (48), coral PHSD
is characterized by the contrast of the coral response and its
attempts to recover from a heat stress event while still fading due to
the cellular, immune, and metabolic consequences of such stress.

Santoro etal, Sci. Adv. 2021; 7 :eabg3088 13 August 2021

The significant up-regulation of numerous kinases and receptors, as
well as signaling molecules, by the remaining placebo-treated survi-
vor corals at T3 suggests ongoing apoptosis (47). In addition, the
oxidative stress increased by thermal photodamage to the photo-
synthetic apparatus of Symbiodiniaceae might be further contributing
to trigger inflammatory responses (49). Previous studies have also
found expression of immune-related and apoptosis genes in corals
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affected by heat stress for extended periods of time (50, 51), suggest-
ing a persistent bleaching effect on the coral transcriptome of
susceptible corals (52). We hypothesize that down-regulation of
orthogroups involved in apoptosis and the concomitant up-regulation
of thermal stress protection proteins, such as chaperones, promoted
by BMC inoculation, protected corals from tissue damage and
Symbiodiniaceae loss, with consequences for coral survival. Such
prominent recovery promoted by coral probiotics indicates that if
the selection of BMCs based on the hypothetical framework pro-
posed by Peixoto et al. (10, 11) already provides measurable benefit
and survivorship improvement, more careful selection of BMCs
could result in even larger improvements. It is worthwhile and
interesting to also highlight that such reprogramming was also
observed when no stress was applied (at 26°C), but only at an early
stage. While it seems that inoculation of BMCs rapidly trigger
change of response norms from the host, long-term BMC repro-
gramming and exerted effects are only manifested under and sub-
sequent to stress.

It is tempting to speculate that the increased host survivorship
observed in this study is a direct consequence of the transcriptomic
changes discussed above, which arguably will result in altered
metabolic profiles. For instance, the observed changes in the metab-
olomic profile of corals treated with BMC supports the hypothesis
that the selected microbes play a direct role in increasing coral stress
tolerance as evidenced by correspondence between selected traits of
BMC bacteria (i.e., DMSP degradation) and observed metabolic
changes. Shifts in BMC-treated metabolomic profiles were signified
by a decrease in the DMSP concentration and lipidic reservoir
maintenance. This connects directly to the presence of M24 in the
16S rDNA data: M24 was found exclusively in BMC-treated sam-
ples at T1 and T2, indicating its incorporation into the coral micro-
biome, and was selected because of its ability to degrade DMSP
(table S1). Notably, DMSP is mostly produced by algae (Symbiodin-
iaceae), and its degradation generates antimicrobial compounds,
helping to control pathogens (53-55). Peixoto et al. (10, 11) sug-
gested that this is a desirable BMC trait. In parallel to the DMSP
degradation as one of the direct mechanisms provided by the BMC
consortium to ameliorate heat stress, the BMC treatment may have
also indirectly influenced DMSP metabolism, through the enrich-
ment of bacteria able to assimilate DMSP, such as Ruegeria (56), the
most abundant genus found in BMC-treated coral samples during
the course of the experiment. This genus has been previously
observed to inhibit and control the growth or pathogenicity of
V. coralliilyticus (57). These observed traits may have triggered the
molecular responses observed by the host. These results highlight the
importance of microbiome restructuring to coral resilience (12, 15)
and the additional potential role of the M. hispida BMC consortium
in modulating the microbial colonization and succession of in-
oculated coral fragments. This parallel colonization/succession/
enrichment of beneficial microbes has also been observed in
other hosts, including humans, as a result of the use of pre- or pro-
biotics (58, 59).

The increasing frequency and severity of ocean warming events
has caused coral die-offs worldwide in the last few years (1, 60-62).
The development and better understanding of novel interventions
to mitigate large-scale coral mortality is one of the climate priorities
for the coming decades (63, 64). The results of this study provide
three completely novel insights that can aid the development of
tools to promote human-accelerated environmental adaptation of
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corals: (i) BMC treatment and heat stress are both necessary condi-
tions to trigger a long-term BMC thermal protection effect, whereas
neither on its own is sufficient; (ii) the BMC thermal protection
effect manifests after the heat stress and affects recovery; and (iii)
such BMC-promoted protection mitigates coral PHSD, preventing
mortality. Our results support the potential of microbiome restructur-
ing to aid in the environmental adaptation of the coral metaorganism
to global change (15) and identify a suite of microbial-mediated
host responses underlying coral survival and recovery to thermal
bleaching provided through BMCs. This is most prominently high-
lighted by the marked increase of 40% in coral survival rates follow-
ing thermal stress and prior BMC treatment. This was accompanied
by overall shifts in the coral microbiome that suggest a dynamic
restructuring of the microbiome, due partially to the incorporation
of BMC members and the relative increase of other bacteria. We
further show that such microbiome restructuring directly affects
the host, exerting beneficial effects and PHSD mitigation, as evi-
denced by transcriptional reprogramming (i.e., down-regulating
apoptosis and inflammatory triggering molecules and up-regulating
thermal stress protection proteins). In this light, our results rein-
force the promise and potential of coral probiotics as an effective
tool to rehabilitate coral reefs, particularly because the ability to
“recover” is what eventually makes the difference in the real world,
i.e., not only the difference in responding to heat stress but also in
surviving the heat stress. In this regard, our data also suggest that
prophylactic inoculation of BMCs, a few weeks before thermal
events, can be advantageous for corals to sustain heat stress as it
supposedly allows them to more rapidly and readily recover from
thermal stress.

MATERIALS AND METHODS

Ethics approval and consent to participate

Permission for sampling was obtained from the System of Autho-
rization and Information on Biodiversity. The microbial survey
permits were obtained from CNPq (National Council for Scientific
and Technological Development, Brazil) and SISGEN (National
System for the Management of Genetic Heritage and Associated
Traditional Knowledge) (number A620FE5).

Sampling procedures

M. hispida colonies were collected by SCUBA diving at the Coroa
Vermelha reefs, Santa Cruz de Cabralia County, Bahia, Brazil. Coral
colonies were collected at three sites along the reef: site A
(16°20'57.99” S; 038°58"45.00” W), site B (16°20'39.30" S;
038°58'38.10” W), and site C (16°2202.20" S; 039°0'15.63" W), at
depths between 1.5 and 10 m on 26 to 29 January 2017. Corals were
transported in sterile plastic bags and then packed in Styrofoam
boxes containing 800 g of ice and were sent by air cargo to Rio de
Janeiro. Upon arrival at the research station, around 13 hours after
sampling, coral colonies were transferred to 1500-liter tanks with
constant sea water flow and air bubbling for a 3-day preliminary
acclimatization period. After that, coral colonies were fragmented
using a diamond-based band saw (Gryphon Corp., CA, USA) in ~7-cm
fragments with at least three polyps each, sawn in the coenosarc,
and placed in the experimental system for acclimatization and heal-
ing. About 4 days after sawing, the coral fragments showed the first
signs of healing and were kept in acclimation conditions (26°C)
until all fragments reached F,/F,, rates of around 0.6.
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Isolation of bacterial strains from coral

Three previously tagged colonies (5 to 15 cm) of the thermally resistant
coral M. hispida collected from Marat, Bahia, Brazil (13°56"10.9”
S; 38°55'38.71” W) were used as a source to isolate BMCs. Two dif-
ferent approaches were used for bacterial isolation. First, 0.5 g of
each coral macerate was resuspended in 45 ml of sterile saline solu-
tion (0.85% NaCl) and then shaken for 16 hours. After incubation,
triplicate subsamples (100 ul) of 107,10, and 10° dilutions were
inoculated into petri dishes containing 20 ml of marine agar medium
(Marine Agar Zobell 2216, HiMedia Laboratories, Mumbai, India),
diluted marine agar medium (Marine Agar Medium 2x diluted
with 2.5% NaCl and agar adjusted), 2.5% NaCl Luria-Bertani medium
(10 g of tryptone, 5 g of yeast extract, 25 g of NaCl, and 15 g of agar
to 1000 ml of distilled water) or marine water medium (1000 ml of
sea water and 13 g of agar). In addition, coral fragments of ~0.5 mm
were placed directly onto dishes with these culture media. All the
plates were incubated at 26°C for 48 hours. A total of 133 bacterial
colonies were isolated, based on bacterial colony morphology, with
67 derived from macerated slurries and 52 derived from mini frag-
ments. Each different morphological colony was stored in an ultra-
freezer with a final concentration of 20% glycerol and removed
when necessary for functional screening.

Functional screening for probiotic and bacterial 16S rRNA
gene sequencing

Each morphologically different bacterial isolate was screened for
beneficial traits for corals, as proposed by Peixoto et al. (10). Sixty-
seven morphologically distinct bacterial strains were recovered
from macerated slurries and 52 from microfragments of the coral
placed directly onto the agar medium. The isolates were then
screened for beneficial traits, as previously outlined by Peixoto et al.
(9), and tested via a proof-of-concept study (18). Antagonistic
activity against V. coralliilyticus YB strain (DSM19607) (V1) and
V. alginolyticus (BAA450) (V2) was tested by the agar diffusion
method (65). First, 20 pl of each bacterial strain was spot-inoculated
onto 2.5% NaCl LB medium, placing three spots for each strain
(representing replicates). The plates were incubated at 26°C for as
long as necessary for the strain to grow. The strains were inactivated
by chloroform volatilization, followed by pouring 3 ml of semisolid
2.5% NaCl LB medium (0.7% agar) containing the Vibrio indicators
over the inactivated spots. These plates were then incubated at 28°C
for 16 hours, and the antagonistic activity was indicated by inhibi-
tion halos around or no detection of Vibrio growth over the colony
spot. The same procedure was repeated for both V1 and V2 in sepa-
rate plates. Among the remaining candidates, one strain, identified as
P. rifietoensis (CM29), was an antagonist against V. coralliilyticus YB
(DSM19607) (V1), while another strain, identified as Salinivibrio sp. (F2),
showed antagonistic activity against both V1 and V. alginolyticus
(BAA450) (V2). The strains were screened for ROS scavenger
enzyme activity, based on qualitative (production or no produc-
tion) and quantitative (bubble amount) catalase production when
50 ml of their liquid culture was mixed with 50 pl of 3% (v/v) hydro-
gen peroxide.

Nitrogen-cycling genes, as nitrogenase subunits (nifH) and
denitrification (nirK), as well as the DMSP degradation (dmdA) gene
were screened by polymerase chain reaction (PCR) from the genomic
DNA samples (for additional information about primer and PCR
cycling, see table $3). From the initial 133 isolated strains, 33 (25%)
isolates demonstrated high catalase activity and positive results for
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the amplification (PCR) of the genes nifH (12 strains, i.e., 9%), nirK
(5 strains, 11%), and dmdA (11 strains, 8%). Almost half of the
isolates (49% or 65 of 133) were identified as belonging to the genus
Vibrio and were excluded from the following steps, considering that
they are regularly postulated to be coral pathogens (66, 67). A total
of 38 strains positive for at least one screened trait described above
had their nearly full-length 16S rRNA gene PCR-amplified and
sequenced (table S3). The sequencing electropherograms were pro-
cessed using the Ribosomal Database Project II (68) to remove
low-quality bases. Sequences of each isolate were assembled into
contigs using Bioedit 7.0.5.3 (69). The bacterial 16S rRNA gene
sequences were aligned with sequences from the National Center
for Biotechnology Information (NCBI) database (70). All sequences
were deposited in the NCBI database under an individual accession
number, given below (see table S4). Bacteria strains identified as
potential human or marine pathogens as well as those with antago-
nistic activity against any member of the selected BMC consortium
(assessed by the agar diffusion method cited above) were excluded.

