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ABSTRACT
Microbial communities (microbiomes) comprise a vast component of life on our

planet. They are involved in many fundamental processes, ranging from balancing global
biogeochemical cycles to influencing human health. Recently, advances in genome-
sequencing technologies have allowed us to explore the genetic diversity of microbiomes
in high-throughput, cataloging hundreds of thousands of microbial species and millions
of genes. As genomic data is accumulating, the challenge remains: to translate genome
sequences into functional predictions of relevant phenotypes. A promising approach to
address this challenge is the annotation of genomic data to a metabolic network (referred
to as genome-scale metabolic model reconstruction), which can then be analyzed to
simulate metabolic phenotypes. Although this approach has provided valuable insight
into microbial phenotypes, there are many sources of uncertainty in both reconstruction
and analysis of genome-scale metabolic networks that currently limit their application.
The development of improved reconstruction and analysis methods, and additional

sources of data, that further address this uncertainty would facilitate our understanding of

microbial community function.



The first section of this dissertation is a review that outlines the major
uncertainties along a general pipeline for genome-scale metabolic model reconstruction
and analysis, and highlights existing approaches for addressing them. An emphasis is
placed on probabilistic and ensemble based methods that can be used to formally
represent uncertainty and facilitate the crystallization of metabolic network knowledge.
The second section of this dissertation introduces a new probabilistic genome-scale
metabolic model analysis method, inspired by percolation theory, to quantify the
biosynthetic capabilities of microbial organisms in uncertain environments. This method
was applied to microbial organisms from the human oral microbiome, providing broad
insight into the structure of this microbial community. The third section of this
dissertation describes the development of an experimental device to facilitate the
collection of data related to metabolic interactions between microbes. The data collected
with this device was probabilistically integrated with a mechanistic metabolic model to
gain quantitative insight into the syntrophic interaction between an engineered E. coli
auxotroph pair.

Together, the work described in this dissertation introduces several novel
probabilistic methods for metabolic modeling of microbial communities, and sets the
stage for future work that can further improve our understanding of these important

biological systems.
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CHAPTER ONE: General Introduction

Microbial Communities:

Microbial communities (microbiomes) exist all around us, and are found in
staggering diversity and density. A single gram of soil contains 2,000-50,000 microbial
species (BioNumbers ID 107286) (Milo et al. 2010). The total number of cells in the
human body is roughly equal to the number of bacterial cells found in and on the human
body (the human microbiome) both consisting of ~30 trillion cells (Sender, Fuchs, and
Milo 2016). Functionally, microbial communities are important for countless processes
ranging from driving biogeochemical cycles (Whitman, Coleman, and Wiebe 1998) to
maintaining human health (Turnbaugh et al. 2007; Huttenhower et al. 2012).
Evolutionarily, microbes are ancient, and life as we know it has evolved in their presence.
In the words of the great evolutionary biologist Stephen Jay Gould “This is truly the ‘age
of bacteria’ — as it was in the beginning, is now and ever shall be.” (Gould 1994)

Over the last two decades, advances in genome-sequencing technologies have
allowed us to explore the genetic diversity of microbiomes in high-throughput. Amplicon
sequencing of microbial ribosomal subunits has given us a broad view of microbial
diversity, and metagenomics sequencing has provided insight into the vast number of
genes encoded in the genomes of these organisms. The use of sequencing to survey the
microbial world allows us to gain insights in much higher-throughput than was
previously possible with culture-dependent methods. These new insights have
significantly expanded our understanding of the tree of life, revealing a large radiation of

microorganisms that have never been cultured in the lab (Hug et al. 2016).



Our understanding of human physiology has also been revolutionized by the high-
throughput sequencing of microbial genomes. Though the exact number is still debated,
the human genome consists of ~20,000 protein coding genes (Salzberg 2018; Pertea et al.
2018). A recent survey of gut and oral microbiomes identified ~7.8 million and ~10.4
million genes in each (using a conservative 50% identity threshold (Tierney et al. 2019).
Furthermore, almost half of these genes were singletons, found in only one microbiome
sample, indicating that the number of genes associated with the human microbiome will
only continue to grow as we collect more data. As genes represent possible biological
functions, this analysis demonstrates the potentially profound impact of the human
microbiome on health and well-being. Additionally, this microbial component of the
human system can be readily changed during the lifespan of an individual, in contrast to
the human genome (gene editing aside). This increased mutability further promotes the

human microbiome as a promising vector through which human health can be improved.

Metabolic Modeling:

Given the vast wealth of genome-sequencing data associated with microbial
communities, and their importance in countless processes, the challenge remains: how do
we translate genomic data into functional predictions of relevant microbial phenotypes?
This is one of the fundamental goals of systems biology in the genomic era. The
simulation of microbial phenotypes from genomic data requires some model of how the

microbial cell functions (Illustration 1).



A promising modeling paradigm, for translating genomic data into phenotype
predictions, that has emerged alongside genome sequencing is the use of genome-scale
metabolic models (GEMs) (Gu et al. 2019). This approach focuses on metabolism, the
interconnected network of chemical reactions that support the energetic and biosynthetic
demands of the cell. An alternative method, whole-cell modeling, attempts to model all of
the physiological processes of the cell (metabolism, transcription, translation, replication,
etc.)(Karr et al. 2012; Goldberg et al. 2018). While whole-cell modeling is an exciting
goal, current whole-cell models are prohibitively complex, requiring long run times and
the use of a large number of parameters that cannot be reliably estimated (Babtie and
Stumpf 2017). In contrast, genome-scale modeling (by focusing on metabolism and
implementing steady-state assumptions) relies on relatively few parameters and can be
used to simulate cellular phenotypes in fractions of a second. Thus genome-scale
metabolic modeling currently offers a practical balance between model complexity and
feasibility for the analysis of genomic data from microbial organisms.

The first genome-scale metabolic model was constructed for H. influenzae in
1999 (Edwards and Palsson 1999). Since then hundreds of well-curated GEMSs have been
reconstructed (Z. A. King et al. 2016; Norsigian, Pusarla, et al. 2020), and hundreds of
thousands of draft GEMs can be reconstructed via automated pipelines such as the
modelSEED pipeline housed on the department of energy systems biology
knowledgebase (KBase.us) (Arkin et al. 2018). These models have been used to provide
valuable biological insights in fields ranging from cancer to human microbiome research

(Gu et al. 2019).



While GEMs have proven to be powerful tools for mapping genomic data to
phenotypes, there are still systematic uncertainties associated with GEM reconstruction
and analysis. These uncertainties limit the trust associated with GEM simulations and
their broad application, particularly for the analysis of non-model organisms (of which
essentially all microbial community members are). Thus, new methods are needed for the
reconstruction and analysis of genome-scale metabolic models that focus on formally
characterizing uncertainties, such that they can be reduced and model simulations can be
conducted in a manner that is robust to model uncertainties. These new methods should
incorporate a probabilistic framework through which uncertainties in model parameters
can be formally represented. Progress in this area would greatly contribute to the
application of genome-scale metabolic modeling towards uncovering the function of
microbial communities, ultimately improving our understanding of these important
systems.

Systems Biology in the Genomic Era

(Genotype)—{ Model J—»(Phenotype)

Genome-scale Metabolic Modeling

Metabolic
(Genotype)—»( Network J—»(Phenotype)

Ilustration 1.1: Genotype to Phenotype Mapping

Translating genomic data into relevant predictions of phenotypes requires some sort of model of
how the cell functions. One powerful modeling paradigm for accomplishing this translation is
genome-scale metabolic modeling, which maps the genotype to a metabolic network that is then
used to simulate cellular phenotypes.



Dissertation Overview:

The first section of this dissertation is a review of uncertainties in GEM
reconstruction and analysis, highlighting key approaches that have been developed to
address these uncertainties. This review is organized along a general pipeline for GEM
reconstruction and analysis providing a broad overview of the entire pipeline and detailed
insight into uncertainties in each individual step. Emphasis is placed on probabilistic and
ensemble based methods, which can be used to formally represent uncertainty and
facilitate the crystallization of our knowledge of metabolic networks. The second section
of this dissertation describes a new probabilistic GEM analysis method to quantify
microbial biosynthetic capabilities in uncertain environments. This method uses an
approach inspired by the statistical physics concept of percolation to quantify how
robustly a given metabolic network can produce a given metabolite, or set of metabolites,
in an uncertain environment. This method was used to analyze microbes from the human
oral microbiome, providing insight into the structure of this important microbial
community. The third section of this dissertation describes the design, development, and
implementation of an experimental device that facilitates the measurement of metabolic
interactions between microorganisms. This device was used to investigate the interaction
between a syntrophic E. coli amino acid auxotroph pair. The data related to this co-
culture, collected with the device, was integrated probabilistically with a mechanistic
metabolic model of the organisms’ interaction, through an approximate Bayesian
computation based approach, to gain quantitative insight into the nature of their

interaction.



CHAPTER TWO: Review of Uncertainty in GEM Reconstruction and Analysis

This section was originally written for the Review Atrticle:
Bernstein D.B., Sulheim S., Almaas E., Segré D. “Addressing Uncertainty in Genome-Scale
Metabolic Model Reconstruction and Analysis.” In Progress. 2020.

All of the authors listed have contributed to editing and suggesting references for the
introduction, all review sections, and the discussion sections of this chapter. My contributions
were to devise the original idea for the manuscript, make the figure, collect references for and
write the original draft of the abstract, introduction, review sections: genome annotation,
environment specification, and network gap-filling, and the discussion. The review sections:
biomass formulation and flux simulation were originally drafted by Snorre Sulheim.

Abstract

Genome-scale metabolic model reconstruction and analysis is a powerful systems
biology approach for understanding the high-dimensional data associated with cellular
phenotypes. It has been used for a large number of applications ranging from modeling
human diseases to microbial interactions. However, the biological insights gained through
genome-scale metabolic models, particularly for non-model organisms, have been limited
due in part to uncertainty arising in their reconstruction and analysis. Here we present a
review of major sources of this uncertainty and existing approaches for addressing them.
We organize the review along a general pipeline for network reconstruction and analysis,
consisting of several major steps: 1) genome-annotation, 2) environment specification, 3)
biomass formulation, 4) network gap-filling, and 5) flux simulation. We emphasize that
focusing on, and formally characterizing, the uncertainty in this pipeline offers an exciting
opportunity to use genome-scale models as a backbone to integrate data and crystalize our

knowledge of metabolic networks.



Introduction

Cellular metabolism is an incredibly important complex component of living
systems. As our knowledge of the interconnections of metabolic reactions making up this
system has progressed, our representation of metabolism has evolved from individual
reactions and pathways to genome-scale metabolic models (GEMs) that aim at capturing
the entirety of metabolic functions of a cell. These systems-level networks can be
succinctly represented in a way that enables sophisticated mathematical analysis through
a stoichiometric matrix. While the ways to best use this formalism to predict phenotypes
will likely evolve beyond current paradigms, the representation of cellular metabolism as
a stoichiometric matrix is here to stay: not only does it provide a framework for species-
specific knowledge and mapping of complex data, but it facilitates the translation of
hypotheses and ideas into algorithms that can be used to generate testable predictions of
metabolic phenotypes and intracellular fluxes, a paradigm that has revolutionized
biotechnology (Gu et al. 2019). One of the most powerful implications of the
representation of metabolism as a stoichiometric matrix is that it effectively constrains
the possible space of metabolic rates (or fluxes) comprising an organism's metabolic
phenotype at steady state. From its early stages as a metabolic engineering method known
to a few experts (Papoutsakis 1984) this approach has developed into the broad field of
constraint-based reconstruction and analysis (COBRA) of metabolic networks, and into
one of the flagship methods of systems biology. A large number of different COBRA
methods have been developed that constrain and analyze the flux space (Lewis,

Nagarajan, and Palsson 2012; Heirendt et al. 2019; Ebrahim et al. 2013).



Over 100 well curated GEMs exist for a range of prokaryotes and eukaryotes,
offering an organized and mathematically tractable representation of these organisms’
metabolic networks (Z. A. King et al. 2016; Norsigian, Pusarla, et al. 2020). A detailed
protocol has been described for the reconstruction of well-curated GEMs for new
organisms (Thiele and Palsson 2010). Additionally, the increased availability of genome-
sequencing in combination with the development of pipelines for automatic model
reconstruction has led to several frameworks which support fairly simple and rapid model
reconstruction for a large number of non-model organisms (Heirendt et al. 2019; Ebrahim
et al. 2013; Mendoza et al. 2019; Labena et al. 2018). For example, the department of
energy systems biology knowledgebase (KBase.us) currently enables the automatic
generation of draft GEMs from over 80,000 sequenced genomes (Arkin et al. 2018).
Through these frameworks, GEMs are becoming a powerful tool for analyzing and
understanding the vast and rapidly accumulating wealth of genome-sequence data
describing the biological world.

The power of genome-scale modeling is found in the ability to consider the
metabolism on the cellular level instead of treating metabolic pathways as separate
entities, in line with the expectations of systems biology (Kitano 2002). Analyzing the
entire metabolic network at the systems level can lead to unexpected insights into
metabolic processes. Through this approach, GEMs have illuminated metabolic processes
in many different biological systems ranging from human cells to microbial communities
(Gu et al. 2019; O’Brien, Monk, and Palsson 2015; Brunk et al. 2018; Cook and Nielsen

2017; Dunphy and Papin 2018; Biggs et al. 2015; Kim, Kim, and Lee 2017). While these



models are among the best tools available for gaining systems level insight into high-
dimensional omics data describing cellular phenotypes, they do have limitations. The
primary limitation being that they focus only on metabolism. An alternative approach,
whole-cell modeling, can be used to simulate all known processes in a cell, but these
more complicated models require longer run times and a larger number of uncertain
parameters (Karr et al. 2012; Goldberg et al. 2018). Thus, GEMs strike a successful
balance on the trade-off between coverage of cellular phenotypes and model complexity.
Although GEMs are becoming broadly applicable, their usage, particularly for
non-model organisms, is still limited by uncertainty arising in both model structure
(reconstruction) and simulation results (analysis). The application of benchmarking, and
quality control and assurance procedures, such as the community-driven MEMOTE
initiative (Lieven et al. 2020), are crucial to assess the fidelity of genome-scale models.
However, these standards do not directly address the sources of uncertainty in model
reconstruction and analysis. Reconstruction pipelines typically only yield one of many
possible reconstructions (Figure 2.1). At each step of the reconstruction pipeline, from 1)
genome annotation to 2) environment specification, 3) biomass formulation, and 4) gap
filling, the inherent uncertainty could potentially yield a range of different models. This
can lead to different shapes and dimensions of the solution space, which in combination
with the choice of 5) flux analysis method could result in different model predictions and
biological interpretations. Even though GEMs undoubtedly are powerful tools that can
unveil non-intuitive mechanisms, the relevance and trust in the predictions rely on our

ability to assess and communicate the associated uncertainty (Kirk, Babtie, and Stumpf



10

2015). In this review we address the sources of uncertainty and available methods for
addressing it, organized along a standard COBRA pipeline. We aim to highlight existing
methods that address uncertainty and point towards key areas where improvement could
lead to predictions that are more robust to uncertainty and stochastic effects. We believe
that formally representing uncertainty in GEM reconstruction and analysis will facilitate
the integration of omics data and enhance efforts to understand complex cellular

metabolic phenotypes.
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Figure 2.1: Addressing uncertainty in a general pipeline for genome-scale model
reconstruction and analysis

The left side outlines several key steps in the pipeline. The central black arrow shows a standard
approach, which yields a single output from each step. The grey arrows demonstrate the
uncertainty in this process, representing the output of each step as an ensemble of possible results.
The right side displays details of each step, highlighting key sources of uncertainty and
approaches that have been used to address them.

