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Abstract

Metabolic versatility and interactions of nitrogen cycling microbiomes

By Christopher E. Lawson

The catalytic capabilities of microbial communities (“microbiomes”) seem limitless, controlling
Earth’s biogeochemical cycles and occupying every environmental niche. Engineers have tapped
into these capabilities for centuries by harnessing microbiomes to perform important services for
society. One important service is the removal of nitrogen from wastewater via engineered
biological processes, such as partial nitritation-anammox (PNA). In these systems, a diverse group
of nitrogen cycling bacteria remove ammonium from wastewater as dinitrogen gas through their
combine metabolic activities that requires precise balancing. However, the metabolic networks
and interactions of nitrogen cycling microbiomes remain poorly characterized, limiting the
opportunity to improve nitrogen removal biotechnologies using a systems biology approach. This
thesis aimed to understanding the metabolic versatility and interactions occurring in nitrogen
cycling microbiomes and to develop new computational models that enable their prediction in
natural and engineered ecosystems.

In Chapter 1, we provide an overview of the microbial nitrogen cycling network,
highlighting key functional guilds, their ecophysiology and interactions, and their application for
wastewater treatment. We also outline the systems biology methodology that was used throughout
this thesis work. In Chapter 2, we reconstructed the metabolism and interactions of poorly
characterized heterotrophic organisms in anammox bioreactors based on metagenomic and

metatranscriptomic analysis. This revealed that most heterotrophs were denitrifying bacteria that
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exchange carbon and nitrogen substrates with anammox bacteria, possibly allowing for improved
nitrogen removal efficiency. In Chapters 3 and 4, we applied cutting-edge metabolomic tools, '*C
fluxomics, and metabolic modeling to elucidate the autotrophic and mixotrophic metabolic
networks operating in two key nitrogen cycling bacteria: the anammox bacterium Candidatus
‘Kuenenia stuttgartiensis’ and the nitrite-oxidizing bacterium Nitrospira moscoviensis. This
provided detailed insights on the metabolic networks underlying their versatility and represented
the first measurements of metabolic flux in nitrogen cycling microorganism. In Chapter 5, we
extended insights from these metabolic networks to build genome-scale models for the anammox
bacterium Brocadia sinica and the comammox bacterium Nitrospira nitrosa to predict their
interactions under different environmental conditions. Our simulations predicted novel
mechanisms driving the cooperation and competition between comammox and anammox bacteria,
which could inform strategies to improve the success of mainstream PNA processes. In Chapter 6,
we synthesize common principles and best practices for harnessing microbiomes into a design-
build-test-learn (DBTL) cycle that can be used to advance microbiome engineering across
disciplines. The cycle outlines top-down and bottom-up design processes, synthetic and self-
assembled construction methods, and emerging tools to analyze microbiome function that can be
used to improving human and animal health, agriculture and enable the bioeconomy.

The knowledge and tools generated in these studies improves our ability to understand the
functions and interactions occurring in nitrogen cycling microbiomes. Moreover, our findings
represent the first steps in creating a systems biology approach for the bottom-up prediction of
ecosystem function. From our results, we suggest future research needed to extend this systems

biology approach for complete prediction and control of nitrogen cycling microbiomes.
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Figure 8.2 - Heatmap comparing the metabolic features encoded by comammox and canonical
Nitrospira, AOB, and AOA. Red, function is encoded in all genomes; orange, function is encoded
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in some to most genomes; white, function is not encoded. *Note that the cytochrome aas oxidase
in AOB and AOA both belong to the heme-copper oxidase type A, but are phylogenetically
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1. Introduction

1.0 Motivation

Population growth and urbanization have created an imbalance in the nitrogen cycle. The discharge
of excess nitrogen to the environment has produced hundreds of oxygen deplete “dead zones” and
toxic algal blooms in coastal and freshwater bodies. The problem has become so serious that the
National Academy of Engineering has listed restoring balance to the nitrogen cycle as a grand
challenge for the 21st century. While untreated wastewater is a major source of nitrogen inputs to
watersheds, energy and sludge disposal costs associated with nitrogen removal at wastewater
treatment plants (WWTPs) greatly increases total operating costs. Microbial communities
(“microbiomes™) containing anaerobic ammonium-oxidizing (anammox) bacteria represent a
promising option for cost-effective and energy-efficient nitrogen removal from wastewater!.
However, the underlying metabolic networks responsible for nitrogen removal by these
microbiomes remain poorly understood, limiting their application for sustainable wastewater
treatment. This work aimed to understand the metabolic networks driving the function of nitrogen
cycling microbiomes and to create quantitative models that predict their function in natural and

engineered ecosystems.

1.1 Harnessing the microbial nitrogen-cycling network
Microorganisms are the gate keepers of the biogeochemical nitrogen cycle, controlling nitrogen

Aspects of this introduction have been published and are provided in appendix A as:

Lawson, C. E. & Lucker, S. Complete ammonia oxidation: an important control on nitrification
in engineered ecosystems? Curr. Opin. Biotechnol. 50, 158165 (2018).



processes and fluxes at rates of tetragrams (1x10!? grams) of nitrogen per year within terrestrial
and marine ecosystems alone?. These microorganisms do not exist in isolation, but instead form
complex microbiomes that arise from interactions between co-occurring microorganisms to
transform nitrogen between its various organic and inorganic forms (Figure 1.1). Engineers have
tapped into the unique ability of microorganisms to transform nitrogen compounds for over a
century. For example, the microbial conversion of ammonium to nitrate (or “nitrification”) has
been harnessed for wastewater treatment to prevent fish deaths associated with toxic ammonia
releases and the depletion of oxygen in receiving waters’. Additionally, the coupling of
nitrification with denitrification has been harnessed to prevent algae blooms associated with excess

nutrient discharges to aquatic environments*.

Complete nitrification

Nitrite
oxidation

Ammonia
oxidation

Ammonification/
Assimilation

NO,

DNRA

N20 A NO

Denitrification

Figure 1.1 The biogeochemical nitrogen cycle mediated by microorganisms. NH4",
ammonium; NO>’, nitrite; NOs", nitrate; NO, nitric oxide; N,O, nitrous oxide; N, dinitrogen
gas; Org N, organic nitrogen.



Although the microbiomes that mediate these processes are highly diverse, a core group of
abundant microorganisms can be commonly detected within them?®. This includes key ammonia
oxidizing bacteria (AOB) and nitrite oxidizing bacteria (NOB), such as Nitrosomonas spp. and
Nitrospira spp.%’, respectively, as well as a diverse group of denitrifying bacteria, such as members
of the Betaproteobacteria®®. Decades of studies on the microbial ecology of nitrogen cycling
microbiomes have contributed to our understanding of biological wastewater treatment systems'®
L2 However, the complexity of these microbiomes and the lack of quantitative tools available to
investigate and predict their in sifu metabolic processes has limited the translation of this
knowledge to bioprocess engineering and design.

Recently, new discoveries in the nitrogen cycle have coincided with a transition in the
wastewater treatment industry towards energy neutrality and resource recovery. In the early
1990’s, bacteria that could anaerobically oxidize ammonium to nitrogen gas using nitrite as a
terminal electron acceptor (i.e. anammox bacteria) were discovered in a denitrifying reactor!’.
These organisms were previously predicted to exist based on thermodynamic grounds'#, and have
now been shown to account for up to 50% of the total nitrogen turnover in the environment®'3.
Since their discovery, anammox bacteria have been applied for wastewater treatment to achieve
more sustainable nitrogen removal, representing one of the most rapid biotechnological advances
in wastewater treatment’!>-16,

Anammox bacteria are currently applied for the sidestream treatment of high strength
ammonium wastewaters at mesophilic temperatures (typically exceeding 500 mg NH3-N/L), such
as anaerobic digester centrates that account for ~20-50% of the total nitrogen loading at a WWTP,
depending on industrial inputs (e.g. co-digestion of food waste)!”. Because ammonium is a

dominant form of nitrogen in most anaerobic digester centrates, applying anammox typically



requires a nitritation step, where 50% of the influent ammonium is converted to nitrite by aerobic
AOB, followed by removal of the remaining ammonium and nitrite to nitrogen gas by anammox
bacteria (Figure 1.2)'%!°. The use of this “partial nitritation-anammox” (PNA) process is more
sustainable and cost-effective conventional nitrification-denitrification processes because it
reduces oxygen requirements and sludge production by approximately 60% and 90%
respectively'> 182 Moreover, PNA processes save additional costs because they require no organic
carbon inputs for denitrification, which can instead be used to recover energy as biogas via

anaerobic digestion'.

2-stage process 0.43N,
0.14NO,-N
1NH,N 0.43 NH,*N
7 o o0 [ —_—>
HCOs |0@ S O o 0.57 NO,-N
0.° Oy
oo ©0-0
o O
o O
Oz O O
N N N ©)
Nitritation Anammox

Settler

1-stage process

Nitritation-Anammox

Figure 1.2 Flow diagrams for the partial nitritation-anammox (PNA) process. (Top) Two-
stage PNA process with separate reactors for nitritation and anammox. The nitritation
reactor receives air and is kept at a low solids retention time (SRT ~1 day) to washout NOB
that grow slower at mesophilic temperatures (~35°C). The anammox reactor is kept
anaerobic and maintains a long SRT (20+ days) to allow growth of anammox bacteria.
(Bottom) Single-stage PNA with nitritation and anammox occurring in the same reactor.
Oxygen is maintained at a low flux or pulse aerated to balance nitritation activity by AOB
with anammox. Flocs containing low anammox biomass are removed from the reactor by
hydrocyclones, sieves, or plate settlers, while slow growing anammox granules are retained.



Application of anammox bacteria to remove 100% of the influent ammonium from
wastewater (i.e. mainstream treatment) using PNA has had much less success than sidestream
applications. This is partly because the low specific growth and activity rates of anammox bacteria
are further reduced at lower mainstream wastewater temperatures (12-25°C), and competition for
nitrite with denitrifying bacteria and NOB is harder to control because of higher organic carbon
loadings and lower concentration of ammonia (30-50 mg NH3-N/L)?!. While some of these
challenges can be overcome by process design, for example by including a pretreatment process
(“A-stage”) for organic carbon recovery prior to nitrogen removal®!, deeper understanding of the
metabolic interactions occurring in nitrogen cycling microbiomes under mainstream conditions is
likely required to improve process performance.

In addition to anammox bacteria, another major breakthrough in our understanding of the
nitrogen cycle has been the recent discovery of complete ammonia-oxidizing (‘“comammox”
bacteria?>?*, For over a century, nitrification had always been viewed as a two-step process
mediated by interactions between AOB and NOB?* until bacteria affiliated with the genus
Nitrospira were shown to be capable of complete nitrification and contained pathways for both
ammonia and nitrite oxidation?>??. Since their discovery, comammox bacteria have been detected
in a variety of different habitats, including wastewater treatment reactors®>>>2°, Because these
organisms can use both ammonia and nitrite as substrates for energy generation’’?’, they are
expected to be competitors of anammox bacteria. However, van Kessel et al. (2015)?} have shown
that comammox Nitrospira and anammox bacteria affiliated with Brocadia can co-occur in
biomass flocs under low dissolved oxygen concentrations, suggesting they may also cooperate.
Whether the control of these interactions could be harnessed for improved nitrogen removal from

wastewater has yet to be explored.



1.2 Ecophysiology of nitrogen cycling bacteria

Key to improving the systematic engineering of nitrogen removal biotechnology is understanding
the ecophysiology of the major functional guilds controlling nitrogen cycling. This includes
improved understanding of their carbon and energy metabolism, metabolic versatility, species
diversity, physiological and kinetic properties, environmental controls, and metabolic interactions.
A summary of the key ecophysiological properties of functional guilds present in nitrogen removal

biotechnologies can be found in Table 1.1 and are described below.

1.2.1 Ecophysiology of ammonia-oxidizing prokaryotes (A0OP)

The nitrifying guilds, including the AOB, ammonia-oxidizing archaea (AOA), NOB, and
comammox bacteria, are responsible for nitrification in a wide range of natural and engineered
ecosystems. In general, organisms within these guilds are chemolithoautotrophs that use carbon
dioxide as a carbon source and either ammonia or nitrite as an energy source. They also typically
require oxygen as a terminal electron acceptor for energy conservation.

AOB perform the first step in nitrification, oxidizing ammonia to nitrite. A diverse group
of AOB species have been identified in wastewater treatment systems, including Nitrosomonas
spp. and Nitrosococcus spp.*®?°. The catabolism of AOB is driven by sequential enzymatic steps.
Ammonia is first oxidized to hydroxylamine via an endergonic reaction catalyzed by ammonia
monooxygenase (AMO). Hydroxylamine was then believed to be further oxidized to nitrite via
the exergonic reaction catalyzed by hydroxylamine oxidoreductase (HAO), allowing the process
to be net energy conserving. However, it has recently been shown that the product of HAO is not

nitrite, but nitric oxide, and that an unknown enzyme catalyzes nitric oxide oxidation to nitrite*?.
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In addition to their catabolism, genomic studies have predicted that many AOB use the
Calvin-Benson-Bassham (CBB) cycle for CO, fixation****43. The key enzyme of this cycle,
ribulose 1,5 bisphosphate carboxylase (RuBisCO), is suggested to be the most abundant protein
on Earth*, which highlights the widespread use of this pathway for CO; fixation. Reducing
equivalents (i.e. nicotinamide adenine dinucleotide phosphate, NADPH) for CO, fixation are
suggested to come from “reverse electron flow” through nicotinamide adenine dinucleotide
(NADH) dehydrogenase complex I. This complex consumes energy conserved from ammonia
oxidation as a proton motive force to catalyze the unfavorable transfer of electrons from the
quinone pool to NAD+,

AOA also perform the first step in nitrification. These organisms belong to the phylum
Thaumarchaeota and have been shown to play important roles in nitrification in soil and marine
ecosystems®®, as well as some wastewater treatment systems*’. AOA use AMO to oxidize
ammonia to hydroxylamine, but do not encode a known HAO enzyme™®. It has been proposed that
hydroxylamine oxidation to nitrite is mediated by reaction of hydroxylamine with nitric oxide
catalyzed by a heme-containing cytochrome P460 enzyme and nitrite reductase*’, however this
remains to be confirmed. CO; fixation by AOA has also been shown to be mediated by unusual
biochemistry. AOA have been demonstrated to use a novel variant of the
hydroxypropionate/hydroxybutyrate cycle for fixing inorganic carbon®. This pathway is more
energy efficient than the CBB cycle, which may help AOA thrive in nutrient-limit environments.
Additionally, the ammonia oxidation kinetics of AOA suggest that some species may be adapted
to oligotrophic nitrification, based on reported half-saturation constants and substrate thresholds.

This likely also contributes to their niche differentiation?”->!.



1.2.2. Ecophysiology of nitrite-oxidizing bacteria (NOB)

NOB perform the second step in nitrification, oxidizing nitrite to nitrate. Common NOB detected
in wastewater treatment systems have been affiliated with the genus Nitrospira’, although
Nitrotoga spp. have recently been identified as key NOB as well**>2, Nitrite oxidation is mediated
by the nitrite oxidoreductase (NXR) enzyme complex. In Nitrospira and Nitrotoga species, the
catalytic NXR subunit is located in the periplasm *-3, whereas in other NOB such as Nitrobacter
spp., the catalytic subunit faces the cytoplasm. Differentiation of the NXR may affect competition
for nitrite in the environment, as NOB with periplasmic types that do not require substrate transport
into the cytoplasm are expected to have higher nitrite affinities’*. Moreover, the periplasmic NXR
is predicted to result in higher energy yields because the two scalar protons produced during nitrite
oxidation can contribute to proton motive force generation®*. This may additionally contribute to
niche differentiation among NOB.

Pathways for CO, fixation by NOB also appear to be differentiated based on genomic
evidence and lipid analysis. Nitrospira encode all genes for CO, fixation via the reductive
tricarboxylic acid cycle (rTCA)3, whereas other NOB such as Nitrobacter and Nitrotoga encode
genes for the CBB cycle’**. As the rTCA cycle is more energy efficient than the CBB cycle™,
this may allow Nitrospira spp. to achieve higher growth yields compared to other NOB.

NOB such as Nitrospria can exhibit a high degree of functional diversity among closely
related species>®. Outside their chemolithoautotrophic growth, genomic and experimental data
have revealed that Nitrospira can use alternative substrates to fuel their carbon and energy
metabolism>°738 including the oxidation of formate and hydrogen with oxygen or nitrate as
terminal electron acceptors®’*%3°, Genomic analysis also suggests that Nitrotoga-affiliated NOB

may be capable of hydrogen and sulfite oxidation®. This highlights the potential versatility of
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NOB that may allow them to survive conditions of nitrite depletion and environmental

fluctuations.

1.2.3. Ecophysiology of comammox bacteria

Comammox bacteria can perform both steps of nitrification in a single cell. To date, all identified
comammox bacteria have been affiliated with the genus Nitrospira and contain a phylogenetically
distinct AMO from canonical AOB and AOA that was initially misclassified as a particulate
methane monooxygenase (pMMO)?>23, For this reason, established AMO polymerase chain
reaction (PCR) primer sets had failed to detect their presence in the environment. New PCR-based
and metagenomic surveys have shown that comammox Nitrospira are broadly distributed across
different habitats, including wastewater treatment systems. These organisms contain both
pathways for ammonia and nitrite oxidation in their genome, including genes for AMO, HAO, and
NXR?223, Like all Nitrospira, comammox encode genes for the reductive tricarboxylic acid
(rTCA) cycle. Genomic information also indicates that several comammox Nitrospira species can
use diverse substrates for energy conservation, including formate and hydrogen oxidation®’.
Kinetic theory of optimal pathway length predicted that comammox organisms would have
low growth rates, high growth yields, and therefore be adapted to environments with low substrate
fluxes®'. This was recently confirmed based on kinetic analysis of a Nitrospira inopinata pure
culture, which yielded apparent half-saturation constants for ammonia 4-2500 fold lower than any
kinetically characterized AOB and non-marine AOA, and growth yields at least 30% greater than
any examined AOP?’. While these data represent yet only one comammox organism, it may
suggest that ammonia availability is a key factor determining niche differentiation of comammox

Nitrospira and other AOP.
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Adaptation to microaerophilic environments is also reflected in comammox Nitrospira’s
electron transport chain, which employs novel cytochrome bd-like terminal oxidases, similar to
other Nitrospira (described in detail for Candidatus “N. defluvii”?). These cytochrome ¢ oxidases
are speculated to have higher oxygen affinities compared to the low-affinity aa3-type heme-copper
oxidases employed by most canonical AOP and may confer comammox Nitrospira a selective
advantage in environments with low dissolved oxygen. Indeed, this agrees with observations from
Camejo et al. (2017)%2, who enriched comammox Nitrospira in a low-dissolved oxygen bioreactor
inoculated with activated sludge. However, it should be noted that these novel terminal oxidases
have not been functionally characterized and both their ability to pump protons and their oxygen

affinity remain to be determined experimentally.

1.2.4. Ecophysiology of denitrifying bacteria

Denitrifying bacteria catalyze the reduction of nitrate to dinitrogen gas via the intermediates nitrite,
nitric oxide, and nitrous oxide. In wastewater treatment systems, denitrifying bacteria are almost
exclusively heterotrophic, using organic substrates as both an electron donor and carbon source.
However, autotrophic denitrifying bacteria that use inorganic electron donors (e.g. hydrogen
sulfide, ferrous iron) for denitrification and CO; as a carbon source are prevalent in other

63.64 or wastewater treatment plants that contains suitable electron donors®’.

environments
Denitrification is generally catalyzed by a diverse set of enzymes classified as nitrate reductases
(NAR), nitrite reductases (NIR), nitric oxide reductases (NOR), and nitrous oxide reductases
(NOS)%®. For example, several types of NIR can exist, including the copper-dependent enzyme

NirK and the cytochrome cd-dependent enzyme NirS that use one electron to reduce nitrite to

nitrous oxide®’. In many environments including wastewater treatment systems, the process
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competes with bacteria capable of dissimilatory nitrate reduction to ammonia (DNRA) mediated
by NAR and a cytochrome c nitrite reductase (ccNIR)%®,

While many aspects of the biochemistry involved in denitrification have been
elucidated®®86%70  the ecophysiology of denitrifying organisms is poorly understood. Many
denitrifying organisms do not contain all enzymes involved in denitrification. Instead,
denitrification is often segregated across several different species that require their interaction to
mediate the entire process’'. While the mechanisms behind this distributed metabolism are largely
unknown, recent studies have shown that cross-feeding of nitrite between two denitrifying bacteria
can eliminate intracellular enzyme competition between NAR and NIR for shared resources (e.g.
NADH, periplasmic space) and accelerate substrate consumption when nitrite has growth
inhibiting effects’?. In addition to metabolic segregation, the high diversity of organic carbon
substrates, including simple compounds (acetate), complex compounds (polysaccharides), and
decaying biomass, also contributed to niche differentiation among denitrifiers. This offers
considerable functional redundancy to stabilize denitrification processes in engineered

ecosystems, but also places additional complexity over their control.

1.2.5. Ecophysiology of anammox bacteria

Anammox bacteria catalyze the anaerobic oxidation of ammonia to nitrogen gas using nitrite as a
terminal electron acceptor. Five genera of anammox bacteria have been discovered to date that
belong to a deeply branching group of chemolithoautotrophic bacteria within the Planctomycetes,
the Brocadiales. These include Kuenenia, Brocadia, Anammoxoglobus and Jettenia commonly
found in freshwater and wastewater treatment systems, and Scal/indua commonly found in marine
environments. Because anammox bacteria do not exist in pure culture, they all have ‘Candidatus’

status and must be grown in laboratory enrichments, such as membrane bioreactors’>.
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The catabolism and cell biology of anammox bacteria has received the most intensive study
to date. The anammox cell plan consists of a proteinaceous surface layer as the outermost
component, as well as a periplasm, a cytoplasm, and an intracellular organelle called the
“anammoxosome”. The anammoxosome is the location where the anammox reaction occurs and
is surrounded by a densely-packed ladderane lipid membrane that is unique to anammox bacteria’.
The oxidation of ammonium to dinitrogen gas is catalyzed by 3 key enzymes’>’6. Nitrite is first
reduced to the intermediate nitric oxide via nitrite reductase (NIR) in K. stuttgartiensis’, or to
hydroxylamine by an unknown enzyme in Brocadia spp.’®. The produced nitric oxide (or
hydroxylamine) and ammonia are then combined to form hydrazine via a comproportionation
reaction catalyzed by hydrazine synthase (HZS)"°. Oxidation of the intermediate hydrazine is then
catalyzed by hydrazine dehydrogenase (HDH), where the produced electrons are recycled back
through the quinone pool and cytochrome bc/ complex to the first reactions (NIR and HZS),
conserving energy via proton motive force generation”’”-78,

For growth, anammox bacteria are proposed to fix CO» via the Wood-Ljungdahl pathway
based on measurements of cell carbon isotopic composition, genomic evidence, and gene
expression data’’-’%7°, This requires low potential electrons from NADPH and reduced ferredoxin,
which are produced by anammox bacteria via the oxidation of nitrite to nitrate catalyzed by NAR.
Because the reduction potential of nitrite (+0.43V) sits much higher than NADPH (-0.32V) and
ferredoxin (-0.43V), reverse electron flow is required to generate reducing equivalents. This is
presumably driven by proton motive force consumption at the cytochrome bc/ complex, NADH
dehydrogenase complex I, and the recently discovered RNF complex in anammox bacteria®.

In addition to their chemolithoautotrophic lifestyle, anammox bacteria have been observed

to be capable of using simple organic substrates for energy conservation, including acetate,
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propionate, and formate’8. It has been proposed that these substrates are fully oxidized to CO, and
not assimilated directly into biomass’. However, details of the metabolic networks driving

mixotrophy in anammox bacteria remain poorly understood.

1.2.6. Metabolic interactions between functional guilds

Within the nitrogen cycle, multiple opportunities exist for cooperation and competition between
the different functional guilds. In particular, nitrite represents a central node when interactions
converge, as nitrite is a substrate for nitrite oxidation, denitrification, nitrite reduction to ammonia,
and anammox, and a product of ammonia oxidation and nitrate reduction (Figure 1.1). In
engineered ecosystems, balancing these interactions to achieve stable and efficient nitrogen
removal is the biggest challenge, especially since most of the organisms involved and the factors
modulating their cooperation and competition remain poorly characterized.

An example that illustrates the complexity of these factors are PNA systems (Figure 1.3).
Here, anammox bacteria must cooperate with aerobic AOB to obtain nitrite, while also
outcompeting NOB and denitrifying bacteria that additionally use nitrite as a substrate.
Environmental variables, such as oxygen, organic substrate availability, temperature, and pH, as
well as physiological variables such as substrate affinities, enzyme kinetics, and spatial
organization properties (e.g. cell cluster size) all have large impacts on interaction outcomes. So
does the exchange of carbon metabolites between species, which largely remains a black-box. This
underlines the need for a more systematic approach to predict the interactions and functions
occurring in nitrogen cycling microbiome and to drive further bioprocess engineering

advancements.
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Figure 1.3 Microbial interactions occurring in single-stage PNA systems. Anammox bacteria
cooperate with AOB via nitrite exchange but compete with heterotrophic bacteria and NOB
for nitrite. “?” denotes unknown carbon exchange between autotrophic and heterotrophic
bacteria.

1.3 A systems biology approach for unmasking nitrogen cycle metabolic networks

Translating scientific understanding of nitrogen cycling microbiomes into actionable engineering
will require a systems biology approach that links molecular-level processes to ecosystem-level
functions. This involves predicting how an individual microorganism’s phenotype (or function)
emerges from its metabolic network, while also predicting how ecosystem-level functions emerge
from microbe-microbe interactions®'. To create such a framework, quantitative methods from
systems biology that enable the reconstruction and analysis of metabolic networks occurring in
microbiomes are needed. This includes combining multi-omics tools (metagenomics,
metatranscriptomics, metaproteomics, metabolomics) together with isotope tracing techniques and

genome-scale metabolic modeling (Figure 1.4).
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Figure 1.4 Systems biology workflow for metabolic reconstruction and analysis of
microbiomes. Isolate genomes are obtained from pure cultures or metagenome-assembled
genomes (MAGs) are recovered via binning. Draft metabolic networks are generated via
automated reconstruction tools (e.g. KBase®?) based on genome annotations follow by
manual curation against metabolism databases (e.g. MetaCyc®’) and biochemical literature.
Resulting metabolic models are then validated against physiology data and integrated with
multi-omic and fluxomic data to predict microbiome functions and interactions.

1.4 Research Needs

To improve the functional predictions of nitrogen cycling microbiomes in PNA systems, a
systematic understanding of their metabolic versatility and interactions is needed. While
understanding the metabolic interactions between anammox bacteria, AOB, and NOB in PNA
systems has produced several strategies to manage these guilds in situ®*®6, the function of
heterotrophic organisms that can represent up to 50% of the relative community abundance remain
largely uncharacterized®”-%. Clarifying their function and interactions in PNA microbiomes could

offer new insights for process control. Additionally, the autotrophic and mixotrophic metabolic
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networks driving the anabolism of anammox bacteria and Nitrospira-affiliated NOB have not been

experimentally resolved beyond genome-based predictions>®’’. Elucidating this could provide

mechanisms underlying their observed metabolic versatility and may also inform PNA reactor

organic carbon feeding strategies. Finally, genome-scale metabolic models that predict the

function of nitrogen cycling microbiomes are needed to provide a framework for the hypothesis-

driven understanding and optimization of PNA systems.

1.5 Research Objectives and Thesis Outline

Based on the knowledge gaps identified above, the chapters presented in this dissertation set out

to address the following objectives:

1.

Identify the metabolism and interactions of heterotrophic organisms in PNA bioreactors
using genome-centric metagenomic and metatranscriptomic analysis.

Quantify the autotrophic and mixotrophic metabolic networks of the anammox bacterium
Kuenenia stuttgartiensis and the NOB Nitrospira moscoviensis using '3C isotopic
nonstationary metabolic flux analysis.

Reconstruct genome-scale metabolic models for anammox, comammox, and NOB
bacteria.

Predict the environmental variables and mechanisms controlling interactions between
comammox and anammox bacteria using dynamic flux balance analysis.

Synthesize common principles and best practices for engineering microbiomes into a
design-build-test-learn cycle that can be used to harness microbiomes for broad

applications.
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In Chapter 2, we reconstructed the metabolism of a sidestream anammox bioreactor
containing anammox bacteria and a diverse group of heterotrophic bacteria and profiled their gene
expression using metatranscriptomics. We showed that heterotrophic bacteria in the community
contain distributed pathways for denitrification and that the most abundant heterotroph may reduce
nitrate produced by anammox bacteria back to nitrite, forming a nitrate-nirtite loop. We also show
that heterotrophic bacteria in the community likely use amino acids and peptides derived from
anammox bacteria as a carbon and energy source, which may be acquired through the extracellular
polymeric matrix or cell decay.

In Chapter 3, we experimentally resolved the autotrophic and mixotrophic metabolic
networks of the anammox bacterium “Candidatus” Kuenenia stuttgartiensis using time-series '*C
isotope tracing, metabolomics, and isotopically non-stationary metabolic flux analysis. We show
that K. stuttgartiensis operates an oxidative TCA cycle, despite the genome not encoding a known
citrate synthase. We also elucidate the metabolic networks driving formate and acetate utilization,
offering mechanistic insights underlying the observed versatility and mixotrophy of anammox
bacteria.

In Chapter 4, we build a genome-scale metabolic model of the NOB Nitrospira
moscoviensis and use flux balance analysis to evaluate the metabolic networks used during
chemolithoautotrophic growth and growth on formate. We then perform '*C-tracer experiments
with bicarbonate and formate coupled to metabolomics and isotopically nonstationary metabolic
flux analysis to experimentally validate model predictions. We experimentally verify that M.
moscoviensis uses the reductive tricarboxylic acid cycle for CO> fixation and also show that M.
moscoviensis can indirectly use formate as a carbon source by oxidizing it to CO» followed by

reassimilation via the reductive tricarboxylic acid cycle.
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In Chapter 5, we use insights gained from Chapters 3 and 4 to reconstruct genome-scale
metabolic models for the anammox bacterium Brocadia sinica and the comammox bacterium
Nitrospira nitrosa and simulate their interactions using genome-scale dynamic metabolic
modeling. We show that when the ammonia uptake flux is limiting, comammox Nitrospira
perform complete nitrification and no nitrite is produced to support anammox bacterial growth.
However, when the oxygen uptake flux is limiting, comammox bacteria only oxidize ammonia to
nitrite, which can be coupled with anammox for the complete removal of ammonia to nitrogen gas.
Using metagenomics and metaproteomics, we further show that heterotrophic bacteria in the
community are likely denitrifiers that express transporters for amino acid and peptide substrates
possibly produced by anammox and comammox bacteria, which provides an independent
observation of the interaction mechanism identified in Chapter 2.

In Chapter 6, we create a vision for engineering microbiomes using a design-build-test-
learn cycle, focusing on generalizable approaches, including top-down and bottom-up design
processes, synthetic and self-assembled construction methods, and emerging tools to analyze
microbiome function. Key challenges and opportunities of each approach are discussed and
synthesized into best practice guidelines for engineering microbiomes.

In Chapter 7, we provide a summary of the major conclusions from the dissertation work

and outline future research directions.
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2.0 Abstract

Microbial communities mediating anaerobic ammonium oxidation (anammox) represent one of
the most energy-efficient environmental biotechnologies for nitrogen removal from wastewater.
However, little is known about the functional role heterotrophic bacteria play in anammox
granules. Here, we use genome-centric metagenomics to recover 17 draft genomes of anammox
and heterotrophic bacteria from a laboratory-scale anammox bioreactor. We combine metabolic
network reconstruction with metatranscriptomics to examine the gene expression of anammox and
heterotrophic bacteria and to identify their potential interactions. We find that Chlorobi-affiliated
bacteria may be highly active protein degraders, catabolizing extracellular peptides while recycling
nitrate to nitrite. Other heterotrophs may also contribute to scavenging of detritus and peptides
produced by anammox bacteria, and potentially use alternative electron donors, such as H», acetate,
and formate. Our findings improve the understanding of metabolic activities and interactions
between anammox and heterotrophic bacteria and offer the first transcriptional insights on

ecosystem function in anammox granules.

2.1 Introduction

Microbial communities mediating anaerobic ammonium oxidation (anammox) represent one of
the most energy-efficient environmental biotechnologies for nitrogen removal from wastewater.
The process is typically used to treat high strength ammonium wastewaters and offers significant
cost savings compared to conventional nitrogen removal processes that require energy-intensive
aeration for nitrification and also consume large quantities of organic carbon during
denitrification'. In practice, anammox-based wastewater treatment systems are combined with a

nitritation step in either a single-stage® or two-stage bioreactor system?®. In these engineered
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ecosystems, a fraction of the ammonium is first oxidized to nitrite by aerobic ammonia oxidizing
bacteria (AOB). Subsequently, anammox bacteria anaerobically oxidize the remaining ammonium
directly to nitrogen gas using the produced nitrite as a terminal electron acceptor®>.

Five genera of anammox bacteria have been discovered to date, including Kuenenia,
Brocadia, Anammoxoglobus and Jettenia commonly found in activated sludge, and Scalindua
commonly found in marine environments®. These lineages all have ‘Candidatus’ status as they do
not exist in pure culture and must be grown in laboratory enrichments. Because anammox bacteria
have a slow growth rate’, either biofilm reactors that use carrier media or granular sludge reactors
are used to retain sufficient biomass in the system®. Such reactor configurations support the
formation of dense microbial communities that can be readily separated from the liquid wastewater
and enriched in the bioreactor. Anammox granules consist of a mixture of cell aggregates and
abiotic particles embedded within a matrix of organic extracellular polymeric substances
(EPS)*!%! EPS present in anammox granules has been found to contain high amounts of protein
and polysaccharides, where increased hydrophobic amino acid content has been observed to be a
main factor determining granule aggregation ability!'. The high aggregate density also serves to
limit oxygen diffusion into the granule interior, allowing for the proliferation of anammox and
other anaerobic bacteria.

While most studies have focused on understanding the ecophysiology of anammox

bacteria*®12

and their interactions with autotrophic nitrifying bacteria'3, little is known about the
activity of heterotrophic bacteria in anammox bioreactors. Previous studies based on 16S
ribosomal RNA (rRNA) gene clone libraries and amplicon sequencing have shown that

heterotrophic bacteria affiliated with the phyla Chlorobi, Bacteroidetes, Chloroflexi, and

Proteobacteria comprise a large fraction of the microbial community in anammox
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bioreactors!#10:13

. Despite differences in bioreactor influent composition, these heterotrophic
bacteria appear to share high phylogenetic similarity across different anammox wastewater
treatment systems'®, suggesting that a more universal interaction exists between them and
anammox bacteria.

