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Abstract

In the US, the biogas produced from anaerobic digestion (AD) of industrial, municipal and
agricultural waste streams hagreapotential as a renewable feedstot& tap into the immense
biogas potentialvhile reduéng greenhouse ga&HG) emissions, e#ctive biotechnologiesuch
as methanotroptphotoautotroph (IMP) coculture that can operate at ambient pressure and
temperature without requiring biogas cleaning/upgrading are urgently nedtwealigh it has
been recognized thaticrobial communitiesffer a number of advantageser monocultureghe
utilization of microbial conmunities for biotechnological applications have been limitéds
work aims to help change that by developing effective éxyggrtal and computation&bols to
enable thexplomtion ofinteractions in microbial communities.

This studyinvestigatesand aldresgsthe followingmajor challenges idevelopng anM-

P coculturebased biotechnologyl) lack of experimental and computatiortabls to efficiently
and accurately characterize the coculture in +t@ak; (2) lack of tools and methodologies in
detemininglargely unknown intespecieslependenciesnd their contributions among the species;
(3) lack of understandingnd modeling strategies to quantitatively characténiebighly complex
dynamics of theoculturecells and theimetabolic interactiongver time whichhindersthe design
and scalaup of M-P photdioreactos, as well as the optimizatioand controlof operation
conditions

In this work, the advantages of th#-P coculture over sequentighotoautotroph and
methanotoph single cultures for biogas conversicare investigated An experimental
computational protocas propose for fast, easy and accurate quantitative characterizatibtx of
P coculturesA semistructured kinetic modét proposedhat caraccurately predict the coculture

growth undera wide range ofcultivation conditionsA genomescale metabolic network model



(GEM) isemployed to develop steadyate MP coculture mode]$o postulate potential molecular
interactiongesponsible for thendanced growth observed in the cocultdige kinetic model and
coculture GEM model were utilized to develoglgnamic GEM model that can determitie

metabolic flux profileand contribution ofmutualistic interactionsver time.
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Chapter 1: Introduction

1.1 Greenhouse gases and its environmental impact

Greenhouse gasé6HGSs)in the atmosphere have an important influence on the climate
of our planet. Simply state@HGsimpede the outward flow of infrared radiation more effectively
than they impede incominglar radiation. Because of this asymmetry, the earth, its atmosphere,
and its oceans are warmer than they would be in the absence of sudijgases
The majoiGHGsare water vapor, carbon dioxide (gfdmethane (Ck), and nitrous oxide (pD).
Without the naturally occurringsHGs (primarily water vapor and Cf£), the earth's average
temperature wdd be about 33°C (59°F) colder than if2}, and the planet would be much less
suitable for human habitation. The possible warming due to increased concentrations of these gases
is called "greenhouse warming." An overview of U.S. GHGs emissions is shéigune 1 [3].

While CO emissions come from a variety of natural sources, henglated emissions are
responsible for the increase that has occurred in the atmosphere since the industrial rédjolution
The main human activity that emits €@ the combustion of fossil fuels (coal, natural gas, and
oil) for energy and transportation, although certain industrial processes angs&andanges also
emit CQ. The main sources of G@missions in the United States are showRigure 2a. CO;
is constantly being exchanged among the atmosphere, ocean, and land surface as it is both
produced and absorbed by many microorganisms, plants, and animals. Howeveoneraisgi
removal of CQ by these natural processes tend to balance, absent anthropogenic [Bipacts

In 2019, CH accounted for about 10 percent of all U&HG emissions from human
activities[6]. Methane's lifetime in the atmdsgre is much shorter than gut CH; is more
efficient at trapping radiation than G{8]. Pound for pound, the comparative impact ok &5

times greater than G@ver a 1060year period7].
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Overview of U.S. Greenhouse Gas
Emissions in 2019

Fluorinated
Gases
Nitrous Oxide 3%
7%

Methane
10%

Carbon Dioxide
80%

U.S. Environmental Protection Agency (2021). Inventory of U.S.
Greenhouse Gas Emissions and Sinks: 1990-2019

Figure 1. Total U.S.Emissions in 2019 §,558Million Metric Tons of CQ equivalentexcludes
land sector). Percentages may not add up to 100% due to independent r{gjnding

CHs4 is emitted from energy, industry, agriculture, land use, and waste management
activities, are shown ifrigure 2b. Domestic livestock such as cattle, swine, sheep, aats g
produce CH as part of their normal digestive proceshese animalfiave a forestomach (or
rumen) containing microbes called methanogens, which are capable of digesting coarse plant
material and which produce methane as giwmguct of digestion (a@aric fermentation): this
methane is released to the atmosphere by the animal be[8hi#dso, when animal manure is
stared or managed in lagoons or holding tankss 3Hroduced6]. Natural gas and petroleum
systems are the second largest source afdédhissions in the United Stat€3H, is generated in
landfills as waste decomposes and in the treatment of wastewater. Landfile dhirdlargest
source of CH emissions in the United Stat¢®]. CHs is also generated from domestic and

industrial wastewater treatment and from composting and anerobic dig€dtiois. also emitted
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from several natural sources. Natural wetlands are the largest source, emittilgr©Hacteria

that decompose organic tedals in the absence of oxygi).

2019 U.S. Carbon Dioxide Emissions, By Source

Other (Non-Fossil
Fuel Combustion)

2019 U.S. Methane Emissions, By Source

Coal Mining

Other
- ” o Natural G
Residential & p atural Gas
. p \ and
Commercial ¢ A\ Manure
Management Petroleum

11% 4 \

Transportation
35%

Industry
16%

Systems
30%

9%

Landfills
17%

Enteric
Fermentation

27%

Electricity
31%

U.S. Environmental Protection Agency (2021). Inventory of U.S.
Greenhouse Gas Emissions and Sinks: 1990-2019

b

U.S. Environmental Protection Agency (2021). Inventory of U.S.
Greenhouse Gas Emissions and Sinks: 1990-2019

Figure 2. Source of U.S. (afO; and (b)CH4 emissions in 2019AIl emission estimates from
thelnventory of U.SGHG Emissions and Sinks: 199019 (excludes land sectof3].

1.1.1Impacts of climate change

Climate change will have many kinds of impacts. Climate change will affect ecosystems
and human syster@issuch as agrictdrral, transportation, and health infrastrucéure ways we
are only beginning to understand ($egure 3). There will be positive and negative impacts of
climate change, even within a single region. For example, warmer temperatures may bring longer
growing seasons in some regions, benefiting those farmers who can adapt to the new conditions
but potentially harming native plant and animal spefdé§ In general, the larger and faster the

changes in climate are, the more difficult it will be for human and natural systems tgl&japt
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Unfortunately, the regions that will be mastverely affected are often the regions that are the
least able to adapt.

Developed nations, including the United States, also will be affected. For example, most
models indicate that snowpack is likely to decline on many mountain ranges in the Welst, whi
would bring adverse impacts on fish populations, hydropower, water recreation, and water
availability for agricultural, industrial, and residential (i5&]. However, wealthy nations have a
better chance of using science and technology to anticipate and adapt to sea level rise, threats to
agriculture, and other climate impacts.

Potential climate changes impact

Temperature

Sea level rise -

Precipitation

Impacts on...

Species and
Health Agriculture coastal areas natural areas

) Lia (é 7

Erosion of beaches

Weatner-related Forest composition
mortaiity - Water supply Inundation of Loss of habitat and
, Crop yields Geograghi range s coastal lands speces
-
Infectous 6Seases  yrigation demands s - ey addional costs o ke
Airqualty respiratory Forest health Competiion for water protect coastal Giminishing glaiers
linesses and productvity otect coms

GIRITID (@)
Arendal s

Source: Unvtad States snvrormertal protacton agency (EPA)

Figure 3. Climate changes could have potentially widaging effects on both the natural
environment and human activities and economies. Source: U.S. Environmental Protection
Agency[12].

Polar regions are already experiencing major changes in climate. Like the proverbial canary

in the coal mine, changes in the polar regions can be an early warning of things to come for the

rest of the planetand the environmental changes now being witnessed at higher latitudes are
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alarming. For example, Arctic Sea ice cover is decreasing rapidly, and glaciers are retreating and
thinning. NASA data show that Arctic Sea ice shrunk to a new record low inf28])24 pecent
lower than the previous record (2005), and 40 percent lower than thtetomgveraggl3].

A number of ecosystem changes, such as plants flowering earlier in the year and declines
in animal species that depend on sea ice for habitat, have been attribitedtiorng warming
observed at northern latituddgl]. Changing climate is also having human impacts: some Alaskan
villages have been moved to higher ground in response to increasing storm damage, and the
thawing of permafrost is undermining infrastructure, affecting houses, roads, and pipelines in

northerncommunities around the wor]d4].

1.1.2Reducing GHGs Emissions

Most climate and integrated assessment models project that the concentfation
atmospheric Cowould have to stop increasing (and perhaps start decreasing) by the second half
of the century for there to be a reasonable chance of limiting warming and the associated dangerous
climate impacts. The focus of climate mitigation iseéduce energy sector emissions byl80
percent, requiring massive deployment of foarbon technologies between now and 2[1%).
Most climate mitigation technologies are intended to decrease the rate at which we take additional
carbon from fossil fuel reservoirs and ecosystems additatd the atmosphere as €’hese
include renewable electricity, increased energy efficiency, and carbon capture and storage of
emissions from fossil power plarfts5].

Progress toward these targets could be made by deploying negative emissions technologies
(NETs), which remove carbon from the atmosphere and seque$iéi.itUnder the present
conditions, where fossil CQs continuously added to the atmosphere, removing f@n the

atmosphere and storing it has exactly the same impact on the atmosphere and climate as
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simultaneously preventing emission of an equal amount of[T8) These negative emissions
technologies, or NETs, have received much less attention by researchers than traditionalmitigatio
technologies. NETs have been part of the portfolio to achieve net emissions reductions, at least
since reforestation, afforestation, and soil sequestration were brought into the United Nations
Framework Convention on Climate Change, albeit as mitigafions, more than two decades

ago. Recent analyses found that deploying NETs may be less expensive and less disruptive than
reducing some emissions, such as a substantial portion of agricultural andd¢agchissions and

some transportation emissioi$].

Using biological processe® tincrease carbon stocks in microorganism, forests, and
wetlands is the first way to mitigate GHGs, and then the second way is production of energy from
biomass, while capturing and storing the resulting @@issions. Third, using chemical processes
to cgpture CQ directly from the air and then sequester it in geologic reservoirs, and forth,
enhancing geologic processes that capturgf@n the atmosphere and permanently bind it with
rocks. In this work, we satisfy first two ways of GHGs mitigation byhgisa novel coculture
system. Since source of GHGs are broad and different, our group fobiagjas, specifically the

biogas produced from anaerobic digestions of waste treatment facilities.

1.2Immense potential of biogasproducts and challenges

1.2.1Biogas production
Here is an overview of the proposed biotechnology in capturing biogas and producing high

value fuels and chemicalBigure 4).
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Wastewatertreatment

Raw biogas Residual clean gas
CH,, CO,, H,S (Recycle or to engine)
Treated water
Effluent
N.PK o Bio-oil
Mixed biomass | single cell protein

Biofertilizer
Bioplastic

Figure 4. An overview of biotechnology (the coculture systemyastewatetreatment industry

Biogas is a renewable and valuable energy resource as a byproduct of anaerobic digestion.
Anaerobic digestion is a series of biological processes in which microorganisms digest plant and/or
animal material in sealed containers, producing biogas, which is a mixtGis €O, and other
gasesThe organic material left over, known as digestateich in organic matter and nutrients
such as nitrogen, phosphate and potaghically, biogas contains 500% CHs and 3650%CO;
and the ratio of these two gases in biogas depends on the substrate, operating conditions and pH
among other factorfl7]. At water resource recovery facilities (WRRFs), the anaerobic digester
substrate usually comprises of the sludge from the primary settling basin as well as waste activated
sludge from the secondary claeif tanks. However, edigestion of organic wastes with sludge is
applied as a strategy for increasing the digester gas production and 8jeféats, oil and grease
(FOGQG) is a lipidrich organic waste that that is currently utilized in numerous WRRFs across the
United States. As a result, biogas production at WRRFs will benefit from improved efficiency and

convasion of waste to energyhis energy may be used in many different ways.

1.2.2Biogas utilization and challenges
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1.3 Co-culture biomass as feedstock for valuable products

Photoautotrophs and methanotrophs have immense potential as renewable feedstocks
microbial biomass can be used for producing a variety of products. Under different operating
conditions, both photoautotrophs and methanotrophs can accumulate various energy compounds
(carbohydrates, proteins and lipids) to use as feed, other products and esfaciatigrgy

products as biofuels.

1.3.1Biofuel potential

The limited supply of fossil fuel as well as its negative effects on the environment
(contribution to global warming) has led to the reduction of fossil fuels for energy. Consequently,
balancing the in@asing global energy demand while decreasing use of traditional fossil fuel has
prompted continued research into alternative fuels from sustainable feedstock. Photoautotroph has
attracted significant interest to the scientific community as a renewablgrecesof energetic
compounds (carbohydrates, lipids) which can be converted to bi¢Ag}IsBiofuels consist of
biodiesel, bieoil or bioethanol. First generation biofuels are acquired from crops. Three major
challenges of firsgeneration biofuels are:reduced human food productionjrizreased use of
arable land and-8nvironmental damagi9].

Second generation biofuels utilized romp feedstoks such as agricultural and forest
residue, grass and waste oil; however, its production has is not profitable as it requires expensive
technology. Third generation biofuels are promising in overcoming the challenges poséd by 1
and?"d generation biofus [30,31] Advantages of third generation biofuels include:

1. Rapid growth rate of photoautotroph as compared to plants as feedstock
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2. Cultivation of photoautotroph on various waste nutrient sources promotes bioremediation

throughefficient removal of mainly inorganic N and P.

3. Higher photosynthetic efficiencies-g%6) can be reached as compared to pla2€()[29].

1.3.1.1Bioethanol

Photoautotroph contains carbohydrates that serve as the feedstock for fermentative
bioethanol production. Carbohydrates are present in microalgae and cyanobacteria as either stored
(glycogen, starch) or as a structural component of the cell wall (cellulose, sulphated
polysaccharides). Different physical (bead milling, freeing, agitation, high pressure
homogenization), chemical (acidic or alkaline hydrolysis), and enzymatic pretrgatrare
required to release the carbohydrate content. It is important to note that the lack of lignin in
microalgae requires less harsh pretreatment as compared to 1st generation bioethanol. Then
microalgal biomass is hydrolyzed to convert polymeric daydoate to glucose (most abundant
monomeric sugar) for subsequent fermentation by yeast or bacteria. Low carbohydrate content in
photoautotroph will not favor economic production of bioethanol; thus, there are increasing efforts
to enhance and optimize tbarbohydrate content of photoautotroph cells through manipulation of
the culture conditions (irradiance, temperat@€, supply, pH and nutrient$29,3233]. Some
of the challenges of third generation bioethanol are dewatering algae culture, pretreating biomass

for releasing carbohydrates, and optimizing the fermentation process.

1.3.1.2Bio-oill
Photoautotroph biomass have gained ground as feedstock fevdlighbiofuels due to
their energyrich biomolecules (carbohydrate, protein and lipids). However, high nutrient cost

coupled with the use of limited freshwater sources pose significant challenges for commercial
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application. The AD effluent and biogas proddcat WRRFs is a convenient and sustainable
source of essential nutrients (nitrogen, phosphorus and trace metals) and carbon subsjrate (CO
required for high growth rates and biomass production. The significant advantages offered through
this approach arg) reduction in environmental pollution by capturing the nutrients and 2) low
cost biomass production which can be used for production bioenergy such as biofuels. However,
the energy and costtensive downstream processing of microalgal biomass for dsedi
production is a major drawback for the economic feasibility of converting microalgae to biofuels.
Producing biodiesel from lipids by the conventional transesterification process is energy intensive
as the biomass has to be dried and the residual bfoooataining proteins and carbohydrates are

not utilized[34]. The traditional transesterification process also utilizes hazardous organic solvents
[35] which can increase operating costs. Furthermore, acquiring high lipid content of
photoautotroph is usually stimulateldy nutrient depletion which in turn would affect
photoautotroph growthates and biomass productivity. In order to address these shortcomings,
researchers are focusing on converting photoautotroph biomass to biofuels through hydrothermal
liquefaction (HTL). HTL greatly reduces the energy input as wet biomass can be dirautiyted

to biocrude and all components of the biomass can be converted to biocrude. HTL is more
ecofriendly as it does not involve harmful solvents for oil extraction. Thus, integration of the
methanotrophphotoautotroph caulture for bioconversion of veéewater treatment to biocrude

can yield significant economic and environmental benefits while addressing the shortfalls of the

microbial biomass to biodiesel process.

1.3.2Single cell protein
Global consumption demands of anirdarived protein is predicted trequire 1,250

million tons of meat and dairy to be produced annually by 286D However, increasing meat
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production &ces the major limitation of low feed conversion ratio by beef, pork and poultry
[36,37] Additionally, meeting increased protein demands from gased sources such as bean

will be limited by the arable land and water requirements. Seafoodcatibth and aquaculture is
reported as théargest animal protein industry in the world and over the past two decades the
largest increase in animal protein sectors results from aquaculture. By lowering the feed
production cost, aquaculture has the potential to become more a sustainable aotewal pr
industry towards meeting global protein demands.

Single cell protein (SCP) is protein produced by microbial cells and has been investigated for
decades for enhancing protein content in animal feed. Especially when waste side streams of
carbon and nwients are valorized, and arable land is not reqUB&fl By weight percent, the
protan in meat, milk and soybean are about 45%, 25% and 35%, respe¢88glyWwarious
microorganisms identified as suitable for SCP are algae (cyanobacteria and microalgae), bacteria
(methanotrophs) and yeast (@ah Saccharomyces, etc.) amongst others. Vitamin, amino acid,
fat and high protein contef26,38] of these microorganisms make them attractive at animal feed
supplement. Advantages of SCP processes over conventianabpd animal sources of protein
include higher efficiency in substrate conversion and high productivity derived from fast growth
rate of microorganisms. In addition, these microorganisms afford the ability to utilize carbon from
waste feedstocks origitiag from agricultural, municipal and industrial sources while recovering
harmful pollutants. For example, agricultural and municipal waste streams have been increasingly
investigated as a cheap and economical medium for methanotrophic bacteria, yeastaaigae
cultivation with intended use as single cell prof@®)]. This approach is intended to produce SCP
more econoncally while utilizing the microorganism for bioremediation. The gaseous carbon

(CO,, CHy) from waste gas streams of anaerobic digesters serves as substrate for photoautotroph
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and methanotrophic bacteria eliminating the threat of release of GHGs. Orgampounds in
wastewater have also demonstrated the potential for promoting microalgal growth. Furthermore,
photoautotroph and methanotrophic bacteria are capable of reducing pollutants by assimilating
nitrogen, phosphorus and COD from wastewater efflu@dt89] Conversely, the SCP process

has a principal disadvantage of high nucleic acid content which can causeliseatterd36,38]

such as kidney and bladder stones in {owed animals. Any use in shelived animals requires
further processing40]. Secondly, animal feed supplemented with SABirating from waste
feedstock substrates may introduce toxic and carcinogenic compounds into animal feed. Extensive
testing of SCP products is performed before being marketed for animal [36ée4D]
Photoautotroph can survive in high concentrations of heavy metals whereas excessive
concentrations of heavy metals can be detrimental to animals. Arbilenge is the technical

and economic cost of harvesting microorganisms cultivated for SCP. Lastly;spried
commercial application of SCP from wastewater treatment will heavily rely on addressing

production cost by reducing downstream product mealitbn and separation processes.

1.3.3Biofertilizers

Microalgae and cyanobacteria have gained interest for use as biofertilizers since research
in the last few decades have indicated that these microbes are of significant agricultural
importance. Of the variouype of biofertilizers, algatlerived biofertilizers have demonstrated
considerable benefits such as contributing to the improvements in crop yields, plant growth and
soil quality as a result of the stimulation of soil microbial interactjdtf These interactions aid
in plant growth by improving soil nitrogen, secretion of essential metabolites and organic carbon,
mineralization, release of macro and miardrients and production of growth hormo42,43]

Nitrogenfixing cyanobaatria has shown to enhance the N availability in the soil especially as
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they do not compete with plants for their N demand. Swarnalakshmi et al. 2013 has reported a
reduction in chemical fertilizer use when algal cells were inoculated in soil of whegidiop
Excessive nitrogen in soil creates an environmental concern of leaching; however, as compared to
chemical fertilizer, excessive N is biologically fixed to the soil amplex chemical forms.
Consequently, leaching through biofertilizers is thought to be low as leaching is only increased
after release of inorganic forms of{#].

Another contribution of microalgaeand cyanobacteriddased biofertilizabn is mineralization

and solubilization of macroand micrenutrients that can improve plant growfd5].
Photoautotroph can also secrete siderophehésh are organic compounds that help chelate iron

or copper such that they are made available to plants and other microbes. Furthermore, there are
reports of increased micronutrients (Fe, Mn, Cu, and Zn) in plants when a consortia including
microalgae, bcteria and cyanobacteria was upgj.

