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composition of the labeled culture.............ccccoeiiiiiiiecciccceeee. 79

E. coli S. cerevisiae monoulture and ceculture flux analysis result
comparisons. Gaulture sample along with residue and filtrate

samples from filtation experiments were used to perforrrcodiure
flux analysis with S. cerevisia€E. coli microscale ceculture model.
Results were compared to the flux obtained from racriture model
fits of monaculture samples and residue and filtrate samples. The
precision of the flux estimates decreases as the sample fraction of the
species whose flux is being estimated decreases. This indicates that
more information was obtained by incorporating filtration experiment
in the final fluX analySiS...........uuuuiiiiiiiii e 81

Flux analysis result of an E. ¢o$. cerevisiae caulture system.
Multi-scale iterative caulture flux analysis is performexh an E.

colii S. cerevisiae caulture system. The micrecale model fits

capture the intracellular metabolic fluxes in each stain. E. coli utilizes
glucose through both glycolysis and oxidative pentose phosphate
pathway while, S. cerevisiae uses maumjlycolysis. Most of the

glucose consumed by S. cerevisiae is converted to ethanol, resulting in
much lower biomass yield in S. cerevisiae compared to E. .coli....83
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Figure 4.10: Macrescale flux analysis results of an E. dok. cerevisiae co
culture system. The macseale fits deconvolutes species contribution
to reator level concentration measurements. Although the E. coli
uptakes glucose at a much slower rate than the S. cerevisiae, its
biomass yield is six times higher. This is reflected in the population
composition and glucose consumption by the end of the eukthere
E. coli makes up more than 70% of the culture while S. cerevisiae
accounts for 60% of the glucose consumed...............oceeeevvveeeeennn. 84

Figure 4.1: E. coli and S. cerevisiae monalture flux analysis results. Both E.
coli and S. cerevisiae were cultured separately in rooiftore under
the same culturing conditions as theatdture experiment, i.e. in a
mixture of M9 and YNB medium at 28 on [1,2-*C]glucose. The
resulting isotopic labeling in the biomass was measured to perform
monao-culture flux analysis. The resulting monalture flux
distribution for both E. coli (left) and S. cerevisiae (right) is similar to
the results observed in-@ulture flux analysis...........cccceeeeeeiiieiicenns 86

Figure 5.1: Multiscale ceculture flux analysis. The metabolic flux in the-co
culture system is estimatélarough a multistep process. A) The two
strains were ceultured in the presence of a common tracer. The
isotopic labeling in the overall exulture proteinogenic amino acid
and the culture growth and metabolite concentration is measured. B) a
multi-scak model was employed to fit the MID measurement of the
co-culture and the growth/concentration measurement in the reactor.
C) Through constrain leastjuares regression the intracellular and
extracellular flux rates were estimated..............cccccvvvvvieeeeee e, 96
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Figure 5. 27ipzwE. mcoéd o@phture flux anal ysi

scalecec ul ture flux analysis fweramewor k,
co-cultured independently on [£2C]glucose. After cell growth,
biomass samples were collected and mixed in three different ratios to
get three mixed culture samples. The isotopic labeling in the mono
culture samples and mixed culture samples weatyaed with GE

MS. The measured mass isotopomer distribution was used for mono
culture and ceculture flux analysis. Both mornculture samples gave
statistically acceptable fit at 95% confidence level with a mono
culture model, while the mixed culturesvgaunacceptable fits (part

A). The mixed culture samples gave acceptable fit only with-a co
culture model. The estimated-calture composition of the mixed
culture by the ceculture model matches the true expected values (part
B). Moreover, the estimatd®Gl flux in each strain of the mixed

culture by the ceculture model matches the values estimated by the
monao-culture flux result of their respective strain........................... 99

Figure 5. 3: Mi ni-oqpu wfe drandn@Riltureduxu |l t of @pagi

analysis. A monaulture and ceculture E. coli model was used to fit

| abeling data obtai ne-dzwtculuier ee t i me
tracer exgriment in parallel. The minimized SSR values obtained by

a microscale moneculture model and coulture model along with

the statistically acceptable 95% confidence interval is shown above.