1) Genome annotation: each gene is probabilistically annotated to multiple different genes in an
annotation database, potentially having unrelated functions, which are subsequently mapped to
metabolic reactions.

2) Environment specification: complex growth environments are partially inferred through
knowledge of the environmental composition and reverse ecology methods that predict microbial
growth preferences from metabolic networks. Random sampling is used to represent uncertainty
in environment specification, and to analyze the robustness of model solutions.

3) Biomass formulation: the biomass is known to vary - not only between organisms, but also
within an organism in different growth conditions. These variations lead to differences in the
macro-molecular composition (DNA/RNA, protein, lipids, etc.) and in the micro-molecular
composition (the specific metabolites). The coefficients of the biomass function are altered to
represent uncertainty and analyze the robustness of model solutions.

4) Network gap-filling: a probabilistic reaction database is used to represent uncertainty in the
input to the gap-filling step to guide the choice of the most likely reactions for gap-filling. De
novo predicted reactions, that have yet to be discovered, are used to further expand this reaction
database. The gap-filling solution is represented as an ensemble of possible results, representing
the uncertainty in the output of the gap-filling step.

5) Flux simulation: the space of possible flux simulations is a subset of the reaction space
constrained by the metabolic network and given assumptions. A flux state can be found in this
space by optimizing a specified objective. Alternatively, the solution space itself can be used as
the output, or possible flux states can be sampled to represent the uncertainty.
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Review

Genome Annotation

The first step towards a genome-scale network reconstruction is to identify which
genes are present in the genome and the metabolic function of the gene products.
Annotation for a GEM reconstruction is typically enabled by a number of different high-
throughput annotation databases. Several commonly used options include: RAST (Aziz et
al. 2008; Overbeek et al. 2014; Brettin et al. 2015), KEGG (Kanehisa and Goto 2000;
Kanehisa et al. 2019; Kanehisa 2019), MetaCyc (Caspi et al. 2014), PROKKA (Seemann
2014), UniProt/Rhea (UniProt Consortium 2019; Morgat et al. 2020), EFICAz (N. Kumar
and Skolnick 2012), or BRENDA (Jeske et al. 2019). These approaches typically
implement a multi-step annotation process utilizing homology-based gene and protein
family matching, often also including phylogenetic and genomic context. The use of
these annotation databases in GEM reconstruction pipelines is covered in more depth in
several recent reviews (Mendoza et al. 2019; Labena et al. 2018). Each of these pipelines
produce a functionally similar output, an annotation of the metabolic enzymes for a given
organism’s genome. However, the results between pipelines differ due to differences in
the databases and methods used in each step of the annotation process. These differences
highlight the uncertainties that exist in this process. Uncertainty arises in functional
annotation as homology-based methods are accurate only up to a certain degree (Tian and
Skolnick 2003), miss-annotations are present in large databases (Schnoes et al. 2009),
and many genes can only be annotated as hypothetical sequences of unknown function

(particularly for non-model organisms) (Lobb et al. 2020). In practice, multiple databases
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are often combined to increase the coverage of annotation when reconstructing a genome-
scale metabolic model (Griesemer et al. 2018; Liberal et al. 2015). However, this
approach is only a partial remedy in addressing the uncertainty in this process.

A few reconstruction pipelines try to circumvent the problem of incorrect or
missing functional annotation by using previously curated GEMSs as annotation templates.
Using several different reconstruction pipelines - RAVEN (Agren et al. 2013; H. Wang et
al. 2018), AuReMe/Pantograph (Aite et al. 2018; Loira, Zhukova, and Sherman 2015), or
MetaDraft (Hanemaaijer et al. 2017) - the user can map one organism directly to a
curated model of a closely related organism by using homology search between the two.
Another reconstruction pipeline, CarveMe, uses a curated global reconstruction as the
reference and “carves out” reactions to create organism-specific models (Machado et al.
2018). Yet another approach can be used to reconstruct multiple metabolic networks
simultaneously, for example ensuring consistent annotations across strains of a given
species (Norsigian, Fang, et al. 2020). While these methods may provide more complete
reconstructions that require less gap-filling, they don’t solve the fundamental issue of the
uncertainty in the mapping of homologs nor provide an estimate of the uncertainty of the
presence of each reaction in the network.

To manage this uncertainty, several probabilistic annotation methods have been
developed. Gene context and metabolic network topology have been used to improve the
functional annotation of reactions in metabolic networks (Liberal and Pinney 2013;
Chitale, Khan, and Kihara 2016). Other approaches utilize a homology based probability

by keeping track of all of the possible matches to a particular sequence, instead of simply
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returning the best hit, and combine this probability with other context information in a
probabilistic manner. GLOBUS (global biochemical reconstruction using sampling) uses
Gibbs sampling to estimate annotation probabilities based on sequence identity and
context-based information (Plata et al. 2012). Context-based information includes gene
correlations from transcriptomics, co-localization of genes on the chromosome and
phylogenetic profiles. This information is complementary to sequence homology for
inferring functional protein annotations (Hsiao et al. 2010). In addition to providing
annotation probabilities, the GLOBUS method also provides suggestions for alternative
annotations and a measure for choosing between annotations with identical sequence
identity. A similar concept was later used to predict the likelihood of the presence of a
reaction in an organism’s reaction network (Benedict et al. 2014; B. King et al. 2018): the
likelihood of a functional annotation is here predicted from sequence similarity by using
the E-value provided from BLASTP. The likelihoods were then used to gap-fill draft
model reconstructions, further discussed in the gap-filling section. A different
probabilistic approach for model reconstruction of multiple species uses phylogenetic
knowledge to reconstruct GEMs for multiple organisms in parallel (Pitk&nen et al. 2014).
The prior probabilities for the presence of each enzyme in each organism is calculated
using both BLAST and Global Trace Graphs (Heger et al. 2007). The latter method is
better at identifying distant homologs. Both are subsequently used in combination with
the phylogenetic knowledge to create a Bayesian network model which predicts posterior
probabilities for the presence of each enzyme in each of the selected organisms as well as

their ancestors. These approaches could form the basis for future probability-based model
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reconstruction pipelines.

Beyond GEM reconstruction, functional annotation is utilized broadly for
genome-sequence analysis with many large-scale initiatives aimed at improving
performance (Roberts et al. 2011; Chang et al. 2016; Gerlt et al. 2011; Radivojac et al.
2013; Zhou et al. 2019). Since the early days of functional annotation, it has been shown
that utilizing data sources beyond direct homology can improve annotation performance
(Galperin and Koonin 2000; Marcotte 2000; von Mering et al. 2003) - such as: genomic
context (Overbeek et al. 1999; Osterman and Overbeek 2003), phylogenetic profiles
(Zheng, Roberts, and Kasif 2002; Wu, Kasif, and DeLisi 2003), conserved gene co-
expression (van Noort, Snel, and Huynen 2003), or protein/protein interactions (Letovsky
and Kasif 2003). Furthermore, integrating this data probabilistically can further improve
function prediction (Nariai, Kolaczyk, and Kasif 2007). Recently, more sophisticated
homology based annotation tools have been developed that can improve the speed and
accuracy of functional annotation (M. N. Price and Arkin 2019; Yunes and Babbitt 2019).
Knowledge of enzyme active/catalytic sites, when available, can help to improve
sequence based functional annotation (George et al. 2005; Ribeiro et al. 2018). Machine
learning approaches have been developed to directly learn the nonlinear function
mapping protein sequence to function, while also integrating various different sources of
data (Bonetta and Valentino 2020). These approaches have been found to provide lower
false discovery rates relative to methods based purely on sequence similarity (Yu et al.
2018). Additionally, the annotation of specific classes of proteins such as biosynthetic

gene clusters (Kautsar et al. 2020; Blin et al. 2019), transporters (Elbourne et al. 2017),
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and amino acid biosynthetic pathways (Price, Zane, et al. 2018) can be improved by
using specifically tailored databases. New high-throughput experimental methods can
also be used to assess, simultaneously, the function of many genes in a large number of
environments. This data can facilitate the improved annotation for many unknown genes
(Price, Zane, et al. 2018; Price, Wetmore, et al. 2018). While these more sophisticated
methods are quite promising, few of them have been integrated into high-throughput
GEM reconstruction pipelines, and doing so is an opportunity to significantly reduce

uncertainty in genome annotation.

Environment Specification

Before simulating the metabolic fluxes of a particular microbial organism, one
must define the chemical composition of the environment. This is straightforward in
simple laboratory experiments when using defined media where the chemical
composition is known. In this context, databases such as Media DB (Richards et al. 2014)
or KOMODO (Oberhardt et al. 2015) have cataloged a large number of defined media,
which greatly facilitates metabolic modeling. Many laboratory experiments, however, are
performed in undefined media containing ingredients such as “yeast extract” that cannot
be easily quantitatively defined. In nature, microbes often exist in highly complex
environments where the chemical inputs to the system are undefined, vary with time, and
are altered by other microbes in the environment. All of these factors lead to a wide range
of uncertainty arising in environment specification for metabolic network analysis.

GEMs provide an opportunity to address the uncertainty associated with complex

environments as they allow for high-throughput simulation of metabolic phenotypes in a
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large ensemble of different environments representing uncertainty. Several approaches
have taken advantage of this by randomly sampling environments to assess robustness
and variation in metabolic capabilities. Random sampling of environments has been used
to assess the general properties of metabolic network fluxes (Almaas et al. 2004; Eivind
Almaas, Oltvai, and Barabasi 2005; Reed and Palsson 2004). This work revealed that
metabolic flux states are characterized by a high-flux backbone which covers most of the
metabolic rearrangements in response to different environments. However, the generic
flux distribution is independent of environmental conditions (Almaas et al. 2004).
Subsequent work highlighted the importance of a connected core of reactions that carry
flux in all environments (Eivind Almaas, Oltvai, and Barabasi 2005), and identified
trends in reactions with correlated fluxes across environments (Reed and Palsson 2004).
A more recent approach, inspired by the statistical physics concept of network
percolation, utilizes environmental random sampling to quantify which metabolites can
be produced robustly by a metabolic network in an uncertain environment (D. B.
Bernstein, Dewhirst, and Segre 2019). This approach introduced a probabilistic
framework for representing the input metabolites of a metabolic network, which could
further facilitate random sampling of environmental ensembles in future methods.
Random sampling of environments has also been extended to models of interacting
metabolic networks (Klitgord and Segré 2010b; Pacheco, Moel, and Segré 2019). In this
context, it was demonstrated that varying the environment can alter the nature of
metabolic interactions between microbial organisms (Klitgord and Segre 2010b), and that

certain environmental variables, such as the presence of oxygen, can have a significant
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impact on the interaction types that arise (Pacheco, Moel, and Segre 2019).

A separate class of methods seeks to utilize metabolic networks to inform the
environment. Several of these “reverse ecology” methods can be used to define “seed”
metabolites that are needed as inputs by a metabolic network and are therefore more
likely to be found in that organism's natural environment (Levy and Borenstein 2012;
Borenstein et al. 2008). Studying seed metabolites has provided insight into microbial
cooperation and competition (Carr and Borenstein 2012; Kreimer et al. 2012; Levy et al.
2015), including identifying trends associated with co-occurring organisms in the human
microbiome (Levy and Borenstein 2013). In addition to the seed metabolites defined by
the above methods, several methods have been developed to predict the nutrient
requirements of a metabolic network using constraint based modeling (Zarecki et al.
2014; Andrade et al. 2016; Seif et al. 2020). These predictions can likewise be used to
infer the preferred environment of a metabolic network and calculate metrics that are
correlated with interactions between organisms.

The studies mentioned above have demonstrated the use of randomly sampled
environmental ensembles to gain insight into the robustness and variation of metabolic
networks in the face of environmental uncertainty. While these methods have
implemented various methods for randomly sampling environments, they all use uniform
priors (all environments are equally likely to be sampled). Future approaches could
represent uncertainties regarding the environment more accurately by using biased
distributions that incorporate knowledge about the environment when it is available. This

approach would fill the gap between assuming a single known environment and randomly
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sampling environments uniformly. Additionally, environment sampling could be used to
vary the concentrations of different environmental components, in addition to their
presence and absence, to assess the impact of these quantities on metabolic network
properties. Finally, in addressing uncertainty in highly-complex environments, reverse
ecology methods offer a promising tool for using the metabolic network itself to better
understand its native environment. An iterative feedback between reverse ecology
methods and simulating metabolic network properties in uncertain environments could be

an especially promising method for reducing environmental uncertainty.

Biomass Formulation

The biomass function is an inventory list of all compounds essential for growth of
a given organism, weighted according to the relative ratios and scaled to represent the
amount of each component present in 1 g of dry-weight biomass. The biomass function is
used to represent growth in GEMSs and is necessary to perform popular analysis such as
Flux Balance Analysis (FBA) (Varma and Palsson 1994). The biomass function in
general is reviewed elsewhere (Feist and Palsson 2010), whereas we put emphasis on the
associated uncertainty and inaccuracy. The main source of uncertainty in the biomass
formulation is the variation in biomass across different organisms (Beck, Hunt, and
Carlson 2018). Furthermore, even within the same organism the biomass function can
change in response to changes in growth rate and nutrient availability (\Volkmer and
Heinemann 2011; Schaechter, Maalge, and Kjeldgaard 1958; M. Scott et al. 2010;
McKEE and Knowles 1987; Chrzanowski and Grover 2008; T. Scott, Cotner, and LaPara

2012; Ballesta and Schaechter 1971; Pramanik and Keasling 1998; Schmidt et al. 2016;
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Carnicer et al. 2009), and temperature and osmotic stress (Chrzanowski and Grover 2008;
Cotner, Makino, and Biddanda 2006; 2006; Williams et al. 2010). To illuminate this
uncertainty, Xavier et al. performed hierarchical clustering of the biomass function of 71
curated models and found large discrepancy between species of the same phyla, and also
between different model versions of the same species (Xavier, Patil, and Rocha 2017).
Rather than taxonomic relations, the clusters were defined by the template biomass
functions used in the model reconstruction. In a survey of plants, the biomass was only
experimentally determined in 5 of 21 GEMs (Yuan et al. 2016).