Photoautotroph also has the potential to secrete phytohormones (growth hormones) which can play
critical roles in the development of plants. Various hormones such as cytokinin and auxin are
reportedly produced intracellularly in green microalgae and some strains can also excrete
hormones in the cell brof47,48] Besides microalgae, methanotrophs may also play a role in
plant growth by shaping bacterial communities in paddy root[49]. Therefore, utilization of
photoautotrophs and methanotrophs as biofertilizer can be a good agronomic practice for
stimulating plant growth and crop yield.

Cultivation of photoautotroph and methanotrophic bacteria for biofertilizer require large amounts
of nutrients. As growth media can be a large fraction of production costs, utilization of wastewater
as lowcost medium is critical for improving economic viability. As discussed in earlier sections,

municipal wastewater effluents can contain macronusight P, K) as well as micronutrients (Fe,
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Cu, Mn, Zn) required for good growth of algae and methanotrophic bacteria. By this approach,
both wastewater treatment and biomass production can be achieved. However, use of wastewater
as cultivation media posefential challenges. Municipal wastewater contains heavy metals that
can accumulate in photoautotroph and hinder its use as fertilizer. Besides, biomass production on
unsterilized wastewater effluents is the most economically viable method, but thereisk tbf
transferring viruses and other potentially harmful bacteria to crops and plants. The use of algal and
methanotrophic fertilizer cultivated on wastewater for crop and vegetable fertilizer will depend on
the source of the wastewater and the qualityiomass produced. Thus, growth of thecotture

on appropriate wastewater effluents has the potential to be used as an environmentally friendly
biofertilizer when the biomass produced meets the biomass feedstock quality requirements. Lastly,
co-culture biomass as biofertilizer can also red@¢G emissions through methanotrophic £H
oxidation and microalgal C{bio fixation. Also, the production of chemical fertilizer is an energy
intensive process that result@HG emissions. Thus, increasing bidfiezer use will also reduce

GHG emissions from chemicdilased fertilizers.

1.3.4Bioplastics

The worldwide demand for petrolewtmased plastics is increasing as a variety of consumer
products utilize these plastics due to their strength, low weight and nesistadegradation by
water, light and chemical®0]. While these properties make plastics attractive and suitable for
use in numerous applications gmebducts, petroleurbased plastics have raised both economic
and environmental concerns. Polystyrene is a widely used plastic, but its production is an energy
costly process and the use of crude oil as a conventional plastic feedstock consumes an already

diminishing resource. Further, the resistance to degradation by petrbémed plastics increase
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the amount of solid waste that has to be managed by landfills and waste generated by resin
production can cause air and water pollu{fe.

To meet increasing plastic consumption demands in a sustainable manner, bioplastics from
natural feedstocks offer an alternative to conventional plastics. Starckelandse derived from
corn, wheat, oil seeds have been used as a feedstock for biog&Kticsdso, proteins in crops
(e.g. soybean and sflower) also serves as a base material for bioplg&&jsA major limitation
of crop-derived bioplastics is the competition of these crops fait towl feed. Furthermore, these
crops require time to grow, arable land, water and fertilizer to produce sufficient amounts the crop
biomass necessary for offsetting petrolebased plastic feedstocks.

In recent years, microalgae have presented as antiattraalternative for bioplastics
feedstock. Microalgae biomass can reach relatively high fractions of proten®¥3pthat render
them suitable for use in bioplastics. Some of the advantages of microalgal feedstock for bioplastics
include rapid microaldagrowth in comparison to terrestrial crops, elimination competition for
food, feed and arable land. Moreover, microalgae can be sustainably cultivated on waste streams
where AD liquid digestate serves as adoost and economical nutrient (N & P) souroel £O
in biogas is a gaseous substrate for microalgal growth which renders a more economical process
but also remediating water for reuse and reduGhtfs emissions. Recent studies suggest that
microalgal biomass with the proper protein content can bd umséioplastics. In addition to
microalgae, methanotroph biomass also contains high fractions of protein that make them proper
for use in bioplastics.
Consequently, once the methanotrgghtotoautotroph caulture contains a proper fraction of
protein that yields the desired bioplastic properties, theuttare technology can potentially be a

suitable biomass feedstock for bioplastics.
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Chapter 2: Photoautotroph-Methanotroph coculture- A flexible platform for efficient
biological CO2-CHa co-utilization

Abstract

Industrial, municipal, and agricultural waste streams containing stranded organic carbon,
which can be converted into biogas through anaerobic digestion. It has been demonstrated that
biogas has immense potential as a renewable feedstock forcprpchighdensity fuels and
commodity chemicals. However, the utilization of biogas represents a significant challenge due to
its low pressure and presence of contaminants sucbSasahhmonia, and volatile organic carbon
compounds. To tap into this immengotential, effective biotechnologies thatutdize both CQ
and CH are needed. Using the basic metabolic coupling principles used by natural consortia, we
have demonstrated that photoautotroptethanotroph caultures offers a flexible and highly
promising platform for biological C&CHs co-utilization.
Redrafted after:
Badr K, Hilliard M, Roberts N, He QP, Wang J. Photoautotsbfgthanotroph Coculturé
Flexible Platform for Efficient Biological C&CHs Co-utilization. IFAC-PapersOnLine

2019;52(1):916921.

2.1 Introduction

Industrial, municipal, and agricultural waste atres containing stranded organic carbon
represent a significant and underutilized feedstock to produce fuels and chefiogas,which
contains 50%~70% C4130%~40% C®@and trace amount of contaminants such £ &hd NH,
can be produced during anaembigestion of various waste strear®¥» and CH are the two
leading GHGE hat cause gl obal warming and many det

including climate change. If thenaerobic digestion of waste material happens in an uncontrolled
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fashion such as in landfill, the produced biogas would be released into atmosphere and cause global
warming;at the same time, CHs a valuable fuelif anaerobic digestion happens in a controlled
condition such as within an anaerobic digester, the prodoiogads can be further processed to
generate electricity or simply used for heating.

It has been shown that biogas has immense potential as a renewable feedstock for producing high
density fuels and commodity chemicals. EPA estimates that currently d&sbproduction
potential from animal farms alone is 654 billion cubic feet per year, which could displace 7.5
billion gallon of gasoline[53]. However, the utilization of biogas represents a significant
challenge due to its low pressure and presence of contaminants su&) asirionia, and volatile
organic carbon compounds. As a result, although anaerobic digester (AD) is a mature technology
that can offer significant environmental and social benefits, as well as the enormous energy and
economic potential, the deployment dDAs rather limited. For example, As of August 2017, out

of 8113 US dairy and swine farms identified by AQSTAR as candidates for profitable AD biogas
recovery systems, only 250 (3% of total potential) manure AD biogas recovery systems were in
operation[53]. In addition, most of the AD produced biogas is currentyefl or used for
heating/cooking with only a fraction to generate electricity or upgraded to a liquefied
transportation fuel. Specifically, among all livestock farms that have AD installed, only ~3% of
them use biogas to produce CNG and 30% of them wsm®bifor electricity generatidb4]. In

short, the low value of biogas is the main factor that hinders the wide adoption of AD and
exploration of biogas potential as a feedstockpfoduction of highdensity fuels and commodity
chemicals. To tap into the immense potential of biogas produced from waste streams, effective
biotechnologies that can operate at ambient pressure, temperature and are economically viable at

small to midscaleare needed, especially the ones that couldtitiae both CH and CQ.
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Recent studies have demonstrated that natural microbial communities have developed a
highly efficient way to recover the energy and capture carbon from boita@HCQ through
metatlic coupling ofCH4 oxidation to oxygenic photosynthe§isi 57]. This coupling represents
a major sink of both CHand CQ at oxicanoxic interfaces across various aquatic and terrestrial
ecosystems, whe the methanotrophic activity is fuelled lnysitu photosynthetic production of
0.. Specifically, recent findings suggest that the couplingCéfs oxidation (by aerobic
methanotroph) and oxygenic photosynthesis (by peat moss or photosynthetic algae) is prevalent in

nature[56,57]

2.2 Current status

These recent findings suggest that the coculture of photoautotroph and methanotroph
presentsiot only a feasible, but also a highly promising stratégysimultaneous conversion of
biogas (both C@and CH) into useful products, including high density fuel, commodity chemicals
and animal feed, etc. In fact, such coupling has been partially validated in laboratory settings. (1)
It was reported that colture of Scenedesmus sgmicroalgae) andMethylocystis parvus
(methanotroph) can achieve total microbial conversion of both (66%6) and CQ (40%) in a
synthetic biogas without external> Qupply [58]; (2) coculture ofSynechococcuPCC 7002
(cyanobacteria) aniethylomicrobium alcaliphilun{methanotroph) exhibit robust growth on
diversegas mixtures including raw biogas and synthetic naturgb§&s(3) coculture oChlorella
sorokiniana(microalgae) andVethylococcus capsulatysnethanotroph) can recovery nutrient
contained in waste watéom a potato processing plant and produce single cell protein as animal
feed[24].

As the very first attempts to explore the potential of photoautotnogtinanotroph for

biogas conversion, these pished research mainly aimed to demonstrate the feasibility of the
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coculture for CQCHjs co-utilization, without any efforts to mathematically model the coculture
and to examine the potential interactions within the cocultures. In addition, it is impontaalize

that currently how to effectively characterize the coculture still present significant challenges to
such research effort. Specifically, how to track the individual biomass concentration in a mixed
culture in reatime is still an unsolved prédm; in addition, in the photoautotrophethanotroph
coculture, both strains contribute to the production and consumption cfi@0Q, which adds
additional difficulty to the characterization of the coculture.

Using the principles that drive the natucahsortia, we have assembled and investigated
several different photoautotrohethanotroph cocultures that exhibit stable growth under varying
substrate delivery and illumination regimes. In addition, we have developed experimental and
computation protaals to characterize of the coculture accurately, easily and frequently. These
protocols are the key enables to the quantitative examination of the photoauto&ibamotroph
coculture systems. Finally, we have developed an unstructured kinetic modsrttetcurately
capture the growth of each individual strains in the coculture under various growth conditions. In
this chaptey we briefly present our progress in understanding the photoautatrefitanotroph

coculture.

2.3 Strains and their characteristics for our model coculture system

While several saltwater cocultures have been established, the coculture pair of focus will
be Methylomicrobium buryatengGB1 andArthrospira platensigSpirulina platensis(Figure
5). These microbes grow well in similar pH ranges and temperatures, and their medium
components are comparable (our group previously found the optimum medium for thié pair).
platensis the most cultivated and a nutritionally enriched filamentous cyanohsutes widely

used as an alternative protein source for cultured fish, a feed supplement, and a source of fine
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chemicals[25,60,61] To summarize, methanotrophs are bacteria that assintildig(largely
through aerobic processes) for their sole source of carbon and exerdgyryatens&GB1 is a

relatively fastgrowing methanotropf62].

/

Arthrospira platensis

Saltwater Pair

Methylomicrobium
burvatense 5GB1

Figure 5. The saltwater pair was used in this wagkthe model coculture system

2.4 Advantage of the coculture platform over sequential single cultures

From an engineering perspective, coupling photosynthesis to methanotrophic metabolism
offers several advantages for the design of robust microatalysts for biogas conversion, as
listed inFigure 6. Figure 6 shows that thexehange of thén situ produced @and CQ appears
to be a major synergistic interaction between the $tvains in addition, there may be other

potenti al Aimetabolic |inkso that could promot
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Inhibition
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Biogas

LJ CH, &

Potential advantages of the coculture:

1 Exchange ofin situ produced @ and CQ dramatically reduces mass trang
resistance of the two gas substrates

1 InsituO2 consumption removes inhibition on photoautotroph and eliminate
of explosion

1 Interdependent yet compartmentalized configuration of the coculture
flexibility and more options for metabolic engineering

Figure 6. Photoautotropfmethanotroph coculture: potential interactions and its advantages

However, the synergy caused by substrate exchange could also be achieved through
culturing the two strains separately and sequentially (photeaptotthen methanotroph).
Therefore, the first question we aimed to answer is the following: are there clear benefits of using
the coculture than using single cultures sequentially for biogas conversion. In fact, this is a critical
guestion applicable to grconsortiabased biotechnologies, as the operation of the mixed culture
can be more challenging than maintaining two single cultures sequentially.

To answer this question, we have conducted the comparison experiments for three cases as
shown inFigure 7, usingArthrosipira platensigcyanobacterium)Methylomicrobium buryatense
(methanotroph) as the model coculture system. Case A is the coculture; Case B is theiséquen
culture of cyanobacterium followed by methanotroph, with the amount @r@luced by the

cyanobacterium injected into the single culture of methanotroph; Case C simulates the effect of
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the exchange ah situproduced @between the coculture, where the amount pp@duced by

the cyanobacterium in the coculture was injected into the methanotroph single culture.

amount of O,

| produced in coculture
CH, CO |
4 2 CH4 coz CH4 COZ CH,; CO,
M. buryatense o,
- A. platensis A. Platensis M. Buryatense
Coculture (photoautotroph) (methanotroph) Methanotroph
Case A Case B Case C

Figure 7. Preliminary comparison experimentsdemonstrate the advantages of coculture.

All experiments were carried out in 250ml serum bottles with 100ml media under batch
operations, with gas phase composition 70% &l 30% CQ light:dark cycle of 16:8, and light
intensity of 180 pmol/rfis. Figure 8(a) compares the growth of the methanotroph in the three
cases over 4 days (4 light periods and 3 dark periods)-ignde 8 (b) compares the growth of
cyanobacterium in case A and B for the same period (assC®ailable from head space, case C
does not apply to cyanobacterium), &mglure 8 (c) compares th®; produced by cyanobacterium
in Cases A and Brigure 8 clearly shows that both cyanobacterium and methanotroph in coculture
(Case A) grew significantly faster than the sequentially operated single cultures (Cdse B).
addition, the improvement of the methanotroph growth cannot be fully explained by the
availability of the extr@. produced in coculture (Case E)gure 8 (b) and (c) further confirmed
that cyanobacterium in the coculture grow faster than the single culture and produce>more O
Together,Figure 8 suggests that there could be other factors that promote cell growth of both
strains in the coculture; in other words, the photoautotropthanotroph coculture offer

significantly more benefihan sequentially operated single cultures.
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Figure 8. Comparison experiments show that both strains growth much faster in coculture (Case
A) than in sequential (Case B$ shown in (a) and (b). (c) shows that with the same inoculum,
microalgae produce more@ coculture than in single couture; Even with cocultus@@ount
injected into methanotroph single culture (Case C), its growth is still slower than coculture as

shown in (a), suggesting other factors that play a role in enhancing coculture gbaded
periods indicate dark cycles and light cycles are deragddfollowed by a number.

Next, to verify the flexibility of the coculture platformour grouphas demonstrated that
several pairs of the photoautotreptethanotroph cocultures can form s@fjulating systems that

can maintain functional homeostasig@sponse to external or environmental perturbafié8ps
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Among them, eame pairs prefer high salt and alkaline condition which we tersalagatemair,

and some prefer neutral pH and very low salt condition which we teinestisvatepair. For each

pair, we have identified the range of liquid media that enable stablehgaiwhe coculture;
validated the stability of the coculture over multiple transfer; conduci&dtélerance test and
verified that fresh water pairs can maintain healthy growth $8ruib to 3000ppm while saltwater

pair can tolerate even higher concemratof H.S; finally, by using digestate collected from
Columbus Water Works, we showed that after adaptation, the freshwater pairs can growth well on
digestate diluted using clarifier water (the water ready to be discharged from the water treatment

facility), and even better than synthetic meéi.

2.5 Investigation of the cocultures at both systems and moleculdevel

Multispecies associations are ubiquitous in nature as they provide key ecosystem services
such as carbon, nutrient, and metal cyclingids showrthat a mixed culture could offer a number
of advantages ovex conventional singteulture, such as complete utilization of substrate, better
stability and robustness, higher product yield, higher growth rate, as well as the capability to carry
out multistep transformation that would be impossible for a singlenmga
Despite these potential significant advantages, utilization of mixed cultures for biotechnological
applications in bioenergy and related areas have been limited partially duertettizelological
gaps Specifically, the methodological gap referstte lack of effective, fast and leaost
analyticaltoolsto characterize mixed culture systems frequently or intheed. In thenext chapter
(Chapter 3)we report the experimental and computational protabaisve havedeveloped to

guantitatively claracterize the photoautotroptethanotroph coculture.
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(bioreactor level)
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Figure 9. Bioreactor level (Mathematical) models focus on describing population dynamics and
evaluating the stability of communities under various conditions or perturbations
Metabolic models focus on cellular metabolism and explicit ei@sding interactions to
predict population properties of microbionjéd].

Given the prevalence and importance of microbiomes in nature, much effort has been

invested in the past decade to unravel the members, structures, functions, interactions, and

governing principles of microbial communitigs5]. With the advent of negeneration

sequencing, metagenomics first emergedaasimportant tool in the study of microbial

communities. It allowed quantitative analysis of the diversity, composition, and dynamics of these

systems[66]. Statistical modeling approaches, such as multiple linear regression and multi

dimensional cluster analysis, were then used to interpret the wealth of metagenomics data to

identify microbial community trends and correlations between metagenomics data and other



observable system variablg¥]. These statistical modeling appches provided new hypotheses
regarding potential interactions and functions of communities. However, metagenomics data alone
could not predict causal relationships in microbial communities. For this, new computational
models were needed that allowed arensystematic and rigorous interpretation and interrogation
of the huge amount of heterogeneous data that was gen@8it¢eigure 9). Once a model was
constructed, systems biological properties could be analysed by comparing model simulations with
experimentally observed data. Mathematical models of microbial comewritiius provided
critical tools for generating and testing biological hypotheses to better understand and predict the
dynamics and interactions among community memi&&is

Therefore, there adenowledge gapshat have made the utition of mixed cultures for
biotechnological applications limited. Specifically, how the coculture grow at various conditions
and also what interactions happen betweespleeiesvhen they grow together. In ti@hapter 4
we investigate the coculture $gm and their interaction irsystems leveby developing

mathematical models. In ti@hapters 5 and, &ve elucidate the interactions within the coculture

in molecular leveby developing metabolic models.
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Chapter 3: Fast and Easy QuantitativeCharacterization of Methanotroph-Photoautotroph
Cocultures

Abstract

Recent research has demonstrated that synthetic methanplrojgautotroph cocultures
offer a highly promising route to convert biogas into vaddeed productddowever, there is
lack of techniques fofast and accurate characterizatmincocultures, such as determining the
individual biomass concentration of each organism in-trewd. To address this unsolved
challenge, we propose an experimegt@hputational protocol for fast, eagnd accurate
guantitative characterization of the methanotrppbtoautotroph cocultures. Besides determining
the individual biomass concentration of each organism in the coculture, the protocol can also
obtain the individual consumption and productioteseof Q and CQ for the methanotroph and
photoautotroph, respectively. The accuracy and effectiveness of the proposed protocol was
demonstrated using two model coculture paikgthylomicrobium alcaliphilum20ZR -
Synechococcus sf?CC7002 that prefers high pH high sattndition, andMethylococcus
capsulatus Chlorella sorokinianahat prefers low salt and neutral pH medium. pagormance
of the proposed protocol was compared with a flowcytometry based cell counting approach. The
experimental results show that theweed protocol is much easier to carry out and delivers faster
and more accurate results in measuring individual biomass concentration than the cell counting
approach without requiring any special equipment.
Redrafted after:
Badr K, Whelan W, He QP, WangHRast and easy quantitative characterization of methanotroph

photoautotroph cocultureBiotechnol Bioeng2021;118(2):70314.
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3.1lIntroduction

Biogas is comprised primarily of methai@Hz, 50%~70%) and carbon dioxidé@., 30%
~50%). It can be produced tugh AD of various organic waste sources, including landfill waste;
animal manure; wastewater sludge; and industrial, institutional, and commercial organic wastes.
CO, and CH are the two leading GHGs that cause many detrimental effects to our ecosystem,
including climate change. On the other hand @Halso a valuable fuel. It is estimated that
currently US biogas production potential is 654 billion cubic feet per year, which could displace
7.5 billion gallon of gasoling70]. Although wastederived biogas hasnmense potential as a
renewable feedstock for producing hidénsity fuels and commodity chemicdlse contaminants
(e.g., BS, NHs, and volatile organic carbon (VOC) compounds) present signifatetienges to
biogas utilization. Currently the AQerived biogas is primarily used for heating/cooking or flared,
with only a small fraction for electricity generation due the cost associated with biogasiglean
[70]. To tep into this immense potential, effective technologies that cautitoe both CQ and
CHa without costly biogas cleanp are needed.