The minimized SSR values obtained by the moulbure model were

significantly above the statistically acceptable limit, while the

minimized SSR values obtained for aadture model gave

acceptable fitS........oooorii e —————— 100
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Figure 6.1:

Figure 6.2:

Figure 6.3:

Figure 6.4:

E. coli flux analysis on acetate tracer. The results for pétadle
analysis of E. coli on [t3CJacetate and [2*Clacetate is shown here.
These results show the pathways in which E. coli utilizes acetaté14

Precision estimates of E. coli flux analysis on five acetate tracers. Flux
analysis was performed on E. coli growth on acetate using five
different tracers. For an acetate uptake rate of 100, the standard
deviation of the flux estimates, which serves as a measure of the
precision of estimates, are displayed above. The most precise
estimates were obtained with-fZ]acetate tracer.......................... 118

Crosfeeding ceculture isotopic tracer selection. For créesding
co-culture systems, an important aspect of tracer seterst the

isotopic labeling pattern in the resulting créseding metabolite,

which serves as a tracer for the recipient species. To predict the
labeling pattern of the cro$seding metabolite (acetate), atom
transition of glucose to AcCoA is shown thie twomajor glucose
catabolic pathways in wildtype E. coli. Based on the split between
glycolysis and oxidative pentose phosphate pathway (oxPPP) and the
glucose tracer used, the resulting acetate labeling can be predicting.
For instance, for [1;2°C]glucose, the acetate labeling is either 50%
[U-13Clacetate (if glycolysis is fully used) or 40% {Z]acetate (if
oxPPP is fully used). But if the split between glycolysis and oxPPP is
70-30, then the resulting acetate labeling will be a mixture of (70% x
50% - from glycolysis) 35% [U'*CJacetate and (30% x 40%rom
OXPPP) 129% [23C]aCetate..........ccveeeieeeieeeceieeeeee e 119

Simulated cro$sedirg co-culture flux analysis results. To choose the
best tracer, a crodseding E. coli strains with a given fluxes was
constructed. For the given flux distribution (Figure 6.5) in that co
culture, the isotopic labeling in the metabolites was simulated usin
three glucose tracers; [+!C]glucose, [1,6'3C]glucose, and [5;6
13C]glucose and for four different emlture compositions. Using the
simulated isotopic labeling data, flux analysis was performed with
monao-culture and croseeding ceculture networkmodels. For all the
three tracers, coulture data fitted with monoulture model did not
result in a statistically acceptable fit. Acceptable fit was obtained only
with co-culture Model..........oovveiiiiiii e 121
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Figure 6.5: Ceulture flux results of a simulated crefe®ding system. To choose
the best tracer, a crefseding E. coli strains was simulated in which
the first strain produces acet#ibat gets consumed by the second
strain. For the given flux distribution shown above in thewaiure,
the isotopic labeling in the metabolites was simulated using three
glucose tracers; [1;2C]glucose, [1,6°°C]glucose, and [5;6
13C]glucose and for faudifferent ceculture compositions. The
simulated ceculture labeling data was used to fit with@dture
network model. The resulting flux distribution in glycolysis, citrate
synthase, and glyoxylate shunt for the two strains is shown above.
[1,6-2*C]glucose performed the best in estimating all the three fluxes
IN DOt SraINS.....ccoiiiiiiii e 122

Figure 6.6: Ceculture®®*C-metabolic flux anajsis. After the tracer was selected,
the tracer experiment was conducted (A), where the two strains were
inoculated in the presence of the chosen tracer. THoaloare growth
was monitored with concentration measurements. Cells were
harvested during expential growth phase for isotopic labeling
analysis. The isotopic labeling measurements and concentration
measurements were fitted iteratively using the mgaale model
(Figure B.1) and macrscale model (B). If the flux fits were
statistically acceptabland converge between the two scales, the
estimated fluxes are plotted (C)u....uveeieieeiieeiiiiiiieeeiie e, 124