Probiotic preparation

A total of six bacterial strains—M20 B. lehensis (NCBI access
number MK308622), M24 B. oshimensis (MK308624), M3 B. lehensis
(MK308617), M1 B. conglomeratum (MK308603), CM29 P. rifietoensis
(MK308593), and F2 Salinivibrio sp. (MK308616)—were selected to
compose the M. hispida BMC consortium, based on the beneficial
traits cited above and described in table S1. The probiotic consor-
tium suspension contained a total of 10° cells/ml. The cell number
of each individual BMC strain was estimated by an optical density
spectrophotometer [optical density at 600 nm (ODggp)] [UV-1800
spectrophotometer (Agilent Cary 60, Agilent Technologies)],
measurements for cultures grown at 26°C in 100 ml of LB medium
for 8, 16, 22, 30, 42, 48, and 54 hours and correlated directly with the
number of colony-forming units (CFUs) of each strain at each time
point. The CFUs were assessed by subsampling (100 pl) each serial
dilution of each strain at each time point, plating on LB agar medium,
and incubating under the same conditions. The results were nor-
malized to 1 ml of medium to estimate the cell number at the sam-
pling points (fig. S1). As the probiotic consortium is composed of a
diverse combination of bacteria, each strain was collected propor-
tionally at the peak of its growth curve to compose a consortium
with a final concentration of 10° cells/ml. The cultures were centri-
fuged at 5000g for 2 min, and the cell pellets washed three times
with saline solution (0.85% NaCl), followed by centrifugation and
resuspension in 50 ml of saline solution.

Mesocosm experimental design

The experimental mesocosm used for this experiment consisted of
two water baths (100 cm by 50 cm by 10 cm) per temperature (total
of four water baths), where five individual aquariums (each with
1.3 liters of capacity; 15 cm by 11 cm by 12 cm) from each treatment
were randomly distributed in the mesocosm. Each completely indi-
vidualized aquarium was an independent true biological replica,
with its own individual sump (8.7 liters) and circulation pump; the
sump and aquarium assembly together contained a total of 10 liters
of seawater. The water flow between the sump and the aquariums
was driven by a water pump (Mini A, Sarlo Better, Sao Caetano do
Sul, Brazil) at a flow rate of 250 ml min™, providing a 10-fold recir-
culation of the experimental aquarium volume per hour. Every
2 days, 10% of the sump water was changed and the salinity adjusted
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to 34 practical salinity unit with deionized water if necessary. The
aquariums were supplied with natural seawater from the Marine
Aquarium of Rio de Janeiro research station where the experi-
ment was performed. The replicates received individual continuous
air-bubbling circulation through air pumps (HG-370, Sunsun) con-
nected to silicone air hoses and flow controllers. The water in the
water bath was homogenized by two aquarium pumps (SB 10004,
Sarlo Better) to maintain homogeneous temperatures, and there
was no water exchange between the aquariums and the water baths.
Thermostat controls MT-518ri (Full Gauge, Canoas, Brazil) mea-
sured and controlled the temperature of each water bath, activating
the cooling system or heaters as needed. The water baths were
connected to a 1000-liter freshwater reservoir at 18°C to provide
cooling water through water pumps (Better 2000, Sarlo Better)
when the temperature-controlled thermostat activated the corre-
sponding pump. The heating system consisted of two 100-W heaters
(Atman, China) in the water bath. Physical-chemical parameters of
the water, including pH, salinity, and dissolved oxygen (OD), were
measured on the sampling days, using a multiparameter probe
(Model HI 9,828, Hanna Instruments, Barueri, Sdo Paulo). The
experiments followed artificial day/night cycles (12 hours/12 hours)
with 150 pmol of photons m™ s~ from 06:00 to 10:00 and from
14:00 to 18:00 hours, and 250 umol of photons m™s™" from 10:00 to
14:00 hours, modulated with light dimmers and a shade cloth. Each
replicate individual aquarium had its own lighting system, consist-
ing of six 3W of blue-light and three 3W white-light light-emitting
diodes (LEDs), each controlled by a potentiometer. Four coral frag-
ments (~7 cm) of M. hispida were placed randomly in each aquarium,
and a single fragment was randomly used as a sampling unit for
each treatment and sampling time.

Mesocosm experiment

A total of 80 coral fragments of M. hispida were exposed to two
temperature regimes, 30°C (heat stress temperature regime) and
26°C (control temperature regime), and two treatments, placebo or
BMCs. A total of four coral fragments (~7 cm) were placed ran-
domly in each aquarium, consisting of a completely independent
replica, and each treatment used five of these aquaria. One fragment
was randomly used as a sampling unit for each treatment and
sampling time. All coral fragments were first maintained under the
same conditions at 26°C for 30 days to allow them to heal and accli-
mate to the experimental conditions. For the heat stress tempera-
ture experiment, the temperature was increased, from day 0 to day
8 by 0.5°C per day up to 30°C, which was maintained for 10 days.
Then, the temperature was decreased to 26° by 1°C per day, fol-
lowed by 23 days of recovery. All control experiment aquariums
were maintained at 26°C during the 75 experimental days. Sam-
pling points were before heat stress (T0), at the peak of temperature
(T1), at the last day of high temperature (T2), and after the recovery
period (T3). Samples from the control temperature experiment
were also taken in parallel at the same time points. The placebo and
BMCs were inoculated on the first day of the experiment and every
5 days thereafter; during the 10 days at the temperature peak, in-
oculations were performed every 3 days. A detailed schematic view
of the experimental design is shown in Fig. 1A. Inoculations were
performed by removing the coral fragments from the aquarium and
placing them in a sterile petri dish to inoculate 1 ml of the respective
treatment above the fragments. After the inoculation, the fragments
were immediately returned to their respective aquariums, and the
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individual petri dishes were rinsed into the aquarium water. Raw
data generated in this work are available in the NCBI Sequence
Read Archive under the BioProject accession number PRINA649484.

Assessment of coral health and microbiome

Coral health was assessed during the experiment using different
proxies, including visual monitoring of bleaching and algal photo-
synthetic parameters. The coral visual response was assessed by color
score based on the tissue appearance: (i) white (>80% of colony
white, with no visible pigmentation), (ii) pale (>10% colony affected
by pigment loss), or (iii) fully pigmented (<10% colony with pale
coloration). Coral mortality was scored as 0. Each replicate was
photographed at each sampling time, with a Canon T3i digital
camera, under the same conditions, and the color was scored on the
basis of the photographic assessment.

The photochemical efficiency of the Symbiodiniaceae was as-
sessed using pulse amplitude-modulated (PAM) fluorometry. We
used a submersible diving-PAM system (Walz GmbH, Effeltrich,
Germany) fitted with a red-emitting diode (LED; peak at 650 nm).
To avoid nonphotochemical processes of dissipation of PSII exci-
tation energy, measurements were taken after sunset, after at least
30 min of darkness, to ensure full photochemical dissipation of the
reaction centers. The maximum quantum yield of PSII photochem-
istry was determined as F,/Fy, The diving PAM was configured as
follows: measuring light intensity = 5; saturation pulse intensity = 8;
saturation pulse width = 0.8; gain = 2; and damping = 2. The same
coral fragment from each replicate (= 4 fragments) was used to
measure chlorophyll fluorescence at different sampling times during
the experiment. The statistical significance of the results was ana-
lyzed in Paleontological Statistics software (PAST3).

Assessment of coral microbiome through 16S

rRNA gene amplicon sequencing

The coral microbiome was assessed by 16S rRNA gene amplicon
sequencing analysis. Samples of the mucus layer, tissue, and skele-
ton of the coral were collected with sterile clippers at the sampling
time. Samples from each sampling time point were macerated with
amortar and pestle under dry conditions. Total DNA was extracted
from 0.5 g of the macerated mucus, tissue, or skeleton using the
PowerBiofilm DNA Isolation Kit (MO BIO Laboratories Inc.),
following the manufacturer’s instructions. The DNA concentration
was determined using the Qubit 2.0 Fluorometer High Sensitivity
DNA Kit (Invitrogen, USA).

To amplify the hypervariable regions V5 and V6 of the bacterial 16S
rRNA gene, the primers 784 forward (5'-TCGTCGGCAGCGT-
CAGATGTGTATAAGAGACAGAGGATTAGATACCCTGGTA-3")
and 1061 reverse (5'-GTCTCGTGGGCTCGGAGATGTGTATAA-
GAGACAGCRRCACGAGCTGACG AC-3') (71) were used (Illumina
adapter sequences underlined). Triplicate PCRs (using 1 pl of input
DNA) were performed with the QTAGEN Multiplex PCR kit, with a
final primer concentration of 0.3 uM in a final reaction volume of
10 pl. In addition to samples, null template PCRs were run (no tem-
plate DNA input) to account for putative kit contaminants. Ther-
mal cycler conditions were as follows: initial denaturation at 95°C
for 15 min, 27 cycles of 95°C for 30 s, 55°C for 90 s, and 72°C for 30 s,
followed by a final extension at 72°C for 10 min. Then, 5 pl of each
PCR product was run on a 1% agarose gel to confirm successful
amplification. Triplicate PCRs for each sample were pooled and
samples cleaned using the ExoProStar 1-Step (GE Healthcare, UK).

110f15

162

1202 ‘p1 1snbny uo /B10°Bewesusios seouBApE)/:dny WOl PSPEOjUMOQ



SCIENCE ADVANCES | RESEARCH ARTICLE

Samples were indexed using the Nextera XT Index Kit v2 (dual
indices and Illumina sequencing adaptors added). Successful addi-
tion of indexes was confirmed by comparing the length of the initial
PCR product to the corresponding indexed sample on a 1% agarose
gel. Samples were cleaned and normalized using the SequalPrep
Normalization Plate Kit (Invitrogen, Carlsbad, CA, USA). The sam-
ples were then pooled in an Eppendorf tube (4 ul per sample) and
concentrated using the CentriVap Benchtop Vacuum Concentrator
(Labnoco, USA). The quality of the library was assessed using the
Agilent High Sensitivity DNA Kit in the Agilent 2100 Bioanalyzer
(Agilent Technologies, Santa Clara, CA, USA) and quantified using
Qubit (Qubit dsDNA High Sensitivity Assay Kit, Invitrogen). Library
sequencing was performed at 5 pM with 20% phiX on the Illumina
MiSeq lumina platform at the King Abdullah University of Science
and Technology (KAUST) Bioscience Core Lab at 2 x 301 bp paired-
end V3 chemistry, according to the manufacturer’s specifications.

Coral microbiome data analysis

The microbiota associated with M. hispida fragments was investi-
gated by sequencing the V5 to V6 variable region of the 16S rRNA
gene. A library of 3,501,072 good-quality reads with a mean length
of 283.64 bp was generated. Demultiplexed raw sequences were
imported into QIIME2 2019.4 for analysis. Sequences were merged,
denoised, dereplicated, clustered, and trimmed using the DADA2
(“dada2 denoise-paired”) plugin with the following parame-
ters: -p-trim-left-f 5 --p-trim-left-r 5 --p-trunc-len-f 250 --p-trunc-len-r
250, and 4775 ASVs were obtained. The ASV's were classified taxo-
nomically using the naive Bayes machine-learning classifier (72)
with the q2-feature-classifier parameter, using the SILVA132 (73)
trained classifier clustered at 99% identity as the reference database.
A rooted phylogenetic tree was created for downstream analyses,
using the programs MAFFT2 (74) and FastTree with CAT-like rate
approximation category through Q2-alignment and Q2-phylogeny
plugins. The microbial QIIME2 output (qza files) were imported to
R programming language version 3.6.0 with the function giime2R
and analyzed with the Phyloseq (75), parsed with the dplyr package
(76), and the barplots, boxplots, and statistical test (Kruskal-Wallis
and ANOVA) were generated with ggplot2 (77). The data were tested
for differential abundance using DESeq2 (78) on a model of
negative binomial distribution (NEB); a Wald test with parametric
fitting of dispersions to the mean intensity was used for differ-
ential abundance estimation, using a cutoff value of P = 0.01. For
nonmetric multidimensional scaling analyses, the data were
log:-transformed (log x + 1), and ordination was performed with
the Bray-Curtis distance matrix until a solution was reached (i.e.,
stress). The results were plotted with function plot_ordination
using the samples, treatments, or environment metadata for
features ordination. The significance of the results was evaluated
with PERMANOVA, using 999 random permutation tests with
pseudo F-ratios through the Adonis function of the Vegan package
(79) in R. The community structure of the microbiome (represent-
ed by diversity and richness measures) was evaluated (from 0 to
3000 reads) using classic ecological indexes of a diversity (observed
ASVs, Chaol, and Shannon) on the rarefaction curve plateau using
Phyloseq package.