Recent studies have demonstrated that natural microbial communities have developed a
highly efficient way to recover thenergy and capture carbon from natural biogas streams through
interspecies metabolic coupling GHs oxidation to oxygeniphotosynthesi§s5,56,71] Figure
10(a) illustrates the key synergistic interactions within the methancepbptoautotroph
coculture: the photoautotroph converts 0o biomass while producing-Qria photosynthesis
and the methanotroph utilizes tinesituproduced @to convert CHinto biomass while producing
CO, for the photoautotrophFigure 10(b) depicts the total mass balance and key substrate
exchanges in the coculture.

Following the principles that drive the natural consortia, different synthetic metharotroph

photoautotroph (e.g., cyanobacteria or microalgae) cocultures baen demonstrated to
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simultaneously convert both Gldnd CQ into microbial biomass without external oxygen supply
[58,72 75]. The biogasierived coculture biomass could be further processed to produce biofuels
(such as biodiesel), directly used as single cell protein for animaktggdement oserves as
feedstock to produce bioplastics. In addition, the coculture coulddieesmed to produce other
valueadded chemicals (such as succinate or lactic acid) using biogas as feedstock. Therefore, the
methanotropfphotoautotroph coculture offers a highly promising biological platform for waste
to-value conversion.

In order to deelop methanotropphotoautotroph based biotechnology for biogas
conversion, a key prerequisite is an effective tool to enable fast, easy and accurate characterization
of each organism in the coculture in terms of biomass growth and biogas conversiangreréor
However, currently no such tool is available. In fambe major challenge associated with
characterizing any mixed culture is the accurate determination of the individual biomass
concentration for each microorganism. Existing approaches to quamdiyidual biomass
concentration in mixed culture include molecular biological, biochemical, and microbiological
method [76,77] However, these methods recg either expensive equipment such as flow
cytometry, community genome sequencing, or toarsuming and challenging techniques, such
as RNA/DNA extraction, isolation, or amplification. Therefore, these approaches are suitable for
off-line, infrequent chracterization of mixed culture, and cannot provide the frequent etimmeal
measurements desired for dynamic modelling of the coculture systems. As a reenli, the
published methanotrogbhotoautotroph research, oriiill et al. (2017)tracked the individual
biomass concentration over time through cell counting using flow cytometry, while others just
reported the total optical density of the coculture over time without differentiating the contribution

from the mebanotroph and the photoautotrdbi8,75]
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Besides individual biomass concentration, the individual substrate consumption rates and
product excretion rates of each organism are needed in order to develop a kinetic model for the
coculture. However, when there is crdeseding in the coculture (i.eany exchange of
metabolite(s) between different organisms), it is highly challenging to obtain the individual
consumption/production rates because they cannot be measured directly. For the case of
methanotropfphotoautotroph coculture, as shownFigure 10(b), both Q and CQ are cross
feeding metabolites: s produced by the photoautotroph while consumed by the methanotroph,
while CQyis produced by the methanotroaihd consumed by the photoautotroph. However, what
can be directly measured are the overall or total consumption/production ratearaf OQ by
the coculture, not individual rates by each organism. Currently how to use the measured overall
rate to infeior estimate the individual consumption/production rates remains an unsolved problem.
It is worth noting that in our experiments, oftentimes no oxygen was detectable in the gas phase

or liquid phase, as all th@, produced by the photoautotroph was consulnetihe methanotroph

in situ.
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Figure 10. (a) The interdependency within methanotrgblotoautotroph cocultures; (b) Total
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52



directed measured and blagk coloured variables are calculated based on the cell growth

stoichiometry For example, Y0 is the consumed oxygen by methanotroph.

To address the aboweentioned challenges, we have developed an experimental
computational (EC) protocol to fully characterize the synthetic methanotoipbtoautotroph
coculture based on the overall mass .Besideance
tracking the biomass concentration of each organism in the coculture over timeC theotocol
also obtains estimates on the substrate consumption ratesa(@HQ uptake rates for the
methanotroph and GQuptake rate for the photoautotroph) and product secretion rates§¢CO
the methanotroph and>@r the photoautotroph). Such quantitative characterizations will enable
better understanding of the coculture growth kinetics, and will lay the foundatrothéo
development of the cocultutsased biotechnology to convert biogas into valuable products. The
E-C protocol only requires the commonly measured variables including total optical density for
the coculture (UV/Vis spectroscopy), gas phase composiB@),(dissolved C@in the culture
broth (total carbon analyser). Therefore, th€ Brotocol does not require any special equipment,
and it does not require any special sample preparation such as DNA/RNA extraction or cell fixation
in order to achieve th@bovementioned characterizations.

In this chapter we use one methanotrepllanobacteria pair and one methanotroph
microalgae pair to demonstrate the performance of the developed protocol; To validate its
accuracy, we compared the individual biomass eotrations obtained by the & protocol with
cell counting results obtained using flow cytometry. In this work, the methanety@piobacteria
coculture pair igMethylomicrobium alcaliphilun20ZR - Synechococcus spCC7002 , which
prefers high saltand high pH medium and has demonstrated robust growth on different

concentrations of biogalg2]. The methanotropmicroalgae coculture pair islethylococcus
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capsulatus Chlorella sorokinianawhich prefers low salt and neutral pH medium and has been

used for watewater treatmefit5].

3.2 Materials and Methods

3.2.1Microorganism and growth media

Methylomicrobium alcaliphilunROZR was provided by Dr. Marina Kalyuzhnaya, San
Diego State University, arBlynebococcus sfPCC7002 was provided by Dr. Alexander Beliaev,
Pacific Northwest National Lald4. alcaliphilum20ZR cells were grown in modified-fAedium.
Synechococcus SpCC7002 cells were grown in A+ medium. For the coculture, the growth media
consisted 510% Pmedium and 90% A+ medium.
Methylococcus capsulatusas acquired from the American Type Culture Collection (ATCC
33009), andChlorella sorokiniang UTEX 2805) was acquired from UTEX Culture Collection of
Algae.M. capsulatus Bathells were grown in NMS mediur@. sorokinianacells were grown in
N8 medium. For the coculture, the growth media consisted of 10% NMS medium and 90% N8
medium.It is worthto mention that all species have different size. Methanotrophs are colourless
and photoautotroph species have differgmibrophyll which make them light and dark green

colour.

3.2.2Sampling procedure

Composition of gas samples was analysed using GC (Agi&3B gas chromatograph
customized with FID, TCD, Unibeads IS 60/80 mesh and MolSieve 5A 60/80 SST columns). It is
worth noting that the consumption and production of various gases will result in changes in system
pressure (for batch operations) or-gésflow rate (for continuous operations). These changes

would cause significant errors in the estimated gas component uptake and production rates if they
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were not accounted for. To addressit; grouphave previously developed a protofds], which

is followed in this work. The optical density of each liquid sample was measured using a Beckman
Coulter DU 730 UV/Vis spectrophotometer at OD750. To determine the amount of the dissolved
CQin the liquid phase, we first removed cell mass through centrifugation, then measure the total
inorganic carbon (TIC) using a Shimadzu T®csn Analyzer, also following the procedes

reported in78].

3.2.3Cell counting through flow cytometry

ForM. alcaliphilum20ZR- S. spPCC7002 pairtwo 0.5 mL samples of culture broth were
taken and each sample was immediately treated with 0.25 mL of 50 mM EDTA and 0.25 mL of
4% paraformaldehyde to fix the cells. After 10 minutes of fixation, the samples were centrifuged
at 10,000 RPM ah0.5 ml of supernatant was removed, then each sample was treated with 0.5 mL
of 0.05% TweerR0 detergent for 20 minutes (away from light) to minimize cells sticking to each
other. Next, after removing Twe&® through centrifugation, the samples were wdsénd re
suspended in DI water. FM. capsulatug C. sorokiniangpair, the overall procedure is similar,
with the differences being that the samples were first treated with 0.2% ROeabtgtergent for 20
minutes and then treated with 200 mM EDTA andp&@aformaldehyde for 20 minutes to fix the
cells. After sample preparation, 25 pL of thestespended sample was counted on a Beckman
Coulter Cytoflex LX cytometer with 6 active lasers and 21 channels for fluorescence detection.
FlowJo Version 10.6.1 wassed to analyze the data obtained from the flow cytometer. As both
the cyanobacteria and microalgae used in this work are green, and both methanotrophs are white,
different filter of excitation wavelengths were used to help differentiate the cells indhliéuce.

ForM. alcaliphilum20ZR- S. spPCC7002 paijrthe forward scatter (FSB) was paired with the

filter of excitation wavelength at 610nm (Y6MCHERRY-H fluorochrome) to separate the two
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populations. FoM. capsulatusi C. sorokinianapair, the F&-H was paired with the filter of

excitation wavelength of 710nm (Y7-RC5.5H) to separate the two populations.

3.2.4Calibration and testing for the cell counting approach

To establish the calibration relationship between biomass concentration and cellgcountin
results, we first conducted cell counting experiments for each single culturalqaliphilum
20ZR, S. sp.PCC7002 M. capsulatusand C. sorokiniand. For each strain, cell counting was
performed for 4 different biomass concentrations, with triplicimlesach sample. To validate the
effectiveness of the cell counting approach, we prepared static coculture samples by mixing given
amounts of each individual microorganisms together. For each coculture pair, six coculture

samples with different compositisnwere tested with triplicates.

3.2.5Demonstration of the EC protocol in characterizing coculture dynamic growth

In these experiments, the®&protocol was applied to characterize the dynamic growth of
both model coculture pairs. To validate theCE p r o taocaracy, éhe individual biomass
concentration within the coculture was also measured through cell counting using flow cytometry
for comparison. For each coculture pair, three different inoculum concentrations were tested with
duplicates. For th#l. alcaliphilum 20ZR- S. spPCC7002 pair, the inoculum OD ratios between
the methanotroph and the cyanobacteria were 1:15, 1:10, and 1:5, with the same amount of
methanotroph for all three cases. For khecapsulatus C. sorokinianapair, the inoculum OD
ratios were 1:3, 1:2nd 1:1, also with the same amount of methanotroph for all three Basese
and after the inoculation, all vials were flushed with the feeding gas (80farc20% C®Q), and

were put under the same light intensity (190 uméWkin The coculture growth lasted for 3 days
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and was sampled once daily. The vials were flushed with feeding gas to replenish the gas phase

after each sampling.

3.3Modeling Framework for the Experimental-Computational Protocol

The protocol was developedbdse on each organi smés growth s
exchange relationship within the coculture as showkignre 10(b), and the total mass balance.
Egns. (1) and2) show the growth stoichiometry for the methanotroph and photoautotroph,

respectively.

00 ® 0 0 ® @) @) 60 (1)

00 ) VOO ® ) ® 0 (2)
whereddenotes biomass,dnhdar@ad demodrei priest hfanot

photoautotroph, respectivelf) d enot es the stoichiocetamd & oef

wh e rc@ # s forQriéthanotroph and GClor photoautotroph. These coefficients can be
obtained from literatur§¢Akberdin et al., 2018; Bernstein et al., 2016; Kliphuis et al., 20fi.the
coculture growth medium is vastly different from what is commonly used for the single culture

and could affect t hteichiometryr tbeo exgeanmenta data sf thg singlewt h s

Table 1. Stoichiometriccoefficientvalues used in this work

Methanotroph
Coefficient M. alcaliphilum20ZR M. capsulatus
W p& gAkberdin et al., 2018[82] P& 1iThis study]
(O 18 Akberdin et al., 2018[82] 1@ dThis study]
D o T{Akberdin et al.2018) [82] p @ 1iThis study]
Photoautotroph
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S. spPCC7002 C. sorokiniana

w p& (iThis study] p& T[This study]
o ¢ & dThis study] ¢ @ This study]
® p @ dBernstein, 201p[80] p ¥ XKliphuis et al., 2011)81]

culture cultivated on the coculture medium should be used to estimate the coefficients. The
coefficients used in this work are listedTable 1. The yields for cocultwe could be different
comparedto single culture, however, we used the sayieds (reported or experimentally
achieved) for single culture. The error of the calculation is very small that the mentioned difference
could not affect the accuracy of the moddreover, all the yields for biomass (x) are in the unit

of gram/mol of substrate and other yields are mol/mol.

As shown inFigure 10 (b), only the methanotroph within the coculture can consume, CH
therefore the amount of cell growth for methanotroph can be estimated based on the ig¢#sured
consumption (i.e Y6"0). Similarly, the amount of the ®equired forCH4 consumption and the

amountof CO; produced can be estimated using stoichiometric coefficients as follows.

Y& N Y60 (3)
Y0 N Y60 (4)
Y6 0 » Y60 (5)

Next, based on the overall mass balance pa@ CQ, as shown in Eqns (6) and (7), we can
determine the amount of G@onsumed and the amount of @roduced by the photoautotroph.
The subscript fAgaso and il iedifrom deadsphee saonples artdh e

liquid samples, respectively.
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Y0 Y0 Y0 (6)

Y0 0 Y0 0 Yo 0 Y0 0 @)
where CQ and Q in the gas phasé.¢., Y6 0 . Yo ) are measured through GC, and
the dissolved C@in the liquid phaseige., Y6 0 ) are measured through total carbon

analyser. In Eqn (6), we neglect the contribution from dissolvedu®to its small solubility in
agueous solutions; however, in Eqn. (7), dissolved @ to be considered due to its much larger
solubility in aqueous solutions, especially under high pH conditions. Although it is difficult to
determine the amount of dissoli/€(, in one sample due to the carbondte)( ) and bicarbonate

(006 0) salts contained in the culture medium and the equilibrium among different forms of
dissolved CQ@ the change in dissolved Getween two sampling points can be easily determined
by the difference in the total inorganic carbon content of these two samples. Therefore, based on
the overall mass balances (i.e., Egns (6) and (7)), the amountao@fumed and £produced

by photoautotroph can be obtained, as shown in Eqns (8) and (9

Y0 Y0 Y0 (8)

¥0 0 ¥0 0 Y0 0 ¥0 0 9)
With the amount of C&consumed and £produced by the photoautotroph available, the amount
of biomass prodced by photoautotroph growth can be obtained through two ways using growth

stoichiometry, either from C&Qronsumption (Eqn. (10)) or fromx@roduction (Eqn. (11)).

) & Y6 0 (10)

Y& & ¥ (11)

where biomass yield with respect te €n be obtained as the following:
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(12)

In this work, we use the average of these two approaches to estimate photoautotroph biomass

accumulation, as shown Eqn. (13).
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3.4 Results and Discussion

3.4.1Calibration and validation of the cell counting approach

The flow cytometry calibration plots for each microorganism are givEigure 11. These
results confirmed excellent linear relationship between biomass concentration and the cell
counting results, with Rranging 0.979 0.983.Figure 11 also shows that cell counting with flow
cytometry is more reliable/consistent when cell concentrations areUsing the calibration
relationship obtained from the single cultures, we vadddhe accuracy of the flow cytometry
measurements using static coculture samples with known individual biomass concentrations. For
each coculture pair, six samples with different compositions were té@$tedndividual biomass
concentration for each micoorganism in the cocultures measured using flow cytomeatey
plotted against the known concentration&igure 12 (a) ~ (d), with the detailed results provided
in Table 2. As shown in these figures, the measured individual biomass concentrations (converted
from cell counting based on the calibration curveBigure 11) show good agreement with the
known concentrations. However, tharerelatively large variations among the triplicates for each
sample, especially for higher concentrations, wiscbtonsistent with the similar trend observed
in the calibration curves iRigure 11. In addition, when the same sample was measured multiple
times, the measurements showed same level of variations, suggesting the source of the variation
was cell counting. One possible reason for such large variation is theniform distribution of
thecells in the liquid sample, and the small sample volumes (25 L) for cell counting makes such
variation more pronounced for higher concentrations, as observed in both calibration and
validation experiments. Another possible reason, which we believe &simportant for mixed
culture samples, is the effect of sample fixation process on cell couAsirginown inFigure 12

(c), for theM. capsulatug C. sorokinianacocuture which turned out to be more challenging in
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sample preparation, the measurement errokfarapsulatusvas consistently larger for both low

and high cell density samples.

Table 2. Detailed flow cytometry cell counting resutts thestatic coculture samples with known
individual biomass concentrations

Sample Known Concentration Concentration measured by cell Error%
Number (gDCWIL) counting+ STD (gDCWIL)
M. S. spPCC7002 M. alcaliphilum S. spPCC7002 M. S. spPCC7002
alcaliphilum 20ZR alcaliphilum
20ZR 20ZR
1 0.0154 0.0876 0.0146:0.0007 0.08430.0030 5.41% 3.71%
2 0.0232 0.0827 0.02020.0016 0.07840.0028  9.81% 5.1%%
3 0.0132 0.0751 0.01320.0009 0.073&0.0027  0.3%% 1.9%%6
4 0.0199 0.0709 0.019@:0.0016 0.070%0.0025  4.4%% 0.50%
5 0.0110 0.0626 0.01020.0011 0.062%0.0017 1.0 0.1%%
6 0.0165 0.0591 0.01480.0006 0.059%0.0005 10.5%% 1.13%
M. capsulatus C. sorokiniana M. capsulatus C. sorokiniana M. C. sorokiniana
capsulatus
1 0.0159 0.0736 0.0156:0.0022 0.06920.0053 1.93% 5.9%
2 0.0298 0.0646 0.0295:0.0040 0.065#0.0068 1.11% 1.70%
3 0.0367 0.0601 0.0335:0.0038 0.05780.0018  8.8%% 3.7%
4 0.0228 0.0511 0.0236:0.0034 0.0504:0.0019  3.31% 1.41%
5 0.0395 0.0403 0.03320.0048 0.036%0.0028 14.3% 8.2%
6 0.0507 0.0331 0.04530.0035 0.033@0.0008  10.6% 0.25%

In this work, we had toptimizethe sample fixation protocols multiple times in order to

obtain the acceptable validation resufigure 12 (e) and (f) compare the cell counting results for

a same static coculture sampfégure 12 (e) was obtained following the cell fixation protocol

initially developed fothe salt water pair, whiléigure 12 (f) following the protocol optimized for

the fresh water pair. The known and measured individual biomass concentration aredgrovide

Table 3. The large measurement errors showfigure 12 (e) (-88.3% forM. capsulatusand

18.0% forC. sorokiniand indicate that some methanotroph cells stuck to the microalgae cells and

the flow cytometer could not separate them properly. With the optimized protocol, methanotroph

cells were much better separated from micraaleglls, which resulted in significantly reduced
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PCC7002and M. capsulatus- C. sorokiniana (a) M. alcaliphilum 20ZR;, (b) S. sp.
PCC7002 (c) M. capsulatus (d) C. sorokiniana (e) Erroneous cell counting by flow
cytometry when an inadequate sample fixation protocol is used; (f) Significantly improved
cell counting by flow cytometry after optimizing sample fixation proto@land (f) used

the same statically mixed coculture sample with known individual biomass concentrations

listed inTable 3.

measurement error4.9% for M. capsulatusaand-6.5% forC. sorokiniand. Currently the flow
cytometry has been commonly used to characterize the composition of synthetic microbiome. This
example highlights the importance of performing validation experiments to confirm the
approprateness of the experimental protocol and the accuracy of the cell cowstifigo avoid

misleadingconclusions

Table 3. Effect of cell fixation protocols on cell counting using flow cytometry

Known Before optimizing protocol (Figure 2(e)) After optimizing protocol (Figure 2(f))

Species Concentration Concentratiorirom cell Concentratiorirom cell
(gDCWIL) counting(gDCWIL) Error% counting(gDCWIL) Error%
M. capsulatus 0.0367 0.0043 -88.3% 0.0338 -7.9%
C. sorokiniana 0.0601 0.0709 18.0% 0.0562 -6.5%

3.4.2Validation of E-C protocol using dynamic growth of the coculture

The EC protocol is not applicable to the static coculture with known concentrations, as it is based
on the growth stoichiometry of individual microorganisms. Therefore, in this subsection, we use
coculture batch growth experiments to demonstrate andatalithe EC protocol. With the

validity of the cell counting method established, the individual biomass concentration obtained
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Figure 13. Gas phase composition over three days: (a) salt water cocultuid. @aaliphilum
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coculture paiM. alcaliphilum20ZR7i S sp.PCC700Zor inoculum OD ratio of 1:1.

from the cell counting method were used to validate H@ fEotocol.Figure 14 (a) and (b) plot

the total OD of the coculture over 3 days for the salt water pairask Water pair, respectively;
andFigure 14 (c) and (d) plot the gas phase composition for each coculture pair for one inoculum
ratio (1:10 for the salt water pair and 1:2 for the fresh water pair), respectively. The gas
compositions for the other inoculum ratios are providedrigure 13. For the fresh water

methanotroptmicroalgae pair, higher inoculum concentration of the microalgae resulted in better
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growth of the coculture. This is because the microalgaeggnoweh slower than the methanotroph,

so the methanotroph growth is limited by @vailability. Therefore, more microalgae in the
inoculum enabled better growth of the methanotroph. For the salt water pair, higher inoculation
concentration of the cyanobaggedid not have much impact on coculture growth. This is because
the cyanobacteria grew much faster than the methanotroph, and the methanotroph growth is limited

by mass transfer of CHrom gas phase.