The exact role of heterotrophic bacteria in anammox systems has not yet been determined,
though a few clues have been uncovered. A recent metagenomic study revealed that most of the
heterotrophic organisms in anammox granules encode the ability to respire nitrate via partial
denitrification, possibly completing a nitrite loop with anammox and nitrite oxidizing bacteria
(NOB) by reducing nitrate back to nitrite'® . This activity could contribute to the removal of excess
nitrate produced from the system during anammox growth or nitrite oxidation by NOB. Hydrolysis
of EPS into soluble compounds and/or the secretion of soluble microbial products by anammox
bacteria during cell growth is believed to support denitrification and heterotrophic growth,
particularly for anammox bioreactors that receive no external organic carbon substrates!”!3.
However, the specific metabolite exchange reactions promoting interactions between
heterotrophic and anammox bacteria remain poorly understood.

Here, we combine metagenomic and metatranscriptomic data to examine the gene
expression of anammox and heterotrophic bacteria in a laboratory-scale anammox bioreactor and
to identify their potential interactions. Metagenomic binning was used to recover near-complete
population genomes from members of the microbial community inhabiting anammox granules.
Resulting population genomes were used to reconstruct each organism’s metabolic network and
served as reference platforms for the profiling of gene expression at the community scale. We find
that Chlorobi-affiliated bacteria may be highly active protein degraders, catabolizing extracellular

peptides bound in the EPS matrix, while respiring nitrate produced during anammox bacterial
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growth to nitrite. Other heterotrophic bacteria may also contribute to the scavenging of detritus
and peptides produced by anammox bacteria, and potentially use alternative electron donors, such
as H», acetate, and formate to fuel their energy metabolism. These findings improve the
understanding of major metabolic activities and interactions occurring between anammox and
heterotrophic bacteria and offer the first transcriptional insights on ecosystem function in

anammox granules.

2.2 Results

2.2.1 Metagenomic sequencing and binning

Sequencing of whole community DNA extracted from two separate biomass samples yielded a
total of 41,063,036 reads after quality filtering (Table 2.1, Table 2.2). Co-assembly of the resulting
reads using CLC Genomics Workbench generated a total of 83,770 contigs with an N50 of 2,376
bp and an N20 of 20,848 bp, accounting for 96% of the quality filtered DNA reads obtained from
the second sampling event (Table 2.3). Approximately 74% of the quality filtered mRNA reads
could be mapped to this assembly, indicating that it also captured a large proportion of the
metatranscriptome. Contigs were subsequently binned into population genomes based on
tetranucleotide frequency and differential coverage using MetaBAT. This resulted in the recovery
of 17 draft metagenome-assembled genomes (MAGs) affiliated with the phyla Planctomycetes,
Chlorobi, Bacteroidetes, Chloroflexi, Proteobacteria, and the candidate phylum Microgenomates
(OP11) (Table 2.1). Together, these genomes accounted for approximately 82% and 59% of the
total quality filtered DNA and mRNA reads obtained from the biomass samples, respectively, and
therefore represented a major fraction of the microbial community present in the granular sludge

reactor (Table 2.3).
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Figure 2.1 shows a phylogenetic tree of the recovered population genomes based on the
protein sequences of 37 conserved bacterial marker genes. Many of the recovered genomes,
particularly CHB1 and CFXS5, had high similarity to genomes recently recovered from a single-
stage reactor that were shown to share high 16S rRNA gene similarity to organisms detected in
other anammox systems!®. Surprisingly, the Chlorobi CHB1 genome was virtually identical to the
Chlorobi OLB4 genome recovered by Speth et al.!®, sharing an average nucleotide identity (ANI)
of 99.8% despite the significant differences in reactor operation (two-stage versus single-stage),
wastewater influent composition (potato-processing wastewater versus anaerobic digester filtrate),

and geographical location (USA versus Netherlands) (Supplementary Data 1).

Table 2.1 - Metagenomic and metatranscriptomic sequencing statistics.

Sample DNA 09 04 13 S1 DNA 09 09 15 RNA 09 09 15
total reads 4,123,584 45,715,259 22,056,078
filtered reads 4,116,701 36,946,335 18,437,366
merged reads 1,816,852 34,274,103 11,068,638
merged length 300-590 125-240 125-240
mRNA - - 8,780,658
rRNA - - 2,287,980
Description MiSeq metagenome HiSeq metagenome HiSeq metatranscriptome
BioSample No. SAMNO05785373 SAMNO05785375 SAMNO05785376

2.2.2 Microbial community abundance and gene expression

We used the reads per kilobase per million mapped reads (RPKM) values for metagenomic reads
and transcripts that mapped to each MAG as proxies for relative abundance and gene expression,
respectively (Figure 2.2). A summary of the metatranscriptomic sequencing statistics and read
mapping can be found in Table 2.3. Overall, gene expression corresponded with abundance in the

anammox granules. Genomes affiliated with Brocadia (AMXT1) and Chlorobi (CHB1) dominated
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the abundance and gene expression of the microbial community in the anammox granules (Figure
2.2). AMXI1 had a relative abundance and gene expression of approximately 62% and 54%,
respectively whereas CHB1 had a relative abundance and gene expression of approximately 21%
and 26%, respectively. Other organisms that displayed moderate abundance and gene expression
in the anammox ecosystem were affiliated with the phyla Chlorobi, Bacteroidetes, Chloroflexi,
and Proteobacteria (Figure 2.2). Interestingly, several low abundance genomes were also observed
to be particularly active based on gene expression (i.e. PRO1, PRO2, PLAL1), as has been

previously observed in other activated sludge ecosystems'.

2.2.3 Metabolic reconstruction of microbial community

To examine the functional potential and gene expression of the anammox community, ORFs were
predicted and annotated across each MAG. Subsequently, mRNA transcripts were mapped against
all ORFs to identify functions that were highly expressed by the community during steady-state
bioreactor operation (Supplementary Data 2). Metabolic pathways were then reconstructed for
each of eight near-complete MAGs that displayed high abundance and/or gene expression in the
community (>0.5%) using MetaPathways 2.5%°. A complete list of the inferred pathways and

associated enzymes of each MAG can be found in Supplementary Data 3.

2.2.4 Anammox metatranscriptomic insights

As expected, genes involved in anammox metabolism from AMX1 were among the highest genes
expressed in the community (Supplementary Data 2). Most notably, UTAMXI1 1243,
UTAMXI1 1246, and UTAMXI1 1249 annotated as hydrazine dehydrogenase (hdh),
hydroxylamine oxidoreductase (hao), and hydrazine synthase subunit A (hzsA) were highly

expressed, maintaining 10-20 fold coverage above median gene expression levels in the AMX1
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genome (Figure 2.3). Six other hao-like genes were also identified in the AMX1 genome and
displayed above median gene expression levels. Reciprocal best-BLAST searches confirmed that
these genes were orthologous to hao-like genes from publically available anammox genomes
(Figure 2.3). Among the Hao-like proteins, UTAMXI1 1246 had the highest gene expression,
suggesting it played an important role in anammox metabolism. This gene is orthologous to
previously characterized Hao proteins from ‘Ca. Kueneia stuttgartiensis’ (kustc1061)°2!, ‘Ca.
Brocadia anammoxidans’®?, and ‘Ca. Jettenia caeni’®’, which have been shown to oxidize
hydroxylamine to nitric oxide and were also observed to be among the most abundant proteins
expressed in these organisms. Phylogenetic analysis showed that AMX1 was closely related to
both ‘Ca. Brocadia sinica’?** and ‘Ca. Brocadia fulgida’® (Figure 2.1). Similar to ‘Ca. B. sinica’,
neither nirK nor nirS were found in the AMX1 genome. This is consistent with the recently
proposed hydroxylamine-dependent anammox mechanism in ‘Ca. B. sinica’ that first reduces
nitrite to hydroxylamine (instead of nitric oxide), and subsequently converts hydroxylamine and
ammonium to hydrazine?® (Figure 2.3). It has been proposed that Hao-like proteins lacking a
crosslinking tyrosine in the c-terminus may be involved in the initial nitrite reduction reaction to
either nitric oxide® or hydroxylamine?®®, for which an enzyme has not yet been identified. The hao-
like genes UTAMX1 1996, UTAMXI1 1759, and UTAMXI1 1192 expressed in the AMX1

genome that lack a crosslinking tyrosine might fulfill this role (Figure 2.3).
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Figure 2.1 - Phylogenetic tree of all recovered draft genomes from the anammox bioreactor.
Tree includes metagenome-assembled genomes recovered from this study (red) and closely
related genomes downloaded from the NCBI genome repository. GenBank accession
numbers for each genome are provided in parentheses. Branch node numbers represent
bootstrap support values. The tree was constructed using RAXML based on a set of 37
concatenated universal single-copy marker genes.
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Figure 2.2 - Abundance and gene expression of organisms represented by the MAGs
recovered from the anammox bioreactor. Abundance and gene expression estimates were
based on RPKM values of metagenomic reads and transcripts that mapped to each MAG,
respectively. See Table 2.3 for mapping details.
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Figure 2.3 - A. Expression of genes involved in the anammox metabolic pathway recently
proposed by Oshiki et al. (2016). Genes: [1] unidentified HAO-like protein involved in nitrite
reduction, [2] hydrazine synthase subunit A, [3] hydrazine dehydrogenase, [4]
hydroxylamine oxidoreducase (kust1061 ortholog). Red text indicates gene expression values
(RPKM). B. HAO-like proteins identified in the UTAMXI1 genome. ‘Ca. B. sinica’ ortholog
shown in brackets. Red text indicates gene expression values (RPKM). Blue line indicates
cross-linking tyrosine residue.

2.2.5 Denitrification gene expression in anammox granules

All heterotrophic organisms in the anammox granules encoded capabilities for partial or full
denitrification (Figure 2.4). This was similar to a recent report from a single-stage reactor by Speth
et al.'® Genes involved in denitrification were highly expressed in the genomes, consistent with
oxidative phosphorylation coupled to nitrate respiration being a dominant form of heterotroph
energy metabolism in the anammox granules (Supplementary Data 2; Supplementary Data 4). All
heterotrophs expressed respiratory nitrate reductase genes (narGHIJ) that reduce nitrate to nitrite
and require the transport of nitrate into the cytoplasm (Figure 2.4; Supplementary Data 4).
However, it should be noted that the heme-containing membrane anchor subunit (narl) gene had

no detectable expression in CHB2 or CFX2, suggesting that this enzyme had low activity in these
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organisms. A periplasmic nitrate reductase (napABCGH) that does not contain a coupling site for
proton motive force (PMF) generation was also expressed by PRO2. Pathways for dissimilatory
nitrate reduction to ammonia (DNRA) via pentaheme nitrite reductase genes (nrfHA) were
expressed by the Chlorobi genome CHB2 and the Chloroflexi genome CFX2 (Figure 2.4;
Supplementary Data 4). Chloroflexi (CFX1, CFX2) and Proteobacteria (PRO1, PRO2) genomes
also expressed genes for the reduction of nitrite to nitric oxide, either through a copper containing
nitrite reductase (nirK) or cytochrome cd! nitrite reductase (nirS) (Figure 2.4; Supplementary Data
4). The reduction of nitric oxide to nitrous oxide, either through the cytochrome c-dependent nitric
oxide reductase (norBC) or the quinol-dependent nitric oxide reductase (norZ), was expressed by
the BCD1, CFX2, and PRO1 genomes. Finally, Chlorobi (CHB1, CHB2), Proteobacteria (PROI,
PRO2), and the Bacteroidetes (BCD1) genomes expressed genes capable of reducing nitrous oxide
to nitrogen gas via nitrous oxide reductase (nosZ). Together, these functions could facilitate a
nitrite loop with anammox bacteria or support complete denitrification, thus enhancing overall

nitrogen removal performance in the bioreactor.

2.2.6 Carbon and energy metabolism of heterotrophic bacteria

Figure 4 shows the gene expression profiles of major carbon and energy metabolic pathways across
the anammox community. Only two low abundance heterotrophic organisms, BCD1 and PRO2,
encoded known pathways for CO» fixation that would permit mixotrophic growth (Figure 2.5;
Supplementary Data 3). BCDI1 displayed above median gene expression of PEP carboxylase
(UTBCDI1 _1894), which allows CO; fixation into oxaloacetate (Supplementary Data 2); PRO2
displayed above median gene expression of Ribulose-1,5-bisphosphate carboxylase (RuBisCO,
UTPRO2 2197), which would permit CO; fixation via the Calvin-Benson-Bassham cycle (Figure

2.5; Supplementary Data 3). While all heterotrophs, except CHBI1, expressed genes encoding
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pyruvate:flavodoxin/ferredoxin  oxidoreductase (PFOR) and 2-oxoglutarate ferredoxin
oxidoreductase (KFOR) that are commonly implicated in the reductive TCA cycle, other key genes
of this pathway, such as ATP-citrate lyase and fumarate reductase, were missing from the
genomes. As PFOR and KFOR are known to participate in other metabolic pathways (for example,
KFOR may participate in the oxidative TCA cycle?’), it is likely that these genes are not used for

CO: fixation by heterotrophs in the community.
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state
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Figure 2.4 - Presence and expression of denitrification genes across the recovered
heterotrophic genomes. Purple arrows indicate gene presence. Color intensity represents
gene expression (log2 RPKM), based on mapping of metatranscriptomic reads to the
metagenomic assembly. An outlined white arrow indicates one or more enzyme subunits had
no detectable gene expression. A summary of genes involved in denitrification across the
recovered genomes can be found in Supplementary Data 4.

All organisms expressed genes involved in central carbon metabolic pathways, including

glycolysis/gluconeogenesis, glycogen synthesis/degradation, the TCA cycle, and the pentose
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phosphate pathway (PPP) (Figure 2.5; Supplementary Data 3). Surprisingly, the oxidative branch
of the PPP was completely missing in both Chlorobi bacterium genomes (CHB1 and CHB2),
suggesting that other enzymes are important for NADPH generation in these organisms. Genes for
the oxidative PPP were also confirmed to be missing from the closely related Chlorobi bacterium
OLB4 and OLB6 genomes'®, although they were present in the genomes of Ignavibacterium
album®® and Melioribacter roseus®®. An alternative route for NADPH generation in CHBI and
CHB3 is likely through NAD(P)" transhydrogenase’’, which transfers electrons from NADH to
NADP" and had above median gene expression in both genomes (Supplementary Data 2).

Genes encoding pathways for pyruvate fermentation to acetate and CO, via PFOR, phosphate
acetyltransferase (pta) and acetate kinase (ack) were expressed in the CHB2 and PRO2 genomes
(Figure 2.5; Supplementary Data 3). While these genes could facilitate ATP synthesis via substrate
level phosphorylation, it is also possible that the pta-ack reactions encoded by CHB2 and PRO2
are used for acetate consumption rather than production. These reactions form a lower affinity
pathway for acetate assimilation compared to the high-affinity acetyl-CoA synthetase (acs)
pathway?!. Under this scenario however, only PRO2 could use acetate as a sole carbon source
because it is the only genome that encodes the glyoxylate cycle (i.e., malate synthase and isocitrate
lyase). The AMP-forming acs gene was expressed in all genomes, whereas the ADP-forming acs
gene was expressed in CHBI1, CHB2, CFXI1, CFX2, and PRO2 (Supplementary Data 2;
Supplementary Data 3). Since these reactions are also reversible, with acetate formation resulting
in ATP conservation, it is unclear whether the acs and/or pta-ack acetate pathways expressed by

the microbial community are involved in acetate formation, acetate assimilation, or both.
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Figure 2.5 - Relative gene expression of major carbon and energy metabolic pathways
encoded by each MAG. Color intensity represents gene expression, based on mapping of
metatranscriptomic reads to the metagenomic assembly. Gene expression was relativized by
median RPKM values calculated across each open reading frame in a given MAG (see
Methods). A value of 1 equals median expression in a given genome. Yellow box indicates
pathway absence. Anammox metabolic pathway in the AMX1 genome had a relative
expression value of 15. See Supplementary Data 3 for a detailed summary of all
reconstructed metabolic pathways.

The CHB2 genome also expressed an eight-gene cluster (UTCHB2 2599 to UTCHB2 2606)
ferredoxin:NAD+ oxidoreductase (rnfCDGEAB) complex and two putative electron-bifurcating

hydrogenase gene clusters (hydABC) (UTCHB2 709-711 and UTCHB2 1049-1051). The Rnf
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complex could couple the formation of a proton gradient with ATP synthesis by oxidizing reduced
ferredoxin produced from the electron-bifurcating hydrogenase and/or PFOR?*2. This energy
conservation mode was also identified in the closely related 1. album®® and M. roseus*® genomes,
however no orthologs were detected in the CHB1 genome.

The ability to use Ho, sulfite, formate, ethanol, and other simple organic compounds as electron
donors could also support the energy metabolism of the community (Figure 2.5; Supplementary
Data 3). CHB2, CFX2, and PRO2 expressed genes encoding a NAD-dependent hydrogenase that
could be involved in H> oxidation. CFX2 also expressed genes encoding a formate hydrogenlyase
(FML) complex (UTCFX2 2421-2429) that directly links formate oxidation to H» production®3.
Organisms encoding the ability to use formate for energy conservation included CFX2 and PRO2
(Figure 2.5; Supplementary Data 3). These organisms expressed genes encoding NAD-dependent
formate dehydrogenase that catalyzes the oxidation of formate to CO,, donating electrons to
NAD+ that could be used to generate a PMF. PRO2 also expressed genes encoding formate
dehydrogenase O (FDH-O) (UTPRO2 1096 — UTPRO2 1099) that would donate electrons to the
quinone pool and could also be used for PMF generation®*. Because no organism encoded the
ability to produce formate via pyruvate formate lyase (PFL), it is possible that formate is made
available to the community via CO; reduction to formate by AMX1, which is the first step in CO»
fixation via the reductive acetyl-CoA pathway.

Unexpectedly, genes encoding aerobic respiration machinery were expressed by some
community members, despite the lack of oxygen in the bioreactor. CHB1, CFX2, and PRO2
expressed genes encoding a low-affinity aa3-type terminal cytochrome c¢ oxidases; CHB2
expressed a high-affinity cytochrome d ubiquinol oxidase gene (Figure 2.5; Supplementary Data

3). While this could allow these organisms to respire oxygen under aerobic conditions, it is also
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possible that these oxidases have evolved for protection against oxygen?®, perform some unknown
function, or are post-transcriptionally repressed. All organisms were also found to express genes
encoding superoxide dismutase (SOD) (Figure 2.5; Supplementary Data 3), which may

additionally function to protect against oxidative stress.

2.2.7 Amino acid and carbohydrate catabolism

The breakdown of EPS produced by anammox bacteria has been proposed to be a major organic

carbon source supporting heterotrophic growth in anammox granules'!!7

. In agreement with this,
genes encoding a wide range of peptidases were expressed in the heterotrophic genomes (Figure
2.6; Supplementary Data 5). In particular, CHB1 and CHB2 encoded many extracellular subtilisin-
like serine peptidases and metallopeptidases (Figure 2.6; Supplementary Data 5). These genes
were among the highest expressed ORFs in the genomes and may be involved with growth on
proteinaceous substrates®®37. Consistent with this function, the CHB1 and CHB2 genomes
expressed genes for the transport and catabolism of peptides and amino acids to central carbon
intermediates (Figure 2.6; Figure 2.7; Supplementary Data 2; Supplementary Data 3). This would
allow CHB1 and CHB2 to use amino acids as a carbon and energy source, in addition to direct
assimilation into protein biosynthesis. Interestingly, ranking of the amino acids according to their
biosynthetic cost*® revealed that all organisms in the anammox granules lacked catabolic pathways
for many amino acids with a high biosynthetic cost (Figure 2.7; Supplementary Data 3). This may
suggest that heterotrophic community members have been selected to preferentially degrade amino
acids that are less costly to synthesize, while directly incorporating more costly amino acids into

protein synthesis. Other heterotrophic genomes (BCD1, CFX1, CFX2, PRO2, and PRO1) also

expressed genes involved in the transport and degradation of amino acids (Figure 2.6; Figure 2.7,
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Supplementary Data 2). These organisms could potentially take advantage of substrates made

available by CHB1 and CHB2, or contribute to extracellular protein degradation as well.
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Figure 2.6 - Predicted peptidases and amino acid transporters recovered from the MAGs.
(A) Number (bubble diameter) and relative gene expression (bubble color intensity) of
selected peptidases possibly involved in EPS matrix protein degradation. Peptidases were
annotated against the MEROPS database®. The subcellular location (extracellular, outer
membrane, or peroplasm) of each peptidase was predicted using the subcellular localization
predictor (CELLO)%. A summary of all predicted peptidases can be found in Supplementary
Data 5. (B) Number (bubble diameter) and relative gene expression (bubble color intensity)
of amino acid and peptide transporters predicted across the recovered genomes.
Transporters were annotated against the transporter classification database (TCDB)”’ and
can be found in Supplementary Data 2.



47

Microbial community members also expressed diverse genes involved in the hydrolysis of
carbohydrate bonds (Supplementary Data 6). In particular, CHB2 and BCDI1 expressed many
ORFs encoding glycoside hydrolases, some which were predicted to be extracellular. The high
number of these genes in the CHB2 genome appeared to be a major function differentiating it from
the CHB1 genome, which had the lowest number of predicted glycoside hydrolyases in the
community (Supplementary Data 6). CHB2 expressed several genes that may act on glycosidic
bonds found in polysaccharides, whereas BCD1 expressed a range of glycoside hydrolase genes
that may use oligosaccharides, mucins, and glycolipids as substrates and play an important role in

carbohydrate breakdown for the community.

2.2.8 Vitamin and amino acid auxotrophy

Metabolite exchange of amino acids and vitamins is known to shape microbial community
assembly®. We observed that several of the abundant heterotrophic bacteria, namely CHBI,
CHB2, CFXI1, and CFX2, were missing pathways for the synthesis of many hydrophobic amino
acids (Figure 2.7; Supplementary Data 3). This was in contrast to the AMX1 genomes and other
heterotrophic genomes (BCD1, PRO1, PRO2) that expressed pathways for the synthesis of most
amino acids.

Several of the heterotrophic bacteria were also missing key genes involved in B-vitamin
biosynthesis. The CHB1, CHB2, and CFX2 genomes were missing key genes involved in thiamin
(vitamin B1) biosynthesis (thiamine-phosphate synthase and thiamine-monophosphate kinase),
biotin (vitamin B7) biosynthesis (Adenosylmethionine-8-amino-7-oxononanoate
aminotransferase and bioin synthase), and adenosylcobalamin (vitamin B12) biosynthesis
(cobalamin synthase and adenosylcobinamide-phosphate synthase) (Supplementary Data 3).

CFX1, BCDI, PRO2, and PROI1 also lacked key genes involved in adenosylcobalamin de novo
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synthesis. These genes were expressed in the AMX1 genome, suggesting that anammox bacteria
may support B-vitamin requirements for the community. Genes encoding thiamin ABC-type
transporters were expressed in the PRO1 and PRO2 genomes, whereas the CFX1, CFX2, PRO1,
and PRO2 genomes expressed ABC-type transporters for vitamin B12 (btuFCD) (Supplementary
Data 2). The AMX1 (UTAMXI1 2357), CHB1 (UTCHBI1 _731), CHB2 (UTCHB2 2713), and
BCD1 (UTBCD1 3076) genomes expressed genes encoding the TonB-dependent vitamin B12
transporter (btuB), which facilitates vitamin B12 translocation across the outer membrane and may

also be involved in uptake.
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Figure 2.7 - Relative gene expression of amino acid biosynthetic and degradation pathways
encoded by each MAG. Red color intensity represents gene expression, which was relativized
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by median RPKM values calculated across each open reading frame in a given MAG. A value
of 1 equals median expression. Top, middle, and bottom panels separate amino acids by
hydrophilic, hydrophobic, and special structured side chains, respectively. Bracketed
numbers rank the metabolic cost of amino acid biosynthesis based on values reported by
Akashi and Gojobori’, with 1 being the most costly.

2.3 Discussion
The integration of metagenomic and metatranscriptomic sequencing allowed us to examine gene
expression and microbial interactions in a lab-scale anammox community at the ecosystem-scale.
Our results revealed that anammox bacteria affiliated with Brocadia (AMX1) and heterotrophic
bacteria affiliated with Chlorobi (CHB1) dominated the abundance and gene expression of the
anammox granule community. Other less abundant heterotrophic bacteria affiliated with
Chloroflexi, Bacteroidetes, and Proteobacteria also displayed significant gene expression that may
contribute to ecosystem function. The high similarity between these genomes and the genomes
recently recovered from a single-stage anammox reactor! suggests that a core microbiome exists
in anammox-based wastewater treatment systems, despite differences in reactor operation and
influent wastewater composition.

Remarkably, the CHB1 genome was nearly identical to the Chlorobi bacterium OLB4
genome recovered by Speth et al'® (99.8% ANI) that achieved the second highest abundance in a

full-scale partial-nitritation anammox reactor from the Netherlands!®4

, suggesting that this
organism interacts consistently with Brocadia sp. in anammox-based wastewater treatment
systems. Figure 2.8 summarizes the major metabolic interactions proposed between AMX1 and
CHBI in anammox granules, based on the metabolic reconstruction and gene expression results

obtained in this study. We posit that the ecological role of CHB1 in anammox granules is to

degrade and catabolize extracellular peptides bound in the EPS matrix, while respiring nitrate
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produced during anammox bacterial growth to nitrite. This is supported by the high gene
expression of respiratory nitrate reductase and extracellular peptidases in the CHB1 genome, as
well as transporters and genes involved in amino acid catabolism. Interestingly, the CHB1 genome
lacked catabolic pathways for amino acids that carry a high biosynthetic cost, suggesting that less
costly amino acids (e.g., glutamine) may be preferentially used as carbon and energy sources by
heterotrophic bacteria in anammox granules. Such preferential degradation of amino acids has also
been observed in anoxic water columns with sinking particulate organic carbon*!.

Because CHBI1 lacks many pathways for amino acid biosynthesis, it is likely that peptide
and amino acid substrates used as carbon and energy sources originate from Brocadia sp., which
derives carbon via CO; fixation and expressed pathways for the synthesis of nearly all amino acids
(Figure 2.7). This is consistent with '*C-bicarbonate tracer experiments that showed heterotrophic
bacteria in anammox bioreactors fed with no external organic carbon compounds degraded and
utilized cellular components produced by anammox bacteria*’. The high transcript abundance of
CHBI1 in the metatranscriptome (25% relative community expression) also suggests that
proteolysis by this organism is a significant component of carbon flux in anammox granules,
possibly making amino acids available to other microbial community members. The number and
high gene expression of amino acid transporters across the other heterotrophic genomes supports
this interaction, suggesting that protein degradation by CHBI may be a significant contributor to
community assembly in anammox granules, similar to particle degrading taxa in marine
ecosystems®. It is also possible that Brocadia sp. supply B-vitamins to members of the microbial
community, based on the expression of key genes involved in their biosynthesis and auxotrophies
present across the heterotrophic genomes. The exchange of B-vitamins has been postulated to

shape the structure and function of some microbial communities, such as those harboring the
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human gut**. The specific role vitamin exchange plays in shaping anammox community
interactions currently remains unknown, and should therefore be investigated further in future
studies. The oxidization of amino acids coupled to the reduction of nitrate to nitrite by CHB1
would serve to enhance overall nitrogen removal in the ecosystem through the completion of a
nitrite loop with Brocadia sp., as proposed by Speth et al.'® Amino acid catabolism by CHBI
would also result in the release of ammonia, allowing it to be removed from the system by
Brocadia sp., thus further enhancing overall nitrogen removal. It is also possible that nitrate
reduction to nitrite by CHBI and other heterotrophic organisms helps stimulate anammox
metabolism. Recent microsensor studies have shown that nitrite concentrations can become
limiting in the interior of anammox granules®. Therefore, the ability of CHBI1 to rapidly recycle
nitrate back to nitrite may be critical for supporting anammox growth, which is required for their
own proliferation.

In addition to a nitrite loop, heterotrophic bacteria in anammox ecosystems may facilitate
complete denitrification, either alone or based on metabolite exchange of denitrification
intermediates with other organisms. Indeed, the segregation of denitrification intermediates across
different organisms has been shown to reduce the accumulation of growth-inhibiting metabolites
(e.g. nitrite) and potentially accelerate denitrification rates*®. The close spatial association of
organisms in anammox granules may encourage such a distributed metabolic network*”*®, While
complete denitrification would also serve to remove nitrogen from the ecosystem, it may
potentially be detrimental to anammox bacterial growth because it would consume nitrite, rather
than make it available for Brocadia sp. Specifically, the heterotrophic organisms capable of using

nitrite as an electron acceptor (CHB2, CFX1, CFX2, PROI1, PRO2) via nitrite reductase (NirK/S
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or NrfHA) may compete with Brocadia sp., similar to nitrite oxidizing bacteria (NOB) in single-

stage partial nitritation-anammox bioreactors.

+ - Electron
e W g N, NO MaH K transport W' HO o H
7 T 1 yt ox ===ATPas \
N NH,* NH 7 g
‘ 0,H,0 ADP ATP|
NO & NO.-
3
CO, fixation NO; NO, NO,
s 2 2
(Wood-Ljungdahl) I “Nitrii . I Non-oxidative
itrite Nitrogen
CO} g co, G1P Anammoxosome f ” g G1P PPP
l oop transporters
Oxidative PPP
Formate P ————Ru5P © G6P F6p S7P RSP
& .g I — Sup- Vitamin m=c >=p- g1 >< ><
-CHO- 23 X5P N, R5P — His B12 Protein 3
10-CHO-THF @ S FeP X e synthesls ?, S'Fe 4P G3P XSP
S ] I GAP ¥ 2s7p Non-oxidative Trp 25 I
510-CH=THF = § F8p PPP Extracellular b b S Srep[ xsp
Gg I F6P “ “E4P — Phe Protein 56 I
T e
5,10-CH,-THF G3P —Ser—Cys, Gly T;’? Degradation AA (e.g.Trp) Gar
CHTHF  CO, PEP Oligopeptides, PEP
l l I Dipeptides I Thr Gly
CH,-CoFeSP CO P)f—»VaI—vAla, lle, Leu r) pfnf Ala Cys
Acetyl-CoA Acetyl-CoA
— | Asn " “ Asp —
Thr < Asp - Asn —
g Met(?) Oxaloacetate Oxaloacetate ACAC-CoA o
Lys I
s Amino acid m B
% Fumarate C’Z;lc;’;e transporters — % Fu marate C7:V il?e -5
S \ K6 BCA _) Matrix i \ \ His g
O Succinyl-w- yr Succiw- G A
9 \Glu —Pro Thr/ \Glu Pro ol
Ammo
o\ Arg GIn \_ GIn Arg J U

Figure 2.8 - Proposed metabolic interactions between Brocadia (AMX1) and Chlorobi
(CHB1) in anammox granules. AMX1 fixes CO:; and synthesizes amino acids and
extracellular polymeric substances (EPS). CHB1 degrades proteins bound in EPS using
extracellular peptidases and subsequently transports and catabolizes short peptides (circles)
to central carbon intermediates. Nitrite oxidation and reduction by AMX1 and CHBI,
respectively, results in a distributed nitrite loop. Purple arrows indicate nitrogen cycling;
orange arrows indicate carbon cycling; light blue arrows indicate vitamin B metabolite
exchange. Hatched ovals indicate peptidases. BCAA, branched-chain amino acids. The
presence of a periplasm has been ignored for clarity of the schematic.

Aside from proteinaceous substrates, many organisms in the anammox community were
capable of using other electron donors for energy conservation, including acetate, H», formate, or

simple organic compounds. It is possible that these substrates are produced during fermentation
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reactions and/or the breakdown of polysaccharide compounds present in the EPS. Chlorobi
organisms related to CHB2 may be the biggest contributor to this process, based on expression of
PFOR, hydrogenases, and ADP-forming ACS involved in H> and acetate production. The
availability of such substrates may contribute to niche differentiation by heterotrophs in the
community, while also providing additional reducing equivalents to fuel anammox metabolism*.
Nevertheless, oxidative phosphorylation coupled to nitrate respiration, rather than fermentation,
was found to be the main energy metabolism expressed across the heterotrophic genomes,
consistent with the high availability of nitrate and nitrite in the ecosystem. As such, the significance
of H and acetate metabolism in anammox granules still remains to be determined.

In conclusion, our combined approach of genome-centric metagenomics with
metatranscriptomics allowed us to obtain a much deeper understanding of ecosystem function in
anammox granules that has broad implications for anammox-based wastewater treatment. This
study provides a robust analysis of the metabolic networks underlying several poorly characterized
taxa frequently detected in anammox granules (Planctomycetes, Chlorobi, Bacteroidetes,
Chloroflexi, and Proteobacteria) and also sheds light on their potential ecological roles and
interactions. Our results implicate members of the Chlorobi affiliated with CHBI1 that are broadly
found in anammox granules as highly active protein degraders, possibly liberating amino acids
bound in the EPS matrix for themselves and other organisms in the community. These amino acids
likely originate from anammox bacteria, which also provide nitrate and potentially essential B-
vitamins to the community, supporting anaerobic respiration and growth. Other heterotrophic
community members also appear to contribute to the scavenging of detritus and peptides produced

by anammox bacteria, and may potentially use alternative electron donors, such as H», acetate, and
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formate. These substrates may be made available through the hydrolysis and fermentation of EPS
and detritus.

While further studies are still required to determine the specific niche space occupied by
members of the community, the metabolic characterization provided here advances our insight on
the ecological roles played by both anammox and heterotrophic bacteria in anammox granules.
The high expression of enigmatic functions by the community, including hypothetic proteins and
HAO-like proteins, together with our incomplete understanding of the biochemical pathways
underlying EPS biosynthesis, highlights the need for continued work on these novel and

industrially important ecosystems.