Gene expression analysis
The coral host gene expression response from T2 and T3 samples
were explored to elucidate patterns and genes associated with the
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physiological differences observed between the BMC and placebo
treatments. Total RNA was extracted from both the BMC and pla-
cebo treatment samples from the heat stress temperature (30°C)
and control temperature (26°C) experiment for sequence analysis,
from TO (five representative replicas), T2 (20 samples, five replicas
of each treatment and temperature), and T3 (15 samples, five and
three replicas from BMC- and placebo-treated corals of heat stress
temperature; four and three replicas from BMC- and placebo-treated
corals of control temperature; some of the samples from control
temperature had not enough material for RNA extraction). RNA-seq
was performed using the Illumina HiSeq 6000 platform (Illumina
Inc., San Diego, CA, USA). Sequence reads were quality-controlled
using KneadData v0.7.4 with the GRCh38.p13 human genome as a
reference for potential decontamination, yielding between 14,372,271
and 74,483,759 paired-end reads at 2 x 150 bp per sample after
quality trimming and filtering. De novo transcriptomes were co-
assembled using rnaSPAdes v3.13.1 (80), producing 520,555 representa-
tive transcripts from 496,603 putative genes; genes were estimated
by rnaSPAdes.

We used TransDecoder v5.5.0 (81) for gene modeling in a
multistep process to minimize false positives. In particular, we used the
following procedure: (i) TransDecoder.LongOrfs, with transcript-
to-gene mappings assigned by rnaSPAdes, to generate putative open
reading frames (ORFs); (ii) hmmscan (hmmer v3.3.1 suite) (82) to
identify protein domains using the PFAM v33.1 and TIGRFAM v15.0
databases; (iii) Diamond v0.9.30.131 (83) blastp against all Scleractinia
(stony corals) proteomes available in NCBI (GCA_002571385.1,
GCF_002042975.1, GCA_003704095.1, GCF_004143615.1,
GCF_002571385.1, GCF_003704095.1, and GCF_000222465.1);
and (iv) TransDecoder.Predict with the putative ORFs from (i), the
protein domains from (ii), and the alignments from (iii) using
the --single_best_only argument. This procedure generated a single
OREF per transcript to yield 130,183 ORFs from 114,118 genes.

High-quality genes were annotated by using Diamond’s blastp
against NCBI's nr database (v2020.04.01), and taxonomic lineages
were extrapolated from NCBItaxid using the get_taxonomy_lineage_
from_identifier function from soothsayer v2020.08.24 (https://
github.com/jolespin/soothsayer) with ete3 backend (84). PhyloDB
v1.076 was used for additional annotations such as Kyoto Encyclo-
pedia of Genes and Genomes ortholog assignments.

Orthogroups were identified using OrthoFinder v2.4.0 (85) with
the high-quality proteins generated from our TransDecoder proce-
dure and all of the Scleractinia proteomes listed previously. Anno-
tations for orthogroups were assigned by using the most common
organism-agnostic annotation within the grouping.

We assessed differential expression through a comparative ge-
nomics perspective for increased ecological interpretability. We
aggregated the counts for each orthogroup to generate an or-
thogroup expression table with 27,140 orthogroup features. We
filtered the expression table to include only orthogroups that were
in at least 95% of the samples to yield a filtered count table with
17,755 orthogroup features.

For differential expression analysis, we used the 17,755 or-
thogroup set with the glmFIT and glmLRT models from edgeR
v3.28.0 (86) and visualized the distributions and differentially ex-
pressed groups (DEGs) using plot_volcano from the soothsayer
Python package (https://github.com/jolespin/soothsayer) (fig. S6).
To build our design matrix for the generalized linear models, we use
a global categorical approach where we used each (time point,
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treatment, and temperature) grouping as a category and built a
binary matrix. We estimated dispersion using the global dataset
(not including TO samples as they were not applicable) using
estimateGLMCommonDisp and estimateGLMTagwiseDisp. This
model structure allowed us to address variance between conditions
while also providing a means to do time-specific contrasts.

Each condition had at least three biological replicates. The
conditions investigated were the following using a threshold of
FDR < 0.05: (i) placebo (26°C) versus placebo (30°C) (T2: 2294 DEGs;
T3:2795 DEGs); (ii) BMC (26°C) versus BMC (30°C) (T2: 35 DEGs;
T3: 1426 DEGs); (iii) placebo (30°C) versus BMC (30°C) (T2:
0 DEGs; T3: 169 DEGs); and (iv) placebo (26°C) versus BMC (26°C)
(T2: 2371 DEGs; T3: 0 DEGs) (table S2). As only minor differ-
ences were seen between BMC 30°C and placebo 30°C in T2, we
focused on T3 transcriptome responses. For this, a graphic showing
the DEGs with significant difference (FDR P < 0.05) between the
condition BMC 30°C and placebo 30°C at T3 highlighted in the dis-
cussion was generated using the log, FC and presented in Fig. 3,
highlighting the mechanisms that might be involved in coral survi-
vorship given by BMC treatment. The log> FC and FDR values for
each orthogroups and condition investigated (described in the
paragraph above) can be found on table S2.

Metabolomic analysis

Fragments from each coral sample produced (300.00 mg) were
homogenized with 80% methanol (1.50 ml) using zirconia bids and
sonicated for 8 min at room temperature. The extraction mixtures
were centrifuged at 10,000g for 10 min at 4°C, and the supernatants
were concentrated to dryness under vacuum. This procedure was
repeated three times for maximum recovery. The residues were
resuspended in methanol-d; (200.00 ml) for NMR data acquisition,
using 3-mm tubes and a 600-MHz Bruker Avance I1I equipped with
a 5-mm TCI H-C/N-D cryoprobe and a SampleJet autosampler cooled
samples to 6°C while waiting in the queue. The one-dimensional
(1D) spectra (noesypr1D) experiment was used to assess the metabo-
lomic profile of the dataset, and 2D experiments heteronuclear
single-quantum coherence and heteronuclear multiple-bond cor-
relation (hsqcedetgpsisp2.2 and hmbcetgpl3nd, respectively) were
used to confirm the identity of key compounds. Quality control
samples were included, and they have shown to be according to the
expected. The spectra were processed using NMRPipe and imported
into MATLAB for normalization, scaling, and multivariate analysis,
using an in-house toolbox [developed in the Edison laboratory
(70)]. The PLS-DA analysis was done using the 1D NMR spectra in
full resolution, and the boxplot was constructed using the area under the
curve of the peaks related to DMSP (2.88 ppm) and DMSO (2.58 ppm).
The statistical difference of DMSP and DMSO between sampling times
and treatments was assessed with an independent samples ¢ test.

SUPPLEMENTARY MATERIALS
Supplementary material for this article is available at http://advances.sciencemag.org/cgi/
content/full/7/33/eabg3088/DC1
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4 - CRITICAL OVERVIEW

4.1 - Development of open-source software and algorithms

The primary objective of the research for this dissertation was to develop open-source
human interpretable artificial intelligence methods and use these tools to characterize
various types of microbial-related diseases from the perspective of systems biology. The
secondary objective was to develop these methodologies with the intention of domain-
agnostic generalizability; that is, although these algorithms were developed for
biotechnology they can be applied towards other sciences seamlessly without
modification. The approach taken when designing these algorithms and frameworks was

to address a broad set of analytical questions and for synergy between methodologies.

The methods developed are implemented in the Python programming language and
open-sourced through my Soothsayer Ecosystem (https://github.com/jolespin) which

includes the following packages: 1) Soothsayer; 2) Ensemble NetworkX; 3) Hive

NetworkX; 4) Compositional; and 5) GenoPype. Soothsayer is high-level data science

package, used in Publications |-V, that provides analytical methods including the
Clairvoyance feature selection algorithm and the hierarchical ensemble of classifiers
model framework described in Publication Il. The Ensemble NetworkX package builds
on the existing NetworkX package (Hagberg et al., 2008) while adding implementations
for ensemble networks, differential ensemble networks, sample-specific perturbation
networks, and categorical feature engineering as described in Publication lll and IV. The
Hive NetworkX is another extension of NetworkX but specializes in the visualization of

highly complex networks using hive plots (Krzywinski et al., 2012) described in
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Publications |, lll, and IV. The Compositional package implements compositional data
transformations and proportionality metrics for network analysis which are used as a
backend in EnsembleNetworkX described in Publication I, Ill, and IV. Lastly, the
GenoPype package which was developed to efficiently build complex computational
pipelines with a standardized file structure, checkpoints, logs, and emphasizing

reproducibility.

Table 4 — Open-sourced software packages developed for dissertation

Package Description URL
Soothsayer High-level (bio-)informatics package github.com/jolespin/soothsayer
Ensemble NetworkX | Methods for ensemble network analysis github.com/jolespin/ensemble networkx
Hive NetworkX Data structures and visualizations for hive plots | github.com/jolespin/hive networkx
Compositional Methods for compositional data analysis github.com/jolespin/compositional
GenoPype Architecture for building computational pipelines | github.com/jolespin/genopype

4.2 — Applications of weighted association networks applied to compositional data

in biology

The aim for Publication | was to serve as a prelude for the research articles that comprise
this dissertation and set a foundation for the caveats my methodologies are designed to
overcome. In particular, the first objective of this review was to address how NGS data
is compositional (and not optional), what types of errors arise when not factoring in
compositionality, and why analyzing NGS from the perspective of CoDA is paramount for
biological interpretation. The second objective of this review was to introduce the

dimensionality limitations that are inherent in biological datasets, how these problems are
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exacerbated when investigating problems from a network perspective, and how to factor
in compositionality when conducting experiments in silico at the systems level. The
foundations set for CoDA, data dimensionality, and network analysis are critical for the
XAl methodologies that were developed in this dissertation for investigating microbial-

related diseases such as antibiotic resistance, acute malnutrition, and dental caries.

4.2.1 — Establishing a foundation for network analysis using next generation

sequencing technologies

This review illustrated the utility of network theory in biological systems and investigated
modern techniques while introducing researchers to frameworks for implementation.
Publication | overviewed (1) CoDA principles, (2) compositionally-valid data
transformations, and (3) network theory along with insight on a battery of network types
including static-, temporal-, sample-specific-, and differential-networks (Publication Il -
Fig. 1,2). Further, the intention was not to provide a comprehensive overview of network
methods, rather to introduce microbiology researchers to (semi)-unsupervised data-
driven approaches for inferring latent structures that may give insight into biological

phenomena or abstract mechanics of complex systems.

As this publication was a review, the methodology, results, and conclusions function
synergistically as a meta-analysis. The basis of this meta-analysis was that systems
researchers are not only investigating the abundance/depletion of features in relation to
a specific condition but also the (inferred) interactions between features and
implementation for large datasets must be pursued with diligence adhering to established

principles. One way for such an investigation into these inferred interactions is by applying
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network theory as the versatility of graphical abstractions using nodes, edges, and
topological structure can be contextually applied to a wide array of problems (Publication
| - Fig. 3). For instance, applications of network theory have been successful in several
fields including studying plankton networks driving carbon export (Guidi et al., 2016), gene
interactions related to weight physiology (Fuller et al., 2007), ecological shifts (Gomez et
al., 2017) and metabolic potential (Espinoza et al., 2018) associated with carious lesions
in children, and regulatory metabolic interactions in marine diatoms (Levering et al.,
2017), and bacterial soil communities (Mandakovic et al., 2018). Many biological
networks are composed of molecules such as DNA, RNA, proteins, and metabolites as
the nodes, and edges between these nodes represent either curated or inferred
interactions between them. Furthermore, advanced multi-omics approaches
incorporating associations across modalities such as clinical tests, proteomics, amplicon,
transcriptomics, cytokines, metabolomics, and lipidomics have begun to pave the way
towards precision health using systems biology (Schussler-Fiorenza Rose et al., 2019;
Shomorony et al., 2020; Zhou et al., 2019). There are several approaches for network
analysis in systems biology that each have their advantages and caveats. In conclusion,
this complication of literature briefly describes the landscape of network methods but
primarily guides the reader through the process of implementing association networks

from NGS-derived datasets which are inherently compositional.