5 5
£ €
= 4+ = 4+
o [=}
[} 0n
N~ M~
%3l %3l
2 2
= =
3l &2l
a? a2
© ®
2 ke,
21 217
o o
0 : : : 0! : : :
0 20 40 60 80 0 20 40 60 80
Time (hours) Time (hours)
(a) (b)
35
—~30r —_
J J
| )
£ 25 £
£ £
o 20 ——CH4 | » 20} ——CH4 |
g co2 8 co2
— 15} —A—02 — 15} —A—02
5 10 ¢ 5 10 |
& &
5r 5
‘ ————————A | —N PN
0 20 40 60 80 0 20 40 60 80
Time (hours) Time (hours)
(c) (d)

Figure 14. (a) Measured total OD of the salt water coculture lgaialcaliphilum20ZR 7T S sp.
PCC7002ver three days for inoculum OD ratio of 1:15, 1:10, and 1:5; (b) Measured total
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OD of the fresh water coculture paift. capsulatus C. sorokinianaover three days for
inoculum OD ratio of 1:3, 1:2, and 1:1; (c) Gas phase composition of salt water coculture
pair M. alcaliphilum 20ZR7 S. sp. PCC7002over three days for inoculum OD ratio of
1:10; (d) Gas phase composition of fresh wateulture paiM. alcaliphilum20ZRi S
sp.PCC7002ver three days for inoculum OD ratio of 1:2.

Figure 15 compares the individual biomass concentration measured through the cell
counting approach and the@Eprotocol for both coculture pairs, where each point represents one
of the duplicates, anthe error bar represents the standard deviation from three cell counting
measurements for the same sample. As can be seen from these figures, the results obtained from
the two approaches correlated very well, particularly at low biomass concentratiori?? fbine
the linear relationship between the results from H&fotocol and cell counting approach ranges
0.9071 0.98, which validates the results obtained from th@ jirotocol.

However,Figure 15 also show that the agreement between the cell counting approach
and the EC protocol deteriorateat higher concentrationsf coculture growth To determine
which approach performs bettaeve calculated the total OD for each sample using the measured
individual biomass concentrations, and plotted them against the measured tofdieDi@sults
are shown irFigure 16 (a) and (b) for the salt water pair and the fresh water pair respectively.
Both figures showed that the total OD calculated from # fitotocol were almost exactly the
same as the measured total OD. On the other hand, the total OD calcolatéaeficell counting
approach showed larger deviation from the measured total OD, particularly at higher
concentrations. Thiear chart of thenean squared error (MSE) of predictions in the totab@ged
on six experimental runs (three inoculum concernatiwith duplicatesyre plotted irFigure 16.
The error bar represent sStoncetesttstenstiaatheSEé8i at |

of the cell counting is statistically significantly larger than thfahe EC protocol, with a pralue
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o

Table 4. Biomass concentration vs OD calibration Relationship

M. alcaliphilum20ZR Conc(gDCWI/L) = ODB30x0.4411+0.006
S. spPCC7002 Conc(gDCWI/L) = OD30x0.2582+0.003
M. capsulatus Conc(gDCWIL) = ODB30%0.55660.005
C. sorokiniana Conc(gDCWI/L) = ODB30%0.36070.003
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of 0.0158for the salt water pair and 0.8B@for the fresh water paiihe calibration relationship
between biomass concentration (gDCW/L) andf@tall four strains were obtained through cell
drying experiment in house, and are providethinle 4.

Besides obtaining individual biomass concentration for each microorganism in the coculture
accurately and quickly, the -E€ protocol also provides estimates of individual substrate

consumption rates and product excretion rdtegire 17 (a) and (b) plot the individual
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Figure 16. (a) and (b) are theomparison of theneasured total ODs. the totalOD calculated
using the individual biomass concentrations obtained through cell counting aneCthe E
protocol (a) thesalt water coculture pail. alcaliphilum20ZRi S. spPCC7002 (b) the
fresh water coculture pail. capsulatus C. sookiniana (c) and (d) are ar chart of MSE
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in total OD predictions based on six experimental runs (three inoculum concentrations with

duplicates) (c) the salt water coculture paM. alcaliphilum20ZR71 S. spPCC7002 (d)
thefresh water coculture pail. capsulatus C. sorokinianaThe error bar represents one

standard deviation dhe sixMS E &4 .u d étnd Dtss
approachésdevat @es YmPo 0 5Wa louwer 60 dCe.no:

of t wo

were perfor med

indicating the perfanance improvement of the-€ protocol over flow cytometry is
statistically significant at 95% confidence level for the salt water pair and at 99%

confidence level for the fresh water pair.

consumption and production rates ofadd CQ respectively byM. alcaliphilum20ZR andS. sp.

PCC7002 over a thresay period for the inoculum ratio of 1:10, aRidure 17 (c) and (d) plot

those valies forM. capsulatusg C. sorokinianafor the inoculum ratio of 1:2.

B M. alcaliphilum 20ZR
S. sp. PCCT7002
& Overall I

0, mmol
=

ay3

@M. capsulatus
C. sorokiniana
= Overall

0, mmol
\ o
- th [—]
é
=
-
=
=
[

9

Day3

()

CO; mmol

CO, mmol

|
[

@M. alcaliphifum 20ZR
8. sp. PCC7002
B Overall

MM

@M. capsulatus
C. sorokiniana
B Overall

(d)

Figure 17. Individual and overaltonsumption/production rates o @nd CQ over the growth
period of 3 days: (a) Jor salt wateM. alcaliphilum20ZR71 S sp.PCC7002air at 1:10
inoculum OD ratio; (b) Cofor salt wateM. alcaliphilum20ZR1 S sp.PCC7002pair at
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1:10 inoculumOD ratio; (c) Q for fresh wateM. capsulatug C. sorokinianapair at 1:2
inoculum OD ratio; (d) C@for fresh watemM. capsulatusi C. sorokinianapair at 1:2
inoculum OD ratio.

Figure 17 shows that although for many cases very small amounts we€2 detected in
the gas phase (e.g., day 2 and 3 for the salt water pair and all 3 days for the fresh water pair),
significant amoat of O, was produced by the photoautotroph, which was completely consumed
in situby the methanotroph. SimilarliFigure 17 shows that the actual amount of £&@nsumed
by the photoautotroph was much larger than what was directly measured in the experiment,
because the COproduced by the methanotroph would be @ralbly consumed by the
photoautotroph, as it was produdadsitu and did not involve the mass transfer resistance from

gas to liquid.

3.5Conclusions

It has been recognized that methanotrppbtoautotroph cocultures offer a highly promising
biological platbrm for biogas conversion. Through timerspecies metabolic coupling GHa
oxidation to oxygeniphotosynthesis, the coculture can simultaneously convert botar@HCQ

into microbial biomass without external oxygen supply. However, one key obstaldeealoping
methanotropiphotoautotroph based biotechnology for biogas conversion is the lack of an
effective tool for fast, accurate and frequent characterization of the coculture growth dynamics. In
this work, based on t heg,the ntgrspaciesmetalsolicgaupingtarid st o
the total mass balance, we developed a@ frotocol to characterize the coculture. Th€ E
protocol provides not onlgccurate estimates of the individual biomass concentration within the
coculture, but also thendividual substrate consumption and product excretion rates of each

organism. To the best of our knowledge, the developEdEotocol is the first ever approach that
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could obtain individual substrate consumption and product excretion rates for metblanotro
photoautotroph or any other cocultures.

The accuracy of the developedCEprotocol was validated by cell counting approach using flow
cytometry. In addition, by comparing the predicted total OD from the individual biomass
concentration with theneasured total OD, we showed that th« Eprotocol provided better
accuracy than the cell counting approach through statistical testing. It is worth noting that the
developed EC protocol only requires commonly used analytical equipment to provide qudck an
accurate characterization of the methanotfppbtoautotroph cocultures.

Finally, we showed that it is very important to use static cocultures with known concentration to
validate the cell counting method, as the cell fixation protocol could resuitenete skewed cell
counting results. Currently, although cell counting with flow cytometry has become increasingly
common in determining the individual biomass concentration in mixed culture or microbiome,

very few publications have presented validatisulis on their cell counting approaches.
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Chapter 4. Semistructured kinetic modeling for methanotroph-photoautotroph cocultures

Abstract

Through metabolic coupling o€Hs oxidation and oxygenic photosynthesis, methanotroph
photoautotrop (M-P) cocultures offer a highly promising technology platform for biogas
conversion. Redime accurate characterization of theRvVtoculture and kinetic models that can
accurately predict the coculture growth under different conditions are key enaibtaes M-P
coculture based biotechnologies. In oucerg work, we have developed an experimental
computational protocol to accurately characterize thieé &bculture in realime. In this work, we
present a serstructured kinetic model for thed® cocultue that explicitly models the exchange

of in situproduced @and CQ. UsingMethylomicrobium buryaten&&B1- Arthrospira platensis

as the model coculture and a series of designed experiments, it was demonstrated that the semi
structured kinetienodel can accurately predict the coculture growth under a wide range of growth
conditions. In addition, the mechanistic details provided by the validated model enabled
fundamental understanding on the coculture growth dynamics.

Redrafted after:

Badr K, HeQP, Wang JSemistructured kinetic modeling for methanotrephotoautotroph

coculturesBioresource technology021(submitted).

4.1 Introduction

Industrial, municipal, and agricultural waste streams containing stranded organic carbon
represent a significandnd underutilized feedstock to produce fuels and chemicals. Among
different waste management approaches, anaerobic digestion (AD) is a mature and efficient

solution for handling organic waste streams and mitigating pathogens and odor. During the AD
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proces, a large fraction (up to 60%) of organic matter is broken down into biogas (50%~70%
CHa, 30%~40% CQ@and trace amount of contaminants such 8 &hd NH). CO, and CH are
the two leading (GHGS) that cause global warming and many detrimental effelstetoe ar t h 6 s
ecosystem, and AD enables the containment of biogas produced from waste degradation that
otherwise would be released into atmosphere. AD produced biogas can be used to produce energy,
including electricity, heat and compress natural gas. IniaddiAD contributes significantly to
prevent the leaching of excessive amount of N and P into soil and water (both surface and ground
water) caused by waste storage (especially manure storage), which has caused severe
eutrophication; AD is also highly efttive in mitigating odor associated with waste storage and
decomposition, as well as removing pathogens that can pose significant risk to animal and human
health.

Currently biogas production is led by the European Union and the United States, with other
regions (such as Asia, Latin America and Africa) increasingly deploying the techi@®@p].
In 2000, global biogas production was 280 Petajoule, and in 2014, global biogas production
increased to 1280 Petajoule, representing an increase of @5]%d he biogas potential as a
feedstock forproducing energy and commodity chemicals is immense across the world. For
example, in the United States, more than 2100 biogas plants were operating in 2017, compared to
the estimated potential of 13,000 biogas plants that could be built (8241 in fag&satland fill
sites and 3681 at waste water treatment pldB%#) in Europe, biogas production reached 18
billion m®in 2015, while the potential of biogas production is estimated to be about 78 biflion m
[88]. In China, about 9 billion Abiomethane was generated in 2014, pared to the estimated

potential of 206250 billion n? biomethane annuallg9,90].
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Because othe presence of contaminants such aS,Hammonia, and volatile organic
carbon compounds, the utilization of biogas beyond heat and electricity generation is quite limited.
The significant capital expanse (Capkxd maintain cost required to remove the contaminants,
as well as the low value of the products (heat and electricity) results in unfavorableofeturn
investment for biogas production. Therefore, despite the fact that AD is a mature technology that
canoffer significant environmental and social benefits, as well as the enormous energy potential,
the deployment of AD is still quite limite&pecifically, for the USput of 8113 US dairand
swine farms identified by AQSTAR as candidates for profitabldodgas recovery systems, only
250 (3% of total potential) manure AD biogas recovery systems were in operation iflQD17
To tap into the immense potential of biogas produdesn waste streams, effective
biotechnologies that can operate at ambient pressure, temperature without requiring biogas
cleaning/upgrading and are economically viable at small tescade are needed. In addition, the
technologies that can adilize boh CH; and CQ are particularly attractive.

Recent studies have demonstrated that natural microbial communities have developed a
highly efficient approach to recover energy and recycle carbon from batlai@HCQ through
metabolic coupling o€Hs oxidation to oxygenic photosynthegibi 57], as illustrated ifrigure
18a. This coupling enables significant reductions of4sGiHd CQ emission at oxianoxic
interfaces across various aquatic and terrestrial ecosystems, whare sibe photosynthetic
productionof Oz enables methanotrophic activiti€s5]. Inspired by these research findings,
different methanotropphotoautotroph (IMP) cocultures havieeen examined recently for biogas
conversion. For example, van der Ha ef%8] reported that a coculture dlethylocystis parvus
Scenedesmus smuld completely convert a synthetic biogas (60%,@8% CQ) into microbial

biomass without external oxygen supply; Hill et [89] demonstrated thaWlethylomicrobium
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alcaliphilum SynechococcuBCC 7002 could maintain stable growth on gas mixtures with wide
range ofcomposistions, including raw biogas and synthetic biogas; Most recently, Rasouli et al.
[24] and Roberts et a[63] showed thaMethylococcus capsulatu€hlorella sorokinianacan
efficiently recover nutrient (N and P) contained in waste water while converting biogas into
microbial biomass.

These recent developments clearly demonstrated tha& ®bcultures offer a highly
promising biotechnology platform for biogas conversiéior the development of various
biotechnologies. kinetic models that can accurately predict microbial growth and pramatibex
patterns under different conditions serve as an essential tool. Ayhadity kinetic model provides
a foundation to guide the design, optimization and scale up of the bioreactors, as well as the
optimization of the operation conditions and colstrof the bioreactorHowever, most of the
existing results on the N® coculture are limited to qualitative preaffconcept experiments, and
there is a lack of quantitative understanding on the growth kinetics of fhecdtulture Given
the added compléy of the M-P cocultures, i.ein situ exchange of C®and Q between the
methanotroph and the photoautotroph, as well as the largely unknown interspecies interactions,
obtaining a kinetic model is highly challenging, but also imperative for the develdprhthe
coculturebased biogas conversion technologies.

A prerequisite to the development of a coculture kinetic model is the-stnes
measurements of individual biomass concentrations in the coculture, as well as the individual
substrate uptake rat@and product excretion rates. Currently, there is a lack of effective tools to
obtain the reatime, accurate measurements for each species in the coculture needed for kinetic
modeling. To address this challenge, we recently developed an experinwnpatational (EC)

protocol to deliver fast, easy and accurate quantitative characterization ofRheoblilture. The
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E-C protocol only uses easily measured variables such as gas compositions and total inorganic
carbon in | iquid brezialihed eqaipmént sucheas flo@ tytometeng ori r e
advanced technologies suchas mpd ner ati on sequencinggrowBased
stoichiometry, the interspecies metabolic coupling 8€0», and the total mass balance, th€ E
protocol provides natnly accurate estimates of the individual biomass concentration, but also the
individual substrate consumption and product excretion rates. The accuracy e€theotocol

was validated via the cell counting approach using flow cytometry on two mo@atddulture

pairs. In addition, by comparing the total OD predicted using the individual biomass concentration
determined through either the@®protocol or flow cytometer with that directly measured via a
UV/Vis spectrometer, it was demonstrated througdtisical testing that the -E protocol
delivered better accuracy than the cell counting approach using flow cytometer. More details of
the EC protocol can be found {91].

Enabled by the redime characterization of the 4 coculture, in this work we report a
semistructured kinetic model that can accehapredict the individual growth rate, as well as the
individual consumption/production rates of &d CQ for the methanotroph and photoautotroph
in the coculturaunder a wide range of growth conditioMge term the developed kinetic model
s estnictdy e d 0, becaus énsitupreducedx@ard £@ petveen the two species
explicitly captured in the model. The rest of the paper is organized as the following: Method and
Material are covered in Sectidr2, which also include the details of theveloped serrstructure
kinetic model; Results (both experimental and computational) and discussion are provided in

Section4.3, and Conclusions are provided in Sectoh
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Figure 18. (a) lllustration ofmetaboliccoupling of methane oxidation to oxygenic photosynthesis
(b) an overview of the senstructured kinetic modeling framework

4.2 Method and Material

4.2.1Strains and media

Methylomicrobium buryatenseGB1 (provided by Prof. Mary Lidstrom, University of
Washington) and\rthrospira platensifUTEX LB 2340) were grown under coculture and axenic
conditions. All cultures were grown in one of the two previous described minimal salts media,
NMS2 mediuni62] or Zarrouk mediunfi92], or the mixture of these media (10% NMS2 and 90%

Zarrouk).

4.2.2Batch cultivations
The growth experiments of thd. buryatensesGB1- A. platensiscoculture and their

sequential single culture were conducted using se&@dn® serum bottles with working vahes
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of 100 ml. All bottles placed in a rotary shaker set at 200 rpm, with a temperature of 30°C and pH
kept at 8.89. Various factors were tested to examine their effect on the coculture growth, and the
conditions for each set of designed experimentsigtezilTable 5.

Table 5. Variousconditions for each set of designemtultureexperiments

Experiment

System Condition Gas (CH;:CO20y)* Inoculum ratio (P:M Light intensity (umol/m? s
(Case)
a 180
A Coculture 70:30:0 125:1
b 60
a 180
S " b 140
B Light intensities 80:20:0 125:1
c 100
d 60
a 20:10:0
- b 60:30:0
C Gas compositions 125:1 180
C 60:30:10
d 80:20:0
a 125:1
. b 85:1
D Inoculum ratios 80:20:0 180
c 4:1
d 15:1
coculture 70:30:0 125:1
E Coculture vsSequential A. platensis  70:30:0 Ingé%;g conc. (0.218 180
single culture ? I 0018
A noculum conc. (0.
M. buryatense  70:30:0 gDCWIL)

* Volume/mole percentagé®\; is the inert gas to make up to 100% when needed.
** The oxygen produced by the single photoautotroph was injected sirtie methanotroph

For each growth experiment, after inoculation, the bottles were flushed with appropriate feed gas
for 15 minutes, and the bottles were refed every 24 hours. All experiments were carried out with
triplicates. Gas and liquid samples were taken twice per Hafgre and after feeding.
Compositions of the gas samples were analyzed following a protocol we published previously
[78]. For the liquid samples, total optical density (OD), pH and totabanic carbon (TIC) were
measured following our previous woi3]. Individual biomass concentrations were determined

using the EC protocol[91].
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4.3 Semistructured kinetic modeling framework for the M -P coculture

Figure 18b provides an overview of the sestructured kinetic modeling framework for
the M-P coculture. The overall kinetic model catsiof four components: (1) biomass growth of
the photoautotroph; (2) biomass growth of the methanotroph; (3) mass balance in liquid phase;
and (4) mass balance in gas phase. The interdependency among different components is also shown
in the figure, wheréhe growth of each organism in the coculture is coupled with the gas phase
composition changes through the mass balances in the liquid and gas phase. As gas composition
can be measured accurately, such coupling provides an additional route for modébwalid

Table 6. Variables used in theemistructured kinetienodel

o) superscript indicating different microorganishw;{ mgthanotroplﬂ = photoautotroph;
Q subscript indicating different metabolite, (ed. .00 hd 0, ora= light intensity);
Q subscript indicating concentration of different pha&@s;gas,0= liquid;
(W) :  biomass concentration of specigg/L);
‘ © maximum growth rate of speci&$l/hr);
growth rate of specié§1/hr);
0y half saturation constant of substrader specieSQ(mmol/L);
) consumption/production rate of metabolt®r speciesQ(mmol/g hr);
Q :concentration of metabolit@n phase k, (mmol/L);
O c effective Henryods @9nstant for gas substrate
A . yield coefficient between metaboli@nd biomass for specié@Q 6 "Ch) FE 16 §;Q 0 £ i0 (mmol/g)
‘0 . light intensity, ( mol photons n? s%);
() : volume of liquid and gas phase in the system, (L);
fol4) . volumetric mass transfer coefficient for substfg@/hr).

In the semistructured kinetic modeling framework, cell growth is described using Monod
eguations; the substrate consumption rates and product excretion rates are determined through the
yield coefficients between the corresponding substrate/product aruotinass. We term the
coculture kinetic model a sersiructured model, as the exchangéndditu produced @and CQ

were explicitly modeled in the framework, while the other potential interspecies interactions were
captured through lumped parameters, neaximum growth rate of each organisible 6 listed

the notations of the variables utilized in this work. In the following, we describe each modeling

component in detail.
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4.3.1Growth of the photoautotroph

The growth of the photoautotrophdsscribed using Monod model, as shown in Egf), (1
where CQ and light energy inputl{) are the two substrates. €Qptake rate and production
rate are determined through the corresponding yield coefficients with respect to biomass
production, i.e., Bns (L5) & (16); As the available light energy to the cells in the culture broth
depends on the biomass-sbadcaegtr afi eslangbarevet as e
law for light distribution to estimate the light attenuation eff@8]. As shown in Eqn.1(7), lo is
the direct measurement of incident light intensitya €4 i ); mis the absorption coefficient,
& O cahwhere the model parameters (i®andc) were estimated using coculture growth

experiments under the highest and lowest incident light intensities' (¥8@dd i and 60

‘ & €aa i respectively in this work).