2.4 Methods

2.4.1 Bioreactor operation

A 5L continuously fed sequencing batch reactor (anammox bioreactor) has been operating in the
Goel Laboratory at the University of Utah for the past 6 years, achieving stable anammox
performance’®. The anammox bioreactor was originally inoculated with anammox biomass from
the City College of New York (Civil Engineering Department) that was enriched from activated
sludge. The bioreactor was fed with anaerobic digester filtrate obtained from the belt filter press
of a local wastewater treatment plant (CVWRF, Salt Lake City, UT). Prior to entering the
anammox reactor, the filtrate was first passed through a nitritation reactor, where approximately
half of the influent ammonia was oxidized to nitrite. The nitritation reactor had a working volume
of 2L with a hydraulic retention time of 1 day*°. Dissolved oxygen in the reactor was maintained
at 0.5+0.5 mg/L and bicarbonate present in the influent filtrate kept the pH buffered between 6.5-
8.5. The anammox bioreactor was operated at room temperature with a hydraulic retention

time (HRT) of 2 days and no biomass wasting, which encouraged the formation of dense granules.
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The pH of the anammox bioreactor was maintained at between 6.8-8.0 and the reactor contents
were completely mixed using a stir bar and gas sparging. Anaerobic conditions in the anammox
bioreactor were maintained by continuously purging a mixture of 95% nitrogen gas and 5% carbon
dioxide®®. Table 2 summarizes the process performance data of the nitritation and anammox

bioreactors during steady-state operation.

2.4.2 DNA and RNA sequencing

Two independent biomass samples were collected from the anammox bioreactor at different time
points during periods of high total nitrogen removal efficiency (> 80%). DNA was extracted
separately from each biomass sample to improve the recovery of metagenome-assembled genomes
(MAGs) and total RNA was extracted from the second biomass sample to examine steady-state
community gene expression. 500 mg of biomass was collected from the reactor, centrifuged at
4500 rpm for 5 minutes at 4°C to remove the supernatant, and instantly flash frozen in liquid
nitrogen. Total genomic DNA and RNA was extracted from biomass pellets using the
PowerMax™ Soil DNA Isolation Kit (MoBio Laboratories, USA) and the PureLink RNA mini kit
(Life Technology, NY), respectively, according to the manufacturers' protocols. Genomic DNA
was quality-checked using agarose gel electrophoresis and a Nanodrop ND-2000c (Thermo Fisher
Scientific, US). Following RNA extraction, residual genomic DNA was removed from total RNA
using an on-column PureLink DNase set (Life Technologies, NY). Total RNA quality and quantity
was subsequently checked using the Bioanalyzer RNA 6000 Nano Assay (Agilent, Santa Clara,
CA, USA) to ensure only high-quality nucleic acids were used for downstream analysis. 100ng of
total RNA was used to construct strand specific RNA-Seq libraries with the Encore® Complete
Prokaryotic RNA-Seq DR Multiplex System (NuGEN, San Carlos, CA). Non-rRNA in RNA-Seq

libraries were enriched by selective priming during the first strand cDNA synthesis reaction, as
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well as in the final library construction steps using manufacturer's protocols. DNA from the first
sample was sequenced on the Illumina MiSeq platform (Illumina, California, USA) to generate
300 bp paired-end reads (550 bp mean insert size). DNA and RNA from the second sample were
sequenced on the [llumina HiSeq 2000 platform to generate 125 bp paired-end reads (180 bp mean
insert size) at greater sequencing depth. All DNA and RNA sequencing was performed at the
Huntsman Cancer Institute (HCI), University of Utah. Raw DNA and RNA sequences can be
found on the National Center for Biotechnology Information (NCBI) website under BioProject

PRINA343219.

2.4.3 Metagenomic assembly and binning

Raw paired-end reads from the MiSeq and HiSeq platforms were initially filtered using Sickle
v1.33%! based on a minimum quality score of 20, a minimum sequence length of 100 bp, and
allowing for no ambiguous bases. Paired-end reads were then merged using FLASH v1.2.115? and
co-assembled using the de novo assembler of CLC Genomics Workbench v7.0.3 (CLCbio, Arhus,
Denmark) based on default parameters (word size = 20, bubble size = 50). The per-base coverage

depth across all contigs was calculated by mapping raw reads from each sample against the co-

assembled contigs using BBMap v35.92 (https://sourceforge.net/projects/bbmap/) with the
parameters ‘minid=0.95" and ‘ambig=random’. Resulting mapping files were subsequently used
by MetaBAT v0.26.3 to bin metagenomic contigs into draft genomes, based on the ‘sensitive’
parameters®?. CheckM v1.0.3°* was used to estimate the contamination and completeness of each
draft genome based on 111 essential single-copy marker genes®”. Draft genomes have been

deposited to GenBank under the accession numbers provided in Table 2.4.
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Table 2.4 - Metagenome-assembled genome DDBJ/ENA/GenBank accession numbers.

MAG BioSample GenBank Accession Organism

AMXI1 SAMNO06342761 MWTF00000000 Candidatus Brocadia sp. UTAMX1
AMX?2 SAMNO06342762 MWTE00000000 Candidatus Brocadia sp. UTAMX2
BCD1 SAMNO06342764 MWTC00000000 Sphingobacteriales bacterium UTBCDI1
CFX1 SAMNO06342765 MWTB00000000 Anaerolineae bacterium UTCFX1
CFX2 SAMNO06342766 MWTA00000000 Anaerolineae bacterium UTCFX2
CFX3 SAMNO06342767 MWSZ00000000 Anaerolineae bacterium UTCFX3
CFX4 SAMNO06342768 MWSY00000000 Chloroflexi bacterium UTCFX4
CFX5 SAMNO06342769 MWSX00000000 Anaerolineae bacterium UTCFX5
CHBI SAMNO06342770 MWSW00000000 Ignavibacteriales bacterium UTCHB1
CHB2 SAMNO06342771 MWSV00000000 Ignavibacteriales bacterium UTCHB2
CHB3 SAMNO06342772 MWSU00000000 Ignavibacteriales bacterium UTCHB3
CPR1 SAMNO06342775 MWSR00000000 Microgenomates bacterium UTCPR1
PLA1 SAMNO06342763 MWTDO00000000 Planctomycetes bacterium UTPLA1
PRO1 SAMNO06342773 MWST00000000 Polyangiaceae bacterium UTPRO1
PRO2 SAMNO06342774 MWSS00000000 Rhodocyclaceae bacterium UTPRO2

2.4.4 Phylogenetic analysis of recovered draft genomes

Phylogenetic analysis of the recovered draft genomes was accomplished using Phylosift v1.0.1,
based on a set of 37 universal single-copy marker genes®®. The taxonomic affiliation of each draft
genome was determined using the Phylosift ‘all” command. Marker genes were also identified in
33 publicly available genomes closely related to the recovered draft genomes and used to build a
phylogenetic tree. Marker genes were concatenated and aligned using Phylosift and a maximum
likelihood tree was generated using RAXML v8.2.4 with the automatic protein model assignment

algorithm (PROTGAMMAAUTO) and 100 bootstraps.

2.4.5 Genome annotation and metabolic reconstruction

Metabolic reconstruction of the recovered draft genomes was performed using MetaPathways

v2.5%. Briefly, open reading frames (ORFs) were predicted using Prodigal v2.0°7, based on a
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minimum nucleotide length of 60, and queried against the SEED subsystems (accessed March
2013), Clusters of Orthologous Groups (COG, accessed December 2013), RefSeq (accessed
September 2015), and MetaCyc (accessed October 2011) protein databases using the optimized
LAST algorithm (E value, E-6) for functional annotation®®. Contig nucleotide sequences were also
queried against the SILVA small subunit (SSU) 123 database to identify the taxonomy of
recovered 16S ribosomal rRNA (rRNA) genes. Annotated genomes were then used to reconstruct
the metabolic network of each organism using Pathway Tools and the MetaCyc database®.
Pathway/Genome Databases (PGDB) were created for each genome, where pathway inference was
based on a set of rules used by the Pathway Tools prediction algorithm Pathologic, including the
presence of all key reactions and the completeness of the reconstructed pathway®’. All inferred

pathways were then manually curated to verify predictions made by Pathologic.

2.4.6 Metatranscriptomic analysis

Metatranscriptomic reads were quality filtered and merged as described above. Subsequently,
rRNA sequences were filtered from the metatranscriptomic dataset using SortMeRNA v2.0, based
on multiple rRNA databases for bacterial, archaeal, and eukaryotic sequences®!. Resulting non-
rRNA reads were mapped back to all assembled metagenomic contigs using BBMap v35.92 with
the parameters ‘minid=0.95°, which specifies a minimum alignment identify of 95%
corresponding to the well-established criteria for identifying microbial species using average
nucleotide identify®? and ‘ambig=random’, which ensures reads with multiple top-scoring
mapping locations are assigned randomly to a single location. Read counts were calculated for
each predicted open reading frame (ORF) using htseq-count v0.6.1 with the ‘intersection strict’
parameter®® and normalized by sequencing depth and ORF length and expressed as reads per

kilobase per million mapped reads (RPKM) values®. This allowed for the profiling of gene



59

expression across the recovered draft genomes. Relative gene expression within each genome was
calculated by relativizing the expression (RPKM value) of each ORF by the median RPKM value
calculated across the genome. Pathway expression levels were calculated based on averaging the
RPKM values for each reaction in a given pathway. For reactions with multiple genes, the highest
expressed gene between multi-copy genes was selected, whereas the lowest expressed gene
between multi-gene enzyme complexes (e.g. hydrazine synthase, hzs4ABC) was selected.

The relative abundance and gene expression of the recovered genomes was calculated from
the total number of DNA or mRNA reads that mapped to the genome, divided by the genome

length (read count / genome size).

2.4.7 Carbohydrate hydrolase and peptidase identification

Carbohydrate hydrolases and peptidases potentially involved in the breakdown of EPS were
identified in each genome based on BLASTP searches against the CAZy (accessed September
2014)% and MEROPS release 10.0% databases, respectively. Manual searches were also
performed across all genomes based on gene annotations, and protein domains with hydrolytic
activity were subsequently confirmed based on queries against the NCBI’s Conserved Domain
Database (CDD)®” and Pfam database®® using MOTIF (http://www.genome.jp/tools/motif/). The
subcellular location of identified proteins was predicted using CELLO v2.5, which classifies
proteins using support vector machines trained by multiple feature vectors based on n-peptide

composition®.

2.4.8 Data availability statement

All data associated with this project can be found at the NCBI under BioProject PRINA343219.

[llumina HiSeq metagenomic data can be found under BioSample SAMNO05785375, Illumina
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MiSeq metagenomic data can be found under BioSample SAMNO05785373, and Illumina HiSeq
metatranscriptomic data can be found under BioSample SAMNO05785376. Annotated GenBank
files for the whole genome sequences (MAGs) described in this study can be found under accession

numbers listed in the Supplementary Information.

2.4.9 Supplementary Data

Supplementary Data 1. Genome comparison of the CHB1 and OLB4 genomes recovered from
the lab-scale reactor employed in this study and the Olburgen PNA reactor (Speth et al., 2016),
respectively.

Supplementary Data 2. Predicted open reading frame annotations and gene expression for each
MAG recovered from the anammox community.

Supplementary Data 3. MetaCyc pathway/genome database for each MAG recovered from the
anammox community.

Supplementary Data 4. Summary of genes and corresponding gene expression values (RPKM)
involved in denitrification across MAGs.

Supplementary Data 5. Summary of predicted peptidases across MAGs based on annotations
against the MEROPs database. * indicates peptidases identified using the CDD database or
MOTIF.

Supplementary Data 6. Summary of genes predicted to be involved in carbohydrate metabolism

based on annotations against the CAZy database.

Supplementary Information accompanies this chapter at http://www.nature.com/ncomms/
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3.0 Abstract

Anaerobic ammonium-oxidizing (anammox) bacteria mediate a key step in the biogeochemical
nitrogen cycle and have been applied worldwide for the energy-efficient removal of nitrogen from
wastewater. However, outside their core energy metabolism, little is known about the metabolic
networks driving anammox bacterial anabolism and mixotrophy beyond genome-based
predictions. Here, we experimentally resolved the central carbon metabolism of the anammox
bacterium Candidatus Kuenenia stuttgartiensis using time-series !’C isotope tracing,
metabolomics, and isotopically nonstationary metabolic flux analysis (INST-MFA). Our findings
confirm predicted metabolic pathways used for CO; fixation, central metabolism, and amino acid
biosynthesis in K. stuttgartiensis, and reveal several instances where genomic predictions are not
supported by in vivo metabolic fluxes. This includes the use of an incomplete oxidative
tricarboxylic acid cycle, despite the genome not encoding a known citrate synthase. We also
demonstrate that K. stuttgartiensis is able to directly assimilate formate via the Wood-Ljungdahl
pathway instead of oxidizing it completetly to CO, followed by reassimilation. In contrast, our
data suggests that acetate is fully oxidized to CO, via reversal of the Wood-Ljungdahl pathway
and partial TCA cycle activity, followed by reassimilation of the produced CO,. Together, these
findings highlight the versatility of central carbon metabolism in anammox bacteria and will enable
the construction of accurate metabolic models that predict their function in natural and engineered

ecosystems.

3.1 Introduction
Anaerobic ammonium oxidation (anammox) is a key step in the biogeochemical nitrogen cycle

and represents a novel treatment process for the sustainable removal of nitrogen from wastewater.
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The process is mediated by a deeply branching group of chemolithoautotrophic bacteria within the
Planctomycetes, the Brocadiales, that couple the anaerobic oxidiation of ammonium to nitrite
reduction and dinitrogen gas formation'>**, The discovery of this unique metabolism and
subsequent translation to full-scale applications represents one of the most rapid biotechnological
advances in wastewater treatment>%’. However, the metabolic networks controlling anammox
metabolism remain poorly understood, which limits the prediction of their function in natural and
engineered ecosystems.

Metagenomic sequencing together with experimental studies have begun to unravel the
metabolic potential of anammox bacteria>*®. A combination of molecular approaches have been
used to reveal the key enzymes and reactions involved in anammox catabolism, which include
hydrazine (N2H4) and nitric oxide (NO) as volatile intermediates in the anammox bacterium
Candidatus Kuenenia stuttgartiensis (hereafter, K. stuttgartiensis)*>*'°. These reactions are
localized within a specialized intracellular organelle, the anammoxosome, which is believed to be

dedicated to energy conservation'!!2

and also contains membrane-bound respiratory complexes of
K. stuttgartiensis’ electron transport chain, including complex I, ATP synthase, and an
NAD+:ferredoxin oxidoreductase (RNF)'?. Experimental studies together with genomic evidence
have also suggested that anammox bacteria are much more versatile than initially assumed, and
can use alternative electron donors to ammonium, such as formate, acetate, and propionate for
energy conservation with nitrite or nitrate as electron acceptors>®!41316.17 Intriguingly, it has been
proposed that these organic substrates are fully oxidized to CO; and not directly assimilated into
cell biomass, suggesting that anammox bacteria adhere to their autotrophic lifestyle*.

Based on measurements of cell carbon isotopic composition, genomic evidence, and gene

expression data, it has been proposed that anammox bacteria fix CO, to acetyl-CoA via the Wood-
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Ljungdahl pathway>*!%19,

Four additional carboxylation reactions are also predicted to
incorporate CO; into central carbon metabolism based on K. stuttgartiensis’ genome annotations,
catalyzed by pyruvate:ferredoxin  oxidoreductase = (PFOR), 2-oxoglutarate:ferredoxin
oxidoreductase (OFOR), pyruvate carboxylase, and phosphoenolpyruvate carboxylase?*. Products
from these reactions are proposed to flow through the tricarboxylic acid (TCA) cycle,
gluconeogenesis, and the pentose phosphate pathway to synthesize all biomass precursor
metabolites®>*. Since K. stuttgartiensis apparently lacks a citrate synthase gene, it has been
hypothesized that the TCA cycle operates in the reductive direction via OFOR to synthesize
essential precursor metabolites, such as alpha-ketoglutarate*. However, these genome-based
predictions of K. stuttgartiensis’ metabolic network remain to be tested.

Here, we experimentally resolved the central carbon metabolism of a planktonic K.
stuttgartiensis cell culture (more than 95% enriched) using time-series '3C isotope tracing,
metabolomics, and isotopically nonstationary metabolic flux analysis (INST-MFA). Our results
show that several of the metabolic predictions summarized above, which were primarily based on
genomic evidence, are not supported by the flux of metabolites experimentally observed. For
instance, K. stuttgartiensis operates an incomplete oxidative TCA cycle despite having no
predicted citrate synthase gene. We also demonstrate that K. stuttgartiensis is able to directly
assimilate formate via the Wood-Ljungdahl pathway instead of oxidizing it to CO, before
assimilation. On the contrary, we show that acetate is fully oxidized to CO> via a reversed Wood-
Ljungdahl pathway and a partial TCA cycle, followed by reassimilation of the produced COs,.
These findings highlight the versatility of carbon metabolism in K. stuttgartiensis and provide

fundamental insights on the metabolic networks controlling anammox bacterial anabolism.
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3.2 Results
3.2.1 Mapping anammox autotrophic metabolism.

To elucidate the central carbon metabolic network of K. stuttgartiensis under
chemolithoautotrophic growth conditions, we first performed time-series isotopic tracer
experiments with '*C-bicarbonate coupled to metabolomic analysis. Planktonic K. stuttgartiensis
cells were cultivated under steady-state conditions in a continuous-flow membrane bioreactor
using minimal media supplemented with ammonium and nitrite. Subsequently, *C-labelled
bicarbonate was rapidly introduced into the bioreactor to a concentration of 30 mM (approximately
65% '*C-dissolved inorganic carbon, DIC), which incorporated into K. stuttgartiensis’
metabolome over time. Samples were collected over a 3-hour period to trace metabolic network
structure based on rates of metabolite '*C-enrichment.

Based on proposed carbon assimilation pathways for anammox bacteria®*, we expected
that CO> fixation would largely occur through the Wood-Ljungdahl pathway and PFOR, resulting
in fast labelling of acetyl-CoA and pyruvate, followed by phosphoenolpyruvate and other
downstream  metabolites. However, despite the almost immediate labeling of
phosphoenolpyruvate, '3C-enrichment of acetyl-CoA and pyruvate was slow during the 3-hour
experiment (Figure 3.1a; Figure 3.1b). One hypothesis for this observation is substrate channeling,
where the product of one enzymatic reaction is directly passed to the next enzyme without
opportunity to equilibrate within the cytoplasm?’. Substrate channeling has been previously
reported as a mechanism to protect highly labile intermediates of the Wood-Ljungdahl pathway?!-??
or regulate acetyl-CoA biosynthesis?*, and in K. stuttgartiensis it could be combined with PFOR

to form a channel from CO; to phosphoenolpyruvate. An alternative explanation could be that

different pools of acetyl-CoA and pyruvate exist through compartmentation. For example, the
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Wood-Ljungdahl pathway and PFOR activities could occur in one compartment or specific
cytoplasmic location?*, where other pools of acetyl-CoA and pyruvate that do not get labelled exist
in another, diluting the overall '*C metabolite measurements. Consistent with the latter, amino
acids synthesized from pyruvate (i.e., valine, and alanine) showed faster labelling and higher '3C-
enrichment (Figure 3.1a; Figure 3.1b).

Acetyl-CoA and pyruvate are expected to enter the TCA cycle and gluconeogenesis to
produce biomass precursors. Since K. stuttgartiensis’ genome does not encode a citrate synthase
required to operate the oxidative TCA cycle, it is hypothesized that synthesis of key precursor
metabolites, including succinyl-CoA and alpha-ketoglutarate, occurs via the reductive direction®.
If this hypothesis is correct, we would expect to observe high '3C-labelling of oxaloacetate,
succinate, and alpha-ketoglutarate. While fast labeling of aspartic acid, which was used as a
surrogate for oxaloacetate labelling, implied high activity of phosphoenolpyruvate (or pyruvate)
carboxylase, '3C-labelling of succinate was much less and slower than the labelling of alpha-
ketoglutarate (Figure 3.1b; Figure 3.1c). This suggested that OFOR and other reductive TCA cycle
enzymes were not operating in K. stuttgartiensis to synthesize alpha-ketoglutarate.

Other biomass precursors are additionally predicted to be synthesized from
gluconeogenesis and the pentose phosphate pathway in K. stuttgartiensis®>. Consistent with this,
we observed fast '3C-labeling of the gluconeogenic intermediates 3-phosphoglycerate, fructose 6-
phosphate, and glucose 6-phosphate, as well as pentose phosphate pathway intermediates, such as
sedheptulose 7-phosphate and ribose S-phosphate (Figure 3.1b; Figure 3.1c; Supplementary

Dataset 1).



A Biomass
Val Ala
0? PEP 10] 10
0.8 0.8
@@@® Pyr— Val—Ala -
© 0.6 0.6
2€0, wLp FOCO B —
(@) AcCoA E 0.4 0.4
©,@ 0.2 0.2
Orc 0.0 0.0
TCA Cycle
Time
(000e] (o 0] T
Unlabelled  Fully labelled
AcCoA PEP
1.0 1.0 1.0 H
0.8 co 0.8 0.8
So0.64 L}o.e- 0.6
o
0.4 0.4 0.4 I
e
[T
0.2 0.2 0.2
o.o,......... 0.0 oottt LI
0% 92N ORP P O% 9B PORPPHP 9% 9 BNOPNHS
Time (min)
05 0.6
04
0.4
0.4
Metabolite Metabolite Metabolite
c PEP Asp 3PG
% AcCoA aKG GeP
© == Pyr = Glu - F6P
w > Val = GIn =+ PEP
< A2 5 < Suc < S7P
0.2
0.1
0.0 =¥ 0.0
0 3 5 8 1115 20 30 45 60 90 120180 0 3 5 8 11 1520 30 45 60 90 120180 0 3 5 8 11 1520 30 45 60 50 120180
Time
C Asp aKG Suc
1.01M 1.0 1.01H
Im+0
CIm+1 0.8 0.8 0.8
CIm+2
EEm+3 0.6 1 0.6 0.6 1
== m+4
[r—— 0.4+ 0.4 1 0.41
B m+6
[r——— 0.2 0.2 0.2 1
c 00 AL L LD 0.0 0.0
S 075N ORP PP 0% 9 2 0 0P0® 0% 9 dDHOPNHS
£
[®)
g F6P S7pP 3PG
1.01M 1.09m 1.01M
0.8 0.84 0.8
0.6 1 0.6 0.6 -
0.4 0.4 0.4
0.2+ 0.21 0.2
oo LU LT L 0.0 -4 o.0 AL LU L
025 HORH®P 0%%%%6 @@@ 0% 9 DO PDNHS

Time (min)

73



74

Figure 3.1 - 3C-enrichment of selected metabolites during '3C-bicarbonate dynamic tracing
experiments. (A) Mass isotopomer distributions (MID) for selected metabolites illustrating
potential substrate channeling through the Wood-Ljungdahl Pathway and PFOR. (B) '3C
enrichment of metabolites associated with (left) initial CO; fixation reactions (Wood-
Ljungdahl Pathway, pyruvate:ferredoxin oxidoreductase) and metabolites downstream of
pyruvate; (center) TCA cycle metabolites; (right) gluconeogenesis and pentose phosphate
pathway metabolites. (C) Selected mass isotopomer distributions for metabolites of the TCA
cycle, gluconeogenesis, and the pentose phosphate pathway. All measured metabolite MIDs
and standard errors can be found in Supplementary Dataset 1.

3.2.2 BC-formate tracing confirms formate assimilation pathways and oxidative TCA cycle in

K. stuttgartiensis.

We further probed central carbon metabolism with '*C-formate. While it has been proposed that
anammox bacteria fully oxidize organic substrates, such as formate, to CO,*, we hypothesized that
formate could be assimilated by K. stuttgartiensis via the methyl branch of the Wood-Ljundahl
pathway. This would result in a positionally labelled acetyl-CoA pool that would provide
additional information on metabolic network activity (Figure 3.2a).

We tested this hypothesis by rapidly introducing '*C-formate into fresh continuous cultures
of K. stuttgartiensis to a concentration of 50 mM followed by metabolome sampling over 180
minutes (14 timepoints total). Within 1.5 minutes of '3C-formate introduction, we observed steady-
state labelling of several central metabolites, including phosphoenolpyruvate (Figure 3.2b) and 3-
phosphoglycerate (Figure 3.3b), consistent with direct assimilation of formate. In agreement with
formate assimilation via the Wood-Ljungdahl pathway, only the M+1 mass isotopomer of acetyl-
CoA became enriched during the experiment (Figure 3.2c). M+1 mass isotopomers of
phosphoenolpyruvate and aspartic acid (oxaloacetate surrogate) were also dominant (Figure 3.2¢),
consistent with their synthesis from acetyl-CoA via the sequential reactions of PFOR,

phosphoenolpyruvate synthase, and phosphoenolpyruvate (or pyruvate) carboxylase, respectively.
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Since only a very minor fraction of the M+2 mass isotopomer were detected in these metabolites
(<3% over initial 45 minutes), it can be concluded that intracellular '*C-CO, concentrations
remained low during the experiment. Consistent with this, measured '*C-DIC content in the liquid
media produced from '3C-formate oxidation was low, increasing to only 5% over 45 minutes
(Figure 3.2b). This supports the inference that '3C-inorganic carbon incorporation into metabolites
was insignificant compared to the rate of incorporation via '*C-formate. Similar to '3C-bicarbonate
experiments, slower labelling of acetyl-CoA and pyruvate was observed during the '*C-formate
tracer experiments (Figure 3.2b; Figure 3.2¢). This further supports the hypothesis that separate
intracellular pools of these metabolites may exist in K. stuttgartiensis.

13C-formate labelling experiments also allowed us to analyze operation of the TCA cycle.
If the reductive TCA cycle was operating in K. stuttgartiensis only a single carbon in alpha-
ketoglutarate would be labelled (from oxaloacetate), while two carbons would be labelled if alpha-
ketoglutarate was produced oxidatively (from oxaloacetate and acetyl-CoA). Consistent with the
latter route, mass isotopomer distributions for citrate and alpha-ketoglutarate consisted largely of
M+2 mass isotopomers (Figure 3.2c). This clearly demonstrates that alpha-ketoglutarate was
produced via an oxidative TCA cycle in K. stuttgartiensis, and not via the reductive TCA cycle.
On the contrary, malate, fumarate, and succinate pools were largely comprised of M+1 mass
isotopomers (Figure 3.2c), which suggests that a bifurcated TCA cycle was operating. The
labelling patterns of TCA cycle metabolites suggest that K. stuttgartiensis uses a novel or highly
divergent enzyme for citrate synthesis. While no citrate synthase is annotated in the K.
stuttgartiensis genome, several acyltransferase candidates exist, including genes annotated as (R)-
citramalate synthase (KSMBR1 RS19040) believed to be involved in isoleucine biosynthesis?

and redundant copies of 2-isopropylmalate synthase (KSMBR1 RS18315 and
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KSMBR1 RS10820). In particular, one of the 2-isopropylmalate synthase genes
(KSMBR1 RS10820) is phylogenetically related (55.1% identity) to Re-citrate synthase identified
in Clostridium kluyveri*® and is located next to an ADP-forming succinate-CoA ligase of the
oxidative TCA cycle. Therefore, we posit that this gene encodes a dedicated Re-citrate synthase

that allows the oxidative TCA cycle to be operational in K. stuttgartiensis.

3.2.3 Multiple pathways for sugar phosphate biosynthesis?

Results from the '3C-formate tracer experiments also allowed for closer examination of pentose
and hexose sugar phosphate biosynthesis in K. stuttgartiensis. Because the labelled pools of 3-
phosphoglycerate and dihydroxyacetone phosphate were largely comprised of M+1 mass
isotopomers, we expected fructose 6-phosphate to largely consist of M+2 mass isotopomers based
on gluconeogenesis reactions (Figure 3.3a). However, a considerable fraction of fructose 6-
phosphate (Figure 3.3b) and glucose 6-phosphate (Figure 3.4) were consistently present as M+1
mass isotopomers during the '*C-formate tracer experiment (~25-45%). While it is possible that
this labeling pattern was produced during the period when the M+1 isotopomers of
dihydroxyacetone phosphate and glyceraldehyde 3-phosphate were ~50% (<1.5 minutes), it more
likely suggests that alternative pathways exist for sugar phosphate biosynthesis in K.

stuttgartiensis.
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3.2.4 Amino acid biosynthetic pathways

13C-formate tracer results were also used to confirm major amino acid biosynthetic pathways in K.
stuttgartiensis. Our data supports the synthesis of aspartate, asparagine, and threonine via
canonical routes from oxaloacetate; the synthesis of glutamate, glutamine, proline, and arginine
from alpha-ketogluturate; and the synthesis of serine from 3-phosphoglycerate (Figure 3.4).
Labelling patterns for valine, alanine, and leucine support their production via canonical branched
chain amino acid biosynthesis pathways from pyruvate (Figure 3.4). Interestingly, isoleucine
biosynthesis was not supported by canonical routes from threonine, but rather via a recently
described citramalate-dependent pathway from acetyl-CoA and pyruvate?’-?® (Figure 3.4). Finally,
labeling patterns supported the synthesis of the aromatic amino acids, phenylalanine and tyrosine

from erythrose 4-phosphate and phosphoenolpyruvate via the shikimate pathway (Figure 3.4).
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These amino acid biosynthetic pathways were consistent with pathways predicted from the K.
stuttgartiensis genome annotation.

Despite the K. stuttgartiensis genome lacking an annotated pathway for methionine
biosynthesis, methionine was labelled during both '3C-formate and '3C-bicarbonate experiments.
Canonical precursors for methionine biosynthesis include aspartic acid and methyl-THF (from
formate via methyl-branch of Wood Ljungdahl pathway), thus if this pathway were operating, we
would expect to see mainly M+2 methionine. However, a considerable pool of M+1 methionine
was consistently observed in our experiments (Figure 3.4), suggesting that a potentially novel

pathway is operating to synthesize methionine in K. stuttgartiensis that remains to be elucidated.

3.2.5 Acetate oxidation pathway of anammox bacteria.

In addition to formate, we also examined the impact of acetate on K. stuttgartiensis’ metabolic
network. While it has been proposed that anammox bacteria can oxidize acetate to CO>%%, the
pathways used for acetate oxidation and whether or not acetate is assimilated into biomass have
yet to be resolved. If acetate were oxidized to CO,, we expected that it would initially be
incorporated into acetyl-CoA based on previous enzymatic studies with AMP-forming acetyl-CoA
synthetase (KSMBR1 RS14485), followed by oxidation to CO; via either the oxidative TCA
cycle or reversal of the Wood-Ljungdahl pathway, as previously suggested for other anaerobic

chemolithoautotrophic bacteria®'-3? (Figure 3.5a).
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To elucidate metabolic pathways involved in acetate metabolism, we rapidly introduced [2-
13CJacetate into active continuous cultures of K. stuttgartiensis to a final concentration of 10 mM
and sampled the metabolome over 180 minutes (12 timepoints). Within 1.5 minutes after [2-
13CJacetate addition, we observed steady-state enrichment of the M+1 mass isotopomer of acetyl-
CoA, indicating its synthesis via CoA acetylation (Figure 3.5c). Considerable '3C-labelling of
citrate and glutamate was also observed, suggesting partial oxidative TCA cycle activity (Figure
3.5¢). However, the mass isotopomer distributions for citrate and glutamate contained heavier
mass isotopomers (up to M+4) and appeared more evenly distributed, an observation more
consistent with the labeling patterns observed during '3C-bicarbonate tracing (Figure 3.1c) versus
13C-formate tracing (Figure 3.2c). This pattern can be explained by additional acetate oxidation
via the reverse Wood-Ljungdahl pathway to '3C-CO, followed by reincorporation of '*C-CO: into
central metabolites. In agreement with this, mass isotopomer distributions for all other measured
metabolites, including phosphoenolpyruvate, 3-phosphoglycerate, dihydroxyacetone phosphate,
and fructose 6-phosphate, had relatively even distributions of '*C-labelled mass isotopomers,
suggesting they were also synthesized from re-incorporated '*C-CO, (Figure 3.5¢). Since '3C-
enrichment for most of these metabolites were approximately 2-10 times higher than that of '3C-
CO; in the media (Figure 3.5b), we conclude that '3C-CO; re-incorporation was faster than the

efflux of *C-CO,.
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Figure 3.5 - Reverse Wood-Ljungdahl pathway oxidizes acetate in K. stuttgartiensis. (A)
Proposed labelling of TCA cycle metabolites with [2-'3C]acetate. (B) '*C-enrichment of
selected metabolites during isotope tracer experiments with [2-13C]acetate (red). (C) Time-
series mass isotopomer distributions of selected TCA cycle metabolites during isotope tracer
experiments with 13C-acetate. All measured metabolite MIDs and standard errors can be
found in Supplementary Dataset 1.
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Surprisingly, metabolites that labelled rapidly during '3C-bicarbonate and '3C-formate
experiments, including phosphoenolpyruvate and 3-phosphoglycerate, labelled slowly with '3C-
acetate (Figure 3.5c). This could be additional evidence that spatial separation of carbon
metabolism occurs in K. stuttgartiensis, contributing to different pools of acetyl-CoA and
pyruvate. Separation of the AMP-forming acetyl-CoA synthetase and potentially other central
metabolism enzymes to the outer membrane and periplasm has been reported in the
chemolithoautotrophic archeon Ignicoccus hospitalis®’. Interestingly, this enzymes shares
homology with the AMP-forming acetyl-CoA synthetase found in K. stuttgartiensis®® and both
organisms have ATPases localized to their outer membranes***. While this raises the possibility
that similar spatial separation of metabolism may be present in K. stuttgartiensis, further

experimental validation is required.

3.2.6 3C protein stable isotope probing confirms substrate uptake by K. stuttgartiensis.

To confirm uptake of labelled substrates into the biomass of K. stuttgartiensis cells, we performed
shotgun proteomics on peptides extracted from bioreactor cell pellets collected during '3C-
labelling experiments. Metaproteomic analysis of samples collected after 0 and 72 hours confirmed
that '3C-bicarbonate was incorporated into the K. stuttgartiensis proteome, increasing at a median
relative isotope abundance of ~50%, consistent with the '*C-DIC content of the liquid media
(Figure 3.6). Incorporation of '3C-formate and [2-!*C]acetate into the K. stuttgartiensis proteome
was also detected after 72 hours at median relative isotope abundances of ~30% and ~10%,
respectively (Figure 3.6). These values are consistent with the use of the Wood-Ljungdahl pathway
for formate assimilation, and with re-assimilation of '3C-COz produced from acetate oxidation, as

the '3C-DIC in the liquid media held at ~11% between 5 and 72 hours (Figure 3.5b).
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Figure 3.6 - Confirmation of '3C-labelled substrate incorporation into the proteome of K.
stuttgartiensis. Distribution of relative isotope abundances for identified peptides assigned to
the K. stuttgartiensis proteome during [2-'3Clacetate, '*C-formate, and '*C-bicarbonate
tracer experiments after 0 and 72 hours.