4.3 - Predicting antimicrobial mechanism-of-action from {transcriptomes: A
generalizable explainable artificial intelligence approach

The original aim of this project was to develop an efficient transcriptomic approach to
dereplicate antibacterial extracts from uncultured soil bacteria, revealing which are

chemically similar to known antibiotics. This approach quickly and inexpensively provided
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the potential to find novel antimicrobials from new sources without wasting time and
resources on already known antibacterial compounds; that is, obviating the bottleneck in
identifying candidate MOA of novel compounds followed by prediction of whether these
compounds hit a novel target or represent an entirely new MOA. The overarching goal
was to resolve the dereplication bottleneck in natural product antibacterial drug discovery

through a combination of in silico methodologies and empirical validation experiments.

Approximately 1,500 microorganism-produced compounds with demonstrated
antimicrobial activity are commercially available. Despite this resource, the MOA and
targets are unknown for most of these compounds. Therefore, the first aim of this research
was to identify MOA and targets of known antimicrobials by transcriptome analysis. In
doing so, we built a database of transcription profiles (i.e., gene expression) produced by
antibiotics with known MOAs and targets and this served the training data resource for
analysis of unknown compounds. This work profiled 41 clinically approved antibiotics
and, in a collaborative effort, screened additional compounds obtained from the NIH
National Center for Advancing Translational Sciences for antibacterial activity; all
compounds that were modeled exhibited antibacterial activity (Publication Il — Table 1).
To produce transcriptome profiles, cultures of an Escherichia coli K12 mutant strain
WO0153 were challenged by the antimicrobial compound which were then assayed using
NGS. Using the database of transcriptome profiles for antibiotics and their known MOA
as training data, statistical methods were used to characterize each compound and XAl
algorithms were developed to predict the MOA from unobserved compounds with high
accuracy while also flagging compounds with potentially novel targets. The classification

models and their ability to predict MOA and targets for these additional antimicrobial
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compounds were validated using the most stringent of metrics (described below in 4.3.1).
The profiles from these additional compounds, their MOAs, and targets were used to

expand the size and utility of our antibiotic challenged transcriptomic database.

The second aim of this research was to identify MOA and targets of antimicrobials in
extracts from uncultured bacteria. Uncultured bacteria represent an untapped source of
chemical diversity, and these natural systems were leveraged for discovery of novel
antibiotics. Similar to the pure compounds, these crude extracts were added to a growing
culture of E. coli and RNA was collected for transcriptional profiling. The XAl models
developed were calibrated to handle crude extracts and were used to predict the MOA of
crude extracts with known antibiotic activity but unknown MOA. With this methodology,
transcriptome profiles from extracts that clearly indicated known MOA can be included in
the training data but, erring on the side of caution, were only included if empirically
validated. Transcriptomes that were difficult to interpret, such as those indicating a novel
MOA not represented by antibiotics in the training data can be further investigated as was
the case with darobactin as this was confirmed in our sister studies (Imai et al., 2019;

O’Rourke et al., 2020).

4.3.1 — Evaluating MOA prediction performance on unobserved compounds

Spearheading these aims was non-trivial. The most prominent obstacles encountered
was how to properly evaluate the predictive performance on unobserved compounds and
how to optimize this performance in the face of the aforementioned “curse of

dimensionality”. Many studies will use K-fold cross-validation, where the dataset is
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(pseudo-)randomly split into K folds of training and testing data (e.g., 70% training/30%
testing and repeat K times), to evaluate performance of a model on unobserved data and
this typically scored using the average accuracy of each split. The problem with this
approach in the Publication Il dataset is the fact that the transcriptomic data was
hierarchical with replicates. More specifically, there are multiple transcriptomes that
represent a particular compound in the form of replicates. Therefore, if K-fold cross-
validation was implemented then there would be an extremely high probability of having
some representative of a compound in both the training and testing splits (in a dataset of
this dimensionality). In this event, the model would artificially inflate the performance
metrics and would not generalize to novel compounds since it has been trained on the
same compounds it is testing. This hierarchy required one to implement a robust cross-
validation and performance metric that could simulate the prediction of compounds that
have not been observed previously by the model. An approach that abides by this
stringency and is Leave Compound Out Cross-Validation (LCOCV) where all instances
of a compound are reserved for a testing set and the remaining compounds are used for

model training; thus, demonstrating predictive performance on unobserved compounds.

This modeling framework was also evaluated using external datasets. The first study
evaluated was Hutter et al. which generated a database of Bacillus subtilis transcriptional
responses to treatments of 37 well-characterized antibacterial compounds from different
MOA which were used to build a support vector machine model to predict MOA of
antibacterial compounds (Hutter et al., 2004). The training data from Hutter et al. 2004

was not published in any public database but the methodologies used were
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reimplemented in Publication Il. The second study evaluated was Zoffmann et al. 2019
which used a combination of transcriptomics and cell imaging data to predict 7 MOA in a
different E. coli strain (BW25113) (Zoffmann et al., 2019). Zoffmann et al. did not publish
the cell imaging data used to construct predictive models but did publish the counts from
NCBI Gene Expression Omnibus consisting of E. coli BW25113 challenged with the 16
compounds; this data was modeled using CoHEC models. The third study evaluated was
Zampieri et al. 2018 which used an iterative hypergeometric test to model metabolite
responses of Mycobacterium smegmatis exposed to 62 compounds representing 18
MOAs. In all cases, the CoHEC models outperformed the models in the original studies

and the results are detailed in Publication Il — Table 3.

4.2.2 — The dimensionality of transcriptomes with nested and imbalanced classes
Regarding the dimensionality obstacles, not only did the number of features vastly exceed
the number of observations but the number of observations per class were largely
imbalanced, in this case, genes as features and transcriptomes as observations. The
training dataset of Publication Il consisted of 41 antibiotic compounds representing 6
MOA including inhibitors for protein synthesis (Npure = 9; Ncrude = 2), DNA synthesis (Npure
= 10; Ncrude = 2), RNA synthesis (Npure = 4; Ncrude = 2), cell-wall synthesis (Npure = 12;
Ncruge = 4), cell-membrane synthesis (Npure = 2; Ncrude = 0), and fatty-acid-synthesis
synthesis (Npure = 3; Ncrude = 0) (Publication Il — Table 1). These 41 compounds include
an overlap of pure compounds and crude extracts that were processed using 3 biological
replicates, though, some samples failed during library preparation or sequencing and

were resequenced giving some compounds more than 3 replicates. With typical DGE
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methodologies such as those implemented in edgeR (Robinson et al., 2010) or DESeq2
(Love et al., 2014), the replicates would be fit to a model and the replicates would be
reduced to a single log fold-change (logFC) and false discovery rate (FDR) per gene per
replicate for a training data dimensionality of 41 compounds by ~4000 genes. While this
is desirable during testing for enrichment or depletion of specific features relative to a
hypothesis determined a priori, this is not advantageous in a machine learning setting
where increased numbers of samples relative to features dramatically decreases the

opportunity for model overfitting.

4.3.3 - Enriching the gene feature set to remove genes not relevant to MOA
prediction

As the aim of this dissertation was to develop XAl methodologies that can be interpreted
using domain knowledge, the first step towards addressing this dimensionality obstacle
was by removing all genes that did not encode for proteins leaving 3065 protein-coding
genes. The rationale for this was to exclude poorly characterized genes that may have
created bottleneck in biological interpretation of the XAl models that could only be
alleviated by empirical analysis of E. coli genes; a topic largely out of scope for this
project. However, 3065 features is still vastly larger than the number of observations that
can be acquired from this dataset (even after pairwise combinatorics as mentioned below
in 4.3.4). The solution to overcome this dimensionality obstacle was to develop the
Clairvoyance feature selection algorithm as a means for curating a gene set that could
robustly discriminate the primary MOA of DGE profiles. The objective function

implemented in Clairvoyance maximizes the accuracy of custom (or stochastic) cross-
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validation pairs by iteratively enriching the subset of predictive features (e.g., genes) and,
thereby, denoising the dataset with respect to a specific classification task and resulting
in a smaller feature set with reduced potential for model overfitting. In the case of this
study, the Clairvoyance algorithm iteratively refines the gene set for each sub-model to
maximize the model’s MOA classification accuracy of unobserved compounds which was

provided as the test set of the LCOCV pairs.

4.3.4 — Maximizing the number of observations while preserving information
content

The second action item to disarm this dimensionality complex was to address the
observation to feature ratio as we only have 41 unique compounds and 3065 genes. As
mentioned, the transcriptome samples are hierarchical with the lowest level being
compounds and the next level being individual replicate transcriptomes. Therefore, this
problem can be approached in several ways: 1) model the differential abundance of
genes for grouped replicates challenged with a compound relative to grouped solvent
negative controls (N=41 compounds); 2) consider each replicate individually relative to
grouped solvent controls (N=235 transcriptomes); or 3) consider each pairwise
combination of treatment compound and solvent replicates (N=713 pairwise DGE
profiles) (Publication Il — Table 1). The latter takes advantage of the natural hierarchy
within the data by utilizing all the information contained within the samples and between
the samples while also preserving variance that is critical for building generalizable

models.
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4.3.5 — Using a hierarchical ensemble of classifiers to overcome class imbalance
and predict MOA for unobserved compounds with high accuracy

Lastly, the class imbalance needed to be addressed but this could not be accomplished
using combinatorics as was done for the sample dimensionality nor feature selection as
was used for the reduced gene set. The training data dimensionality was not ideal for
even simple binary classification models, let alone 6 imbalanced classes, thus, it was not
surprising to find that most traditional classification models performed poorly (<90%
LCOCYV accuracy) (Publication Il — Table 2). The models evaluated included commonly
used algorithms such as logistic regression (the highest performing of these traditional
algorithms), random forest, K-nearest neighbors, support vector machines, naive bayes,
AdaBoost, and even modern algorithms such as neural networks. Therefore, a model
structure had to be devised that could handle this class imbalance on a case-by-case
basis. With inspiration from the mechanisms of human cognition, this class imbalance
was addressed by decomposing the complex task of multiclassification into a multilayered
path of simple binary tasks which was achieved through the advent of a Hierarchical
Ensemble of Classifiers (HEC) and the extend Clairvoyance-optimized HEC (CoHEC)

models.

The basic HEC model approach implements a hierarchical ensemble of binary classifiers
through a single graphical model with 3 degrees of flexibility for each sub-model decision
node: (1) a custom feature set optimized for a simple binary classification task; (2) a
unique classification algorithm with hyperparameters that most effectively discriminates
the sub-model-specific decision paths; and (3) the relationship between sub-models can

be data-driven or assigned a priori. The graphical structure of the MOA predictive CoHEC

177



model implemented in this study was entirely data-driven to demonstrate the autonomous
abilities of the XAl methodology by solely using emergent patterns within the training
dataset in relation to the labeled classes (Publication Il — Fig. 1,2). In other words, the
graphical structure or gene sets are not define a priori using curated databases or domain
knowledge (although, this functionality is supported) and instead allow the data to guide

such parameter choices.

Optimization of the gene feature set for each sub-model using Clairvoyance (GeneSety
where k ranges from sub-models 1-5) boosted LCOCV accuracy substantially; between
10-23% in most cases and all cases resulting in left-out compound accuracies greater
than 99%. Several estimators were evaluated, optimized, and tuned for each sub-
classification task but logistic regression models were the exemplar in all cases. While a
few genes are shared between various pairs of sub-models, none of the 399 unique genes
from GeneSety1 y5 used in the COHEC model were universal to all sub-models reinforcing
the notion that each sub-model is task specific (Publication Il — Table 3). To showcase
the advantage of combining feature selection with HEC models (i.e., CoHEC),
Clairvoyance was also run using a traditional multiclass logistic regression to produce
GeneSetmuriciass. Of these 399 genes in our COHEC model, there were 87 of the 98 genes
(88.8%) in GeneSetuuticiass overlapping and, thus, demonstrating the ability of
Clairvoyance to identify emergent patterns within the data despite different model
architectures (Publication Il — Table 3). However, the CoHEC model can exceed the
performance of a multiclass model using the same base algorithm (e.g., logistic

regression in this study) with only a fraction of the training data when using the same
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input features. Interestingly, none of the MOA enzymatic targets were selected by
Clairvoyance as discriminative features further endorsing our data-driven approach

because the discriminating patterns were unknown a priori.

