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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.  



4 

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, I 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 



18 

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 (AI), 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 AI methodologies non-trivial. Explainable AI (XAI) 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. XAI 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 I (Environmental Microbiology). 
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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 II (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 III 

(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 
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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 

plaque 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. 

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. 



24 

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 Dutilh, 

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 

Type Cost Scalability 
Reference-
based Taxonomy Metabolism 

Analysis 
Difficulty 

MGX - Marker Gene Survey * *** ✓ ✓ * 

Shotgun MGX/MTX (Profiling) ** *** ✓ ✓ ✓ * 

Shotgun MGX (De novo) ** * ✓ ✓ *** 

Shotgun MTX (De novo) ** ** ✓ ✓ ** 

Paired MGX - MTX (De novo) *** * ✓ ✓ *** 

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 

(McInnes 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, ConditionB(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., 
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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).   

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 
∆ (B – A) 3 0 0 

Relative A 21.4% 35.7% 42.9% 
B 35.3% 29.4% 35.3% 

∆ (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 Aij 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 (Aij 

equals Aji) or directed (Aij  may or may not equal Aji), 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 ϕ, ϕs, and ρp (Lovell et al., 2015).  The proportionality measures 

ϕ and ϕs both range between [0, ∞), as the asymmetric and symmetric versions, 

respectively (Quinn et al., 2017). The proportionality measure ρp 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 (AI) in popular culture and science fiction is much different in reality. 

In the most general sense, AI 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 AI; and (2) narrow AI. Often times in popular culture, the AI referenced is 

universal AI which exhibits all features of human intelligence but this type of AI research 

is much more niche and is not at the level of real world applications. Narrow AI on the 

other hand, though less well known amongst non-engineers, is much more applicable for 
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research purposes. Narrow AI can be defined as AI that exhibits some aspect of human 

intelligence and designed to accomplish a specific task very well. 

Machine learning is a subset of narrow AI 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 (Baştanlar and 

Özuysal, 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 ClassB) 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 ClassB 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 ClassB. 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 ŷ	,	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 

ŷ and y are measured for each point, squared so all values are positive, and then 

averaged (i.e., MSE = Mean( (ŷ - y)2 )). 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( ŷ == y)2 ).  
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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 I, 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 



46 

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 

XAI is the intersection of domain expertise, mathematics, and computer science (Fig. 5A). 

XAI 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 XAI 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 XAI 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 AI 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. 

XAI is a universal effort, not limited to bioinformatics, to transition our methodology 

towards one of interpretability and high-performance (Gunning, 2017).  The prospect of 

XAI 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 

XAI 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).  

Figure 5 – Explainable artificial intelligence 

(A) Venn diagram of the overlap between biology, mathematics, and computer science to yield XAI. (B)

Schematic of the XAI 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 XAI 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-García 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)).   

3 – PUBLICATIONS 

Table 3 – Overview of peer-reviewed publications for dissertation 

Publication Type Year Journal Impact 

Factor 

DOI 

I Primary 2020 Environmental Microbiology 5.491 10.1111/1462-2920.15091 

II Primary 2021 PLOS Computational Biology 4.475 10.1371/journal.pcbi.1008857 

III Primary 2021 EBioMedicine 8.143 10.1016/j.ebiom.2021.103644 

IV Primary* 2022 PNAS Nexus ** - 

V Secondary 2021 Science Advances 14.136 10.1126/sciadv.abg3088 

Source: 2 year Impact factors determ ned v a Academic Accelerator accessed 2021 11 18 

Primary type pub cat ons are d scussed n th s d ssertat on wh e secondary type pub cat ons are add t ona  pub cat ons that use DUT 

aff at ons. 

* Ind cates an add t ona  pr mary pub cat on, not essent a  for graduat on requ rements, that s n the peer rev ew process but cou d

not be pub shed by the subm ss on of th s d ssertat on. 