Figure 6.7: Multiscale ceculture flux result®of a crossfeeding E. coli wildtype
ppt s | -cpkute kystemo The mulsicale flux analysis results
give insight into the intracellular flux distribution in each species as
well as the extracellular uptake/excretion rates. The results show that
the wildtype utilizes glucose mainly through the glycolytic pathway,
producing acetate through overfl ow m
utilizes the acetate through the TCA cycle and glyoxylate shunt. These
intracellular distributions along with the maesoale rate provide an
important physiological information of the two strains thiscotiure
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Figure 6.8:

Figure 6.9:

Glucose eatilizaton by E. coli optsl!l and

magnitude of glucose utilizati on

strains were cultured on isotopically fully labeled glucose and

unlabeled acetate separately. After growth, the isotopic labeling in the

amino acids of the biomass were measured. The isotopic labeling
measurements were normalized to account for initial inoculum
biomass present. The results show a largetitization of glucose and

®pt sl
(i f

acetate by optsl wher e notopidallyami no ac.]

labeled carbon from glucose. Although not at the same magnitude,
ppt s gutilked gllcsse and aretate. The isotopically

labeled carbon from glucose was maily incorporated in amino acids
with precursors located in the upper glycolysisl pentose phosphate

Moncc ul ture flux distribution of
a controlto the crosgeeding ceculture system, flux analysis was

performed on E. <col i ppQlesdtate qugl | k

[1,6-3C]glucose to simulated eculture conditions (a). The wildtype
E. coli was culture on a spent medium of wildtype E. coliured on
[1,6-2C]glucose to simulate eculture conditions. The flux
distributions in both cases are similar to the ones obtained in co
CUITUT et e e e e e e e e e e e e enne s s e e e e e e e e e e e eeeeeeeeeesnnnns 130

Figure 6.10: Deconvoluted time dependent culture behavior. The 1peaie

Figure 7.1:

model fit analysis enables the deconvolution of redetesl
concentration measurements to identify the contributions of each
strain. The deconvoluted @& measurements indicated that the co

E . co

und e

cultures were predominantly composed

of the culture (A). Over the course of the culture the wildtype
accounts for more and more fraction of the population. The glucose
concentration decreasn the culture was mainly accounted by the
wildtype consumption (B). The contribution of each strain for the total
cocul ture acetate concentration
and wildtype acetate curve indicates the acetate consumption and
prodiction by the two strains. The sum of the two reflects the acetate
curve of the ceculture. In addition, the €amassand biomassfits show

the fraction of labeled biomass and fraction of the wildtype strain in
the COCUIUIE (D)..evveriiiiiiee i 132

Isotopic labeling measurement information gained from macro

molecules. Although monomer isotopic labeling measurement provide

high resalition information, polymer labeling measurements provide
complimentary information in how the monomer labeling is relatéd4
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Figure A.1:

Figure B.1:

Figure B.2:

Metabolic flux analysis. As discussed above metabolic flux analysis
involves a tracer experiment, network construction and flux
calculation through leastquares regressiQn...............eveeiieesieeeeenns 168

The procedure for-colture flux analysis. As discussed above co
culture flux analysis involves a tracer experiment, model construction
and simulation, and flux calculation throulglastsquares regressioh70

Results dfC-MFA obtained using a morculture model (results
shown with black linpand ceculture model (results shown with blue
lines) of simple model system. The analysis discussed in Figure 2.3
was repeated with smaller and larger fractions of species #1. The co
culture model produced statistically acceptable fits of all data sets.
The estimated fluxes matched perfectly with the true flux valuesl72
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ABSTRACT

Innaturemi cr oor gani sms d;cathértheyarepasgdf i n i
complexandinteractingsystems. However, current understanding of microbial
metabolism is mainly constrained to metudture systems because of limitations in
analytical technologies. This has limitdgk scope oburknowledge of cellular
metabolisnto less than 1% of microbes that are culturable in laboratory conditions
and hampered efforts to better understand microbial communities in important areas
such as the human microbiome. Furthermareent efforts in metabolic engineering
havefocused on takg advantage of unique properties of nmafticroorganism
systems to enhance product yieltters,and productivitiesln particular, he
modularity of ©-culture systems makes them a convenient platform for easy
optimization and assembly of biosynthgisthways. Despite the relevance of multi
microorganism systems both in natural ecosystems and metabolic engineering
guantitative characterization tools used to elucitfze metabolism are still lacking
Particularly,*C-metabolic flux analysisi{C-MFA), a widelyused approach for
measuring metabolic flux pure culturs, has not been developed and applied
towards multimicroorganism systems.