4.3.6 — Identifying compounds with novel targets not previously characterized

The final objective was for the methodology to be able to detect compounds with novel
activity by using only their transcriptomic response. In collaboration with our extended
team, we identified and characterized a novel antibiotic called darobactin which exhibits
a novel MOA by targeting the BAM complex (Imai et al., 2019). The XAl methodology
developed was able to flag novelty for transcriptomes of E. coli that have been challenged
with darobactin. This was achieved by predicting the MOA for the transcriptomes using
our CoHEC model but to then examine the variance of the resulting predictions
(Publication Il — Fig. 3). Upon implementing this variance comparison, it was possible to
confidently suggest that darobactin exhibits an activity not observed by any of the original

6 MOA that were characterized in the study.

With the data transformation, feature selection, and hierarchical modeling frameworks
developed, we were able to accomplish all our aims and objectives. Not only were
methods developed that could alleviate this bottleneck in antibiotic discovery research,
but the algorithms were designed in such a way that they could be generalized to a wide
array of research topics as demonstrated in the Publication Il childhood undernutrition

study.
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4.3.7 - Interpreting CoHEC models in the context of antibiotic discovery

Interpretability of trained models is paramount in XAl and CoHEC models provide great
insight into the decision-making process. For instance, CoHEC models use a unique
feature set for each of 5 sub-models (y7-y5) and these feature sets have very minimal
overlap showcasing that each sub-model is engineered for a specific task (Publication Il
— Fig. 1C). Furthermore, CoHEC models produce an array of probabilities for each of the
5 sub-models with methods designed to calculate the probability for traversing each of
the 10 decision paths and to visualize the predictions via decision graphs (Publication Il
— Fig. 2). In this case, the probabilities represent binary decision paths from each of the
5 logistic regression sub-models, though other algorithms for sub-models are supported,
and the standard error is calculated for profiles grouped by LCOCYV test set; that is, all
associated pairwise DGE profiles corresponding to a compound in a LCOCV test set.
These 10 probabilities computed by the CoHEC model on LCOCYV test sets are machine
informative as unsupervised analysis of these probabilities clusters compounds by MOA
with statistically greater homogeneity than the input data of pairwise DGE profiles
(Publication Il — Fig. 3). The ability of COHEC models to compute probabilities that can
confidently cluster a compound with its respective producer-strain extract in a completely
unsupervised setting provides a powerful avenue to dereplicate known compounds in

high throughput.

Interpreting models based on gene expression data is difficult as this approach often

captures downstream effects. Regardless, the decision graphs and sub-model gene

coefficients are biologically relevant when evaluated via Gene Set Enrichment Analysis
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(GSEA) (Subramanian et al., 2005). For instance, coefficient-ranked genes from sub-
model y2 (DNA-synthesis vs. y4) are enriched in both DNA and membrane-related GO
terms while y4 (cell-membrane vs. fatty-acid-synthesis) is enriched in membrane-related
and transport GO terms. Several nucleotide-binding related, protein-binding, and metal-
binding GO terms were enriched in sub-model y5 in the classification between protein-

synthesis and rna-polymerase inhibitors.

As membrane/transport GO terms were expected to be enriched in gene sets that classify
MOA targets related to cellular structure and nucleotide/protein binding related terms
were expected for gene product synthesis, a multitude of metal ion related GO terms in
the classification of protein-synthesis and rna-polymerase inhibitors was not expected.
However, this agrees with previous studies that have focused on metal-responsive ECF
sigma factors, several of which are activated by iron depletion or by an excess of other
metals such as zinc (Moraleda-Mufioz et al., 2019); thus, overlapping with the GO terms
enriched in our GSEA analysis. Bacterial ECF sigma factors are directly involved in the
transcription process by recognizing promoter sequences, together with the core RNA
polymerase enzyme, and initiate the transcription of the genes they regulate (Heimann,
2002). Although the models can be fully understood from a mathematical perspective,
biological interpretation is limited to previous empirical studies and the extent of domain
knowledge available. However, these methods are expected to provide a powerful
resource in guiding empirical validation experiments to demystify complex biological

processes.
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The CoHEC models present a purely data-driven XAl approach that can predict the
primary MOA from unobserved compounds with high performance. This data-driven Al
maximizes the available information content by asking simple questions about specific
genes in a particular order to effectively evade statistical artifacts that are inherent in

biological datasets where features greatly exceed the number of observations.

4.4 - Interactions between fecal gut microbiome, enteric pathogens, and energy
regulating hormones among acutely malnourished rural Gambian children

There is increasing evidence that the pathogenesis of acute malnutrition may be
multifactorial and linked to microbial dysbiosis, the overgrowth of specific enteric
pathogens in the gut and hormonal imbalance. However, most of this evidence has been
generated from children with edematous malnutrition in East Africa and Southeast Asia.
Despite West Africa being a prominent area for malnutrition, little is known about the
pathogenesis of acute malnutrition during childhood in this region; non-edematous being
the predominant type of malnutrition in The Gambia. The primary aim Publication lll was
to investigate the role of energy regulating hormones in the variable growth responses of

rural Gambian children during nutritional rehabilitation.

This study was conducted in the East, West, and Central Kiang districts of rural Gambia
where children from 6 to 24 months of age were recruited by clinicians and given health
care services. The clinicians were granted ethical approval to conduct this study by the
Joint Medical Research Council Unit The Gambia and Gambia Government Ethics
Committee, L2015.14. With this ethical approval, all children were recruited into the study

with written informed parental consent. All participants recruited into the study underwent
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clinical assessments and assigned to one for the following groups: moderately acute
malnourished (MAM), severely acute malnourished (SAM) SAM, and well-nourished (WN,
WHZ > -2) where WHZ refers to weight-for-height Z-score. WN control participants were
based on the anthropometric measurements (World Health Organization, 2006). MAM
was classified as WHZ between 2 and 3 standard deviations below the WHO growth
reference standard or a mid-upper arm circumference between 115 and 125 mm while
SAM was classified as WHZ less than 3 standard deviations below or a mid-upper arm
circumference less than 115 mm (World Health Organization, 2006). SAM children were
managed in an outpatient nutrition rehabilitation unit in rural Gambia with additional health

services.

Pre- and 1-hour post prandial venous blood samples for analysis of energy-regulating
hormones were collected from all children at recruitment and for children in the MAM and
SAM groups at days 14 and 28. Stool samples were collected from all the children at
recruitment and at follow up visits at days 14 and 28 for children that presented with MAM

or SAM.

The approach of Publication Il leverages information gained from a sample-specific
perspective to provide insight into the defining characteristics of undernutrition at different
stages. To investigate the role of energy regulating hormones in the variable growth
responses of rural Gambian children during nutritional rehabilitation, 3 modalities were
measured: (1) fecal microbiome marker gene survey metagenomics of 16S rRNA
sequences (compositional data); (2) TagMan Array Card assay of enteric pathogens

(binary data); and (3) clinical measurements related to immune activation, inflammation,
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and energy regulating hormones (continuous). This study provided novel insights into the
role of microbial dysbiosis, enteric pathogens, and host energy-regulating hormones in
the pathogenesis of acute malnutrition among West African Children while characterizing
key differences between severe and moderate non-edematous acute. As with edematous
SAM, non-edematous SAM is also characterized by the collapse of a complex system

including the gut microbiome, enteric pathogens, and energy regulating hormones.

4.4.1 — Determining the range of fecal microbial diversity of each nutritional status
phenotype

The first objective of Publication Ill was to investigate microbial diversity of each
nutritional status phenotype to identify defining characteristics. With respect to the fecal
microbiome, 388 high quality OTUs were observed across all participants and the number
of detected OTUs (richness) ranged from 14 - 167 per sample (Publication lll — Fig. 1A).
The microbial richness of SAM samples was statistically lower than both WN and MAM
samples. MAM samples had statistically higher variance compared to WN and SAM
(Publication lll - Fig. 1B). The variance in richness was the highest for WHZ in the range
(-3,-1), the entirety of MAM samples and the lower WHZ of WN samples (Publication Il

— Fig. 1C).

Bacterial biomass is inversely proportional to 16S rRNA qPCR Ct values and, supporting
the trends in microbial richness, differences in Ct values between nutritional status
phenotypes were observed. MAM samples exhibited the lowest median Ct and thus the
highest relative biomass on average (22.5 Ct), while SAM exhibited the lowest (30.5 Ct)

with WN in between (25.4 Ct) (Publication lll — Fig. 1D). A bimodal distribution of SAM

184



Ct values with the lower peak at ~24 Ct and the upper at ~35 Ct suggested that while
SAM samples have similar community composition, in a substantial number of cases the

bacterial community had collapsed from a numerical perspective.

4.4.2 — Differential abundance analysis of individual fecal gut microbes, enteric
pathogens, and energy regulating hormones

The second objective of Publication Ill was to investigate differential abundance of each
modality individually. As each modality had a unique data type (i.e., compositional, binary,
and continuous), modality-specific differential abundance analysis was performed. With
regards to the compositional data, the ALDEx2 (Fernandes et al., 2014) was used as it
was designed specifically for microbiome compositions. The clinical measurement
distributions were non-gaussian and required a non-parametric test similar to the ANOVA
(Kruskal-Wallis H-test). The enteric pathogen screening was binary and required a
Fisher’s exact test where the binary data was converted into detection event ratios for
visualization. After correcting for multiple hypotheses, individual features that were
enriched or depleted in WN, MAM, and SAM were determined. This directionality of
enrichment or depletion was critical for interpreting the sample-specific network analysis

in a clinical context as the perturbations were either negative or positive.

The relative abundances of bacterial phyla were very similar across all nutritional status
phenotypes with a few notable exceptions (Publication Ill — Fig. 2A). The combination
of Firmicutes (WN = 46%, MAM = 50%, SAM = 33%), Bacteroidetes (WN = 28%, MAM

= 20%, SAM = 17%), and Proteobacteria (WN = 20%, MAM = 23%, SAM = 45%)
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constitute more than 90% of the microbial abundance regardless of the participant’s
nutritional status with respect to visit. No components at any level of taxonomy were
differentially abundant among children with MAM relative to WN. However, an
enrichment in Enterobacteriaceae abundance for SAM (u = 42%) relative to MAM (u =
19%) and WN (p = 18) was observed at the family level. The only differentially abundant
OTU was an unclassified Klebsiella (Otu000014) with an enrichment in SAM (u = 16%)
relative to MAM (p = 6%) and WN (u = 3%).

Analysis of clinical measurements pertaining to energy regulating hormones gave insight
into which metabolites were proportional to fluctuations in WHZ. Statistically significant
trends between IGF-1, leptin, and IGFBP- 3 (the main binding protein of IGF-1) that
increased with WHZ and nutritional status were identified (Publication Ill — Fig. 3A). IGF-
1 is a key growth regulating hormone in infancy and plays an important role during
nutritional recovery in undernourished children. Similarly, leptin is a hormone
predominantly made by adipose cells and enterocytes in the small intestine to help
regulate energy balance by moderating appetite and intestinal barrier function (Brennan
and Mantzoros, 2006) and plays a major role in signaling energy deficit in acute
malnutrition (Bouillanne et al., 2007; Prentice, Moore, Collinson, & O’Connell, 2002).
Reverse trends were also observed, that is, the levels of sOB-R (and the molar excess of
sOB-R:leptin), ghrelin (and its binding protein) increased monotonically as WHZ
decreased. These findings support the hypothesis by Stein et al. 2006 that sOB-R is
upregulated during starvation to maintain low levels of bioactive leptin and increase its
half-life, thus, decreasing energy expenditure and increasing food uptake. Ghrelin is a

well-studied hormone produced by enteroendocrine cells of the gastrointestinal, tract with
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substantial production in the stomach, (Kojima et al., 1999; Muller et al., 2015) and
circulating ghrelin blood levels are often highest when an individual experiences hunger
while returning to lower levels after food intake (Cummings et al., 2001; Muller et al.,
2015). The clinical measurements of these metabolites were consistent with previous
studies and provided a strong foundation for more complex analytical methods in the

context of acute malnutrition (e.g., SSPN analysis).