3.2.7 Isotopically non-stationary metabolic flux analysis of autotrophic growth.

To quantitatively examine K. stuttgartiensis’ central carbon metabolism and obtain intracellular
flux measurements, we performed INST-MFA by fitting measured, time-resolved metabolite mass
isotopomer distributions from '*C-formate tracer experiments to an isotopomer network model?®.
This provided a quantitative systems-level flux map of K. stuttgartiensis’ inferred central carbon
metabolism (Figure 3.7). Flux values were normalized to a net CO> uptake rate, which was
estimated from the growth rate and cell carbon content: 0.0042 hrs™! x 45 mmol-C/gDW = 0.186
mmol-C/gDW/hr. The resulting flux map reproduces the high intracellular flux anticipated through
the Wood-Ljungdahl pathway, PFOR, and phosphoenolpyruvate (or pyruvate) carboxylase, which

are the main CO> fixation reactions that we observed in K. stuttgartiensis (Figure 3.7). INST-MFA
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also supported alpha-ketoglutarate production via the oxidative TCA cycle. Moreover, instead of
running a bifurcated TCA cycle, the INST-MFA analysis predicts that the M+1 isotopomers of
fumarate, succinate, and malate were indirectly derived from aspartic acid as a result of histidine
and arginine biosynthesis (Figure 3.7). This suggests that the TCA cycle in K. stuttgartiensis
operates incompletely, essentially functioning to produce alpha-ketoglutarate (amino acid
precursor) and recycle intermediates of amino acid biosynthesis. Considerable oxidative pentose
phosphate pathway flux was also measured (Figure 3.7). As no transhydrogenase could be
identified in the genome, it is likely that this pathway is key for NAPDH generation in K.
stuttgartiensis.

INST-MFA also allowed us to query alternative reactions for the unexpected labelling
patterns of sugar phosphates during '*C-formate tracer experiments. The genome annotation of K.
stuttgartiensis has genes coding for hexulose 6-phosphate synthase and 6-phospho-3-
hexuloisomerase (KSMBR1_RS05220 and KSMBR1 RS18790, respectively). These are key
enzymes of the ribulose monophosphate (RuMP) pathway, a formaldehyde assimilation pathway
in many methylotrophic bacteria’’. Together, these reactions fix formaldehyde to fructose 6-
phosphate via a hexulose 6-phosphate intermediate’’. We hypothesize that these reactions, as well
as an unidentified formaldehyde dehydrogenase, could explain the considerable M+1 pentose and
hexose phosphate isotopomers observed during '*C-formate labelling (Figure 3.8). Including these
reactions in our INST-MFA improved the models fit by approximately 19% (SSR of 802.1 versus
988.7, 95% confidence), accounting for approximately 23% of the flux synthesizing fructose 6-

phosphate (Figure 3.7).
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Figure 3.7 - K. stuttgartiensis flux map generated by '3C INST-MFA. K. stuttgartiensis flux
map under anaerobic, continuous flow, ammonium and nitrite medium conditions
determined by fitting metabolites labelled with '*C-formate tracers to a single, statistically
acceptable isotopomer network model. Flux values represent the net flux through a given
reaction +/- standard error defined at 95% confidence. All fluxes are normalized to a net
CO; uptake rate of =100 mmol-C/gDW/hr (actual CO: uptake rate was 0.186 mmol-
C/gDW/hr). All isotopomer network model reactions are provided in Supplementary Dataset
2. INST-MFA solutions are provided in Supplementary Dataset 3.
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3.3 Discussion

Elucidating the in vivo metabolic network of K. stuttgartiensis represents a major advance towards
predicting the function of anammox bacteria in natural and engineered ecosystems. Our study
offers the first measurements of metabolic flux via INST-MFA in a chemolithoautotrophic
organism, providing a systems-level flux map for K. stuttgartiensis that can be used to understand
anammox bacterial central carbon metabolism. The discovery of an incomplete oxidative TCA

cycle operating in K. stuttgartiensis, likely mediated by a novel Re-citrate synthase, avoids the
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energetically costly use of reduced ferredoxin for alpha-ketoglutarate biosynthesis via the
reductive TCA cycle. Furthermore, the considerable flux measured through the oxidative pentose
phosphate pathway highlights an important link between carbon and energy metabolism for
generating reducing equivalents (i.e. NADPH) in anammox bacteria. Our analysis validated the
use of the Wood-Ljungdahl pathway, PFOR, and phosphoenolpyruvate/pyruvate carboxylase for
CO> fixation in K. stuttgartiensis and provided first evidence of possible compartmentalization
and/or metabolic channeling in these pathways. This may enable faster pathway kinetics, avoid
degradation of unstable tetrahydrofolate-based intermediates, or limit competition between
competing reactions, as has been shown with other pathways3®3°.

We also elucidated the role of the Wood-Ljungdahl pathway for formate assimilation by
K. stuttgartiensis and show that reversal of this pathway can additionally be used for acetate
oxidation. This may further support the metabolism of K. stuttgartiensis in their anaerobic habitats,
where these compounds likely exist as fermentation products*®*!. Together, these findings provide
insight into the mechanisms underlying the observed versatility of anammox bacteria*> and may
inform strategies to control anammox-based bioprocesses via organic substrate addition®?.

Our elucidation of K. stuttgartiensis’ in vivo metabolic network fluxes will spur further
quantitative studies on anammox metabolism and enable the construction of accurate genome-
scale metabolic models to predict anammox bacterial physiology. We believe that when integrated
with metabolic models of other nitrogen cycling bacteria**, drastic improvements in the prediction

and control of anammox-based biotechnologies and biogeochemical processes will be possible.
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3.4 Materials and Methods

3.4.1 Cultivation of K. stuttgartiensis cells

A high enrichment of planktonic K. stuttgartiensis cells were cultivated in a continuous flow
membrane bioreactor (MBR) on mineral salts medium* supplemented with 45 mM of both
ammonium and nitrite. Cultures were maintained under steady-state conditions at an ODgoo of 1.0-
1.1 via continuous biomass removal and the bioreactor was continuously sparged with Ar/CO-
(95%/5% v/v) at a rate of 10 ml/min to maintain anaerobic conditions. The reactor hydraulic and
solids retention times were approximately 46 hours and 10.5 days, respectively. The temperature
and pH of the reactor were controlled at 30°C and 7.3 using a heat exchanger and 1 M KHCO3
buffer, respectively. The reactor was continuously stirred at 600 rpm. Nitrite concentrations were
checked daily to ensure nitrite-limited conditions (Nitrite test strips MQuant®, Merck, Darmstadt,

Germany).

3.4.2 BCisotope tracer experiments

Isotope tracing experiments with 13C-labelled substrates (['*C]sodium bicarbonate, [2-!*C]sodium
acetate, and ['*C]sodium formate; Cambridge Isotopes Laboratories, MA, USA) were performed
separately on continuous cultures of K. stuttgartiensis cells harvested from the MBR system. '3C-
labelled substrates were rapidly introduced (within 1 minute) into the bioreactor containing K.
stuttgartiensis cells growing under steady-state conditions. Initial reactor concentrations of
bicarbonate, acetate and formate were approximately 30 mM, 5 mM and 50 mM respectively.
Following '*C-label introduction, 5 ml samples were rapidly withdrawn from the reactor at
timepoints 0, 1.5, 3, 5, 8, 11, 15, 20, 30, 45, 60, 90, 120, and 180 minutes. Samples were
immediately filtered (Millipore 0.45 um hydrophilic nylon filter HNWPO4700) using a vacuum

pump to remove the medium, and filters were placed face down in 1.5 ml of -80°C extraction
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solvent (40:40:20 acetonitrile:methanol:water) for cell quenching and metabolite extraction.
Samples were then centrifuged (10,000 rpm, 4°C, 5 mins) and 1 ml of cell-free supernatant was
collected and stored at -80°C for metabolomic analysis. The time 0 min sample corresponded to
the period directly before '*C-label addition. The ratio of '*C/'?C DIC remained constant during
the course of the experiment as determined by gas chromatography coupled with mass

spectrometry (GC-MS) analysis (See method below).

3.4.3 Metabolomic analysis

Samples were analysed using a high-performance HPLC-MS system consisting of a Vanquish™
UHPLC system (Thermo Scientific) coupled by electrospray ionization (ESI; negative polarity) to
a hybrid quadrupole high-resolution mass spectrometer (Q Exactive Orbitrap, Thermo Scientific)
operated in full scan mode for detection of targeted compounds based on their accurate masses.
Properties of Full MS—SIM included a resolution of 140,000, AGC target of 1E6, maximum IT of
40 ms and scan range from 70 to 1,000 m/z. LC separation was achieved using an ACQUITY
UPLC BEH C18 column (2.1 x 100 mm column, 1.7 pm particle size; part no. 186002352; serial
no. 02623521115711, Waters). Solvent A was 97:3 water:methanol with 10 mM tributylamine
(TBA) adjusted to pH 8.1-8.2 with 9 mM acetic acid. Solvent B was 100% methanol. Total run
time was 25 min with the following gradient: 0 min, 5% B; 2.5 min, 5% B; 5 min, 20% B; 7.5 min,
20% B; 13 min, 55% B; 15.5 min, 95% B; 18.5 min, 95% B; 19 min, 5% B; 25 min, 5% B. Flow
rate was 200 pl min~'. The autosampler and column temperatures were 4°C and 25°C, respectively.
Mass isotopomer distributions were corrected for natural abundance using the method of Su et al
(2017)* and '3C enrichment values were calculated using the formula (1/N) XX, Mi X i, where
N is the number of carbon atoms in the metabolite and Mi is the fractional abundance of the i

mass isotopomer.
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To improve separation and measurement sensitivity of specific central carbon metabolites

and intracellular amino acids, samples were first derivatized with either aniline*”48

or benzyl
chloroformate*’, respectively. For aniline derivatization, samples were resuspended in 50 pl
HPLC-grade water, 5 pul aniline (6M, pH 4.5), and 5 pl N-(3-dimethylaminopropyl)-N'-
ethylcarbodiimide hydrochloride, EDC, (200 mg/ml). After 2 hours of incubation at room
temperature, 1 ul of triethylamine was added to stop the reaction. For benzl chloroformate

derivatization, samples were resuspended in 10 ul HPLC-grade water, 40 pl methanol, 5 pl of

triethylamine, and 1 pl benzyl chloroformate and incubated at room temperature for 30 minutes.

3.4.4 GC-MS analysis of dissolved inorganic carbon isotopic fractions

Isotopic fractions of DIC in the liquid media were measured based on a modified headspace
method. 3 ml of liquid culture were collected from the bioreactor with a syringe and directly
filtered through a sterile 0.45 um filter (Whatmann, celluloacetate) and 26G needle into a 120 ml
bottle containing 1 ml 6M HCI and crimp sealed with a rubber stopper. Prior to adding the liquid
sample, bottles and HCl were flushed with either 100% N> or Ar gas to void the headspace of
background CO,. Samples were equilibrated with the acid in the bottles for at least 1 hour at room
temperature to drive all DIC into the gas phase. 50 ul of the bottles headspace was then injected
with a gas tight syringe (Hamilton) into a gas chromatograph (Agilent 6890 equipped with 6 ft
Porapak Q columns) at 80°C with helium as a carrier gas at a flow rate of 24 ml/min, coupled to a
mass spectrometer (Agilent 5975C MSD; Agilent, Santa Clara, CA) to determine the isotopic

fractions of '2CO; and 3CO..



92

3.4.5 Isotopic non-stationary metabolic flux analysis

Intracellular metabolic fluxes were estimated from the measured metabolite isotope labelling
dynamics via INST-MFA using the elementary metabolite unit method*® implemented in the INCA
software package v1.8%!. Metabolic fluxes and pool sizes were estimated by minimizing the lack-
of-fit between measured and computationally simulated metabolite mass isotopomer distributions
using least-squares regression. All metabolite mass isotopomer distribution measurements and
model reactions used for flux determination are provided in Supplementary Datasets 1 and 2,
respectively. The biomass equation was based on experimental measurements of the amino acid
composition obtained from K. stuttgartiensis biomass pellets (Table 3.1). Pseudofluxes were added
to the model for specific metabolites to account for inactive metabolite pools that did not
participate in metabolism, but contributed to measured metabolite labelling patterns, similar to Ma
etal. (2014)32. Chi-squared statistical tests were performed on resulting flux distributions to assess
goodness-of-fit, and accurate 95% confidence intervals were computed for all estimated

parameters by evaluating the sensitivity of the sum-of-squared residuals to parameter variations™.

3.4.6 Amino acid composition analysis

Cultures were centrifuged (10,000 rpm, 15 mins, 4°C) to obtain cell pellets, which were
subsequently freeze-dried prior to analysis. Total protein concentration was determined using the
Pierce™ BCA Protein Assay Kit (ThermoFisher Scientific) and amino acid composition was
determined according to Carnicer et al. (2009)>* using a Varian 920-LC high performance liquid

chromatography amino acid analyzer.
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Table 3.1 - K. stuttgartiensis biomass amino acid composition.

Amino Mass Std Dev
Acid (umol/mgDW) (umol/mgDW)
Ala 375 39
Arg 279 57
Asp 130 10
Glu 108 9
Gly 779 117
His 42 8
Ile 268 43
Leu 393 55
Lys 155 44
Met 219 58
Phe 205 43
Pro 460 96
Ser 437 94
Thr 381 87
Val 438 76

3.4.7 3C protein stable isotope probing

Proteins were extracted from bioreactor cell pellets using glass bead beating (acid, washed, 0.1
mm diameter) in a suspension containing B-PER reagent (Thermo Scientific, Germany) and TEAB
buffer (50 mM TEAB, 1% (w/w) NaDOC at pH 8). Following DTT reduction and alkylation using
iodo acetamide (IAA) protein extracts were subject to proteolytic digestion using trypsin.
Resulting peptides were solid phase extraction purified using an Oasis HLB 96 well plate (Waters,
UK), according to the manufacturer protocols. The purified peptide fraction was analysed via a
one-dimensional reverse phase separation (Acclaim PepMap RSLC RP C18, 50 pm x 150 mm,
2um, 100A) coupled to a Q-Exactive plus Orbitrap mass spectrometer (Thermo Scientific,
Germany) operating in data dependent acquisition mode (DDA, shot-gun proteomics). The flow
rate was maintained at 300 nL/min over a linear gradient from 5% to 30% over 90 minutes and

finally to 75% B over 25 minutes. Solvent A was H>O containing 0.1% formic acid, and solvent
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B consisted of 80% acetonitrile in H>O and 0.1% formic acid. The Orbitrap was operated in DDA
mode acquiring peptide signals form 350-1400 m/z, where the top 10 signals (with a charge
between 2-7) were isolated at a window of 2.0 m/z and fragmented using a NCE of 30. The AGC
target was set to 1e5, at amax IT of 54 ms and 17.5 K resolution. Protein identification and relative
isotope abundances were determined from Tandem-MS data using PEAKS Studio X (BSI,
Canada) and MetaProSIP (OpenMS, Univ Tuebingen/Berlin, Germany)>> integrated into the
KNIME 4.0.1 analysis platform (Zurich, Switzerland), respectively. All peptide spectra were
matched against a protein database generated from predicted open reading frames from the K.

Stuttgartiensis genome.

3.4.8 Supplementary Materials

Supplementary Dataset 1. Average metabolite mass isotopomer distributions and associated
standard errors during '3C-bicarbonate, '*C-formate, and [2-'3C]acetate tracer experiments. (Sheet
1A) Average mass isotopomer distributions for selected metabolites during 13C-bicarbonate
tracing, (Sheet 1B) Mass isotopomer distributions standard error values for selected metabolites
during 13C-bicarbonate tracing, (Sheet 2A) Average mass isotopomer distributions for selected
metabolites during 13C-formate tracing, (Sheet 2B) Mass isotopomer distributions standard error
values for selected metabolites during 13C-formate tracing, (Sheet 3A) Average mass isotopomer
distributions for selected metabolites during [2-13C]acetate tracing, (Sheet 3B) Mass isotopomer

distributions standard error values for selected metabolites during [2-13C]lacetate tracing.

Supplementary Dataset 2. K. stuttgartiensis isotopomer network model. Letters within brackets

indicate carbon atom transitions of each metabolite for a given reaction.
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Supplementary Dataset 3. INST-MFA model results. Metabolite MIDs used for model fitting
were Pro, Asn, Ala, Thr, aKG, Ser, Suc, Asp, Glu, R5P, PEP, 3PG, Cit, Mal, Ru5P, Fum, F6P,
Pyr, G6P, Val, CO2, and GlIn at timepoints 0, 1.5, 3, 5, 8, 11, 15, 20, 30, and 45 minutes. All

metabolite MIDs can be found in Supplementary Dataset 1.
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4.0 Abstract

Nitrite-oxidizing bacteria belonging to the genus Nitrospira mediate a key step in nitrification and
play important roles in the biogeochemical nitrogen cycle and wastewater treatment. While these
organisms have recently been shown to exhibit metabolic flexibility beyond their
chemolithoautotrophic lifestyle, including the use of simple organic compounds to fuel their
energy metabolism, the metabolic networks controlling their autotrophic and mixotrophic growth
remain poorly understood. Here, we reconstructed a genome-scale metabolic model for Nitrospira
moscoviensis (iNmo691) and used constraint-based analysis to evaluate the metabolic networks
controlling their lithoautotrophic growth and growth on formate. Subsequently, '*C-tracer
experiments with bicarbonate and formate coupled to metabolomics analysis were performed to
experimentally validate model predictions. Our findings confirm that N. moscoviensis uses the
reductive tricarboxylic acid cycle for CO; fixation. We also show that N. moscoviensis can
indirectly use formate as a carbon source by oxidizing it to CO, followed by reassimilation via the
reductive tricarboxylic acid cycle. Our study offers the first measurements of Nitrospira’s in vivo
central carbon metabolism and provides a quantitative tool that can be used for understanding and

predicting their metabolic processes.

4.1 Introduction

The oxidation of nitrite to nitrate is a key step in nitrification and the global nitrogen cycle. The
process is a critical control point counteracting nitrogen loss to the atmosphere and is mediated by
a phylogenetically diverse functional guild known as the nitrite-oxidizing bacteria (NOB)'. The
genus Nitrospira constitutes the most diverse and abundant NOB based on marker genes (16S

ribosomal RNA and nitrite oxidoreductase (NXR) and metagenomic surveys. Nitrospira consist
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of six lineages that mediate nitrite oxidation across various habitats, including soil, freshwater,
marine, terrestrial and engineered ecosystems'-2. Nitrospira must be flexible enough to survive in
the wide range of fluctuating environmental conditions characteristic of these habitats, suggesting
their ecophysiology and ecological niches extend beyond those initially defined by their
chemolithoautotrophic lifestyle.

Despite their recalcitrance to cultivation, recent insights driven by metagenomics have shed
light on the unique features of Nitrospira’s carbon and energy metabolism?®. Nitrospira encode
novel respiratory chain enzymes for energy conservation, including an evolutionarily distinct
membrane-bound periplasmic nitrite oxidoreductase (NXR) and a putative cytochrome bd-like
oxidase that may allow them to adapt to low dissolved oxygen environments®. Nitrospira also
encode all genes for CO; fixation via the reductive tricarboxylic acid cycle (rTCA) and lack the
two key genes (ribulose bisphosphate carboxylase and phosphoribulokinase) needed to operate the
Calvin-Benson-Bassham cycle (CBB) common in other NOB3. Outside their
chemolithoautotrophic growth, genomic and experimental data have revealed that Nitrospira can
use alternative substrates to fuel their carbon and energy metabolism'#>. In addition to nitrite,
some Nitrospira species have been experimentally shown to use formate, hydrogen, and ammonia
as electron donors with oxygen or nitrate as terminal electron acceptors*>®78, For example, V.
moscoviensis contains a soluble formate dehydrogenase and NiFe hydrogenase that allows growth
with formate or H» respectively®3, whereas N. nitrosa contains pathways for both ammonia and
nitrite oxidation that enables growth via complete nitrification’. In addition to their energy
metabolism, fluorescent in situ hybridization combined with microautoradiography (FISH-MAR)
experiments have also suggested that Nitrospira populations present within activated sludge

microbial communities can assimilate pyruvate’? and formate® although the carbon assimilation
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pathways for these substrates have yet to be determined. While this expanded metabolic versatility
suggests that Nitrospira are adapted to dynamic environmental conditions, our ability to predict
their function in natural and engineered ecosystems is constrained by the limited understanding of
their metabolic network and the lack of quantitative tools to study their metabolism.

Genome-scale metabolic modeling is a powerful method for analyzing and predicting the
biochemical pathways driving microbial metabolism. Such modeling approaches calculate the
flow of metabolites through a reconstructed metabolic network based on relevant constraints (e.g.
network stoichiometry, thermodynamics, measured fluxes) using a technique called flux balance
analysis (FBA)'’. This provides a quantitative framework for analyzing metabolism and predicting
phenotypes when combined with physiological data. Moreover, genome-scale models can be used
to generate testable hypotheses on the functional capabilities of organisms under defined
conditions that can subsequently be tested; for example, using '*C isotopic tracing combined with
metabolomics!!.

Here, we provide the first constraint-based metabolic reconstruction and analysis of N.
moscoviensis representing the ubiquitous Nitrospira lineage II. We examine the metabolism of M.
moscoviensis growing under canonical chemolithoautotrophic conditions and also during growth
with formate as a substrate. Taking advantage of recent advances to cultivate Nitrospira in
continuous flow membrane bioreactors'?, we subsequently validate N. moscoviensis’ predicted
metabolic network using isotopic tracers combined with quantitative metabolomic analysis. Our
13C metabolomics results support the use of the rTCA for carbon fixation by N. moscoviensis
during chemolithoautotrophic growth. We further show that N. moscoviensis does not assimilate

formate directly, but instead re-assimilates CO» produced via formate oxidation using the rTCA
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cycle. The resulting genome-scale model (GEM), iNmo691, will serve as a knowledge base for

understanding and predicting the function of Nitrospira in both natural and engineered ecosystems.

4.2 Results

4.2.1 Genome-scale metabolic reconstruction of Nitrospira moscoviensis

The genome-scale metabolic network of N. moscoviensis (iNmo691) was reconstructed from the
most recent N. moscoviensis genome annotation (NCBI accession number NZ CP011801), aided
by reaction annotations in the MetaCyc'3 and ModelSEED databases available through the
Department of Energy Systems Biology Knowledgebase!*. The final reconstruction contained a
total of 673 reactions, 636 metabolites, and 691 genes (Supplementary Dataset 1). Reactions for
Nitrospira’s respiratory chain were reconstructed based on existing models of electron flow'* and
assuming that the two protons produced during nitrite oxidation in the periplasm contribute to
proton motive force generation. Cytoplasmic reactions for formate dehydrogenase and
hydrogenase that catalyze formate and hydrogen oxidation to CO,, respectively, were also
included based on genomic and experimental evidence*?, as well as formate transport and
assimilation reactions mediated by a reductive glycine pathway'® (Supplementary Dataset 1) to
evaluate the possibility of directly using formate as a carbon source, as suggested by previous
FISH-MAR observations®.

Since the stoichiometry for proton translocation in Nitrospira’s respiratory chain
complexes is unknown, values were assumed from model organisms (Supplementary Dataset 1;
Figure 4.1). The mechanism for reducing low-potential electron carriers, such as ferredoxin,
required for carbon fixation in Nitrospira is also unknown, but it has been hypothesized that the

2M-type NADH dehydrogenase complex in Nitrospira performs this function'¢. Thus, the model
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included this mechanism for ferredoxin reduction. All annotated biosynthetic and biodegradation
reactions for amino acids, nucleic acids, carbohydrates, lipids, and cofactors were included in the
reconstruction (Supplementary Data 1). This encompassed all predicted central carbon metabolic
reactions annotated in the genome, including reactions of the rTCA cycle, gluconeogenesis, the
pentose phosphate pathway, anaplerotic reactions, one-carbon metabolism, and fatty acid
metabolism. Gaps in the network were identified and filled manually to ensure that iNmo691 could
grow on minimal NOB media (see Materials and Methods).

To obtain qualitative and quantitative outputs from a genome-scale model via FBA, an
objective function is required. This is typically accomplished based on a biomass objective
function, which assumes that maximization of biomass growth is the cellular objective!’.
Therefore, to generate a representative biomass objective function for N. moscoviensis we
experimentally determined its biomass composition (i.e. macromolecular components) during

steady-state growth (see Materials and Methods).

Periplasm
NO, +2H* NO,+H,0O

5H* 4H* M Cyw @B 20 4H"
L

2x1e /2x1e\ —L
2e Q 2e Q 2e
<QH2 <QHZ> bct cytbd (ATPase)
(T, 71N DN ED
Fd, " Fdy \AD+  NADH 050, HO  ADP  ATP
+H + 2H* + Pi
Cytoplasm

Figure 4.1 - Theoretical model for the energy metabolism of Nitrospira moscoviensis
hypothesized in this study. Q: quinone; QH2: quinonol; Fd: ferredoxin; 2M: 2M-type
complex I, NuoL; NDH: NADH dehydrogenase (complex I); bel: cytochrome bel complex
(complex IIT); NXR: nitrite oxidoreductase; cytbd: cytochrome c oxidase (complex 1V).



107

A summary of the biomass composition for N. moscoviensis is presented in Tables 4.1 and 4.2.
These measurements, together with the genome sequence data and published fatty acid
composition data'®, were used to formulate N. moscoviensis’ biomass objective function

(Supplementary Dataset 1).

Table 4.1 - N. moscoviensis biomass composition

Molecule Average Std Dev
(% DW) (% DW)
RNA 2.4 0.04
DNA! 2.4 n.d.
Proteins 46.7 4.7
Carbohydrates 26.9 1.8
Lipids 16.3 3.2
Inorganics! 5.0 n.d.

"Values for DNA and inorganics were assumed based on values from Neidhardt et al. (1991)".
n.d. not determined.

Growth and non-growth associated maintenance energy requirements were estimated to be 725
mmol ATP gDW-! and 0.90 mmol ATP gDW-! hr'!, respectively, by plotting the experimentally

determined nitrite uptake rate against the growth rate and using a net ATP yield of 1.0 mmol ATP

mmol NO>-N-! determined from the model (Figure 4.2).

Table 4.2 - N. moscoviensis amino acid composition

Amino Mass Std Dev
Acid (umol/mgDW) (umol/mgDW)
Ala 301 46
Arg 312 64
Asp 82 12
Glu 85 16
Gly 825 116

His 38 3
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Ile 199 62
Leu 309 67
Lys 106 22
Met 194 23
Phe 224 108
Pro 641 227
Ser 298 63
Thr 277 70
Tyr 42 n.d.
Val 374 59
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Figure 4.2 - Maintenance energy determination based on plotting the experimentally
determined nitrite uptake rate versus the growth rate. Experimental values were taken from
Mundinger et al., (2019)'%. Non-growth associated maintenance (NGAM) was determined by
multiplying the y-intercept value (0.90 mmol NO;/gDW-hr) by the model determined ATP
yield (1 mmol ATP per 1 mmol NO7). Growth associated maintenance (GAM) was
determined by matching the slope of the curve to that determined by the model, based on
adjusting the value for GAM and setting the biomass growth rate to different values while
minimizing the nitrite uptake rate.
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4.2.2 Analysis of chemolithoautotrophic growth on nitrite

The iNmo691 genome-scale model was first used to quantify the carbon and electron flux
distribution in N. moscoviensis during aerobic growth on minimal media with nitrite as an electron
donor and CO; as a carbon source. The model was constrained by the nitrite uptake rate measured
during chemostat cultivation, and the objective function was maximizing growth. Consistent with
experimental data, when the nitrite uptake rate was set to 8.5 mmol NO>” gDW-! hr! the specific
biomass growth rate equaled 0.006 hrs™! (~116 hr doubling time; Supplementary Figure 1). Under
these conditions, approximately 63% of the oxidized NO> is used for growth associated
maintenance (GAM, polymerization of amino acids into proteins, RNA error checking, etc.) and
15% is oxidized for non-growth associated maintenance (NGAM, maintenance of chemical
gradients, turgor pressure, etc.) in the form of ATP (Figure 4.3). The remaining 22% is used to
generate ATP (4%) and reducing equivalents (18%) required for CO, fixation and synthesis of
macromolecular building blocks (e.g. central metabolites, amino acids, nucleotides, fatty acids).
The predicted carbon flux distribution in N. moscoviensis during chemolithoautotrophic
growth showed that 2-oxoglutarate:ferredoxin oxidoreductase (OFOR), succinyl-CoA synthetase
(SCS) and pyruvate:ferredoxin oxidoreductase (PFOR) carried the highest carbon flux, consistent
with their primary role in CO> fixation (Figure 4.4). These flux values agree with the high gene
expression levels of rTCA cycle enzymes recently reported by Mundinger et al., (2019)'2. Pyruvate
carboxylase also carried high carbon flux, which is required to replenish TCA cycle intermediates
used as precursors for biosynthesis (e.g. oxaloacetate). Generation of reducing equivalents for
carbon fixation in N. moscoviensis is predicted to result from reverse electron flow from the
cytochrome ¢ pool®. Overall, the model predicts that approximately 9% of the oxidized nitrite is

used to generate quinol (largely for nitrite assimilation via octaheme nitrite reductase), 8.5% is
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used to generate NADH (via complex I), and 4.5% is used to generate reduced ferredoxin (via the

2M-type complex I) (Figure 4.3).

- CiC 705, ainienance

4% ATP synthesis

Figure 4.3 - Electron flux distribution in /N. moscoviensis. Solid lines indicate electron flow,
dashed lines indicate redox half-reactions. FBA solutions can be found in Supplementary
Dataset 2.

Reduction of NADP+ to NADPH, the main electron carrier for biosynthetic reactions, was
predicted to occur through NAD(P)(+) transhydrogenase. Three NAD(P) transhydrogenases are
encoded in N. moscoviensis, however, only one had above median gene expression in the published
transcriptomic dataset (NITMOv2 RS05045, 2.6 fold above median, Mundinger et al., 2019'2).
Therefore, we posit that NITMOv2 RS05045 is the main transhydrogenase active during

chemolithoautotrophic growth.

4.2.3 Confirmation of autotrophic metabolism with >C-bicarbonate tracer experiments

To confirm the biosynthetic pathways predicted by genome-scale modeling, isotopic tracers

combined with high-resolution metabolomics was used to follow '}C-labelled bicarbonate
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incorporation into the metabolome of N. moscoviensis. Cells were grown in a membrane bioreactor
under steady-state conditions and '*C-bicarbonate was rapidly introduced into the bioreactor,
which equilibrated with the dissolved inorganic carbon (DIC) pool in the liquid media to
approximately 65% '3C enrichment. Following '3C-bicarbonate addition, multiple metabolite
samples were collected from the bioreactor over a 2-hour time period by rapid quenching and
extraction of N. moscoviensis cells. A time zero sample corresponding to the period immediately
before '3C-bicarbonate addition was also collected as a control. Consistent with the operation of
the rTCA cycle, high '3C label incorporation was measured in phosphoenolpyruvate (PEP), acetyl-
CoA, succinate, and aspartic acid (used as oxaloacetate surrogate) (Figure 4.5). Other TCA cycle
metabolites showed considerable '*C enrichment, including malate, fumarate, and alpha-
ketoglutarate, although to a lower extent than PEP, acetyl-CoA, succinate, and aspartic acid
(Figure 4.5). This suggested that the '*C enrichment of malate, fumarate, and alpha-ketoglutarate
may have been diluted by inactive pools of these metabolites that were not labeled. Further
evidence for this was observed from the faster labelling of glutamate and glutamine than alpha-
ketoglutarate, which was unexpected because these amino acids are derived from alpha-
ketoglutarate (Figure 4.5; Supplementary Dataset 3). We hypothesize that these patterns may
reflect substrate channelling in the rTCA cycle of N. moscoviensis, which has previously been

observed in the TCA cycle of other organisms?% 2!- 22,
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Figure 4.4 - Carbon flux distribution predicted via flux balance analysis during
chemolithoautotrophic growth on nitrite. The model was constrained to a nitrite uptake rate
of 8.5 mmol gDW-' hr'! and the biomass growth rate was 0.006 hrs™'. CO; is shown in blue,
amino acids and other biomass precursors are shown in brown, ATP is shown in red, and
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In addition to the TCA cycle, fast labelling of 3-phosphoglycerate, fructose 6-phosphate,
glucose 6-phosphate, and sedheptulose 7-phosphate was observed (Figure 4.5; Supplementary
Dataset 3). This is consistent with the use of gluconeogenesis and the pentose phosphate pathway

for synthesis of precursor metabolites in N. moscoviensis.

4.2.4 Analysis of growth on formate

It has been demonstrated that N. moscoviensis can use formate as an energy source and that the
genome contains a formate transporter (focA) and a soluble NAD'-reducing formate
dehydrogenase (fds), which catalyses the oxidation of formate to CO; with concomitant reduction
of NAD" to NADH?>24, It has also been shown that formate can also be assimilated as a carbon
source’, although the pathway for assimilation currently remains unclear. Metabolic reconstruction
suggested that formate could potentially be assimilated either indirectly through oxidation to CO»
and reassimilation via the rTCA cycle or directly based on genes encoding a reductive glycine
pathway (Supplementary Dataset 1). Therefore, we used iNmo691 to explore the growth and
metabolism of N. moscoviensis on formate compared to chemolithoautotrophic conditions.
Growth comparisons were done on minimal NOB media with the following substrates: 1)
nitrite and O, 2) formate and O, and 3) nitrite + formate and O.. For Case 2, we further examined
the growth benefits of using either the reductive glycine pathway or the rTCA cycle for formate
assimilation by turning on/off key reactions in the model. The formate uptake rate in the model
was set equal to the nitrite uptake rate, based on previously published data>. The model predicted
that formate or formate + nitrite utilization would increase the growth rate of N. moscoviensis by
approximately 2.6 or 3.8 fold, respectively (Figure 4.6). Here, electrons derived from formate
oxidation were predicted to drive energy conservation via the electron transport chain, while also

providing reducing equivalents for biosynthesis.
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Figure 4.5 - Dynamic 3C-labelling of selected central carbon metabolites during 3C-
bicarbonate tracer experiments. (A) Expected '3C labeling of central metabolism over time.
13C enrichment of selected metabolites over (B) 20 minutes and (C) 120 mins. 1*C-enrichment
values were normalized to a tracer *C fraction of 1. (D) Mass isotopomer distributions for
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F6P: fructose 6-phosphate, Fum: fumarate, GIn: glutamine, Mal: malate, PEP:
phosphoenolpyruvate, Ser: serine, Suc: succinate. All measured metabolite mass isotopomer
distributions can be found in Supplementary Dataset 3.
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FBA also predicted that N. moscoviensis growth rates would improve approximately 4%
by directly assimilating formate via the reductive glycine pathway versus indirectly via the rTCA

cycle (Figure 4.6). This is because the reductive glycine pathway consumes less energy than the
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rTCA, as low-potential electron carriers (i.e. reduced ferredoxin) are not needed for CO; fixation,
and in total four electrons less are required per pyruvate molecule formed from formate instead of
COz (Figure 4.7). In this scenario, approximately 6% of the formate would be directly assimilated
via the reductive glycine pathway, rather than oxidizing all formate to CO, followed by
reassimilation (Supplementary Dataset 2). Genes for the reductive glycine pathway are all present
in the N. moscoviensis genome (Supplementary Dataset 1) and were also found in the previously

published N. moscoviensis transcriptome above median gene expression'2.