In 3C-MFA, metabolic fluxes are elucidated by culturing cells in the presence
of an isotopically labeled sstrate. The resulting isotopic labeling patterns of
metabolites are then measured using mass spectroscopy techniques. Metabolic fluxes
are then estimated by fitting the measured labeling data to a network model containing

the known metabolic pathways oktbrganism. In the few previous examples where
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13C-MFA has been applied to @ailtures, it has required specigsecific isotopic
labeling data in which the labeling measurement of a purified protein was used as a
proxy for speciespecific labeling data.

In thisthesis | present a novel approach for performtd@-MFA in co-
cultures | demonstrate for the first time that it is possible to determine metabolic flux
distributions in multiple species simultaneously without the need for physical
separation otells or proteins, or overexpression of spesigscific productsinstead,
metabolic fluxes for each species in actidture are estimatedirectly from isotopic
labeling ofthetotal metabolite labelingbtained using conventional mass
spectrometry appaches such as GKS. Through carefully selected isotopic tracer
experiments| demonstrate a novel mulicale model fitting framework thatiavs
for the elucidation o$teady state intracellular fluxgsopulation composition, inter
species metabolitexehange (e.g. crodeeding of molecules between cells), and
dynamic reactor level growtiind metabolit@rofiles. The methodologwas
experimentally validatedsing amixed cultureof two E. coliknockoutstrains and
then applied to three different-colture systems.

First, coculture flux analysis was performedanE. colii S. cerevisiaeo-
culture an industrially relevant system in whittte two organisms consume the same
substratéut have differenbiosynthetic pathwaysnd products. Next, the metabolic
fluxesin a caculture ofE. coliknockoutsgpp gknockout of glycolysis pathwagnd
oz \khockout of pentose phosphate pathwagje fully elucidatedThis ceculture
system is the most challeing to deconvolute as it consists two organisms with the
same metabolic network, consuming and producing the same substrate and products

Finally, I successfully appliethe methodology to studg crossfeedingsynthetic ce
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culture consisting of a glucosensuming wilétypeE. colistrain and a glucose non
consumingpp t s |E. ogdistrain Here, thepp t s Istrag geliekon acetate
produced byhewild-typeE. colifor growth.Usingthe co-culture**C-MFA

framework,| characterized the intracellullnxes in each species and deconvoluted
the time dependent cultutevel metabolite concentrationis. addition, through the
three model caulture systems presented in tthiesis | discuss various aspects of the
experimental design and important consatiens for performing caulture*C-MFA.

In the future, this work should support both metabolic engineering efforts in
multi-microorganism systems as well as scientific efforts aimed at exploring
consortium metabolism. Particularly)atys the foundatin for more detailed studies of
complex interacting microbiaystemsincluding systems corsting of more than two

species.
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Chapter 1

INTRODUCTION

1.1 Microbial Systems inBiotechnology

Microbes have been used f@rious purposes including in the food and
beverage industrfor centuriesIn the last half century, microorganisms halayed
an important role in industrial biotechnology for thanufacturing of fued, chemicals
and medicingdAtsumi et al., 2008; Choi and Lee, 2013; Ro et al., 200®3se types
of applications have been growing in importance awdrdity in recentyears
(Keasling, 2010; Nielsen and Keasling, 20I8)is growth was fueld by the
integration of recombinant genetic technologies with the emergence of the new
metabolic engineering field in tH9903 (Bailey, 1991) Since then, the development
of advanced systems level laoular biology and synthetic biology tools have
broadened the scope of tasks that can be carried out with microorgéAisrgaist et
al., 2014; Ghosh et al., 2016; Lee and Na, 2013; Nielsen and Keasling, 2011: Peralta
Yahya et al., 2012; Yadav et al., 2012; Yu et al., 20&grobial metabolic
characterization technigues have played a prominent rsigpjportinggthese advances

