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Microbial communities permeate the world around us, inhabiting a range of environments where
they play crucial roles in environmental resources cycles, agriculture, and human health,
highlighted by recent interest in the human gut microbiome. These influences have marked
microbial communities as potential tools for biotechnology and therapeutics to both enhance
existing benefits and develop novel microbiome-based applications. This has led to the creation of
several design techniques that manipulate these communities to optimize for specific beneficial
functions, termed microbiome engineering. Previous engineering methods broadly fall into three
categories: modulating the environment, modifying individual species’ genomes, and constructing
synthetic compositions of existing species. This last category has relied primarily on experimental
approaches to select for or identify desirable compositions. However, the explosion of mechanistic
knowledge regarding microbial function now offers an alternative approach to designing synthetic
compositions, i.e., computational model-based tools that can evaluate and optimize compositions
in silico. Here, | introduce computational methods that provide novel design capabilities by
utilizing models of the link between microbial species and their functional capacities. In chapter



1, I review the current state of microbiome engineering techniques, their shortcomings, and the
availability of mechanistic knowledge to support model-based design approaches. In chapter 2, |
introduce CoMIDA, an algorithm for identifying minimal communities that provide sufficient
metabolic capacities to perform a specific function. | then use CoMIiDA to analyze the
communities designed from common gut species for a wide array of metabolic tasks, finding that,
when feasible, the designed communities tend to contain very few species. In chapter 3, | describe
a perturbation-based framework for estimating the robustness of a community’s functional
capacities to perturbations in its species composition. | apply this framework to estimate measures
of taxa-function robustness for communities from several human body and environmental sites,
demonstrating that robustness varies depending on the source of the community. 1 also characterize
the distribution of genes associated with functional orthology groups across community member
genomes, showing that gene distribution features are related to robustness and revealing
environment-specific signatures of gene distribution features. Finally, in chapter 4, | discuss other
recently introduced computational design methods and describe the current challenges that face
computational methods. | then propose potential avenues to advance the current state of
computational methods, including rule-based frameworks that incorporate biological observations
and integrated approaches that pair computational methods with complementary experimental
techniques, which may provide comprehensive and powerful design tools for future microbiome

engineering efforts.
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1. Introduction

Sections of this chapter are based on the following manuscript submitted to Current Opinion in

Biotechnology:

Eng A, Borenstein E. Microbial Community Design: Methods, Applications, and Opportunities.
Current Opinion in Biotechnology Submitted.

Single-celled organisms, i.e., microbial species, permeate the world around us. These
bacteria, archaea, and unicellular eukaryotes have found homes ranging from on and within the
human body [1], to some of the most inhospitable or inaccessible habitats on the planet, such as
deserts [2] or deep below the earth’s surface [3]. Survival in these distinct and varied environments
has necessitated extensive diversification, leading to specializations in individual microbial
function that correspond to the unique circumstances of their surroundings. These specializations
can encompass various tasks important to microbial life including metabolism [4], physical
interaction with the environment [5], and response to extreme conditions [6]. Similarly, microbial
communities, or mixtures of distinct species, also display a diversity in collective function that,
perhaps most notably, encompasses the synthesis and degradation of a range of compounds [7—
10]. These community-level functions result from the combination of functions performed by each
individual species within the community as well as the complex interactions between those
species. Via these diverse community functions, microbial communities play crucial roles in many
settings including human health, industry, and the environment, suggesting that they could serve
as promising and versatile tools for novel biotechnologies. Here | review some of the key benefits
that microbial communities provide and existing approaches for engineering microbial community

function.
1.1 The beneficial impacts of microbial communities

Microbial communities have myriad important and beneficial impacts on our lives, and
perhaps the most immediate and personal influences result from the communities that inhabit our

bodies. The human body is host to a multitude of microbial species, the human microbiome, with
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estimates suggesting that the number of these microbial cells is comparable to the number of cells
in the human body [11]. A person’s microbiome begins to develop from birth when newborns are
exposed to maternal and environmental species [12]. Evidence suggests that, even at this early
stage of life, the microbiome plays an important role by supporting proper immune system
development. Observational studies have noted that allergies developed during childhood are
associated with early differences in fecal microbiota composition when compared to non-allergic
children [13]. Moreover, it appears that specific early gut colonizers influence particular aspects
of immune system development. For example, germ-free mice exhibit a deficiency in CD4" T
cells, which are important for modulating various immune responses, but this deficiency is rescued
when germ-free mice are colonized with Bacteroides fragilis [14]. In another case, Enterococcus
faecalis, present in the newborn gut, was shown to help regulate PPARy1, a transcription factor
involved in inflammation, in a human colonic cell line [15]. These interactions with the immune
system represent some of the significant benefits that the human microbiome can provide to its
host.

After initial development, the gut microbiome continues to influence diverse aspects of our
well-being throughout our lives. In terms of metabolism, the gut microbiome provides access to a
variety of biosynthetic and digestive capabilities that we lack, including vitamin production [16]
and the fermentation of dietary fiber to short chain fatty acids (SCFAs) [17]. SCFAs, such as
acetate, propionate, and butyrate, serve a multitude of purposes in the gut ranging from appetite
control to glucose regulation, and butyrate in particular is both an anti-inflammatory
compound [18] and an important energy source for colonic cells [19]. Some of the metabolic
benefits provided by the gut microbiome also become clear when normal function is disrupted, as
in the case of obesity. The gut microbiomes of lean and obese individuals encode different
functional capacities [20], and when lean or obese gut communities are transplanted into germ-
free mice, the obese community recipients display relative increases in body mass and fat [21].
This negative effect of a disrupted gut microbiome demonstrates the importance of normal gut
microbiome function in supporting host health. Besides metabolism, the healthy gut microbiome
can also protect against pathogens through various mechanisms. For example, commensal gut
bacteria can help the development of host immune responses that enable activation in response to
pathogens, exclude pathogens via competition for nutrients, and produce antimicrobials that target

pathogens [22].
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Microbial communities also provide many benefits in industrial settings by supplying
important biosynthetic and degradation capabilities. Communities present in municipal and
industrial wastewater harbor species that can break down a range of pollutants under the right
conditions, making them ideal for use in wastewater treatment plants [23]. In this setting,
wastewater is passaged through tanks designed to promote the growth of these
communities [24,25]. There, they remove assorted nitrogen-, phosphorus-, and carbon-containing
compounds, and sometimes even more toxic byproducts of industrial processes [26]. Marine
sediment communities, on the other hand, have displayed the ability to generate electrical current
by reducing various elements [27], leading to the development of microbial fuel cells (MFCs), a
biotechnology that uses microbial communities for electricity production [28,29]. MFC
communities can consume a wide range of substrates and this has enabled the coupling of
wastewater treatment and MFCs to generate electricity while also degrading pollutants [30,31].
Additionally, the biosynthetic capabilities of microbial communities have enabled numerous
biotechnologies primarily focused on synthesizing biofuels such as methane [32], ethanol [33],
and hydrogen [34], which offer promising renewable alternative fuel sources.

Environmental resource cycles and agriculture also benefit from the activity of microbial
communities, which transform and recycle several elements, making them available to other
organisms. For instance, the nitrogen cycle is an important process in which nitrogen is extracted
from environmental reservoirs, utilized by organisms for essential functions, and released back
into the environment. Microbial communities are a critical component to this process because they
alone can “fix” atmospheric nitrogen gas, converting it into ammonia and thereby producing a
more accessible nitrogen source [35]. This is especially important in agriculture because crop-
accessible nitrogen comes from two main sources, nitrogen-fixing species and nitrogen-containing
fertilizers, and nitrogen fixers offer the more environmentally sustainable alternative [36]. Similar
to nitrogen, microbial species also contribute to the natural phosphorus cycle by decomposing
organic matter to release phosphorus into the environment [37]. Some species also support crop
growth via their ability to convert inorganic phosphates into plant-accessible soluble
forms [38,39].



1.2 Microbiome engineering for improving community function

These varied and valuable functions suggest that microbial communities are a prime target
for medical, industrial, and agricultural advancement and have sparked interest in the development
of microbiome-based biotechnologies and therapeutics [40-42]. Specifically, microbiome
engineering — the in situ manipulation of existing microbial communities or the construction of
synthetic communities to achieve a specific community function — is a promising tool for
improving and innovating upon various applications. Microbiome engineering relies on the ability
to modulate community function, which can be done via three main approaches, altering a
community’s environmental conditions, editing the genomes of community members, or

modifying a community’s species composition.
1.2.1 Environment adjustment

One approach to influence community function is by controlling environmental conditions,
and this has been applied to optimize community performance in industrial biotechnologies.
Factors such as substrate availability, pH, and temperature can affect various aspects of microbial
metabolism and protein expression [43—-45] and thus can serve as adjustable operating parameters
for engineers to tune overall community function. This has primarily been applied in industrial
settings where operators have direct control over these factors. By systematically testing different
environmental configurations, operators can identify conditions that optimize specific functions
such as microbial hydrogen production [46,47], nitrification [48,49], and pigment production [50].
While this general approach is amenable to industrial applications, it is less suitable for therapeutic
and agricultural technologies because precise control of operating conditions and comprehensive
evaluation of potential environmental configurations are more difficult to achieve. In human gut
microbiome therapeutics, for example, determining the optimal gut environment and how to
appropriately achieve those conditions will depend in part on host genetics and how the

individual’s immune system interacts with the microbiome.
1.2.2 Genome editing

Another tool for altering microbial function is synthetic biology via genome editing, which

relies on the modification, insertion, and/or deletion of DNA sequences in a species’ genome and
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thus may avoid the need for adjusting and maintaining specific environmental conditions. This
technique has been applied to develop synthetic individual microbial strains that specialize in the
production of various substances including biofuels [51,52] and plant compounds [53]. Synthetic
strains are generally created by first identifying a metabolic pathway that converts some available
feed material into a desired compound. If a strain that encodes the desired pathway does not already
exist, then a strain of a well-studied species such as Escherichia coli or Saccharomyces cerevisiae
is used instead [54]. In the latter case, missing components of the desired pathway are introduced
by inserting the associated genes via either plasmids or direct genome editing. Once all genes
associated with the desired pathway are present, the strain’s genome is modified to overexpress
this pathway to increase the desired activity. This engineered single strain technique has proven
successful for creating organisms that can generate biofuels, pharmaceuticals, and food-related
compounds at commercial scale [55], but solitary strains entail certain disadvantages. For instance,
some multi-step metabolic processes may be challenging to perform efficiently in a single cell
[56]. Additionally, operating conditions and substrate quality must often be kept to high,
sometimes cost-prohibitive, standards because single strain systems may not be resilient to
contamination of other species or changes in available substrate concentrations [57-59]. Thus, as
with environmental manipulation, the synthetic single strain approach is likely unsuitable for
broader applications beyond industrial bioreactors.

Synthetic ecology, or the engineering of multiple synthetic strains that form a community,
is a related approach that can address some of the shortcomings of single strain engineering,
including its reliance on tightly controlled operating conditions. In a community context, metabolic
pathways can be distributed across multiple engineered strains, which reduces the genetic
requirements for any one strain and can enable cooperative extra-cellular processes [60]. This
metabolic compartmentalization has been used for applications such as contaminant removal [61]
and certain fermentations [62], displaying increased efficiency compared to engineered single
strain systems. Distributed metabolism can also improve utilization of multiple substrates, e.g.,
mixtures of different sugars, and can allow the community to respond to changes in substrate
composition through shifts in community composition [63]. This resilience to substrate variability,
as well as observed resistance to invasion by undesirable species [59], suggests that precise
regulation of environmental conditions may be less crucial for synthetic communities, displaying

yet another advantage over environmental manipulation and single strain techniques. Besides
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distributed metabolism, synthetic strains can also be engineered to communicate and coordinate
their individual functions by the intercellular transfer of signaling molecules and metabolites [64].
Due to these advantages, synthetic ecology is a promising tool for further developments in
microbial community engineering. However, extensive effort is still required to design individual
synthetic strains and community interactions. This may not scale well when creating larger, more
complex communities that can be desirable due to the benefits of increased diversity observed in

settings such as the gut microbiome [65] and soil communities [66].
1.2.3 Synthetic composition design

Microbial communities can also be engineered by designing synthetic compositions of
existing microbial strains that perform or optimize a desired function. This alternative to synthetic
strain engineering aims to exploit the available diversity in individual- and community-level
microbial function by either manipulating natural community compositions or creating novel
combinations of isolated strains from scratch. For example, by building upon natural communities,
a resulting synthetic community can preserve important community functions that are not
specifically the target of optimization. This will be important in therapeutics since the gut
microbiome interacts with host health via a variety of mechanisms and synthetic therapeutic
communities should maintain these positive interactions. These same tasks would be more
challenging via genome engineering. More specifically, effectively altering existing communities
via the introduction of synthetic strains will require consideration, and likely further design, of
how the complex interactions these strains will have with other community members. Furthermore,
designing entire communities from synthetic strains would, in addition to optimizing a targeted
function, necessitate the identification and proper implementation of other necessary community
functions in the final community. As an alternative, many synthetic composition design methods
are able to maintain or approximate the high diversity of naturally occurring communities, unlike

current genome editing approaches.

1.2.3.1 Composition perturbation

Perturbing a community’s composition, whether through the addition of beneficial species
or removal of undesirable ones, provides a simple tool for developing synthetic compositions

based on existing communities. Antibiotics are perhaps the most prevalent example of this
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approach in therapeutics, acting as a tool for removing pathogenic species [67]. Probiotics, on the
other hand, are an example of an additive tool, aiming to improve gut microbiome function via
supplementation with beneficial species [68,69]. Composition perturbation through species
addition has also been used in biotechnology, where it is referred to as bioaugmentation, and has
shown some success in improving wastewater treatment [70], biogas production [71], and
treatment of contaminated soils [72]. However, these tools are not always ideal, especially in
therapeutics, as antibiotics can be involved in subsequent increased pathogen susceptibility [73,74]
and the persistence of probiotic strains can be inconsistent [75,76]. These shortcomings arise from
a focus on specific species within a community, and more sophisticated methods that consider the

entire community composition, may be more powerful.

1.2.3.2 Community enrichment

Existing community compositions can also be manipulated to achieve desired synthetic
compositions by subjecting them to environmental conditions that favor the growth of species with
particular functional capabilities. By selecting for these species, this technique, named community
enrichment, aims to reach a community composition that has optimized the target function. To
date, enrichment has primarily been used for biotechnological applications, including MFCs,
biopolymer production, and hydrogen production. Marine sediment communities inoculated into
MFCs often undergo compositional changes and exhibit gradual improvement in efficiency over
time as the community adapts to operating in the MFC environment. Such changes were shown to
include enrichment for species potentially related to current generation [77] and degradation of the
supplied substrate [78], and the observed changes in community composition during extended
operation of an MFC were demonstrated to be linked to concurrent increases in MFC efficiency
[79].

While MFC communities experience inherent and appropriate selective pressures,
enrichment for other biotechnologies may require the application of artificial selection procedures
to optimize community function. For example, to increase the yield and efficiency of microbial
communities grown and harvested for biopolymers used in biodegradable plastics, researchers
have applied artificial feast-famine cycles [57,80]. A feast-famine cycle selects for communities
that store energy (in the form of biopolymers) more efficiently during the feast phase so that energy
is available during the famine phase. Artificial selection procedures have also improved microbial



8
community hydrogen production, though in this context, artificial section is often applied as a
pretreatment rather than as part of post-enrichment operating conditions. Such pretreatments
include heat shock, acidic or basic incubation, freeze drying, and chloroform treatment [81], which
aim to enrich for hydrogen-producing species in the original community while excluding hydrogen

consumers.

1.2.3.3 Community reduction

Some microbial community applications may impose specific restrictions on the species
that can be present in the synthetic community. For example, microbiome therapeutics must meet
various regulatory guidelines [82], and be devoid of pathogenic species so as to avoid inadvertently
infecting the recipient [41]. However, it may not be possible to fully satisfy such restrictions using
enrichment approaches due to the relatively broad and unspecified nature of environmental
selection. For example, applying environmental conditions that inhibit the growth of pathogens
may simultaneously negatively impact the growth of desirable species. This challenge can be
addressed by a complementary design approach, referred to here as community reduction, wherein
individual members of some initial community are isolated and characterized to rationally
determine whether they should be used in the synthetic community. This approach provides better
control over community composition and enables a more principled selection of desirable species
and the explicit exclusion of undesirable ones. However, some community members may be lost
during the isolation step due to our current inability to culture certain species [83], and thus there
is some risk of missing community members with a crucial role in the target function.