A number of studies have addressed the sensitivity of model predictions to
changes in biomass formulation. Because these studies differ both in how the biomass
function is changed and which model predictions are evaluated, they reach different
conclusions. Initially, Pramanik and Keasling (1997, 1998) used correlations between
growth rate and macromolecular abundances to estimate growth-rate specific biomass
compositions in E. coli. When the high growth-rate biomass composition was used to
simulate fluxes in a low growth rate environment, or vice versa, the total deviation from
measured fluxes increased drastically compared to simulations with correct biomass
specification (Pramanik and Keasling 1997). Secondly, they showed that the predicted
fluxes were sensitive to changes in the fatty acid composition of the biomass (Pramanik
and Keasling 1998). More recent analyses of the effect of changing the biomass
composition have shown: little effect on the growth yield in the P. putida GEM
(Pucha'ka et al. 2008), a large influence on gene knock-out growth predictions in S.

cerevisiae (Duarte, Herrgard, and Palsson 2004), and variable effect on substrate uptake
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rates in S. cerevisiae (Nookaew et al. 2008). A more thorough study by Dikicioglu et al.
(2015) related the sensitivity of flux analysis to quantitative changes in the biomass
function (Dikicioglu, Kirdar, and Oliver 2015): When increasing the abundance of a
single nutrient in the biomass function, correlations between predicted fluxes were
affected in a non-linear and nutrient specific fashion. This was especially evident when
changes in the biomass composition changed the identity of growth-limiting nutrients.
This is not surprising, as an incremental change in a biomass coefficient can cause a
discrete switch of the location of the optimal-solution in flux space. The application of a
robust optimization framework (RAMP) to assess allowed stoichiometric variation for
two E. coli GEMs in response to systematic changes in biomass coefficients found a
significant level of heterogeneity (MacGillivray et al. 2017): A total of 18 of the 72
biomass coefficients allowed unbounded variation. Among the remaining (bounded)
coefficients, 23 allowed a variation larger than their magnitude, suggesting that even their
sign was uncertain in the GEM formulation.

Aside from changing the quantitative values of the coefficients in the biomass
function, the composition of the biomass can be qualitatively changed by including or
removing different components to assess the sensitivity of model predictions. Leveraging
three independent reconstructions of Arabidopsis thaliana with substantially different
biomass reactions, Yuan et al. (2016) found that the fluxes in central carbon metabolism
were robust to replacement of the biomass reaction from one of the other models (Yuan
et al. 2016). In contrast, Xavier et al., 2017, swapped biomass reactions between different

bacterial species and found up to 30% change in predicted essential reactions (Xavier,
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Patil, and Rocha 2017). From comparison of 71 biomass functions the authors also
suggest a list of essential cofactors of prokaryotic metabolism and use it to identify
missing pathways in Klebsiella pneumoniae.

Although the effect of uncertainty and error in the biomass coefficients depends
on a large number of variables as well as how the effect is measured, it is clear that
GEMs would benefit for an increased precision in the biomass coefficients, representing
both the correct organism and being condition specific. The current lack of biomass
specificity is likely caused by the substantial workload required to provide accurate
estimates of biomass composition as well as missing standards. This obvious need has
recently been addressed by a new, standardized experimental protocol (Beck, Hunt, and
Carlson 2018) and the software BOFdat (Lachance et al. 2019). BOFdat not only
provides a pipeline for computation of biomass coefficients, but they also report that the
macromolecular composition is the most important factor in determining stoichiometric
coefficients, and should therefore be prioritized above ‘omics datasets. One elegant
feature of BOFdat is a genetic algorithm which samples ensembles of biomass
compositions to calculate optimal carbohydrate and small-molecule biomass components
using the metabolic network and knockout phenotype data. Further improvements of this
approach, or alternative methods utilizing biomass ensembles, could incorporate
metabolomics data to reduce the uncertainty in the small molecule biomass composition

and coefficients, and reveal missing pathways in the metabolic network.
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Network Gap-filling

Gap-filling is an important step in automated metabolic network reconstruction
that transforms a draft network into a network that is capable of simulating fluxes. In
general, gap-filling approaches utilize a universal database of possible reactions to
augment an existing metabolic network with the goal of connecting dead end metabolites
and thereby unblocking reactions not formerly able to carry flux. Typically, the reaction
that is being unblocked is the biomass reaction, such that the metabolic network can
simulate growth in a known growth-supporting environment.

Gap-filling approaches are often utilized for automated and semi-automated
metabolic network reconstruction (Henry et al. 2010; Magnusdéttir et al. 2017). Early
gap-filling algorithms (Orth and Palsson 2010; Satish Kumar, Dasika, and Maranas 2007,
Reed et al. 2006) and more recent faster algorithms (Thiele, Vlassis, and Fleming 2014;
Latendresse 2014) have been reviewed previously (Pan and Reed 2018). Here we focus
on the uncertainty associated with this important GEM reconstruction step. Gap-filling is
an inherently uncertain process as the reactions added by gap-filling algorithms are not
necessarily supported by genomic evidence, and multiple solutions can be found to
satisfy the same problem. Due to this uncertainty, basic gap-filling algorithms are known
to be somewhat inaccurate (Karp, Weaver, and Latendresse 2018), and recent
benchmarking of several gap-filling methods on randomly degraded well-curated
metabolic networks has highlighted the variability in gap-filling performance
(Latendresse and Karp 2018, 2018). Furthermore, many genome-scale metabolic models

contain significant inconsistencies even after the application of gap-filling approaches
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(Fritzemeier et al. 2017), and their identification is important for ensuring model fidelity
(Martyushenko and Almaas 2020).

Many approaches aim to constrain the uncertainty in gap-filling solutions, and
therefore improve its performance, by including various different sources of data that
provide evidence for a reaction being in the metabolic network. Growth phenotype data,
cataloging growth/no growth in different environments, is the classic form of data used in
this context. The GrowMatch algorithm first provided an optimization based approach to
reconcile either false negative or false positive growth predictions by adding, removing,
or changing the reversibility of a minimum number of reactions (V. S. Kumar and
Maranas 2009). More recently, the GlobalFit algorithm was developed to simultaneously
consider all growth phenotype data during gap-filling (Hartleb, Jarre, and Lercher 2016;
Hartleb, Fritzemeier, and Lercher 2018). Interestingly, it has been shown that the results
of sequential gap-filling using multiple growth phenotypes is sensitive to the order in
which the phenotype data is presented (Biggs and Papin 2017). This highlights the
degeneracy and uncertainty associated with these gap-filling solutions.

The gap-filling solution can be further constrained by adding additional sources of
data such as metabolic fluxes (Herrgard, Fong, and Palsson 2006), taxonomy (Ong,
Midford, and Karp 2020), or gene co-expression (Hosseini and Marashi 2017). Several
approaches go beyond the stoichiometric constraints of the metabolic network to expand
the space of possible gap-filling solutions. MENECO is one such approach that uses
topological constraints to gap-fill metabolic networks, which can suggest alternative

solutions that may be more intuitive (Prigent et al. 2017). A similar hybrid approach
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combines topological and stoichiometric constraints (Frioux et al. 2018). The structure of
the metabolic network can further be used to identify specific patterns that can inform the
gap-filling process. Features of reactions, such as the nested metabolite transformations
that they encode, can be used to predict whether a reaction is included in a gap-filling
solution (Ganter, Kaltenbach, and Stelling 2014). Alternatively, matrix factorization of a
metabolic network’s metabolite adjacency matrix has been utilized to predict gap-filling
reactions (Zhang et al. 2016; Oyetunde et al. 2017).

The uncertainty in gap-filling solutions has prompted the development of various
probabilistic approaches to address it. An early innovation in probabilistic gap-filling
algorithms was the development of a method to evaluate the addition of reactions to fill
gaps in metabolic networks based on a Bayesian network including sequence homology,
operon, and pathway based information (Green and Karp 2004, 2004). This method
provides a framework for integrating various probabilistic sources of data, and is a
promising approach for dealing with the many different data sources that can be used to
inform gap-filling. A similar approach is to use probabilistic weights during the gap-
filling process. The CROP algorithm is an example of gap-filling using growth phenotype
data that implements weights based on various sources of evidence, including manually
curated experimental evidence, pathways known to be associated with an organisms,
thermodynamics, and probabilistic estimates of enzyme function (Dreyfuss et al. 2013).
Another probabilistic approach has been developed to translate sequence homology into
the likelihood that a metabolic reaction is present in a given metabolic network (Benedict

et al. 2014, B. King et al. 2018). These likelihoods can then be used as probabilistic
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weights during the gap-filling procedure.

Beyond probabilistic gap-filling methods, ensemble approaches have been
developed to represent the uncertainty in gap-filling solutions as an ensemble of possible
gap-filled GEMs. An early approach in this area prunes a universal metabolic network to
identify locally minimal gap-filling solutions that aligns with experimental data
(Christian et al. 2009). An ensemble of metabolic networks is generated by randomly
assigning the order in which reactions are pruned from an original universal metabolic
network. A control parameter is also introduced to tune the randomness continuously
between the extremes of ranking reactions deterministically based on their homology to
genes in the organism’s genome, or ordering them completely randomly. A similar
pruning-based ensemble method, MIRAGE, additionally includes gene expression and
taxonomy when weighting the order in which to remove reactions (Vitkin and Shlomi
2012). The idea of ensemble gap-filling was more fully developed by an approach that
utilizes growth phenotype data in a randomized order to generate an ensemble of gap-
filling solutions (Biggs and Papin 2017). By randomly changing the sequence in which
growth phenotype data was presented to the gap-filling algorithm, Biggs and Papin
generated an ensemble of metabolic networks that equally satisfy the given data. This
study further demonstrated that utilizing the ensemble result can be more accurate than
using the individual results, or a global simultaneously gap-filled result. An additional
ensemble approach is implemented in the CarveMe method that uses a well-curated
universal metabolic network and an optimization-based approach to “carve” new

genome-scale networks. CarveMe generates ensembles of gap-filled models by assigning
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random weights to reactions without genomic evidence (Machado et al. 2018). A
promising approach for addressing uncertainty in gap-filling solutions moving forward
would be to use an approach similar to that of CarveMe, while instead assigning non-
random weights to reactions that are biased by all of the factors that are known to
influence reaction presence/absence in GEMs (such as those discussed in the genome-
annotation section). Analyzing the ensembles generated by these gap-filling algorithms
can provide valuable insights into the uncertainty associated with GEMs. For example, a
recent study utilized machine learning to identify which reactions distinguish gap-filled
GEM ensembles (Medlock and Papin 2020). This method highlights metabolic reactions
that are high-priority candidates for model curation for which a focused effort could
reduce reconstruction uncertainty.

Finally, automated gap-filling methods are fundamentally limited by the
underlying database(s) of metabolic reactions that they utilize (Ponce-de-Leon et al.
2015; Krumholz and Libourel 2015). Thus, uncertainty in this database set can have a
large impact on gap-filling performance. This is a major limitation when considering the
complexity of the true metabolic universe and the fact that we likely do not know the
proper annotations for all metabolic reactions. In light of this limitation, a number of
methods have been developed to predict possible metabolic reactions based on general
reaction rules (Hatzimanikatis et al. 2005; Jeffryes et al. 2015; Hadadi et al. 2016; A.
Kumar et al. 2018; Sankar, Ranu, and Raman 2017). Many of these approaches were
reviewed previously in the context of predicting biosynthetic pathways for target

compounds (Hadadi and Hatzimanikatis 2015; Prather and Martin 2008; Ellis, Roe, and
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Wackett 2006; A. Cho et al. 2010; Carbonell et al. 2011; Yim et al. 2011; Campodonico
et al. 2014). One of the earlier approaches, the BNICE framework, expands the metabolic
universe by learning generic reaction rules from the KEGG reactome (Hatzimanikatis et
al. 2005). This framework was subsequently used to develop MINE and ATLAS,
databases of theoretically possible compounds and enzymatic reactions, respectively
(Jeffryes et al. 2015; Hadadi et al. 2016). BNICE.ch also suggests three-level EC-number
for hypothetical reactions, which can guide discovery of proteins associated with de-novo
reactions. The theoretical number of reactions in the expanded ATLAS are more than a
10-fold higher than the number of reactions in KEGG, indicating that a large number of
unexpected chemical transformations may be involved in metabolism. As we grapple
with uncertainty in metabolic network reconstruction, de-novo methods such as these can
help us address unknown unknowns and provide exciting unforeseen insights. Moving
forward, a combination of probabilistic methods for data integration and de-novo reaction
prediction will enable the generation of gap-filled metabolic-network ensembles that

represent uncertainty and can be used to guide model refinement.

Flux Simulation
Ultimately, GEMs are used to predict metabolic phenotypes by simulating the
fluxes through each reaction. A useful way to envision the simulation of metabolic fluxes
is to consider the space of all possible fluxes, a high-dimensional space where each
dimension is a metabolic reaction and a point in this space represents a particular flux
state (N. D. Price, Reed, and Palsson 2004). Within this space the boundaries of the

possible flux solution space are defined by the model constraints. Most commonly, the
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solution space is constrained by the steady state assumption, limits on nutrient uptake,
and a minimum non-growth associated energy cost representing cellular maintenance.
Any point within the solutions space is a feasible solution representing a metabolic
phenotype. The uncertainty in flux analysis is therefore a question of how to interpret,
analyze and identify the correct solution within this solution space.