A A O— O— (14)
f A

0 Ca (15

VIR AR (16)

0 AgPa d a7

4.3.2Growth of the methanotroph

Similar to the photoautotroph, the growth of the methanotroph is also described using
Monod model, as shown in Eqnl8), where CH and Q are the substrates. @ldnd Q uptake
rates, as well as GQroduction rate are determined through the corresponding yield coefficients

as shown in Eqnd®) - (21).

A A O— — (18)

0 Coay (19
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(20)

(21)

4.3.3Mass balance in liquid phase

The mass balance in the liquid phase links the cocudtength and gas phase composition
changes. In this work, the dissolved £&hd Q concentrations in the liquid phase were not
measured, therefore cannot be used for model validation. In fact, the dissolvedrnCentration
has hardly been reported in the literature due to the lack af ptbébes. The dissolved 0O
concentration was not measured due to limited volume of the serum bottle. In addition, as the
growth of the methanotroph is usually under oxytemnted condition, the dissolved 2O
concentration can be close to zero and may not be detectable, which is the case for all the conditions
tested in this work except for the case where exterpa Qrovided through feed gas.

For different gas components,etimass balance consists of the amount of the gas component
transferred from the gas phase, as well as the amount produced and/or consumed by the
methanotroph or photoautotroph. In this way, the exchangesitfu produced C@and Q can

be directly captred by its corresponding mass balance, as shown in Eg)narfd @4). Finally,

Eqgns. £5) and @6) describe the biomass accumulation in the liquid phase.

—— % 0 80 60 0 & (22)
— Q) 0 b i VR ARV 23
—— % 0 86 68 0 & U & (24)
— O (25
— B (26)
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The above mass balance equations were derigsddbon the assumption of batch cultivation,
which can be easily modified to continuous cultivation.

As indicated in Eqns2@Q) 1 (24), we assume ideal mixing of the liquid phase and ignore the mass
transfer resistance associated with the transport diskelved gas substrate across the bulk liquid

phase to reach the cells. This simplification is reasonable, as in this work the liquid volume was

smal | (100 ml) and the vials were under cont.i

Di s c u s s simpiifioation tvds validated by the experimental results, as the model predictions
(both individual biomass concentrations and gas phase compositions) showed excellence

agreement with experimental measurement under wide range of growth conditions.

4.3.4Massbalance in gas phase

The concentration of different gas components in the gas phase is linked to those in the
liquid phase through mass transfer between the two phases. As shown in2Fgng20), we
assume the distribution of various gas componentwdas the gas and liquid phase are at
equilibrium all the time. In order to capture the effect of the biomass and culture medium on the
solubility of di fferent gas component s, we

solubility of different gagomponents in the coculture broth

~

—— ® 0 60 80 — 27)
— Q) 0§ 6 — 29
— % 0 60 806 — (29

It is worth noting that it has been very challenging to determine the partition ob&®een the
gas phase and liquid culture broth, mainly due to the dissociation of dissolyaat€O# / and

#/ (GOP OO60P OO0 ™OP 0O00 ¢O). Toaddressths chall enge,
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differentiate the various forms of dissolved £O i nst ead, we | umped the
dissovedC@ t hat <can be tracked experimentally by
the liquid sample. Then the partition of t6€» between the gas and liquid phase (i.e., total
dissolved CQ) can be determined using a linear empirical relationship obtained through designed
experiments.

Since gas phase composition can be measured accurately, the coupling of the gas phase,
liquid phase and coculture growth provides an additional route to validate the kinetic model. If the
model predicted gas phase composition agrees with the experimental measurements over time, it
would be very convincing that the sestructured kinetic model caaccurately describe the
coculture growth dynamics, and many details predicted by the kinetic model that are difficult to

obtain experimentally could help reveal what actually happened in the coculture liquid broth.

4 .4 Results and Discussion

In thiswork, usirg M. buryatensé&&GB1 andA. platensisas the model coculture, we first
use batch growth experiments to demonstrate that the-s$erotured kinetic model can
adequately capture and accurately describe the growth dynamics bf-Eheoculture. The
parametes involved in the semstructured kinetic model were determined based on literature as
well as data obtained from just two coculture batch growth experiments (undantesndition
except with different light intensitiess a training stepNext, we eamine the effect of different
environmental factors on the coculture growth, which include light intensity, gas composition and
inoculum ratig as the testing stephe experimental measurements obtained under a wide range
of growth conditions were comparenith model predictions (using the same set of model
parameters) to validate the model. Once validated, the mechanistic details that are difficult to

measureexperimentally can be obtained througrsilico experimens using thekinetic model to
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obtain fundamental understanding on thé>Moculturegrowthdynamics An overview of training

and validating (testing) the model is showTable 7. Finally, by compéang the coculture growth

with sequential single culture growtlsingboth wet lab experiments and kinetic modeling, we
were able to confirm the existence of other emergent metabolic interactions, in addition to the
exchange of then situ produced @andCO;, as well as to quantify the effect of these unknown
metabolic interactions on coculture growth.

Table 7. An overview of trainingand testinghe Semi structured kinetimodel

Semi structured kin
Step Use&Ekperi ment s

Tr ai(fiintgti A (two condi ti
B (four condi't
ValidatingC (four condi't
D (four condi't

4.4.1The semistructured kinetic model accurately captures the coculture growth dynamics

Table 8. Optimized values of model parameters based on literature and experimental data

Obtained . Obtained

Parameter Unit Ref. Parameter Unit Ref.
value value
A snge  0.024 Q [04] O _ 31.85 4 & ERNOB & [95]
A snge 0098 Q This study O 40.82 & 6 TR0 & [96]
A Ai Aol 0.034 Q This study O __ 85.47 G 6 EMQOG & [97,98]
A Ai A6l 0.145 Q This study O 4098 &G EMROS @ [97]
0 0.240 adaém [99] w _ 114.94 aa efN006 w [97]
VI 0.005 aaéin [200] i) 0.0014 Géd %voa 101
VI 0.028 aaé [100,102] 0 0.0013 At Goda [101]
(VI 4.33 Caha i This study O 0.035 aéd Ooa [101]
a -0.0175 - This study O 0.0341 - This study
b 6.40 - This study O 0.0317 - This study
Q0 100 Q [103] O 1.6120 - This study
" PP X y
Q o Q 104
W 00 [104]
- T TT
Q& o ko) 105
@ Qw [1es]
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In this subsection, we use the model fitting performance to demonstrate that the semi
structured kinetic model can adequately capture and accurately describe the growth dynamics of
the coculture. The conditions for tHesignedtoculture growth experimenits this subsection are
listed in Table 5 (ExperimentA). Specifically, the coculture was cultivated under continuous
illumination with light intensity of 60 ot80‘ d€ @ i , inoculum ratio of 12.5 :1 (P:M) and
gas composition of 70%CGH30% CQ.

The model parameters were determined based on available literature data and fitting to the
experimental datéexperimentA). The fitted model parameters filwe coculture oM. buryatense
5GB1-A. platensisare provided inrable 8, and were utilized in all the model predictions for the

rest of the paper.

(@) 1s : : (b) 35
O  A. platensis (Mea.) —_
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£ 2 15 |——ICH,]_ (Pre)
=] 5 9
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@ 10 || —— 0,1 (Pre.)
<
oy Q Q o (o]
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Figure 19. Comparson ofthe experimental measurements with the model prediction for various
variables (a) the individual biomass concentrationd)) gas composition,(c) CHa
consumption for each dagd) individual growth rates (model prediction only).

Figure 19 compares the experimental measurements with the model prediction for various
variables: the individual biomass concentratidfigijre 19a, measurements obtained through the
E-C protocol), gas compositioffrigure 19%), CH; consumption for each dayigure 19c) and
individual growth rates Kigure 19d, model prediction only). The reset of the gas phase
compositionevery 24 hours was due to the refeeding that happesisd Similarly, the model
predicted growth rate for the methanotrapsbppedto zeroafter refeeding because dissolved O
became zero due to refeeding

These results showed excellent agreement bettveemodel fitting and experimental
measurements, which clearly demonstrated that the stemctured kinetic model can adequately
captureand accurately descriltke growth dynamics of the coculture. Speaifiy, the excellent
agreement between the measured and model predicted gas phase composition over time confirmed
that the integration of the four modeling components were accurate.

For the rest of the paper, the same set of model parameters werel wtilizeedict the
coculture growth under different conditions, which were compared with experimental
measuremestto further validate the model. Once validated, the ss#mictured kinetic model
providesmany details that cannot be directly measured intnea, which not only allowdus to
gain better understanding of the coculture growth dynamics, but alseénahb test different

hypotheses easily.
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4.4.2The effect of light intensity

We hypothesize that photosynthesis rate is a key factor that detsrthi@ coculture
growth rate, as the growth of the methanotroph depends ontlaeadability and the C®
produced by the methanotroph could fuel additional growth of the photoautotroph. To test this
hypothesis, we performed the setdasignedexperiment as shown iffable 5, ExperimentB.
Theseset ofexperiments were conducted under the same growth conditions except the different
light intensitieq60, 100, 140, 180 & ¢aa i ).

The model predicted individual biomass concentratidigufe 20a for M. buryatense
5GB1landFigure 20b for A. platensi¥ were first compared with experimental measurements to
validate the model. e excellent agreement between experimental measurements and model
predictions under different light intensities clearly validated the accuracy of thessantured
kinetic model. Furtheirigure 20a& b shows that increasing light intensity not only enhanced the
growth ofA. platensisbut also the growth of thd. buryatens&GB1, confirming our hypothesis.

Figure 20c & d plotted the model predicted individual growth ratesNbrburyatense
5GB1 andA. platensigespectively, and there are two interesting observations. First, the growth
rate ofA. platenss kept decreasing over the course of the batch experiment; while the growth rate
of M. buryatense5GB1 initially increased and reached a maximum, then kept decreasing
afterward. Second, the enhancement on cell growth rates driven by higher light intensity
diminished over time. The decreasing cell growth rates and diminishing improvement on cell
growth over time could be attributed to two possible reasons. One reason is the carbon substrate
limitation - due to the mass transfer resistance, the total amdéwasocomponents transferred
from the gas phase to the liquid phase wouldirbéed; therefore with the increasing biomass
over time, the specific carbon uptake rate per unit biomass would decrease and cause decreasing

cell growth rate; the other posshbiteason is the light availability limitation due to ssiding
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effect as the total biomass concentration in the liquid broth increased, light attenuation caused by
selfshading could limit the photosynthesis rate which in turn reduces the cell gaie/tof the
photoautotroph. In this work, the limitation of macronutrient is not considered as a potential
reason, athe coculture medium contained sufficient amount of nutrient by design.

To determine the underlying reason for the decreasing cell gratethand the diminishing
effect on cell growth enhancement, we first examined the total substrate uptake rea@dTh
for M. buryatensebGB1 and CQfor A. platensiy which are plotted irFigure 20e. If carbon
substrate limitation caused by tb@embination oimass transfer resistance and increasing biomass
were the true cause, the total substrate uptake rates (mmol/hr) would initially increase as the
biomass concdration increases, then reach a maximum and maiatée maximum, where the
maximum would be determinday themass transferate of the gas substratéowever, as shown
in Figure 20e, the total substrate tgkerates first increased as expected, but then decreased. In
addition, the total upkeof CHs, O, and CQ all followed the same trend. This suggest that carbon
substrate limitation was not the reason for the decreasing cell growth and diminish enhancement
observed in the experiment. As discussed in the next subsection, thenge@ed for
photosynthesis was nmdy provided through dissolved G@ue to the high pH medium, and was
never in limitation in this research. Therefore, the decreasingupt@ke rate was most likely
driving by the limitation of light availability due to sedhading effect, and the redutQ supply
at higher biomass concentration in turn limited the; @Qptake rateAs the coculture biomass
concentration increased, the light availability limitation resulted in the decrease of total substrate
uptakes rates, which resulted in the decrepsincell growth rates for botA. platensisand M.

buryatensesGB1; in addition, although higher light intensity enables the faster growth of the
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coculture initially, the faster increase in the coculture biomass also resulted in more severe light
attenuabn, which resulted in the diminishing effect on cell growth enhanceaventtime

To verify this explanation, we conductéed silico experiment to simulate the coculture
growth without sekshading effectThis wasachieved by simply settif® O, and the resulting
total substrate uptake rates are showhigure 20f. When the biomass concentration was low, it
is clear that the total substrate consumption raité, @v without considering sehading effect,

did not show much difference. All three gas components initially were at the similar level and self
shading effect was negligible as thoseFigure 20e; however when the coculture biomass
concentration became higher and -shl&ding effect became dominant, the simulated coculture
growth without seishading effect showed substrate uptake kepsincreasing over time. A local
maximum was achieved at about @uls,where the total substrate consumption rates dropped to

zero because of the substrate provided through gas phase had been completely consumed. Then at
72 hours when the vial was refed, the growth of coculture resumed and reached even higher level
until the substrates were fully consumed again before next feeding. However, in the actual
coculture growth with seléhading effect, the cell growth is limited by light availabifaybefore

mass transfer becomes the limiting factor.

The comparison of thedividual biomass production and cell growth rate with and without
selfshading effect showed that without sgiffading effect, the total biomaashievedcould be
threetimes higher than the actual case with -sbliding effect. This result suggest thght
availability is usually the limiting factor when photosynthesis is involved, far before mass transfer
becomes the limiting factor. Therefore, improving light availability should be the primary
consideration for improving photeynthesis rate and enmf@ng mass transfer of GChe

secondary consideration.
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Figure 20. Comparison ofthe model predicted individual biomass concentrations with
experimentalmeasurement$or (a) M. buryatense5GB1 (b) A. platensis The model
predicted individual growth rates f¢c) M. buryatensésGB1 and(d) A. platensis The
model predictedotal substrate uptake rate) with selfshading effect, (f) without self

shading effect.
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It is worth noting that in the serstructured kinetic model, ideal mixing of both gas phase
and liquid phase was assumed. In general, such simplificatideemed reasonable for bench
scale reactors witlsufficient agitation. However, mass transfer reamice in the liquid phase

cannot be ignored for larggeale bioreactors and must be considered for scale up.

4.4.3The effect of gas composition

As the growth of methanotroph in the coculture is usually limited by the oxygen
availability, the gas phase compasit, in addition to the photosynthesis rate, could serve as a key
manipulated variable to control the growth and population ratio of the coculture. In this section,
we examine the effect of the gas phase composition on the coculture growth. As shalein
5 (ExperimentC), four different gas compositions (with @BO.:O. of 20:10:0; 6@30:0;
60:30:10; 80:20:0) were compared, while the other growth conditions were fixed

Figure 21a & b plot the individual biomass concentration &figure 21c & d plot the
growth rate under different gas compositions fdr buryatense5SGB1 and A. platensis
respectively.Figure 21b suggests that different G@ontent in thdeed gasdi d n6t have
impact on the growth ok. platensiswhich can be attributed to the high pH medium and the way
thebottlewas fed. During the daily feeding, thettlewas flushed with théeed gagor 15 minutes
to ensure the distribution egiitium between the gas and liquid phase for different gas
components was achieved. Due to the high pH of the culture broth-@Htlgere were large
amount of CQ dissolved in the form of # and#/ . Therefore, the supply of GQdor
phototroph growtlwas mainlythroughvarious forms of dissolved GQincluding CQ produced
by the methanotrophnstead of the C&containedn the headspace of thmttle Regardless of
the CQ content in théeed gasthe reduction of gas phase £&ncentration has bedimited,

and gas phase GWas never depleted before the next feedifigure 21d confirmed that the
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growth rateof A. platensisunder different feed gas composition followed the same trajectory and
overlapped with each othdurther confirming that C&supply was barelgffected by changing

CQO; content in théeed gas

Similarly, Figure 21a suggests that the GEontent in thdeed gadas little effeconthe growth

of M. buryatens&GB1,; instead, it is the £xontent in thdeed gaghat has significant impact on

the growth of the methanotroph. When there was 10% @i Defeed gasM. buryatens&GB1
showed significantly improved growth. As showrFigure 20c, the growth rate d¥l. buryatense
5GB1 from different gas compositions large overlap with each other, except the one with 10% O
in thefeed gasFor the condition with 10% OM. buryatene 5GB1 showed significantly elevated
growth right after the daily feeding when abundant amount.of/& available. As the external

O2 supply was quickly depleted, the growth ratdvbfburyatensésGB1 dropped to a level that
was lower than the conditiomgthout external @supply. Since the amount o @roduced byA.
platensiswere almost the sanseross thalifferent conditions, the higher biomass concentration

of M. buryatens&GB1 resulted from external@Qupplyresulted inower specific Q uptake rate

and therefore lower growth rate after the external supply was degketeddition, these results
confirm that Q contentinthdeedgax an serve as an effective #fAco
growth. By adding 10% of £into gas phase, we can achieve largely different methanotroph
biomass concentration and steadgte population ratio.

Figure 21e & f both measuréhe gas phase comptisns for the casesvith and without
external oxygen supply (60:30:0 and 60:30:10). With 102tn@hefeed gasthe kinetic model
predicted that significant CHtonsumptioroccurredight after the feeding, then Gldonsumption
slowed down after extern@, supply was exhausted and the growtiMofburyatensé&GB1 had

to rely on the @produced byA. platensislt is worth noting that the dynamic details revealed by
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the semistructured kinetic model can be difficult to capture through experimental measurements
alone. The limited gas phase measurements completelyedriss twostage growth ofM.
buryatense5GB1, i.e., with and without externaloQ@upply, as the gas phase measurements
showed very similar pattern between the two conditions.

These results further demonsthtee predict power of the sessiructured modeks the model
predictions shoedexcellent agreement with the experimental datrrostall experimens. For

the case with external-3upply, the model predicted biomass concentratiotMioburyatense

5GB1 showed larger deviation from their measuremehis is likely due to the fact that the same

sets of thdixed yield coefficients were utilized in the model, while the cells in the coculture likely
experienced some adaptation to the coculture conditions, and exhibited somewhat different growth

phenoype during the course of the coculture experiments.

4.4 AThe effect of inoculum ratio

Due to the different innate growth capabilities of the methanotroph and photoautotroph,
different inoculum ratio could affect the coculture growth rate. However, given the
interdependency between the photoautotroph and methanotroph, we hypothesizartfiassegf
the inoculum ratio, the P:M population ratio will transition to a stesidte that potentially
maximize the carrgapacity of both populations under the given light intensity and gas
composition. To exam the effect of the inoculum ratio onc®ulture growth as well as to test
the hypothesis, in this subsection, we compared 4 different inoculum ratios under the same growth
condition as shown iable 5 (ExperimentD), with P:M of 12.5:1, 8.5:1, 4:1, 1.5réspectively
and all conditions have the same inoculum concentratidh buryatensé&GBL1.

Figure 22a & b plot the masured and model predicted individual biomass concentration

for M. buryatensé&GB1 andA. platensigespectivey. These results clearly showed that for the
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model coculture, the higher the inoculum ratio, the faster the coculture growth. Since in the
coculure, the maximum growth rate df. buryatensébGB1 (0.145 hwl) was more than three
times that ofA. platensig0.034 h¢l), higher inoculum oA. platensisvould produce more £30
support faster growth &fl. buryatens&GB1. This is confirmed by the mddeedicted individual
growth rates oM. buryatensesGB1 andA. platensis(Figure 22c). It is worth noting that the
growth rate ofA. platensiswith higher inoculum showed faster decline over time, further
confirmed that the growth of the photoautotroph was limited by thediggalability.

Figure 22 d plots the measured and predicted P:M populattio over time. It clearly
validated our hypothesis, as the coculture started with diffemenulum ratios all converged to
the same steaestate ratio dbout 3:). As O availability is a major factor that determines the
steadystate population ratio of the coculture, we expect that both light intensity and external O
supply would have a bignpact on the steadstate population ratidzigure 22 e & f plotted the
measured and predicted steadgte population ratio obtained froiExperimentB and C
respectrely. Figure 22e suggests that the effect of different light intensity is rather limited, which
appears to be contradicting to our expectation. However, this canlaamegrby the fact that the
population ratio approaches steadgte, the light intensity (photon energy) available to cell
growth was mainly determined by ssliading effect as shownkigure 20c & d. The differences
among cell growth rate favl. buryatensébGB1 andA. platensisunder different light intensities
diminished as biomass density increased, whigilainswhy there was linted impact from light
intensity on the steaestate population ratio.