This design paradigm has been used, for example, to reconstruct synthetic communities for
treating Clostridium difficile infection (CDI). CDI, a gastrointestinal infection where C. difficile,
a spore-forming, antibiotic-resistant enteric pathogen, dominates the gut microbiome and causes
inflammation and diarrhea [84], has previously been effectively treated with fecal microbiota
transplantation (FMT) from healthy donors [85]. In an attempt to recapitulate these treatments with
engineered compositions, two studies have used community reduction to formulate synthetic CDI
treatment communities [86,87]. In both studies, treatment displayed similar success, and in one
case more success, compared to standard FMTs from donors. The community reduction approach
has also shown success when used for non-CDI therapeutic applications. For example, rather than
targeting C. difficile, a reduced gut community of ampicillin-resistant isolates demonstrated
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resistance against invasion from vancomycin-resistant Enterococcus [88]. Reduced gut
communities have also shown promising results for inducing T cells in mice [89,90], further
illustrating the potential for community reduction to recapitulate various important gut microbiome
functions and its promising future as a microbiome therapeutics design tool. One important caveat
to note, however, is that community reduction inherently cannot design synthetic compositions
with novel functions. This deficiency may restrict its wider applicability in augmenting the

functional capacities of human-associated communities or developing new biotechnologies.

1.2.3.4 Combinatorial evaluation

One of the benefits of synthetic community compositions is that they can include
combinations of species that have never been observed co-occurring in naturally occurring
communities, potentially facilitating the novel coupling of diverse metabolic capacities. Such
synthetic communities may therefore be able to outperform existing communities (or communities
obtained via enrichment and reduction), and may even be capable of entirely new functions. As
with engineered synthetic strains, this is of particular interest for industrial applications such as
the production of biofuel and other biological compounds [91]. To go beyond a simple trial and
error approach for identifying beneficial combinations, community engineers can employ a more
comprehensive process referred to here as combinatorial evaluation. This entails the systematic
enumeration, construction, and evaluation of possible combinations of a set of species to identify
the best-performing composition. When the number of species to consider is small, combinatorial
evaluation can be performed in its ideal form, constructing and assessing all possible combinations
of the species of interest. For example, a synthetic community was optimized for dye degradation
in textile wastewater by considering all possible combinations of the three candidate species,
including variations in relative abundance [92].

Importantly, however, as the number of candidate species grows, the number of potential
compositions grows exponentially, quickly rendering the evaluation of all possible combinations
impossible. This setting calls for techniques that can drastically reduce the number of evaluated
compositions. One such technique is fractional factorial design (FFD) [93], which can reduce the
number of evaluated compositions by carefully selecting a subset of potential community
compositions to isolate the contributions of specific species and inter-species interactions to the

target community-level function. Microbial community function optimization via FFD has
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historically focused on factors external to the community for environmental adjustment [94-96].
However, more recent efforts have used FFD to investigate the potential estimation of individual
species effects. For example, FFD has been applied to develop wastewater treatment communities
by estimating the species and interaction contributions to total organic carbon degradation and
substrate utilization rate [97,98]. These contributions were then employed to identify optimal
synthetic compositions for each of these two biodegradation tasks, determining that certain three-
and four-strain communities performed better than a baseline mixture of all six evaluated strains.
Another technique for efficiently evaluating potential compositions is the definition of
microbial consortia that will be treated as single units when enumerating possible species
combinations. More specifically, each combination will either include or exclude all species in a
given consortium. This technique is particularly useful when a microbial consortium has
previously demonstrated a desirable emergent function. For instance, a consortium of marine
species, named the NPMC, can efficiently fix CO2 [99], and has been used as a single candidate
community member in combinatorial evaluation to develop a synthetic community for CO2
fixation [100]. In addition to reducing the pool of available species to six candidate community
members (one of which was the NPMC), this approach also enabled the inclusion of species that
could not be isolated from the NPMC in the final community. In another example, a synthetic
community was designed for lignocelluloytic enzyme activity by considering a synthetic
consortium previously designed for cellulolytic activity [101] alongside several fungal
strains [102]. These studies highlight the benefits of this approach, which allows engineers to
evaluate higher complexity communities without drastically increasing the number of evaluated

compositions.

1.2.3.5 Growing support for computational model-based design methods

The synthetic composition design paradigms described above focus on experimental
methods for identifying optimal compositions, but prior ecological, genomic, and metabolic
information regarding microbial function can enable complementary computational approaches.
Databases such as NCBI [103] and IMG [104] provide access to an ever increasing number of
sequenced microbial genomes, which can be used to identify the genes each species encodes. This
information can be employed to infer the functional capacities of each species when coupled with
various curated gene annotation databases such as KEGG [105] and MetaCyc [106], which link
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genes and protein domains to functions using literature-based evidence. These links between
species and function can support model-based methods to predict and evaluate individual- and
community-level function in silico, allowing engineers to rationally design synthetic compositions
prior to experimental validation. For example, knowledge of individual species functional
capacities could be used to identify species combinations that collectively encode sufficient
functional capacities to support a desired community function. The stoichiometry of metabolic
reactions encoded by a species can also aid in predicting function, as has previously been used in
constraint-based modeling and flux balance analysis (FBA) [107,108]. Such models can predict
the steady state metabolic activity of a given species by identifying a set of metabolic fluxes that
maximize microbial growth while adhering to a set of thermodynamic constraints [109,110].
Predicting community function in this way could serve to focus experimental efforts on synthetic
compositions that are expected to optimize the desired function, thereby reducing time and labor

required to engineer synthetic communities.

1.3 Development of computational methods for synthetic community

composition design

Despite the availability of resources for linking taxonomic composition to community
function, computational methods to aid synthetic composition design are lacking. Model-based
methods can provide two major benefits to microbiome engineering: rapid identification of
optimized synthetic compositions based on predicted function, and evaluation of community
characteristics that are challenging to comprehensively assess experimentally. Methods that
address this first task can help reduce the experimental effort required to engineer synthetic
communities. On the other hand, methods that support this second goal instead offer insight into
new facets of microbial community function, which engineers can then consider during the design
process. In this dissertation, | introduce two model-based computational methods that provide
support in these areas by utilizing models linking microbial species to their functional capacities.
The objective of the first method is to identify minimal sets of species that collectively encode the
functional capacities for desired community-level metabolic functions, which can provide a
starting point for further community engineering. This method also offers the opportunity to
explore the community composition constraints imposed by different metabolic functions, and |

apply this to examine minimal communities of human gut species. The objective of the second
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method is to evaluate the robustness of a community’s functional capacities with respect to
changes in its taxonomic composition, which can provide novel insights into the consequences of
community structure. One question is whether this taxa-function robustness varies by environment,
which | investigate by using this method to characterize robustness in communities from human-

associated, soil, and marine sources.
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2. An algorithm for designing minimal microbial communities with

desired metabolic capacities

This chapter is based on the following manuscript published in Bioinformatics:

Eng A, Borenstein E. An algorithm for designing minimal microbial communities with desired
metabolic capacities. Bioinformatics 2016; 32:2008-2016

2.1 Summary

2.1.1 Motivation

Recent efforts to manipulate various microbial communities, such as fecal microbiota
transplant and bioreactor systems’ optimization, suggest a promising route for microbial
community engineering with numerous medical, environmental, and industrial applications.
However, such applications are currently restricted in scale and often rely on mimicking or
enhancing natural communities, calling for the development of tools for designing synthetic

communities with specific, tailored, desired metabolic capacities.
2.1.2 Results

Here, | present a first step toward this goal, introducing a novel algorithm for identifying
minimal sets of microbial species that collectively provide the enzymatic capacity required to
synthesize a set of desired target product metabolites from a predefined set of available substrates.
This method integrates a graph theoretic representation of network flow with the set cover problem
in an integer linear programming framework to simultaneously identify possible metabolic paths
from substrates to products while minimizing the number of species required to catalyze these
metabolic reactions. | apply this algorithm to successfully identify minimal communities both in a
set of simple toy problems and in more complex, realistic settings, and to investigate metabolic
capacities in the gut microbiome. This framework adds to the growing toolset for supporting
informed microbial community engineering and for ultimately realizing the full potential of such

engineering efforts.
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2.1.3 Availability

The algorithm source code, compilation, usage instructions, and examples are available

under a non-commercial research use only license at https://github.com/borenstein-lab/CoMiDA.
2.2 Background

Complex microbial communities can be found everywhere on our planet, spanning marine
communities inhabiting the deep ocean to symbiotic communities living on and within host
organisms. These communities impact a broad set of processes ranging from environmental
resource cycles to host organism health. For example, deep sea rock and vent communities play a
fundamental role in oxidizing environmental methane [111], whereas the human gut microbiome
crucially aids in drug metabolism, energy harvest, and immune system response [112]. Microbial
communities affect these processes through a variety of metabolic reactions catalyzed by enzymes
encoded in the member species' genomes, and ultimately through the diverse compounds each
community can degrade or produce.

These critical roles microbial communities play in shaping their environment, combined
with the potential to manipulate these communities, suggest a promising route for numerous
medical and environmental applications [40]. Specifically, several such efforts to shift target
communities toward preferred states have used samples from naturally occurring communities as
an inoculation source. For instance, transplanting healthy donor microbiome samples into patient
guts has recently been used to treat a variety of gut disorders [113]. Such fecal microbiota
transplants (FMTSs) have been shown to perturb a patient's dysbiotic gut community, shifting it to
a healthier state and ameliorating their condition [114,115]. These FMT-based therapies have had
a >90% success rate at curing recurrent Clostridium difficile infections and have promising results
for addressing other gut disorders including inflammatory bowel disease and metabolic
syndrome [85]. Similarly, wastewater treatment bioreactors are often seeded by microbial
communities cultivated from naturally occurring wastewater microbes or from previously
established bioreactors [24]. These seed communities colonize the new bioreactor and thereby
provide the metabolic processes necessary to degrade biological matter in wastewater.

Following the success of such transplants, recent efforts have further aimed to use

engineered, rather than naturally occurring, communities in an attempt to increase control over
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transplant outcomes. For example, a synthetic stool substitute was recently developed using a
mixture of cultured bacterial isolates to mimic a healthy gut community [87]. Such a synthetic
community removes the need for sample donors, allows greater regulation over the bacteria present
in the transplant community, and reduces the risk for inadvertent transfer of pathogens. This
synthetic and markedly simpler community was shown to still be effective in treating C. difficile
infections. Another effort applied a simple selection-based approach to optimize the species
composition of a bioreactor seed community for increased biopolymer production from
glycerol [80]. The final community's biopolymer production rate was demonstrated to be
noticeably increased compared to the original community.

Such community engineering approaches are clearly an important first step towards
customizing microbial community composition, yet they still largely rely on imitating natural
community structures or enhancing existing community capabilities and cannot, for example,
produce communities with potentially desired abilities absent from the initial community. Indeed,
even optimizing an existing community function involves developing a carefully controlled
selection procedure tailored to the preferred function and may require a long time for the
community to reach an optimal state. The applications of such engineering efforts are therefore
inherently constrained and are often very system-specific and hard to generalize.

One approach to address these challenges is to rationally design and construct synthetic
communities with desired and predefined metabolic capabilities. Such a design process would
involve the careful selection of member species and their abundances, hopefully defining a
community composition that would achieve the desired metabolic task in the target environment.
The ability to design such communities would significantly broaden the applicability of
community engineering, could alleviate the reliance on naturally occurring community functions,
and would ultimately support the construction of communities tailored to perform specific tasks
within the context of various environmental settings.

Designing microbial communities, however, is a daunting task. Microbial species are
endowed with tremendously diverse and complex capacities, which may not be trivial or easy to
discern. Moreover, the various species comprising each community do not function independently,
and each community impacts its environment through the orchestrated activity of its members.
Interaction between species can lead to emergent behaviors that cannot be attributed to the function

of just a single species or to additive species functions [116,117]. One species can, for example,
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provide the necessary precursors that allow a second species to produce metabolites that it could
not produce when growing in isolation [118]. Similarly, costly metabolic tasks could be distributed
among community members such that each member performs a specific part of a complex
metabolic pathway [119]. A successful design framework should therefore account for such
interactions and their impact on the metabolism of the community as a whole.

As a first step to address this challenge, here | present CoMiDA (Community Metabolism
Design Algorithm), an algorithmic framework for designing simple communities with some
predefined metabolic capacities. Specifically, this algorithm aims to identify a set of species that,
as a community, has the metabolic potential to convert a set of metabolic substrates to a set of
desired target metabolites. It further aims to discern the smallest set of species required to provide
this desired metabolic potential, reducing downstream complexities and providing more
streamlined communities. In other words, the goal is to identify a minimal set of species whose
genomes collectively encode a set of enzymatic genes that can catalyze a collection of metabolic
reactions forming metabolic paths to each desired product metabolite from the available substrates.

Communities designed with this framework will therefore have the required metabolic
potential to achieve the specified metabolism. Obviously, there are additional factors and processes
that should be ultimately considered in designing a stable and functional community that carries
out a specific task. First and foremost, possessing the set of reactions leading from substrates to
products does not necessarily imply that the community would actively and efficiently perform the
desired metabolic function. Toxin production, signaling between microbes, the capacity to
transport metabolites between cells, and the ability of the selected species to survive in the target
environment could further affect the community behavior, stability, and dynamics. Yet, having the
metabolic potential to carry out the desired function is an important and essential prerequisite for
any community that could achieve the specified task, and is therefore a natural first step in rational

community design and a critical component of any design task (see also 2.5 Discussion).

2.3 Methods

2.3.1 Problem statement and approach

The goal of this design task is, given a set of substrate metabolites and a set of target

product metabolites, to find a minimal subset of the available species that can collectively
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synthesize this set of target products using the available substrates. Specifically, each microbial
species is viewed as a simple assemblage of metabolic reactions, corresponding to the set of
enzymatic genes encoded in its genome. Each reaction is represented as a hyperedge, linking the
reaction’s substrates to the reaction’s products. Furthermore, we will initially assume that
metabolites can transfer freely between species, a common simplifying assumption in various
community models [120-123], though we will relax this assumption later. The metabolic potential
of each community can accordingly be viewed as the aggregate set of metabolic reactions of the
member species. A solution to this design task is therefore a minimal set of species that collectively
include some set of metabolic reactions sufficient to form valid paths to all target products from

available substrates. This design task is depicted in Figure 2.1.

Desired Species and Desired Minimal
Metabolism Reactions Community
SUBSTRATE 51 SUBSTRATE

. @ o o
r r r

2y I3
® O
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@

O

PRODUCT PRODUCT

Figure 2.1. Schematic representation of the design task. Circles represent metabolites, with arrows between
metabolites representing metabolic reactions and ovals representing species. The presence of a reaction within a
species indicates that this species can catalyze that reaction. Given desired products and available substrates (left)
and a set of available species (middle), CoMiDA aims to identify a minimal subset of species that can collectively

synthesize the desired products from the available substrates (right).
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To solve the above design problem, | used an integer linear programming (ILP)
formulation. ILP is a framework for defining a linear expression of variables to
maximize/minimize, along with a set of linear equations and inequalities that constrain those
variables. ILP is a well-established framework, with several efficient solvers and numerous
applications [124].

Below, I introduce an ILP formulation of this design task, inspired by ILP-based solutions
to both the set cover problem and the network flow problem. To outline the different conceptual
parts of the algorithm, | construct this ILP formulation in multiple steps. | first assume that all
reactions are simple (connecting a single substrate to a single product) and that a set of reactions
necessary to form paths from available substrates to all target products is specified. | show that,
with these assumptions, identifying a minimal set of species that collectively encode this required
set of reactions can be represented as a set cover problem and solved using an ILP formulation.
Next, | relax the assumption of specified paths (or a specified set of reactions), introducing an
array of network flow-inspired ILP constraints that defines possible paths from available substrates
to target products using terms that can be linked to the set cover formulation. Finally, | consider
the presence of multiple-substrate multiple-product reactions and adjust the network flow
constraints to account for such edges with multiple inputs and multiple outputs, or hyperedges, in

the metabolic network.
2.3.2 Species, reactions, and metabolites in a simple metabolic network representation

There are three main components to this community design problem: the set of available
species, the metabolic reactions catalyzed by each species, and the metabolites these reactions
consume and produce. Let M = {m,, m,, ..., m,;} denote the set of possible metabolites where n is
the number of metabolites. We additionally define R = {rl,rz, ...,rp} to be the set of reactions,
where p is the number of reactions. Each reaction can then be defined as an ordered pair of

metabolites, representing the reaction’s substrate and product, respectively:

= (mj_substratermj_product)-

For now, assume that each reaction has one substrate metabolite and one product

metabolite. This assumption will be relaxed later. Similarly, let S = {s;, sy, ..., s;} denote the set
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of species, where q is the number of species. Each species, s, in this formulation can be defined as

the set of reactions it can catalyze:

S; = {T'i_l, ri_Z’ . Ti_a}.