The flagship method utilized to simulate metabolic fluxes in GEMs, FBA, utilizes
linear programming to find a flux state within the solution space that optimizes a
predefined cellular objective (Orth, Thiele, and Palsson 2010). Quite often, this objective
is chosen to be the maximization of biomass production. However, it is crucial to
question whether the implicit assumption of optimization of a cellular objective is valid.
Indeed, Schuetz et al. (2007) show that intracellular fluxes can be accurately predicted
using FBA and an appropriate cellular objective (Schuetz, Kuepfer, and Sauer 2007).
However, none of the 11 selected objectives could provide the best predictability across
different conditions when comparing predicted fluxes with *C flux experiments in E.
coli. Thus, while it is obvious that the choice of objective function impacts FBA
predictions, the choice of an appropriate objective is non-trivial. It was early on
demonstrated that FBA with maximization of growth rate could predict the phenotype of
E. coli wild-type strains, supporting the reasonable assumption that unicellular
organisms have evolved towards maximal growth (Fong, Marciniak, and Palsson 2003;
Segre, Vitkup, and Church 2002). Indeed, this was the result of an unbiased approach to
describe the metabolic state of glucose-limited yeast in batch cultivation (Gianchandani

et al. 2008). In contrast, Zhao et al., (2016) used a similar method to predict the objective
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function for E. coli strains evolved through 50,000 generations (Tenaillon et al. 2016),
and although they identified an infinite number of objective functions that could describe
the measured flux split ratios, maximization of biomass was not one of these objectives
(Zhao et al. 2016). These E. coli strains also provide nuance to our understanding of
evolutionary pressures by confirming that E. coli evolves towards maximization of
growth rate primarily by increasing substrate usage, but only if the ancestral strain is
initially far from the optimum (Harcombe et al. 2013). Studies have shown that knock-
out phenotypes can be more accurately predicted when suboptimal solutions are taken
into consideration (Wintermute, Lieberman, and Silver 2013; Segre, Vitkup, and Church
2002). Wintermute et al. (2013) found that knock-out phenotypes were more accurately
predicted when suboptimal wild-type solutions were taken into account. In the PSEUDO
framework, the knock-out phenotype solution is the optimum closest to any of the
suboptimal wild-type solutions, thus giving a result intermediate to the predictions by
FBA and MOMA. MOMA method finds the solution (not necessarily optimal) closest to
the wild-type optimum. It has also demonstrated increased power compared to FBA. In
summary, these results suggest that suboptimality may provide increased robustness to
stochastic variation and perturbation, a property with known importance in biological
systems (Kitano 2004; Fischer and Sauer 2005).

The uncertainty in model predictions can be reduced by introduction of additional
constraints which reduce the size of the solution space (N. D. Price, Reed, and Palsson
2004; Lewis, Nagarajan, and Palsson 2012). One branch of these methods use either

transcriptome (Machado and Herrgard 2014) or proteome (Sanchez et al. 2017; Bekiaris
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and Klamt 2020) data to constrain reaction fluxes according to the abundance of proteins
encoding for the respective metabolic reactions. While transcriptomics data have the
benefit of increased coverage of genes compared to proteomics (e.g. covers 60% of the
enzymes in the yeast-GEM (Sanchez et al. 2017)), the transcript levels cannot necessarily
be used as a proxy for enzyme abundance because of the surprisingly low correlation
between these (Bathke et al. 2019; Vogel and Marcotte 2012). This may explain why a
parsimonious constraint in general outperformed seven different transcriptome-based
methods in predicting intracellular fluxes for both S. cerevisiae and E. coli across three
different conditions (Machado and Herrgard 2014). In light of the former discussion of
metabolic robustness, one may question the concept of Parsimonious FBA, which
minimizes the sum of fluxes (Lewis et al. 2010). It is in general considered to provide
more sound flux predictions compared to FBA, partially since this approach implicitly
constrains thermodynamically infeasible cycles. Thermodynamics is in general a
powerful tool to improve model predictions, both by identifying sub-networks
constraining the first and second law of thermodynamics and to infer the direction of
metabolic reactions from calculated change in Gibbs Free Energy (Henry, Broadbelt, and
Hatzimanikatis 2007; Flamholz et al. 2012; Fritzemeier et al. 2017; Noor 2018). While
these aforementioned methods require a large number of parameters, several methods use
global constraints to improve model predictions. Of particular interest is Constrained
Allocation Flux Balance Analysis (CAFBA) by Mori et al (Mori et al. 2016) which take
the growth-dependent ribosome allocation into account, the global constraint of

dissipation of Gibbs Free Energy (Niebel, Leupold, and Heinemann 2019), and the
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maximum likelihood constraint (Moutinho et al. 2019).

To avoid biased assumptions of the metabolic goal of a microorganism, one can
characterize the complete solution space to describe all possible phenotypes satisfying the
steady-state and flux constraints. It is important to note that even at the optimum
predicted by FBA the solution is rarely unique (R. Mahadevan and Schilling 2003;
Schuetz, Kuepfer, and Sauer 2007). The predicted flux vector must therefore be analysed
with caution. Flux Variability Analysis (FVA) can be used to estimate the range of
possible fluxes at the optimum (R. Mahadevan and Schilling 2003), but since the range of
each reaction is estimated independently, the method provides no information on the
likelihood of the flux values nor on correlations between the fluxes. Therefore, more
sophisticated methods have been developed to include such information. Deterministic
methods include enumeration of all vertices of the solution space (Motamedian and
Naeimpoor 2018; Lee et al. 2000), flux coupling (Burgard et al. 2004), and Elementary
Flux Modes (EFMs) and Elementary Flux Vectors (EFVs) (Klamt et al. 2017). EFMs
decompose the flux cone into characteristic support minimal vectors, while EFVs have
the added benefit of incorporating flux bounds to further constrain the flux cone to a
polyhedron. A closely related concept is that of Extreme Pathway Analysis (Schilling,
Letscher, and Palsson 2000). Although both methods provide an unbiased framework for
identifying metabolic pathways the framework is still intractable for genome-scale
models because of the polynomial scaling with the number of reactions (Ullah,
Yosafshahi, and Hassoun 2019). CoPE-FBA provides an elegant alternative which is both

feasible and interpretable on the genome scale (Kelk et al. 2012; Maarleveld et al. 2015).
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All steady-state solutions are decomposed into linealities, rays and vertices, where all
variance can be explained by alternative paths through small subnetworks corresponding
to meaningful optional pathways or cofactor usage (Maarleveld et al. 2015).

Describing the entire flux space is a promising approach to address uncertainty.
Unfortunately, high computational complexity makes it difficult to apply the
deterministic algorithms mentioned above at the genome-scale. For this reason, random
sampling has been the preferred method for characterizing the solutions space. Monte-
Carlo based algorithms (Saa and Nielsen 2016; Haraldsdottir et al. 2017;
Megchelenbrink, Huynen, and Marchiori 2014) have proven useful for a large number of
applications (Schellenberger and Palsson 2009), from a general description of the
distribution of metabolic fluxes (E. Almaas et al. 2004) to transcriptional regulation of
key enzymes (Bordel, Agren, and Nielsen 2010) or comparison of bacterial strains
(Sulheim et al. 2020). However, as Ullah et al., (2019) points out, verification of
convergence is a key quality control of random sampling results currently lacking in
analysis of genome-scale models (Herrmann et al. 2019). An alternative method samples
the corners of the solution space by iteratively optimizing different objective functions
consisting of three randomly chosen metabolic reactions, thereby avoiding the issue of
auto-correlation present in hit-and-run based algorithms caused by the high
dimensionality of the solution space, but does not provide a homogenous sample
distribution of the solution space (Bordel, Agren, and Nielsen 2010). A recent concept
estimates the probability distribution of flux states that maximizes entropy with an

average growth rate equal to the experimental value (De Martino et al. 2018; Fernandez-
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de-Cossio-Diaz and Mulet 2019). As stated in the principle of maximum entropy, this
probability distribution is the best representation of available knowledge (Shore and
Johnson 1980). In contrast to the deterministic methods such as FVA and EFM, random
sampling provides knowledge of probability distributions of reaction fluxes. By taking
the distributions into account, one can not only learn how average flux values differ
between different conditions or strains, but also changes in variability, and therefore,
robustness. As demonstrated by the maximum entropy framework, prior knowledge can
be utilized in a bayesian framework to improve random sampling of cellular phenotypes.
The steady-state assumption forms the basis of constraint-based analysis by
requiring mass-balance of all intracellular metabolites. This assumption is justified
because transient changes in metabolite concentrations occur rapidly compared to
environmental and regulatory perturbations, leading to rapid convergence to a quasi
steady-state where metabolite concentrations are constant (Varma and Palsson 1994;
Shamir et al. 2016). However, when considering the uncertainty in stoichiometric
coefficients, the steady-state assumption is effectively relaxed (Zavlanos and Julius 2011,
MacGillivray et al. 2017). As demonstrated in the robust optimization approach of
RAMP (MacGillivray et al. 2017), these methods can predict intracellular fluxes more
accurately than FBA. The RAMP solution converges to the FBA solution when the
uncertainty in stoichiometric coefficients approaches zero, demonstrating that this is a
more general approach. While only uncertainty in the coefficients of the biomass-reaction
is explicitly tested in this work, RAMPs general framework is not limited to this case and

can include uncertainty in reaction bound or uncertainty in coefficients associated protein
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allocation or thermodynamics.
Discussion

In this review we have presented an overview of a general pipeline for genome-
scale metabolic model (GEM) reconstruction and analysis. We represent the uncertainty
in the pipeline as a branching process leading to multiple possible solutions. Throughout
the review we focus on probabilistic and ensemble approaches that have been used to
address uncertainty at various stages in the pipeline. The steps in this pipeline that we
separately address are: 1) Genome annotation, 2) Environment specification, 3) Biomass
formulation, 4) Network gap-filling, and 5) Flux simulation. We note that the steps in this
pipeline are typically performed in sequential order, with the exception of biomass
formulation and environment specification which could be performed simultaneously,
and some gap-filling approaches that do not require prior definition of the environment
and biomass. Further exploring correlations between the results of these different steps
will be important for fully understanding uncertainty in this pipeline. For example,
probabilistic reaction annotations from the genome annotation step can be utilized to
improve gap-filling performance by adding the most probable reactions in the network
gap-filling step (Benedict et al. 2014; B. King et al. 2018) or to simulate the most
probable fluxes in a metabolic network (Moutinho et al. 2019).

This review specifically covered uncertainty in metabolic network reconstruction
and analysis for constraint based modeling and was focused on prokaryotic organisms.
There are many aspects of metabolic modeling which were not covered by this review.

First, metabolic modeling of eukaryotes and multicellular organisms, including human
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cell-type specific models, requires a number of additional considerations that were not
addressed in this review (de Oliveira Dal’Molin and Nielsen 2013; J. S. Cho et al. 2019).
The general principles of addressing uncertainty discussed here are still applicable to
these cases, but the details of how uncertainty arises are different. For example, in higher
eukaryotes alternative splicing, non-coding elements, and pseudogenes make genome
annotation more challenging (Mudge and Harrow 2016), cellular compartmentalization
can further constrain metabolic network fluxes (Klitgord and Segrée 2010a), and
maintenance costs in plants (Sweetlove and Ratcliffe 2011) and the objective functions of
specialized mammalian cell types are difficult to simulate (Angione 2019).

Several methodologies extend metabolic modeling beyond constraint based
modeling. Metabolism and expression (ME) models have been utilized to incorporate
gene expression data into metabolic network models at the genome scale (Lloyd et al.
2018). Protein structure can be incorporated as an added layer on top of the metabolic
network (Mih and Palsson 2019). Furthermore, dynamic FBA can be utilized to simulate
time courses of metabolic processes such as microbial growth curves (Radhakrishnan
Mahadevan, Edwards, and Doyle 2002; Hoffner, Harwood, and Barton 2013, 201; Varma
and Palsson 1994, 199), and can be extended to include multiple organisms and spatial
structure (Harcombe et al. 2014; Biggs and Papin 2013; Bauer et al. 2017; J. Chen et al.
2016; Borer et al. 2019). These simulations require additional parameters, such as
metabolite uptake kinetics, which were not discussed in this review. Furthermore, kinetic
models can be used to more accurately describe reaction rates in metabolic models.

Kinetic modeling of metabolism is more difficult to apply at the genome-scale due to the
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large number of Kinetic parameters that must be inferred. However, kinetic modeling has
been utilized to gain insight into specific metabolic pathways, and a number of
sophisticated methods exist for addressing uncertainty in such kinetic models (Andreozzi,
Miskovic, and Hatzimanikatis 2016; Miskovic et al. 2019; John et al. 2019). Finally,
whole cell-modeling can be used to simultaneously model multiple processes in the cell
and gain tremendous insight into cellular physiology (Karr et al. 2012; Goldberg et al.
2018; Babtie and Stumpf 2017). While the general concepts of addressing uncertainty
still hold for these modeling paradigms, the details of where uncertainty arises differ.
Furthermore, most of these alternative approaches are not as easily scaled to the genome-
scale as constraint based modeling.

The question arises as to how uncertainty should best be represented in GEM
reconstruction and analysis. We concede that properly representing the true uncertainty is
a difficult task. However, formalizing the representation of uncertainty for GEMs would
ultimately improve confidence in modeling results and enable the development of
methods to address and further constrain uncertainty. We believe that genome-scale
modeling provides an opportunity to address this uncertainty and hope that this review
will serve as a roadmap outlining how this issue can be further addressed. A promising
approach is to borrow concepts for uncertainty representation from other fields. Ensemble
approaches have found utility in a number of related systems biology fields, such as gene
regulatory network inference (Marbach et al. 2012), protein-protein interaction network
inference (Thorne and Stumpf 2012), and modeling protein structure (Fisher and Stultz

2011). These approaches typically assume a Bayesian framework to represent
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uncertainty, where ensembles are used to represent high-dimensional complex probability
distributions. In a Bayesian sense, the probability of the models, given the available data
(posterior probability), is inferred through knowledge of the model prior probability and
the probability of the data conditioned on the model (likelihood). In the case of GEM
reconstruction, we seek to infer the posterior probability of GEMs used to simulate
metabolic fluxes. Prior probabilities can be defined based on existing curated GEMs and
expert knowledge. Likelihoods will be difficult to calculate for these complex models,
but simulations of experimental results are possible. Consequently, likelihood-free
Bayesian approaches such as approximate Bayesian computation can be used to infer
posterior probabilities (Toni et al. 2009). A major difficulty in successfully implementing
this approach is the high-dimensional nature of GEMs. The space of possible metabolic
networks is vast, and sampling quickly becomes sparse (Samal et al. 2010). Overcoming
this challenge will be important for accurately representing uncertainty. To address this
issue, techniques from high-dimensional Bayesian inference, machine learning, and
statistical mechanics could be employed (Medlock and Papin 2020; Zampieri et al. 2019;
Rana et al. 2020; Camacho et al. 2018; Babtie and Stumpf 2017; Fisher and Mehta 2015;
Gutenkunst et al. 2007).