The abundance of 23 enteric pathogen markers was assessed using qPCR. All children
had between 1 to 15 pathogen or virulence factors detected in at least one visit
(Publication Il - Fig. 3B). In accordance with microbial richness, MAM was observed to
have a greater number of pathogenic markers (8 pathogens) compared to SAM or WN (7
pathogens) nutritional status phenotypes. Several pathogenic markers were differentially
prevalent between the nutritional status phenotypes. In particular, Giardia duodenalis was
significantly less prevalent among children with SAM (23%) than MAM (68%) or WN
(70%). In contrast, the prevalence of enteropathogenic E. coli with the bfpA and eae
virulence increased with severity of malnutrition (Publication IlIl - Fig. 3B). Bundle-
forming pilus A (bfpA) and intimin adherence protein (eae) are genes found on the EAF
plasmid and EPEC genome, respectively, and contribute to attachment to epithelial cells,
thus, leading to the attaching and effacing phenotype (Blank et al., 2000; Slinger et al.,

2017).

4.4.3 — Multimodal sample-specific perturbation network analysis to quantify

changes relative to a reference group

187



The third objective of Publication Ill was to investigate the interactions between the fecal
gut microbiome, enteric pathogens, and energy regulating hormones among rural
Gambian children with non-edematous SAM during outpatient nutritional rehabilitation
and MAM relative to WN children. However, for each participant there were at most 3
time-ordered samples collected (i.e., =0, =14, and {=28 days) which are not enough
timepoints for reliable temporal networks using existing methodologies. Instead of using
temporal network frameworks, this study developed a novel methodology to explore
sample-specific networks that can be analyzed with respect to individual timepoints or a

trajectory of timepoints.

The objective with a sample-specific approach was to maximize the available data and
quantify the amount by which a particular sample perturbs a biologically relevant
background distribution; referred to as a sample-specific perturbation network (SSPN).
Perturbation in the context of SSPNs is defined as a change in association strength of an
edge between background network and perturbed background network distributions. For
the background cohort, data was used from participants whose nutritional status was WN
for all, which allowed for the calculation of SSPNs for participants that deviated to or from
WN between visits. This implementation allows one to quantify how much a given sample
can perturb a group of reference samples by either increasing or decreasing association
strength between two features. SSPN can be powerful for characterizing undernutrition
when used in the context of enrichment or depletion of individual features relative to

nutritional status.

188



4.4.4 — Identifying perturbations capable of discriminating nutritional status
phenotypes

Network analysis, especially fully-connected networks, often produces a plethora of
edges to investigate making it difficult to interpret the results. Typical association networks
use all the samples to build a single network but with the SSPNs developed in this study,
there is a separate network for every sample producing a perturbation matrix (N= 82
samples, M= 14,270 edges representing 188 nodes). This data structure produces a
unique opportunity that allows one to leverage machine learning algorithms using the
perturbation matrix as a feature matrix. This has a strong advantage because one can
use a mixture of supervised (e.g., feature selection) and unsupervised (e.g., network
analysis) to gain insight into the latent structure of the disease with respect to the 3

modalities used to build the networks.

By analyzing the SSPNs using the HEC model and Clairvoyance feature selection from
Publication Il in unison (i.e., CoHEC model), along with the fundamentals established in
Publication I, the edges that could predict nutritional status based on perturbations were
identified (Publication Ill — Fig. 4A). Essentially, this characterizes which interactions are
most predictive of nutritional phenotype and is more informative for nutritional intervention
than regression methods predicting a rise or fall in WHZ and disregarding intra-phenotype
patterns. By selecting for only the edges that are informative in discriminating nutritional
status phenotypes, and by extension the informative nodes, the information content in the
edges was compressed by 98.143%; that is, 265 of the 14,270 edges. As a collection of

edges can be combined into a network, one can reconstruct the structure of the network
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with only edges that were relevant for characterizing nutritional status phenotype referred

to as an aggregate network (AN) (Publication Ill — Fig. 5).

4.4.5 — Evaluating nutritional status predictive performance on new patients

Unsupervised machine-learning can be used to gain insight into the underlying structure
of the data and leveraged to validate dimensionality reduction (e.g. feature selection)
results based on predefined categories, nutritional status in this context. To prevent the
models from overfitting, a similar approach to LCOCV from Publication Il was used but
instead of leaving individual compounds out, participants were left out to simulate
performance on new children. These models were able to predict nutritional status
phenotype at 100% accuracy using the perturbations of the sample with respect to a
reference group despite the rigorous performance metric. Unsupervised clustering of
held-out prediction probabilities were more homogenous than unsupervised clustering
based on microbiome abundance profiles or pathogen markers (Publication Ill — Fig.
4C). Clustering by held-out prediction probabilities revealed that the edge features in each
sub-model capture biologically relevant discriminatory patterns. As logistic regression
classifiers were used under the hood in the CoHEC models, it is possible to completely
understand how each edge contributes to the prediction process. Furthermore, the
increased homogeneity of nutritional status clustering after running the CoHEC model

demonstrates how the XAl was able to learn hidden structure within the data.

4.4.6 — Quantifying changes in sample-specific perturbation networks over time

with recovery scores
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This study contained time-ordered samples for many of the participants. An edge
recovery score was developed in Publication Ill to quantify the amount in which an edge
contributes to weight recovery; more specifically, the transition from MAM or SAM to WN.
As SSPN edge weight indicates a perturbation relative to a reference group, perturbations
relevant to nutritional status recovery were identified by selecting for edges in consecutive
time-ordered SSPNs that have the following properties: (1) greatest change in
perturbation of associations between visits t, and f, + 1; and (2) smallest perturbation
magnitude from the reference group at t, + 1 where t, and t, + 1 phenotypes represent MAM

or SAM and WN, respectively.

The recovery score metric condensed the information content of complex multimodal
time-ordered SSPNs into a single human interpretable metric. The recovery score was
designed to demonstrate the following properties for each edge: (1) a large difference
between an undernourished visit and a consecutive WN visit; and (2) a small edge weight
for WN (Publication Ill — Fig. 6A). Emphasizing these properties made it possible to
collapse the temporal dimension, the sign of edge weights, and focus specifically on
edges specifically to the recovery of an individual participant. Although the cohort sample
size was not large enough to statistically model specific associations in a participant's
ability to decline or recover with respect to their nutritional status these methods will be

useful for larger studies in the future.

4.4.7 — Interpreting CoHEC models and SSPNs in the context of acute malnutrition
Analyzing each modality independently presented a means to validate each finding by

cross-referencing against previous studies, thus, setting the context for multimodal
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network analysis. Consistent with previous reports (Alou et al., 2017; Gough et al., 2015;
Smith et al.,, 2013; Subramanian et al., 2014), children with SAM had significant
reductions in richness and bacterial biomass compared to WN or MAM participants. It is
possible that the bacteria depleted in acutely malnourished children are essential for
optimal digestion, nutrient absorption, modulating inflammation and immune development
(Smith et al., 2013). A new finding from this study was that children with MAM had
statistically significant enrichments in the gut bacterial loads and variance in microbial
richness compared to WN and SAM participants. These changes may be an indication of
impaired immune function in the children with acute malnutrition (Jones and Berkley,
2014) which agrees with our findings that IGF-1 and leptin are associated with various

microbes and are highly predictive of nutritional status.

Enterobacteriaceae abundance was greatly enriched in SAM children and may be linked
to the low prevalence of Giardia which competes for the same ecological niche in the
small intestine (Allain et al., 2017). However, previous research using mouse models
showed that Enterobacteriaceae was over-represented in Giardia infected mice (Bartelt
et al., 2017). There appears to be a more complex mechanism regulating the balance
between Enterobacteriaceae (bacteria) and Giardia (protozoan parasite). These finding
may therefore be specific for masasmic SAM involving the differential regulation of anti-
parasitic and anti-bacterial immune responses in these children where Giardia infection
alters immune responses to E.coli or vice versa. This warrants further exploration. In
addition, EPEC virulence factors bfpA and eae were observed to increase with increasing

severity of malnutrition. EPEC adheres to intestinal epithelial cells, causing diarrhea, and
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constitutes a significant risk to health, especially in very young children (Chen and
Frankel, 2005). Subramanian and colleagues also reported an enrichment of
Enterobacteriaceae spp. among children with SAM from Bangladesh (Platts-Mills et al.,

2017; Subramanian et al., 2014); although, a causal pathway is yet to be identified.

This study found that Escherichia/Shigella sp. and molar ratio of sOB-R:letpin had
substantially greater predictive capacity in discriminating WN from undernourished
participant samples compared to other nodes. In particular, Escherichia-Shigella had high
predictive capacity through its associations with ghrelin and ghrp. This was not surprising
as leptin is a key player in regulating both antimicrobial peptides and microbiota
composition and as such, Escherichia-Shigella and molar-excess soluble leptin may play
pivotal roles in mediating complex interactions that modulate nutritional status. High
predictive capacity of molar excess of sOB-R:leptin through Lactobacillus mucosae, an
unclassified Haemophilus and an unclassified Ruminococcaceae UCG-002 was also
observed. Previous research has identified strong associations between leptin and
Lactobacillus and it is believed that leptin can modulate gut microbiota by stimulating
mucin production which may favor bacterial growth (El Homsi et al., 2007). Lactobacillus
has been shown to maintain intestinal homeostasis and is speculated to attenuate the
pro-inflammatory signaling induced by Shigella after invasion of epithelial lining (Tien et
al., 2006). Similarly, previous research has ascertained that leptin supplementation

resulted in a higher proportion of Ruminococcaceae (Grases-Pinto et al., 2019).
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Another intriguing finding was the high predictive capacity of perturbations in /GF-1 and
an unclassified Enterobacteriacea in discriminating MAM from SAM. The high predictive
capacity of perturbations in /IGF-1 and the Enterobacteriaceae associations are relevant
as Enterobacteriaceae are often enriched in children who are wasted along with
decreased plasma |IGF-1 concentrations (Bartz et al., 2014) and decreased
concentrations of IGF-1 and IGFBP- 3 have been observed in underweight mice
(Schwarzer et al., 2016). Enterobacteriaceae are often be enriched in undernourished
individuals (Million et al., 2017) and coupled with decreased concentrations of IGF-1
(Bartz et al., 2014) and IGFBP- 3 (Schwarzer et al., 2016). These findings from other
research groups agree with our results showing that IGF-1 and IGFBP- 3 concentrations
decrease with WHZ and are lowest in SAM. As immunity is heavily impaired in children
experiencing SAM (Hossain et al., 2015), the predictive associations between
Enterobacteriacea and IGF-1 are not surprising. However, it is not uncommon for children
experiencing SAM to develop septicaemia (Hossain et al., 2015; Jones and Berkley,
2014). Previous research has shown that patients with sepsis have low levels of IGF-1
inversely correlated with enteric bacterial load (Hunninghake et al., 2010). Hunninghake
et al. 2010 also supposed that translocation of bacteria across the gastrointestinal tract

may occur.

Acute malnutrition is a complex multifactorial disease with interplay between the gut
microbiome, energy regulating hormones, and the presence of enteric pathogens. It
appears that WN systems are stable but as a child’s weight declines, approaching MAM,

the community destabilizes with increased microbial diversity and interactions. As a
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child’s nutritional status deteriorates the gut microbiota community becomes depleted and
dominated by pathogenic Enterobacteriaceae in an ecological collapse as demonstrated

by low bacterial load, and low microbial diversity.

4.5 - Differential network analysis of oral microbiome metatranscriptomes identifies
community scale metabolic restructuring in dental caries

Dental caries is a microbial disease and the most common chronic health condition,
especially in adolescence, affecting nearly 3.5 billion people worldwide. Multi-omics are
typically used to investigate microbial diseases, but these approaches present significant
challenges when balancing biological accuracy and compositional sparsity. The aim of
Publication IV was to address these challenges and characterize community-scale
metabolic interactions that are diagnostic of caries status using a syngery of

metagenomics and metatranscriptomics.