We additionally define the set of available substrate metabolites and set of target product

metabolites as:
SUBSTRATE = {msubstrate_lf msubstrate_zi ) msubstrate_b}’

PRODUCT = {mproduct_li mproduct_z' (L) mproduct_c}'

where b is the number of substrates and c¢ is the number of products. Notably, with these
definitions, metabolites and reactions can also be viewed as a graph or a network, where nodes
represent metabolites and edges represent reactions connecting substrates to products. Notice also
that each species can be associated with some subgraph of this metabolic graph based on the set
of reactions that species can catalyze.

2.3.3 Finding a minimal set of species with a pre-specified collection of metabolic

capacities

To focus on the minimization aspect of the algorithm, first assume that there is a specified
set of necessary metabolic reactions, N € RP C R, that provides valid paths from SUBSTRATE
to PRODUCT, such as the set of metabolic reactions in Figure 2.1 (right). Given this assumption,
the aim is to identify a solution set of species that both can collectively catalyze this set of
necessary reactions, and is minimal (in terms of the number of species). Since each species is
viewed as some subset of the possible reactions, this task corresponds to identifying the minimal
set of such subsets whose union contains the specified set of necessary reactions N. This
representation of the task forms an instance of the well-defined set cover (SC) problem, which can
be solved using an ILP formulation [125]. Specifically, first we define a set of binary ILP species

variables 1_S = {I_s;,1_s,, ...,I_s,} such that each ILP species variable, I_s, corresponds to a

Species s:

I_s; € {0,1}:i€{1,2,..,q},



20
with I_s; = 1 indicating that the ith species is included in the solution species set, and I_s; = 0
indicating that the ith species is not included. Given these ILP species variables, the objective
function of minimizing the number of species included in the solution species set can be defined

as:

q
minlei. (2.1)
i=1

To link the set of species to be included in the solution set to the sets of reactions each
species can catalyze and the set of specified necessary reactions N, we define an additional set of
binary ILP reaction variables I_R = {I_rl,I_rZ, ...,I_rp} such that each ILP reaction variable, I_r,

corresponds to a reaction r:
I €{0,1}:j €{1,2,..,p},

with I_r; = 1 indicating that the jth reaction is included in P, and I_r; = 0 indicating that the jth

reaction is not included. Given these ILP reaction variables, the constraints ensuring that each
necessary reaction can be catalyzed by at least one species can be defined as:

Z [Is] =1, - €{12,...,p} (2.2)

Vis.t.
TjESi

In other words, these constraints require that if a reaction is necessary (I_r; = 1), then there
must be at least one species in the solution species set that catalyzes that reaction. The objective
function (2.1) and the set of constraints (2.2) thus fully define an ILP formulation of the SC
component of the algorithm, minimizing the number of species required to catalyze a known set
of necessary metabolic reactions.

As a brief example of such a formulation, consider the set of available species in Figure
2.1 (middle) and the set of reactions in the displayed solution (right). By appropriately assigning
ILP species variables, the objective function for this instance would be:

min[l_s; + I_s, + I_s5].

Similarly, when we assign the ILP reaction variables and their values, we can formulate

the set cover constraints associated with this instance (following the general form of constraint

(2.2)):
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[ rn,=1-> 1[5 =>1
[ rg=1- [s, + [Is; =1
Irn=1-> 1.5 =>1
[ rg=1- I s; =1

Together, this specific objective function and these specific constraints define ILP problem
associated with the task depicted in Figure 2.1 assuming the reactions in the presented path are

necessary.
2.3.4 Considering all possible paths from available substrates to target products

When defining the SC component of the algorithm above, a set of necessary metabolic
reactions connecting SUBSTRATE to PRODUCT was assumed to be predefined. Clearly,
however, when considering the complex network of metabolic reactions that can be catalyzed by
microbial species, there are likely numerous alternative paths connecting the available substrates
to the desired target products. Since one cannot know a priori which paths require the fewest
species to catalyze, a complete solution to this design problem must consider all possible paths
when minimizing the number of species. To address this challenge and to remove the assumption
of a specified set of necessary reactions, we use network flow (NF)-inspired constraints.
Specifically, instead of predefining the values of the I_r variables to denote which reactions are
necessary, we allow I_r values to vary freely and introduce a set of constraints that guarantee that
the collection of reactions for which I_r = 1 form valid paths from SUBSTRATE to PRODUCT.
Intuitively, an NF problem considers a graph as a network of pipes where the task is to push the
maximal flow through these pipes from a source node to a sink node. Here, we use this NF-based
approach to define a valid path in the metabolic network as a set of reactions that allow flow to
pass from SUBSTRATE to PRODUCT.

To define such a valid path, first we define a set of ILP flow variables,
F_R={F.r,Fr,.. Fr,}, where F_r; denotes the amount of flow passing through the jth
reaction. Since flow has to be non-negative and since real-valued flow variables are unnecessary

and slow computation, we further limit the values for flow variables to non-negative integers:

FrieN:je{12,..,p}
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Figure 2.2. The network flow constraints. (A) The net flow out of all available substrates must be equal to the
number of target products. (B) The net flow into any target product must be equal to 1. (C) The net flow for any
intermediate metabolite must be 0. Together these constraints define any viable set of metabolic reactions that
form paths from available substrates to target products.

The first NF constraint requires that only metabolites in SUBSTRATE can be sources of

flow, hence forcing any viable path to start from an available substrate metabolite (Figure 2.2A):

]

E, + rout| = |PRODUCT|, (2.3)
V] s.t. l Vm s.t. Vout s.t. J

mjESUBSTRATE L ri=(m;ym;) Tour=(mj,my)

__|

where i,j, k € {1,2,...,n},i # j,j # k, and in, out € {1,2, ..., p}. In other words, the sum of flow
leaving all available substrate metabolite nodes must be greater than the sum of flow entering these
metabolites. Specifically, we require that the difference in flow be equal to the number of target
product metabolites (|[PRODUCT), ensuring that each target product can receive one unit of flow
if a viable path exists. Note here that even though flow would not usually need to enter a substrate
metabolite node, it may be necessary for problems involving forced substrate usage (see
6.1 Supplementary Text).

The second NF constraint requires that metabolites in PRODUCT be flow sinks, forcing

every viable path to end at a target product (Figure 2.2B):
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> Ru— D By =1:Vjs.t.m € PRODUCT. (2.4)
vin s.t. Yout s.t.
Tin=(mi'mj) rout=(mj.mk)

This forces the flow into any target metabolite node to be greater than the flow leaving that
node by one unit of flow. Thus, each product metabolite must be reached by some viable path. It
should be noted that the network flow solution does not necessarily reflect all metabolic activity
and, for example, intermediate reactions’ by-products could still be generated even when no flow
IS associated with these by-products.

The third NF constraint asserts that all metabolites not in SUBSTRATE or PRODUCT have
zero net flow (i.e., neither sources nor sinks of flow), allowing such metabolites to serve as

intermediate nodes in any viable path (Figure 2.2C):

> Bu= ) Fyy:Vjs.t.m €Rm; & SUBSTRATE UPRODUCT. (25)
vins.t. Yout s.t.
rm=(mi,m]-) routz(mj'mk)

Given these NF constraints, any viable set of metabolic reactions for converting
SUBSTRATE to PRODUCT will have non-zero associated ILP flow variables.
Finally, to appropriately set the I_r reaction variables to 1 if the reaction is used in the NF

task and 0 otherwise, an additional set of conversion constraints is added:

F.; < |PRODUCT| X I,; : ¥j € {1,2, .., p}, (2.6)

ensuring that if a reaction’s flow variable is greater than 0, then the ILP reaction variable for that
reaction must be 1.

Combining the objective function (2.1) and the constraints (2.2)-(2.6) for the SC and NF
tasks therefore provides a complete ILP formulation for minimizing the number of species in the
solution species set while ensuring the existence of viable paths from available substrates to all

target products.
2.3.5 Allowing for metabolic reactions with multiple substrates and products

The ILP formulation above relies on the assumption that each metabolic reaction has a
single substrate and a single product. This is a common simplification in metabolic network

analysis and various protocols exist to reconstruct metabolic networks in which this assumption
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holds [126,127]. Yet, a more complete and more accurate metabolic network formulation allows
metabolic reactions to have multiple substrates (accounting, for example, for co-factors) and/or
multiple products. To account for such metabolic reactions, we modify the metabolic network
representation and instead of connecting substrate nodes to product nodes directly, we introduce a
new type of node, representing reactions, and connect the (potentially multiple) substrates of each
reaction to the (potentially multiple) products through the appropriate reaction node (Figure 2.3A).
In this representation, a reaction, r, is therefore no longer representing an edge in the network, but

rather a node that connects

{mj_substrate_l» mj_substrate_Zr HN] mj_substrate_d}

to

{mj_product_li mj_product_Z: ] mj_product_e}f

where d is the number of substrates and e is the number of products for the jth reaction.
{mj_pmduct_l, M product 2» = mj_product_e}SpecificalIy, we define two new classes of edges: a set

of reaction input edges, I = {iy, i, ..., i} Where t is the number of substrate metabolites across all

reactions, connecting a substrate metabolite m to a reaction r:

ij = (mj_input' n_reaction)'

and a set of reaction output edges, O = {o4,0,,...,0,} Where u is the number of product

metabolites across all reactions, similarly connecting a reaction r to its product metabolite m:

0 = (rj_reaction'mj_output)-

Together, these new nodes and edges thus define a bipartite graph where edges only exist
between one metabolite node and one reaction node, but never between two metabolites or two
reactions (Figure 2.3A).

Now we redefine the set flow variables in this network as two sets,
F1={F_i,F_iy .. F_i,}and F.0 = {F_oy,F_o,,..,F_o0,} where F_i and F_o represent flow
along input and output edges respectively. Notably, most of the flow constraints defined above are
still valid when applied to both metabolite and reaction nodes; however, constraint (2.6), which
aimed to link the flow variables to the ILP reaction variables I_r, needs to be updated to represent

the link between reactions’ multiple substrates and products. Specifically, one set of constraints is
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introduced to ensure that a reaction can be active only if all its substrates are present (in other

words, if all reaction input edges have flow):

Fij 2L, :Vjks.ti= (my, 1.). (2.7)

Then, another set of constraints is introduced to allow active reactions to generate products

(by providing flow on the reaction output edges):

(F) <A +10D) x L;:Vj € (1,2, .., p}. (2.8)
Vis.t.
0;=(rjmg)
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Figure 2.3. The bipartite graph representation of multi-substrate, multi-product metabolic reactions and
associated flow constraints. (A) Each metabolic reaction is replaced by a new node type representing the enzyme
that catalyzes that reaction. New edges are added to indicate the input and output metabolites for each reaction.
(B) The new flow constraints require that all reaction substrates can provide flow to use a reaction and that reaction

output edges can have flow only if all input edges have flow.
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The only difference between constraints (2.6) and (2.8) is that the maximum flow across

a single edge is no longer bounded above by just the number of target products but instead the
number of edges in the network. This difference is due to the need for all substrates of a reaction
to provide flow instead of just a single substrate, which may require multiple units of flow to reach
a single target product. Combined, constraints (2.7) and (2.8) guarantee that a reaction’s products
can be available only if all of the reaction’s substrates are available, and that if the reaction is

required for generating flow the ILP reaction variable for that reaction must be 1.
2.3.6 Compartmentalizing species and defining transport reactions

The algorithm so far has treated the community as a single super-organism, whereby
metabolites can transfer freely between species. A more realistic scenario, however, assumes that
metabolites are compartmentalized within each species and requires species to have the necessary
transport reactions to allow environmental metabolite uptake and secretion. Such a
compartmentalized problem can in fact be solved by the algorithm as currently defined simply by
modifying the sets of metabolites and reactions. Specifically, rather than having a single variable
to denote each metabolite (regardless of its compartment), a set of variables should be defined to
denote the metabolite in each compartment in which it exists (be it a specific species or the shared
environment). Given this extended set of metabolite variables, metabolic reactions are now viewed
as operating within a species (and accordingly connect species-specific substrates to species-
specific products). An additional set of transport reactions (which correspond to each species’
uptake and secretion capacities) can then convert species-specific metabolites to environmental
metabolites and vice-versa. In this compartmentalized setting, one species can only use metabolites
produced by another species if both species have the appropriate transport reactions. For example,
for a given metabolite m to transfer from species A to species B, species A must include a transport
reaction to convert the A-specific version of m to an environmental version, and similarly species
B must include a transport reaction to convert the environmental version of m to a B-specific
version.

More formally, we now define M = {mo,lrmO,Z’---’mo,n’ml,lf"-'mq,n} as the set of
metabolites such that m;,, where i € {0,1, ...,q} and k € {1,2,...,n}, denotes metabolite k in
species i. We interpret the 0" species as the shared environment. We then replace each reaction,

73, present in species I in the previous formulation with a new reaction:
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ri,j = ({mi,j_substrate_lr mi,j_substrate_z’ ey mi,j_substrate_d}’

{mi,j_product_lf mi,j_product_zf Hy] mi,j_product_e})-

Each species may also include a set of transport reactions that convert environmental

metabolites to species-specific metabolites (reflecting uptake reactions):

Ti transport_l — (mo,krmi,k)'

or species-specific metabolites to environmental metabolites (representing secretion):

Ti transport_l — (mi,k’ mo,k)-

Together, these new metabolite and reaction definitions relax the assumption of freely
transferred metabolites and allow the algorithm to solve problems in a compartmentalized species

setting.
2.3.7 Forcing substrate usage and incorporating species costs

The above ILP-based formulation can be further extended to force the obtained solution to
meet additional requirements or to consider additional factors. Specifically, | have developed and
implemented algorithm extensions to handle two biologically-relevant considerations, the first
forcing the solution to utilize (or degrade) specified substrates, and the second to weigh species’
predefined desirability when constructing a community. For a detailed description of the associated

constraints and modifications, see 6.1 Supplementary Text.
2.4 Results

2.4.1 Algorithm Implementation and Availability

I implemented the algorithm outlined above as a C++ program which takes as input a file
describing the various parameters of the design task, including available substrates, target
products, and the set of available species with their associated metabolic reactions. The program
then generates the associated ILP instance in the Mathematical Programming System (MPS)
format (default) or the CPLEX format (depending on the requirements of the ILP solver used).

The source code for the algorithm is available under a non-commercial research use only license
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at https://github.com/borenstein-lab/CoMiIDA. To obtain solutions for the test cases and dataset
analysis, 1 used the COIN-OR Branch and Cut (CBC) solver [128].