0.030
0.0256

0.020

0.016
0.010
0.0056 I
0.000

Nitrite Formate (rTCA) Formate (RGP) Formate+Nitrite

Biomass growth rate (hr')

Figure 4.6 - Model predictions for growth rate based on different substrates (nitrite and
formate) and different formate assimilation pathways. rTCA: reductive TCA cycle, RGP:

reductive glycine pathway. In all scenarios, the uptake flux of each substrate was set equal
to 8.5 mmol gDW-! hr!.
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Figure 4.7 - Comparison of the reductive TCA cycle with the reductive glycine pathway.

4.2.5. BC-formate tracer experiments suggest formate is indirectly assimilated via CO; fixation
To experimentally determine the assimilation pathway of formate in N. moscoviensis, isotopic
tracer experiments with '*C-formate were performed with batch cultures in sealed serum bottles.
Cultures were first acclimated to growth on 1 mM unlabelled formate without the presence of
nitrite for 24 hours. Subsequently 0.5 mM '3C-formate was added to the cultures and intracellular
metabolome and gas headspace samples were collected before addition of '3C-formate and at 15,
30, 60, 180, and 300 mins for isotopic analysis. Consistent with '3C-formate oxidation to COa,
continuous production of '3C-CO; in the headspace gas was observed during the experiment
(Figure 4.8A). Intracellular formate was also measured to be ~40% '3C-enriched from 15 minutes

onwards, consistent with formate transport into the cell (Figure 4.8C). However, the majority of
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measured metabolites had no detectable '*C enrichment, except for succinate, glutamate,
glutamine, and fructose 6-phosphate (Supplementary Dataset 3, Figure 4.8C). Moreover, mass
isotopomer distributions for these metabolites showed a consistent increase in labelled carbons
overtime (Figure 4.8C), similar to results with '3C-bicarbonate experiments (Figure 4.5). This

suggests that formate was being oxidized to CO» and then assimilated via the rTCA cycle.
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Figure 4.8 - Oxidation and assimilation of 1*C-formate by . moscoviensis. (A) Production of
3C-CO; from 3C-formate oxidation. (B) Growth of N. moscoviensis using formate (yellow)
or nitrite (red) as electron donor with oxygen as the terminal electron acceptor at different
pH. (C) Mass isotopomer distributions for selected metabolites during batch *C-formate
tracer experiments.
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Batch experiments with N. moscoviensis also observed slower growth on formate than
nitrite (Figure 4.8B). This was tested over a range of pH conditions, as previous studies indicated
that formate oxidation may have a different pH optimum than nitrite oxidation?>?®. These results
reinforce the previous findings of poor growth of N. moscoviensis on formate® and do not support

the model predictions of an improved growth rate on formate.

4.3 Discussion
Previous studies have shown the utility of constraint-based reconstruction and analysis for
exploring the metabolic capabilities of microorganisms that have an important environmental

r01€27’28’29

. iNmo691 provides a framework for examining Nitrospira metabolism at a systems-
level and will serve as a knowledge base that can be continually refined to drive understanding
and improved prediction of Nitrospira ecophysiology. Our analysis shows that iNmo691
quantitatively predicts N. moscoviensis chemolithoautotrophic growth on nitrite. Flux balance
analysis provided estimates for the amount of nitrite used for energy conservation and CO; fixation
into biomass, offering a quantitative model for linking catabolism and anabolism. The model also
accurately provides quantitative estimates of carbon and electron flux distribution, reinforcing the
metabolic network predicted from recently reported N. moscoviensis gene expression levels'?,

13C metabolomic analysis revealed a complex picture for central carbon metabolism in
Nitrospira. While our results support that Nitrospira uses the rTCA cycle for CO; fixation under
chemolithoautotrophic growth, '3C enrichment values revealed extensive unlabelled pools of
central carbon intermediates in the metabolome (Figure 4.5). Because all '3C enrichment values

increased monotonically, we reasoned that turnover of carbon storage reserves or macromolecules

was not responsible for this observation. However, compartmentalization of metabolism or



119

substrate channeling may offer a possible explanation. In cells that contain multiple pools of the
same metabolite (e.g. cells with mitochondria) differences in their labelling will result in an
aggregated measurement of the mixed pool because they are extracted together. If only one of
those pools is actively participating in metabolism, the aggregation of both labelled and unlabelled
pools will serve to dilute the overall '*C enrichment. While electron micrograph images suggest
that no intracytoplasmic membranes or carboxosomes are present in N. moscoviensis cells, they
do have an enlarged periplasmic space (40-80 nm wide), typical of Nitrospira 3%, The proposed
role of this enlarged space has been suggested to accommodate the nitrite-oxidizing enzyme
systems>2, however, it could also potentially harbour enzymes that directly participate in carbon
metabolism.

An alternative mechanism to explain the low !*C enrichment levels of some metabolites is
substrate channeling; that is, the direct passing of pathway intermediates between enzyme active
sites without escaping into the cytoplasm, facilitated by noncovalent dynamic enzyme
complexes®-4, This can result in lower than expected '*C enrichment values due to “leaked”
metabolites that create a separate cytoplasmic pool with a much slower turnover rate**3*. Given
that several metabolites immediately downstream of the rTCA cycle (aspartate, glutamate,
glutamine) were more labelled than their precursor TCA intermediates, we suspect that rTCA cycle
enzymes may interact to form a supramolecular complex, or metabolon, to efficiently transport
reactants between enzyme active sites. The advantage of this is that high local substrate
concentrations enable higher pathway fluxes and intermediates can be protected from the bulk
phase, limiting competition between competing pathways and protecting the cell from toxicity*3.
Given the significant thermodynamic barriers encountered in the rTCA by the consecutive

operation of alpha-ketoglutarate synthase and isocitrate dehydrogenase (4G > 40 kJ/mol), as well
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as pyruvate synthase (4G > 14 kJ/mol)*%, substrate channeling maybe be important for overcoming
these unfavorable reactions in addition to their indirect coupling to ATP hydrolysis via succinyl-
CoA synthetase and ATP citrate lyase. Further confirmation of this channeling could be obtained
through in vivo crosslinking coupled to proteomic analysis, as has been done to investigate the
malate dehydrogenase—citrate synthase—aconitase complex of the oxidative TCA cycle?!?2.

In addition to chemolithoautotropic growth on nitrite, genome-scale modeling allowed us
to assess different hypotheses regarding organotrophic and mixotrophic growth of N. moscoviensis
on formate. Nitrospira have been observed to oxidize formate to CO; for energy conservation
under laboratory conditions® and have also been observed to assimilate formate in sifu during
wastewater treatment’. However, while our analysis predicted that N. moscoviensis should grow
2-3 times faster on formate over nitrite, batch experiments showed lower biomass yields of M.
moscoviensis on formate, consistent with previous reports’. This suggests that formate or formate
metabolism may be toxic to N. moscoviensis via an unknown mechanism. Given that different
lineages of Nitrospria may exhibit different formate utilization efficiencies in situ®, it remains to
be tested whether all Nitrospria grow slower using formate as an electron donor or whether other
environmental conditions boost growth on formate.

Genome-scale modeling further allowed us to generate hypotheses on the use of formate
as a carbon source for N. moscoviensis anabolism. While modeling predicted that small growth
improvements would be favoured by directly assimilating formate via the reductive glycine
pathway, in vivo '3C-formate tracer experiments demonstrated that N. moscoviensis adhere to their
autotrophic lifestyle, reducing CO» derived from formate via the rTCA cycle. This may be an

evolutionary adaptation to avoid energetic costs associated with remodeling their proteome in
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environments where formate may only become transiently available, for example at oxic-anoxic
interfaces common to the habitats of Nitrospira'.

In conclusion, our work provides the first genome-scale reconstruction and analysis of
Nitrospira metabolism, offering unique insights on their versatile ecophysiology. The iNmo691
GEM provides quantitative estimates of chemolithoautotrophic growth and pathway fluxes and
serves as an invaluable tool for hypothesis-driven discovery. Our '3C metabolomic results also
provide the first insights on Nitrospira’s in vivo central carbon metabolism, confirming the high
activity of the rTCA cycle for CO> fixation. Future efforts to combine '*C metabolomics with
genome-scale modeling should provide a valuable approach for quantitatively understanding
metabolic regulation of Nitrospira metabolism under different environmental conditions and
microbe-microbe interactions. This will further expand the systems biology framework developed
in this study, ultimately leading to the systematic prediction and control of Nitrospira metabolism

in natural and engineered ecosystems.

4.4 Materials and Methods
4.4.1 Cultivation of N. moscoviensis cells

N. moscoviensis M-1 was grown in NOB mineral salts medium for lithoautotrophic growth as
described in Spieck and Lipski (2011)37 with the following modifications: CaCOj3; was replaced
with CaCl; - 2 H2O in the same concentration and the following trace element composition was
used per liter of medium: 34.4 pg of MnSOq4 - 1 H>O, 50 pg of H3BOs3, 70 pg of ZnClz, 72.6 pg of
NaxMoOys - 2 H>0, 20 pg of CuCls - 2 H>0, 24 pg of NiCl - 6 H>0, 80 pg of CoCl, - 6 H>0, and
2,000 pg of FeSO4 - 7 H2O. Nitrilotriacetic acid was added equimolar to all trace elements as a

complexing agent.
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N. moscoviensis was cultivated in a 7L membrane bioreactor (MBR) inoculated with an
active batch culture and operated as described in Mundinger et al., (2019)!2. The working volume
of the reactor was 3 L and included pH, dissolved oxygen, temperature, and level controls (all by
Applikon Biotechnology B.V., Schiedam, The Netherlands). The bioreactor was continuously
sparged with Ar/CO2 (95%/5% v/v) and air at a rate of 10 ml/min to maintain a dissolved oxygen
concentration of ~30%. pH was controlled at 7.7 using a 1 M KHCOs buffer and the reactor
temperature was maintained at 39°C using a loop-type heat exchanger. The reactor was
continuously stirred at 150 rpm. The reactor and all cultivation media and solutions were sterilized
by autoclaving or sterile filtration prior to use and the reactor was operated aseptically to maintain
culture purity. Nitrite and nitrate concentrations were check daily to ensure all nitrite was
consumed stoichiometrically to nitrate (Nitrite test strips MQuant®, Merck, Darmstadt, Germany)
and that nitrite was always limiting. Cultures were maintained in steady-state growth at a dilution

rate of 0.006 hrs™!' and a substrate feeding rate of 2 — 2.5 mmol NO, L' day™'.

4.4.2 Genome-scale model reconstruction and analysis

The genome-scale metabolic model of N. moscoviensis (iNmo691) was reconstructed from the
NCBI’s genome sequence for N. moscoviensis (accession number NZ CP011801.1) using the
Model SEED pipeline*® implemented in KBase', followed by manual curation using the MetaCyc
database'® and available literature'-*>. The model was gap-filled manually through the addition of
reactions not annotated in the genome to ensure that all biomass components could be produced
on NOB minimal media. Growth and non-growth associated maintenance energy requirements
were determined by plotting experimentally measured nitrite uptake rates as a function of the
growth rate set during steady-state bioreactor cultivation®. The biomass equation was derived

from biomass composition measurements of N. moscoviensis. The model was formulated in
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Systems Biology Markup Language (SBML) level 3 version 1.0 and is available in the
supplementary materials. Flux balance analysis was used to simulate in silico growth by solving

the linear program:

Max Ubiomass
s.t.
S-v=0

Umin Sv< Umax

where Vpiomass 18 the flux through the biomass objective function, § is the stoichiometric matrix
generated from the reconstruction with rows representing metabolites, columns representing
reactions, and entries representing metabolite stoichiometric coefficients, v is the vector of steady-
state reaction fluxes, and Vi, and vy are the minimum and maximum allowable reaction fluxes.
Flux balance analysis was performed in Python version 3.7.2 using the COBRApy package*.
The transcriptomic dataset reanalyzed here can be found under the NCBI Gene Expression

Omnibus DataSet accession number GSE123406.

4.4.3 Biomass composition analysis

Cultures were centrifuged (10,000 rpm, 15 mins, 4°C) to obtain cell pellets, which were
subsequently freeze-dried prior to analysis. Total protein concentration was determined using the
Pierce™ BCA Protein Assay Kit (ThermoFisher Scientific) and amino acid composition was
determined according to Carnicer et al. (2009)*' using a Varian 920-LC high performance liquid
chromatography amino acid analyzer. Total carbohydrates were determined using the phenol-

sulphuric acid method*?. Total lipid content was determined via the sulfo-phospho-vanillin
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reaction* and lipid composition for N. moscoviensis was taken from Lipski et al. (2001)'8. Total
RNA and DNA content was determined according to Benthin et al. (1991)*. Total inorganic

content was determined by combustion of freeze-dried biomass in an oven at 550°C for 12 hours.

4.4.4 3C isotopic tracer experiments

13C-labelled sodium bicarbonate was rapidly introduced (within 1 minute) into the bioreactor
containing N. moscoviensis cells growing under steady-state conditions to a final concentration of
approximately 30 mM. Following '*C-label introduction, samples were rapidly withdrawn from
the reactor at timepoints 0, 1.5, 3, 5, 8, 11, 15, 20, 30, 45, 60, 90, and 120 minutes. Samples were
immediately filtered (Millipore 0.45 pm hydrophilic nylon filter HNWPO4700) using a vacuum
pump to remove extracellular media, and filters were placed face down in 1.5 ml of -80°C
extraction solvent (40:40:20 acetonitrile:methanol:water) for cell quenching and metabolite
extraction. Samples were then centrifuged (10,000 rpm, 4°C, 5 mins) and 1 ml of cell-free
supernatant was collected and stored at -80°C for metabolomic analysis. The time 0 min sample
corresponded to the period directly before '*C-label addition. The ratio of '3C/'>C dissolved
inorganic carbon remained constant during the course of the 2-hour experimental period as

determined by GC-MS analysis.

4.4.5 Formate batch experiments

N. moscoviensis cells were harvested from a membrane bioreactor. The biomass was centrifuged
8,000xg, 15 min at 25°C and washed by resuspending the cells in fresh mineral NOB media. This
was repeated until no nitrite or nitrate was detectable via nitrite/nitrate test strips (Nitrite test strips
MQuant®, Merck) in the culture. Subsequently, the cells were transferred to sterile 120 ml serum

bottles (triplicate experiments, 1 bottle per timepoint, 6 timepoints total) containing 50 ml NOB
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mineral salts medium with 0.5 mM sodium formate and no nitrite but 0.187 mM NH4Cl as nitrogen
source. Bottles were crimp sealed with a rubber stopper to allow monitoring of the gas headspace
and were incubated at 39°C in the dark. Following 24 hours of acclimation, 1 mM '*C-sodium
formate (Cambridge Isotopes Laboratories, MA, USA) was added to all incubations. At each
timepoint (before addition, 15, 30, 60, 180, 300 minutes) the isotopic composition of the gas
headspace was measured using GC-MS and subsequently bottles corresponding to a given
timepoint were sacrificed for metabolomics analysis. Bottle contents were filtered at a given
timepoint using a vacuum pump and metabolites were extracted using -80°C extraction solvent
(40:40:20 acetonitrile:methanol:water) as described above.

For growth experiments, N. moscoviensis cells from a membrane bioreactor were harvested
and washed until no nitrite or nitrate was detectable via nitrite/nitrate test strips (Nitrite test strips
MQuant®, Merck) (see above). The cells were transferred to sterile 120 ml serum bottles with 50
ml NOB mineral media containing 0.187 mM NH4Cl as nitrogen source and a pH of 6.6, 7 or 7.7
adjusted using 1 M KHCO3 and were sealed with a rubber stopper. The experiment was performed
in duplicates (per pH value and substrate) and 5 mM sodium nitrite or 5 mM sodium formate were
added to the incubations as sole energy source. Growth was monitored for 7 days using optical

density measurements at wavelength 600 nm.

4.4.6 Metabolomic analysis

Samples were analysed using a high-performance HPLC-MS system consisting of a Vanquish™
UHPLC system (Thermo Scientific) coupled by electrospray ionization (ESI; negative polarity) to
a hybrid quadrupole high-resolution mass spectrometer (Q Exactive Orbitrap, Thermo Scientific)
operated in full scan mode for detection of targeted compounds based on their accurate masses.

Properties of Full MS—SIM included a resolution of 140,000, AGC target of 1E6, maximum IT of
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40 ms and scan range from 70 to 1,000 m/z. LC separation was achieved using an ACQUITY
UPLC BEH C18 column (2.1 x 100 mm column, 1.7 pm particle size; part no. 186002352; serial
no. 02623521115711, Waters). Solvent A was 97:3 water:methanol with 10 mM tributylamine
(TBA) adjusted to pH 8.1-8.2 with 9 mM acetic acid. Solvent B was 100% methanol. Total run
time was 25 min with the following gradient: 0 min, 5% B; 2.5 min, 5% B; 5 min, 20% B; 7.5 min,
20% B; 13 min, 55% B; 15.5 min, 95% B; 18.5 min, 95% B; 19 min, 5% B; 25 min, 5% B. Flow
rate was 200 ul min~!. The autosampler and column temperatures were 4°C and 25 °C,
respectively. Mass isotopomer distributions were corrected for natural abundance using the
method of Su et al., (2017)> and '*C enrichment values were calculated using the formula
(1/N) XN Mi x i, where N is the number of carbon atoms in the metabolite and M;i is the

fractional abundance of the i mass isotopomer.

4.4.7 GC-MS analysis of dissolved inorganic carbon isotopic fractions

Isotopic fractions of dissolved inorganic carbon in the liquid media were measured based on a
modified headspace method*. 3 ml of liquid culture were collected from the bioreactor with a
syringe and directly filtered through a 0.45 pum filter and 26G needle into a 120ml bottle containing
1 ml 6 M HCI (strong acid) crimp sealed with a rubber stopper. Prior to adding the liquid sample,
bottles and HCI were flushed with either 100% N> or Ar gas to void the headspace of background
COa». Samples were equilibrated with the acid in the bottles for at least 1 hour at room temperature
to drive all dissolved inorganic carbon into the gas phase. 50 ul gas samples were then collected
in a gas tight syringe with a needle (Hamilton) from the bottle’s headspace and the isotopic
fractions of '>CO; and '3CO, were determined using a gas chromatograph (Agilent 6890 equipped
with 6 ft Porapak Q and molecular sieve columns) coupled with a mass spectrometer (GC-MS)

(Agilent 5975C GC MSD; Agilent, Santa Clara, CA).
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4.4.8 Supplementary Materials

Supplementary Dataset 1. iNmo691 model reactions, metabolites, and biomass equation.
Supplementary Dataset 2. Flux balance analysis solutions for the model simulations performed
in this study.

Supplementary Dataset 3. Metabolite mass isotopomer distributions and '*C enrichment values

from the 1*C-bicarbonate and '3C-formate isotope tracer experiments.

Supplementary materials can be found online at:

https://github.com/celawson87/phdthesis/tree/master/chapter4
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5.0 Abstract

Anaerobic ammonium oxidation (anammox) represents one of the most energy-efficient processes
for the removal of nitrogen from wastewater. The performance of the anammox process in
engineered ecosystems depends on the metabolic interactions between several functional guilds,
including ammonia and nitrite-oxidizing bacteria (AOB and NOB, respectively), denitrifying
bacteria, and anammox bacteria. Members of the genus Nitrospira were traditionally perceived to
be strict NOB, but some species have recently been shown to be capable of complete ammonia
oxidation to nitrate (or “comammox”). While the role of comammox Nitrospira in wastewater
treatment remains largely unknown, they are expected to compete with anammox bacteria for
ammonia or nitrite, based on their ability to use both substrates for energy conservation. However,
recent findings demonstrate that both anammox and comammox organisms can co-occur in close
association under low dissolved oxygen conditions, presumably as cooperators. Here, we use
genome-scale dynamic modeling to investigate the metabolic interactions driving cooperation and
competition between comammox Nitrospira and anammox bacteria affiliated with Brocadia under
various oxygen conditions. We also use metagenomic and metaproteomic analysis to generate
hypotheses on their interactions with heterotrophs. Our simulations show that when comammox
Nitrospira’s growth is limited by oxygen uptake they perform incomplete nitrification and can
cooperate with anammox bacteria to effectively cycle ammonia to dinitrogen gas. Moreover,
nitrate produced by anammox bacteria can be used by comammox Nitrospira as a terminal electron
acceptor resulting in nitrite comproportionation, further reducing oxygen requirements for
ammonia removal. We also show that co-occurring heterotrophs encode genes for denitrification
and express enzymes involved in the uptake of amino acids and peptides, which may be produced

by Nitrospira and Brocadia. Our models provide valuable tools for exploring the metabolism of
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nitrogen cycling microbial communities and suggest that microbiomes containing comammox
Nitrospira and Brocadia could form efficient partial nitritation-anammox processes for

mainstream wastewater treatment.

5.1 Introduction

Anaerobic ammonium oxidation (anammox) represents one of the most energy-efficient and cost-
effective processes for the removal of nitrogen from wastewater. In practice, the process is
commonly coupled to nitritation, where aerobic ammonia-oxidizing bacteria (AOB) first convert
approximately 50% of the ammonium to nitrite using oxygen as a terminal electron acceptor,
followed by anammox bacteria that anaerobically oxidize the remaining ammonium to nitrogen
gas using nifrite as a terminal electron acceptor (termed partial nitritation-anammox, PNA)'2. A
diverse group of other nitrogen cycling organisms, including nitrite-oxidizing bacteria (NOB) and
denitrifying heterotrophic bacteria, are also present in PNA processes®*. These organisms often
compete with anammox bacteria for nitrite, but in some cases may cooperate with them; for
instance, by creating a “nitrite-nitrate loop”**. Thus, operation of PNA processes requires balanced
activity between these functional guilds to maintain stable performance.

A particular operational challenge for PNA systems has been suppressing the activity of
Nitrospira-affiliated NOB that compete for nitrite with anammox bacteria®>>%’. Common
strategies for NOB suppression include biomass segregation, as NOB prefer smaller granules/flocs
with lower mass transfer limitations compared to anammox bacteria®’, and/or intermittent aeration
with low dissolved oxygen control'. While these strategies have had reasonable success in
controlling NOB activity in systems treating high-strength ammonia wastewaters at higher

temperatures (e.g. anaerobic digestion centrate), control of NOB activity under mainstream
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treatment conditions remains a major challenge’-'°).

Recently, bacteria from the genus Nitrospira have been discovered that contain both
pathways for ammonia and nitrite oxidation and are capable of complete nitrification!-'2. These
organisms were predicted to exist prior to their discovery based on kinetic theory of optimal
pathway length, which postulated them to have a lower growth rate and higher growth yield than
canonical AOB'3, a theory recently confirmed with a pure isolate of Nitrospira inopinata'*. To
date, comammox Nitrospria have been detected in a range of mainstream nitrogen removal
systems!""1316 but so far have not been detected in sidestream PNA systems treating high strength
wastewaters!’, consistent with their preference for lower nitrogen loaded systems'>'4, While it is
expected that comammox Nitrospira would compete with anammox bacteria for ammonium under
mainstream conditions, van Kessel et al. (2015)'? have observed tight clustering and coexistence
between comammox Nitrospira and Brocadia-affiliated anammox bacteria in oxygen-limited
bioreactors'?. This suggests that comammox bacteria may cooperate, rather than compete with
anammox bacteria under certain conditions, although the mechanism behind this interaction
remains unknown.

Here, we use genome-scale dynamic modeling to evaluate environmental controls and
molecular mechanism underlying cooperation and competition between anammox and comammox
bacteria. Possible interaction mechanisms between anammox, comammox, and heterotrophic
organisms are also presented based on metagenomic and metaproteomic analyses. Our results
show that when ammonia uptake flux is limiting, comammox Nitrospira perform complete
nitrification and no nitrite is produced to support anammox bacterial growth. However, when
oxygen uptake flux is limiting, comammox bacteria only oxidize ammonia to nitrite, which can be

coupled with anammox for the complete removal of ammonium to nitrogen gas. We also show
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that heterotrophic bacteria in the community are likely denitrifiers that express transporters for
amino acid and peptide substrates possibly produced by anammox and comammox bacteria. We
conclude by discussing how these interactions could be used to design mainstream PNA

applications.

5.2 Results
5.2.1 Model reconstruction

The genome-scale metabolic network of Nitrospira nitrosa (iNsa694) and Brocadia sinica
(Bsi788) were reconstructed from the most recent N. nitrosa and B. sinica genome annotations
(NCBI WGS Project numbers NZ CZQAO1 and BAFNOI1, respectively), aided by reaction
annotations in the MetaCyc'® and ModelSEED databases available through the Department of
Energy Systems Biology Knowledgebase'®. The final reconstruction for Bsi788 contained 751
reactions, 710 metabolites, and 788 genes, whereas the final reconstruction for iNsa694 contained
672 reactions, 636 metabolites, and 694 genes. Reconstruction of N. nitrosa’s electron transport
chain was based on the recently reconstructed metabolism of N. moscoviensis (Chapter 4) for
nitrite oxidation pathways, together with models of aerobic ammonia oxidation pathways from
Nitrosomonas europaea for ammonia monooxygenase and hydroxylamine dehydrogenase®”
(Figure 5.1; Supplementary Dataset 1). Reconstruction of B. sinica’s energy metabolism was based
on current electron transport chain models for anammox bacteria (Figure 5.1; Supplementary
Dataset 1)*>"?2, whereas central carbon metabolism was reconstructed from genomic information
and recent '3C tracer studies (Chapter 3).

The biomass objective function for N. nitrosa was assumed to be the same as that

determined for N. moscoviensis (Chapter 4). Reconstruction of the biomass objective function for
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B. sinica was based on the measured biomass composition of the anammox bacterium Kuenenia
stuttgartiensis (Table 5.1 and Table 5.2)%3, as a B. sinica enrichment culture was not available, and

published fatty acid composition data®*.
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Figure 5.1 - Electron transport chain models for Brocadia sinica and Nitrospira nitrosa. HDH,
hydrazine dehydrogenase; HZS, hydrazine synthase; NIR, nitrite reductase; NXR, nitrite
oxidoreductase; Cyt, cytochromes (red); ETM, electron transfer module; bc, cytochrome bc
complex (complex I1T); NDH, NADH:quinone dehydrogenase (complex I), Rnf, Rnf complex;
cytbd, terminal cytochrome c oxidase (complex IV); ATPase, ATP synthase; AMO, ammonia
monooxygenase; HAO, hydroxylamine dehydrogenase.



Table 5.1 - Anammox biomass composition

Molecule Average Std Dev
(% DW) (% DW)
RNA 2 0.04
DNA 1 n.d.
Proteins 75 2
Carbohydrates 10 2
Lipids 15 2
Inorganics 5 n.d.

Table 5.2 - Anammox biomass amino acid composition

Amino Mass Std Dev

Acid (umol/mgDW) (umol/mgDW)
Ala 375 39
Arg 279 57
Asp 130 10
Glu 107 8
Gly 779 117
His 42 8

Ile 268 43
Leu 393 55
Lys 155 44
Met 219 58
Phe 205 43
Pro 460 96
Ser 436 94
Thr 381 87
Tyr 19 8
Val 438 76

138

Notes: Biomass and amino acid composition based on measurements of the anammox bacterium

Kuenenia stuttgartiensis assumed to be comparable to B. sinica. DW = biomass dry weight.

5.2.2 Oxygen-limited growth promotes incomplete nitrification by comammox bacteria

We first examined the growth of N. nitrosa in isolation to understand the environmental parameters

controlling complete nitrification (ammonia oxidation to nitrate) versus incomplete nitrification



139

(ammonia oxidation to nitrite). We hypothesized that oxygen-limiting conditions would result in
nitrite production over nitrate, as these conditions appeared to favor anammox-comammox
cooperation in situ'?. Therefore, three scenarios were examined using flux balance analysis to
explore N. nitrosa growth and end-product formation: Case 1) ammonia-limited growth, Case 2)
oxygen-limited growth, and Case 3) oxygen-limited growth with nitrate present in the media. FBA
simulations were performed on minimal media, where either the ammonia (Case 1) or oxygen

(Case 2 and 3) uptake flux was constrained to be limiting (see Figure 5.2 notes for details).
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Figure 5.2 - Complete versus incomplete nitrification FBA predictions for N. nitrosa. Model
constraints on substrate uptake were: Case 1 — ammonia limiting) NH3 = -6.4 mmol gDW-!
hr! (Viax), O2 =-50 mmol gDW-! hr-l. Case 2 — oxygen limiting) NH3 = -6.4 mmol gDW-! hr-
U (Vimax), O2 = -6 mmol gDW-! hr'!, Case 3 — oxygen limiting + nitrate) NHz = -6.4 mmol gDW-
Uhr! (Viwa), O2 = -6 mmol gDW-! hr'!, NO3" = -50 mmol gDW-! hr'!. Maximum specific
ammonium uptake rate (Vua) for N. nitrosa was assumed to be equal to N. inopinata'®. *

indicates negative flux values.

During ammonia-limited growth (Case 1), FBA simulations predicted that N. nifrosa would

oxidize ammonia completely to nitrate (Figure 5.2). This serves to maximize N. nitrosa’s growth
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rate because more energy can be generated through proton translocation from both the cytochrome
bc complex (net 4 H") and the terminal oxidase (net 2 H") (Figure 5.3A). However, during oxygen-
limited growth (Case 2), FBA simulations predicted that N. nifrosa would oxidize ammonia
incompletely to nitrite (Figure 5.2). Analysis of the flux distribution through the electron transport
chain allowed us to infer a mechanism for this incomplete nitrification phenotype (Figure 5.3B).
When oxygen is limiting, N. nitrosa must efficiently use oxygen for two reactions of the electron
transport chain: at the ammonia monooxygenase (AMO) and the terminal oxidase. Our flux
analysis showed that using oxygen for these reactions to oxidize only ammonia is more favorable
than using additional oxygen at the terminal oxidase to convert nitrite to nitrate. This is because
more net energy is conserved per mol oxygen consumed when ammonia is oxidized to nitrite (net
3.3 H" per mol O») than complete oxidation to nitrate (net 3.0 H+ per mol O,) (Figure 5.3). Thus,
under oxygen-limited growth, incomplete nitrification is favoured because it maximizes M.
nitrosa’s growth rate and energy yield per oxygen consumed, generating nitrite that could be used
for anammox bacterial growth.

Since anammox bacteria produce nitrate during growth?®, a final case evaluated with FBA
was oxygen-limited growth of N. nitrosa with nitrate available in the media as an additional
terminal electron acceptor (Case 3). Under these conditions, FBA predicted higher growth rates
for N. nitrosa compared to oxygen-limited growth without nitrate available (Figure 5.2). Flux
analysis revealed that under this scenario a new phenotype emerges, where all the oxygen is used
by AMO to produce hydroxylamine, and nitrate is used as the sole terminal electron acceptor via
reversal of the nitrite oxidoreductase (NXR) (Figure 5.3). This phenotype is predicted to maximize
nitrite production via nitrite comproportionation, which could further benefit the growth of

anammox bacteria though a “nitrite-nitrate” loop mechanism if grown together in co-culture.



141

| | |
Extracellular
HAO A Case 1
H,0 + NH,OH s NO, + 5H

6.4] :

2H"+ 0O, NH, *46' NO, +H,0 NO, +2H*
H.O . 15 .
. 2 4H Cytc Cytc 4H nH*
Periplasm 6.4 58 .
2e Q 2e
2
AMO oH, 47| o1 cytbd
Cytoplasm
6H*/20,=3 H" net 050,+2H" H,0

Extracellular

H,0 + NH,0H ——HAOL_ NO -+ 5H*

' 18 Case 2
2H*+ 0, NH, 148'
HZO 4H+ Cytc 1 H+
Periplasm 4.8 l 4.4
2e Q 2e
< —— —
AMO ( QH, D bet gyt
Cytoplasm (4.4)

5H*/1.50,=3.3 H* net

050,+2H" H,0

Extrac;ellul'ar ?
1 HAO

H,0 + NH,OH s NO, + 5H* Case 3
6.4] 2
2H"+ 0O, NH, * 4o NO, +H,0 NO,+2H*
Hzo 4H Cth Cytc 4H* e
Periplasm N 6.4 V - 6.0
2e Q 2‘)
— thd

AMO QH, bet i NXR

Cytoplasm ADP
4H[10,=4H* net

Figure 5.3 - Flux distributions through electron transport chain during complete nitrification

(Case 1, Top), incomplete nitrification (Case 2, Middle), or nitrite comproportionation (Case
3, Bottom) by N. nitrosa.
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5.2.3 Oxygen uptake rate balances activity between comammox and anammox bacteria

To evaluate how oxygen and ammonia availability influence the interactions between anammox
and comammox bacteria, we next simulated their growth in co-culture using dFBA. Batch
experiments were simulated using the reconstructed genome-scale models (iBsi788 and iNsa694)
with Monod kinetic terms, where individual genome-scale models were integrated into a dynamic
multi-species framework that enabled simulation of batch reactor nutrient profiles, metabolic
fluxes, and interspecies interactions (see methods). Consistent with predictions of N. nitrosa
growth in isolation, when ammonia was limiting, N. nitrosa performed completed nitrification
resulting in nitrate production over nitrite (Figure 5.4A). This prevented the growth of B. sinica
because no nitrite was available for anammox. However, in simulations where oxygen was limiting
growth, dFBA predicted that ammonia could be completely removed from the system as nitrogen
gas (Figure 5.4B). Flux distributions predicted that when in co-culture with B. sinica under oxygen
limited growth, N. nitrosa performed nitrite comproportionation, oxidizing ammonia to nitrite and
also reducing the nitrate produced by B. sinica to nitrite (Figure 5.4B). Because nitrate production
by B. sinica was not sufficient to support all ammonia oxidation, some oxygen was also used as a
terminal electron acceptor by N. nitrosa in addition to nitrate.