A practical step moving forward is the development of a metabolic network
reconstruction and analysis pipeline that provides a probabilistic ensemble of results.
Such a pipeline would more concretely represent uncertainty and could serve as a
generative model for Bayesian approaches. The pipeline could be developed by utilizing

many of the probabilistic and ensemble based modeling approaches that have been
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outlined in this review. In concert with this pipeline, methods would need to be further
developed for the representation and analysis of GEM ensembles (Moutinho et al. 2019).
When developing ensemble models of GEMs, we should keep in mind that ensemble
modeling is not a panacea (Stumpf 2019). It will be important to accurately account for
uncertainty in each step to avoid potential pitfalls, such as an increase in false positive
predictions given the sparse nature of the stoichiometric matrix. For example, when
incorporating de novo predicted reactions into network gap-filling algorithms the
probabilistic weighting of these reactions would need to be carefully tuned. Finally, in
light of uncertainty in GEM analysis, it is important to focus on understanding the
sensitivity of modeling results to uncertainty in specific parameters or steps in the
pipeline. Generating an ensemble of results can provide insight into which results are
robust to uncertainty in different directions of parameter or model space. Furthermore,
clustering and classifying ensembles of results with machine learning algorithms can
provide insight into which areas of genome-scale modeling are particularly sensitive and
should be targeted for uncertainty reduction (Medlock and Papin 2020).

Moving forward, data integration and uncertainty representation/reduction should
be tightly coupled. High-throughput omics data is quickly becoming available for more
and more organisms. Transcriptomics, proteomics, and metabolomics have all been used
alongside genomic data to constrain GEMs. It’s also important to remember that this data
has its own uncertainty associated with it, which must be taken into account when
integrating it into GEMSs. For example, the annotation of high-throughput untargeted

mass spectrometry data for metabolomics is still a difficult and uncertain task. In this
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field, community efforts have been used to expand the annotation of the vast number of
metabolites (Wang et al. 2016), and ensemble based probabilistic methods have been
used to improve annotations (Silva et al. 2014). New forms of high-throughput data can
also aid in constraining GEMs. Recent experiments that assay cellular growth phenotypes
across large numbers of environments and genetic perturbations are particularly
promising (Tramontano et al. 2018; Galardini et al. 2019; 2017; M. N. Price, Wetmore, et
al. 2018). This data source could be used to constrain GEMs by directly comparing high-
throughput phenotype data with simulated predictions. Finally, the process of data
collection can also be improved through GEM uncertainty quantification by pointing
towards regions of the metabolic model where uncertainty could be reduced the most by
addition of data. Ultimately, addressing uncertainty in GEM reconstruction and analysis
IS an important step towards reducing it and crystalizing our knowledge of metabolic

networks.
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CHAPTER THREE: Quantifying Microbial Biosynthetic Capabilities

This section was originally written for the Research Article:
Bernstein D.B., Dewhirst, F.E., Segré D. “Metabolic Network Percolation Quantifies
Biosynthetic Capabilities Across the Human Oral Microbiome.” eLife. 2019.

All authors and our reviewers/editors at eLife contributed to the editing of this manuscript. My
contributions to this work were to conduct the research, make the figures, and write the original
draft.

Abstract

The biosynthetic capabilities of microbes underlie their growth and interactions,
playing a prominent role in microbial community structure. For large, diverse microbial
communities, prediction of these capabilities is limited by uncertainty about metabolic
functions and environmental conditions. To address this challenge, we propose a
probabilistic method, inspired by percolation theory, to computationally quantify how
robustly a genome-derived metabolic network produces a given set of metabolites under
an ensemble of variable environments. We used this method to compile an atlas of
predicted biosynthetic capabilities for 97 metabolites across 456 human oral microbes.
This atlas captures taxonomically-related trends in biomass composition, and makes it
possible to estimate inter-microbial metabolic distances that correlate with microbial co-
occurrences. We also found a distinct cluster of fastidious/uncultivated taxa, including
several Saccharibacteria (TM7) species, characterized by their abundant metabolic
deficiencies. By embracing uncertainty, our approach can be broadly applied to

understanding metabolic interactions in complex microbial ecosystems.
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Introduction

Metabolism, in addition to enabling growth and homeostasis for individual
microbes, contributes to the organization of complex, dynamic microbial communities.
Within these communities, different microbes have diverse metabolic capabilities that
lead to interactions driving microbial community structure and dynamics at multiple
spatial and temporal scales (Ponomarova and Patil 2015; Phelan et al. 2012; Watrous et
al. 2013; Harcombe et al. 2014; Embree et al. 2015). For example, through cross-feeding,
a compound produced by one species might benefit another, leading to a network of
metabolic interdependences (Embree et al. 2015; Goldford et al. 2018, 201; Mee et al.
2014; Pande et al. 2015; D’Souza et al. 2018; Zengler and Zaramela 2018; Pacheco,
Moel, and Segre 2019; Mee and Wang 2012). This type of interaction has been proposed
as one of the main reasons for the prevalence, in natural microbial communities, of
uncultivated (or fastidious) microbes (Stewart 2012; Epstein 2013; Pande and Kost 2017;
Staley and Konopka 1985). These microbes do not grow in pure culture on standard
laboratory conditions as they may depend on diffusible metabolites produced by
neighboring microbes (Pande and Kost 2017). The prominence of uncultivated/fastidious
microbial organisms across the tree of life and their potential importance in microbial
community structure is highlighted by the recent identification of the candidate phyla
radiation — a large branch of the tree of life consisting mainly of uncultivated organisms
with small genomes and unique metabolic properties (Kantor et al. 2013; Brown et al.
2015; Hug et al. 2016). Efforts towards understanding this important component of

microbial communities require further knowledge of metabolic interdependencies driven
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by biosynthetic deficiencies.

Some of the most promising strides in understanding metabolic interdependences
between microbes have been taken in the study of the human oral microbiome. The
human oral microbiome serves as an excellent model system for microbial communities
research, due to its importance for human health and ease of access for researchers
(Dewnhirst et al. 2010; Wade 2013). For example, the order of colonization of species in
dental plaque has been characterized physically (Kolenbrander et al. 2010) and
metabolically (Mazumdar, Amar, and Segré 2013), and visualized microscopically
(Welch et al. 2016). The human oral microbiome consists of roughly 700 different
microbial species, identified by 16S rRNA microbiome sequencing and cataloged in the
human oral microbiome database (Dewhirst et al. 2010; T. Chen et al. 2010). Importantly,
63% of species in the human oral microbiome have been sequenced, including several
uncultivated and recently-cultivated strains implicated in oral health and disease
(Krishnan, Chen, and Paster 2017; Jr and Ro¢as 2013). Exciting recent work has led to
successful laboratory co-cultivation of at least three previously uncultivated organisms,
the Saccharibacteria (TM7) phylum taxa: Saccharibacteria bacterium HMT-952 strain
TM7x (Bedree et al. 2018; Bor et al. 2016; 2018; He et al. 2015), Saccharibacteria
bacterium HMT-488 strain AC001, and Saccharibacteria bacterium HMT-955 strain
PMO004. Saccharibacteria are prominent in the oral cavity and relevant for periodontal
disease (Brinig et al. 2003; Ouverney, Armitage, and Relman 2003). Due to their
importance, they were among the first uncultivated organisms from the oral microbiome

to be fully sequenced via single-cell sequencing methods (Marcy et al. 2007), and
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represent the first co-cultivated members of the candidate phyla radiation (He et al.
2015). Thus, their metabolic and phenotypic properties are of great interest for oral health
and microbiology in general.

In parallel to achieving laboratory growth of diverse and uncultivated bacteria, a
major unresolved challenge is understanding the detailed metabolic mechanisms that may
underlie their dependencies. Ideally, one would want to computationally predict, directly
from the genome of an organism, its biosynthetic capabilities and deficiencies, so as to
translate sequence information into mechanisms and community-level phenotypes
(Widder et al. 2016). A number of approaches, based on computational analyses of
metabolic networks, have contributed significant progress towards this goal (Schuster,
Fell, and Dandekar 2000; Oberhardt, Palsson, and Papin 2009; Lewis, Nagarajan, and
Palsson 2012). At the heart of these methods are metabolic network reconstructions,
formal encodings of the stoichiometry of all metabolic reactions in an organism, that are
readily amenable to multiple types of in silico analyses and simulations (Feist et al.
2009). Recent exciting progress has led to the automated generation of “‘draft” metabolic
network reconstructions for any organism with a sequenced genome (Henry et al. 2010),
opening the door for the quantitative study of large and diverse microbial communities.
The most commonly used metabolic network analysis methods — flux balance analysis
(FBA) (Orth, Thiele, and Palsson 2010) and its dynamic version (dFBA) (Radhakrishnan
Mahadevan, Edwards, and Doyle 2002) — have been extensively applied to study
microbial communities (Harcombe et al. 2014; Embree et al. 2015; Pacheco, Moel, and

Segre 2019; Magnusdéttir et al. 2017; Magnusdéttir and Thiele 2018; Zarecki et al. 2014;
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Stolyar et al. 2007; Klitgord and Segré 2010b; Freilich et al. 2011; Zelezniak et al. 2015;
Cook and Nielsen 2017; Biggs et al. 2015; Zomorrodi and Segre 2016). However, FBA
and dFBA are not easily applicable to automatically-generated draft metabolic networks
due to gaps (missing or incorrect reactions) in the metabolic network, and are thus
difficult to scale to large and diverse microbial communities. Methods for “‘gap-filling’
draft reconstructions can address this problem, and ensemble methods potentially present
a promising approach (Biggs and Papin 2017; Machado et al. 2018). However, any gap-
filling comes at the expense of an increased risk for false positive predictions.
Additionally, gap-filling typically requires specific knowledge or assumptions on the
growth media composition — which are often difficult to obtain for diverse environmental
isolates and by definition unknown for uncultivated organisms. Alternatively, topology-
based metabolic network analysis methods, such as network expansion (Ebenhoh,
Handorf, and Heinrich 2004)) and NetSeed-based methods (Borenstein et al. 2008), are
less dependent on gap-filling and have been applied to the analysis of draft metabolic
reconstructions. These methods have provided valuable large-scale insight into metabolic
processes in microbial communities, including the biosynthetic potentials of organisms
and metabolites (Basler et al. 2008; Matth&us, Salazar, and Ebenhdh 2008), the chance of
cooperation or competition between species (Carr and Borenstein 2012; Kreimer et al.
2012; Levy et al. 2015; Opatovsky et al. 2018), and the relationship between organisms
and environment (Borenstein et al. 2008; Freilich et al. 2009; Handorf et al. 2008),

for example in the human gut microbiome (Levy and Borenstein 2013). While all of these

approaches are promising, an additional issue that continues to limit the use of metabolic
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network analysis for prediction of biosynthetic capabilities is the difficulty of generating
these predictions when the chemical environment of the microbes is unknown. In
complex microbial communities, such as the human microbiome, the exact chemical
composition of the environment is difficult to estimate, due both to the molecular
complexity of the environment itself, and to the likely prevalence of secretions, lysing
and cross-feeding within the community. Thus, the capacity to provide metabolic
predictions based on unelaborated genome annotation, and on limited knowledge about
an organism’s growth environment remains an important open challenge.

Here we introduce a new method, which begins to address the above limitations,
and provides a novel prediction of an organism’s biosynthetic capabilities. Our method
applies a probabilistic approach to define and compute a metric that estimates which
metabolites, such as biomass components, are robustly synthesized by a given metabolic
network and which would likely need to be supplied from the environment/community.
Discrepancies in these calculated estimates between organisms can be used to generate
hypotheses regarding microbial auxotrophy and metabolic exchange in microbial
communities. Importantly, our metric has the capacity to estimate biosynthetic
capabilities in spite of uncertainty about environmental conditions by randomly sampling
many different possible nutrient combinations. In this study, we first demonstrated our
method on E. coli to clarify its performance and interpretation. Next, we applied our
method to a large number of organisms from the human oral microbiome, and predicted
broad trends in biosynthetic capabilities associated with taxonomy and microbial co-

occurrence. We further focused our analysis on uncultivated microorganisms, including
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three recently co-cultivated Saccharibacteria (TM7) strains. In addition to highlighting
their biosynthetic deficiencies, we developed specific hypotheses for their metabolic
exchange with growth-supporting partner microbes.

Analysis Method

Our newly developed method quantifies the robustness with which a given
metabolic network can produce a given metabolite from variable metabolic precursors. In
essence, we quantify a metabolic network specific metric for metabolite producibility by
probabilistically sampling sets of possible environments. While the probabilistic
sampling can be adjusted to reflect a specific environment, its power lies largely in the
capacity to explicitly incorporate in a statistical way the lack of knowledge about
environmental composition.

The inspiration for this method comes from the statistical physics concept of
percolation. Percolation theory has been applied in a wide range of fields, including the
study of cascading metabolic failure upon gene deletions in metabolism (Smart, Amaral,
and Ottino 2008; Barabasi 2016). In percolation theory the robustness of a network can
be characterized by randomly adding or removing components (nodes or edges) of a
network and assessing network connectivity (Barabasi 2016). The smaller the number of
components that need to be randomly added to the network before it becomes connected,
the more robust it is to perturbations. We utilized this concept to characterize the network
robustness of a particular metabolic network towards producing a specified target
metabolite by randomly adding input metabolites to the network and assessing the

network’s ability to produce the target.
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To implement our method, we first introduced a probabilistic framework for
analyzing metabolic networks (Figure 3.1 and Figure 3.2). In this framework, every
metabolite can be considered to be drawn from a Bernoulli distribution, i.e. present in the
network with a given input probability (Pin). These probabilities could represent beliefs
about the environment, chances of metabolites being available from a host organism, or
any arbitrary prior assumption on metabolite inputs. Throughout the majority of our
analyses we have assigned Pin to be an identical value for all input metabolites. However,
as illustrated in an example in our results section (Metabolite producibility in a protein
vs. carbohydrate-enriched environment) this probabilistic framework can
utilize Pin values that vary across metabolites. Following the assignment of Pin, the
network structure is used to calculate the output probability (Pout) of some specified target
metabolite. In practice, random sampling of probabilistically drawn input metabolite sets
is used to calculate the probability of producing the target metabolite. For each random
sample, a modified version of FBA is used to assess the network's ability to produce the
target metabolite (for a complete explanation of how FBA is implemented in this context,
see methods section: Algorithm functions, feas).