2.4.2 Unit Test Validation

| first aimed to verify the algorithm using a set of simple design problems. Specifically, |
generated a suite of toy problems as unit test cases for the algorithm. These toy problems test
whether the algorithm identifies an optimal solution under different scenarios that cover a variety
of edge cases. These test cases focus on simple design tasks, with up to five species and up to
seven associated metabolic reactions. For example, some cases examined scenarios in which the
minimal species solution requires a longer metabolic path from substrate to product than a non-
minimal species solution. Other cases examined scenarios in which a solution does not exist (e.qg.,
because no path exists from substrate to product, regardless of which species are used). | have
applied the algorithm to each of these test cases and confirmed that the algorithm correctly
produces the ILP formulation and ultimately identifies an optimal solution for each design task (or
the absence of one). These toy problems, along with their expected ILP formulations, can be found
(with the source code) at https://github.com/borenstein-lab/CoMIiDA, providing users with simple
examples of the expected input/output format and allowing users to confirm that the algorithm is

working properly.
2.4.3 Glycolysis Pathway Validation

The toy problems described above are limited in size and may not be comparable in scale
to many real-world scenarios. To examine the algorithm's performance on datasets of a more
practical size, | next focused on a well-characterized metabolic pathway, the Embden-Meyerhof
glycolysis pathway (KEGG entry M00001) [105], defining glucose and pyruvate as the available
substrate and target product respectively (Figure 6.1). For the set of available species, | selected
all 284 species identified from the 2013 Human Microbiome Project (HMP) [129] stool sample
datasets that contained the entire set of metabolic reactions in the glycolysis pathway as predicted
by PICRUSt [130]. Combined, this set of species corresponds to an aggregate metabolic network
containing 1803 metabolites and 3120 metabolic reactions. Since each species in this set can
catalyze the entire pathway from glucose to pyruvate, the algorithm identifies, as expected, a single

species solution (one of the 284 possible choices). To test the algorithm's performance when
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minimal solutions required multiple species, | next therefore modified the metabolic network of
each species, deleting various reactions and forcing a multi-species solution. Specifically, | first
removed all alternate reaction paths between glucose and pyruvate by removing the first reaction
in each alternate path that was not also part of the glycolysis pathway (Figure 6.1), filtering out 39
reactions and leaving a total of 3081 metabolic reactions in the aggregate network. | then removed
selected reactions in the glycolysis pathway from subsets of the available species such that no
single species contained all reactions in the path (e.g., by removing one reaction in the pathway
from half of the available species and a different reaction from the other half). Through numerous
such modifications, | forced minimal solutions for providing the glycolysis pathway to require
multiple species, fully controlling the size of these minimal solutions. | confirmed that the
algorithm was able to handle such cases and to provide a correct minimal solution in each such

scenario.
2.4.4 Analysis of Minimal Communities of Gut Microbiome Species

Naturally occurring microbial communities often comprise an extremely complex and
diverse collection of species [1,131]. This diversity can be the product of numerous factors,
including a variety of niches species can occupy [132], metabolic specialization of individual
species within the community [133,134], intricate multi-species interactions [135], or functional
redundancy [136,137]. Yet, when designing synthetic communities, markedly fewer species may
be required [87]. To explore this possibility and to characterize potential redundancy in naturally
occurring communities, | used CoMiDA to identify minimal communities required to perform
various simple metabolic syntheses within the context of a diverse natural community.
Specifically, given the promise of gut microbiome-based therapies, | focused on minimal
communities that consist of gut dwelling species. To this end, | selected a set of 2051 species
(represented as Operational Taxonomic Units; OTUs) detected via 16S sequencing of HMP stool
samples. The set of metabolic reactions each OTU could catalyze was determined using
PICRUSt [130]. Combined, the aggregate metabolic network of this set of species included 2225
unique metabolites. | then selected 10,000 random pairs of metabolites from this set, one as the
available substrate and one as the target product, and used CoMiDA to identify minimal
communities that could provide a pathway from substrate to product. I specifically used CoMiDA

in three different settings: one with the metabolic network simplified such that each reaction has a
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single substrate and a single product (see above), one with the full bipartite graph representation
of the metabolic network (allowing each reaction to have multiple substrates and/or multiple
products), and one with the full bipartite graph representation but also including a set of common
currency metabolites [20] as available substrates.

As shown in Figure 2.4, for most random metabolite pairs, no set of species had the
capacity to perform the desired synthesis (potentially owing to various gaps in the aggregate
metabolic network and incomplete annotation of the various species). Yet, when a solution existed,
it generally required only very few species (<5 for all metabolite pairs tested). Notably, since the
simplified graph representation requires only one substrate of a reaction to be available to generate
any of that reaction’s products (ignoring, for example, the need for additional co-factors), many
more solutions existed when this simple graph representation was used compared with the
complete bipartite representation. Making currency metabolites available evidently allowed
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Figure 2.4. Solution sizes identified for 10,000 random substrate/product metabolite pairs, using species

from the Human Microbiome Project.
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additional reactions to be active and therefore recovered some of the metabolic capacity that could
not be realized in the bipartite graph representation. Given the small minimal communities
identified and the small number of unique species used in these communities across all pairs (379
OTUs), one might suspect that a small number of metabolic generalist species are responsible for

providing the required metabolic capacity in many of these minimal communities.

2.5 Discussion

Recent efforts to manipulate various naturally occurring communities and to impact their
activities have shown tremendous promise. For example, efforts to modify the human gut
microbiome have demonstrated that properly perturbing this community can treat or ameliorate
certain conditions [113]. Expanding this approach to effectively treat a wider variety of diseases,
as well as alter the functions of environmentally and industrially-relevant microbial communities,
requires methods for rationally designing communities with specific metabolic capacities. Above,
| take a first step towards this goal, introducing and validating a novel algorithm which identifies
minimal microbial communities that provide specified and desired metabolic capacities.

Clearly, various biological factors are currently not considered by CoMiDA, including, for
example, species-level interactions [138], the expected flux through each metabolic reaction, and
whether member species, or even the community as a whole, can survive in the target
environment [136]. Ignoring such factors may render communities designed by CoMiDA
markedly different than naturally occurring communities and synthetic communities constructed
based on such designs may consequently fail to survive or to perform specific desired tasks. For
example, the discrepancy between the small communities identified in the analysis above and the
extreme diversity observed in many naturally occurring communities [1,131] may be likely
accounted for, at least partly, by such factors. Yet, CoMiDA provides a starting point for such
design efforts and for future method development in this area. Specifically, selecting a community
based initially on the presence of desired metabolic capacities provides a simple way to address an
important prerequisite for community metabolism; any community designed to consume or
produce given metabolites or to have some metabolic activity must obviously also have the
metabolic capacity to carry out those functions. This attempt to identify minimal communities may
again not necessarily be aligned with biological assembly rules, but offers simple candidate

communities for further design refinement. Moreover, by formulating CoMiDA as an ILP
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algorithm, | provide an easy way to introduce additional design considerations. As our
understanding of the various constraints affecting community assembly improves, such
considerations can be added to this framework by devising equations and inequalities that encode
these constraints.

Of the various considerations that could be implemented to further refine any design
approach, two stand out as logical next steps. First, the expected stability of designed communities
could be improved by examining the likelihood that a combination of species will coexist in a
community. Specifically, information on species co-occurrence in natural communities can be
used to estimate the tendency of various species pairs to co-exist or the exclude one another from
a shared environment [126,139]. Such information would allow an algorithm to prioritize
communities that minimize the risk of losing member species due to antagonistic species
interactions, ultimately stabilizing community structure. Second, considering the predicted activity
of candidate communities, rather than just the presence of specific metabolic capacities, could
increase the likelihood that designed communities would perform the desired task. Several
frameworks for predicting the metabolic activity of microbial communities have recently been
introduced [118,140-142], potentially allowing future design algorithms to consider predicted
rates of metabolite consumption and production and predicted changes in species abundances over
time. CoMiDA could be used, for example, as an initial filtering step, providing a set of candidate
minimal communities that have the capacity for some desired metabolism, followed by a metabolic
model-based prediction of the metabolic activity of each candidate community to further refine the
design process. Moreover, such metabolic modeling could allow the design process to account for
important factors that CoMiDA may not be able consider. For instance, CoMiDA does not
explicitly prevent community members from degrading one or more of the specified target
products. Such inadvertent target metabolite degradation may depend on the set of microbes
present, other available substrates, and various environmental conditions, and could therefore be
predicted and potentially avoided using metabolic modeling-based design.

The ability to computationally design microbial communities will be a useful tool for many
purposes. For example, designed synthetic communities could be ultimately used in place of
FMTs, removing the need for screening donor samples while also optimizing treatments to target
specific conditions. Communities could also be created for industrial resource and pharmaceutical

production, potentially obviating the need for extensive microbial genetic engineering and
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providing novel mechanisms for production control in the form of inter-species signaling [40].
Clearly, such applications are not yet feasible and the development of a comprehensive, general-
purpose design framework may still be out of our reach for years to come. | hope, however, that
CoMIiDA will encourage future developments of such design methodologies and will lay the

foundation for future efforts in microbial community design.
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3. Taxa-function robustness in microbial communities

This chapter is based on the following manuscript published in Microbiome:

Eng A, Borenstein E. Taxa-function robustness in microbial communities. Microbiome 2018; 6:45.
3.1 Summary
3.1.1 Background

The species composition of a microbial community is rarely fixed and often experiences
fluctuations of varying degrees and at varying frequencies. These perturbations to a community’s
taxonomic profile naturally also alter the community’s functional profile — the aggregate set of
genes encoded by community members — ultimately altering the community’s overall functional
capacities. The magnitude of such functional changes and the specific shift that will occur in each
function, however, are strongly dependent on how genes are distributed across community
members’ genomes. This gene distribution, in turn, is determined by the taxonomic composition
of the community, and would markedly differ, for example, between communities composed of
species with similar genomic content vs. communities composed of species whose genomes
encode relatively distinct gene sets. Combined, these observations suggest that community
functional robustness to taxonomic perturbations could vary widely across communities with
different compositions, yet, to date, a systematic study of the inherent link between community
composition and robustness is lacking.

3.1.2 Results

In this study, | examined how a community’s taxonomic composition influences the
robustness of that community’s functional profile to taxonomic perturbation (here termed taxa-
function robustness), across a wide array of environments. Using a novel simulation-based
computational model to quantify this taxa-function robustness in host-associated and non-host-
associated communities, | find notable differences in robustness between communities inhabiting

different body sites, including significantly higher robustness in gut communities compared to
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vaginal communities that cannot be attributed solely to differences in species richness. |
additionally find between-site differences in the robustness of specific functions, some of which
are potentially related to site-specific environmental conditions. These taxa-function robustness
differences are most strongly associated with differences in overall functional redundancy, though
other aspects of gene distribution also influence taxa-function robustness in certain body
environments, and are sufficient to cluster communities by environment. Further analysis revealed
a correspondence between my robustness estimates and taxonomic and functional shifts observed

across human-associated communities.
3.1.3 Conclusions

This analysis approach revealed intriguing taxa-function robustness variation across
environments and identified features of community and gene distribution that impact robustness.
This approach could be further applied for estimating taxa-function robustness in novel
communities, and for informing the design of synthetic communities with specific robustness

requirements.
3.2 Background

The examination and characterization of microbial communities have become increasingly
important as their impacts on human health, industrial processes, and the environment have been
recognized. These communities have been studied both in terms of their taxonomic and functional
compositions, elucidating important community features and revealing intriguing disease- and
environment-associated variation. A community’s taxonomic composition is often determined via
targeted 16S rRNA sequencing [143], a technique that uses hyper-variable regions of the 16S
rRNA gene to identify the microbes present in a given community and estimate their relative
abundances. Such taxonomic information can provide insight into inter-microbial or host-microbe
interactions and facilitate the detection of shifts in community ecology that may be associated with
host disease [144-148]. The functional composition of a community, in turn, can be estimated via
whole metagenome shotgun sequencing followed by gene annotation. Using such data, gene-level
analyses have provided insight into the functional capacities of various microbial
communities [149,150] and how those capacities change over time or vary with altered

environmental conditions [151,152].
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Indeed, these two facets of microbiome composition, namely its taxonomic structure and
its functional capacities, offer different but complementary views into microbial communities.
These two aspects of microbiome organization, however, are clearly not independent as the
composition of genes in the metagenome is a direct derivative of the genes encoded by the
community members’ genomes and the relative abundance of each member in the community.
Moreover, this link can be represented as a simple set of linear equations wherein the abundance
of each gene in the metagenome is the sum of that gene’s copy number in each community
member’s genome weighted by the relative abundance of each community member [153] (Figure
3.1A). This inherent link between a community’s taxonomic composition and its functional profile,
here referred to as the taxa-function relationship [154], has many practical applications in the
analysis of microbial communities. For example, this relationship is explicitly utilized by tools
such as PICRUSt [130] and Tax4Fun [155] for predicting overall community gene content based
on the community taxonomic profile and available reference genomes. Other studies have similarly
used the taxa-function relationship to identify taxonomic drivers of disease-associated functional
shifts [156] or to estimate differences in community metabolic capacities [157]. Such methods for
integrated analysis of multi-omic microbiome data offer unique, mechanistically-driven insights
into how taxonomic composition affects community function through features such as gene
abundances and metabolism.

Conceptually, the taxa-function relationship can be viewed as a structure-to-function
landscape, whose topology is determined by the distribution of genes across community genomes.
As such, it is similar to the fitness landscape concept used in evolutionary biology [158-161], but
instead of describing how changes in genotype map to changes in phenotype, it describes how
changes in a microbial community’s composition map to changes in the community’s functional
capacities. Characterizing the topology of this taxa-function landscape is similarly crucial for
understanding how constraints on community ecology restrict community function, and should be
considered when designing the targeted manipulation of community composition. One important
manifestation of the taxa-function landscape is the degree to which a shift in a community’s
taxonomic composition will impact its functional capacities (a property that | refer to here as taxa-
function robustness). Specifically, depending on the local topology of the taxa-function landscape
around a given community, changes in the abundance of its members could result in a minor or

major alteration to the community’s functional profile [136,162—-164] (Figure 3.1B; analogous to
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Figure 3.1. An illustration of the taxa-function
relationship and response curves. (A) A community’s
functional profile is a linear combination of each taxon’s
functional profile (the copy number of each gene in each
taxon’s genome) weighted by the taxon’s abundance. Here a
taxon can represent any subpopulation of the community
with shared genomic content (such as a strain). (B) The taxa-
function relationship can be modeled as a high-dimensional
landscape, linking each community composition to the

corresponding functional profile. Here, an extremely
simplified two-dimensional abstraction of this model
illustrates the landscape’s taxa-function

impact on

robustness. Each coordinate corresponds to a specific
taxonomic composition, with points close to one another
corresponding to communities with similar taxonomic
compositions. The height represents the functional profile of
the community (for example, the abundance of some
function). The local topology of this landscape around a
specific taxonomic composition (e.g., point 1) determines
whether minor changes in that composition (black arrows)
will induce small (point 1) or large (point 2) functional shifts.
(C) Depending on the distribution of genes across species’
genomes, changes to a community’s taxonomic composition
can produce functional shifts of varying magnitudes. For
example, if the distribution of genes differs markedly
between two communities (e.g., high vs. low redundancy),
similar taxonomic composition perturbations may produce
drastically different functional shifts. (D) To model the
relationship between taxonomic perturbations and functional
shifts in a given community, a taxa-function response curve
is obtained by fitting a power function to an array of
measured functional shifts associated with different
taxonomic perturbations of varying magnitudes. (E) The
taxa-function response curve can be decomposed into two
factors: attenuation, which describes how quickly functional
shifts increase in magnitude as taxonomic perturbations

increase, and buffering, which indicates how well functional

Taxonomic perturbation shifts are suppressed at smaller taxonomic perturbations.

the impact of the fitness landscape on genetic robustness [165,166]). As noted above, the topology

of the landscape around a given community, and consequently its taxa-function robustness,

depends solely on the manner in which genes are distributed among the genomes of that

community’s members (Figure 3.1C). For example, if a specific gene family (or pathway) is

encoded by a single species in the community, any perturbation to that species’ abundance will
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directly translate to changes in the abundance of this gene family in the metagenome and ultimately
in the community’s functional profile. If, however, this gene family is encoded by multiple species
in the community, its abundance is less likely to substantially change in the face of taxonomic
perturbations as a decrease in the abundance of one species that encodes this gene family could be
compensated for by an increase in the abundance of another [136,162—-164]. Moreover, if multiple
genes tend to co-occur across the various genomes in a community [167], then those genes (and
the functions associated with them) will shift in a similar manner as the taxonomic composition is
perturbed. Combined, these observations suggest that the taxonomic composition of a community
(which in turn also determines the distribution of genes across community members) directly
impacts the taxa-function robustness of that community, and may therefore vary substantially from
community to community.