The magnitude of the oxygen uptake rate by N. nitrosa was also predicted to impact
interactions with B. sinica. Because the maximum specific ammonia uptake rate of N. nitrosa is
higher than B. sinica (6.40 vs 2.95 mmol gDW-! hr'!), model simulations showed that tapering the
oxygen uptake rate of N. nitrosa such that nitrite production was balanced with consumption by
B. sinica was critical. If the oxygen uptake rate was too high, simulations showed that nitrite would
accumulate in the media, which is known to inhibit anammox growth?® (Figure 5.4C). Moreover,

simulations showed that if ammonia was consumed too quickly, N. nitrosa would subsequently
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compete with anammox bacteria for the accumulated nitrite (Figure 5.4C). Thus, our analysis
suggests that precise control of N. nitrosa’s oxygen uptake rate is important for balancing nitrite

production for B. sinica and maximizing the conversion of ammonia to dinitrogen gas.
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Figure 5.4 - Impact of oxygen uptake flux on comammox-anammox interaction determined
via dFBA. Plots show (top) model exchanges fluxes, (middle) batch reactor nutrient profiles,
and (bottom) batch reactor biomass concentrations. V. nitrosa maximum specific uptake
rates for ammonia and nitrite were 6.40 and 8.45 mmol gDW-! hr!, respectively. V. nitrosa
half saturation constants for ammonia and nitrite were 0.049 and 372 pM respectively. B.
sinica maximum specific uptake rates for ammonia and nitrite were 2.95 and 4.00 mmol
gDW-! hr'l, respectively. B. sinica half saturation constants for ammonia and nitrite were 28
and 34 pM respectively. Allowable O uptake flux (A) 50 mmol gDW-! hr'!, (B) 1 mmol gDW-
Thr!, (C) 7 mmol gDW-! hrl.
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5.2.4 Potential functions and interactions of denitrifying heterotrophic bacteria

The initial bioreactor containing comammox and anammox bacteria was also observed to
contained diverse heterotrophic bacteria, as many of the metagenomic contigs from the reactor
belonged to taxonomic groups known to contain heterotrophs, such as the Proteobacteria,
Bacteroidetes, Chloroflexi, Firmicutes, and Planctomycetes'?. Therefore, we recovered
metagenome-assembled genomes (MAGs) of five abundant putative heterotrophic bacteria from
the comammox-anammox reactor and reconstructed their metabolism to explore their potential
function and interactions in the microbiome. We also generated a metaproteome of this
microbiome growing on defined autotrophic media to examine functions that were highly
expressed by the community.

Table 5.3 shows five of the most abundant heterotrophic MAGs that were recovered via
metagenomic binning. These MAGs spanned diverse taxonomic groups, including the orders
Rhizobiales (PRO1), Planctomycetales (PLA1 and PLA2), Deferribacterales (DEF1), and the
phylum Cyanobacteria (CYA1) and represented high-quality draft genomes?’. Metabolic
reconstruction showed that none of these organisms contained known CO, fixation pathways
(Supplementary Data 2), suggesting that they acquired organic substrates from autotrophic
bacteria, such as Nitrospira or Brocadia, in the reactor. All genomes encoded enzymes involved
in denitrification and two (PLA2 and DEF1) encoded genes for dissimilatory nitrite reduction to
ammonia mediated by cytochrome ¢ nitrite reductase (Figure 5.5; Supplementary Data 2). This
indicated that these organisms likely performed denitrification in the reactor. Interestingly, only
one genome (PROI1) encoded the full denitrification pathway (nitrate to dinitrogen gas), while
others encoded specific steps in denitrification. For example, PLA1 only encoded nitrous oxide

reductase, whereas CY A1 encoded respiratory nitrate reductase and nitric oxide reductase (Figure
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5.5). This is consistent with other nitrogen cycling reactors that found denitrification steps
distributed across multiple organisms >4,

The MAGs encoded genomic potential to use formate, acetate, and H» as electron donors
that could fuel denitrification (Figure 5.5). PRO1, PLA1l, and DEF1 encoded formate
dehydrogenase that oxidizes formate to CO> reducing NAD™, whereas PLA1, DEFI1, and CYAL1
encoded NiFe hydrogenase that catalyzes NAD+-dependent H, oxidation to H* (Figure 5.5). PLA1
also encoded a bifurcating Ech hydrogenase that may allow ferredoxin-dependent energy
conservation or be used to reduce ferredoxin?®%°. Genes for acetate assimilation to acetyl-CoA
mediated by acetyl-coA synthetase were found in PLA2, DEF1, and CYAI1, whereas genes
encoding acetate kinase and phosphate acetyltransferase were found in PRO1 and DEF1. PROI,
DEF1, and CYAI also encoded malate synthase and isocitrate lyase of the glyoxylate cycle, which
would allow these organisms to use acetate as a sole carbon source.

In addition to these simple substrates, all MAGs encoded a large number of transporters for
amino acids, peptides, oligopeptides, dicarboxylic acids, and sugars (Supplementary Dataset 2). In
particular, the most abundant heterotroph (PRO1) encoded a multitude (>75) of transporters
involved in amino acid and peptide transport, suggesting that these were key substrates for these
organisms. Consistent with this, PRO1 peptides assigned to enzymes involved in amino acid and
peptide transport (e.g. oligopeptide transporters, branched chain amino acid transporters) were
among the most abundant in the metaproteome (Table 5.4; Supplementary Dataset 3). This
suggests that scavenging of amino acids and peptides derived from anammox and comammox
bacteria present in the extracellular polymeric matrix and/or from cell turnover may be a key
carbon and energy source for these organisms, as proposed for heterotrophs in other anammox

systems®.
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Table 5.3 — Metagenome-assembled genome statistics

GC
(%o)

size #
(Mbp) Contigs

Bin Complete Redundant
ID (%) (%)

Cov

Taxonomy

PROI1 99 1 5.34 34 64.5

PLAI 95 1 5.07 171 66.4

PLA2 99 1 5.86 118 62

DEF1 96 2 6.70 45 51.5

CYAl 94 6 6.76 51 50.6

76

73

58

56

37

Bacteria;
Proteobacteria;
Alphaproteobacteria;
Rhizobiales

Bacteria;
Planctomycetes;
Planctomycetia;
Planctomycetales;
Planctomycetaceae

Bacteria;
Planctomycetes;
Planctomycetia;
Planctomycetales;
Planctomycetaceae

Bacteria;
Deferribacteres;
Deferribacteres;
Deferribacterales;
Caldithrix

Bacteria;
Cyanobacteria

Notes: Cov = Coverage in metagenome.
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Figure 5.5 - Presence of denitrification genes and genes involved in formate, acetate, and
hydrogen metabolism encoded across the analyzed MAGs. NAR, respiratory nitrate
reductase; NAP, periplasmic nitrate reductase; ccNIR, ammonia-forming cytochrome c
nitrite reductase; NIR, nitric oxide-forming nitrite reductase; NOR, nitric oxide reductase;
NOS, nitrous oxide reductase; FDH, formate dehydrogenase; ACS, acetyl-CoA synthetase;
ACK, acetate kinase; HDH, hydrogenase. All annotated open reading frames for each MAG
can be found in Supplementary Dataset 2.
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Organism # Unique Avg. Annotation
Peptides Mass (Da.)
PRO1 14 59,606 Oligopeptide ABC transporter
PRO1 12 48,700 Alpha-glucoside ABC transporter
PRO1 12 58,294 ABC transporter
PRO1 11 36,652 Sulfate transporter subunit
Brocadia 10 59,787 Hydroxylamine oxidoreductase
PRO1 10 26,632 Electron transfer flavoprotein subunit beta
PRO1 10 36,575 Amino acid ABC transporter
PRO1 9 33,873 Serine dehydratase
PRO1 9 38,080 Branched chain amino acid ABC transporter
N. nitrosa 9 35,201 Uncharacterized protein
PRO1 9 58,208 Uncharacterized protein
PRO1 9 35,695 Thiamine ABC transporter
PRO1 8 36,846 Serine protease
PRO1 8 40,738 Uncharacterized protein
PRO1 8 32,878 Amino acid ABC transporter

Note: full list of peptides can be found in Supplementary Dataset 3.

5.3 Discussion

Although comammox bacteria have only recently been discovered, understanding their

contribution to and potential benefits for wastewater treatment has received considerable

interest'®!73%, Our results show that microbiomes containing comammox Nitrospira and anammox

bacteria could result in high nitrogen removal via PNA and that strict control of oxygen uptake by

comammox Nitrospira is a key parameter controlling cooperation between these functional guilds.

The coupling of comammox and anammox to achieve PNA would require even less oxygen than

current PNA systems containing AOB, as the nitrate produced by anammox could be used as an

electron acceptor by comammox, resulting in nitrite comproportionation. This may encourage the

close spatial association between comammox and anammox bacteria in granules or flocs, as



149

observed by van Kessel et al. (2015)'2, limiting the opportunity for canonical Nitrospira or other
NOB to compete for nitrite. However, this requires further experimentation.
Recent studies have suggested that comammox bacteria, in particular N. nitrosa, may be

well adapted to low DO conditions!®-31-32

although other studies have been unable to draw such
correlations'”. Moreover, comammox Nitrospira are predicted to be adapted to lower ammonia
concentrations based on their recently estimated ammonia affinities'* and have also been observed
to be more abundant in reactors with long solids retention times (SRT)!732, Therefore, in addition
to maintaining the oxygen-limited growth conditions predicted from our modeling analysis, we
expect that designing systems with a low ammonia-to-microorganism ratio associated with a high
SRT will also be important for achieving mainstream PNA with comammox-anammox
microbiomes.

Overall, our model simulations highlight key mechanisms that may be involved in
promoting cooperation between comammox and anammox bacteria. These models represent novel
tools for the hypothesis-driven exploration of interactions between microorganisms in nitrogen
cycling communities that may also be used to improve wastewater treatment bioprocess design.
Further efforts to improve the models could include experimental validation of the reconstructed
metabolic networks using genetic or fluxomic tools, as well as additional parameter estimation for
Monod kinetic terms, such as oxygen half-saturation constants. We anticipate that incorporation
of genome-scale models for heterotrophic denitrifiers identified here and elsewhere®*, as well as
previously published models for AOB and NOB?® (Chapter 4), into a dynamic modeling
framework could predict the complete nitrogen-cycling transformations occurring in engineered

ecosystems and the environment.
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5.4 Materials and Methods

5.4.1 Cultivation of comammox-anammox enrichment co-culture on defined media

The comammox-anammox enrichment culture was inoculated with biomass from the comammox-
anammox microbiome originally derived from an aquaculture trickling filter as described in van
Kessel et al. (2015)'2. The enrichment was cultivated using a sequencing batch reactor with the
following 12-hour cycle: 11 hours influent filling, 15 minutes settling, 35 minutes effluent
withdrawal, 10 minutes idling. The 5 L reactor (working volume) was feed 1.5 L of autoclaved
media per day with the following composition (per 10 L): 580 mg NaCl, 2000 mg MgSO4-7H-0,
2940 mg CaCl,-2H>0, 285 mg KH>PO4, 500 ug H3BO3, 700 pg ZnCl,, 726 pg Na;MoO4:2H-0,
200 pg CuCl2-2H>0, 240 pg NiClx-6H>0, 800 pg CoCl2-6H20, 20 mg FeSO4-7H20, 4 ml NH4Cl
(1 M), 3.6 ml NaNOz (1 M), and 2.5 ml NaNOs3 (IM). The reactor and media were continuously
sparged with 10 ml/min Argon/CO; (95/5%) to minimize oxygen inflow and was maintained at

room temperature at pH 7 using a KHCO3 buffer.

5.4.2 Biomass composition analysis

Kuenenia stuttgartiensis biomass was centrifuged (10,000 rpm, 15 mins, 4°C) to obtain cell pellets,
which were subsequently freeze-dried prior to analysis. Total protein concentration was
determined using the Pierce™ BCA Protein Assay Kit (ThermoFisher Scientific) and amino acid
composition was determined according to Carnicer et al. (2009)* using a Varian 920-LC high
performance liquid chromatography amino acid analyzer. Total carbohydrates were determined
using the phenol-sulphuric acid method**. Total lipid content was determined via the sulfo-
phospho-vanillin reaction®> and lipid composition for B. sinica was taken from Rattray et al.,

(2008)%*. Total RNA and DNA content was determined according to Benthin et al. (1991)3. Total
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inorganic content was determined by combustion of freeze-dried biomass in an oven at 550°C for

12 hours.

5.4.3 Genome-scale model reconstruction and analysis

The genome-scale metabolic models of N. nitrosa (iNsa694) and B. sinica (Bsi788) were
reconstructed from the NCBI’s genome sequences for N. nitrosa and B. sinica (NCBI WGS Project
number NZ CZQAO1 and BAFNO1, respectively) using the Model SEED pipeline’” implemented
in KBase!’, followed by manual curation using the MetaCyc database'® and available
literature?!2>38:3 (Chapters 3 & 4). The model was gap-filled manually through the addition of
reactions not annotated in the genome to ensure that all biomass components could be produced
on minimal media with supplementary ammonia and nitrite. Growth and non-growth associate
maintenance energy requirements for B. sinica were estimated by fitting these parameters to the
measured maximum specific growth rate and specific ammonia uptake rate*’. The biomass
equation for N. nitrosa was assumed to be the same as N. moscoviensis (Chapter 4), whereas B.
sinica’s biomass equation was derived from biomass composition measurements of the anammox
bacterium K. stuttgartiensis (Table 5.1 and Table 5.2), as no enrichment culture of B. sinica was
available. The models were formulated in Systems Biology Markup Language (SBML) level 3
version 1.0 and are available in the supplementary materials. Parsimonious flux balance analysis

(pFBA)*!' was used to simulate in silico growth by solving the following linear program:

Min Z [v]

j€Ereactions
s.t.
Max Vbiomass

s.t.
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SUUJ=0

Umin < vj < Umax

where Vpiomass 18 the flux through the biomass objective function, § is the stoichiometric matrix
generated from the reconstruction with rows representing metabolites (i), columns representing
reactions (j), and entries representing metabolite stoichiometric coefficients, v is the vector of
steady-state reaction fluxes, and Vi, and vpax are the minimum and maximum allowable reaction
fluxes.

Dynamic flux balance analysis (dFBA)* was used to simulate growth of N. nitrosa and B.
sinica in co-culture, based on a dynamic multi-species metabolic modeling framework®.

Differential equations for the growth rate (dX/dt) of each organism in the community was given

by:

]
— = u.X
ac M

Where X; and y; are the biomass concentration and specific growth rate, respectively, of the j

organism in the community. The consumption or production rate (dS/dt) of each metabolite (i.e.

ammonia, nitrite, nitrate, and dinitrogen gas) in the environment was given by:

a5 —ZN v/x
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Where V7 is the specific consumption/production rate of the i metabolite consumed/produced by
the j” organism in the community. u; and V7 are calculate using FBA based on the linear program
presented in Equation 1. A Monod kinetic model was used to calculate the FBA constraint on

allowable substrate uptake given by:

[S:]

v < v/ ——
Ks + [Si]

i — Yimax

Where Vi, max 1s the maximum specific substrate uptake rate, Ky is the substrate half-saturation
coefficient, and [S;] is the substrate concentration. FBA Flux balance analysis was performed in
Python version 3.7.2 using the COBRApy package**. All code used for dFBA simulations can be

found in the supplementary materials.

5.4.4 Metagenomic analysis

Metagenomic DNA used for analysis was extracted and sequenced as described in van Kessel et
al. (2015). Paired-end Illumina reads were quality filtered using FastQC (http://www.bioinformati
cs.babraham.ac.uk/projects/fastqc/) and assembled using metaSpades version 3.10.14°. Reads were
mapped to resulting contigs using bowtie2*® to determine coverage. Automated binning with
Metabat*’, Concoct®®, MaxBin2*°, BinSanity>’, and COCACOLA>' using differential coverage
was then performed and the best bins were selected using DAStool*2. CheckM version 1.0.8 was
used to determine bin completeness, redundancy, and taxonomy>3.

Metabolic reconstruction of the analyzed bins was performed using MetaPathways v2.5%%,
Briefly, ORFs were predicted using Prodigal v2.0°°, based on a minimum nucleotide length of 60,

and queried against the SEED subsystems (accessed March 2013), Clusters of Orthologous Groups
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(COQG, accessed December 2013), RefSeq (accessed January 2017) and MetaCyc (accessed
October 2011) protein databases using the optimized LAST algorithm (E value, 1E-6) for
functional annotation®. Contig nucleotide sequences were also queried against the SILVA small

subunit (SSU) 123 database to identify the taxonomy of recovered 16S rRNA genes.

5.4.5 Metaproteomic analysis

Proteins were extracted from bioreactor cell pellets by bead beating using glass beads (acid,
washed, 0.1 mm diameter) in a suspension containing B-PER reagent (Thermo Scientific,
Germany) and TEAB buffer (50 mM TEAB, 1% (w/w) NaDOC at pH 8). Following DTT
reduction and alkylation using iodo acetamide (IAA) protein extracts were subject to proteolytic
digestion using trypsin. Resulting peptides were purified by solid phase extraction using an Oasis
HLB 96 well plate (Waters, UK), according to the manufacturer protocols. The purified peptide
fraction was analysed via a one-dimensional reverse phase separation (Acclaim PepMap RSLC
RP C18, 50 pm x 150 mm, 2um, 100A) coupled to a Q-Exactive plus Orbitrap mass spectrometer
(Thermo Scientific, Germany) operating in data dependent acquisition mode (DDA, shot-gun
proteomics). The flow rate was maintained at 300 nL/min over a linear gradient from 5% to 30%
over 90 minutes and finally to 75% solvent B over 25 minutes. Solvent A was H>O containing
0.1% formic acid, and solvent B consisted of 80% acetonitrile in H,O and 0.1% formic acid. The
Orbitrap was operated in DDA mode acquiring peptide signals form 350-1400 m/z, where the top
10 signals (with a charge between 2-7) were isolated at a window of 2.0 m/z and fragmented using
a NCE of 30. The AGC target was set to 1e5, at a max IT of 54 ms and 17.5 K resolution. Protein
identification was determined from Tandem-MS data using PEAKS Studio X (BSI, Canada). All
peptide spectra were matched against a protein database generated from predicted open reading

frames from the metagenome assembly and all available draft genomes of anammox bacteria.
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5.4.6 Supplementary Materials

Supplementary Dataset 1. Model reactions, compounds, and biomass equations.
Supplementary Dataset 2. ORF annotations for MAGs analyzed in this study.
Supplementary Dataset 3. Peptides identified in the metaproteomic dataset from comammox-

anammox microbiome.

Supplementary materials can be found online at:

https://github.com/celawson87/phdthesis/tree/master/chapter5
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6.0 Abstract

Despite broad scientific interest in harnessing the power of Earth's microbiomes, knowledge gaps
hinder their efficient use for addressing urgent societal and environmental challenges. We argue
that structuring research and technology developments around a design-build-test-learn (DBTL)
cycle will advance microbiome engineering and spur new discoveries on the basic scientific
principles governing microbiome function. In this Review, we present key elements of an iterative
DBTL cycle for microbiome engineering, focusing on generalizable approaches, including top-
down and bottom-up design processes, synthetic and self-assembled construction methods, and
emerging tools to analyze microbiome function. These approaches can be used to harness
microbiomes for broad applications related to medicine, agriculture, energy, and the environment.
We also discuss key challenges and opportunities of each approach and synthesize them into best
practice guidelines for engineering microbiomes. We anticipate that adoption of a DBTL
framework will rapidly advance microbiome-based biotechnologies aimed at improving human

and animal health, agriculture, and enabling the bioeconomy.

6.1 Introduction

Microbial communities have seemingly limitless capabilities, driving Earth’s biogeochemical
cycles and occupying every environmental niche!?. Engineers and scientists have tapped into this
power for a long time; for example, by manipulating soil microbiomes to increase crop
productivity®, by stimulating naturally-occurring or introduced microbiomes to remediate
contaminated groundwater®, or by building reactor microbiomes to recover valuable resources
from wastewater’. Although these accomplishments highlight the valuable functions of

microbiomes, the vast majority of the microbial world’s transformative capabilities have yet to be
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unlocked and harnessed. Recent insights driven by DNA sequencing have shed light on the high
genetic diversity of not-yet-cultured microorganisms and their crucial roles in diverse
ecosystems®’, providing a window on potentially novel biotechnology applications.

In recognition of this unlocked potential, funding agencies and the international science
community have called for a global effort to advance microbiome research®®. These initiatives
have recognized the need for microbiome science to move beyond descriptive studies, and
embrace a systems approach that generates the mechanistic, predictive, and actionable
understanding that enables rational microbiome engineering®. However, achieving this transition
is hindered by the lack of tractable experimental systems that permit the detailed functional
investigation of microbiomes, the large pool of microbiome gene and metabolite functions that
remain unknown!?, the many uncharacterized interactions (for example, syntrophy) between
microorganisms'!, inadequate tools to accurately measure and simulate microbiome functions
across time and space, and the limited availability of approaches to precisely manipulate
microbiome structure and function.

Integrating basic scientific discovery with engineering can overcome these challenges and develop
innovative solutions that support sustainable natural resources management and human and animal
health. In particular, engineering approaches can be used to create experimental systems that
permit the testing of conceptual knowledge and extraction of new knowledge that advances
microbiome research. To accelerate both scientific discovery and translation into innovative
solutions, we propose that microbiome engineering adopt an iterative design-build-test-learn
(DBTL) cycle to structure research and the technology development process. This cycle involves
developing an initial microbiome design or preliminary model system to achieve a defined

engineering goal, building the microbiome, testing its function against a set of specified metrics to
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determine whether the design-build solution(s) produced the design objective (i.e. establish

causation), learning what worked, what did not (and why), and incorporating new knowledge into

the decision making process of subsequent DBTL cycles (Figure 6.1). This approach has been used

successfully in manufacturing'?, metabolic engineering!®, and entrepreneurship (‘build, measure,

learn’)'4, and could rapidly advance our ability to develop much needed tools and design concepts

for harnessing microbiomes, delivering innovative solutions and advancing scientific knowledge.
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produces an engineered microbiome that performs the desired function(s).
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In this Review, we present key elements of an iterative DBTL approach that can be
implemented to advance the rational engineering of microbiomes for functions that benefit society.
We review diverse approaches to harness microbiomes in medical, agricultural, energy, and
environmental applications, and identify current challenges and opportunities associated with
implementing each DBTL phase. Finally, we discuss how the DBTL cycle can be applied to build
model systems to establish basic principles of microbial ecosystems and provide an outlook on the

frontiers of microbiome engineering.

6.2 Designing microbiomes

Because of the high complexity and limited understanding of molecular-scale microbiome
processes, microbiome design has conventionally followed a top-down approach. This approach
tries to predict how ecosystem-level controls can create a microbiome with desired functions.
However, recent advances in multi-omics have provided opportunities to design microbiomes from
the bottom-up by predicting how the control of metabolic networks and their interactions can
create a microbiome with desired functions. Combined, these approaches offer complementary
strategies to design microbiomes for specific engineering goals, ranging from sustainable

wastewater treatment to curing microbiome-associated human diseases.

6.2.1 Top-down design

Rather than deciding which organisms and detailed metabolic pathways to use a priori, the top-
down approach uses carefully selected environmental variables (such as certain substrate loading
rates, mean-cell retention times, and redox conditions) that force an existing microbiome (naturally
occurring or inoculated) through ecological selection to perform the desired biological processes

(or ‘metaphenotypes’’®) (Figure 6.2). Here, ‘top’ refers to the ecosystem in which the desired
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biological process occurs and top-down design denotes the methods used to predict how
manipulation of the ecosystem’s physical, chemical, and biological processes (that is, ecosystem
processes) obtains the desired function. Predicting how to manipulate an ecosystem is informed
by principles of ecological engineering'® (also known as microbial resource management!” or
microbial community engineering'®). This requires engineers to conceptualize the system as an
ecosystem model that captures system inputs and outputs, physicochemical conditions (pH,
temperature, redox potential, etc.), known abiotic and biotic processes, and environmental
variables, and how their manipulation may promote or inhibit the biological process(es) being
optimized'??°. Subsequently, mathematical modeling is used to perform mass balance analysis
around chemicals and relevant microorganisms in the system and simulate chemical and
biochemical transformation rates. These process-based models capture microbiome functions by
representing key physiological or functional guilds of microorganisms (such as methanogens,
fermenters, nitrifiers, or phototrophs) with specific stoichiometric (growth and product yields) and
kinetic parameters (maximum specific growth rate, substrate uptake rate, and substrate
affinity)?!?223, The models can also integrate equations describing the three-dimensional physical
transport processes (diffusion, advection, and dispersion) acting on chemicals and
microorganisms, which are especially important in spatially structured systems such as

biofilms*25,

6.2.2 Bottom-up design.

Although the conventional top-down design approach for microbiome engineering offers a

framework for macro-scale processes and has been widely successful for wastewater treatment?!

and bioremediation?, it often neglects the complex in situ metabolic networks driving microbial
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and linked chemical transformations?® and ignores processes that depend on intricate interactions
between community members; for example, syntrophic interactions through direct interspecies
electron transfer?’. As a consequence, molecular-scale microbiome processes are often ignored
during design, limiting system optimization through molecular-scale mechanistic insight. Recent
advances in multi-omics and automation technology (for example, in metagenomics and
microfluidics) have enabled researchers to develop bottom-up approaches and focus on
engineering the microbiome’s metabolic network and microbial interactions. Here, ‘bottom’ refers
to the metabolic networks of individual organisms in the microbiome (expressed from their
genomes) and ‘bottom-up design’ denotes the methods used to predict how metabolic flux through
these interacting networks obtains the desired function. The general design process is to obtain the
genomes of individual members of the microbiome®® (especially keystone species®®, when

3132 and use modeling®} and/or network analysis

known??), reconstruct their metabolic networks,
tools* to guide design (Figure 6.2). Existing constraint-based methods such as flux balance
analysis (FBA) provide a suitable framework for exploring which combinations of chemical
transformations are possible using quantitative models, in which individual populations’ reactions
and metabolites can be compartmentalized and metabolic fluxes within and between populations
can be simulated using optimality principles®’. These models can also simulate steady-state flux
distributions over time and space®®3” and can be integrated into process-based and/or individual-
based models® to predict metaphenotypes, self-organizing spatial patterns, and other emergent
behaviours. Such bottom-up tools provide the engineer with a computational framework to
systematically evaluate the metabolic networks driving biological processes and ecological

interactions, and a platform for rationally designing microbiomes with specific properties, such as

distributed pathways**#°, modular species interactions*!, community resistance and resilience*?
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and spatiotemporal organization*} that optimize ecosystem function and stability. However, the
majority of these bottom-up design examples are based on simple communities with model
organisms (such as Escherichia coli and Saccharomyces cerevisiae) that have engineered
dependencies. Therefore, extending these designs to systems with non-model organisms of tens to
hundreds of different species will require deeper insights into their metabolism and the principles

governing their interactions and higher-order behavior.
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Figure 6.2 - Top-down and bottom-up approaches to design microbiomes. The left panel
illustrates a bottom-up design workflow starting from pure isolates. Physiological
characterization of individual organisms is performed, and metabolic modeling is used to
design consortia for desired function (produce light blue compound from dark blue
compound). Genetic engineering and synthetic biology strategies are used to optimize system
function (identifying gene editing targets that re-route metabolic flux away from toxin
(purple) and towards desired product; designing of toxin reporter strain). The right panel
illustrates a top-down design starting with an inoculum containing uncultivated
microorganisms from the environment. Community characterization of mixed microbiome
is performed, and bioprocess modeling (mass balance analysis including kinetics and
microbial growth) is used to develop selection strategies to achieve desired function (produce
light blue compound from dark blue compound). Reactor engineering design is used to
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optimize system function. The middle panel shows an integrated top-down bottom-up design.
Combinations of uncultivated consortia and defined cultures are selected to achieve desired
functions. Community characterization is performed and microbiome modeling that
integrates process-based simulation with metabolic modeling is used to develop selection
strategies and analyze microbiome metabolic fluxes. The shapes of the microorganisms
represent different isolates or communities selected during design.

There are major challenges to implementing this bottom-up approach, including inaccurate
and/or incomplete metabolic network reconstructions, unknown functions of many genes, proteins,
and metabolites, poorly understood evolutionary pressures driving individual and community-
level phenotypes, and limited understanding of gene, metabolic, and ecosystem regulatory
schemes (for example, quorum sensing signal-response systems*}). These limitations lead to high
model uncertainty because key constraints on pathway stoichiometry and enzyme kinetics are
either inappropriate or missing, and objective functions fail to capture the true evolutionary drivers
of cell behavior®, ultimately leading to poor predictions of in situ phenotypes.

As a starting point for bottom-up design, core metabolic models that capture central carbon
and energy metabolism can be reconstructed from genome annotations and known physiological
information. The predictive power of these models may be limited initially, as they ignore
regulatory information, pathway kinetics, secondary metabolism, and evolution. However, when
this knowledge is acquired and becomes incorporated into metabolic models through multiple
cycles of testing and learning, accurate predictions of system function (for example, metabolic
fluxes and metabolite exchange) may emerge. As a complementary approach, data-driven
modeling techniques such as ensemble modeling and machine learning may offer more rapid
methods to predict microbiome metabolic processes or obtain constraints and parameters required
for microbiome modeling, without the need for detailed mechanistic understanding of metabolic

46,47

regulation*>*’. Such modeling frameworks have been used to predict pathway fluxes from
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proteomic and metabolomic data®, improve metabolite cross-feeding predictions through
ensemble modeling-based FBA*’, and to obtain key catalytic turnover numbers needed for
metabolic models®®. Although these approaches are flexible and generalizable enough to be applied
to microbial communities, they require substantial amounts of experimental data on the
metabolism of individual strains and interacting communities. This information could be leveraged
from prior test phases (for example, from high-throughput phenotypic screens and multi-omics) to

enable data-driven design.

6.2.3 Integrated design

Moving forward, we envision that a judiciously balanced blend of top-down and bottom-up
approaches will be needed for successful microbiome design, especially when working with
complex microbiomes, such as human microbiota or activated sludge (Figure 6.2). A blended
approach could involve selecting both undefined mixtures and defined consortia to achieve desired
microbiome functions, merging process-based models with bottom-up metabolic models
reconstructed from meta-omic information to simulate ecosystem processes, mass balances, and
metabolite fluxes, and using genome-derived information to develop community selection
strategies. Capturing higher-order properties in design, such as functional stability and dynamics,
will likely also require top-down and bottom-up approaches to converge. In particular, new
mathematical modeling approaches that quantify mechanisms of functional degeneracy, niche
complementarity, and network buffering’! using a metabolic framework may enable microbiome
diversity to be optimized to sustain desired functions in sifu. The need for a more comprehensive
representation of microbiome metabolism will depend on the specific engineering objective and
the degree of ecosystem tractability. For example, a more detailed representation of anaerobic

microbiome metabolism is likely required for converting biomass into a specific commodity
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chemical instead of methane because finer control over metabolism would be needed. In either

case, the design phase encompasses defining the engineering problem, developing conceptual and

quantitative models, identifying key biological processes to be manipulated, and evaluating

multiple candidate design alternatives.

6.2.4 Practical design steps

There are five key steps when designing microbiomes, in particular complex microbiomes:

defining the engineering problem, developing a conceptual ecosystem model, creating a

quantitative model, identifying the microbiome process(es) to be engineered, and developing and

evaluating candidate design strategies.

1.

To drive the DBTL cycle, a clear definition of the problem with measurable design objectives
must be established. These objectives could specify desired outcomes such as product titers,
rates and yields, pollutant removal efficiency, crop productivity, or degree of functional
stability and robustness. Design objectives should be complemented by techno-economic
assessments and/or life cycle analysis to ensure that solutions are economically feasible and
have positive environmental and societal impacts®>2,

Conceptual ecosystem models can be used to contextualize the problem. Such models capture
system boundaries, inputs and outputs, major pathways of carbon and nutrient flows, key
organisms and interspecies interactions responsible for those transformations, and factors
influencing their activity (for example, pH, temperature, redox potential, and residence
times)!?. They provide a concept map that describes current understanding of interactions
between the microbiome and physical, chemical, and biological components of the ecosystem,

helping to identify important gaps in system understanding and needs for data collection. At

this stage, all relevant information should be collected from the literature, existing data (for



172

example, from the Human Microbiome Project>*), and online databases (for example, MiDAS
(microbial database for activated sludge)>) for ecosystem characterization. This includes
reference genomes and physiological information for keystone organisms, previous multi-omic
datasets, ecosystem physicochemical properties (such as pH, temperature and chemical
concentrations) and processes (such as photochemical reactions and hydrogeological
processes), site characteristics (such as nutrient loadings and dynamics, soil profiles and gut
anatomy), and all other information needed to characterize the ecosystem. Missing
information, such as unknown biochemical pathways and organisms that mediate them, can be
targeted during the build-test-learn phases. This conceptual ecosystem model can be used by
the scientific community for proposing and testing theories and serves as a roadmap for
developing quantitative simulation tools.

Construction of quantitative modeling tools that enable the calculation and simulation of
metabolic fluxes, microorganism abundances, mass balances, and ecosystem physicochemical
parameters is critical for the systematic design of microbiomes. Several approaches could be
used to create such models, including mechanistic metabolic modeling®® process-based
modeling?!, data-driven modeling (for example, machine learning)*, individual-based
modeling®® or their combination. Regardless of the approach, the simulation of complex
microbiomes will likely require simplification based on experimentally valid assumptions.
Simplification could include reducing the model to a set of core or keystone organisms that
represent important functional guilds and control major carbon and energy flows, or reducing
the metabolic network size of organisms to central carbon and energy metabolism. Moving
forward, it will be important to ensure that models undergo rigorous experimental validation

and iteration during build-test-learn cycles to increase their utility and widespread use in
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microbiome engineering and to identify when modeling efforts fail, revealing gaps in
conceptual understanding that can further facilitate model redesign and improvement.
Quantitative microbiome modeling (such as dynamic FBA) helps to identify the core and
peripheral biochemical pathways that need to be directly manipulated, added, or removed to
achieve the desired engineering objective. Objectives could include increasing butyrate
production and non-digestible carbohydrate degradation by fermenting bacteria in the human
gut, preventing toxin biosynthesis by cyanobacteria in freshwater ecosystems, or stimulating
the degradation of toxic chloroorganics by bioaugmentation with organohalide-respiring
bacteria.