Using the above probabilistic framework, we defined a novel metric quantifying
biosynthetic capabilities, the producibility metric (PM) (Figure 3.1 B). The PM is
calculated as follows: First, a producibility curve describing Pout as a function of Pin is
generated for a given metabolic network and metabolite target. This curve can be
estimated by sampling input metabolites for different values of Pin (between 0 and 1), and

calculating Pout. Next, we calculated the Pin value along the producibility curve at
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which Poyt is equal to 0.5 (Pino:5, analogous to the K in the Michaelis-Menten curve).
Finally, PM is defined as PM = 1-Pin o5, such that larger PM values correspond to
increased robustness. Our method calculates PM efficiently by random sampling and a
nonlinear fitting algorithm (for details, see methods section: Algorithm

functions calc_PM_fit_nonlin). In addition to calculating PM computationally for
arbitrary metabolic networks and metabolites, we also derived a way to calculate PM
analytically using combinatorial equations. The combinatorial equations are built up from
simple scenarios to the most general in Figure 3.3. This analytical result, verified in detail
for one specific pathway (Figure 3.6) clarifies the connection between our metric and the
concept of minimal precursor sets (Andrade et al. 2016). It describes mathematically how
the PM captures the multiplicity of routes through which a given target metabolite can be
produced, and could serve as the basis for further theoretical work on the fundamental
properties of metabolic networks.

The algorithms used to implement our method are written in MATLAB and
designed as a set of modular functions that interface with the COBRA toolbox — a
popular metabolic modeling software compendium (Schellenberger et al. 2011; Heirendt
et al. 2019). The methodology behind each function is further explained in the methods

section.
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Figure 3.1: A probabilistic framework for calculating the producibility metric (PM)

(A) Random samples of input metabolites are added to the metabolic network with probability
Pin. Samples are shown here with gray or red circles. Sampled input metabolites are then used to
calculate if a specified target output metabolite can be produced or not. Here the solid red circled
sample leads to production of the target metabolite while the dotted gray circled samples do not.
The probability of producing the target output metabolite (Pou) is calculated by taking many
random samples at a specified Pin.

(B) A producibility curve is calculated which represents Pqu: as function of Pin. Points along this
curve are sampled by assigning the Pi, value and estimating Pou.. The Pin value at which Py = 0.5
is calculated (Pino.s) and used to define the producibility metric (PM) as PM = 1-Piqs.
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Figure 3.2: Probabilistic framework simple example

(A) Input probabilities (Pin) are assigned to each input metabolite to designate the probability of
adding that metabolite to the network. Random sets of input metabolites are sampled, based on
Pin, and a modified version of flux balance analysis is used to determine if the network can
produce a specified target output metabolite for each random sample. Many random samples are
taken to estimate the output probability (Pou) Of the target output metabolite. Three examples of
Pin values and the corresponding Pou: Values are shown for a very simple network with three
reactions, four input metabolites and one target metabolite. For this simple example, the output
probabilities can be calculated using the probabilistic equation 1us % & = 0& = Yoy, .

/& L,701% 2L, " 21,241,

(B) A producibility curve is calculated which represents Pqu as a function of Pin. Points along this
curve are sampled by assigning the Pi, value and estimating Pou. The three examples from A are
shown in red on the curve in B. The PM is equal to 1 minus the value of Pi, at which Poy equals
0.5 (Pinos), such that increasing PM correspond to increasing producibility. In our
implementation the PM for a particular metabolic network and metabolite is calculated efficiently
using a non-linear fitting algorithm to find Pin 5. For further details on our exact implementation
see the methods section “Algorithm functions: calc_PM_fit_nonlin.
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Figure 3.3: Theoretical properties of the producibility curve

Theoretically, our method is closely related to the minimal precursor sets of a metabolic network.
The minimal precursor sets describe all minimal subsets of metabolites that can be used to
synthesize a particular metabolite or set of metabolites. A combinatorial formula was developed
to calculate the value of Pou: from the set of minimal precursor sets (S) and the value of P, Using
this formula, an exact producibility curve can be plotted and theoretical values of the
producibility metric (PM) can be calculated. This calculation is shown for increasingly
complicated and general minimal precursor set structures.

(A) In the simplest case, a single metabolite serves as the minimal precursor set for the target.
This leads to a straight line producibility curve (Pout = Pin) and an expected PM value of 0.5.

(B) If the target metabolite can be produced from one minimal precursor set of size m Poy iS
equal to Pi, raised to the power of m due to the assumption that all metabolites are added
independently. As m increases the producibility curve bows outward towards Pi, = 1, and the PM
decreases below 0.5.

(C) If the target metabolite can be produced from n different minimal precursor sets of size 1 Poyt
can be defined based on the probabilistic rule for an or relationship, or it can be represented with

a combinatorial formula. 689 represents the binomial coefficients for n choose i. As n increases

the producibility curve bows inward towards Pi, = 0, and the PM increases above 0.5.

(D) In the most general case, minimal precursor sets can be overlapping and any size/number.
The producibility curve and PM vary depending on these properties. A combinatorial formula can
be used to represent this general case. :;: is the cardinality of the set of minimal precursor sets

(the total number of minimal precursor sets). <=;@A ;>,< Is the cardinality of the union of the
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minimal precursor sets being enumerated by the recursive sum (the number of unique metabolites
in the combination of minimal precursor sets being enumerated). The recursive sum over ji
enumerates all possible combinations of i minimal precursor sets by summing over the indices ji
where j; is between jiiand :;:, thus enumerating binomial combinations. The outer sum
implements the inclusion exclusion principle.
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Results

Using the E. coli core metabolic network to demonstrate features of metabolite
producibility

Before applying our approach to the systematic study of genome-scale metabolic
networks from the human oral microbiome, we used the model organism E. coli to
illustrate the performance and interpretation of our method. We started with the E.
coli core metabolic network, a simplified network consisting of central carbon
metabolism and lacking peripheral metabolic pathways, such as amino acid or cofactor
biosynthesis (Orth, Fleming, and Palsson 2010). We calculated the PM for all
intracellular metabolites in this network using a uniform ensemble of environments (as
described in the methods). The results are shown in Figure 3.4, overlaid on the E.
coli core metabolic network itself, with each node’s color indicating its PM value and
node size indicating its degree of connectivity. Consistent with the high connectivity of
the E. coli core metabolic network, most metabolites have high PM values (PM >0.950).
For example, the metabolites H* and pyruvate are both highly connected in the metabolic
network and have high PM (PM = 0.968 and 0.952 respectively). However, the network
also contains several metabolites that are well connected, but have lower PM values.
These include, for example, the cofactors AMP/ADP/ATP and NAD*/NADH, which
have PM values of ~0.7 and ~0.5 respectively, because they can be produced from each
other, but not biosynthesized in this network. The network also includes several examples
of metabolites that are poorly connected but have high PM values. One example is D-

lactate, which is produced only via Lactate Dehydrogenase from the high PM metabolites
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Pyruvate and H* (Figure 3.4 B). This reaction also consumes NADH and produces

NAD* but because these cofactors can be easily recycled from each other by a large
number of different reactions, their relatively low PM (as described above) has minimal
influence on the PM value of D-lactate (Figure 3.4 B). This example demonstrates the
fact that our metric captures metabolites which are easily produced because their
precursors are easily produced, and that the PM of recycled cofactors has minimal
influence on the PM of a target metabolite. Overall, there is also no significant correlation
between the PM values and the node degree of a metabolite in the network (Figure 3.5),
indicating that our metric describes a more complex property of a metabolite in a network

that is not captured simply by node degree.
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Figure 3.4: E. coli core metabolic network metabolite producibility

(A) The E. coli core metabolic network is represented as a bipartite graph with metabolites shown
as circles and reactions shown as squares. Reactions shown with a black border are irreversible in
the model, those with no border are reversible. All intracellular metabolites are colored based on
their PM value (low — blue, high — red). Reactions and metabolite nodes are sized based on their
total node degree. Several key metabolites of interest are highlighted with their corresponding PM
values shown. Central metabolites such as H+ and Pyruvate have high degree and high PM.
Cofactors such as AMP/ADP/ATP and NAD*/NADH have high degree but low PM, as they
cannot be synthesized in this network. Oxygen is an example of a PM 0 metabolite that cannot be
produced from any other metabolites in this network. D-lactate is an example of a metabolite with
low degree and high PM i.e. it is easily produced but not well-connected.

(B) The lactate dehydrogenase reaction producing D-Lactate is shown as an example to illustrate
that poorly connected metabolites can display a high PM, and how recycled cofactors have
minimal impact on PM values. Lactate dehydrogenase produces D-lactate and NAD+ from
pyruvate, H+ and NADH. The metabolite D-lactate has high PM despite being produced only by
this one reaction in the metabolic network because it can be produced from the high PM
metabolites pyruvate and H*, which are themselves produced from a large number of possible
precursors. Although NADH is also used to produce D-lactate, and has a relatively low PM in this
core model, it has minimal impact on the PM of D-lactate as NADH can be recycled from NAD*
by a large number of reactions (represented by the arrows at the bottom of the figure) and thus
production of NADH is not necessary for the production of D-lactate.
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Figure 3.5: Node degree and producibility metric do not correlate for E. coli core metabolic
network intracellular metabolites

Different forms of the node degree (ND) are plotted against the producibility metric (PM) for all
intracellular metabolites in the E. coli core network. No correlation (Spearman’s rank correlation)
is observed between the PM and any form of node degree.

(A) The in node degree (ND in) is the sum of the number of reactions producing the metabolite.
(B) The out node degree (ND out) is the sum of the number of reactions consuming the
metabolite.

(C) The total node degree (ND total) is the sum of the in and out node degrees.

(D) The total degree without double counting reversible reactions (ND total no Rev) is the total
node degree when counting reversible reactions only once.
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Producibility of metabolites differs from pathway completeness and captures minimal
precursor set structure

We next applied our method in detail to a specific biosynthetic pathway within a
genome-scale model to demonstrate how our PM provides information that is richer than
what can be learned from simply counting the percent of reactions present in a given
biosynthetic pathway. Specifically, we analyzed the histidine biosynthetic pathway in the
curated E. coli iJO1366 genome-scale metabolic network (Orth et al. 2011), and checked
how the two methods differ in their capacity to capture the effect of reaction knock-outs
along the pathway (Figure 3.6). The PM is more sensitive than pathway completeness, as
it captures features beyond the percent of reactions in the biosynthetic pathway. For
different knockouts in the histidine biosynthetic pathway (which counts nine distinct
reactions) the PM is related to the distance of the removed reaction from the target
metabolite (histidine), whereas the completeness score would be the same (8 out of 9) for
each auxotroph (Figure 3.6 B). This same capacity of PM to capture finer details of the
effect of missing reactions in a pathway is also confirmed by a similar analysis of
histidine biosynthesis across all oral microbiome draft metabolic networks (oral
microbiome network reconstruction and analysis described later in the manuscript)
(Figure 3.6 C).

In general, in contrast with the percent completion of the biosynthetic pathway,
the PM depends deeply on the pathway structure, ultimately capturing the number of
different routes through which the target metabolite can be synthesized (also called the

minimal precursor sets; (Andrade et al. 2016). This property stems intuitively from the
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way the PM is defined, and is explained precisely by our combinatorial theory (Figure
3.3). While our method’s computational estimate of the PM is based on sampling the
space of possible precursor sets, the combinatorial theory provides an exact value for the
producibility of a molecule with a given minimal precursor set structure. The close match
between the sample-based PM and the combinatorial theory for the histidine biosynthetic
pathway (Figure 3.6 B) suggests that the PM indeed captures the complex multiplicity of

avenues for producing a given metabolite.
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Figure 3.6: Producibility analysis of the histidine biosynthetic pathway

(A) A network representation of the histidine biosynthetic pathway is shown. Reactions are
represented as squares, histidine is shown as a red circle, main intermediate metabolites are
shown as black circles, cofactors metabolites are shown as gray circles. Different histidine
auxotrophs were generated by removing reactions at increasing distance from histidine in the E.
coli 1J01366 metabolic network.

(B) The producibility metric (PM) for histidine was calculated for the different simulated E. coli
auxotrophs (blue dots). The theoretical PM values, calculated using the formula from Figure 3.3
C and assuming minimal precursor sets of size corresponding to the number of main intermediate
metabolites that remain attached to histidine in a particular auxotroph are also plotted (black X’s).
(C) The presence of the histidine biosynthetic pathway was measured across 456 different oral
microbiome metabolic networks in two different ways: pathway sum — the total number of
reactions from the pathway present in an organism’s metabolic network, and pathway length — the
number of reactions in the pathway starting at histidine and counting until the first missing
reaction. These two metrics were compared to the PM for histidine across oral microbiome
organisms, both metrics were correlated with the PM for histidine with pathway length being
more strongly correlated (pathway sum: spearman correlation = 0.79, p-value = 8.5e-99; pathway
length: spearman correlation = 0.88, p-value = 3.6e-145).
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Producibility analysis shows improved tolerance to missing reactions compared to flux
balance analysis
One of the challenges we wished to address with our method is the possibility of

making robust inferences about the metabolic capabilities of different organisms in spite
of missing reactions — a situation often encountered upon reconstructing metabolic
networks from newly sequenced genomes. To assess the performance of our approach in
this context, we compared it with flux balance analysis (FBA) calculations for a genome-
scale metabolic networks with a given number of randomly removed reactions. In
particular, we applied both FBA and our method to the E. coli iJO1366 genome-scale
metabolic network, which we gradually perturbed by removing an increasing number of
randomly chosen reactions. In this performance test, the unperturbed iJO1366 metabolic
network was used as a ground truth against which the predictions of our method and FBA
on perturbed metabolic networks were compared. Figure 3.7 shows the accuracy of both
FBA and the PM as a function of the percentage of reactions removed from the 1JO1366
metabolic network. While the output of our method (the PM for any metabolite) is
different from that of FBA (the flux through all reactions), one can use the PM values
observed across all biomass components as a proxy for the growth capacity of an
organism, providing a metric that is comparable with the FBA-predicted biomass
production flux. The specific metrics used to compare the PM and FBA predictions for
biomass production are described further in the Figure 3.7 legend. One can see that both
the FBA and the PM predictions become worse as the metabolic networks are further

perturbed. However, the PM predictions are more tolerant to missing reactions than the
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FBA predictions. While the FBA production of biomass becomes infeasible for the
majority of the perturbed metabolic networks after removing less than 1% of the
reactions, the PM results remain fairly quantitatively accurate when removing up to 10%
of the reactions. This analysis provides insight into the accuracy of our method for
analyzing metabolic networks with gaps, such as draft (non-gap-filled) metabolic

networks produced through automated reconstruction pipelines.
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Figure 3.7: The accuracy of flux balance analysis and the producibility metric for different
perturbed E. coli genome-scale metabolic networks

Reactions were randomly removed from the E. coli iJ01366 metabolic network generating 50
different networks at 5 different levels of reaction removal. These networks were then analyzed
with the producibility metric (PM) and flux balance analysis (FBA) in a minimal and complete
medium. The accuracy of the PM and FBA results were assessed through two different measures
and plotted as a function of the number of reactions removed on a semi-log plot.