Importantly, this definition of taxa-function robustness aims to capture an important aspect
of the taxa-function relationship and is independent of the specific variation the community
actually experiences or its natural dynamics (just as a fitness landscape is determined by the
genotype-to-phenotype relationship regardless of observed evolutionary trajectories). As such, it
may not necessarily correspond to conventional notions of ecological robustness, such as how well
a community can tolerate environmental disturbances before undergoing significant changes in
composition or function. Neither does it exactly match definitions of functional resilience (how
quickly community function returns to normal after environmental perturbation) or functional
stability (how well normal community function is maintained over time). Yet, characterizing such
underlying taxa-function robustness and its determinants is essential for gaining a profound
understanding of community dynamics and function. For example, this feature of a community’s
local taxa-function landscape could indicate how susceptible a community’s functional capacities
are to stochastic fluctuations in the community’s composition, and can be used as a null model
when studying community dynamics in response to environmental change. More generally, while
microbiome perturbations, be they minor stochastic fluctuations or major shifts in response to
environmental modulation, are often characterized as ecological changes, in many cases the most
important consequences of these perturbations are shifts in overall community function. In the
context of disease-associated dynamics, taxa-function robustness will also determine whether the
functional capacities of a community could be maintained in the face of ecological dysbiosis. For

example, the function of the gut microbiome is robust enough to maintain normal function despite
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day-to-day fluctuations in taxonomic composition [168], but may become disrupted following a
more drastic perturbation as in the case of Clostridium difficile infection [74]. Determining a
community’s functional robustness can further help estimate the functional impact of a planned
targeted perturbation (e.g., via a particular probiotic), or evaluate candidate synthetic communities
during the design process to gauge how susceptible they are to disruption of function.

Here, | set out to systematically characterize and study the taxa-function robustness of
communities from diverse environments. This requires a comprehensive, systematic, and unbiased
mapping of the local topology of the underlying taxa-function landscape around each community
composition. Unfortunately, currently available experimental data does not adequately or
comprehensively survey functional shifts associated with small changes to a particular taxonomic
composition. | address this challenge by using a simulation-based approach, uniformly and
systematically simulating a range of possible perturbations (including small perturbations) to each
community’s taxonomic composition. This approach, combined with the prediction of community
functional profiles associated with each such perturbation, allows me to generate a large set of
perturbed compositions relative to each original community and to sample the taxa-function
landscape around these communities. Given this simulation-based approach, 1 first define two
factors that characterize a community’s taxa-function robustness. I then present an analysis of how
taxa-function robustness varies within and between body sites in human-associated communities
as well as across several non-host-associated communities. | extend this analysis to the robustness
of individual functions and pathways, identifying universally robust functions and noting that
environment-specific pressures may influence robustness variation in specific functions. Next, |
investigate how the manner in which genes are distributed across microbial genomes is associated
with a community’s taxa-function robustness and use this information to predict robustness
directly from taxonomic composition. Finally, I confirm that these robustness estimates are in

agreement with observed taxonomic and functional shifts measured from experimental data.
3.3 Methods

3.3.1 Samples and data processing

Samples were obtained from the Human Microbiome Project (HMP) [1] and the Earth

Microbiome Project (EMP) [169]. This included four sites from the human microbiome collected
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as part of the HMP: 128 gut communities, 1141 oral communities (pooled from 9 subsites), 285
skin communities (pooled from 3 subsites), and 209 vaginal communities (pooled from 3 subsites).
Additionally, these samples were supplemented with 132 aquatic communities (pooled from 3
subsites) and 199 soil communities (from 4 subsites) collected in association with the Earth
Microbiome Project [169]. 16S rRNA-based Operational Taxonomic Unit (OTU) tables and
metadata files were downloaded from the QIITA website (http://giita.microbio.me), which
provides OTU tables generated with the QIIME workflow [170] using Greengenes OTUs [171].
OTU tables were filtered to remove read counts mapped to plant chloroplasts. To improve quality
and comparability between taxonomic profiles, taxonomic profiles with fewer than 10 OTUs or
fewer than 5000 reads were removed and the remaining taxonomic profiles were rarefied to 5000
reads. When analyzing body subsites, left and right bilaterally symmetric body subsites
(antecubital fossa or retroauricular crease) were pooled together. For each subsite, communities

were selected from different hosts.
3.3.2 Functional profile prediction

The Kyoto Encyclopedia of Genes and Genomes (KEGG) [105] was used to define
orthologous gene functions in terms of KEGG Orthology (KO) groups. KO abundances were
predicted using PICRUSt [130] tables to first normalize each OTU’s relative abundance by its 16S
rRNA copy number and then infer KO abundance from the genomic content of each OTU. KO
abundances were then normalized using inter-sample MUSICC [172]. Pathway-level functional
summaries, as defined by the KEGG BRITE hierarchy [173], were obtained by evenly distributing
each KO’s average copy-number across all pathways that contain that KO. Both KO and pathway

tables were filtered to remove non-bacterial orthologs.
3.3.3 Taxonomic composition perturbation

Community taxonomic composition perturbations were designed to simulate stochastic
OTU relative abundance fluctuations (assuming no migration or introduction of OTUs absent in
the original community). Perturbation size for each OTU was proportional to the abundance of
that OTU. Formally, for a given community with N OTUs with non-zero relative abundances
a; Vie€{l,2,..,N}, perturbation multipliers m; Vi € {1, 2, ..., N} were sampled from a uniform

distribution over the interval (0,M], M being the maximum perturbation magnitude, and
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perturbation directions d; were chosen such that d; € {—1,1}Vi € {1,2, ..., N} with an equal
chance of either direction. Given these values, the perturbed taxonomic composition OTU

abundances p; Vi € {1, 2, ..., N} were calculated as
d;
Pi = Q; X mi

and then renormalized such that Y. p; = 1. Using this method, each community was perturbed at
45 maximum perturbation magnitudes evenly spaced between 1.2 and 10 inclusive with 100

perturbations at each maximum perturbation magnitude.
3.3.4 Perturbation magnitude calculations

Changes in taxonomic composition between an original community composition and a
perturbed composition were measured using the weighted UniFrac metric [174], a common,
phylogeny-aware metric for estimating dissimilarity between microbial community compositions.
The shift in a community’s functional profile was defined as the cosine dissimilarity between the
original and perturbed functional profiles, as done in Das et al. [175]. Specifically, given an
original community and perturbed community with N unique pathways with average copy number
a;Vj€{1,2,..,N}and b; Vj € {1,2,..,N}, respectively, the cosine dissimilarity between the

two functional profiles is

XY a;b;
,/Zﬁyaf,/ i b}

3.3.5 Robustness metric definition and fitting

1—

For this study, the taxa-function robustness of a microbial community is defined as the
average shift in the functional profile given a perturbation to the community’s taxonomic
composition. To allow quantitative robustness comparisons between communities, | first evaluated
several models for their ability to fit the relationship between taxonomic and functional differences
(7.1 Supplementary Text; Figure 7.1; Table 7.1). Among the models evaluated, | found that the
following model best captured the relationship between taxonomic perturbation magnitude and

functional profile shift:
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where t denotes the magnitude of the taxonomic perturbation, f denotes the expected shift in
functional profile, and a and b are community-specific coefficients. I term this function the taxa-
function response curve. | further term the coefficient a ‘attenuation’ since it describes the
expected rate at which increases in the taxonomic perturbation magnitude are expected to increase
functional profile shifts. I similarly term the exponent b ‘buffering’ since it indicates how large a
perturbation must be before a functional profile shift becomes noticeable and approaches the
expected shift magnitude defined by attenuation. Function-specific robustness was defined in a
similar manner to taxa-function robustness except that instead of the cosine dissimilarity between
the original and perturbed functional profiles, the functional shift of a single function was
measured as the relative change in the abundance of that function.

Attenuation and buffering were fit by first transforming weighted UniFrac and cosine
dissimilarities to the natural log scale to reduce heteroscedasticity observed in the simulated
perturbation data (variance of cosine dissimilarity increased as weighted UniFrac distance
increased). A uniform sampling of simulated perturbations across weighted UniFrac dissimilarities
was obtained by subsampling perturbations across 50 non-overlapping windows evenly spaced on
the natural log scale between minimum and maximum distances. For each community, in each
window, perturbations were subsampled to 50 when >50 perturbations were present and all
perturbations were kept when <50 were present. The transformation to the natural log scale also

transformed the proposed taxa-function robustness curve function to the following form:
In(f) = —a + bIn(t)

which was then fit using the linear least-squares best fit to calculate attenuation and buffering.
Due to the asymmetric distributions of attenuation and buffering, the pseudomedian was
used rather than the median, and pseudomedian attenuation and buffering estimates were
calculated using the Hodges-Lehmann statistic [176]. The 95% confidence interval for a
pseudomedian estimate was calculated as the range of values for which the Wilcoxon statistic
(given the observed attenuation or buffering values) was between the 0.025 and 0.975 quantiles of

the standard normal distribution.



43

3.3.6 Function-specific most robust environment determination

A function was determined to be most robust in a particular environment (or environments)
by comparing the median attenuation of that function across all environments using Mood’s
Median test. Specifically, a function was defined as most robust in a set of environments if, for
each environment in that set, the median attenuation of the function in that environment was both
significantly higher than its median attenuation in all of the environments not in the set and not

significantly different than its median attenuation in any of the other environments in the set.
3.3.7 OTU subsampling procedure

To determine the relationship between diversity and robustness when comparing vaginal
and gut communities, communities were subsampled from each environment to obtain similar
species richness and the analysis of between-environment robustness differences was repeated.
Specifically, each community was randomly subsampled to 10 OTUs such that the probability of
an OTU remaining in the subsampled community was proportional to its relative abundance in the
original community. This subsampling procedure aimed to achieve a similar distribution of relative
abundance among community members between the original and subsampled communities. Once

subsampled, OTU abundances were renormalized.
3.3.8 Gene distribution feature (GDF) definitions

Five main gene distribution features (GDFs) were used in correlation and PCA analysis,
consisting of average functional redundancy, average functional similarity, average genome size,
genome size variability, and unique function abundance. Each GDF captures a different, though
potentially related, aspect of the distribution of genes across the genomes of species in a
community.

The functional redundancy of a given function was defined here as the evenness
(Shannon’s diversity index) of the abundances of each species that encodes that function weighted

by the copy number of the function in each species’ genome respectively:
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where N species encode a function, s; is the abundance of species i that encodes that function, and
c; 1s the copy number of that function in species i’s genome. This definition aims to capture how
evenly species contribute to a function’s abundance, such that a function should be considered less
redundant if one species contributes the majority of that function’s abundance while it will be more
redundant if many species all contribute similarly to its abundance. The average functional
redundancy of a community was then defined as the average redundancy of all functions present
in a community, weighted by the relative abundance of each function in the community’s
functional profile.

The functional similarity between two microbes aimed to capture how well two different
species could compensate functionally for one another, and thus was defined as the cosine

similarity between the functional profiles of two species:
2%1 a;b;

(Eitat [z, b7

where M is the number of functions encoded by encoded by at least one of the species, a; is the

copy number of function i in species a and b; is the copy number of function i in species b. The
average functional similarity within a community was then defined as the unweighted average of
all pairwise functional similarities between species present in the community.

Genome size for a given species was defined as the total abundance of functions encoded
by the species (i.e., the sum of the copy number of each function in that species genome). Average
genome size was calculated as the unweighted average of each species’ genome size and genome
size variability was calculated as the coefficient of variation of species genome size.

Unique function abundance was defined as the total abundance of functions in a
community’s functional profile that are each encoded by a single species (though each unique

function need not be encoded by the same species).
3.3.9 Metagenome-based data and functional shifts

Shotgun metagenome-based KO profiles for 94 communities were obtained from HMP.
KO profiles were corrected using inter-sample MUSICC [172] and summarized to the pathway-
level using the same protocol used for predicted profiles. To obtain shotgun metagenome-based

functional profile differences, 47 random community pairs were assigned from the 94 communities
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with both 16S rRNA and shotgun metagenome profiles. Pairs were restricted to contain two
communities from the same subsite. Between-community taxonomic and functional dissimilarities

were calculated (as described above) between the communities in each pair.
3.3.10 Mixed community perturbations

Community mixing was performed using the same community pairs as for metagenome-
based functional shift measurements. For each pair, one community was designated the original
community and the other the mixing community. For a taxon i with abundance a; in the original
community and abundance b; in the mixing community, taxon i’s abundance in the mixed
community perturbation (relative to the original community) with mixing fraction m was
[a;(1 —m)] + [b;m]. Similarly, for a function j with average copy number c; in the original
community and average copy number d; in the mixing community, function j’s abundance in the
mixed community perturbation (relative to the original community) with mixing fraction m was
[c;(1 —m)] + [d;m]. Mixed community perturbations were generated at specific weighted
UniFrac dissimilarities by using a binary search to identify the mixing fraction that achieved a
mixed community perturbation with the desired weighted UniFrac dissimilarity from the original
community within a tolerance of 10°°. To fit robustness curves for the original communities, mixed
community perturbations were generated at weighted UniFrac distances of 0.01 to 0.1 in intervals
of 0.01 for each community pair (except for one community pair, which could not achieve a
weighted UniFrac distance of 0.1 through community mixing). Robustness curves were then fit to
the resulting perturbation taxonomic and functional dissimilarities as described above.

3.3.11 Longitudinal functional shift calculations

Longitudinal data with 16S rRNA and shotgun metagenomic profiles collected at two time
points were obtained for 8 HMP communities. Taxonomic and functional dissimilarities between
the community compositions at each time point were calculated as above. Expected functional
shifts based on robustness estimates were calculated using the robustness curve formula defined
above, the estimated attenuation and buffering values for the community, and the weighted

UniFrac distance between the community compositions at the two time points.
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3.4 Results

3.4.1 Characterizing and defining taxa-function robustness

Consider the taxa-function mapping discussed above, linking a community’s taxonomic
and functional compositions. To rigorously characterize how this mapping impacts taxa-function
robustness, | define the taxa-function response curve, describing the average shift in the functional
profile of a community as a function of the taxonomic perturbation magnitude and the stability of
a community’s functional profile when faced with taxonomic perturbations (Figure 3.1C).
Response curves are commonly used in biology to describe how the changes in an organism vary
as the magnitude of a particular stimulus is modulated (e.g., drug dosage-dependent physiological
effects) and allow quantitative comparisons between the response curves of different
individuals [177-180]. Interpreting a community’s taxa-function robustness via these response
curves could offer insights such as the potential impact of antibiotics on a community’s functional
capacities or the expected stability of candidate synthetic communities. For example, a
community’s taxa-function response curve could be used to identify an antibiotics dosage
threshold above which there would be significant disruption to community function. The specific
form of the taxa-function response curve was chosen by comparing the fit of various functions to
the relationship between taxonomic perturbation and functional shift magnitudes across all
communities examined (7.1 Supplementary Text; Figure 7.1).

To provide a direct, quantitative, and interpretable comparison of taxa-function robustness
differences between communities, | will further specifically focus on two robustness factors that
can be derived from the response curve (Figure 3.1D): The first factor is attenuation, or how
rapidly functional shift increases as perturbation magnitude increases. Attenuation describes the
slope of the response curve and thus models the intuitive expectation that larger perturbations
should generate larger functional shifts. Technically, attenuation is defined as inversely
proportional to the response curve slope, implying that increased attenuation leads to smaller
functional shifts and thus higher robustness. The second factor is buffering, or how well functional
shifts are suppressed at smaller perturbation magnitudes. Buffering determines how large a
taxonomic perturbation must be before noticeable functional shifts occur. Higher buffering thus
indicates that relatively large perturbations are required before a substantial functional shift could

be observed. This factor is especially important when considering community robustness in the
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absence of major external changes, as buffering will determine whether small fluctuations in
composition due to stochastic variation, neutral community dynamics, or minor environmental
variation will significantly impact the community’s function. Indeed, many biological systems can
completely buffer small perturbations, but may be more susceptible when exposed to larger
perturbations [181,182].

3.4.2 Taxa-function robustness varies within and between environments

To comprehensively characterize taxa-function robustness across the human microbiome
and certain non-host-associated ecosystems, | obtained taxonomic compositions from previously
assayed communities representing several distinct environments, including human-associated gut,
oral, skin, and vaginal communities from the HMP as well as soil and water communities from the
EMPT. For each community, | generated 4,500 perturbed taxonomic compositions at varying
magnitudes (using the weighted UniFrac distance between the original and perturbed community
to measure the magnitude of perturbation). Compositional perturbations were simulated by
randomly modifying the abundances of individual taxa in the original community such that the
expected magnitude of change in each taxon’s abundance was proportional to its original
abundance. | further filtered the obtained perturbations to uniformly sample perturbation at a range
of taxonomic distances, resulting in an average of 933 + 186 perturbations per community and a
total of 1,954,447 perturbations. To determine the functional profiles of both the original and
perturbed compositions, | used PICRUSt [130], a computational framework for inferring the
functional profile of a given community based on its taxonomic composition as described above.
Using these inferred functional profiles, | measured the functional shift associated with each
taxonomic perturbation and obtained a taxa-function response curve for each community and
calculated the associated attenuation and buffering values based on these response curves. With
this approach, I was able to compare response curves and robustness factors between communities
and examine how taxa-function robustness varied within and between environments.