Microbiome modeling can predict how environmental (such as substrate loading, pH, and
solids retention time) or genetic manipulation (such as gene knockouts, pathway additions, and
forced dependencies) could optimize microbiome functions towards the engineering objective.
If necessary, synthetic microorganisms could be designed to improve microbiome function.
Such synthetic microorganisms will need to be evaluated for their ability to cooperate and

compete with existing microbiome members under relevant environmental conditions.

6.3 Building microbiomes

The build phase consists of physically assembling the designed microbiome by either top-down

manipulation of a natural community (that is, a self-assembled microbiome) or bottom-up

assembly using axenic or enrichment -cultures of naturally-occurring or engineered

microorganisms (that is, a synthetic microbiome). The build phase aims to bring the design

specifications and predictions into reality.
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6.3.1 Building by self-assembly

Self-assembled microbiomes may include those built as open mixed cultures using reactor
engineering (for example, wastewater treatment bioreactor) or biostimulation (for example,
additions to soils, sediments or groundwater aquifers), in which construction creates an
environment that promotes the growth and desirable activity of resident microorganisms.
Examples include manipulating reactor hydrodynamics to immobilize slow-growing
microorganisms into compact granules that enable their retention and proliferation3®°’, use of non-
human-digestible carbohydrates to stimulate fermentative production of short-chain fatty acids in
the gut®®, or adding electron donors to drive the metabolism of organohalide-respiring bacteria
during bioremediation of toxic chlorinated contaminants*®. This approach is powerful when
differences in physiological and physicochemical properties between functional guilds can be
exploited for assembly through environmental manipulation (for example, differences in growth
rates>”, main electron donors and acceptors*®, substrate affinities, cell and/or biofilm densities®!,
and redox gradients). However, it can be limited when more fine-scale control over microbial
metabolism and interactions is necessary (for example, controlling complex competitive
interactions®?, producing valuable bioproducts at high yields and purity®?, or controlling organisms
with versatile lifestyles®).

In addition, new strategies for evolutionary engineering have emerged as promising tools
to build self-assembled microbiomes. Controlled exposure of an initial microbiome to multiple
selection cycles and/or regimes results in the microbiome gaining or optimizing specific functions
through adaptation or evolution. For example, successively transferring the microbiomes that
maximize plant traits has generated microbiomes that improve plant biomass® and flowering

time®. Response to community-level selection will often be driven by enrichment or adaptation of
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single species®”%8; however, selection for production of community biomass has also been shown
to enhance desired species interactions in defined two and three species co-cultures’’-%°. Re-
examining selection experiments to understand when and how mutations and/or adaptations altered
microbiome phenotypes could elucidate the mechanisms underlying microbiome fitness
optimization and inform design, as has been shown for E. coli in laboratory evolution
experiments’®’!. As similar evolutionary approaches (for example, adaptive laboratory evolution)
have also been successfully applied to optimize strains for metabolic engineering’?, extension of
experimental and computational protocols already developed for individual microorganisms to
microbiomes could streamline the design phase and reduce the time required to complete evolution

experiments.

6.3.2 Building synthetic microbiomes

Direct construction of microbiomes using axenic or enrichment cultures is also promising because
of reduced complexity and the use of microorganisms that are genetically tractable and/or well-
characterized. This bottom-up approach makes the growing suite of synthetic biology tools
accessible for microbiome construction and optimization. An early approach for building
microbiomes directly from cultured microorganisms is bioaugmentation. Here, defined laboratory
consortia are added back to the environment to enhance the degradation rates of specific
contaminants. A successful example has been the addition of consortia containing organohalide-
respiring bacteria of the class Dehalococcoidia to contaminated groundwater aquifers and
sediments to speed up the degradation of toxic chlorinated solvents. Crucial for the success of this
approach was detailed knowledge of the physiology, nutritional requirements, and potential
ecological interactions of the keystone dechlorinators with other microorganisms and the

geochemical environment®. However, contrary to the success for chlorinated contaminants,
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bioaugmentation approaches have largely failed for oil spills. Unlike organohalide-respiring
Dehalococcoidia members that fill a unique ecological niche and cannot grow without the
chlorinated contaminants, organisms capable of degrading oil hydrocarbons (especially aerobic
bacteria) are ubiquitous, metabolically versatile, and do not depend on a specific substrate or redox
couple for growth®. This metabolic versatility limits their utility for bioaugmentation given their
unpredictable in situ activity. Other reasons why bioaugmentation can fail are that unrecognized
mutualistic interactions and microorganisms performing critical functions are missing (for
example, production of polysaccharide surfactants to increase hydrocarbon bioavailability’?), or
that consortia selected under laboratory conditions are no longer competitive enough under harsh
and/or variable field conditions’*7>7%, These examples highlight the need to better understand the
interaction networks of synthetic consortia, especially the roles of supporting interactions
(secondary functions), and the competitive landscape in situ, which are often difficult to predict in
complex ecosystems.

Despite the appeal of building microbiomes bottom-up and the growing collection of
cultured microorganisms from specific habitats””’®, the majority of microorganisms relevant for
human health, agriculture, and environmental applications remain uncultured, poorly
characterized, genetically intractable, and difficult to maintain, making the construction of
synthetic microbiomes challenging. To capture this uncharacterized metabolic diversity,
innovative isolation and controlled microbiome assembly techniques are needed, such as single-

82.83 across

cell sorting”® coupled to high-throughput culturing (culturomics)®,8! and phenotyping
multiple conditions in parallel. Microfluidics®*®, that is, creation and manipulation of microliter

droplets, can facilitate this approach. Microfluidic chips can enable automated assembly and

analysis of microbial communities from axenic or enrichment cultures through droplet
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combination®®, elimination of specific species®’, sequencing, and multi-omics phenotyping of
individual cells®-°, Combined with new gene editing techniques, such as CRISPR-based genomic
tools” that improve the efficiency of homologous recombination-based gene editing®!%?,
microfluidics could also automate synthetic biology techniques for the engineering of cells and
microbiomes with novel capabilities®>.

Another challenge with synthetic microbiomes is maintaining their functional stability in
the laboratory or in open systems (for example, human gut, soil, and wastewater treatment plants),
which are susceptible to invasion by naturally-occurring microorganisms and dynamic
heterogeneous environments. As mentioned above, the major reason for the success of
bioaugmentation with organohalide-respiring Dehalococcoidia members is their highly
specialized lifestyle that enables them to occupy an open ecological niche using chlorinated
electron acceptors. However, the functional stability of organisms with versatile lifestyles in open
systems is much less predictable. Few studies have examined the functional stability of synthetic
consortia in open systems and the knowledge required to rationally engineer stable ecological
interactions is limited. However, engineered bacteria have been successfully deployed as
diagnostic sensors in the mammalian gut for up to 200 days maintaining robust function®*?3. This
feat, together with the bioaugmentation example of Dehalococcoidia*, demonstrates that synthetic
consortia can form stable microbiomes with previously established community members, provided
key players can compete with resident microorganisms.

Observations from self-assembled microbiomes suggest that building communities with
spatiotemporal organization will be important for achieving stable and multi-functional synthetic
microbiomes. Highly diverse microbial communities, such as human microbiota or those used for

wastewater treatment, self-assemble as biofilms, flocs, or granules comprised of multiple single-



178

species microcolonies attached together via species-specific extracellular polymeric substances
(including polysaccharides, proteins, and DNA) and other poorly defined macromolecules (such
as humics)’®%7. These self-organizing microbial assemblages create diverse microenvironments
and ecological niches that support the combination of seemingly incompatible functions (for
example, both aerobic and anaerobic processes’®??) and functionally diverse population structures
that can compensate for disturbances, such as changes in nutrients, physicochemical condition, or

predation!%%-101

. Although building such fine-scale and sophisticated architectures into synthetic
microbiomes is nascent, microfluidic-based systems have been used to assemble simple
communities with improved functional stability by controlling spatial structure and chemical
communication'??. Additionally, 3D bioprinting platforms could enable the construction of
spatially organized systems, in which populations can be physically separated while remaining

chemically interactive!93:104

. How to scale these spatially defined structures from experimental
laboratory systems to real-world applications remains to be resolved, although knowledge gained
from test and learn phases with model systems (such as synthetic polysaccharide particles '3-1%6)
should provide more insights. Until then, existing approaches based on top-down assembly and/or
engineered biofilm carrier media'®’ could be used to build self-organized synthetic microbiomes
with better stability and functionality.

Designing synthetic genetic circuits in engineered hosts that can robustly perform sense-
compute-respond programs in complex environments also remains a major challenge!%s.
Therefore, it will be important to examine the molecular mechanisms that determine microbiome
stability and adaptation to environmental perturbation in natural and engineered ecosystems, in

order to extract design principles that can be used for rationally engineering robust functions.

Given the potential utility of genetically engineered microorganisms and microbiomes in diverse
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open environments, safeguards such as biocontainment systems (such as two-layered gene circuits
and essential synthetic auxotrophies!?®) will also require further development and will be needed
as integral components of constructed synthetic microbiomes that use genetically modified

organisms in the future.

6.3.3 Integrating approaches

The ultimate goal for rational microbiome design is to develop tools that enable engineers to
directly add, remove, or modify specific functions and phenotypes in situ over a range of desirable
operational conditions. One emerging technique with promise to achieve such flexibility is in situ

metagenomic engineering!!%!1!

, which involves delivery of engineered mobile genetic elements to
resident microorganisms. For example, donor strains engineered with integrative and
conjugative elements have transferred DNA carrying a reporter and antibiotic resistance genes or
multi-gene pathways (for example, nitrogen fixation (nif) gene cluster''?) to bacteria in highly
heterogeneous and diverse environments, such as soil''> and the mammalian gut''!. Further
development of such tools in combination with existing CRISPR-Cas gene editing techniques

would enable the precise manipulation of the microbiome’s metabolic network in situ, effectively

combining self-assembled and synthetic microbiomes (Figure 6.3; Box 1).
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Figure 6.3 - Building self-assembled and synthetic microbiomes. (a) This example shows a
protocol for assembling synthetic microbiomes from multiple microbiome sources. Complex
microbiomes can be taken apart into key functional members using automated microfluidic
cell sorting techniques. Isolated or enriched members can then be recombined into synthetic
consortia using liquid handling robotics for downstream screening and/or cultivation. (b)
Microbiome assembly can also be achieved through environmental selection via bioreactor
manipulation or biostimulation (top) or using bioaugmentation with defined cultures
(bottom). (¢) Another option is microbiome assembly through directed adaptation and/or
evolution of the microbiome to acquire or optimize a desired function. (d) I/n situ microbiome
engineering can be used to add new functions to microbiomes residing in the environment.
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6.4.1 Box 1 - A DBTL cycle to create synthetic microbiomes with desired functions

Here, we present a generalized DBTL cycle for creating synthetic microbiomes with desired
functions, integrating both top-down and bottom-up approaches. We briefly describe two iterations
of the cycle and identify opportunities for incorporating high-throughput approaches and

automation to increase speed and reproducibility.

Top-down approach

Design: identify biological process(es)

An example of a process to harness or replicate is anaerobic conversion of complex lignocellulosic
biomass into valuable commodity chemicals. The initial design step includes selection of different
innocula that may contain microorganisms with desired functions (for example, acid phase
anaerobic digester, herbivore rumen, or others). Conceptual ecosystem models that include
environmental parameters (pH, temperature, nutrients, etc.) and expected functional guilds
(hydrolytic bacteria, fermenting bacteria, methanogens, etc.) are used to select enrichment
variables.

Build: enrich microbiomes from multiple sources

Source innocula are cultivated under different environmental conditions to select for desired
function using real (for example, lignocellulosic hydrolysate or rumen fluid) and synthetic media.
Modulation of environmental conditions and medium composition are done to improve desired
function. For complex environments (such as soil) model laboratory ecosystems could be ideal

platforms for microbiome enrichment'4,
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Test: evaluate performance

Performance of enriched microbiomes are tested on real and synthetic media using high-
throughput phenotypic screens. High-throughput screens could be developed using microfluidic
or automated microbioreactor experiments. Deeper multi-omic measurements (such as
metagenomics, metatranscriptomics, and metaproteomics) are collected from high performing
microbiomes.

Learn: identify key functional roles of microbiome members

Besides key functions, bottlenecks for the desired function are identified using metabolic
reconstruction and multi-omic analysis. This understanding helps to refine conceptual models of

microbiome function and create quantitative models.

Bottom-up approach

Design: screen for new potential microbial partners

In silico metabolic modeling is used to screen for interacting microorganisms from high
performing microbiome enrichments. Metagenome-assembled genomes (MAGs) can be used to
reconstruct metabolic models of key microbiome members. Automated computational workflows
(together with manual curation) will accelerate model building. FBA is used to predict each
microorganism’s requirements for optimal growth and activity, and unify individual metabolic
models into a microbiome model to identify new potential partners that improve the design
objective (for example, higher titers, rates, or yields of valuable product).

Build: recombine key microorganisms into new synthetic consortia

Following their isolation or enrichment, key microorganisms are assembled into new synthetic

consortia based on in silico predictions at various ratios (for example, 1:1, 1:10). Microfluidic
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devices and/or liquid handling robotics could be used for high-throughput isolation and
recombination.

Test: test function and stability of consortia

High-throughput phenotypic screening coupled to multi-omic measurements can be used for
testing. This step should also include validation of predicted metabolisms of individual isolates or
enrichments.

Learn: identify microbial interactions that control function

Analyzing the metabolism of microorganisms growing in consortia versus in isolation using
metabolic flux analysis (MFA) can identify important mechanisms and interactions. This
understanding can be used to propose how microbiome function and stability could be optimized

by environmental manipulation and/or in situ genome-engineering.

6.4 Testing microbiome function

The test phase involves measuring microbiome-associated phenotypes and properties to determine
the efficacy of the design-build solution. The measurements should determine whether the design
outcomes were achieved (for example, measuring the titer-rate-yield of a bioproduct, pollutant
removal efficiency, or crop productivity) and whether the design-build solution was responsible
for the observed outcome (establishing cause and effect). This typically requires readouts of
ecosystem physicochemical properties (such as pH, temperature, and chemical concentrations), as
well as the stoichiometry and kinetics of key ecosystem processes and microbiome functions (such
as biomass growth, chemical transformations, nutrient assimilation, and metabolic fluxes). For
example, acetate degradation rates and pathways to methane in an anaerobic digester microbiome

could be tested using '3C-labelled acetate and online biogas analysis that measures the flux through
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acetoclastic methanogenesis versus syntrophic acetate oxidation coupled to hydrogenotrophic
methanogenesis'!'3. While the level of microbiome granularity measured during testing will depend
on the specific design objectives and ecosystem complexity, the ability to quantify molecular
microbial processes (for example, metabolic pathway rates and routes, enzyme activities, and
individual organism growth rates) goes beyond bulk activity measurements and enables testing the
specific mechanisms responsible for the observed microbiome functions. The challenge will be to
develop tools that are high-throughput, quantitative, affordable, and easy to use, such that routine
analyses of the microbiome over time, space, and under dynamic conditions can be accomplished.

Towards this goal, we envision a test phase comprised of high-throughput phenotypic
screening of microbiome design-build solutions, followed by deeper investigation of promising
solutions using multi-omic and metabolic flux analyses to obtain greater insights on underlying
mechanisms (Figure 6.4). High-throughput phenotypic testing of constructed microbiomes could
be achieved using droplet microfluidics, as has recently been demonstrated for screening ~100,000
synthetic communities''*. Fully automated microbioreactor platforms that combine liquid handling
and advanced sensing with microtiter plate or scaled-down bioreactor cultivation could also be
used®?#3. Combined with emerging methods to measure metabolic network activity and metabolic
processes in heterogeneous environments (Box 2), rich information will be obtained to facilitate

learning.

6.4.1 Microbiome metabolic network activity

To test predictions of microbiome function at a systems-level, measurement of the microbiome’s
in situ metabolic network structure and activity is critical. Multi-omic approaches (metagenomics,
metatranscriptomics, metaproteomics, metabolomics) combined with bioinformatic tools have

enabled the genome-centric analysis of individual species (or even strains''®) within microbiomes
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and global measurement of sequences, proteins, and metabolites''®!!7-118 These tools measure the
microbiome’s components on a spectrum from functional potential (for example, gene abundance)
to expressed products (for example, protein and metabolite abundance), and through their
combined activity produce microbiome metaphenotypes that drive system function. Currently,
multi-omic approaches used to infer microbiome function have focused on correlating gene
abundances or gene expression data across time and space with ecosystem geochemical data or
process rates. This has included measurements of key functional genes and transcripts using gPCR
assays (for example, ammonia monooxygenase''”), microarrays (for example, GeoChip'??), or
untargeted high-throughput approaches (metatranscriptome and/or metaproteome). Although
useful for overall system characterization and discovery, these approaches focus on measuring the
components or “parts list” of the system, which are often limited predictors of emergent
phenotypes due to metabolic network complexity, interactions, and regulation'?''?2, Therefore,
new approaches and tools are needed to measure the in situ stoichiometry and fluxes of
microbiome metabolic networks to permit the direct testing of design predictions and offer
mechanistic insights into metabolic regulation.

MFA is the most authoritative method for measuring in vivo fluxes. This method calculates
fluxes from metabolite stable isotope measurements obtained during isotopic labelling
experiments using metabolic network modeling!?®. Although MFA has been used to measure
fluxes in co-cultures'?*, flux analysis in communities is challenging because metabolite pools
cannot be easily assigned to individual cells and the number of possible reactions in a microbiome
greatly exceed those of an individual organism. Nonetheless, isotopic tracers combined with

exometabolomics and/or off-gas analysis have been used to determine process fluxes driving
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important microbiome functions, such as syntrophic acetate oxidation and methanogenesis during

anaerobic digestion'!®
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Figure 6.4 - Testing microbiome function. (a) Isotopic tracers combined with metaproteome
can also be used to measure microbiome metabolic flux by analyzing isotopic labelling
patterns of short peptides rather than amino acids (metabolome). (b) Biorthogonal non-
canonical amino acid tagging (BONCAT) is a method for rapid profiling of the anabolic
processes (growth) in situ using either fluorescent detection or metaproteomics. (c)
Metagenomics, metatranscriptomics, metaproteomics, and metabolomics can be integrated
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members to complex communities. HPG: the amino acid homopropargylglycine.
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To circumvent the challenges with metabolite measurements, a method analyzing labelling
patterns from short peptides instead of amino acids for MFA was proposed!?. Peptides can be
assigned to individual species in a microbiome using high-throughput metaproteomic approaches,
which opens the door to determining fluxes in microbial communities (that is, to ‘metafluxomics’).
Given that fluxes represent the final outcome of cellular regulation across all levels'?®, further
development and demonstration of metafluxomics will be essential for advancing microbiome
engineering efforts and our understanding of metabolic regulation in microbiomes. This will also
require new software packages for associated computational analyses, similar to existing 3C-MFA
software!?’. Such data may also allow metabolic modelers to infer, rather than assume, community
and individual-level objective functions and to identify new constraints, enabling the accurate

prediction and measurement of reaction rates driving microbiome function.

6.4.2 Measuring function in spatially heterogeneous environments

Most natural microbiomes, such as those associated with plants (for example, rhizosphere),
humans (for example, oral microbiome), and industrial processes (for example, acid mine
drainage), display highly-organized spatial organization across micro-scale physicochemical
gradients that directly influences microbiome function. For example, the spatial proximity of
microorganisms can control whether they interact through diffusible substrates or direct transfer'?3,
whereas variations in colony size can dramatically influence apparent substrate affinity constants
and substrate competition between biofilm microorganisms'?. Therefore, one of the biggest
challenges will be to create tools that measure and report on microbiome spatial structure and
function across all relevant scales (from pm to km). Current methods to measure structure-

function relationships have focused on the um to mm scale using approaches such as fluorescence

in situ hybridization (FISH) combined with stable isotope labeling (SIP)"*°, chemical
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fingerprinting'3!, mass spectrometry imaging'*?, and/or fluorescence-based biorthogonal non-
canonical amino acid tagging (BONCAT)'33 (Box 2). Although these techniques have successfully
identified the substrate use and activity patterns of spatially distributed microorganisms in
microbiomes, they are limited by throughput and can only examine and/or differentiate a limited
number of organisms. The integrated application of labelling techniques (for example, SIP and
BONCAT) with metaproteomics and cell sorting (for example, fluorescence-activated cell sorting
(FACS)'*3) could be used to measure the metabolic activity of microorganisms in high throughput
with spatial resolution. Combined with microsensor devices that profile microenvironmental
chemical properties, for example, through microelectrodes'** or engineered biosensors®,
microbiome structure, function, and ecosystem physicochemical parameters could be monitored

in real-time.

6.4.3 Box 2 - A toolbox for measuring microbiome function

Multi-omics integration. The ability to assemble genomes from metagenomic data®® has enabled
the genome-resolved analysis of individual transcriptomes® and proteomes''® from diverse
communities and greatly increased the interpretive power of multi-omic datasets. A key challenge
moving forward will be the integration of metabolomic information'®®, both intracellular and
extracellular, which cannot be readily assigned to individual members of the microbiome such as
DNA, RNA, and proteins can be. The large amount of unknown or poorly characterized genes,
enzymes and metabolites currently limits the interpretive power of multi-omic information. It does,
however, create novel targets for further biochemical studies. Advances in bioinformatic tools,
such as data-driven approaches (for example, statistical or machine learning methods) and

knowledge-based approaches (for example, interaction networks or genome-scale metabolic
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modeling)!®*1%5, will be key to the success of systematic measurements of microbiome function

through coherent multi-omics data integration.

Isotopic tracers. Isotopic tracers have a long history in functional analysis in both pure cultures
and communities, and have been combined with DNA'%, RNA'®7, and protein''® measurements to
link individual populations to specific in situ functions. Moving forward, more efforts to
incorporate isotopic tracers with multi-omics (especially metaproteomics and metabolomics) are
needed for illuminating the complex metabolic networks within microbiomes. The combination of
these techniques should also pave the way for measurement of intracellular and extracellular
reaction rates ( ‘metafluxomics’)'?*!23, which has been one of the most powerful tools for
elucidating in vivo phenotypes, pathway constraints, and metabolic regulation in pure cultures used

for engineering purposes.

Mass spectrometry imaging. Mass spectrometry imaging (MSI) techniques visualize the
distribution of elements and their isotopes as well as biomolecules within complex samples. MSI
is well suited for the analysis of spatially structured microbiomes and for the investigation of
cellular interactions. When combined with FISH, MSI also enables the linking of microbiome
structure with function'®®1%. The chemical coverage, spatial resolution, and sample preparation
that can be obtained with different MSI techniques depends on the selected ionization method'??.
Although nanoscale secondary ion mass spectrometry (nanoSIMS) has superior lateral resolution
compared to matrix-assisted laser desorption-ionization (MALDI) or desorption electrospray
ionization (DESI; 50 nm, 3-50 mm and 100 mm, respectively), its relative chemical versatility is

very low (elements and isotopes versus peptides, lipids, metabolites, and other molecules).
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Therefore, nanoSIMS has generally been applied to study substrate use of single cells, whereas
MALDI has been used to visualize chemical interactions between populations'32. Although
MALDI-MSI and DESI-MSI are more accessible than nanoSIMS!'”? and could be well positioned
to visualize the broad range of chemical interactions within microbiomes, they have very low
throughput and their lateral resolution and sensitivity currently prohibit single-cell metabolic

profiling!3

. A technique that combines the best of these two methods is nanostructure-initiator
mass spectrometry (NIMS). NIMS is a matrix-free desorption-ionization technique that depends
on initiator molecules trapped in 30 nm large pores to achieve the ionization of small molecules
adsorbed to the pore surface. NIMS offers a lateral resolution of ~150 nm and is particularly well
suited for the analyses of peptides and metabolites!”!. So far, NIMS has only seen limited

application in microbiology'72,'73. We expect advances that improve these issues will make MSI a

useful and more widely applied tool for functional analysis of microbiomes in the near future!’*.

Bioorthogonal chemistry. Metabolic labeling techniques, such as bioorthogonal non-canonical
amino acid tagging (BONCAT), offer additional approaches to measure microbiome anabolic
activity in situ. BONCAT 1is based on the in vivo translational incorporation of a non-canonical
amino acid (for example, L-azidohomoalanine, a L-methionine surrogate), followed by fluorescent
labelling of tagged cellular proteins by azide-alkyne click chemistry!”>. The technique can be used
together with rRNA-targeted FISH to directly link taxonomy with in situ activity!”>. BONCAT has
also been combined with FACS to separate active cells from complex samples and further
characterize them by DNA sequencing'3. In addition, tagged proteins can be selectively enriched
through bead-capture and subjected to proteomic analysis!’®. The combined application of these

methods could enable the high-throughput tracking of newly synthesized proteins from
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uncultivated microorganisms under different physicochemical conditions. Although BONCAT
can be limited due to differences in cellular amino acid uptake and metabolic perturbation, the
technique offers a flexible tool for the comparatively simple, inexpensive, and high-throughput

analysis of in situ activity on a single-cell level.

Microfluidics. Devices that enable the high-throughput analyses of microorganisms at single-cell
resolution will be important for the rapid cultivation and functional analysis of microbiomes.
Microfabricated devices such microfluidic ‘lab-on-chip’ technology could offer multiple
applications, including isolation of individual cells and populations from complex microbiomes!”’,
creation of in vitro cell-based models that facilitate assembly of synthetic microbiomes and

experimentation under heterogenous microenvironmental conditions!”®

, and online diagnostics for
rapid monitoring and detection of desired phenotypes. These applications are still in early stages
of development and several challenges remain, including reliable detection of microorganisms in
droplets, precise control of gas concentrations, cross contamination, and technology

accessibility! 77179,

Automation. To increase the reproducibility, throughput, efficiency, and standardization of
microbiome engineering, advances in automation will be necessary. This includes incorporating
liquid handling robotics, microfluidic devices, automated cultivation systems, online
physicochemical measurement sensors, and software into data generation and analysis workflows.
Emerging examples include the use of liquid handling robotics coupled to automated micro-
fermentation platforms for high-throughput cultivation®?, or microfluidics to automate the analysis

of thousands of droplet experiments that probe microbial community interactions'3? !4, Such
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automated platforms could also integrate several functional tools (for example, single-cell analyses
and multi-omics), resulting in rich reproducible data sets that could be leveraged for machine

learning and other big data analytics.

6.5 Learning microbiome design principles

Progressing through the design-build-test phases of microbiome engineering presents a unique
opportunity to learn from previous failures and successes, and to incorporate new knowledge into
subsequent cycles. Indeed, the learn phase of the DBTL cycle is critical for success and for
improving microbiome engineering efficacy. To date there are no general strategies, techniques,
or approaches that guarantee success in translating information obtained from the test phase into
new knowledge that informs the next design phase. Therefore, we stress the importance of
devoting enough emphasis and resources to the learn phase early on, so as to avoid, for example,
the difficulties encountered in metabolic engineering due to a relative lack of investment in the
learn step'3. Further development of computational methods to formalize the learn phase will be

needed, including machine learning algorithms**!3%136 metabolic flux analysis and constraint-

36,124,125,137 138

based analysis , ecosystem modeling approaches'3®, and regulatory network analysis'*°.
Together, these analyses could isolate the principal drivers of microbiome interactions and
function from large datasets to inform microbiome design. For example, generalized Lotka-
Volterra equations could infer interacting species from temporal population dynamics data that

become the starting point for bottom-up design'4°

or constraint-based analysis could be applied to
identify key metabolite exchange reactions from '’C-metabolomic data that improve flux

simulation accuracy and design of anaerobic consortia'3’.
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More broadly, we envision the learn phase to focus on translating data into generalizable
principles for microbiome engineering, through the continuous refinement of conceptual
knowledge and proposed theory (for example, from traditional macroecology'4!-142143:14451) with
each DBTL cycle. We propose that model laboratory ecosystems should be utilized to drive
microbiome engineering inquiry and learning. Model laboratory ecosystems are experimental
platforms that can replicate the physicochemical conditions of a complex environment (natural or
engineered) in a simplified and controlled manner and contain model microbial communities (for
example, the model rhizosphere microbiome THOR'#) that can be used as testing grounds for
learning how to design, construct, and optimize engineered microbiomes. These ecosystems have
reduced complexity, are accessible for experimentation, and can be established in a reproducible
manner, which is often not possible when working in natural environments.

Recently, model laboratory ecosystems have been developed for studying plant-soil
microbiome interactions'#. These fabricated ecosystem (EcoFAB) use 3D printing, sensing, and
analytical and imagining technologies to create an experimental device that replicates the native
soil ecosystem, in which microorganism and host phenotypes can be monitored in response to
changing variables, enabling the systematic dissection of microbial interactions and metabolite
exchanges influencing plant health!*¢!47. EcoFABs offer a middle ground between model
organisms and complex natural microbiomes, and can be established collaboratively between
expert investigators to create standardized and reproducible devices and protocols for
dissemination to the broader research community. Such model systems offer the ability to
experimentally develop engineered microbiomes with desired functions in a tractable manner, and
permit results to be compared with results from natural settings. This cross-examination between

model and natural ecosystems will be a valuable and necessary approach for learning engineering
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principles and practices that are relevant to real-world systems (not laboratory artifacts), and for
acquiring knowledge on scaling-up lab-based engineering strategies to full-scale applications
(Figure 6.5). For example, microfluidic-based in vitro models of the human gut microbiome that
contain co-cultures of human cells with different bacterial consortia are already producing
physiological (including epithelial cell monolayer formation, cell growth and viability, cytokine
levels, and metabolomic profiles) and environmental (including oxygen gradients and laminar
flow) variables that are comparable to in vivo variables'*®,

The combination of model ecosystems with the DBTL cycle may be particularly fruitful for
understanding the mechanisms governing microbial interactions and functional stability.
Substantial knowledge is available on specific microorganisms that co-aggregate and exchange
metabolites, such as bacteria involved in nitrogen cycling?, consortia of methane-oxidizing archaea

and sulphate-reducing bacteria'4%-130.128

, and syntrophic bacteria partnered with hydrogenotrophic
methanogens'>!"1>2, However, we are only beginning to understand the complex mechanisms (such
as quorum sensing and secondary metabolites) involved in regulating the behavior, interactions,
and kin discrimination of microorganisms in communities!>3. Although studies have established

links between microbiome functional redundancy, diversity, and stability!>*

, a framework to
predict or engineer functionally stable microbiomes has not been attained. Through the use of
model laboratory ecosystems together with existing knowledge of microbial ecology and
engineering design, it may be possible to decipher the chemical language of microbiomes and
discover mechanisms of other important processes (including evolution, selection, dispersal

limitation, and neutral processes') that enable robust and stable microbiome function. Translating

this theory into engineering design practice will require a quantitative framework that links these
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mechanisms to metabolic interaction networks, and new approaches that enable ecological

properties to emerge from metabolic models (Box 3).
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Figure 6.5 - Learning fundamental principles for microbiome engineering. (a) Model
laboratory ecosystems can be used for controlled experiments with simplified microbiomes
and environmental properties, representing an in-between of pure lab conditions (such as
test tubes or flasks) and complex natural environments (such as soil or the ocean).
Continuous cross-examination between laboratory-scale models and natural complex
ecosystems will be needed for developing engineering principles and practices that are robust
in real systems, while also tractable in the lab. This will require close collaboration between
multiple stakeholders, including researchers and end-users (such as hospitals or treatment
plants) that have expertise and experience with issues specific to each scale. Key principles
that need to be learned to enable systematic microbiome engineering are microbial
interaction mechanisms, mechanisms governing functional stability and degeneracy, and
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frameworks for quantitatively mapping and simulating ecological niches in complex
ecosystems.

6.5.1 Box 3 - Emerging principles for microbiome engineering: a case for niche modeling

Ecological niche modeling could be used to systematically design higher-order properties such as
functional stability and robustness into engineered microbiomes. However, to develop such a
framework, mechanistic understanding on how diversity is maintained within microbiomes and
how it imparts properties such as functional stability is needed. Here we propose that this

understanding could come from applying the DBTL cycle to answer key questions:

Does functional degeneracy lead to productivity and functional stability?

Diversity has been correlated with productivity and functional stability in communities of macro-
organisms'#>!181 yet the role that diversity has in improving microbiome function and functional
stability remains open. For microbiome engineering, we propose that diversity be viewed,
discussed, and defined through the lens of functional redundancy (as described previously!), or
more specifically, functional degeneracy. This is the degree to which a set of organisms perform
an identical role in ecosystem functionality (for example, methane oxidation, nitrogen fixation, or
polymer hydrolysis), but exhibit degeneracy with respect to other physiological traits (for example,
pH optima or biofilm formation), which enables them to achieve realized niche space and
coexistence®'. The DBTL cycle offers an excellent opportunity to understand the molecular basis
of functional degeneracy and to examine how emergent community-level properties, such as
resilience to perturbation or susceptibility to invasion by another species, are predictable from
quantifying the fundamental and realized niche space in microbiomes. We propose that ecological

niche modeling could be a particularly useful framework to achieve this goal.
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How is diversity maintained in microbial ecosystems?

To create a framework for ecological niche modeling, it will be important to understand how
diversity is maintained. Competitive exclusion suggests that two species with identical resource
requirements cannot coexist in the same ecological niche!**. Therefore, we need to understand the
mechanisms that create niche space and enable diversity to develop and be maintained. For
example, what role do the processes of spatiotemporal variability, dormancy, predation, nutrient
loading, secondary metabolite production and resistance, cell motility, and biofilm formation have
in niche differentiation? And how can these processes be manipulated to achieve and maintain a
desired level of functional degeneracy in a microbiome? Answers to these questions will offer
microbiome engineering mechanisms to design and control ecological niche space for desired

microbiome properties.

How does ecological niche modeling underlie microbiome engineering?

To enable the systematic engineering of desirable higher-order microbiome properties, we propose
that microbiome engineering develops a framework for ecological niche modeling. The goal of
this framework would be to quantify community and individual fundamental niche and realized
niche space by integrating multi-omic data, physiological information, nutrient availability, and
environmental parameters, and use them to develop strategies for controlling cooperation and
competition in microbiomes. To achieve this goal, new mathematical representations of the
fundamental and realized niche of an organism or guild will need to be defined, together with
fitness functions that describe responses to environmental variables. When incorporated into
microbiome modeling, this framework will enable the ecological forecasting of higher-order

properties, as well as quantification of cooperative and competitive microbiome landscapes.
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Moreover, such frameworks will help guide important unresolved microbiome design questions,

such as the trade-off between functional redundancy and minimal diversity.