(A) Quantitative difference accuracy — The accuracy was measured quantitatively based on the
L1 norm of the difference between the original network metric and the randomly perturbed
network metric. For FBA the L1 norm was computed as the absolute value of the difference
between the biomass flux of the original network and the perturbed network. For the PM the L1
norm was calculated as the sum of the absolute value of the difference between each PM value.
The L1 norm for both metrics was then normalized and subtracted from 1 to give a measure of
accuracy. The mean of 50 different randomly perturbed networks at 5 different reaction removal
levels is shown with dots connected by solid lines (FBA on minimal medium: Blue, FBA on
complete medium: Red, PM: Purple). The standard error of the metric is shown as a shaded
region around the line.

(B) Biomass production accuracy — The accuracy was measured by the fraction of randomly
perturbed metabolic networks that were capable of producing biomass. For FBA this was
calculated as the fraction of networks capable of producing biomass flux above 1% of the
unperturbed biomass flux (FBA on minimal medium: Blue, FBA on complete medium: Red). For
the PM, the biomass production accuracy was calculated as the fraction of networks capable of
producing all biomass components above a specified PM threshold. The threshold was either PM
> 0.1 (solid purple) or PM > 0.6 (dashed purple).
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Metabolite producibility points to putative metabolic mechanisms for E. coli auxotroph
co-cultures
As a first test of our approach in its capacity to provide metabolic insight about

experimental measurements of inter-microbial interactions, we used the PM to estimate
the capacity of different E. coli auxotrophs to compensate for each other’s metabolic
limitations. In particular, we compared experimental data from co-cultures of E.
coli auxotrophs from (Wintermute and Silver 2010) with corresponding PM calculations.
After reconstructing in silico the specific auxotroph strains used in this work (based on
the E. coli 1JO1366 metabolic network), we calculated the PM for all essential biomass
components in each auxotroph and compared the PM values to the experimentally
measured synergistic growth of auxotroph pairs (Figure 3.8). Different auxotrophs,
clustered by PM, were seen to group based on the pathway of the removed gene, and
auxotrophs with knockouts in different locations of the same biosynthetic pathway
showed a graded decrease in PM for the corresponding biomass component, similar to
what was seen in our histidine biosynthetic pathway analysis in Figure 3.6. The overall
distance between auxotroph PM values was positively correlated with synergistic growth,
suggesting that auxotrophs with different biosynthetic capabilities could better support
each other’s growth (Figure 3.8 A). Several examples and counter-examples that further
elaborate this trend are highlighted in Figure 3.8 B and C. This analysis also gave us the
opportunity to query in more depth the capacity of our approach to provide insight into
whether auxotrophs with higher PM values may be more easily supplemented by partner

auxotrophs. We did not detect a clear general signal on whether auxotrophs could rescue
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each other based on the average PM across all biomass components. However, for a
specific instance, namely auxotrophs for tryptophan, we found a correlation between
tryptophan PM and average synergistic growth with other auxotrophs (Figure 3.8 D),
possibly suggesting that the PM captures the ease with which auxotrophs in this pathway
can be supplemented by other auxotrophs. Overall, our method enables the comparison of
model-based producibility predictions with experimental data on auxotrophic
interdependencies. These predictions helped identify metabolic complementarity patterns,

but did not fully capture all of the complexity of interactions between E. coli auxotrophs.
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Figure 3.8: E. coli auxotroph co-cultures metabolite producibility

(A) The producibility metric (PM) was calculated for all essential biomass metabolites for
different E. coli auxotrophs that were co-cultured in Wintermute et al. Auxotrophs were
simulated from the E. coli iJO1366 metabolic network. The genes removed in the auxotroph are
labeled along the rows. The metabolites are labeled along the columns. Auxotroph PM vectors
were clustered hierarchical using average distances between clusters. The overall distance
between auxotroph PM values was positively correlated with synergistic growth from
Wintermute et al. (Mantel test: rho = 0.1919, p-value = 0.0181).

(B) The amino acid PM values are extracted and sorted to demonstrate the reduced PM of amino
acids with knock-outs in their pathway. Auxotrophs are shown on the row labels, grouped by the
amino acid pathway of the auxotroph. Amino acids are shown on the column labels ordered in
corresponding order to the auxotrophs. Trends are highlighted by colored outlines. Green outlines
show auxotrophs within the same pathway that show corresponding decrease in PM for the
associated amino acid. The blue outline shows a cross-pathway interaction where an auxotroph in
the glutamine pathway causes a decrease in histidine PM. The purple outline shows an auxotroph
in the branched chain amino acid pathway that has decreased PM for branched chain amino acids,
but increased synergistic growth with other auxotrophs of this pathway.

(C) Co-culture growth data from Wintermute et al. is plotted for 28 amino acid auxotrophs
(average of day 4 replicates 1 and 2 from supplemental information of Wintermute et al.). Trends
are highlighted by colored outlines. Green outlines demonstrate auxotrophs in the same pathway
that result in decreased synergistic growth. The blue outline illustrates an example of a cross-
pathway interaction where an auxotroph in the glutamine pathway shows decreased synergistic
growth with auxotrophs in the histidine pathway. The purple outline demonstrates an unexpected
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result where an auxotroph in the branched chain amino acid pathway shows increased synergistic
growth with other auxtrophs in branched chain amino acid pathways.

(D) The correlation between auxotrophs PM values and average synergistic growth across all
partner auxotrophs was calculated. For the entire dataset, there was no significant correlation
between average PM and average synergistic growth (Spearman’s #: -0.1671, p-value: 0.2662).
However, for the specific example of knockouts in the tryptophan biosynthetic pathway, we
observed a significant correlation between tryptophan PM and average synergistic growth
(Spearman’s #: 1.000, p-value: 0.0167).
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Reconstruction of human oral microbiome metabolic networks

We next applied our method to the human oral microbiome, aiming at a
mechanistic characterization of the biochemical capabilities of different microbes in this
community based on metabolic networks reconstructed directly from their genomes. As a
first step, we reconstructed metabolic networks for 456 different microbial strains
representing a diverse set of human oral microbes whose annotated genomes were
available from the Human Oral Microbiome Database. These organisms represent 371
different species, 124 genera, 64 families, 35 orders, 22 classes, and 12 phyla. Notably,
the database includes several sequenced yet uncultivated or recently co-cultivated
organisms. In particular, the following sequenced yet uncultivated, or recently co-
cultivated, strains were included in our analysis: Saccharibacteria (TM7) bacterium
HMT-952 strain TM7x (He et al. 2015), Saccharibacteria (TM7) bacterium HMT-955
strain PM004, Saccharibacteria (TM7) bacterium HMT-488 strain AC001, Tannerella
HMT-286 strain W11667 (S. R. Vartoukian et al. 2016), Anaerolineae (Chloroflexi
phylum) bacterium HMT-439 strain Chl2 (Sonia R. Vartoukian et al. 2016),
Absconditabacteria (SR1) bacterium HMT-874 strain MGEHA (J. H. Campbell et al.
2013), and Desulfobulbus HMT-041 strains Dsb2 and Dsh3 (A. G. Campbell et al. 2013).
All of the selected genomes were used to reconstruct sequence-specific draft metabolic
networks using the Department of Energy Systems Biology Knowledgebase (KBase)
‘build metabolic model” app (Henry et al. 2010; Arkin et al. 2018; Overbeek et al. 2014).
The networks were reconstructed without any gap-filling. A KBase narrative containing

the genomes and draft metabolic network reconstructions can be found at:
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https://narrative.kbase.us/narrative/ws.27853.0bj.935. The complete collection of all
network models is also available for download in MATLAB (.mat) format at

https://github.com/segrelab/biosynthetic_network_robustness .

Large-scale patterns in biosynthetic capabilities identified across the human oral
microbiome

We analyzed the PM for 88 different biomass metabolites across the
aforementioned 456 metabolic networks from the human oral microbiome. The 88
biomass metabolites included all biomass building blocks considered to be essential for
either Gram-negative or Gram-positive biomass, as listed in the KBase build metabolic
models app (Henry et al. 2010; Arkin et al. 2018; Overbeek et al. 2014). Through this
analysis we calculated 40,128 PM values which represent an atlas of predicted
biosynthetic capabilities across these human oral microbiome organisms. The ensuing
atlas is represented as a hierarchically clustered matrix of PM values for all 456
organisms and 88 metabolites in Figure 3.9. The same data are available in Figure 3.10
(clustered by taxonomy.

The hierarchically clustered heat map (Figure 3.9) shows extensive variability in
the PM values of different organisms and metabolites across the oral microbiome. There
are three main large clusters of metabolites: one cluster with consistently high PM (top),
one cluster with low PM (middle), and one cluster with variable PM (bottom). Different
classes of metabolites cluster quite differently across this landscape. In addition to simple

ubiquitous metabolites, such as H>O or glycine (Figure 3.9 1), all nucleotides have high
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PM across the oral microbiome organisms. Amino acids generally have high PM as well,
with the notable exception of tryptophan (Figure 3.9 11). Interestingly, tryptophan is
known to be a particularly difficult amino acid to synthesize (Akashi and Gojobori 2002).
Metal ions generally had PM value of 0 across all organisms, serving as an expected
negative control. Some exceptions, such as Mg?*, Co?*, ClI-, Fe®*, and Fe?*, can be
explained based on their presence in larger compounds, such as porphyrins. For example,
Co?* has increased PM values in a pattern that closely follows the PM values of the
cobalt containing vitamin cobamamide (Figure 3.9 11I).

Before analyzing in detail the patterns identifiable in the PM matrix of Figure 3.9,
we showed that such patterns could not be simply attributed to the broad property of
genome size — even if genome size is known to be an important predictor of the overall
biosynthetic capabilities of an organism (Zarecki et al. 2014). Fastidious or parasitic
organisms tend to have reduced genomes and consequently reduced metabolic
capabilities. In our data, the overall average PM value for each organism can be partially
predicted by genome size. A linear regression model and quadratic regression model
which used the log of genome size to predict the average PM value across all metabolites
for each organism had R-squared values of 0.498 and 0.551 respectively (Figure 3.11 A).
The fit of this model was further improved by adding taxonomic information as
additional parameters (see methods section for additional details on adding taxonomic
information). We inferred this by using the Akaike information criterion (AIC) and
Bayesian information criterion (BIC), two measures of model accuracy that include a

penalty for added parameters to discourage over-fitting (Clarke, Fokoué, and Zhang
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2009). The BIC has a stronger penalty for additional parameters and improved up to the
order level, while the AIC improved up to the genus level (Figure 3.11 B and C). These
improvements in AIC and BIC indicate that our data contain additional structure that is

described by taxonomy beyond simply genome size.
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Figure 3. 9 Human oral mlcroblome organisms PM matrix

The producibility metric (PM) was calculated for 456 different oral microbiome organisms
(columns) and 88 different essential biomass metabolites (rows). The resulting matrix is
hierarchically clustered based on average distances between organisms and metabolites PM
values. Organism Gram-stain and phylum/class are indicated by several annotation columns at the
top of the matrix. The biomass metabolites analyzed consisted of several different types of
metabolites indicated with different colors. Several metabolites that showed interesting patterns
across oral microbiome organisms are highlighted with roman numerals. The most distinct cluster
of organisms is highlighted and annotated (top left), which consisted of fastidious reduced-
genome organisms (Mycoplasma, Treponema) and uncultivated or recently cultivated organisms
(SR1, TM7, Desulfobulbus, Anaerolineae).
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Figure 3.10: Taxonomically ordered human oral microbiome organisms PM matrix

The producibility metric (PM) was calculated for 456 different oral microbiome organisms
(columns) and 88 different essential biomass metabolites (rows). The columns are arranged in
taxonomic order based on phylum and class, and the rows are clustered hierarchically based on
average distances between PM values.
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Figure 3.11: Prediction of average producibility metric using genome size and taxonomic
parameters

(A) The average producibility metric (PM) across all biomass metabolites for each organism is
correlated with the log of the genome size (log base 10 of base pairs) for each organism. A linear
(blue) and quadratic (red) regression model are shown.

(B, C) The fit is improved when adding nominal taxonomic parameters of varying resolution. The
Akaike information criterion (AIC), and the Bayesian information criterion (BIC) are plotted to
summarize the improvement in model performance as nominal taxonomic parameters are added
on top of genome size to the regression model. A linear regression model is shown in blue and
guadratic model in red. Improved fit is indicated by a decreased AIC or BIC value. The AIC
tends to be biased towards overly complex models while the BIC has a larger penalty for
additional parameters that biases it towards simpler models. The AIC improves up to the genus
taxonomic level and the BIC improves up to the order level, indicating that the data can be
additionally explained beyond genome size by taxonomic features.
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Taxonomic trends capture biosynthetic patterns across human oral microbiome
organisms
Many of the patterns in our large-scale analysis of the human oral microbiome
PM matrix indicated taxonomic trends in the PM of different metabolites across
organisms. While the clustering of the PM matrix was not entirely driven by taxonomy
(Figure 3.9), we did see significant taxonomic trends in our data beyond what was
explained simply be genome size (Figure 3.11). We further investigated, quantitatively,
which specific phyla and orders were associated with specific PM trends by calculating
the log likelihood ratio between a quadratic regression model predicting the PM values
for a particular metabolite-based solely on genome size against one that incorporates a
specific taxonomic parameter of interest (Figure 3.12). This allowed us to highlight
metabolites with highly significant increased or decreased PM values in certain
taxonomic groups, and to confirm patterns that we observed by eye in Figure 3.9.
Numerous patterns and details of the PM matrix could be relevant for addressing specific
biological questions or model refinement challenges. Here we focus in detail on two
specific classes of compounds: (i) cell-wall and membrane components, which tend to
vary broadly across organisms, and are important for antimicrobial susceptibility and
immune system recognition; and (ii) amino acids and essential factors (e.g. vitamins),
which could be relevant for understanding metabolic exchange among bacteria and with
the host.
A first striking pattern in the PM matrix is the complexity of cell-wall and

membrane components of different taxa. Some aspects of this pattern are consistent with
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standard attribution of metabolites associated with the Gram staining categories
(estimated using the KBase build metabolic model app (Henry et al. 2010; Arkin et al.
2018; Overbeek et al. 2014). However, we also observed interesting deviations, which
could be partially attributed to known finer resolution in the specific membrane
components across taxa. Compared to other metabolites, cell-wall components generally
tend to have variable or low PM values across the oral microbiome organisms. We
analyzed in detail fifteen different teichoic acids, a class of metabolites expected to be
found in the cell wall of Gram-positive organisms that play an important role in microbial
physiology and interactions with the host (Weidenmaier and Peschel 2008). Of these,
nine were found to have higher PM values in Gram-positive organisms, as expected
(Figure 3.9 1V). In particular, the D-alanine substituted lipoteichoic acids had high PM
values in the phylum Firmicutes and specifically the class Bacilli. However, there was
another set of 6 teichoic acids that had intermediate PM values across a large number of
organisms and didn’t follow Gram-staining trends (Figure 3.9 V). These consisted of
three N-acetyl-D-glucosamine linked and three unsubstituted teichoic acids. This
mismatch in expected patterns suggests that the metabolic pathways involving these
particular cell-wall components may merit closer inspection in the network reconstruction
process.