Figure 22e confirmed that external oxygen supply had significant impact on the steady
state poplation ratio, while different C®concentration had negligible effect on the stesidye

population ratio, as the main source of G0pply came from dissolved GO
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4.4.5The effect of other potential metabolic interactions

Besides the exchange of situ produced @ and CQ, there may exist otheanetabolic
exchangegshat could further enhance the growth of thePMoculture. In the serstructured
kinetic model, the exchangeiofsituproduced @and CQ are modelled explitty, and the effect
of any potenti al unkn camibe capture@ bygteenltmped modelr ac t i
parametersig., the maximum cell growth rates, , in the Monod model for both species).
Therefore, using designed experimentslfle 5 ExperimentE) to compare coculture with
sequential single cultures and coupled with the kinetic modeling results, we could determine
whether there exist addnal metabolic exchanges in theMMcoculture and quantify the effect
these unknown metabolic exchanges on the coculture growth.

Figure 23a illustrates the designed coanptive experiment. In the sequential single culture
experiment, the culture medium and inoculum concentratioA f@latensisand M. buryatense
5GB1 were the same as those in the cocubMperimentand the amount of {produced by the
A. platensissingle culture was injected into the single culturévbfburyatenséGB1 tosupport
methanotroph growthFigure 23b & ¢ compares the individual biomass concentration in the
coculture and sequential single culture for Bdttburyatens&GB1 andA. platensisespectively
Again, the model predictiordemonstragd excellent agreement with the measurements for both
the coclture and sequential single culture. These figuresaésarly showed that both species in
the coculture exhibited significantly enhanced growth over those in the sequential single cultures.
To determine whether the enhanced growth of both species icothdture was due to any
unknown metabolic interactions existed in the coculture, we used the experimental data collected
from the sequential single culture to estimate the maximum cell growth rates for each species,
while keeping the other parametershie Monod model the same as those in the coculture model.

As shown inTable 8 for model parameters, both species in the coculture showed greatly enhanced
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maximumgrowthrates with 42% andi8% increaseinthe 6s compar ed t o t hose

cultures. The significances increase in thecoculture for both species not only confirmed the
exigence of additional mutualistic interactions in the coculture besi@d/CO, exchanges, but

also quantified the effect these mutualistic interactions have on the growth of each species. In this
work the maximum growth rate obtained for tkle buryatensé&GB1 single cultureQ098 hrt)

was lower than the valueported in the literature @05hr?) [106], which was most likely due to

the fact thaiM. buryatense&sGB1 single culture was cultivated using the coculture medium and
different agitation ratéhat those reputed in the literatuii® confirm this was the reason, we have

conducted multiplé. buryatensésGB1 single culture cultivation experiments and obtaited t

lower " consistently.
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Figure 23. (a) lllustraion of the designed comparative experimeampaison ofthe individual
biomass concentration in the coculture and sequential single cultlg kdr buryatense
5GB1 andc) A. platensis

4.5 Conclusion

In this work, we present a sesstructured kinetic modeling framework for methanotroph
photoautotroph cocultuse By explicitly modeling the exchangeiafsituproduced @and CQ,
the semistructured kinetic model can accurately predict the coculture growth dynamics under a
wide range of growth conditions, demonstrated by a series of designed experimentsngiey a
cocultureM. buryatensebGB1- A. platensis This kinetic model provides a foundation for the
design, optimization and control of photobioreactors needed for the coechéised biogas
conversion technologies. In addition, by coupling the individi@hbss growth with gas phase
composition changes, the modeling framework not only provides additional way to validate the
model prediction, but also allows the testing of different hypotheses on the limiting factors of
coculture growth. Specifically, theethils provided by the model confirms that light availability,
constrained by selhading effect, is the limiting factor for coculture growth and it happens far
before carbon substrate availability, limited by mass transfer resistance, becomes thg limitin
factor. Finally, by comparing the maximum growth rates obtaineblfdruryatens&GB1landA.
platensisusing the coculture and sequential single culture experimental data, we confirmed that
there exist additional emergent metabolic exchanges that fieti@nced the growth boi.

buryatensé&&GBlandA. platensis.
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Chapter 5: Genomescalemetabolic models ofArthrosipira platensis- Methylomicrobium
buryatensesGB1 predict potential metabolic links

5.1 Introduction

5.1.1Genome Scale Metabolic Models and FluBalance Analysis

With continuous progress of omics technology, mathematical model representations of
cellular metabolisms have grown in complexity and popularity. In doing irsosilico
experimentation can provide insight on the effects of designed mugattbsynthetic carbon flux
through the metabolic network. Instead of focusing on individual genes or enzymes, geatame
models enable researchers to envisage the cellular metabolism as a system comprised of many
individual components that interact wigach other to achieve a common goal. As a result, the
field of Systems Biology has evolved to further elucidate the complex relationships that exist
between genes and enzymes as well as intracellular metabolism and extracellular environmental
conditions.At the core of Systems Biology are these gensugae metabolic models (GEMSs),
which as the name suggest s, are constructed b
possible enzymes and their corresponding reaction pathways. As such, thesdunilodelsridge
to relate organismbébs genotype and phenotype
observed data into model building and establishing constfaibits108]

Specifically, GEMS enable researchers to examine how a system (i.e., cellular metabolism)
comprised of many individual components (i.e., reactions) interact to achieve a commanenbject
Models are created via a system of equations in a stoichiometric matrix that represents the reactions
and metabolites that comprise an organi smbés m
The rows represernhe metabolitesand the columns regesent theeactionstaking placen the
model. Each entry represents the stoichiometric coefficient of each metabolite. A negative entry

accounts for metabolite consumption and a positive entry for metabolite production in all reactions.
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Metabolites thatire not involved in the reaction simply receive a zero value. Since the matrix
developed is based on the complete stoichiometry of reactions, it is inherently mass balanced at
steady state. It is important to note that most genome sequences are aally phetracterized,;
therefore, modificationsuch as various gap filling tools connected to genome bamknyade for
improvemen{107].

Models consist of hundreds or even thousands of reactions and metabolite. Universally,
reactons far outnumber the metabolites in GEMs creating a stoichiometric matrix in the model
that in turn, generates an underdetermined system of equations. Therefore, the most common
technique for quantitative evaluation of GEMs is through constbais¢d opinization. These
constraints may be physicochemical, environmental, thermodynamic, or experimentally derived
so that the solution space is logically redufddi®].

As the goal of GEMs is tanderstand and predict how cells utilize substrates, and how
metabolites flow through the metabolic network to produce different products, several strategies
have been developed over the past several years to solve for the flux distribution including flux
balance analysis (FBA), elementary flux modes analysis (EFM)-@aahetabolic flux analysis
to evaluate GEM$110i 112]. The model predicted flux thrgh particular reactions are then
compared to the experimentally measured flux values which are often limited to secreted products
and biomass growth rate. For this reseaf@?4 is usedwhichis a powerful technique that treats
the complex cellular metakisin as a linear programming problem. An objective function is
defined and is used to calculate an optimal solytddd]. In this study, the objective function is
set to maximize the predicted growth rate of the methanotropihaioautotroph irthe single
culture or both in the coculture system. Reversibility data for reactions are used for the lower and

upper bounds to constrain the possible reaction fluxes through each pathway and evaluated to
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achieve the objective functiore.g., maximize growth). Constraintsommonly applied to the

model are uptake rates of the substrates and production rates from extracellular metabolites. For
example, for model analysis of methanotroph, methane and oxygen are the substrates, while
formate orCO; could be constrained for proction rates if desired.

It is important to note that FBA does not require kinetic parameters, but uses defined
constraints based on mass balances and bounds set by experimental data. This method does not
incorporate regulatory effects of genes or enzyme actjtityd]. Since FBA is a steady state
approached, it uses tirigvariant substrate (mmol g DCWhr') consumption rates and thus,
primarily used for continuousxperimentsbut it can be used in batch experimeasswellby
calculating consumption/production rates between two sample gtiltsl15] Dynamic flux
balance analysis (DFBA) mostly has been used for batch experiments that will be discussed in the
next chapter.

A basic overview of GEMs and the FBA process is showkigare 24 [116]. Using the
genome model to understand the placement and stoichiometry of known reactions, a stoichiometric
matrix, S, can be produced. For example, the first reaction is the consumption of metabotite A
metabolite Band production of DThus, reaction (R1) willdwve a value ofl for the consumption
of A and B in the S table and a valfe+1 for production of D. From this table, the concentration
flux (dx/dt) over time is defined. FBAG6s key
and leaves Sv =0. Thematrix is the fluxes of individual reactions and is what is being solved by
FBA. Using define bounddll andub) of the metabolites and substrates, an optimal solution is
found for the defined objective function (often the flux through the biomassieuuwailed the

growth rate).
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Similar to models developed in various science and engineering fields, the quality of a

GEM determines the sucafglness of its applications. Therefore, model validation plays an

important role in GEM development. Besides assessing its size and connectivity, the current

standard approach for GEM validation is to compare model predictions with experimental data

underdifferent conditiong118]. Most often the experimental data consist of measured-cross

membrane fluxes, i.e., various substrate uptake rates, product excretion rates, and cell growth rate.

Each experimental condition represents a single (althoughtatitehigh dimensional) point. For

well-characterized organisms, pemiatching approaches work well, because their metabolic

network structures have been waliidied and weltlefined. Howeverfor someGEM, especially

a less studied one, matching nuroariexperimental data over a few limited conditions does not
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necessarily indicate a higjuality GEM and can result in very misleading conclusions. This was

clearly demonstrated in our group study on the evaluation of the two GEMstipfitis[119,120]
Therefore,at this work, we (1) use system identificatioased framework to refine the

model, (2) cure the model manually and (3) validate it with experimental dadauoour models

are highquality GEMs.

5.1.2.1System identification based GEM validation

Currently, GEMrefinement is typically accomplished through ta@d-error by modifying
different reactions in the model and examining whether model predictions improve. This process
relies heavily on the model er 6s knseaithublatoge and
results. Therefore, GEM refinement is usually labor intensive and time consir2ing22] To
address this issue, our group has developed a system identification (SID) based framework for
GEM validation[119]. In the SID framework, biological knowledge embedded in a GEM is first
extracted from a series of designiedsilico experiments through multivariate analysis methods
such as principal component analysis (PCA); next, the extracted knowledge, such as how cells
respond under a given stimulus, is visualized and compared withistiegknowledge for model
validation and analysis. We -matromhithgopaopbolsed:
results are not directly compared with experimental data; instead, the knowledge captured by the

model is compared with available knadbe.

51211The SI D based framework for GEM refinement
For GEM refinement, the biggest challenge is to identify the root cause of an erroneous
model behavior. Because of the complex interconnectivity in a GEM, many times seemingly

unrelated reactions locatedfa away from the Aproblematico rea
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carried out in the expected way) play a key role in changing model behavior, and the experimental

nf or mat

Our group previously has shown how the Si&sed framework can be applied to identify
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refinement[120]. As an example, the refinement of iBB814 for one particular error has been
illustrated the four steps in the Siuided GEM refinement as shownhkigure 25.

This example shows that the malate oxidation reaction, the root cause of the erroneous
model behavior, i.e. inactive oxyPPP under aerobic condition, is located quite away from oxyPPP
pathway. Without the guidance of the SID framewdrkpuld be very difficult to quickly identify
this source of error. However, with the Stiased analysis, the overall network response provides
key information to help quickly identify the root cause of the error.

In this work, we improve GEMf Arthrospira platensisndMethylomicrobium buryatense
5GB1 with existing knowledge (SID framework and manual curatiandl then compare and

validatethemwith experimental data.

5.2 Description and validation of the GEM ofindividual strains

5.2.1Methanotroph: Methylomicrobium buryatenséGB1

In 2015, a full metabolic model from the genome of 5GB1 was reconstr{2&ji The
composition of the biomass flux (which represents growth rate) wagnaesifrom direct
measurement of metabolites (i.e., amino acids, fatty acids, phospholipids, etc.), primary literature,
and assumed values from wstlidied organisms including. alcaliphilum20z ancE. coli. The
stoichiometric matrix for the model wasrfu her reduced by efforts of
group, removing futile cycles and nogxpressed reactions.

For the model, a few key assumptions and summarizations are made. The first is the grouping of
the reactions involved in the electron transmbiain where the cells produced the energetic unit

ATP via aerobic respiration. Instead of accounting for the hydrogens pumped across the
intercellular membranes for ATP generation, the overall reactions are summarized below assuming

oxygen as the electncacceptor and NADH as the main electron donor.
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The general equation for ETC above has been further broken down to the individual
complexeq124,125] The number of hydrogen ions pumped by these enzymes is of interest and
thus are labeled specifically in these models. These labeled hydrogen ions are then used by the
ATP synthae with a set ratio of hydrogen to ATP production. The process is called oxidative
phosphorylation and it is assumed that 1 ATP is produced périébl translocated across the
membrane. For this particular study, the summarized form is maintained bagghimed ratio of
ATP/H pumped is of interest.

The produced ATP can be used for metabolic reactions;gramth associated
maintenance, and growth associated maintenanceghavth associated maintenance is typical
energy requirements by the cells to stagble but is separate from the energy needed for
reproduction. Growth associated maintenance is the energy utilized for cell duplication and
growing biomass. In the GEM model, rgrowth associated maintenance (NGAM) is accounted
for via a reaction dirding ATP to ADP at an initially assumed flux of 10.6 mmol ATP gD&W
h1, while growth associated maintenance (GAM) was set via as a coefficient in the biomass flux
at 23 mmol ATP gDCW. Phenotype phase plane analysis also was performed to predietrdiffer
phenotypes. For exampléigure 26 shows 3D PhPP diagram with NGAM set to 10.6
mmolATP/(gDCW:-hr). More information about GEM modeling, different phenotypes of 5GB1
and chosen parameters has been providégppendicegB).

Furthermore, formate, acetate, and lactate are removed from the biomass equation and put
in the model as sepdeabyproducts. Formate and acetate have especially been known to be
produced by 5GB1 under both methane and oxygen limited condjfi@6sl27] However, the

production in this particularmmeh anot r oph i s not solely owed to
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the fellow methanotroph strainViethylomicrobium alcaliphilum20z [98]. Recent research

indicates a redox balance and nutrient limitation (nitrate and trace elements such as copper) may
play alargerrol§l28]. Mor eover, Visio was used to visual:@
Eventually SID framework had applied at this step to assure the quality of the model after manual
curation. Measured £ CHs uptake rate was put as the constraints into the model to interpret

carbon distribution through central carbon network.

0.2
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0.1

Growth Rate
hrl

0.05

14

8
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(mmol/gDCW/hr)

4
Oxygen Uptake 2
(mmol/gDCW/hr)

Figure 26. 3D PhPP diagram with NGAM set to 10.6 mmolATP/(gDCW-hr). The black line
represents the line of optimality (LO).

The modified reconstruction model ®. buryatensesGB1 was used and validated in
different conditions of continuous experintg in our group (seAppendiceqB)). However, at
this work, in order to let organism to produce and consume metabolites in the coculture system,
several reactions were added to the model to bring some metabolites (ammonium, amino acids,
citrate, etc.) from cytoplasm to extracellular. Thstlversion of the model is describedlable

9. The model prediction on single culture was explored using experimental data.



Table 9. Modified GEM reconstruction of iMb5G(B1)

unique metabolic  genes compartments Constraintdor FBA simulation

metabolites reactions

403 520 313 3 Methane and Oxygen
0.000 I 3.481 0.003 Cll4 OE
1 |
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Figure27. Model predicted
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Single batch culture experiment M. buryatensesGB1 growth has performed in triplicate
(Experiment for advantage of the coculture over sequential single cultures, see thedAyh@pter

and Q consumption rate were measured and put astraints in the modeF{gure 27, Table

10). Growth rate was used to validate the accuracy of the mbigiré 28). As it is shown the

last version of the model could accurately capture growth rate of the methanotroph at the designed

batch experiment.

Table 10. Constraints for iddation of theM. buryatens&GB1 model

Methanotroph CHa (constraint) O2 (constraint)
Single culture ExperimentE)  -3.134 -4.319
Methanotroph
m Growth rate (exp) ® Growth rate (model)
0.025
0.02
. 0.015
<
~ 0.01
0.005

0
Single culture (Case B)

Figure 28. Comparison of the model prediction and experimental measuremmt foryatense
5GB1 growth at conditioExperimentE (chapterd).

5.2.2Photoautotroph: Arthrospira platensis

The reconstruction model fak. platensisNIES-39 [129] was used for this study, and
several modifications were applied on the model. Firstarerefinements using SID platform

was performedrigure 29 shows central carbon flux of the model during SID refinentégure
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29 (a) shows GEM model prediction at the beginning. The biomass prediction was much lower
than expected Therefore,after performing PCA in SID framework refinement, the major issue
was identified to be the cyclic pathway between G3P and 13DPG as it is highlighféglirie

29 (b) the cyclic pathway was addressed, however, there is no oxygen production. The issue was
identified to be a reaction for glycine that needs to be blockédisashown inTable 11. The

model could predict oxygen production at this step, however, there was some other ityegular
according to the existing knowledge, such as converting FDP to F6P or G6P to 6PGL as shown in
Figure 29 (c). As it is shownn Figure 29 (d) all issuesof themodel were addressed using SID
framework.

After preforming the refinements, which was mostly on central carbon pathway such as
Pyruvate metabolism and Glycolysis / Gluconeogenesis, the model could predict the growth rate
and oxygen production. Moreover, some further refinements applied to the modglthesin
literature that havéneenstudied onA. platensis[130,131] specifically focused on different
pathways such as Photosynthesis and electron transport chain, Calvin cycle / Pentose phosphate
pathway and Pyrimidine/ serine/glutamate metabolism. Furthermore, the ammonium uptake rate
was set to zero and as an autotrophic condition, the photon uptake rate was set to a given value,
and the glucose uptake rate was set to zero. Growth associated Allénarace of the model was
set to 40 based on the recent literat{t88,132] TheTable 11shows the described modifications

on the GEM model.
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Figure 29. Gem refinement steps &f platensis usin®ID based framework.

Table 11. Selected modification oA. platensidNIES-39 GEM model using SID framework and
existing knowledge

Reaction Modification Description and Reason

1 gly-L + nad + thf-> co2 + h + mlthf + nadh 4 blocked Glycine, serine and threonine metabolism v

nh4 excessive.

6 h + 2 fdrd + pg-> 2 fdox + 4 h[t] + pgh2 added Photosynthesis and electron transport chain (Pel
Aro, and Shikanai 2016)

atp + fép->adp + fdp + h blocked Calvin cycle / Pentose phosphate pathw
inactivated by light (Plaxton 1996)

g6p + nadp-> 6pgl + h + nadph blocked Pentose phosphate pathway; light inhibits it (Plax
1996)

fdp + h20-> fép + pi blocked Calvin cycle / Pentose phosphate pathway; li
inactivates it (Lemaire 2004; Matsumoto 2008)

serL ->nh4 + pyr blocked Serine metabolism; This reaction is not pres
(KEGG)

glu-L + h2o + nadp <=> akg + h + nadph + nh Upper bound=0 Glutamate metabolism; This reaction is irreversi
reaction (MurePastor 2005)

gtp + h20->gmp + h + ppi blocked This reaction is ngpresent (KEGG)
Pyrimidine metabolism

dgtp + h20-> dgmp + h + ppi blocked This reaction is not present (KEGG)

dutp + h20-> dump + h + ppi blocked This reaction is not present (KEGG)

h2o + utp-> h + ppi + ump blocked This reaction is not present (K&)

10fthf + h20 -> for + h + thf blocked This reaction is not present (KEGG)
One carbon pool by folate

Metabolites Name

fép D-fructose6-phosphate

fdp D-fructosel,6-bisphosphate

g6bp D-glucose6-phosphate

g3p Glyceraldehyded®hosphate

13dpg 1,3-BisphospheD-glycerate

6pgl 6-phospheD-gluconc1-5-lactone

serL L-Serine

pyr Pyruvate

glu-L L-Glutamate

gly-L[c] Glycine

mithf 5-10-Methylenetetrahydrofolate

nh4 Ammonium

akg 2-Oxoglutarate

10fthf 10-Formyltetrahydrofolate

thf Tetrahydrofolate

for Formate

ht] H* in thylakoid

The original model had 735 metabolites and 745 reactions. In order to let organism to be

able to produce and consume metabolites ( such as ammonium, malate, succinate, amino acids,
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etc.) in the coculture, several reactions was added to the model to Heimgetabolites from

cytoplasm to extracelluldd31]. After the modification, the model had 796 reactions, however,

many of the reactions were inactive or blocked. To address this issue and make the model simpler
(without any effects on prediction), AReduced
find blocked reactions which cannot carry any fluxes in the given simuletiogitions and

remove them from the model to form a reduced model (the unused metabolites were removed

along the reactions). The GEM modelfofplatensiNIES-39 has described @able 12

Table 12. Modified GEM reconstruction of. platensidNIES-39

metabolites metabolic  compartments Constraints for FBA simuteon
reactions
508 579 4 Carbon dioxide and photon

* 02, H20, sulfate, phosphate, and nitrate were assumed to be freely exchanged

At the end, the prediction of the model An platensisgrowth on single culture using
experimental dateExperimente, Chapter) was investigatedlable 13 andFigure 30 shows the
model prediction results. There is an excellent agreement between model qmedictl
experimental measurements for oxygen production and growth rateptetensis.