This study investigated the supragingival plaque oral microbiome of 91 Australian children
while characterizing 658 bacterial and 189 viral metagenome assembled genomes. The
challenges in balancing biological accuracy and compositional sparsity were addressed
by developing a reproducible pipeline for clustering sample-specific genomes to integrate
both metagenomics and metatranscriptomics analysis regardless of biosample overlap.
Furthermore, novel feature engineering and compositionally-valid ensemble network
frameworks were developed and their utility for investigating regime shifts associated with

caries-related dysbiosis was explored.
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The analytical methodologies presented in Publication IV are useful for characterizing
differential community structure was demonstrated. Further, these methods can be
applied when hypothesis testing for differential abundance do not capture statistical
enrichments or the results from such analysis are not adequate for providing deeper
insight into disease. By moving beyond abundances of genomic features to interactions
amongst features this study was able to deconvolute the oral communities to identify not
only which organisms and metabolic pathways were central to a system but also how
these systems were rewired between caries and caries-free systems. These findings
provide evidence of a core oral microbiome composed of both bacteria and viruses that
were transcriptionally active in all participants regardless of phenotype and increased

network complexity in caries-related dysbiosis.

Finally, this study provided evidence that certain organisms shift their carbohydrate
metabolism and serve a bridge between phenotypes. The evidence in Publication IV
supports the hypothesis that caries is a multifactorial ecological disease. This research
demonstrated how investigating microbiomes from different vantage points can provide
insight into microbial ecosystems and their relevance in health and disease. The
techniques developed in this study were designed for generalizability not limited to
microbiome research and provided open-sourced implementations via the updated

EnsembleNetworkX Python package debuted in Publication Ill.

4.5.1 — Isolating individual bacterial and viral genomes in silico
The first objective of this research was to isolate individual genomes from metagenomic

assembles (i.e., MAGs). Metagenomes from the Australian children in this study were
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evaluated and analyzed previously (Espinoza et al., 2018; Shaiber and Eren, 2019) but
substantial improvements in assembly, binning, and quality assessment methodologies
warranted revisitation and reanalysis. There exists a plethora of binning algorithms to
date, each with their own strengths and weaknesses. To leverage the strengths of
different techniques, 4 different types of algorithms were used including MaxBin2 (Wu et
al., 2016), Metabat2 (Kang et al., 2019), VAMB (Nissen et al., 2021), and VAMB in multi-
binning mode. The resulting bins from these tools were consolidated using a separate
algorithm called DAS Tool (Sieber et al., 2018) where MAGs were evaluated and refined
to produce high quality consensus MAGs from multiple inputs. The final MAGs were
filtered using the quality assessment capabilities of CheckM (Parks et al., 2015). Said
methodology is designed specifically for prokaryotes but preliminary analysis suggests
there is a lush community of viruses in the oral microbiome. To isolate viral MAGs, the
unbinned contigs were extracted using VirSorter2 (Guo et al.,, 2021) and CheckV
(Nayfach et al., 2020). Since the dataset consists of both metagenomics and
metatranscriptomics, both DNA and RNA viruses could be assessed. This consensus
binning approach resulted in 658 bacterial, 179 DNA viral, and 10 RNA viral MAGs that

could be used as a reference for metatransciptomics.

These bacterial MAGs clustered into 135 unique SLCs representing 49 hitherto
unclassified species with 26 of which classified as Patescibacteria candidate phyla
radiation (CPR; 6 Gracilibacteria/SR1, 43 Saccharibacteria) with a total of 69 CPR MAGs
collectively. Of the non-CPR SLCs, 31 Bacteroidota, 22 Proteobacteria, 21

Actinobacteriota, 23 Firmicutes(A/C), 8 Fusobacteriota, and 4 Campylobacterota were
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identified (Publication IV - Table 2,52,S3). The DNA and RNA viruses clustered into 137
and 5 unique SLCs, respectively. Most of the DNA viruses were classified as
Caudovirales, of unknown species, associated with the human oral (42 SLCs), gut (41
SLCs including 1 Inoviridae), human respiratory (1 SLC), and non-specific environments
(1 SLC). Aside from these unknown species, several Caudovirales phages for
Arthrobacter (7 SLCs), Streptococcus (4 SLCs), Klebsiella, Haemophilus, Pasteurella,
Pseudomonas, and Burkholderia were also identified. Other than Caudovirales,
Streptococcus satellite phages (2 SLCs), unclassified CRESS-DNA Parvovirus
associated with the human gut (2 SLCs), and an unclassified virus associated were
identified within the human oral environment. Most of the RNA viruses were Escherichia
phages (4 SLCs) designated as Qbeta BZ1, MS2, and BZ13 strains but a novel virus with

no close taxonomic classification was also uncovered.

4.5.2 — Species-level clusters and species-specific ortholog analysis

The second objective of this research was to develop a method that could balance
biological accuracy with compositional sparsity. There are two main approaches when
conducting metagenomic assembly of N samples: 1) a consensus assembly where reads
from all N samples are merged and assembled together for a single assembly; and 2)
assembly of each sample individually to produce N assemblies. There are pros and cons
with each method where option 1) addresses the compositional sparsity issue and 2)
addresses the biological accuracy issue. In a consensus assembly all the samples are
merged together so the resulting contigs will be a mixture of communities yielding suitable

consensus MAGs but ones that are not biologically accurate with high likelihood of
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chimeric sequences. Further, the assembly algorithms using a consensus approach take
much longer, use more compute resources, and produce lower quality assemblies with
fewer longer contigs than if each sample was assembled individually. The benefit of this
approach is that the reads can be mapped and the biological features (e.g., contigs,
ORFs, MAGs) can be compared directly across samples since all the samples are used
to construct these assemblies. For the sample-specific approach, assembling each
sample individually allows for quicker processing time, increased parallel processing (as
each sample can be assembled separately), and the resulting biological features are
more biologically accurate since there are fewer genomic variants in 1 sample compared
to N samples. The caveat of this approach is the biological features generated are

sample-specific and not directly comparable across samples.

The solution in Publication IV to “have your cake and eat it at the same time” that
addressed this limitation was to develop a hierarchical structure for biological features
that could be collapsed and expanded in silico. More specifically, the MAGs were
clustered into species-level clusters (SLC) using 95% average nucleotide identity (ANI)
via FastANI (Jain et al., 2018) (Publication IV — Fig. 1). This allowed for sample-specific
strains to retain their biological accuracy (instead of merging assemblies for chimeric
contigs) while providing a means to collapse the MAGs into SLCs that can be compared
across samples. Though, this approach does not make it possible to analyze specific

genes across different samples.
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To overcome the challenge of comparing genes across different samples, the genes for
each SLC were clustered via ortholog analysis to yield SLC-specific orthogroups using
OrthoFinder (Emms and Kelly, 2019). This presented a unique opportunity to collapse the
same genes from different MAGs within a SLC for direct comparisons between samples.
This effectively addressed the inherent sparsity issue that stymied the path towards
emphasizing biological accuracy over analytical practicality. That is, this approach is
biologically accurate and not inherently sparse. This research addresses a critical
limitation in paired metagenomics and metatranscriptomics: that is, how to have
biologically accurate assemblies not biased by coassembled chimeric contigs while also
producing overlapping features (e.g., SLC, SLC-specific orthogroups). Lastly, this
reproducible methodology is applicable for all domains of life and not limited to this study

(detailed in Publication IV — Fig. S1).

4.5.3 — A core oral microbiome of bacteria and viruses

This study provided evidence of a core bacterial and viral oral microbiome across this
cohort of Australian children regardless of collection center, age, or sex. The core
bacterial microbiome exists at the genus level as almost every genus is transcriptionally
active in every sample (Clusters 2.1-2.4 from Publication IV - Fig. 2), regardless of
phenotype, but this was not the case for most viruses. Though, there were 2 DNA viruses
that were highly prevalent across samples that could be considered part of the core oral

microbiome.
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This core microbiome supports the ecological plaque hypothesis that environmental
conditions influence the metabolism of existing microbes nudging the community into a
cariogenic configuration. As the oral community is able to shift the collective metabolism
to adapt to a cariogenic environment, the reverse must also be true given the prevalence
of this core community in both conditions. The implications of such a finding propose the
possibility for diagnostic therapeutics for caries detection and caries prevention via
probiotics. Characterizing the interactions between microbes and their additive
metabolism is expected to provide a deeper insight into what it means metabolically to
have a cariogenic oral microenvironment and, also important, a caries-free

microenvironment.

4.5.4 — Microbiome feature engineering to couple taxonomy with functionality

Within this dataset, there were 255,737 SLC-specific orthogroups which would result in
~32.7 billion non-redundant connections in a fully-connected coexpression network; an
insurmountable dataset for exploratory analysis on most modern machines. Instead of
using draconian filtering thresholds of orthogroups, this was addressed by the third
objective for this study which was a feature engineering technique that would allow
seamless transitions from read <« ORF/orthogroup <= contig/MAG/SLC < engineered
feature using custom taxonomy fields and functional assignments (e.g. KEGG, MetaCyc,

PFAM).

Publication IV introduced the PhyloGenomic Functional Category (PGFC) as a

supervised microbiome feature engineering method for high-level statistical analysis that
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could be expanded back into the underlying orthogroups (or ORFs); unlike dimensionality
reduction methods such as PC[0]A, -SNE (Van Der Maaten, 2014), or UMAP (Mclnnes
et al., 2018). PGFCs essentially group low-level features, orthogroups in this context, by
a taxonomic unit (SLC) and a functional unit (KEGG module) (Publication IV - Fig. 3B,
Table S5); similar, but not identical, to HUMAnN (Beghini et al., 2021; Franzosa et al.,
2018) which does not allow the flexibility for custom low-level features from de-novo meta-
omics. Another similar approach is the amalgram where compositions can have either
exclusive or non-exclusive mappings between the original feature and engineered feature
(Quinn and Erb, 2020). However, these engineered features cannot be collapsed and
expanded with respect to predefined categories such as taxonomy and metabolism so

will not be explored in this study.

PGFCs are composite features that group metabolic functional information with genome-
resolved taxonomy assignments and were created by grouping all of the orthogroups that
had KEGG orthology, defined via KOFAMSCAN (Aramaki et al., 2020), and extending the
grouping up the hierarchy to modules with respect to taxonomy. Taxonomy for PGFCs
was assigned to the SLC of origin. PGFCs were implemented using the

EnsembleNetworkX Python package updated with Publication IV methodologies.

The quality assessed PGFC dataset contained 2,478 PGFCs representing 89 taxonomic
units and 113 functional units from 8,554 orthogroups; all of which are from bacterial
SLCs. In orthogroup-space, these features would amount to ~37 million non-redundant

connections but only ~3 million% in PGFC-space, effectively compressing the information
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content by ~92%, making prototyping and data exploration tractable on modern compute

machines.

4.5.5 — Characterizing metabolic structures unique to each phenotype

The fourth objective of this study was to investigate the unique and shared characteristics
of caries and caries-free microbial community metabolism. Network theory is an
advantageous framework to pursue this type of systems biology as the associations
between biological features can be interpreted as (indirect) interactions within the
environment. Many traditional approaches use all the available data to construct a single
network and then compare the differential abundance of individual features between two
conditions. While this may be suitable for characterizing high-level mechanisms, this
approach does not fully harness the potential of network analysis; that is, the connectivity
between biological features. To understand how biological interactions change between
phenotypes, a combination of ensemble networks (EnsembleNetworkX debuted in
Publication Ill) and compositionally-valid phenotype-specific coexpression networks
(PSCN) were implemented producing robust networks for caries and caries-free
phenotypes separately. Further, these networks use PGFCs as nodes so that taxonomy
and functionality can be coupled during network inference and interpretation. This
approach allowed not only for characterization of each phenotype individually but also for
comparison between phenotypes through inferred interactions; the true structure of the

network is unknown a priori.
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Neisseria appears to be a key player with high connectivity in the supragingival plaque
oral microbiome regardless of caries phenotype. Previous research has observed
Neisseria as highly abundant in both caries and caries-free microbiomes (Yang et al.,
2021) but this study was the first to report this trend in the context of network connectivity.
Although the connectivity of Neisseria is comparable in both microbiomes, the high
connectivity in the caries microbiome is masked by a plethora of other highly connected
genera and is ranked higher in the caries-free microbiome as a result of fewer high
connectivity genera (Publication IV - Fig. 4A,B). However, different microbial
communities were observed interacting with Neisseria when comparing between caries
and caries-free microbiomes. In particular, several species of Neisseria were interacting
with members of Bacteroidota in the caries-free microbiome and shifts to interactions with
Haemophilus D parainfluenzae and fellow Neisseria in the caries microbiome
(Publication IV - Fig. 4E). This is interesting because several species of Neisseria had
enriched connectivity in the caries-free microbiome and Haemophilus D parainfluenzae
had enriched connectivity in the caries microbiome (Publication IV - Fig. 5A,C). Although,
Neisseria and Haemophilus parainfluenzae are both common in the oral cavity of caries-
free individuals from the perspective of abundance (Keijser et al., 2008; Liljemark et al.,
1984; Zaura et al., 2009), their interactions with other coexpressed microbes known to be

associated with infections in humans may be indicative of caries dysbiosis.