by enabling rational design and optimization of these platforms

1.2 Cellular Physiology Characterization Tools
Cellularphysiologycharacterizatiomools to studymicrobialsystems have
been growing rapidly the last two decades. Systewrel analysis omicrobial

metabolismhas been used widely to gain insight into the underlying mechanism of



cellular metabolismDifferent aspestof microbial metabolism can be elucidated with
an array of tools includingenomics, transcriptomics, proteomics, metabolomics and
fluxomics.Usinggenomicgools, the genome of microbes can be sequétce

identify the inventory of enzymes and pathw#yat could be active/present in the
organism(DeLong, 2009; Tringe and Rubin, 2008)ore insight can be gained about
the functional operation of the cells with transcriptonwelsich quantifieghe relative
transcription level of different genéSlaherty et al., 2011; Oh et al., 2002; Wang et
al., 2009) In proteomicsthe quantity, activityand different properties of the
proteoman the cell areanalyzedLee, 2001; Schmidt et al., 2018BerBerkmoes et

al., 2009) Metabolomics enables large scale quantification and analysis of the
concentration of various metabolites in the c@fleinemanrand Zenobi, 2011; Link

et al., 2015; Martien and Amadbdloguez, 2017; Reaves and Rabinowitz, 2011)
These 6omicsd tools provide useful i nf or me
However they do not provide information about the actnalivomeabolic state of
the cells(Antoniewicz et al., 2007c; Tang et al., 2009; Winter and Kromer, 2013)
Fluxomics, on the other hand, is the study of metabotimover of metabolite§.e.
fluxes) in various pathways of cells, and can been viewed as the overall
functional/irtegrated output of gene expression, translation, enzyme kinetics and
regulations. Ultimately, mechanistic knowledge is best developed by integrating
multiple 6 o mddatatogetherto gain inrdepth understandingf cellular physiology

and regulatior{Brunk et al., 2016; Ebrahim et al., 2016; Kim ef 2016; Lee et al.,
2005; Monk et al., 2016; Saha et al., 2014; Wilmes and Bond, 2006)



1.3 Fluxomics

The guantitative analysis of metabolic pathway activities started with the mass
balance analysis of citrate production®gndida lipolytica(Aiba and Matsuoka,
1979) This stochiometric based analysis was further extended with the incorporation
of reducing equivalent and other-facctor balanceéPapoutsakis, 1984However,
large scale stochiometric based phigiical characterizations lack enough
information to elucidate all relevant intracellular metabolic fluxes. This led to the start
of two major fields in fluxomics; i) flux balance analysis, a stochiometric based
analysis of metabolism that enables the sssent of possible ranges of phenosype
i.e. biochemical production capabilitiesF e | | and Small, 1986; OO0E
Varma et al., 1993nd ii) metabolic flux analysis, an experimental approach to
elucidate metabolic fluxeswrough isotopic labeling experants This method uses
mass balance and additional information obtained from isotopic labeling data to
estimate metabolic fluxg€hu et al., 1985; Marx et al., 1996; Sharfstein et al., 1994;
Szyperski, 1995; Zupke and Stephanopoulos, 1%} balance analysis on the
other hand is a mathematical approach that solves a genome scale stochiometric model
by maximizing/minimizing an assumed objective function(s) (usually growth) to
predictfluxes. The field of flux balance analysimsevolved tobecome a useful tool
in the analysis of cellular physiology under various conditions and perturhatiahs
has aided in thdesign and engineering of microbgistemsat the genome scale level
(Feist and Palsson, 2008; Khandelwal et al., 2013; Kim and Reed, 2012; McCloskey et
al., 2013 Oo6Brien et al., 2015; Orth et. al ., 2
Similarly, metabolic flux analysis has become a powerful tool in cellular physiology
characterization and microbial engineering eff@rte et al., 2014; Stephanopoulos,

1999; Templeton et al., 2013)he predominanexperimeral approach foflux



elucidationusingisotopic labeling studiglsas mainly been through carbon stable

isotope 3C) labeling known a$C-metabolic flux analysi¢-*C-MFA).