** PNAS Nexus s a new journa  but s expected to have an mpact factor s m ar to PNAS 
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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 I-V, that provides analytical methods including the 

Clairvoyance feature selection algorithm and the hierarchical ensemble of classifiers 

model framework described in Publication II. 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 III 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 I, III, 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, III, 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 I 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 

XAI 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 I 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 II - 

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 

I - 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 (Schüssler-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 II – Table 1). 

To produce transcriptome profiles, cultures of an Escherichia coli K12 mutant strain 

W0153 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 XAI 

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 XAI 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 II 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 II. 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 II – 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 II 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; 

NCrude = 4), cell-membrane synthesis (NPure = 2; NCrude = 0), and fatty-acid-synthesis 

synthesis (NPure = 3; NCrude = 0) (Publication II – 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 XAI 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 XAI 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 II – 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% 

LCOCV accuracy) (Publication II – 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 
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model implemented in this study was entirely data-driven to demonstrate the autonomous 

abilities of the XAI methodology by solely using emergent patterns within the training 

dataset in relation to the labeled classes (Publication II – 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 (GeneSetyk

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 II – 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 

GeneSetMulticlass. Of these 399 genes in our CoHEC model, there were 87 of the 98 genes 

(88.8%) in GeneSetMulticlass overlapping and, thus, demonstrating the ability of 

Clairvoyance to identify emergent patterns within the data despite different model 

architectures (Publication II – 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 XAI 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 II – 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 III 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 XAI 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 (y1-y5) and these feature sets have very minimal 

overlap showcasing that each sub-model is engineered for a specific task (Publication II 

– 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 II 

– 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 LCOCV 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 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 

(Publication II – 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 



181 

(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-Muñoz 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 XAI approach that can predict the 

primary MOA from unobserved compounds with high performance.  This data-driven AI 

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 III 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 



183 

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 III 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) TaqMan 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 III 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 III – 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 III – 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 III 

– 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 III – Fig. 1D). A bimodal distribution of SAM 
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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 III 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 III – 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 (µ = 42%) relative to MAM (µ = 

19%) and WN (µ = 18) was observed at the family level. The only differentially abundant 

OTU was an unclassified Klebsiella (Otu000014) with an enrichment in SAM (µ = 16%) 

relative to MAM (µ = 6%) and WN (µ = 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 III – 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; Müller 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; Müller 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 III - 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 III - 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 
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The third objective of Publication III 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., t=0, t=14, and t=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. 
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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 II 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 III – 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 III – 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 II 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 III – 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 XAI 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 III 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 tn and tn + 1; and (2) smallest perturbation 

magnitude from the reference group at tn + 1 where tn and tn + 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 III – 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-Pintó et al., 2019).  
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Another intriguing finding was the high predictive capacity of perturbations in IGF-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 III. 

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 



197 

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 



198 

identified (Publication IV - 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 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[o]A, t-SNE (Van Der Maaten, 2014), or UMAP (McInnes 

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 III) 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 



205 

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 PSCNCar es free as a reference network and 

PSCNCar es 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).  



206 

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.II 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: 

• Publication I

o NGS data is compositional, this is not optional, and compositionality must

be incorporated when samples are being compared.

o 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.

o Aitchison geometry addresses the compositionality of NGS data and

provides a basis for many transforms that accurately represent NGS data.

o 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.

o Proportionality is a compositionally-valid association metric that can roughly

be included as a drop-in replacement for correlation.

o Association networks can provide a basis for more complex network

structures such as DCNs and SSPNs.

• Publication II

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)

• Publication III

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.

• 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 DCNs.

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 XAI 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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• 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.

• 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.

• Further explore the normalization of connectivity measurements and how these

influence findings when comparing PSCNs.

7 – EPILOGUE 

Developing methodologies through the lens of XAI 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 XAI 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 XAI 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 XAI and network analysis to 

address the world’s most pressing issues. Imagine the synergy of XAI, 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 XAI 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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