4.5.6 — Characterizing community scale metabolic restructuring using differential

coexpression networks
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Differential coexpression networks (DCN) can reveal changes in connectivity between a
reference and treatment network. As ensemble PSCNs are the building blocks of DCNs
in this study, the DCNs provided the same benefits with respect to compositional validity
and outlier resistance. Previous approaches have used DCNs but did not use
compositionally-valid association metrics nor ensemble networks (Fuller et al., 2007; Hsu
et al., 2015). While differential abundance/expression analyses can be useful in
identifying feature enrichment (e.g., OTU, MAG, ORF, gene, etc.), each method has their
own caveats in assumptions about the data distributions (well characterized in (Morton et
al., 2019) with the establishment of reference frames) and provide no information
regarding differences in pairwise interactions; an essential perspective when studying
diseases resulting from dysbiosis. Using the PSCNcares free @s a reference network and
PSCNcares as the treatment network, this study was able to construct a DCN from
statistically significant PGFCs, determined from PSCN analysis, for seamless cross-

referencing between PSCNs and the DCN.

Unsupervised clustering of the DCN revealed 6 clusters (Publication IV - Fig. 6, Table
S5,6), of which there were 3 high connectivity DCN clusters (HCDC), each being
diagnostic of phenotype. For the only cluster with connectivity enriched in the caries
microbiome, the differential connectivity was primarily from Capnocytophaga sputigena,
Kingella B oralis, Vellonella parvula A, Streptococcus sanguinis, Streptococcus oralis,
and unclassified Streptococcus via carbohydrate and cofactor/vitamin metabolism

(Publication IV - Fig. S4).
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The ability to collapse and expand PGFCs in these abstract network spaces can be used
to identify unanticipated players with uncharacterized interactions relevant to maintaining
either caries-free or caries microbiomes. For instance, Cardiobacterium hominis emerged
as a hub not only in the caries-free microbiome but also in the caries microbiome primarily
through ATP synthesis and carbohydrate metabolism. Cardiobacterium hominis was a
link between the highest differential connectivity clusters for caries and caries-free
microbiomes through carbohydrate metabolism and ATP synthesis. The most
unexpected finding was that Cardiobacterium hominis citrate cycle and fumarate
reductase were highly centralized suggesting a shift in carbohydrate metabolism from

pentose phosphate cycle to citrate acid cycle in the caries microbiome.

4.5.7 — Interpreting PSCNs and DCNs in the context of dental caries

The ensemble networks implemented in this study implicated Cardiobacterium hominis
as a nexus between caries-free and caries dysbiotic states through a transition from
pentose phosphate to TCA cycle carbohydrate metabolism. Previous metabolic research
confirms that both the TCA cycle and the pentose phosphate pathway function within the
supragingival plaque in vivo and glycolytic activation causes an increase in pentose
phosphate activity (Takahashi et al., 2010). These findings suggest that Cardiobacterium
hominis mediated pentose phosphate pathway metabolism promotes a caries-free
microbiome with the support of Streptococcus sanguinis lysine metabolism, Abiotrophia
sp001815873 ATP synthesis, and Neisseria cofactor metabolism (Community-7.1I from
Publication IV - Fig. 7). This hypothesis agrees with previous research as Streptococcus

sanguinis and Abiotrophia have been known to cooccur in caries-free children (Kanasi et
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al., 2010) while Neisseria, as mentioned previously, has been associated with beneficial
oral health. The simplicity of interactions enriched in the caries-free microbiome agreed
with this study’s finding that fewer taxa with more defined metabolisms are indicative of
stable and healthy oral communities; thus, opening the door for potential probiotics,

engineered microbial communities, and therapeutics for oral health and resilience.

The evidence for Cardiobacterium hominis TCA cycle and its association with caries
dysbiosis was more complex as it had considerably more taxa and metabolic pathways
than communities including pentose phosphate pathway. However, this agreed with the
finding that caries-related regime shifts include more high connectivity interactions without
an increase in microbial richness; that is, greater total connectivity with the same core
microbiome. Previous research has shown that the caries microbiome has the potential
to metabolize more diverse sugar source than the caries-free microbiome (Espinoza et
al., 2018) which supports the notion that caries dysbiosis has more complex metabolism
and, therefore, higher total network connectivity. Cardiobacterium hominis TCA cycle had
enriched connectivity to carbohydrate metabolism from Kingella oralis (Cherkasov et al.,
2019), Streptococcus oralis (Kanasi et al., 2010), and Corynebacterium matruchotii (Yang
et al., 2021) in the caries microbiome which have previously been statistically associated
with caries dysbiosis in children. In the DCN community detection analysis,
Cardiobacterium hominis was the only microbe that had connectivities enriched in caries
and in caries-free microbiomes which supports the hypothesis of turncoat behavior with

respect to oral health.
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5 - CONCLUSION

The major conclusions based on the objectives of the thesis are as follows:

e Publication |

NGS data is compositional, this is not optional, and compositionality must
be incorporated when samples are being compared.

When using relative abundances, the distance between variables is
sensitive to the presence or absence of individual components and can
reveal spurious relationships amongst unrelated variables resulting in false
positive correlations.

Aitchison geometry addresses the compositionality of NGS data and
provides a basis for many transforms that accurately represent NGS data.
Log-ratio transformations, a form of Aitchison geometry, perform
equivalently on both the counts and proportions while capturing the
relationships between features within the sample space.

Proportionality is a compositionally-valid association metric that can roughly
be included as a drop-in replacement for correlation.

Association networks can provide a basis for more complex network

structures such as DCNs and SSPNs.

Publication Il

o Based on E. coli transcriptional responses from compounds of the same

MOA suggested that established MOA categories are a spectrum of

biological responses rather than discrete entities.
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o Feature selection used synergistically with hierarchical classification
models (i.e., CoHEC) are effective in classifying complex categories within
noisy datasets.

o CoHEC models can accurately predict the MOA of transcriptomic responses
challenged with crude extract when trained on pure compounds.

o CoHEC models can exceed the performance of a multiclass model using
the same base algorithm (e.g., logistic regression in this study) with only a
fraction of the training data when using the same input features.

o These probabilities computed by the CoHEC model on test sets are
machine informative as unsupervised analysis of these probabilities
clusters compounds by MOA with statistically greater homogeneity than the
input data.

o CoHEC models can flag compounds with novel activity and classes not
represented by the training data as was demonstrated with darobactin.

o CoHEC models are generalizable to non-compositional data such as
metabolomics and perform highly in other biological systems (e.g.,
Mycobacterium smegmatis and other strains of E. coli)

e Publication Il

o Children experiencing SAM have lower microbial richness than MAM and
WN.

o Children experiencing MAM have greater variability in microbiome
compositional compared to SAM and WN.

o Bacterial biomass overall is lower in SAM children.
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o The MAM phenotype appears to be a point of instability between two
“stable” microbiome configurations where stability refers to low variance
communities; that is, WN and SAM.

o Ensemble network can be used as a basis for precision medicine
techniques via SSPN and can be adapted for multimodal datasets.

o Feature selection can be repurposed as a community detection algorithm
when applied to SSPNs allowing edges relevant to a particular phenotype
to be identified.

o Giardia was inversely proportional to enteropathogenic E. coli virulence in
children experiencing SAM suggesting competition for the same ecological
niche.

o Unique associations between sOB-R:leptin with Lactobacillus mucosae, an
unclassified Haemophilus and an unclassified Ruminococcaceae UCG-002
were identified to be predictive of nutritional status.

e Publication IV

o There exists a core oral microbiome of bacteria and viruses in the cohort of
Australian children and this prevalence is maintained despite differences in
geographic region, sex, and age.

o The balance between biological accuracy and compositional sparsity can
be addressed by assembling samples individually to obtain sample-specific
MAGs, retaining their biological accuracy with minimal chimeric contigs, and
clustering MAGs into SLCs that can be compared across non-overlapping

samples.
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o PGFCs can be used for compositionally-valid microbiome feature
engineering to analyze large meta-omics datasets while coupling taxonomy
to functionality.

o Ensemble networks can be applied using compositionally-valid association
metrics and can provide the basis for PSCNs and DCNSs.

o Many species of Neisseria interacted with members of Bacteroidota in the
caries-free microbiome while shifting to interactions with Haemophilus D
parainfluenzae and fellow Neisseria in the caries microbiome.

o Cardiobacterium hominis appears to be a key species in the transition from
a caries-free to caries microbiome via a switch in pentose phosphate to TCA

cycle metabolism.

6 — RECOMMENDATIONS

Based on the findings from this research, recommendations for future studies on

characterizing microbial-related diseases using XAl from a systems perspective are as

follows:

Developing benchmarks and exploring how the sampling size and number of
iterations effects the distributions in the ensemble networks will be critical for
optimizing their usage across different types of datasets.

Adapting the Clairvoyance feature selection algorithm to handle regression
scenarios and making it more scalable using neural network frameworks would

drastically improve the generalizability.
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e Benchmarking the findings of DCNs and SSPNs on the same dataset against
ground truths would allow for a rubric for which framework is the most applicable
to a particular research question.

e Adapting the SLC pipeline into a single executable command line program that
handles eukaryota in addition to bacteria and viruses will be critical for
generalizability to metagenomics datasets from any source.

e Further explore the normalization of connectivity measurements and how these

influence findings when comparing PSCNSs.

7 - EPILOGUE

Developing methodologies through the lens of XAl promotes generalizability for
widespread usage and integrates interpretability into the design so the resulting models
not only have high performance but also provide insight into the underlying mechanisms;
a key feature for biotechnology applications. The development of open-source and
reproducible analysis software coupled with the principles of XAl has the potential of

bringing on a golden age in characterizing microbial-related diseases.

Despite the progressive techniques recently developed to interpret biological systems,
application of XAl in the nascent field of systems biology is far from the status of
omniscient. Not knowing the true topology of a system a priori inherently limits our
approaches towards fully understanding a system’s natural complexity. Furthermore,
biological systems are not static and modeling the transition between states will yield
more intuitive insights on the schematics of these complex structures. The aphorism that

“all models are wrong, but some are useful” (Box et al., 2009) holds truth in the paradigm
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of inference-based systems biology where knowing the true network structure of an
abstract space a priori is not attainable. Part of the reason why biological networks are
complex is because they utilize abstract constructs (e.g., gene as nodes and
proportionality as edge weight) to model observed phenomenon such as disease. This
complexity is the aftermath of the uncertainty of true associations, the sensitivity of the
methods to infer associations, unaccounted variance (e.g. unknown phenotype), and the
dynamics of how these abstractions evolve over time. The abstract space defined by a
network is the source of its versatility while also representing the crux of germane

interpretation.

There exists great potential for the combined efforts of XAl and network analysis to
address the world’'s most pressing issues. Imagine the synergy of XAl, system-wide
cellular modeling (Ebrahim et al., 2013), and "network-of-networks" (multi-level network)
frameworks (Gao et al.) harnessed by domain experts spanning climate science to
microbiology, public health to agriculture, and from economics to politics modeling the
complex flux of resources; an interdisciplinary effort to usurp climate change by identifying

solution states that are not only environmentally sustainable but economically productive.

The future of XAl and systems biology must be approached from creative vantage points
by building combinatorically on the cornerstones of established concepts, understanding
the assumptions of various statistical methods, and interpreting these mathematical
abstractions in the context of insightful biological questions where domain knowledge is

of utmost importance. The combination of domain expertise, advanced analytical
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methods, and creative minds is the foundation of cutting-edge science. Modeling complex
systems has provided insight in the past and will certainly continue to do so in the future
with the evolution of network theory and the inventiveness catalyzed by the human mind

and machines to decipher latent patterns embedded within natural and abstract systems.
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