We further observed clear trends associated with several lipids which are
expected to be found in the cell membrane of both Gram-positive and Gram-negative
organisms. In particular, we found a strong increase in the PM value for three

phosphatidylethanolamine lipids in Gram-negative organisms (Figure 3.9 V1).
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Interestingly, these lipids have been previously observed to be more commonly produced
in Gram-negative organisms, and have implications for antimicrobial susceptibility (R. F.
Epand, Savage, and Epand 2007; R. M. Epand and Epand 2009). We also identified
trends associated with three cardiolipin and three phosphatidylglycerol lipids that display
generally similar PM patterns across different species (Figure 3.9 VII). One class of
organisms that stands out with respect to lipid biosynthesis are the Negativicutes. These
organisms have relatively high PM values for phosphatidylethanolamine but PM values
of O for cardiolipin and phosphatidylglycerol lipids. Consistent with this result, it has
been previously observed that the Negativicutes organism Selenomonas
ruminantium lacks cardiolipin and phosphatidylglycerol lipids in its inner and outer cell
membranes, but does have phosphatidylethanolamine (Kamio and Takahashi 1980). It
has been hypothesized that the membrane stabilizing role of these two missing lipids
could be partially fulfilled by peptidoglycan bound polyamines, including spermidine,
in Selenomonadales organisms (Kamio and Takahashi 1980; Hamana et al. 2012).
Concordantly, we see an increased PM value for the polyamine spermidine
across Negativicutes in our data (Figure 3.9 VIII). These patterns suggest that the PM
could be used to obtain organism-specific estimates of biomass composition from
genomes for metabolic network reconstruction, facilitating assignments beyond gram
positive/negative compositions.

Aside from lipids and cell-wall components, there are a number of interesting
trends related to several amino acids and other essential factors in our data. A number of

metabolites had increased PM in the phylum Proteobacteria and decreased PM values in
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the phylum Bacteroidetes. A notable example is heme, which can be seen to follow this
trend (Figure 3.9 1X). Heme plays an important role in microbe host interactions, as
bacterial pathogens often acquire it from their human host (Choby and Skaar 2016). In
the context of the human oral microbiome, the oral pathogen Porphyromonas

gingivalis (belonging to the phylum Bacteroidetes) is known to scavenge heme (Olczak
et al. 2005), compatible with the above pattern. Other metabolites that displayed the same
trend include: arginine, cysteine, methionine, tryptophan, and glutathione. Arginine can
be catabolized via the arginine deiminase pathway to regenerate ATP and is thus an
interesting exchange metabolite beyond its use as a protein building block (Plugge and
Stams 2001; Schink and Stams 2006). Tryptophan is one of the highest cost amino acids
to biosynthesize (Akashi and Gojobori 2002), and thus is an intriguing exchange
candidate. Methionine and Cysteine are the only two sulfur containing standard amino
acids, and glutathione is synthesized from Cysteine. It is possible that the discrepancies
between PM values observed here are indicative of broad amino acid and vitamin
exchange between the phyla Proteobacteria and Bacteroidetes in the human oral

microbiome.
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Figure 3.12: Taxonomic parameters as predictors of metabolite specific producibility

Regression modeling was used to determine which taxonomic parameters were associated
strongly with the producibility metric (PM) values of specific metabolites. The log likelihood
ratio between a quadratic regression model using the log of genome size as a predictor of
metabolite specific PM values and a regression model with an additional binary taxonomic
parameter is shown on the heatmap (large log likelihood ratio — black, small — white). The
taxonomic parameters used were: Gram-stain (+ or -), phylum (belong to 1 of 12 phyla or not),
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and class (belonging to 1 of 22 classes or not) (top). The most highly significant points are
highlighted indicating if the group of organisms had increased (blue dots) or decreased (red x’s)
PM values for that specified metabolite (log likelihood ratio test, alpha < 10 with Bonferroni
correction). The columns in the heat map are arranged in taxonomic order such that trends can be
mapped with greater specificity. The rows in the heat map are arranged in the clustered order
from Figure 3.9, and metabolites of interest are highlighted with roman numerals.
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Organic acid production predicted for human oral microbiome organisms

In addition to calculating the producibility of biomass components, we were
interested in applying the PM to other metabolites that could be produced by microbes
and impact microbial community structure or function in the human oral microbiome. We
thus used our method to compute the PM of various organic acids across oral microbiome
organisms. We analyzed nine different organic acids and observed a large amount of
variability in PM (Figure 3.13). Acetate had the highest median PM while butyrate had
variable PM, with most organisms having PM of 0 but some having relatively high PM.
In particular, Fusobacterium genus organisms were found to have high PM for butyrate,
reflecting observations obtained from transcriptomic data, with important implications for
periodontal disease (Jorth et al. 2014). Additionally, increased butyrate PM was observed
in some but not all Porphyromonas and Prevotella species, which have been further
implicated in periodontal disease due to their potential production of inflammation

inducing organic acids (Takahashi 2015).
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Figure 3.13: Producibility of different organic acids across human oral microbiome
organisms

The distribution of producibility metric (PM) values across all oral microbiome organisms is
shown for 9 different organic acids. Blue dots show a jitter plot of individual data points such that
the distribution can be visualized. Red dot indicates the median value. The distribution of PM
values for Butyrate is also shown for three different genera: Fusobacterium (F), Porphyromonas
(Po), and Prevotella (Pr). Purple dots are individual data points, and the red dot indicates the

median value.
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Metabolite producibility in a protein vs. carbohydrate-enriched environment

Although one of the most useful features of our method is the capacity to provide
an environment-independent measure of metabolite producibility, it can also be tailored
to ask environment-specific questions. To exemplify this capability, we applied our
method to investigate the biosynthetic capabilities of a proteolytic organism
(Porphyromonas gingivalis) and a saccharolytic organism (Streptococcus mutans) in a
protein and a carbohydrate-enriched environment. The hypothesis was that the proteolytic
organism would have a higher PM increase in the protein enriched environment as it is
able to breakdown amino acids to synthesize other biomass components and likewise the
saccharolytic organism would have a higher PM increase in the carbohydrate-enriched
environment. We simulated a protein-enriched environment by fixing all amino acids to
always be present (Pin = 1) when calculating the PM, and simulated a carbohydrate-
enriched environment by fixing D-glucose to always be present (Pin = 1). Target
metabolites were never fixed to be present; for example when calculating the PM of an
amino acid in the protein-enriched environment we did not fix that amino acid to be
present. We measured the increase in PM in the enriched environments relative to the
originally calculated PM, for all 88 biomass metabolites and nine organic acids (Figure
3.14). Overall, we saw only small increases in PM in the enriched environments, with
particularly small increases in the carbohydrate-enriched environment. The modest trends
that we identified matched our expectation, with the proteolytic organism showing a
larger increase in PM in the protein-rich environment and the saccharolytic organism

showing a larger increase in PM in the carbohydrate-enriched environment. One possible
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reason for the small effects observed in this analysis is the fact that our baseline random
environment is fairly rich. For example, fixing D-glucose to be available in the
carbohydrate-enriched environment had minimal effect as D-glucose already had a high
PM in the original random environment. However, this application does highlight the
value of further exploring variants of our method that explicitly translate environmental

information into non-uniform metabolite input probabilities.
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Figure 3.14: Analysis of metabolite producibility change for a proteolytic organism
(Porphyromonas gingivalis) and a saccharolytic organism (Streptococcus mutans) in a
protein enriched environment

The difference in producibility metric (PM) as the PM in a protein enriched environment minus
the PM in a random environment is shown by the color in the plot above for a proteolytic
organism (Porphyromonas gingivalis W83), and a saccharolytic organism (Streptococcus mutans
UA 159). In contrast to the default PM calculations where all intracellular metabolites are added
as input metabolites randomly (excluding the target metabolite), the PM was calculated in a
protein enriched environment by fixing all amino acids to always be present (Pi»=1) and then
adding all intracellular metabolites randomly with increasing Pin (again excluding the target
metabolite). The mean increase in PM in the protein enriched environment for the proteolytic
organism was 0.006 and the max was 0.173, the mean increase in PM for the saccharolytic
organism was 0.004 and the max was 0.104.

A similar analysis was done in a carbohydrate enriched environment in which D-glucose was
added with Pi,=1. In this case, only very small changes in the PM value of all metabolites for the
proteolytic and saccharolytic organisms where observed. The mean increase in PM in the
carbohydrate enriched environment for the proteolytic organism was 0.000 and the max was
0.014, the mean increase in PM for the saccharolytic organism was 0.001 and the max was 0.026.
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Metabolic similarity correlates with microbial co-occurrence in the human oral
microbiome
Our approach is a bottom-up approach, that starts from genomes and predicts

metabolic capabilities that could underlie interactions. A key question in the field of
metabolic modeling is whether these bottom-up metrics can be compared to and provide
insight into top-down analyses of large datasets, such as the patterns of co-occurrence of
microbial taxa from microbiome sequencing data. To address this question for our
approach, we used the PM to calculate pairwise measures of metabolic difference or
complementarity between any two organisms and assessed the correlation of these
metrics with microbial co-occurrence. Through this analysis we sought to identify
metabolic trends associated with co-occurring microbes. We simultaneously evaluated
the correlation between microbial co-occurrence and other previously defined metrics
(Carr and Borenstein 2012; Kreimer et al. 2012; Levy et al. 2015), so that we could
compare these to the performance of the PM. While there are a few additional methods
that have utilized gap-filled metabolic models to provide insight into microbial co-
occurrence data (Freilich et al. 2011; Zelezniak et al. 2015), in this study we focused our
direct comparison on alternative methods that could be used to analyze draft (non-gap-
filled) metabolic networks as these were closest in scope and applicability to our own
method. Future analyses could broaden the scope of this comparison. All of the pairwise
metabolic metrics we calculated are described further in the methods section. For co-
occurrence data, we analyzed the supplementary data from (Friedman and Alm 2012),

which contains microbial co-occurrences identified from 16S rRNA sequencing data
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using their SparCC method for seven different oral microbiome sites. The correlations
between all pairwise metabolic metrics and microbial co-occurrence in all seven oral
microbiome sites are presented in Table 3.1

Across the seven different oral microbiome sites, the pairwise metabolic metric
‘PM distance’ (see methods section for description of metrics) showed the most
consistent significant correlation with co-occurrence of any pairwise metabolic metric.
The PM distance was consistently negatively correlated with the co-occurrence,
indicating that organisms that are more similar in PM tend to co-occur. Several other
pairwise metabolic metrics were found to be correlated with co-occurrence, although in a
less consistent manner than the PM distance Table 3.1. Additionally, many of the
pairwise metabolic metrics that we analyzed were highly correlated with each other as we
show in Figure 3.15. To further disentangle correlations between pairwise metabolic
metrics and co-occurrence data, we looked at the partial-correlation between a pairwise
metabolic metric and co-occurrence when controlling for another pairwise metabolic
metric. We found that the PM distance always had significant partial-correlation with co-
occurrence when controlling for any of the other pairwise metabolic network metrics, a
trend not observed for the other metrics. We further repeated this entire correlation
analysis for co-occurrence measured by Pearson’s correlation (also from the
supplementary data of (Friedman and Alm 2012)), and interestingly found that
correlations between pairwise metabolic metrics and co-occurrence were weaker and less
consistent when using Pearson’s correlation, in line with previously reported

inconsistency in co-occurrence prediction by Pearson’s correlation (Friedman and Alm
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2012). Overall, our analysis corroborates and enhances previous analyses showing how
co-occurrences in 16S rRNA sequencing data from the human microbiome project tend to
reflect “habitat filtering’, where organisms with similar metabolic capabilities tend to co-
occur (Freilich et al. 2011; Zelezniak et al. 2015; Levy and Borenstein 2013).

We next examined more closely the correlation between the pairwise metabolic
metrics PM complementarity and Seed complementarity (see Methods and Figure 3.16).
These measures of complementarity summarize the potential for any one organism to
provide metabolic products to another. While the two metrics are highly correlated with
each other, the distribution of their values display some significant differences. In
particular, the PM complementarity displays a clear bi-modal distribution, which is
absent from the distribution of Seed complementarity values. The high-valued peak of the
PM complementarity distribution captures most of the interactions between small-
genome/fastidious microorganisms and their partners. This indicates that our method is
good at resolving biosynthetic deficiencies in fastidious/uncultivated organisms, as

further investigated next.
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Figure 3.15: Correlations of various pairwise metabolic metrics

We calculated a number of different pairwise metabolic metrics using our method, and others,
across oral microbiome organisms (pairwise metabolic metrics are described in more detail in the
methods section). The different metrics are shown plotted against each other and Spearman’s rank
correlation and P-value are shown as calculated using a Mantel test with 1,000 permutations.
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Figure 3.16: Comparison of PM complementarity vs. Seed complementarity

Two alternative complementarity metrics, PM complementarity and Seed complementarity, were
compared to each other in further detail. Fastidious/uncultivated organisms are highlighted with
different colors on the scatter plot showing complementarity scores from all oral microbiome
organisms to those specified in the figure legend. Log-scale histograms display the distribution of
complementarities for each method. The histograms show that the PM complementarity has a bi-
modal