Table 13. Constraints for single culture cyanobacteria GEM model

Cyanobacteria CO2 Light photon(constraint)*
(constraint)
Single culture Experiment E) -0.681 -6.42

* This amount is the photon was received by the cells in unit of mmol/gDCW/hr (in the GEM
model) which estimated by performing sevenasilico experiments and comparing with
the experimental data (GQptake) at light intensity of 180 umol photori/m
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Cyanobacteria Cyanobacteria

m Growth rate (exp) ®mGrowth rate (model) m O2(exp) mO2(model)
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0

o o
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1/hr
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o
=~

o
(V)

o

Single culture (Case B) Single culture (Case B)

Figure 30. Comparison of the model prediction and experimental measuremeht jidaitensis
growthand Q productionat conditionExperimentE (chapterd).

In short, he GEM for theA. platensisrefined to incorporate recent findingn
photosynthetic electron transport componentse Thodel predicted oxygen production and

biomass growth showed a better agreement with experimental data.

5.3 Coculture modeling framework

In order to model the community, we have followed the approach proposed by SteadyCom
[133] and microbeamicrobe interactions iMicrobiome Modeling Toolbox (MMT)134] which
are reformulation of cFBAL35] with the computational advantage that the number of LPs to be
solved is independent of the number of orgars in the community. We used two GEM models
to make sure the results are consistent and similar solution are predicted. Specific fluxes
(mmol/gDCW/hr) are integrated as model constraints, where gDCW indicates grams of dry cell
weight for all biomass in thcoculture. Using these GEM models, we can account for species

abundance in the community. The biomass of each species is calculated based on the community
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biomass and the species ratio. In addition to this, stetadg and equal growth rate of species a

assumed.

5.3.1Coculture GEM reconstruction

Z 1

Vex(iy Vex(i

~,

— i Community compartment [u] S

Figure 31. Dependencies applied to the coculture model to describe possible interactions. Both
organisms have a common compartment to share the metabolites of their needs.

M. buryatensésGB1andA. platensiSSEM models were combined to form one coculture
model that shows syntrophic relations of the organisms when they grow together. To model the
interaction between two strains, we used modified model of each organism and added a common
compartment ([u], commity compartment) to exchange of metabolites. It is worth to mention
that unfortunately the model reconstructions
form various database. The metabolite names could be totally different between different
datalase/generators. To address this challenge, we used a developed code in our group to refine
the metabolite names in the reconstruction models and make them all similar to universal format
of metabolites.

Furthermore, to achieve a coculture GEM, all meiédmthat were defined as extracellular

([e]) in its original models, will be defineals exchange metabolitestime common community



compartment of the model, [u]. Metabolites that are shared between species, will be exchanged
through this common comparent, being first transported from the corresponding extracellular
compartment to the community compartment, or vice versa. For example, acetate in extracellular
of methanotroph (Mlac|e]), transferred to the community compartment as following: M1lac|e]
<=>acfu]. It is worth mentioning that mulsipecies generator recognizes extracellular reactions if
there is AEX_O0 in their name. Therefore, al |
manually based on the mentioned requirement. In principleettibolites that are present in both
extracellular compartments and are defined in the community compartment, can be exchanged,
being the directionality of the associated reactions favorable to produce the exchange. However,
some dependencies have beeuased in the model based on experimental evidences. Finally, the
coculture GEM model was transformed into MATLAB file.

Next, the coculture GEM model wdsvelopedy SteadyConandMMT for predicting
metabolic flux distributions for a growth rate of the wibare. Figure 31 shows the
compartments of the system. Where [c] shows cytoplasm, [p] periplasm, [t] thylakoid, [e] extra

cellular,6 community uptake raté® community export rate.

5.3.2Coculture GEM modelling for E.coli toy systems

To test thecoculture GEMmodel before applying on our coculture system, a published
E.colimodel iIAF1260[136], wasused and a toy coculture systéimlowed by a literature
[133]) wasmadeby making two mutant dt.coli (Figure 32). Both biomass composition of
mutants is the same. Therefore, mutants need both amino acies @dogsArgL) to grow, even

though the gene of an amino acid might be knockout in their cell.
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Glucose

Community compartment
AN Il I S S S S S B B B B S -

Figure 32. The designed toy model for investigation of Coculture GEM modeling. Ecl is missing
the gene for synthesis of LYys and need#o uptake it from outside to grow. Ec2 is missing
the gene for synthesis of Atgand needs to uptake it from outside to grow.-Lyand
Arg-L are part of the biomass composition of both mutants.

We considered three scenarios to show accuracy of thééuwecGEM modelingFigure
33 shows different scenarios and model prediction results for coculture growth rate and each
mutant abundance in the cocultufegure 33 (a) shows the scenario when there is unlimited Arg
L in the community compartment. As it is shown, Ec2 got the needed amino acid from the
community, grew and became the dominant sp&agire 33 (b) shows the scenario when there
is Arg-L in the community compartment, but it is limited by a constraint. As it is shown, Ec2
consumed the amino acid in the community compartment, but preddocessome LysL for Ec2
to get more Argl. But Ec2 is still has 82% of the coculture since there was somé. Arghe
community. And third scenario is when there is not any amino acid in the community compartment
(Figure 33(c)). Therefore, the mutants need each other to get the required amino acid.
Thismodeling orE. coli toy modelclearly shows the mutual intentions and metabolic links

betweerthe organisns which coaulture GEMcould predict it successfully.



@) Added unlimited Arg-

L to the community

Ec1
0%

Description

Ec2 dominates the system

Ec2 Growth Rate
100% 0.8264

Ec1 mEc2

(b) Added upper limit for Arg-L
in the community

Description
Ec2 produces lys-L for Ecl to get
some Arg-L
Ezc-i Growth Rate
0.7536
Ec1 mEc2
(c) No supply of Arg-L to
the community
Description

Ec2 has to produce lys-L to get
Arg-L.

Growth Rate
0.7362

Ec1 mEc2

Figure 33. Different scenarios and coculture GEM model prediction results o tho®li toy
system

5.4 GEM models of A. platensisi M. buryatensesGB1 system

As it is mentioned, the coculture GEM model was developed by SteadyCom and MMT for
predicting metabolic flux distributions for a growth rate of the coculture. The experimental data

from ExperimentA (Chapterd) was used to test and validate the GEM models.
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5.4.1SteadyCom

Just CQ and photon were used as constraints for the coculture ni@déé 14 shows the
constraints for the modeling..@onstraint for the community was set to zero for lower and upper
bound, which means the only oxygen source is from production by cyanobacteriecitdalst
be consumed by methanotroph, since there was not any oxygen remained in the coculture systems
(experimental data).

Table 14. Constraints implemented in the SteadyCom GEM model

CO2 Photon
Constraint
mmol/gDCW/hr
0.680 6.98*
* This amount is the photon was received by the cells in unit of mmol/gDCWt/hr (in the GEM
model) which estimated by performing severnakilico experiments in order to produce
the proper amount of Oxygen for methanotroph.

Case A

(@)

Experiment Modeling

79% 78%

BEM1(%) EP2(%) EM1 (%) mP2(%)
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(b) (C)lOZ[exp] m 02 (model) W CH4 (exp) = CH4 (model)

m Growth rate (exp)  ® Growth rate (model)

Coculture (Case A)

Figure 34. Comparison between the experimental data (Case A) and SteadyCom GEM model
prediction of(a) population ratioj(b) growth rate;(c) Oxygen (Q) and methane (CH
consumption, in the coculture system.
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As it is shown inFigure 34, the model could accurately predict biomass ratio of
photoautotroph over methanotroph and growth rate of the coculture. The consumptairOeate
and CH also agree with experimental data for methanotroph in the coculture.
Table 15 shows the metabolic interactions between photoautotroph and methanotduitep
by the model. The table is ordered based on higher to lower flowrate that depicts the contribution
of eachmetabolitein this interaction. It is worth to mention that some metabolites are the major
metabolites in TCA cyclelable 15in red color) and need to be excluded from metabolic links or
just one or two of them can be included, otherwise the solution for the GEM models is infeasible.
Decisionon which maja metabolites should be included in the metabolic links makes several
scenarios. Therefore, at this case, just Malate was included in metatddiand other major

metabolites were excluded (in red font).
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Table 15. Potential metabolic links in the coculture predicted by SteadyCdaih e n

i mal

allowed to exchangeYhe amount shows thow rate (mmol/gDCW/hr)with different

color for each strain

No. Metabolite Name Amount
1 NH4 ammonium 0.1601
2 glu-L L-glutamate 0.0664
3 cit citrate 0.0652
4 for formate 0.049
5 malL L-malate 0.0311
6 gin-L L-glutamine 0.0241
7 serL L-serine 0.0118
8 leu-L L-leucine 0.0083
9 phelL L-phenylalanine 0.0034
10 tyr-L L-tyrosine 0.0034
11 alaL L-alanine 0.0025
12 sucr sucrose 0.0018
13 val-L L-valine 0.0014
14 thr-L L-threonine 0.0011
15 ile-L L-isoleucine 0.0011
16 lys-L L-lysine 0.001
17 trp-L L-tryptophan 0.0008
18 argL L-arginine 0.0008
19 pro-L L-proline 0.0008
20 metL L-methionine 0.0005
21 his-L L-histidine 0.0002
22 cysL L-cysteine 0.0001
23 ac acetate 2E-05

succ Succinate

pyr Pyruvate

malL L-malate

B eroduced by platensis and consumed by 5GB1
Produced by 5GB1 and consumed by platensis
N 16 participation in metabolic links

A visualization for the coculture system was made to show all the reactions canckly

at eod

clearly. This coculture visualization shows the main carbon fluxes and metabolite exchange

between the organisn{Eigure 35). Therefore, it is easy to keep track of the consumption and

production of metabolite§.he dash black line shows the whole community compartment, where

both cells are present, getting their feed {3E;, photon) from bulk, and able to exchange their
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metbolites. The left green solid line shows the photoautotroph, and the right orange solid line

shows the methanotroph.
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Figure 35. Schematic representation of the simulated metabolism of the coculture system when
cells are allowedo exchange the metabolites.

As it is shown, cyanobacteria (shown with green line, left) mainly consumed photon and
carbon dioxide, and produce oxygen for methanotroph (shown with orange line, right). Calvin,
pentose phosphate cycle are active in cyariebia and the TCA cycle is half active as it has been

shown by other studig$29].
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5.4.1.1Coculture GEM modeling without metabolic links

In order to demonstrate the importance of metabolic links in the GEM modeling, all the
metabolic links were blocked, except oxygen and carbon dioxide, so the strains cannot exchange
any metabolitedzigure 36 shows the visualization of central carbon pathways when the metabolic
links are blockeda) and the comparison of the coculture growth rate between the SteadyCom

models when metabolic links exist and when it doeerist (b).
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Figure 36. The visualization of central carbon pathways and the growth rate of the coculture
system when strains are not allowed to exchange any metabolites.

As it is shownthere is no exchange of metabolites between the strains. Photoautotroph
produced Aformateo and met hanotroph produced
use it, then the produced metabolites accumulated in bulk (medium). Each strain toakite p
all amino acids by itself since there is not any metabolic links. Moreover, the GEM model predicted
a lower growth rate for the coculture when they cannot exchange any metabolites which proves

the importance and contribution of the metabolic limkthe coculture system.

5.4.2Microbe-microbe interactions/ Microbiome Modeling Toolbox (MMT)

The constraints for each microbe (£for photoautotroph and GHor methanotroph)
should be added to the micrebgcrobe interaction in MMT GEM model, otherwjsbe model
could not be solvedin general, e results of MMT were more accurate than SteadyCom
therefore, we used MMT model for the next chaplable 16 shows the constraints for the
modeling. Q constraint for the community was set to zero for lower and upper bound, which
means the onlyD> source isO. producedby cyarobacteria and all of it must be consumed by

methanotroph, since there was not @ayemained in the coculture systems (experimental data).

Table 16. Constraints implemented in the MMT GEM model

CO2 CHa4

Case A Constraint
mmol/gDCW/hr
0.680 0.640
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(a) B Growth rate (exp) B Growth rate (model) (b) w02 (exp) mO2(model)
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Figure 37. Comparison between the experimental data (Case Ayidil GEM model prediction
of (a) growth rateand(b) Oxygen (Q) consumption, in the cocultusystem.

1/hr
1/hr

Table 17. Potential metabolic links in the coculture predictedo T ( When @A mal at eo
to exchange)The amount shows tHew rate (mmol/gDCW/hrwith different color for

each strain
No Metabolite amount

1 NH3 0.1015
2 malL 0.0925
3 cit 0.0857
4 lac

5 glu-L

6 for 0.0614
7 gin-L

8 sucr

9 thr-L 0.0083
10 leu-L

11 val-L

12 serL 0.0065
13 ile-L

14 alaL 0.0036
15 phelL

16 tyr-L

17 lys-L 0.0015
18 argL 0.0012
19 pro-L 0.0012
20 trp-L

21 metL 0.0007
22 his-L 0.0005
23 cysL 0.0002
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24 ac
fum
succ

pyr
oaa
akg

I eroduced by platensis and consumed by 5GB1
Produced by 5GB1 and consumed by platensis
I 1o participation in metabolic links

As it is shown inFigure 37, the model could accurately predict growth rate and
consumption rate of £in the coculture system. This validated the accuracy of the model in
molecular level for predicting of strains behavin the cocultureTable 17 shows thepotential
metabolic interactions between photoautotroph and methanotroph predicted by the MMT model.
The table is ordered basew higher to lower flowrate that depicts the contribution of each
metabolitsi n t hi s i nteraction. At thi s liokasan@otherj ust
major metabolites were excluded (in red font).

Figure 38 (a) shows the visualization of central carbon pathwaywere and the
comparison of the coculture growth rate between the SteadyCom models when metabolic links
exist versuswhen it does not exisThe whole idea is to see if the GEM coculture model also
differentiate the effect of metabolic links on coculture groviRigure 32 (a)The GEM model
predicted a lower growth rate for the coculture when they cannot exchange any metabolites which

proves themportance and contribution of the metabolic links in the coculture system.
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Figure 38. (a) Schematiecepresentation of the simulated metabolidrthe coculture system when
cells are allowed to exchange the metaboliesthe comparison of the coculture growth
rate between the MMT models when metabolic links exist and when it does not exist.
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5.4.3Comparison of SteadyCom and MMT

Both SteadyCom and iorobemicrobe interactions (MMT) coculture GEM could

accurately capture the coculture growth rate, the population ratio and main product consumption
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/productions of the coculture under different conditions. However, it seems MMT was more
accurate and corsgent in predicting the coculture behavidable 18 shows models prediction of

the exchange metabolites for two different scenariosudcinate and pyruvate arelunted in the
metabolic links (malate is excluded); fust pyruvate is included in the metabolic links
(succinate/malate are excluded). Considering the prediction for potential metabolic links, even

though the order and flowrate of the metabolites wahbtdfiglifferent between the models,

Table 18. Mo d e gresliétion of the exchange metabolites for two different scenarios

l-pyr/ succ 2-pyr
Microbe-microbe model |SteadyCom modg (Mi cr-mber ob e‘SteadyCom model
No. |Metabolite amount No. No. |Metabolite amount No.
1 succ 0.3982| 0.548¢ 1 1 cit 0.159 | 0.074] 3
2 lac 0 2 NH4 0.1519 0.1554 1
3 NH4 0.1613| 0.1571 3 3 for 0.1379 0.047¢ 4
4 sucr 5 4 glu-L 2
5 cit 0.0453 7 5 sucr 0
6 for 0.0437| 0.052¢ 6 6 pyr 0.0383 0.0244 5
7 glu-L 8 7  lgnL 6
8 pyr 2 8 leuL 7
9 gin-L 9 |thr-L 0.0081 0.0011
10 SerL 0.0082 10 val-L
11 JlewL 11  |serL 0.006
12 val-L 12 ile-L
13 thr-L 13 pro.|_
14 ile-L 14  |phelL
16 jprol 16 |alaL 0.002¢
17 ysL 17 lys-L 0.0012
18 |phel 18 |argL 0.001
19 tyr-L 19 trp-L
20 argL 0.0015 20 ac
21 trp-L 21 cysL
22 jac 22 |hisL 0.0004
23 his-L 0.0006 23 metL
24 cysL lac 0 0
25 metL

aspL 0 4
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however, interestingly top predicted exchange metabolites were always similar between the
model s. Al actateo and fAaspartic acido are exa
models. lactate productiomappensn microbemicrobe modeby methanotrophhowever the
prediction of lactate by SteadyCom is zero. The similarity between the models investigated by
metabolites and also their exchange which means they produce sgntkeorganism. The color
in the table shows the production of the metabolites by photoautotroph or methanotroph. As it is
shown, the top exchange metabolites are similar between two models.

Table 18 comparison of the order of predicted potential exchange metabolites between
microbemicrobe model (MMT) and SteadyCom model, for two different scenariaictinate
and pyruvate are included in the metabolic links (malag&dtuded), 2just pyruvate is included
in the metabolic links (succinate/malate are excluded). Amounts in orange color are produced
metabolite by methanotroph and amounts in green color are produced metabolites by

photoautotroph.

Table 19. Top predicted exchanged metabolite from SteadyCom and miorabebe
interactions models

succinate NH3 formate citrate
sucrose glutamate pyruvate glutamine

This result agrees with literatures that used mictobo=obe interaction modeling. They
found metabolite in TCA cycle and amino acids as the main-éedssetabolitefl37]. It is worth
to mention that we included Asuccinateo and i

the metabolic |Iink and excluded Amal ateodo sinc

are more possible optiofs37,138] Table 19 shows the top predicted exchange metabolites and
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Figure 39 depicts the central carbon pathway along with potential metabolic links between

photoautotroph and methanotroph based on our most recent knowledge and analysis.
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Figure 39. Schematic representation of thienulated metabolism of the coculture system when
cells are allowed to exchange the metaboldi
exchange at the major metabolites in TCA cycle).

The GEM models identified key metabolites links in the cocultdtgough microbial
social interaction spans over a wide range of sophistication, even the simplest cooperative
interaction can be difficult to explain when it brings population benefits but comes at the expense
of individuals. Xavier[139) ment i oned t hat a good il lwBtratio
between slow growth rates with a high yield versus fast but wasteful growth. Theffrada be
a consequence of irreversible thermodynamics on heterotrophic cell metabolism andh@stmp

consequences for populations. Higher yields make a more economic use of limited resources, and
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therefore can be beneycial to the entire popu
of individualtlevel restraint, as cells could grow fastath lower yields. This exactly could happen
in photoautotropfmethanotroph cooperation.

As it is shown inFigure 39, photoautotroph provides main favourable carboncgoand
nitrogen source, such as succinate and ammonium respectively, for methanotroph. In response,
methanotroph produce more amino acids for both organigvesbelieve the reason is that
methanotroph can produce most of the amino acids less expensogdaity/thermodynamically
than photoautotroph. Some literatures mentioned the advantageous of methanotroph for the
production of TCAderived product$140,141] Hillesland and StaHlL42] have showed in their
study that strains in a coculture with mutualistic relationship adapt themselves to use resources
more efficiently. When populations first engage in a mutualistic relationship, they must@adapt t
new growth conditions, and they most likely use preexisting traits for new functions. Thus, one of
the first adaptations for mutualism may be optimization of these traits for mutualistic performance.
In support of this hypothesis, both species in neavigry studied coculture appear to have
substituted mutations that improved the overall productivitgyotropy Cocultures could grow
faster and produce more cells even though the resources remained constant throughout the
experiment. Each species contitiéd to one or both of these commudayel changes,
presumably because they were able to more efficiently use the available resources and hence
acquire more energy for growth.

Moreover, though empirical testing of the simulation we performed is inableeasithis
time (we need to test coculture medium with metabolomic analysis to quantify all metabolites and
compare with metabolites in the single culture® note that experimental data from previously

published work supports key portions of our pradicd. We reviewed the literatures to find the
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evidence of production or exchange of the predicted metabolites in order to validate the possibility

of the predicted exchange metabolites between photoautotroph and methanotroph (next section).

5.5 Evidence and eplanation on interactions between photoautotroph and bacteria

We are interested here in interactions betweenliivegy species. One example is the two
species aggregateChlorochromatium aggregatum(Figure 40), in which nonmotile,
photosynthetic sul f tpnotedbacteria,@novidimg tleetn tvith xed otganicmo t i |

carbon in exchange for a ride toward sulrdsh areas.

%3 <

Figure 40. Electron mEroscoy image of the twepecies aggregat€hlorochromatium
aggregatumshowing photosynthetic sulfur bacteria (E) attached to a betaproteobacterial
cell (C) by thin filaments (arrow$)43].