To gain an intuition of how perturbation magnitudes affect the degree of functional shift, |
first examined the taxa-function response curve of a single human vaginal community. As
expected, the degree of the functional shift generally increased with the magnitude of the
taxonomic perturbation (Figure 3.2A). | observed some variation in the extent of functional shifts

associated with taxonomic perturbations of a similar magnitude despite using a phylogeny-aware
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metric for perturbation magnitude. Interestingly, comparing this response curve to the response
curve for a community from a different environment — the gut — revealed marked differences, with
the gut community displaying noticeably smaller functional shifts at similar taxonomic
perturbation magnitudes (Figure 3.2B). These differences are also apparent in the corresponding
robustness factors, with the vaginal community having lower attenuation (1.57 compared to 3.487
in the gut) and comparable buffering (2.06 compared to 2.03). Moreover, the vaginal community
also displayed more drastic deviations from its taxa-robustness response curve.

To examine whether the differences in robustness between vaginal and gut communities
extended beyond these two specific examples, | compared the taxa-function response curves for
all communities from these two body sites. This confirmed that vaginal communities indeed
exhibited larger functional shifts on average compared to gut communities for similar taxonomic
perturbation magnitudes (Figure 3.2C-D). The gut communities also appeared to have more similar
response curves across communities, whereas vaginal community response curves were more
diverse. Examining the robustness factors of these communities further revealed a clear difference
between these two body sites, with gut communities having significantly higher attenuation
compared to vaginal communities (Figure 3.2E; p < 102%; Wilcoxon rank-sum test). Interestingly,
however, | found only slightly higher buffering values in gut communities (Figure 3.2F; p < 0.01;
Wilcoxon rank-sum test). | further examined whether this marked difference in robustness between
the vaginal and gut microbiomes can be attributed solely to the substantially lower diversity of
vaginal microbiomes. To this end, I subsampled all communities from the vagina and gut to obtain
communities with comparable diversity. | found that, in these subsampled communities,
attenuation was still significantly higher in the gut compare to the vagina, which suggested that
the difference in robustness could be attributed, at least partly, to some environment-specific
features that go beyond community diversity (Figure 7.2; p < 10°%; Wilcoxon rank-sum test).

To extend this analysis beyond vaginal and gut communities, | next examined the
robustness factors of every community from all environments | analyzed. For this analysis, | also
separated HMP communities by subsite to determine how between-subsite robustness differences
compared to differences between more distantly related environments. My analysis revealed

substantial variation in attenuation between environments, potentially suggesting different
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Figure 3.2. Examples of taxonomic perturbations, their corresponding functional shifts, and the associated response
curves. The taxonomic perturbation and functional shift magnitudes generated for a single vaginal (A) and a single gut (B)
community. Each point represents a single perturbation. The red lines indicate the taxa-function response curve fit to these
points. The response curves for all vaginal (C) and gut (D) communities are overlaid to compare general body site trends.
Green and blue lines represent the mean response curve for all vaginal and gut communities respectively. The robustness factor
distributions associated with these response curves are shown as violin plots with inlaid boxplots for attenuation (E) and
buffering (F). The width of the violin plot indicates the density of robustness factor values, the middle of the box displays the
median robustness factor value, the upper and lower edges of the box represent the 751" and 25™ percentiles respectively, and

the whiskers extend to 1.5 times the inner quartile range (range between the 75™ and 25" percentiles) past either end of the
box. Outliers are shown as individual black circles.

pressures to maintain robust functional profiles under different environmental conditions (Figure

3.3). Notably, communities from all 3 vaginal subsites appear to the have the lowest attenuation,
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with communities from other body sites exhibiting higher (and more comparable) attenuation. In
contrast, communities from two of the three skin subsites appear to be among the most robust body
site communities. Soil communities tend to have the highest attenuation, whereas marine
communities have intermediate attenuation values. Interestingly, subsites from the same
environment tend to cluster by attenuation and buffering, suggesting that spatially-distinct subsites
(such as different locations in the mouth) still exhibit similar taxa-function robustness factors,
potentially reflecting shared environment-specific conditions. Buffering similarly exhibited some
variation between environments but not as extreme as the variation seen in attenuation values; in

the analyses below, | therefore focus mainly on attenuation to examine differences in robustness.
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Figure 3.3. Comparison of attenuation and buffering between environments and subsites. Points represent
the median attenuation and buffering values of samples from the indicated subsite, with error bars indicating the
95% confidence interval of the median in both dimensions. Colors are shared by subsites from the same

environment, while shape indicates the specific subsite within the environment.
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3.4.3 Function-specific robustness reflects environmental conditions

Given the variation in overall taxa-function robustness observed above, | next set out to
examine whether robustness also varied across different functions and whether such function-
specific robustness is consistent across environments. To this end, | calculated function-specific
response curves that described the average magnitude of the relative shift in a particular function’s
abundance due to a taxonomic perturbation. The resulting function-specific response curves can
be analyzed as described above to obtain function-specific attenuation measurements.

Examining function-specific attenuation at the superpathway level, | found marked
variation in the robustness of different functions. Perhaps not surprisingly, superpathways
associated with universal housekeeping activities, such as translation, nucleotide metabolism, and
cell growth, were among the most robust functions, likely reflecting high redundancy in these
functions across genomes in all communities and environments (Figure 3.4A). In contrast,
functions associated with a more specialized lifestyle, such as cell motility, transport, secondary
metabolite biosynthesis, and glycan metabolism were generally less robust.

To further characterize differences in function-specific robustness across environments, |
next compared the attenuation of each function between environments, this time analyzing
functions at the pathway level. This analysis revealed similarly intriguing between-environment
differences. Notably, the difference observed in a function’s robustness between environments
often does not seem to be associated with the difference in function abundance between
environments (Figure 3.4B, Figure 7.3). This finding suggests that the abundance and robustness
of a given function may be driven by different pressures. Put differently, some functions may be
beneficial at high capacity but can tolerate variation in their abundance, hence exhibiting high
abundance but low robustness. In contrast, other functions may be advantageous at a more stable
capacity, even though they are required at a relatively low capacity, and will hence exhibit high
robustness but low abundance. For example, while cysteine and methionine metabolism occurs at
low abundance in gut communities (1.5% median relative abundance), it is one of the most robust
functions specifically in the gut (2.43 median attenuation; 7" most robust gut function; Figure
3.4B). Indeed, cysteine and methionine deficiencies are associated with malnutrition and can be

influenced in part by the gut microbiome [183], and accordingly, maintaining a stable capacity of
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Figure 3.4. Attenuation of individual functions. (A) The density of attenuation values for each KEGG
superpathway across all communities, with dots indicating the median attenuation. (B) A scatterplot of the median
attenuation of each function in skin communities vs. gut communities. The color of each point indicates the
difference in log median relative abundance of that function between skin and gut communities. The gray line
indicates the 1:1 relationship in median attenuation. Only differentially abundant functions are show (FDR < 0.01;
Wilcoxon rank-sum test). (C) Each point shows a function’s median attenuation in a particular environment with

error bars displaying the 95% confidence interval and color indicating the environment.

genes from this pathway in the gut microbiome may be beneficial. Similarly, novobiocin
biosynthesis had high robustness specifically in skin communities (2.23 median attenuation; 10™"
most robust skin function) and its high robustness could be related to novobiocin’s antibiotic
activity against Staphylococcus epidermidis [184]. D-Glutamine and D-glutamate metabolism also
had high robustness in skin communities (3.28 median attenuation; 5" most robust skin function)
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while being very low in abundance (0.3% median relative abundance). Enrichment for D-
glutamine and D-glutamate metabolism in skin communities has been linked to individuals prone
to atopic dermatitis [185]. This may suggest that rather than having high robustness to maintain
baseline capacity, D-glutamine and D-glutamate metabolism could have high robustness to prevent
dramatic increases in abundance.
| finally investigated which functions displayed noticeably higher robustness in one or
more environments compared to the others. This analysis revealed many pathways that had
significantly higher robustness in specific environments (Figure 7.4), including biosynthesis of
unsaturated fatty acids, primary and secondary bile acid biosynthesis, and starch and sucrose
metabolism, which were all more robust in the gut than any other environment (Figure 3.4C) and
potentially reflected the increased occurrence of metabolites related to these functions in the gut
compared to the other environments. In contrast, glycine, serine, and threonine metabolism was
most robust in oral communities and could be related to the role of these amino acids in pH
recovery in the oral environment after microbial fermentation of carbohydrates [186].
Interestingly, nitrogen metabolism had higher robustness in soil communities compared to the
various body site communities and may reflect the role that these communities play in the nitrogen

cycle.
3.4.4 Gene distribution impacts taxa-function robustness across body sites

As discussed above, the observed variation in taxa-function robustness between and within
environments likely reflects differences in the way various genes/functions are distributed across
community members in each environment. To characterize how the distribution of functions
contributes to robustness variation, | formulated a set of gene distribution features (GDFs),
including average functional redundancy, average functional similarity, average genome size,
genome size variability, and unique function abundance, to describe particular aspects of this
distribution. Functional redundancy, defined here as the redundancy of each function weighted by
the relative abundance of that function, has been proposed as an important contributor to the
robustness of a community’s functional capacities [136,162-164]. Functional similarity, defined
here as the pairwise similarity in genomic content between species, captures the interchangeability
of microbes and the potential for a change in the abundance of one species to be compensated for

by an opposite change in the abundance on another. Genome size, measured here as the number of
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genes in a genome, accounts for the possibility that abundance changes in species with larger
genomes will produce larger functional shifts. Genome size variability measured the presence of
microbes with significantly different genome sizes, which could potentially decrease robustness
due to the inability for such microbes to compensate for abundance changes in one another. Finally,
unique function abundance measures the total abundance of functions that are encoded by a single
species, aiming to capture the prevalence of functions with no redundancy (and hence with no
potential for compensatory changes). Notably, while some of these GDFs are correlated with each
other, these correlation magnitudes are <0.5, suggesting that they indeed capture different aspect
of functional distribution (Figure 7.5). Importantly, though previous work has found some
association between robustness and species diversity [187,188], here | wish to focus on the impact
of functional distribution and hence exclude species diversity as a feature in this analysis.

| calculated these GDFs for each community and examined how they correlate with
robustness both within and across environments, aiming to identify universal or environment-
specific relationships with robustness. As expected, | found that functional redundancy positively
correlates with attenuation both when communities from all environments are pooled together (r
=0.38; p < 10°"?) and within each environment individually (Figure 3.5A). Additionally, functional
similarity among community members appears to be positively associated with attenuation when
environments are pooled together (r = 0.24; p < 10%°), as well as in several individual
environments (e.g., the gut). Genome size variability, which | hypothesized may negatively impact
robustness, does exhibit a negative association with robustness when pooling communities from
all environments together, and both genome size and genome size variability also have negative
associations in specific environments (i.e., the gut or vagina). Interestingly, however, these
associations are not consistent across all environments and may indicate that the relationship
between these GDFs and robustness are in part influenced by other features of the community.

Obviously, the impact of each of the GDFs described above on robustness is not
independent of the impact of other GDFs, and thus their individual associations with robustness
may not reflect how the combination of all five GDFs contributes to robustness. To examine how
variation in attenuation is associated with the major axes of variation separating communities
based on all GDFs simultaneously, | performed a principal component analysis (PCA) of the five
GDFs described above (Figure 3.5B). Remarkably, | found that the first two principal components
of these GDFs clearly separate communities by environment, even though they are based on only
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five simple summary metrics of gene distribution without directly accounting for the presence or

absence of specific microbes or functions. This finding indicates a strong environment-specific
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Figure 3.5. Associations between gene distribution features (GDFs) and taxa-function robustness. (A)
Pearson correlations between GDFs and attenuation; blue and red bars indicate significant (p < 0.01) positive and
negative correlation coefficients respectively whereas grey bars show non-significant correlation coefficients.
Each panel corresponds to correlations when considering communities from all environments (Pooled) or the
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components (PCs) determined by Principle Component Analysis (PCA) of the five GDFs. The percent variance
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is displayed by the width of the violin plots in the plots along the top and right margins of the PCA plot. Dots

indicate the median attenuation of communities in each bin.
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signature of gene distribution. I further found a significant positive correlation between attenuation
and both the first and second principal components (Figure 3.5B; r = 0.44; p < 10%and r = 0.09;
p < 10 respectively), confirming that the variation in the combination of these GDFs is inherently
associated with variation in community robustness. Given these findings, | additionally examined
whether GDFs can be used to predict the robustness of each community, using both the set of 5
GDFs above, as well as an expanded set of 45 GDFs (Table 7.2). This analysis again demonstrated
the strong association between gene distribution profiles and taxa-function robustness (though
predictive power varied markedly between environments) and highlighted the importance of

functional redundancy in determining robustness (7.1 Supplementary Text; Figure 7.6; Figure 7.7).

3.4.5 Taxa-function robustness estimations are in agreement with observed functional
shifts

The above results rely on simulated taxonomic perturbations and predicted functional
profiles (via PICRUS), rather than on observed taxonomic shifts and shotgun metagenomics-
based functional profiling. Clearly, there are caveats involved in both simulated perturbations
(which may not reliably capture natural community fluctuations) and prediction accuracy. Yet, as
described above, this simulation-based approach is crucial for comprehensively mapping the local
taxa-function landscape. Specifically, this approach allows me to survey a large set of perturbed
community compositions uniformly distributed around each community and sampled across a
range of weighted UniFrac dissimilarities (ranging from 0.001 to 0.4) — a challenging task using
available metagenomic data. Nonetheless, to confirm that these simulation-based estimates of
robustness are biologically meaningful, here | further examine whether they agree with observed
shifts in communities’ taxonomic and functional profiles. To this end, | examined functional
profiles that are based directly on shotgun metagenomic sequencing for a subset of the HMP
communities used in the above analyses. Specifically, considering the HMP communities for
which both a shotgun metagenome was available and the 16S rRNA data passed the quality
filtering process, | was able to obtain 94 HMP communities from 5 different subsites with both
taxonomic and metagenome-based functional profiles. Below, | use these communities to assess
the agreement between predicted and metagenome-based functional profiles and between
simulation-based robustness estimates and measured functional shifts. For the functional shift

comparisons described below, communities from the same subsite were paired (resulting in 47



57
pairs), providing independent observations of functional shifts within each environment.
Additionally, | was able to consider longitudinal shifts for a small number of communities
(including 8 communities with 16S rRNA and metagenomic profiles sampled at two time points).

Using these data, | first verified that the compositions of the predicted functional profiles
used in this analysis recapitulate metagenome-based functional profiles. To this end, I compared
the dissimilarity between each predicted functional profile and its corresponding metagenome-
based functional profile to the dissimilarity between each predicted functional profile and a
different, randomly chosen metagenome-based functional profile from the same subsite. | found
that indeed the median cosine dissimilarity between the corresponding predicted and metagenome-
based functional profiles (at the pathway-level) was significantly lower compared to the
dissimilarity between predicted functional profiles and other metagenome-based profiles from the
same subsite (p=0.001, Wilcoxon rank-sum test). A Procrustes analysis [189] of the first two
principal components of the functional profiles further demonstrated a significant fit between
predicted and metagenome-based profiles (Procrustes measure of fit 0.89; p=0.00001).

Next, | set out to examine the degree to which these simulation-based robustness estimates
agree with observed functional shifts. In lieu of perturbed community compositions (and
comparing the original and perturbed community compositions), | used pairs of communities (from
the same subsite), considering one community as representing the original community and the
other as representing a perturbed version of that original community. | then measured (for each
pair of communities) the ratio between the dissimilarity in their functional profiles and the
dissimilarity in their taxonomic profiles. This ratio is expected to be lower for more robust
communities since taxonomic perturbations of similar magnitude should produce relatively
smaller functional shifts in communities with higher taxa-function robustness. The findings of this
analysis confirm the expectation above, demonstrating a noticeably lower robustness in vaginal
communities (larger functional shifts relative to taxonomic perturbation magnitudes) compared to
gut and oral communities (Figure 3.6A-B). This suggests that the differences in attenuation values
estimated from simulated perturbations reflect an inherent difference in how taxonomic changes
induce functional shifts in communities from different environments.