6.6 Outlook

True advancement in microbiome engineering will need multiple rounds of DBTL to capture the
necessary ecological principles to manipulate microbiomes in a precise manner with predictable
outcomes (Figure 6.1). For example, incorporating direct interspecies electron transfer discovered
during previous DBTL cycles into metabolic models and bioreactor construction (for example, by
adding conductive materials) could optimize the efficiency of biogas production from waste?’; or
designing engineered E. coli to control levels of previously discovered autoinducers could tailor
gut microbiota under conditions of dysbiosis towards a healthier state'**. However, developing
new knowledge and tools with fast turnaround will require next-generation infrastructure for data
collection, data sharing, and knowledge integration. To accelerate progress, developing the
predictive capabilities needed for the learn phase is a priority. Model laboratory ecosystems
combined with advances in automation, such as liquid-handling robots, microfluidics, and data

analysis pipelines!7:15

, will offer a starting point for the testing of multiple designs in a rigorous
and reproducible manner. Capturing new knowledge from this process and integrating information
into subsequent DBTL cycles will accelerate microbiome engineering developments, creating
innovative biotechnologies and practices for the management of microbiomes across medicine,
agriculture, manufacturing, and environmental stewardship. Examples that show particular
promise for advancing microbiome engineering across these fields include illuminating the roles

that phages and metabolite cross-feeding have in controlling ruminal carbon turnover'?,

harnessing untapped anaerobic fungal-bacterial consortia to improve biomass conversion to
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valuable bioproducts!®%:16!

, creating microfluidic cell sorting techniques to automatically sort
stable isotope-labelled cells from high diversity samples for subsequent multi-omic analysis or
cultivation'¢?, and developing in situ metagenomic engineering tools to introduce new functions
into microbiomes in their native environment'!!.

To move the DBTL approach forward, interdisciplinary research teams with expertise in
experimentation (for example, in culturing, molecular genetics, or biochemistry) computation (for
example, metabolic modeling, machine learning, or bioinformatics), automation (for example,
robotics, or microfluidics), and practice (for example, professional engineers, or medical doctors)
are essential. The road ahead for microbiome engineering seems long, given our nascent
understanding of microbial ecology; however, structuring research and technology developments

around the DBTL cycle offers a promising approach for advancing microbiome engineering and

providing innovative solutions for addressing pressing societal and environmental problems.
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6.8 Glossary

Microbiome science: discovery and testing of fundamental principles governing microbiome

function and assembly.

Microbiome engineering: leveraging fundamental scientific principles and quantitative design to

create microbiomes that perform desired functions.

Metaphenotypes: sets of emergent functions of a microbiome resulting from the interactions

between individual microbial genomes (metagenome) and their interaction with the environment.
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Ecological engineering: the process of designing and operating bioreactors and other engineered
systems to foster the development of specific microbial communities that can perform desired

functional processes.

Exometabolomics: an analytical technique to quantify extracellular small molecule metabolites
from environmental and/or biological samples typically through gas/liquid chromatography-mass

spectrometry or nuclear magnetic resonance.

Functional guilds: groups organisms that use similar resources (for example, electron donors,

electron acceptors, or carbon source) and occupy a similar ecological niche.

Fundamental niche: the entire set of environmental conditions in which an organism can survive

and reproduce (that is, an organism’s niche in the absence of interspecific competition).

Generalized Lotka-Volterra equation: A set of ordinary differential equations used to
represent population dynamics based on experimentally inferred species interaction

parameters.

Off-gas analysis: the monitoring of gas flow rate and chemical composition (e.g. carbon dioxide,

hydrogen, methane) produced from a biological system.

Realized niche: the set of environmental conditions used by a species after considering

interspecific competition (competition, predation, and others).

Keystone species: An organism that has a disproportionately large effect on maintaining the
microbiome's function and microbial interactions (both between micoorganisms and with the

environment).

Flux balance analysis: a constraint-based mathematical modeling technique for simulating

metabolic fluxes through a metabolic network reconstructed from genomic information.



202

Ensemble modeling: Use of multiple models to address uncertainty by simulating a set of

possibilities and selecting those consistent with measured data.

Machine learning: A technique used to build predictive models through patterns and inferences

obtained from sample data, rather than explicit or mechanistic relationships.

Self-assembled microbiome: a microbiome built through environmental manipulation that selects

for desired functions.

Synthetic microbiome: a microbiome built using pre-defined axenic or enrichment cultures to

achieve a desired function.

Syntrophy: an obligately mutualistic process that is mediated by metabolite cross-feeding

between two or more organisms that cannot be catalyzed by one organism alone.

Techno-economic assessment: A tool used to evaluate the technical and economic viability of an

integrated process through a combination of process design, modeling, and economic evaluation.

Life cycle analysis: a tool used to evaluate the environmental impacts associated with all stages
of a product or processes life, such as energy and water consumption, and air pollutant and

greenhouse gas emissions.

Integrative and conjugative elements (ICEs): ICEs are mobile genetic elements able to integrate
into DNA sites via site-specific recombination that carry genes encoding the machinery necessary

for conjugation.

Structure-function relationships: the influence of the microbiomes three-dimensional spatial

organization on its function.
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7. Conclusions and future directions

7.0 Summary of major findings

Our work provides important understanding on the metabolic versatility and interactions occurring
in nitrogen cycling microbiomes and develops new computational models that enable their
prediction in natural and engineered ecosystems. We show that heterotrophic bacteria in partial-
nitritation anammox (PNA) systems are involved in different steps of denitrification based on
metatranscriptomic analysis, likely using amino acid and peptide substrates produced by anammox
bacteria as a carbon and energy source (Chapter 2). We also show that nitrate produced by
anammox bacteria during growth may be recycled back to nitrite by partial denitrifying bacteria,
such as certain Chlorobi spp., forming a nitrite-nitrate loop that results in higher nitrogen removal
efficiencies (Chapter 2). This highlights an important connection between carbon and nitrogen
cycling in PNA systems.

To further understand the carbon metabolism of nitrogen cycling microbiomes, we applied
cutting-edge metabolomic tools, '*C fluxomics, and metabolic modeling to elucidate the
autotrophic and mixotrophic metabolic networks operating in the anammox bacterium
“Candidatus” Kuenenia stuttgartiensis (Chapter 3) and the NOB Nitrospira moscoviensis
(Chapter 4). We find that K. stuttgartiensis operates an oxidative TCA to synthesize biomass
precursors, despite not encoding a known citrate synthase (Chapter 3). We also elucidated the role
of the Wood-Ljungdahl pathway for formate assimilation by K. stuttgartiensis and show that
reversal of this pathway can additionally be used for acetate oxidation (Chapter 3). This provides
mechanisms underlying their observed versatility, which may inform organic carbon feeding

strategies to PNA systems. For N. moscoviensis, we experimentally verified their use of the reverse
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tricarboxylic acid (rTCA) cycle and show this pathway is also used to assimilate formate indirectly.
Together, these findings provide further insights on the metabolic versatility of K. stuttgartiensis
and N. moscoviensis outside their chemolithoautotrophic lifestyles.

Insights from these metabolic networks were then used to build genome-scale models for
the anammox bacterium Brocadia sinica and the comammox bacterium Nitrospira nitrosa to
predict their interactions during co-culture (Chapter 5). Our simulations reveal that when growth
is limited by oxygen uptake, comammox Nitrospira perform incomplete nitrification and can
cooperate with anammox bacteria to effectively cycle ammonia to dinitrogen gas (Chapter 5). This
novel interaction could be used to develop new comammox-anammox based PNA systems and
highlights the value of our models as novel tools for hypothesis-driven exploration of interactions
between microorganisms in nitrogen cycling microbiomes. We also found that heterotrophic
bacteria co-occurring with anammox and comammox organisms encoded genes for denitrification
and expressed amino acid and peptide transporters (Chapter 5). This reflected similar
heterotrophic-anammox interactions observed in Chapter 2, suggesting this interaction mechanism
may be widespread in nitrogen cycling microbiomes.

From reflecting on this work and the work of others, we provide outlook on the field of
microbiome engineering and create a generalized framework for harnessing microbiomes using a
design-build-test-learn (DBTL) cycle. (Chapter 6). The cycle presents common principles and best
practices for engineering microbiomes to achieve desired functions, including top-down and
bottom-up design processes, synthetic and self-assembled construction methods, and emerging
tools to analyze microbiome function. We anticipate that adoption of this DBTL framework will
rapidly advance microbiome-based biotechnologies aimed at improving human and animal health,

agriculture and enabling the bioeconomy.
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Overall, our results have opened new research areas to further advance the understanding

and engineering of nitrogen cycling microbiomes as outlined below.

7.1 Measuring microbiome fluxes

Our '*C metabolomic studies (Chapters 3 and 4) offer the first measurements of metabolic flux in
any nitrogen cycling organism, offering quantitative insights on in vivo metabolic network activity.
Extending these techniques to measure intracellular and extracellular metabolic fluxes in microbial
communities, as opposed to individual organisms, would enable the experimental discovery and
quantification of metabolite exchanges controlling microbe-microbe interactions. While
computational frameworks to perform “metafluxomics” have been proposed, such as peptide-
based metabolic flux analysis', they have yet to be demonstrated on complex microbiomes
experimentally. Therefore, new techniques that combine metabolomics, metaproteomics, isotopic

tracing and network modeling to perform metafluxomics should be explored.

7.2 Understanding interactions between denitrifying and anammox bacteria in the presence
of organic substrates

Our metatranscriptomic study highlighted potential mutualist interactions between heterotrophic
denitrifying bacteria and anammox bacteria under autotrophic conditions (Chapter 2). We also
showed that anammox bacteria can use simple organic substrates, including acetate and formate,
as electron donors and for growth (Chapter 3). However, our experiments did not examine
competition between denitrifying bacteria and anammox bacteria for these substrates, which is
expected to occur because they are suitable electron donors for denitrification. Indeed, preliminary

chemostat studies conducted by us have shown that heterotrophic community members do increase
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in abundance overtime during continuous feeding of organic substrates (Christopher Lawson,
Michele Laureni, Aina Jofra, unpublished). Therefore, further experimental studies to identify
these denitrifying bacteria and the factors influencing competition for organic substrates with
anammox bacteria should be explored.

The nitrite-nitrate loop interaction between anammox and partial denitrifying bacteria we
identified (Chapter 2) also points to a new control in PNA systems that could be more purposefully
manipulated. For example, during nitrate build-up in PNA systems caused by unwanted NOB
activity, partial denitrification could be stimulated with organic substrates. While this has recently
been attempted for mainstream PNAZ, no strategy to rationally intervene and stimulate these
organisms exists. Therefore, future studies should identify the specific substrates, operating
conditions, and mechanisms that promote partial denitrification over complete denitrification to

keep nitrite available for anammox bacteria.

7.3 Defining ecological niches of nitrogen cycling bacteria

Our studies on the carbon metabolism of K. stuttgartiensis and N. moscoviensis highlight the
complexity and detail of their metabolism and metabolic versatility (Chapter 3 and 4). To achieve
the ultimate goal of systematically engineering nitrogen cycling microbiomes for desired
functions, detailed mapping of each organism’s ecological niches will be required. This includes
quantitatively mapping substrate utilization and tolerances, environmental optima (pH,
temperature), growth and substrate kinetics (e.g. affinities, maximum rates), toxicities, interaction
landscapes, structural properties (e.g. EPS formation), and more. Given the large number of

variables that need to be characterized, high-throughput experimental pipelines, such as
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microfluidic based assays® or automated microfermentation systems*3, that would enable the

collection of this information in more realistic timeframes should be developed.

7.4 Quantitative ecosystem model for PNA systems

The genome-scale models we developed for Brocadia and Nitrospira (Chapters 4 and 5) represent
a starting point for building a quantitative ecosystem model for the PNA process. To expand this,
new models for key denitrifying bacteria identified here (Chapter 2) and elsewhere®’ will be
needed. When integrated with the models for Brocadia and Nitrospira (Chapters 4 and 5), and the
recently published model for Nitrosomonas europaea®, it would be theoretically possible to
simulation interactions between the major functional guilds present in PNA systems. At a
minimum, this would also require determination of important kinetic parameters (affinity
constants, maximum substrate utilization rates) required for dynamic simulation. Given the
importance of spatial structure in granular based anammox systems’, extension of the dFBA
framework used in our study to consider diffusion and reaction of substrates within biofilms'’

should also be explored.
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8. Appendix A - Complete ammonia oxidation: an important control on

nitrification in engineered ecosystems?

This chapter has been published as:

Lawson, C.E. & Lucker, S. Complete ammonia oxidation: an important control on nitrification in

engineered ecosystems? Curr. Opin. Biotechnol. 50, 158—165 (2018).
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8.0 Abstract

Nitrification has long been considered to be mediated by two distinct microbial guilds, the
ammonium oxidizing bacteria and archaea, and the nitrite oxidizing bacteria. The process has been
widely applied as an environmental biotechnology for ammonium removal during water and
wastewater treatment. Recently, bacteria capable of complete nitrification of ammonia to nitrate
(a process termed complete ammonia oxidation, or comammox) have been discovered. These
novel nitrifiers have been identified in a range of engineered, natural freshwater and terrestrial
ecosystems, challenging previously held knowledge on the key microorganisms and biochemical
pathways controlling nitrification process performance. This paper discusses the distribution of
comammox bacteria with a focus on engineered ecosystems, as well as emerging insights from

recent genomic and experimental studies on their ecophysiology.

8.1 Introduction

Nitrification, the biological oxidation of ammonia (NH3) to nitrate (NO3"), has been widely applied
in engineered ecosystems for ammonia removal during drinking water and wastewater treatment.
In drinking water systems, nitrification is employed to treat ground waters with elevated
ammonium concentrations to produce biologically stable water for distribution'. Control of
unwanted nitrification in water distribution systems has also been an engineering objective to avoid
decay of chloramine disinfectants by nitrifying microorganisms®>. In wastewater systems,
nitrification is employed to prevent oxygen depletion and fish toxicity in receiving waters, and is
often combined with denitrification (reduction of NO;/ NOs" to nitrogen gas, N2) and more
recently anaerobic ammonium oxidation (anammox; oxidation of NH4" with NO>™ to N,) for

complete nitrogen removal to prevent eutrophication®*. Furthermore, nitrification is used to
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remove ammonium in recirculating aquaculture systems (RAS) and bioreactors treating landfill
leachate>®,

Nitrification has traditionally been thought to occur as a two-step process, where ammonia-
oxidizing bacteria and archaea (AOB and AOA) first oxidize NHj3 to nitrite (NO2"), and nitrite-
oxidizing bacteria (NOB) subsequently convert NO> to NOs3. However, this view has been
radically altered recently when bacteria able to oxidize NH3 all the way to NOs” were identified”-.
While the thermodynamic feasibility of this so-called comammox process (for complete ammonia
oxidation) had been predicted®!?, it took more than 120 years from the first description of nitrifying
bacteria!! to its discovery’®. Since then, comammox organisms have been detected in a range of
engineered and natural ecosystems, challenging previously held knowledge about the key
microorganisms performing nitrification in them.

In this review, we summarize the identification and distribution of comammox Nitrospira
in engineered ecosystems, highlight recent insights on their ecophysiology inferred from
comparative genomic studies, and examine their interactions with other nitrogen-cycling
microorganisms. We also discuss the importance of incorporating comammox bacteria into

nitrification process control development and highlight future research directions.

8.2 Comammox in engineered ecosystems

All complete nitrifiers identified to date'?”-13:143.15 belong to sublineage II of the genus Nitrospira
(Figure 8.1A)!'%!7. This genus has been long known'®, but all members described were canonical
NOB'"172° Consequently, despite several studies observing disproportionally high abundances of
Nitrospira in response to ammonium amendment?!?2, their potential role in ammonia oxidation

had previously been overlooked. Since their original discovery, comammox Nitrospira have been
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betaproteobacterial AmoA verrucomicrobial PmoA

alphaproteobacterial PmoA

comammox clade B AmoA gammaproteobacterial PmoA

comammox clade A AmoA gammaproteobacterial AmoA

Figure 8.1 - Phylogenetic analyses of comammox Nitrospira. (A) 16S rRNA-based
phylogenetic tree of the genus Nitrospira. Comammox Nitrospira are depicted in red.
Nitrospira sublineages are indicated by roman numbers. (B) Phylogenetic analysis of the
ammonia/methane monooxygenase family. AmoA protein clusters of comammox Nitrospira
are shown in red, AmoA sequences of canonical ammonia oxidizers in green. Amo, ammonia
monooxygenase; Emo, ethane monooxygenase; Hmo, hydrocarbon/butane monooxygenase;
Pmo/Pxm, particulate methane monooxygenase.

identified in a range of engineered systems, including aquaculture biofiltration units'?8, drinking
water treatment’!>»'% and distribution systems!®, and wastewater treatment plants 2724, They

usually co-occur with AOB and/or AOA, but can greatly outnumber other ammonia-oxidizing
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prokaryotes (AOP), highlighting their potential contribution to nitrification in these
systems'??42315 However, to date it is still unknown to which extend biogeography, process
configuration and chemical composition of the treated (waste)water influences their distribution

and abundance.

8.3 Identification of comammox

Nitrifying microorganisms can exhibit ecophysiological differences and it thus is important to
identify and monitor their abundance and activity in engineered ecosystems to inform process
control efforts. Initial identification of comammox Nitrospira resulted from screening of
metagenomic datasets and subsequent assignment of ammonia monooxygenase (AMO),
hydroxylamine oxidoreductase (HAO), and nitrite oxidoreductase (NXR) gene sequences to single
Nitrospira genomes or population-level genomic bins”!»14815 These studies showed that
comammox Nitrospira possess phylogentically distinct forms of AMO compared to canonical
AOP (Figure 8.1B)”8, a key reason why previous surveys using canonical amo4 PCR primers
overlooked comammox Nitrospira®®?°. Furthermore, it was observed that different comammox
Nitrospira encode AMO orthologs that are as dissimilar to each other as to the betaproteobacterial
AMO (with only ca. 60% amino acid identity between members of the different clades), which are
referred to as comammox AMO clades A and B (Figure 8.1B)"*. In addition to metagenomics,
PCR primer sets targeting the distinct comammox Nitrospira amoA sequences have now been

1224 with the primer sets reported by Pjevac et al.?* having

designed to quantify their abundance
the broadest coverage (approximately 95% of clade A and 92% of clade B comammox Nitrospira

sequences). This approach enables more rapid monitoring of comammox Nitrospira in engineered

ecosystem, and could also be suitable for profiling potential activity via quantification of amoA
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transcripts using RT-qPCR?*, It is important to emphasize that comammox Nitrospira do not form
a monophyletic group in 16S rRNA gene sequence or nxrB-based phylogenetic analyses, but are
instead interspersed with strict nitrite-oxidizing Nitrospira (Figure 8.1)7!48. Consequently, it is
impossible to distinguish comammox from canonical Nitrospira using 16S rRNA or nxrB gene

sequences, despite published attempts suggesting otherwise 3'.

8.4 Distribution of comammox

The high abundance of comammox Nitrospira in several engineered ecosystems highlights their
potential importance for nitrification. In rapid sand filters used for groundwater treatment,
Nitrospira were observed to be the most dominant guild (5-10% of the microbial community) in a
survey of Danish drinking water treatment plants, having up to two and six orders of magnitude
higher abundance than canonical AOB and AOA, respectively*??3. Given that these Nitrospira all
belonged to sublineage Il and a comammox Nitrospira population-level genome bin (CG24)"3
from one of these plants also had high abundance (30% of all mapped sequencing reads), it is
probable that complete nitrification was occurring in these rapid sand filters?. This is consistent
with recent metagenomic evidence that found comammox Nitrospira are broadly distributed in

several drinking water systems in Asia and North America'®!

, and previous observations of
disproportionally high Nitrospira abundances in other full-scale biological filtration units treating
ground and surface waters?>%°, Intriguingly, high abundance patterns of sublineage 11 Nitrospira
have also been observed in chloraminated drinking water distributions systems??, highlighting a

need to evaluate the contribution of comammox Nitrospira to unwanted nitrification episodes

during water supply.
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In addition to drinking water systems, Bartelme et al.!?

showed that comammox Nitrospira were
the most abundant ammonia oxidizers in a RAS biofilter, having 1.9 times the abundance of AOA,
and outnumbering betaproteobacterial AOB by three orders of magnitude. Comammox Nitrospira
have also been identified in WWTPs?*7, consistent with the oftentimes high abundance and
microdiversity of Nitrospira in activated sludge?'. Although their prevalence in WWTPs remains
largely unexplored, one study from a full-scale plant in Vienna, Austria, reported that comammox
represented 43-71% of the total Nitrospira population, with greater abundances than canonical
AOB’. Together, these studies indicate that comammox Nitrospira are important players

performing nitrification in engineered ecosystems, interacting with a diverse community of AOA,

AOB, and strictly nitrite-oxidizing Nitrospira.

8.5 Genomic insights on comammox Nitrospira

Despite their potential importance to engineered and natural ecosystems, the factors determining
niche partitioning between comammox Nitrospira, canonical AOP, and NOB remain unknown.
However, recent comparative genomic studies have shed light on the adaptation and metabolic
potential of comammox Nitrospira**° (Figure 8.2). Based on genomic evidence, comammox
Nitrospira appear to be adapted to microaerophilic environments (Figure 8.2; Figure 8.3A). Like
all Nitrospira, comammox encode genes for the reductive tricarboxylic acid (rTCA) cycle?*7-33-36:8,
As discussed by Liicker et al.*%, the rTCA is typically employed by anaerobic or microaerophilic
organisms due to oxygen-sensitive reactions with ferredoxin, and offers greater energy efficiency
for CO; fixation compared to the oxygen-tolerant Calvin-Benson-Bassham (CBB) and

thaumarchaeal hydroxypropionate-hydroxybutyrate (HP/HB) cycles employed by AOB and AOA,

respectively’”8 (Figure 3B). However, the mechanism Nitrospira uses to regenerate reduced
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ammonia oxidation

nitrite oxidation

nitrite reductase (NO-forming)
assimilatory nirite reduction

nitric oxide reductase

hydrogen oxidation

formate oxidation

cytochrome bd-like oxidase
cytochrome aa, oxidase*

cytochrome bd quinol oxidase

urea degradation

reductive TCA cycle
CBB cycle

thaumarchaeal HP/HB cycle
PHA synthesis

glycogen synthesis

Figure 8.2 - Heatmap comparing the metabolic features encoded by comammox and
canonical Nitrospira, AOB, and AOA. Red, function is encoded in all genomes; orange,
function is encoded in some to most genomes; white, function is not encoded. *Note that the
cytochrome aa; oxidase in AOB and AOA both belong to the heme-copper oxidase type A,
but are phylogenetically distinct.

ferredoxin and how it is protected from autoxidation by O, are unknown and might constitute
considerable energy costs. Adaptation to microaerophilic environments is also reflected in
comammox Nitrospira’s electron transport chain, which employs novel cytochrome bd-like
terminal oxidases (described in detail for Candidatus N. defluvii)*¢. These cytochrome ¢ oxidases

are speculated to have higher oxygen affinities compared to the low-affinity aas-type heme-copper
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oxidases employed by most canonical AOP and may confer comammox Nitrospira a selective
advantage in engineered processes with low dissolved oxygen. Indeed, this agrees with
observations from Camejo et al.>* that enriched comammox Nitrospira in a low-dissolved oxygen
bioreactor inoculated with activated sludge. However, it should be noted that these novel terminal
oxidases have not been functionally characterized and both their ability to pump protons and their
oxygen affinity remain to be determined experimentally.

Genomic information also indicates that comammox Nitrospira can use diverse substrates
for energy conservation, similar to other Nitrospira species (Figure 8.2). They have the potential
to uptake and degrade urea to ammonia via high-affinity urea ABC transporters and urease
genes*8, This activity has been functionally demonstrated in canonical Nitrospira® and could
provide a selective advantage to comammox Nitrospira in ammonia-limited environments.
Interestingly, all comammox species investigated to date lack genes for assimilatory nitrite
reduction”3%® and have been shown to depend on the presence of ammonium for growth”$. Most
comammox Nitrospira also encode group 3 [NiFe]-hydrogenase (sulthydrogenase) and clade B
representatives encode formate dehydrogenase, which could allow growth on H, and formate,
respectively. These substrates are common fermentation end products and would enable anaerobic
growth of comammox Nitrospira (via nitrate respiration), as has been shown for M.
moscoviensis’>* . Indeed, this metabolic versatility would be particularly favorable for comammox
Nitrospira at anoxic-aerobic interfaces typically present in biofilms or flocs in engineered
ecosystems*®’. Given the known functional diversity of Nitrospira spp. in engineered

ecosystems?!-24

, efforts to recover and analyze new comammox genomes should continue to yield
new ecophysiological insights. Moreover, confirmation of these predicted functions with other

multi-omic approaches (transcriptomic, proteomic, metabolomics) and physiological activity
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measurements are needed to elucidate how such metabolic flexibility is regulated by

environmental cues and microbe-microbe interactions.

8.6 Controlling ecophysiology and microbial interactions
Environmental biotechnology seeks to control the physiology of individual microbes within a
community to achieve ecosystem-level phenotypes and ensure stable process performance. This
requires detailed understanding of each microbe’s ecophysiology and of the interactions between
community members. For nitrifying systems, comammox organisms represent a new control on
nitrification for biotechnologists to manage. Kinetic theory of optimal pathway length predicted
that comammox organisms would have low growth rates, high growth yields, and therefore be
adapted to environments with low substrate fluxes®. This was recently confirmed based on kinetic
analysis of a Nitrospira inopinata pure culture, which yielded apparent Km values 4-2500-fold
lower than any kinetically characterized AOB and non-marine AOA (Kmgpp=0.84 uM), and
growth yields at least 30% greater than any examined AOP*' (Table 8.1). While these data
represent yet only one comammox organism, uncultured comammox Nitrospira were found at
high abundances in many of the engineered systems described above, where ammonium
concentrations can range from 4-60 uM in bulk waters to even lower in biofilms due to diffusion
gradients*!. This suggests that ammonium availability is a key factor determining niche
differentiation of comammox Nitrospira and other AOP (Figure 8.3A), which could be controlled
by manipulating specific substrate loading rates in engineered processes.

Genomic analyses of comammox Nitrospira suggest that they are also adapted to
microaerophilic environments and future studies should elucidate their oxygen affinity parameters

to confirm this prediction. This might explain a previous report from low dissolved oxygen
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Figure 8.3 - Ecophysiological parameters impacting AOP niche differentiation. (A)
Comammox Nitrospira have lower growth rates, higher biomass yields, and higher
ammonium affinities compared to other Kkinetically characterized AOB and non-marine
AOA, as demonstrated for N. inopinata®*'. Comammox bacteria are also predicted to have
a higher oxygen affinity®. (B) Differences in energy yield and carbon fixation pathways
between comammox Nitrospira and betaproteobacterial AOB. Comammox Nitrospira have
a greater energy yield and more efficient carbon fixation pathway compared to AOB. Calvin-
Benson-Bassham (CBB) cycle overall stoichiometry: 3 CO;+9 ATP + 6 NADPH => C;H,06P
+ 6 NADP* + 9 ADP + 9 Pi. Reductive TCA (rTCA) overall stoichiometry: 3 CO; + 4 ATP +
1 NADPH + 1 QH; + 2 Fdyea => C3H706P + 1 NADP* + 1 Q + 2Fdox + 4 ADP + 4 Pi. RuBP,
ribulose 1,5-bisphosphate; 3PG, 3-phosphoglycerate; PGAP, 1,3-bisphosphoglycerate; GAP,
glyceraldehyde-3-phosphate; DHAP, dihydroxyacetone phosphate; RSP, ribulose-5-
phosphate; Oxa, oxaloacetate; Mal, malate; Suc, succinate; SucCoA, succinyl-CoA; aKG,
alpha-ketoglutarate; Iso-cit, Isocitrate; Cit, citrate; AcCoA, acetyl-coenzyme A; Pyr,
pyruvate; PEP, phosphoenolpyruvate. (C) Impact of cell cluster size and oxygen
consumption stoichiometry on apparent oxygen half-saturation coefficients [Kogpp) in
nitrifying biofilms*3, (Left) Impact of cell cluster size on local oxygen concentrations within
the biofilm. Gray arrows indicate the amount of oxygen consumed by small (red) and large
(green) microcolonies. (Top right) Larger cell cluster sizes create local oxygen limitations
within microcolonies, reducing average specific growth rates in three-dimensional biofilms
(n3p) and increasing Kopp). Solid lines denote uniform cell cluster size; dashed line denotes
larger (green) cell cluster sizes. (Bottom right) Larger oxygen consumption stoichiometry
(Yo) can also create local oxygen limitations with microcolonies, influencing the rate that
Ko(app) increases with colony size. Kogntr), intrinsic oxygen half-saturation coefficient.
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nitrifying reactors, where clade Il Nitrospira composed 20% of the total community abundance
with no detectable known AOP population*?. These parameters are also important for
understanding oxygen competition in nitrifying reactors and are often used in practice as the basis
of control strategies. One example is partial nitritation-anammox, where Nitrospira have typically
been viewed to have negative impacts on process performance and aeration control strategies have
been developed for their out-selection**°. While these strategies have had moderate success,
robust control of partial nitritation is still difficult to achieve, in part because of the functional
diversity among nitrifying microorganisms in situ, especially Nitrospira. Indeed, future
monitoring of Nitrospira will need to distinguish between comammox and strict nitrite-oxidizing
Nitrospira, which is now possible with the new amoAd-targeting PCR primers developed?.
Moreover, better understanding of how biofilm chemical gradients and microcolony formation
influences microbial interactions is needed. For example, in nitrifying flocs and biofilms that have

steep oxygen gradients*®+7

, parameters such as cell cluster size and position in the biofilm can
greatly impact apparent oxygen half-saturation coefficients [Kogpp)] and competition between
nitrifying microorganisms*® (Figure 8.3C). For biofilm and granules, a stratified structure of
nitrifying microorganisms has been observed, with AOB dominating the outer and NOB occupying
deeper layers*>°. This consequently increases the Kogapp) of NOB through oxygen limitation deep
in the biofilm, while causing a lower Kopp) for AOB on the surface*®. The opposite effect is
observed for activated sludge flocs, where due to the random distribution of nitrifying colonies the
cell cluster size has the strongest influence on the observed Kogpp). Here, the larger oxygen
consumption stoichiometry combined with the typically larger colony size of AOB (Table 8.1)

causes oxygen depletion inside the cell clusters, decreasing growth rates and increasing Ko(app) of

AOB more strongly than of NOB (Figure 8.3C) and resulting in reversion of apparent AOB and
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NOB oxygen affinities versus the intrinsic values reported*®. However, it should be noted that

these intrinsic oxygen affinities have to date not been obtained for any Nitrospira pure cultures but

are derived from Nitrobacter pure cultures or activated sludge enrichments, indicating a possible

underestimation of the intrinsic Ko of Nitrospira in these systems. Comammox Nitrospira have a

larger oxygen consumption stoichiometry than canonical AOB, but will still form the smaller cell

clusters typical for Nitrospira (Table 8.1). As colony size is expected to have the strongest

influence on Kopp)*®, this would give them a competitive advantage in activated sludge flocs under

oxygen-limited conditions, but not necessarily in highly structured biofilm systems. Here, they

would need to outcompete AOB in the outermost biofilm layers, which might be achieved through

a combination of ammonium and oxygen limitation due to their expected higher ammonia

affinities*! in combination with the formation of smaller colonies and thus reduced Koapp).

Table 8.1 - Physiological parameters of nitrifying microorganisms.

Parameter comammox | comammox | Nimowia | AOP | AOA
Km (NH3) [uM] 0.049 n.d. n.a. 1.9-200 0.36-4.4
Ko [uM] n.d. n.d. 4.06-16.88 1-40 2-4
pmax [h7'] 0.0061 n.d. 0.019-0.058 0.028-0.068 0.010-0.013
Ybio [mg protein/mol NHj3] 395 n.d. 120-2132 250 300
microcolony size [um] n.d. n.d. 1-8 2-16 -
oxygen consumption [mol O2:NH3] 2 2 0.5? 1.5 1.5
references [41] [52-55] [54,56-58] [41,59-61]

Ireferenced for non-marine AOA
2per mol NO»

n.d. = not determined; n.a. = not applicable

In addition to out-selecting Nitrospira, it is also intriguing to envision new biotechnologies

that incorporate comammox Nitrospira. van Kessel et al.® have shown that comammox Nitrospira

can form tight co-aggregates with anammox bacteria under hypoxia, suggesting these organisms
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can cooperate, rather than compete. Presumably, comammox Nitrospira perform canonical
ammonia oxidation under these conditions, supplying the anammox bacteria with nitrite. However,
further studies on the physiological bases of this interaction are needed in order to clarify potential

control strategies that could maintain this interaction in a stable nitrogen removal process.

8.7 Summary and future outlook

Since their initial discovery, high abundances of comammox Nitrospira have been detected in
some recirculating aquaculture and drinking water systems, wastewater treatment plants, and a
range of natural freshwater and terrestrial ecosystems. While these initial findings highlight their
potential contribution to nitrification in engineered processes, it is important to recognize that
amoA gene abundances, and even gene expression, does not always correlate with in situ
nitrification activity, as demonstrated for AOA in a WWTP>!. Accordingly, future efforts should
focus on measuring the in situ activity of comammox Nitrospira to better define their functional
contribution to nitrification and other nutrient cycling processes both in natural and engineered
systems. In particular, understanding the ecophysiological parameters regulating comammox
Nitrospira function will be critical for creating novel process control strategies for improved and
robust management of nitrification. This includes not only understanding how environmental
parameters, such as oxygen and ammonium availability, influence comammox Nitrospira
behavior, but also how cooperative and competitive interactions between AOP, NOB, anammox
bacteria, denitrifying bacteria, and comammox organisms determine ecosystem-level phenotypes.
Integration of multi-omics information with physiological and reactor experiments will be needed
to drive such mechanistic understanding of nitrogen cycling within engineered ecosystems. This,

together with metabolic models that incorporate three-dimensional biofilm structure and kinetic
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parameters, is ultimately needed to develop a predictive framework that enables the rational

engineering of nitrifying microbiomes for sustainable water management.
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