However, because of difficulties in cultivating the aggregate or its individualespet
remains unclear whether the interaction does indeed result in overall fithess gains for both parties.
Attachment also occurs between the bacterRetotomaculum thermopropionicuend the
methanogenic  archeaon Methanothermobacter  thermautotrophicus whereby P.
thermopropionicunuses its flagella to attach M. thermautotrophicuswith flagella attachment
inducing the latter to exchange metabolic services with the former. This example illustrates some
key elements that are likely to be importantdaooperative interaction to stably emerge between

species. First, the two species have very different metabolisms, which limits ecological
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competition between them. Second, their metabolism is so different that one species can live off
of the hydrogen mduced by the other. Finally, the two species are physically attached to one
another and respond to each other metabolically, which suggests that anything that a focal cell
does to the other genotype is likely to feedback on itself. The prevalence agblayisichment in

all of these examples may suggest that it is a particularly important component of between
genotype cooperatidi43].

To discuss the previous study on our coculture pair, it is worth to compare their key
hypothesis in our case. In our coculture system, cyanobacte@dsed methanotroph usiHa
as carbon source, which eliminate competition between them for the main carbon source.
Cyanobacteria produce oxygen and needs to get rid of it because it inhibits its metabolism and
methanotroph live off the oxygen produced asrbgpct by cyanobacteria. Finally, both strains
could be physically attached to one another and respond to each other metabolically as it has been
seen methanotroph around cyanobacteria cells under microscope (unfortunately SEM pictures are
unavailable athtis moment).

Generally, photoautotroph provide @nd organics through photosynthesis for bacterial
consumption, whereas the bacteria produce &@ inorganic substances through respiration to
sustain photoautotroph growib44]. The definition of photoautotroph covers all unicellular and
simple multicellular microorganisms including prokaryotic microalgae (cyanobacteria),
eukaryotic microalgae, and diatoms. Due to the mutually beneficial interactions;Gnd@,
capital costs with regard to the oxygenation of activated sludge tanks and the risk ozatdatili
can obviously be reducefii45]. Besides, it is now acknowledged that bacteria secrete

micronutrient metabolites such as vitamin B12, phytohormones (IAA, abscisic acid, cytokinins,
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ethylene, and gibberellins), thiamine derivatives, and siderophores to accelerate photoautotroph
metabolism and biomass growtt¥6,147]

As it mentioned before, in order to investigate the metabolic links, we need to first focus
on oxygen which is the main metabolic link in this coculture and could be a significant force or
trigger for more cooperation between the organisms. As Heinkeilaatk [137] have shown
that microbemicrobe interactions with and without oxygen differed significantly in microbiota
environment. In fact, all it one of the mutualistic interactions observed without oxygen were
abolished in the presence of oxygen. These results highlight that in the presence of oxygen, most
microbes were able to efficiently extract energy from the supplied dietary nutrientsdamot d
rely on metabolites secreted by other microbes. In the absence of oxygen, however, the microbes
were forced to cooperate to achieve optimal growth by exchanging metabolites with each other.
Accordingly, mutualistic pairs switched to parasitic gigensumer interactions in the presence of
oxygen.

The substrate exchange is not limited to micronutrients. Macronutrients such as nitrogen
mediated interactions also occur between photoautotroph and bacteria. In photoautotroph, nitrate
assimilation is pedrmed by two transport and two reduction steps: First, nitrate is transported into
the cell, then a cytosolic Nitrate Reductase (NR) catalyzes nitrate reduction to nitrite, which
subsequently is transported into the chloroplast, where the enzyme Nitdtet®se (NIiR)
catalyzes its reduction to ammoniyi¥8,149] Finally, ammonium is incorporated to carbon
skeletons by rendering glutamate, through the glutamine synthetase/glutaoghdarate amino
transferase or glutamate synthase (GS/GOGAT) ¢§&@]. First, ammonium is incorporated as

the amide group of glutamine in a reaction involving glutamate and ATP (catalyzed by GS); then,

13¢



the amide group is transferred reductively toxaglutarate to form two molecule$ glutamate
[151].

Recently, deBashan et al152] clearly showed that eevolution is not a prerequisite for
a functoning synthetic mutualism between a microalga and a bacteria. Using highly specific
analytical tools capable of analyzing single cells within the association such as NanoSIMS isotopic
imaging and fluorescent in situ hybridization (FISH), combined withremfg initial proximity
between cells of the two species in alginate beads, they directly showed that C and N containing
compounds were exchanged during interaction and association, which is beneficial to both
microorganisms as demonstrated by their mbtueihanced growth. Furthermore, because this
association was mamade and created almost spontaneously without lengtigvaation, it
challenges a basic paradigm of mutualism. This association arises relatively fast and forms a stable
association lastmfor at least 10 days.

Moreover, a recent study investigated a stable mutualism between winery wastewater
isolated C. sorokinianaand S. cerevisiaeunder synthetic growth conditions. They observed
mutualistic relationship based on carbon (C) and nitrqgBrcrossfeeding which involves the
reciprocal exchange of C in the form of £ the microalgae and ammonium (derived from
inaccessible nitrite) as N to the yed$i3]. Ammonium is the preferred N source due to its reduced
state and energetically favorable assimilation. It is-esiablished that ammonium has a negative
effect on nitrate assimilatidi49]

Research has been shopnoduction of formatéy cyanobacteria thrgin the action of pyruvate
formate lyase (PFL). PFL catalyzes Gdapendent cleavage of pyruvate to form ac€gh
without the associated production of NADH or reduced ferredoxin according to the following

reaction[154]:



O DIOOVD VEOCYO D®OUVLOEBOL U O (30

This reaction notably does not result in the production of NADPH or reduced ferredoxin and allows
for ATP synthesis from acetoA through the combined action of phosphotransacetylase and
acetate kinasgl54,155.

One question here could be whether the strain is able to recognize presence of amino acid
in the bulk (produced by methanotroph) and most importantly whether the strain is able to manage
the production or quenching of amino acids. Riccardi ef1&86] have shown the amino acid
regulation in cyanobacteria in response to external effect that help us to explain the relationship of
strains in the coculture. They showed in their review that biosynthetic pathways are highly
responsive t@ome specific exogenous amino acids. Some idea of the importance of amino acid
biosynthesis in the carbon economy of the cell can be obtained from the estimate that 59% of the
carbon assimilated from glucose Bycoliis in the form of amino acids. Forayth in a glucose
minimal medium, the diversion of this large component of assimilated carbon to amino acids is
essential. However, there would be a strong selective pressure for mechanisms allowing a complete
guenching of amino acid biosynthesis in thesence of an exogenous source of preformed amino
acids. The extent to which such quenching occurs depends on the organism and on the pathway
involved.

Another question could be the ability of the strains for execration of the metabolites. To
answer this gestion, we refer a study that has illustrated cyanobacteria as sources of bioactive
compounds with interesting biological activities, for example, antibacterial, antifungal, antiviral,
antialgal, anticancer, antiflammatory, and so forth. These bioaeticompounds include
lipopeptides (40%), amino acids (5.6%), fatty acids (4.2%), macrolides (4.2%), and amides (9%).

The excretion of bioactive compounds by cyanobacteria into the aquatic environments is possible
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allelopathy strategy used by cyanobactesiawitcompete other microorganisms within the same
ecosystem157]. Furthermore, many studies have shown that a wild [¥p8] and mutant
[159,160] cyanobacteria can excrete amino acids and other compounds if there is
overproduction/accumulation of the metabd|it61]. For example, previously it has been proved
that knockout of the glycogen synthesis pathway could effectively promote accumulation and
excretion of pyruvate in cyabacteria[162], thus tke strains can secrete any metabolite if the
condition is provided.

Moreover, Riccardi et aJ156] have shown that mutants $pirulina platensisesistant to
phenylalanine, which excrete phenylalanine, produce concentrations of amdisithat are up to
50-fold higher than those produced by the parental strain. Only about 45% of the amino acid over
produced is released into the medium during growth while the rest (> 50%) remains in the cell and
is released only at cell lysis. From théher side, produced citrate, lactate and sucrose by
methanotroph is consumed by cyanobacteria. Cyanobacteria used sucrose as a carbon source to
increase the fluxes of PPH pathway and Calvin cycle; and used citrate and lactate to produce more
glutamate antbeside it some other required aminoamides.

Zhu et al.[163] have been shown releasiofcitrateby methanotrophs. Briefly, 4 is
initially catalyzed by methane monooxygenase (MMO), soluble MMO (sMMO) or particulate
MMO (pMMO), to produce methanol as the first intermediate. Afterwards, methanol is
transformed into formaldehyde by methanol dehydrogenase. Formaldehyde mayriatadsi
into biomass through the ribulose monophosphate pathway or the serine pathway, releasing multi
carbon intermediates such as acetate and citrate; Or formaldehyde can be dissimilated to CO2 via
formate for energy production.

Gilman et al[164] showed thaM. buryatens&GB1 has able to produce lactate and succinate.



But et al.[165] have investigated the biochemical pathways for sucrose metabolism in
methanotrophMethylomicrobium alcaliphilun20Z and showed the ability of the organism for
sucrose production. It worth mentioning that until recently, sucrose was thouglatdcuneulated
mainly in phototrophic organisms, including plants, unicellular algae, and cyanobacteria.
However, studies have shown that a number of methylotrophic bacteria utilizing methane,
methanol, or methylated amines can accumulate sucrose as a pmsagondary solute. The
methanotroph synthesizes sucrose in response to the increased salinity of growth media.

In conclusion, the coculture GEM models were able to predict the growth rate, ratio of
organisms and metabolic links that make sense for irepehstable mutual coculture. Moreover,

crossfed metabolites have been seen and confirmed by other studies as it discussed in this section.
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Chapter 6: Dynamic genomescale metabolic modeling suggests the establishment of
mutualism without co-evolution within a synthetic microbiome

6.1 Introduction

GEMs work under gseudesteady state assumption and utilize linear optimization to
extract feasible flux distribution3hese fluxes are integrated over time in dyna@&M. There
is this possibility topredictthe changef initial conditions over time such as the consumption
and production of metabolites, changes in biomass, and shifts in metabolism in response to
environmental changefynamic GEM simulates a whole time of experiment, as opposed to
standard GEMHat just provide a single snapshot of the steadystatdition[166]. The schematic
diagam of dynamic GEM inFigure 41 clearly shows integration of fluxes and other
characterization that was explainéd. shown inFigure 41, bioreactor dynamic model integrates
the substrate uptake rate and feeds it to the steady state genome scale modeling for each strain,
then the genome modeling provides product and growth rateeads those back to the dynamic
model for integrating over next time segment. In fact, dynamic GEM just captures the bioreactor
dynamics which is coupled to steady state genome scale modeling. The sequential product rate
will be fed back to the bioreactdynamic model from the genome modeling.

The use of linear optimization requires an objective function, but more importantly a
biologically relevant objective function. Most standard GEM applications use maximization of an
artificial biomass equation repeggting the production of metabolic constituents of biomass as the
objective function. Howeverithedynamic GEM metabolitesspecies abundance and metabolic
statesare freeto change by changing the environment or response goartions. Thus, thers i
no need ta community objective functiofstill we need objective function for each straiasjl
proper bounds on interspecies fluxes to be defined, since the proper kinetic parameters are given

to the modelAs an exampleHanly and Hensofl67] were performedlynamic flux balance
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modelingof acoculture(Escherchia coliandSaccharomyceserevisiag. Each microbe€onsumes

a unique sugar (glucose or xylosebjective function was maximizing summation of biomass of
the strains anthewhole simulationwasused to optimize ethanol productiathuang et al[168]
developedthe dynamic multispecies metabolic modeling (DyMMM) framewavkijch is an
alternative formof dynamic GEMfor community modeling, tanodel thecompetition of two
acetate oxidizingndFe(lll) reducer.Challenges with the implementation @fnamic GEMare
inserting the kinetic parametessch asMichaelis Menten kineticgconstants)particularlyuptake

rates of limiting metabolites such as methane, carbon dioxide and oxygerstaayur

INITIAL
Cio

Xk r—=—= _ ______ S
{biomass y Bioreacor dyramic model

oFdF wiyrd o™
— — 1
1 ;
E. coli
l I
| I |

Figure 41. Schematic diagram of dynamic GEM

In this work, itwas decided to first reproduce the results generated by Hanly and Henson
study[167]. A Matlab based simulator developed by Barton gridii®] named DFBAlab was
used for modeling. This adeluses the LP feasibility problem to obtain an extended systean
also lexicographic optimization to yield unique exchange flux@fe performances are

comparable to DyMMM.
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6.2 Dynamic GEM modeling using DFBAlab

6.2.1Reproduction of a published results

The Dynamic GEMof E.coliandSaccharomyces cerevisiee-culture fom the Hanly and
He n s apér§l67] was built and compared with experimental daféhe rebuilt model

predictionwas almost matched with tipea p eesuit as it shown ifigure 42

(@) v ! ' T +_Zsci13 . (b) '_
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‘,—o- glucose
|—e— xylose

l +— ethanol

glucose
xylose
ethanol

15 4

Concentration (g/L)
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Time (h)
Figure 42. Experimental data (points) and coculture prediction (lines) by model for aerobic batch
fermentation(a) The result from the literatuf@67], (b) The result generated in this work

The literature used the fix oxygen uptake rate; however, it was decided to improve the
prediction ability since the model is unable datch most of yeast biomass producti@ (
cerevisiag specifically after depletion the glucose in the system.

The concentration of dissolved oxygen depends on the oxygen transfer rate from the air
bubbles to liquid phase, the oxygen uptake rate offoeltgowth, maintenance, and the metabolite
production by the cells. The mass balance of the dissolved oxygen in the assumed well mixed

liquid phase was written in equatig.

— Qn s 6 Q& (31)
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where— is the accumulation of oxygen in the liquid phase, the first term on the right hand side

is the oxygen transfer rateC't is the oxygen concentration at time 1), the second term is the
oxygen uptake rate which can be expressed by(specific oxygen ptake rate), an& is the

biomass concentration. Most of the studies have used MiciMetligen equation for specific

oxygen uptake ratej(

) as it was explained at previous sections. Tdewvas obtained

from literature[170]. Hence the system is coculture and both strains need oxygen to grow, the

uptake by both strains was considered in the equation (Eq&&)ion

— Q®H 6° 6 N 80 N F® (32)

It is a valid consideration that when oxygen concentration is low, the change of dissolved oxygen
in the coculture system by time is zere-~ 1), and it is assumed that specific uptake rate for

bath strains is almost the samg (=1 ). The updated specific oxygen uptake rate shows in

equation33.

z

n ———-— (33)
The mass transfer formula was used and implemented into the model and the better match with

experimental data was achieved.

(a) . ®)

glucose
xylose
ethanal

x
Biomass

concentration
Biomass
concentration
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Figure 43. Comparison betweetynamic GEMmodeling with fixed specific oxygen uptake rate
andchangeable specific oxygen uptake rate.

Figure 43 shows the improvement after implementing the specific oxygeakepate into
the model As shownthere has been a great improvement in predictidd. oérevisiaebiomass
compare to before. Next stewas using this dynamicGEM model and simulating the

photoautotroptmethanotroph coculture system.

6.2.2M-P coculture system

As it ismentioned challenges with the implementationafnamic GEMare inserting the
kinetic parametersuch asMichaelig Menten kineticsand constanigarticularly for uptake rates
of limiting metabolites such as methane, carbon dioxide and oxygen stunlyr The prediction

of single culture using DFBAIlab was testdt to make sure the models were worked properly

(Figure 44).
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Figure 44. DFBAlab prediction fobiomassoncentration of (a) cyanobacteria single culture
and (b) methanotroph single culture.

Beside thekinetics and constant parameters, which are difficult to fawad fairly

dependent on experimental conditiolmse the most significant shortcoming of DFBBI&

absence of a common compartmevitich meanshe metabolites carotfreely exchange between
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species in theoculture. Thereforewe had to rely osrowthassociated maintenan@@AM) and
Non-growth associated maintenar(®d5AM) to capture theffect of those molecular interactions
that are not captured by the dynamic GEM modsilit is shown in th&able 20, the GAM and
NGAM values had to decrease in ortiepredict the biomass concentration of individual strains
in the coculture. It means that straimsedless energy to grow when they are presence in the
coculture systent-igure 45 shows the prediction of the DFBAIlab after modification. However,

we still could not predict any metabolic links here, and we again proved the effect of the metabolic

links.
Table 20. The GAM and NGAM values used in DFBAlaiodel.
GAM&NGAM| Cyanobagq Met hanot
GAM NGAM GAM NGAWN
Single Cty 60 0. 6 23 10.
Cocultun 40 0.0 2 3 5.6
—_ —_ b
= 151 Est. in sing.cul. @ < - - Est. in sing.cul. ®
2 o Mea. in sing.cul. 20.4 o Mea. in sing.cul.
& 1 /—Est.in cocul. 5 0.3 | Est.in cocul.
§ = Mea. in cocul. E ' ° Mea. in cocul.
$ 0.5 02/
e 201!
o o
O g | | O g ‘ |
0 20 40 60 0 20 40 60
Time [h] Time [h]

Figure 45. Comparison of biomas®ncentration of individual strain in the coculture versus
single culture by DFBAIlab for (a) cyanobacteria, (b) methanotroph.

To overcome tbseshortcoming, we decided to approathe issudrom a different angle

by developing a new dynamic GEM.
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6.3 Developed dynamic GEM

While severalGEM modelingapproachebave been developed for microbial communities,
little emphasis has been placed on the feeadctual and reliable constraints of these complex
systems, especially when the behavior of these commuisitiggamic.Moreover, metabolic flux
predictions based otonstraintbased approaches can be inaccurate, asofitety disagree with
experimentally measured fluxes usiteghniques such aSC metabolic flux analysisas was
shown recently foE. coli. [171].

To address these challenges, we employ the validatedssentured kinetic model to
provide the crossmembrane fluxes, i.e., substrate pickup rates, product excretion rates and
biomass growth rates, as constraints to the coculture GEM. These constraints not only allow the
reduction of the feasible solution spacdle GEM model, but also enables the simulation of the
dynamic GEM,which can significantlimprove metabolic flux prediction8ecause the gene
regulation is much faster than the bioreactor dynamics, we can assume that the cellular metabolism
is always ina pseudesteadystate. Therefore, we can use the substrate uptake rates predicted by
the kinetic model as constraints to the GEM, and use the sttatgyGEM to determine the
metabolic flux profile under then given psetgteady state. In this way, bytégrating the kinetic
model with the steadgtate GEM for the coculture, we were able to obtain the dynamic metabolic

flux changes over timé:igure 46 shows our propasl dynamic GEM model.



Mathematical modeling

Model equations

dX,/dt = p,(c, qy) - X Microbiome model
dXo/dt = py(ci, ak) - X,
Metabolomics data dS/dt = gs 1 (ky, Vi) - X + Qs ok Vo) - Xa s

c . Q5% A25Xz

O ftsubstrate  biomass [ G p %y AzpXq

© Data fitting ¢ ; — P

E product ] (data —simulated )% [1ED T Q Hy' Xy

o minSSR = Z— o X QoXz

c Stdev 2

S

Time Statistical analysis a;; = biomass specific rate of metabolite ‘j”

metabolized by strain “i” (mol/gpy/h)
Goodness-of-fit analysis W, = specific growth rate of strain *i" (1/h)

Model parameters (confidence intervals) X; = biomass concentration of strain “" (ggy/L)
Model discrimination

Figure 46. Mathematical models of microbial communities provide critical tools for generating
and testing biological hypotheses. New computational approaches and software tools are
needed that can promotenflamental understanding of microbial communities through
comprehensive modélasedanalysis of omics data sets across multiple scales, from
intracellular metabolism, to metabolite crdesding interactions between cells, to the
emergent behaviors, struots and functions of microbial communitiésdapted from
Antoniewicz2020[64]).

6.4 Material and Methods

Microbe-microbe interaction (MMT) was implemented for psewstieadystate GEM of
the dynamic GEM modeExperimenal data ofExperimentC (for different gas composition in
coculturg, condition (b)(Gas composition of 60%CH30%CQ, 10%N) (Chapter 4,Table 5)
was useasexperimental dato run in the developedynamicGEM model As it is mentioned,
the integration is a continuous process, however in ordediace the volume of the results and
be able to interpret the results eassewveral time steps were chosenan output of thedynamic
GEM. The picked times are shownRigure 47. Since the uptake rate of ¢Bind CQ are the two
major constraints for the GEM model, the time stepre chosen to cover all range and irregularity

of these variables (time steps: 2,5.5,8,14,20,26,32,38,42,50,58,64,74,82,90).
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Figure 47. Chosen time steps for dynamic GEM model according to the behavlw obculture
uptake ratesAll the black lines are the picked time shown in (a) uptake rate and (b) total
uptake ratelots Time: 2,5.5,8,14,20,26,32,38,42,50,58,64,74,82,90

6.5 Resultsand discussion

The following figures show the visualization resultstloé coculture behavior and their
metabolic interaction in progress with time steps by using dynamic GEM.means Ckand
CO, uptake rates from serstructure kinetic model at each time step was put in MMT coculture
model and generated the solution tfee coculture system. The solution of the simulation at each

time step waslepictedbelow for observation of the pathway changes and further investigation.
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