Notably, as also discussed above, the taxonomic dissimilarities between different
communities are substantially higher than the range of local taxonomic perturbations that are the

focus of this study. Given this, the analysis above, using pairs of communities to represent original
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and perturbed communities may fail to capture subtler properties of the local landscape of
functional shifts around a community. To address this potential shortcoming and examine the
impact of small taxonomic differences that are still rooted in metagenome-based functional
profiles, 1 used a community-mixing approach. Specifically, given a pair of communities, a
perturbed community composition at a specific (and small) taxonomic distance from the first
community can be generated by identifying a mixing fraction and ‘replacing’ this fraction of the
first community’s taxonomic and functional profiles with a corresponding fraction of the second
community’s taxonomic and functional profiles respectively. This community-mixing approach
allowed me to generate a set of perturbed community compositions at varying weighted UniFrac
dissimilarities with metagenome-based functional profiles. | used this set of multiple perturbed
compositions for each community to estimate the robustness of the first community using the same
approach described in Figure 3.1D. | found that these community-mixing metagenome-based
attenuation values recapitulated the robustness trends identified using simulation-based
attenuation estimates, with vaginal communities exhibiting significantly lower robustness than gut
or oral communities, further supporting the agreement between simulation-based and
metagenome-based robustness estimates (Figure 3.6C).

Finally, | examined whether these robustness estimates agree with temporal changes in
community composition. To this end, | used 8 HMP communities with taxonomic and
metagenomic data available at two time points to measure longitudinal taxonomic and functional
shifts (notably, relatively few HMP communities have both 16S rRNA and metagenome data
available at two time points). As above, given a pair of communities from the same subsite from
an individual obtained at two time points, | use the dissimilarity ratio between their functional and
taxonomic profiles as a measure of observed taxa-function robustness, with the expectation that
this ratio will decrease as robustness increases. Indeed, | found that attenuation was negatively
correlated with this ratio (r = -0.75). Furthermore, for each individual, I used the simulation-based
robustness curve obtained for the community composition at the first time point, the metagenome-
based functional profile of that community, and the observed taxonomic dissimilarly between the
two time points to predict the expected metagenome-based functional shift between the two time
points. Reassuringly, the expected functional shifts were positively correlated with the observed

functional shifts (r = 0.86, p=0.006), suggesting that these robustness curves are predictive of the
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relationship between the taxonomic perturbations and functional shifts that might be expected to

occur over time in microbial communities.
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Figure 3.6. Robustness and metagenome-based functional shift trends across subsites. (A) Distribution of
simulation-based attenuation estimates across 5 subsites, ordered by median attenuation in each subsite. (B)
Distribution of log scale ratio of metagenome-based functional profile dissimilarity to taxonomic profile
dissimilarity observed between pairs of communities from the same subsite across 5 subsites. (C) Distribution of
attenuation estimates from mixing community compositions between pairs of communities from the same subsite

across 5 subsites.
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3.5 Discussion

Microbial communities are recognized as important components of various systems
including human health, environmental resource cycling, and industrial processes. Given these
varied and significant roles, improving our understanding of these systems requires a better
comprehension of how these communities are structured taxonomically, how they function, how
they react to change, and the relationships between these features. Previous work using the inherent
link between taxonomic structure and function in microbial communities has already led to
intriguing results and powerful tools for analyzing microbiome data [130,155-157]. However, a
crucial property that has not yet been comprehensively studied is how a community’s underlying
taxonomic structure modulates functional robustness in response to taxonomic perturbation. This
taxa-function robustness is a direct derivative of community composition and of the distribution
of genes across genomes, and while it may not correspond directly to conventional concepts of
microbial community resilience and stability, it allows me to quantify an inherent component of
the structure-function relationship between taxonomic and functional profiles.

My analysis of robustness across various environments revealed intriguing differences
between communities from different body sites. One of the more marked differences was between
gut and vaginal communities, and while robustness to taxonomic perturbation has not been directly
compared between gut and vaginal communities experimentally, there may be some evidence that
supports vaginal communities being more susceptible to disrupted function than gut
communities [157,190]. I also observed that skin communities from two subsites were among the
most robust host-associated communities. This functional robustness to taxonomic perturbation is
especially intriguing given recent observation concerning the taxonomic stability of the skin
microbiome despite virtually continuous perturbation [191]. Indeed, the link between ecological
stability and taxa-function robustness is likely complex and multi-faceted, since on the one hand
high taxonomic stability may render taxa-function robustness unnecessary for maintaining
community function, but on the other high taxa-function robustness may promote taxonomic
stability via maintenance of the community niche.

| further found that functional redundancy was strongly associated with taxa-function
robustness, in agreement with previously suggested hypotheses regarding the role of functional

redundancy in microbial communities [136,162-164]. Other GDFs also showed some associations
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with robustness, but these associations were inconsistent across environments and may point to
between-GDF interactions in determining robustness that masks a more consistent association with
robustness. Notably, however, the five GDFs | examined appear to separate environments along
different principal components, suggesting that they capture key information about environment-
specific differences in community structure. This is even more striking when considering that these
GDFs do not directly mirror the presence or absence of certain taxa or functions. This GDF-based
separation may therefore suggest that communities inhabiting different environments substantially
differ in the way community members contribute to overall community functional capacities. For
example, the higher functional redundancy and functional similarity in gut communities might
indicate that many community members in the gut are performing similar functions with relatively
few specialized roles, whereas the increased presence of pathways unique to specific microbes and
lower function redundancy in vaginal communities could point to a more well-defined and distinct
functional niche in this environment.

To some extent, the extreme variation observed above in taxa-function robustness across
environments may not be surprising. Some of this variation, for example, can be attributed to
stochastic aspects of community assembly, such as priority effects or the pool of species from
which community founders could originate. Such stochastic factors could lead to marked variation
in community composition, and consequently to variation in taxa-function robustness. However,
the similarity in robustness within a similar environment or subsite compared to between-
environment robustness differences suggests that some of this observed variation may be selected
for and that selection for robustness varies across environments. Selective pressure for robustness
could vary based on the relative needs for consistency versus plasticity in community function
when communities respond to changing environmental conditions or based on how consistent the
environment might be. Indeed, community-level functional plasticity could be driven by changes
in the metabolism or behavior of individual microbes in response to environmental changes, but
could also be achieved by shifts in community composition that modulate the community
functional profile in a desired direction. Indeed, noticeable alterations to taxonomic composition
often accompany large environmental changes, such as in the gut microbiota following diet
switches [192], in skin communities during and after atopic dermatitis flares [193], or in the
vaginal microbiome during pregnancy [194], and in certain cases these composition alterations

have also been associated with changes in community functional capacities [195,196]. In such
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cases, lower taxa-function robustness may be selected for to enable plasticity in community
function, thereby allowing community function to adapt to a changing environment.

Notably, there are a few caveats to this taxa-function robustness estimation approach. First,
the simulation-based perturbation method | used was fairly simple and restricted perturbations to
only modify the abundances of present microbes without considering the possible addition of novel
microbes, e.g., via migration. In reality, the underlying taxa-function landscape depends not only
on the taxa that are present in a community but also on the taxa that could be introduced to the
community from an environmental reservoir or transferred from some other source. Yet, the
correspondence between these robustness estimates and the observed taxonomic and functional
shifts in real communities suggests that the local topology of the taxa-function landscape around
a community may be relatively similar when considering the possible influx of new taxa. Beyond
the simulation-based perturbation method, these robustness calculations also depend on
community functional profile prediction via a database of annotated microbial genomes. These
predicted functional profiles may not accurately reflect the true functional profile of the
community or variation between communities. For example, the analyses above have considered
community members at the species level, ignoring potential strain-level variation [197]. While the
taxa-function mapping representation and this approach for robustness estimation can be applied,
in principle, at higher taxonomic resolution (e.g., profiling communities at the strain level and
associating each strain with a corresponding distinct genome) when such data is available, failing
to do so may introduce inaccuracies to the predicted functional profiles and subsequently to these
robustness estimates. More generally, robustness estimates can be inflated if rarer functions (that
are likely less redundant) are left unannotated or deflated if certain functions are actually highly
redundant but missing from some genome annotations. It is worth noting, however, that despite
these caveats, these robustness estimates were shown to agree with differences in taxonomic and
functional profiles between naturally occurring community compositions, both across
communities and over time.

My analysis of simulated community perturbations indicates that taxa-function robustness
of microbial communities varies by environment, though subsites from within a given environment
tend to share similar taxa-function robustness signatures. Furthermore, function-specific
robustness at the pathway level is associated with the universality of the pathway, with microbial

housekeeping pathways displaying higher robustness than pathways associated with more
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specialized lifestyles. Interestingly, the variation in the robustness of a pathway across
communities was not associated with differences in pathway abundance. | also found that
environment-specific characteristics of gene distribution across community member genomes
account for between-environment differences in taxa-function robustness and suggest potential
drivers for functional robustness. Finally, a comparison between simulation-based robustness
estimates and metagenome-based taxonomic and functional shifts suggested that these robustness
estimates agree with observed community dynamics.

Importantly, the applications for computational robustness estimation could extend beyond
the analyses and results presented here. Function-specific robustness estimation, for example,
could inform the analysis of novel communities from a particular environment, highlighting
functions whose capacities are more or less robust than expected. Taxa-function robustness
estimation could also be incorporated into the construction of synthetic microbial communities to
inform the design of more resilient community compositions. As we further explore and analyze
the temporal dynamics of microbial community structure and function, being able to determine

how and why robustness varies will continue to be of interest.



4. Concluding Remarks

Sections of this chapter are based on the following manuscript submitted to Current Opinion in

Biotechnology:

Eng A, Borenstein E. Microbial Community Design: Methods, Applications, and Opportunities.
Current Opinion in Biotechnology Submitted.

In this dissertation | have developed novel model-based computational methods that utilize
the link between taxonomy and microbial functional capacities to aid the design and evaluation of
synthetic microbial communities. Computational methods such as these offer a promising prospect
for synthetic community design because they can reduce the labor and time required by previous
approaches by exploiting our growing mechanistic knowledge of microbial function. This can also
provide a more nuanced understanding of how designed communities function, which could allow
microbiome engineers to consider the conditions under which the desired function might be
disrupted. The work | have described here represents an initial foray into this area, laying the
groundwork for future progress, providing tools that can support current design efforts, and

offering insights into the structure of naturally occurring communities.
4.1 Summary of presented work

In the second chapter, | detailed CoMiDA, an algorithm for identifying minimal sets of
species with the capacity to perform a desired metabolic conversion. Utilizing a database of
functionally-annotated genomic content, COMIDA translates this design problem into an integer
linear programing representation of an integrated network flow and set cover framework. After
verifying its ability to correctly identify non-intuitive minimal communities, | used CoMiDA to
analyze minimal communities for metabolic conversions using gut-associated species and found
that, when possible, conversions required only a small number of species.

In the third chapter, | presented a perturbation-based method for estimating the robustness
of a community’s functional capacities with respect to changes in taxonomic composition. This

method is a novel computational technique that offers insight into a previously unconsidered facet
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of community structure that can be informative when evaluating community compositions during
the design process. Using this method, | demonstrated differences in taxa-function robustness
factors for naturally occurring communities associated with different body sites and environmental
sources. | also showed that the community-level capacities for specific functions varied in taxa-
function robustness in a manner that may be related to environment-specific pressures. Finally, |
developed metrics to describe the distribution of genes across species in a community and found
that, in addition to being associated with taxa-function robustness, gene distribution features had

environment-specific signatures.
4.1.1 Potential role of functional redundancy in engineering taxa-function robustness

Based on the results presented in the third chapter, it appears that taxa-function robustness
is notably associated with functional redundancy, defined here as the evenness of contributions to
a function’s abundance across different taxa. This finding agrees with previous discussions
regarding the role of functional redundancy in promoting the robustness and stability of microbial
community function [136,162—-164]. Furthermore, this lends support to the concept that functional
redundancy will be an important factor to consider when engineering communities for persistence
of function. In this work I mainly considered functional redundancy across all functional capacities
in a community, but targeted applications will likely benefit from focusing on the redundancy of
specific, desirable functions. For example, therapeutics that aim to promote the production of
SCFAs may prefer the inclusion of multiple different species or strains with SCFA-production
capabilities, rather than a single SCFA-producing species. This could buffer against a perturbation,
such as a change in diet or an infection, that might negatively affect a specific SCFA producer

because other present SCFA producers may be less affected by that particular perturbation.
4.2 Recent advances in computational design methods

Following and concurrent with publication of the above works, additional novel
computational model-based design methods have been developed and introduced, further
advancing the field and providing complementary approaches to the methods presented here. For
example, MultiPus uses a framework similar to CoMiDA, but instead of minimizing community
size, it minimizes the number of metabolic reactions and inter-species metabolite transfers required

for the desired metabolic conversion [198]. Thus, while CoMiDA focuses on providing the
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smallest community to provide the simplest starting point for further development with other
design tools, MultiPus instead aims to provide a community with the capacity to more efficiently
perform the desired function. Both of these are valid concerns when starting to engineer a synthetic
community, and which method is appropriate will depend on the needs of the specific application.

Network-based models, such as those used in CoMiDA and MultiPus, are easy to construct
and analyze, but they generally only account for the potential metabolic capacity of each species,
rather than for the way each species will behave in a given environment. Accordingly,
communities designed by CoMiDA or MultiPus are indeed guaranteed to have the metabolic
potential to carry out the desired function, but may not actually perform this function in reality.
To address this shortcoming, a recent design method, termed FLYCOP [199], utilizes a previously
introduced FBA-based community modeling framework to evaluate synthetic composition
function in silico. The underlying modeling framework accounts for community dynamics and
spatial community organization, as well as metabolism-mediated species interactions via changes
to metabolite concentrations in the shared environment [140]. Using this framework, FLYCOP
explores potential synthetic compositions using a stochastic search procedure and identifies an
optimized composition. Due to the community FBA framework used, FLYCOP is not restricted to
optimizing metabolic activity and can also consider a community’s growth over time. As a
demonstration of this, the FLYCOP developers identified an initial synthetic composition of four
cross-feeding strains that optimized community stability. These capabilities make FLYCOP an
exceptionally comprehensive and valuable design tool, and will serve as a strong basis for future
developments in FBA-based computational design methods.

Another recently applied modeling approach aims to engineer communities based on
models of ecological dynamics, rather than community metabolism, which can be useful stability
is an important consideration. These models capture how the abundance of each community
member impacts the abundances of others over time [200,201]. Such models can be especially
useful when interactions between species are not mediated via metabolism or when detailed
metabolic models are unavailable. For example, a synthetic community was optimized for both a
non-metabolic function (Trg induction) and community stability through a combination of
ecological modeling and experimental characterization of individual microbial activity [202]. To
achieve this, the authors first created a model of community induction effectiveness for a set of

Clostridia strains using data on Treg induction contributions. They then simulated the community’s
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ecological dynamics using a previously published ecological model for those strains [200], and
used their induction model to estimate Treg induction over time. This enabled them to predict each
potential composition’s inductive effect and stability simultaneously. Such integration of different
modeling frameworks may be a promising avenue for future expansion and improvement of

computational design capabilities.
4.3 Future directions

The power and flexibility of computational model-based design, combined with the recent
expansion of available mechanistic data, make computational design efforts an especially
promising route toward rapid advancement in synthetic community design. For example,
computational methods that can concurrently optimize multiple community functions could enable
synthetic therapeutic communities to simultaneously treat diverse health concerns, such as
metabolic deficiencies and pathogenic infections, while also ensuring community stability. There
are, however, substantial obstacles that must be overcome for model-based design to reach its full
potential. Here | describe current challenges that computational models face and discuss the
potential future of computational design methods, and synthetic community design techniques in

general.
4.3.1 Challenges for model-based techniques

One key challenge is the inability of most current modeling frameworks to directly
incorporate effects of non-metabolic microbial interactions into models of community function.
Recent evidence suggests that non-metabolic interactions, such as the microbial secretion of toxins
to inhibit the growth of competitors, can be important factors in shaping the human gut
microbiome [203]. Ecological models can attempt to capture the impact of such interactions on
community dynamics by using time-series data to infer interaction parameters between species.
However, this approach may only partially capture the outcomes of such interactions, especially
when multiple interaction mediators are involved, and it is likely that the nuanced effects of key
mediators are ignored [204]. Instead, adequately integrating these effects into current methods may
require augmentation with mechanistic models of these non-metabolic influences on community

function and dynamics.
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The potentially important functional impact of higher-order interactions (i.e., interactions
involving multiple species in the community) [205-207] poses another challenge for
computational methods. Evaluating a subset of possible compositions, as with FLYCOP’s
stochastic sampling, may miss the effects of certain higher-order interactions because the specific
combinations of species required were never present in the evaluated compositions. Eventually, it
may become convenient to evaluate potential species combinations, in terms of presence or
absence, given sufficient computing resources and parallelized evaluation. However, functions and
interactions may be determined by species abundances, as in quorum sensing [208], and it is
impossible to enumerate, let alone evaluate, all conceivable community compositions when
considering relative abundance differences. Unfortunately, there are no available methods that can
extrapolate from species-specific mechanistic models to predictions of emergent functions due to
higher-order, abundance-dependent interactions. If such techniques are feasible, then their
development could allow computational methods to avoid extensive community evaluation while

simultaneously enabling a more comprehensive consideration of possible interactions.
4.3.2 Potential avenues for advancement

The ability to integrate prior biological knowledge of microbial behavior is currently
difficult when corresponding mechanistic or ecological models are unavailable, and yet there is a
wealth of observational data on microbial activity that could inform community design. For
instance, various studies detail the environmental and ecological effects of species under specific
conditions, including influences on host systems [209,210] and impacts on the functions of other
species [211,212]. Rule-based frameworks offer an approach that can take advantage of this
information to design communities by intuitively translating observed biological phenomena into
expectations of, and constraints on, community function. Rules can, for example, take the form of
logical expressions that indicate the observed outcomes of microbial function, e.g., translating the
results from Mathur et al. [210] to “presence of Bacillus cereus in the gut implies activation of
the NLRP3 inflammasome, secretion of interleukin-1p, and secretion of interleukin-18”. This
example portrays a fairly simplistic rule, but more nuance is possible via higher resolution
definitions of microbiome states, such as species and compound abundance thresholds. Another
benefit of these rule articulations is their intuitive representation, which can enable experts on

specific microbial systems to easily express literature-based knowledge.
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Designing microbial communities based on rules of the above form can be achieved by
converting them into an instance of a SATISFIABILITY (SAT) problem [213]. Briefly, a SAT
problem asks whether a set of variables can be assigned true or false values such that they satisfy
a collection of clauses that relate the variables to one another and constrain their values. In terms
of microbiome engineering, these variables would represent community and environmental
components, including species, metabolites, and signaling molecules, as well as effects resulting
from community activity such as protection against pathogens or gut inflammation. The true/false
value of each variable would indicate presence/absence for microbiome components or
occurrence/absence for community effects. The clauses relating these variables would encode
identified rules (e.g., if the B. cereus variable is true, then the NLRP3 activation, interleukin-1p
secretion, and interleukin-18 secretion variables must also be true). Given these clauses and
variables, a satisfying set of variable assignments will define a community composition (the true
species variables). Additionally, these values will also describe the community’s influence on the
environment, including produced compounds and active community effects (again indicated by
the corresponding true variables). Communities can be designed using this framework by pre-
specifying the values of specific variables, i.e., interleukin-18 secretion must be true, and then
finding a satisfying assignment for the remaining variables. Notably, this approach could offer an
extremely flexible framework for incorporating knowledge of multiple distinct facets of microbial
community function. However, it is currently challenging to assemble an adequate body of rules
because the necessary data often being presented in terms unamenable to automatic and large-scale
rule formulation, and future work will be necessary to overcome this obstacle.

Improved design capabilities may also be achieved by combining rule-based frameworks
with mechanistic models, utilizing each in tandem to simultaneously consider the facets of
community function that they are individually most suitable for. Similar to the integrated
ecological and Treg induction model mentioned above [202], community-level dynamic FBA
models could employ rule-based frameworks to evaluate and incorporate non-metabolic effects.
More specifically, at each time point, available rules could be evaluated based on current
community composition and environmental state to determine the consequences of non-metabolic
functions and interactions. This data would then inform the standard dynamic FBA-based

adjustments to species and metabolite abundances while also providing an estimate of the
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community’s contributions to non-metabolic environmental conditions such as gut inflammation,
MFC electricity generation, or antimicrobial production.

Complementary design method integration may also offer promising opportunities more
generally in the field of synthetic design by considering both experimental and computational
methods. Indeed, there is already evidence that communities designed using one design framework
can be further improved via orthogonal techniques. The aforementioned synthetic Treg induction
community designed using computational model-based methods [202] was developed from a Treg
induction community originally engineered using community reduction [89]. In this case,
community reduction identified a set of culturable species that could form a synthetic Treg
induction community and computational design optimized the composition to improve its function.
Pairing community enrichment with combinatorial evaluation or computational design could also
offer potentially fruitful composite approaches. Specifically, the enrichment procedure could begin
with compositions identified and pre-optimized by other design techniques, rather than
environmentally sampled or randomly constructed initial communities. Such method integration
could potentially reduce the time required to select for an optimal composition since the initial
community is hopefully closer in composition to the final community that enrichment would
achieve. Additionally, this could help augment combinatorial evaluation or computational design,
which may result in sub-optimal communities due to insufficient coverage of evaluated
compositions or insufficient mechanistic and ecological knowledge respectively. Such innovative
combinations of design approaches could enhance or enable the development of synthetic
compositions that may have previously been challenging due to the various limitations of each

individual approach.
4.4 Closing thoughts

Past microbiome engineering efforts have resulted in effective synthetic microbial
communities for a variety of applications, and the future of microbial community-based
biotechnologies and therapeutics is promising. Here, | have presented computational methods that
begin to explore the engineering possibilities available when considering the genomic link between
microbial species and their function. While these methods may be limited in some respects
regarding the modeling of community behavior, they provide an important stepping stone towards

future method development. Further development of such computational design methods should
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provide powerful tools to support advances in microbiome technology, especially as quality and

availability of mechanistic data related to microbial function continues to grow.
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6. Appendix A: Supplementary material for Chapter 2

6.1 Supplementary Text

6.1.1 Forcing substrate usage

Notably, the ILP formulation described in section 2.3 Methods provides a solution that can
generate all target metabolites from available substrates, but does not require that all available
substrates will be used. Forcing specific available substrate to be utilized in target product
synthesis could be desired, for example, if one were to design a community to consume specific
environmental metabolites, such as for pollutant or toxin conversion. Below, | therefore extend
CoMIDA, allowing users to define a specific subset of the available substrates that the designed
community must utilize in some metabolic path that generates the target products.

To this end, | define a new set of metabolites,
FORCED < SUBSTRATE,

that contains all the available substrates that the community must be able to use in the production
of the target product metabolites. Given this set, | define the following constraint:

(F_ij) = 1:Vm, € FORCED,
Vjs.t.
ijz(mk'rl)

which requires that there must be some amount of flow out of all metabolite nodes in FORCED
and so the designed community must contain metabolic reactions capable of utilizing those
metabolites. As mentioned in 2.3 Methods, forced substrate usage introduces a scenario that may
require flow to enter substrate metabolite nodes. In particular, normally if a viable path exists from
a substrate to a product, there would never be a need for flow to enter that substrate node since the
substrate can provide any amount of flow. Additionally, any path leading from one substrate to a
product that passes through another substrate could be shortened by starting at the intermediate
substrate. Forced substrates, however, must provide flow and thus may require paths to pass

through other substrates.
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6.1.2 Prioritizing or avoiding specific species

Another consideration | have incorporated into CoMiDA is the desirability of particular
available species. As an example usage of species desirability, one might want to factor in the
availability or ease of culturing various species when designing a community such that readily
available species are preferred to those that might be more difficult to obtain. Such desirability can
be encoded as a cost for each species in the objective function using an ILP cost variable, I_c, for
each species that represents the cost for including a species in the solution species set. These cost

variables can then be included in the optimization function:

min z (I_c¢; X s;).

Vis.t.
S{ES

This encoding would use higher costs for less desirable species and low costs for more
desirable species. Thus, when minimizing the sum of species variables, more desirable species

would have a smaller impact the sum of species variables than less desirable species.
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Figure 6.1 Schematic of the Embden-Meyerhof glycolysis pathway used for validation. | modified the set of

available metabolic reactions to control the minimal solution sizes during validation. First, | removed alternate

paths to the target product (pyruvate) by removing the first reaction in each alternate path (red). Next, to adjust

the minimal solution sizes, | deleted metabolic reactions from subsets of the available species. For example, to

force a two species solution, | removed one metabolic reaction (green) from half of the available species and a

different metabolic reaction (blue) from the other half of the available species.



7. Appendix B: Supplementary material for Chapter 3

7.1 Supplementary Text

7.1.1 Taxa-function response curve model evaluation suggests a power function

relationship

| considered eight different models describing the relationship between a taxonomic
perturbation magnitude, t, and the associated degree of functional shift, f. These models were
constructed by first considering the expected increase in functional shift as taxonomic perturbation
magnitudes increase, which suggests a potential linear component and is represented by the a
parameter in each model. The second consideration for each model was whether there would be a
polynomial or generally non-linear component to the relationship. For this second component, |
tested: the absence of a second component (model 1), a quadratic relationship (model 2), a more
general power function relationship (model 3), a cosine transformation to match the measure of
functional shift (model 4), a combination of linear and quadratic relationships (model 5), an
exponential relationship (model 6), a combination of linear and exponential relationships (model
7), and an exponential relationship with a proportionality constant (model 8), using the variable b
to parameterize this second component when necessary (Table 7.1).

To evaluate these models, for every community | fit a response curve using each model
and calculated the error for every perturbation of that community. | then aggregated communities
by environment, by subsite, and pooled together across environments and determined the root
mean squared error (RMSE) of each aggregate. Across all aggregates, model 3 had the lowest
RMSE and model 2 consistently had the second lowest RMSE (Figure 7.4). Given that model 3
was a generalization of model 2, | decided to use model 3 to examine whether the variation in b

was associated with any biological factors.

7.1.2 Predictive models support the association between robustness and functional

redundancy

In addition to correlation analysis and PCA, | further examined associations between GDFs

and robustness using predictive models. Specifically, | attempted to predict a community’s
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attenuation using that community’s GDFs and determined GDF associations with robustness based
on the importance of each GDF in the model (i.e., a GDF being more informative suggests a
stronger association). In this analysis, | tested both the 5 GDFs used in the main results as well as
an expanded set of 45 GDFs (Table 7.2). The additional 40 GDFs aimed to capture other aspects
of gene distribution such as how many species encode unique functions, how many species encode
each function, and the similarity in function co-occurrence across genomes. | evaluated models by
using 70% of the available communities for model fitting and then measuring the correlation
between observed and predicted attenuation, as well as the root mean squared error in attenuation
prediction, with the remaining 30%. I also accounted for potential variation in performance due to
the specific communities in model fitting and evaluation sets by repeating this process for 500
different paired sets of model fitting and evaluation communities, taking the average of these
evaluation metrics across all 500 models. To ensure comparability between GDFs, GDFs were
centered and scaled before model construction.

| found that predictions were significantly improved when | used the expanded GDF set to
fit unregularized linear models to the pooled set of communities (Figure 7.6; Figure 7.7; p < 10
101. F-test) and all following analyses are based on models fit using the expanded GDF set.
Unregularized linear model predictions on evaluation communities were somewhat correlated with
observed community attenuation (Figure 7.6A; r = 0.63; RMSE = 0.54), indicating that at least a
subset of these 45 GDFs were associated with robustness. When | attempted to regularize the linear
models, | found no noticeable improvement in performance (Figure 7.6B; r = 0.62; RMSE = 0.54).
| suspected that the relationship between GDFs and robustness might not necessarily be linear, so
| also attempted to fit another model, a Regularized Random Forest [214], using 5000 trees for
model construction. The Regularized Random Forest did have better predictive power than the
linear models (Figure 7.6C; r = 0.7; RMSE = 0.49), suggesting that some GDFs may contribute to
robustness in a nonlinear fashion. | also considered the possibility that GDF associations with
robustness might vary by environment, so | fit Regularized Random Forests for each environment
individually. This revealed noticeable variation in model performance across environments, with
the best correlation between observed and predicted attenuation in water-associated communities
(Figure 7.6D; r = 0.78) and the lowest prediction error for gut communities (RMSE = 0.33).

To examine robustness associations with specific GDFs, | next examined the importance

of each GDF in each model. For linear models, feature importance was measured as the absolute
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value of the feature’s coefficient in the model, while Regularized Random Forests feature
importance was measured as the mean decrease in accuracy when the feature’s values are
permuted. Functional redundancy appeared as the most important feature in the Regularized
Random Forest, further supporting its strong association with robustness, while the most important

features in the linear model were related to function co-occurrence across genomes.
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7.2 Supplementary Figures
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Figure 7.1. Candidate taxa-function response curve model fits. Bar height indicates the root mean squared
error (RMSE) between the observed functional shifts and the taxa-function response curves across all communities

in the group labeled on the x-axis.
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Figure 7.4. Pathway-specific attenuation of all pathways by environment. Each point represents the median
attenuation of a pathway in the environment indicated by the color. Error bars show the 95% confidence interval
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as determined by Mood’s median test (3.3 Methods) and then by highest median attenuation within those
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(A) Points indicate the predicted vs. observed attenuation of evaluation communities for the linear model (left)
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attenuation for Regularized Random Forests constructed using communities from a single environment.
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7.6 except that models were fit using only the 5 GDFs described in the correlation analysis and PCA.



7.3 Supplementary Tables

Table 7.1. Candidate taxa-function response curve function definitions.

Model Definition
Model 1 = pr
Model 2 = prs 2
L,
Model 3 f= e—at
Model 4 f= e—acos(bt)
1 2
Model 5 f=e—at+bt
G
Model 6 f= (e_a)
1 t
Model 7 f= e—at +b
1 t
Model 8 f=—
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Table 7.2. Extended definitions of variables used in gene distribution features.
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Variable description

Variable definition

Number of taxa present in the sample NeN
Number of functions present in the sample MeN
Taxon index ie{12,.. N}
Function index jef{1,2,..,M}
N
€ [0,1]; Z t=1
Relative abundance of taxon i i=1
M
f € [01]; Z fi=1
Relative abundance of function j j=1
Copy number of function j in taxon i CU € [0, )
—Z[ticij In[t;c;/]]
Redundancy of function j i=1
AT
Average functional redundancy J=1f]

Variation in functional redundancy r
M
Genome size of taxon i j=1

Jaccard dissimilarity between genomic content of
taxon i; and taxon i,

1 if function j is encoded
UF; = {by a single taxon
Uniqueness of function j 0 otherwise
M
> T x U]
Unique pathway abundance j=1
M
2
. . . [cisj = cia]
Euclidean distance between genomic content of =
taxon i; and taxon i,
1 25'" ymin(ey, i, )

] 1 max(clﬂ’ Clz])

Bray-Curtis dissimilarity between genomic content
of taxon i; and taxon i,

M=1|Ci1j - Ci2j|

X [ei s + i)l

Manhattan distance between genomic content of
taxon i; and taxon i,

M

Z|Ciu‘ = iy

j=1
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Number of different functions encoded by taxon i

M

Z Lici>0)

j=1

Presence of unique functions encoded by taxon i

UTL':{

1 if at least one function encoded by
taxon i is only encoded by taxon i
0 otherwise

Number of species with unique functions

ZUT

Abundance of species with unique functions

[t; x UT;]

Mz

,.
Il
[y

Number of different taxa encoding function j

1

'MZ

,..
Il
=

{cij>0}

Total copy number of function j

i=1

Total abundance of taxa encoding function j

Z [t X 1{CL >0}]

Total copy number of function j weighted by
species abundance

Z[Cij x &

i=1

Averages are unweighted and variation is measured as the coefficient of variation unless otherwise

stated.