1.3.1 13C-metabolic flux analysis

To elucidate metabolic fluxes usifC-MFA, a microorganism isultured in
the presence of an isotopically labeled substiatewn aghetracer. As the cells
consume and metabolize the substrate, isotopically labeled carbon atoms get
incorporated in the biomassmponentsforming auniquelabeling pattern in
metabdites that is a function of metabolic fluxes. The labeling pattern in the
metabolits is thenmeasured using techniques such asNE&Cor NMR (Crown and
Antoniewicz,2013a; Kleijn et al., 2007)Jsing themetabolic network model of the
organism and isotopiabeling measrements of the metabolitesetabolic flues ae
estimatedy leastsquares regressigrigure 1.1)refer to Figure A.1 for detailed
procedure)Over the last two decades, significant advances have been made in two
aspects ot’C-MFA: the metabolic network modeling framework, and the

experimental layout and design.



1. Tracer Experiment | 2. Labeling Measurement | 3. Metabolic Fluxes
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Figurel.1: *C-metabolic flux analysis3C-metabolic flux analysis involves the
tracer experiment, isotopic labeling measurement, and network model
construction and computation of flux€3ee Figure A.1 for details)

1.3.1.1 Metabolic network modeling framework

The efficiency of the mathematical modeling framework that relates measured
isotopome data with metabolic fluxes is very importdat efficient flux estimation
Modeling frameworks that require low computational power and computing time
make flux analysis a viable option for routine ube this endyarious computational
modeling framewrks have been introduceder the yearsncluding the atom
mapping matrices, isotopomer mapping matrices, cumomer mapping matrices and
elementary metabolite usifEMU) (Antoniewicz et al., 2007a; Mdllney et al., 1999;
Schmt et al., 1997; Zupke and Stephanopoulos, 1984)articular, he EMU
framework introduce a highly efficientalgorithmthat reduces the total number of
eguations that needs to be solved for flux analysis by-@fderagnituds relative to

the previcuscumomer framework



1.3.1.2 Experimental layout and design

Experimental layout and tracer selection are two important design parameters
that need careful consideratidfC-metabolic flux analysis can be conducted through
a single tracer experiment parallellabeling experimestwhere multiple tracer
experiments are conducted in parallal et al., 2014; Crown and Antoniewicz,
2013Db; Leighty and Antoniewicz, 2013, 201R) parallel tracer experimesiabeling
measurements from replicate experimemts different tracerare fitted to a single
network model simultaneously to obtaitore accurate and preciffexes.

Tracer selection isretherimportant aspect of the experimerdakign
process. Thebservabilityof metabolic fluxes is directly dependent on the choice of
isotopictracer Concurratly, the choice of tracer is dependent on the desired output
and goals of the experimesince different tracers can perform better at elucidating
different parts o metabolicnetwork mode[Crown et al., 2016, 2015, 2012; Crown
and Antoniewicz, 2012Multiple tracers could be incorporated in parallel labeling
experiments to obtain high resolution fluxes in various pathways. In fact, parallel
labeling experimentwith carefully selected tracers have been showgrawide
synergistic improvement to flux precision, where the parallel fits from these tracers

resultal in greater than expected gain in flux informatjGnown et al., 2016)

1.3.2 Co-culture ¥3C-metabolic flux analysis

Despitemany year®f advances in flux analysi$C-MFA has not been widely
used in multimicroorganism systems such asaugtures. Specifically, so fato our
knowledge metabolic fluxanalysis on caulture systems hawnly been performed

in threeprevious studie$Ghosh et al., 2014; Ruhl et al., 2011; Shaikh et al., 2008)



The first work by Shaikh el. suggesd the use of purifiedighly expressed
reporterprotein as a proxy for specigspecific isotopic labelingheasurement multi-
microorganism systems. Although this method was not demonstrateduitee
systens, it showedthat labeling measementouldbe obtained from proteins
purified from artificially mixed culture§Shaikh et al., 2008)'he second work by
Ruhl et al. exteneldthe same idea of usiri@beling measurement of purifieeporter
proteirs as a proxy for speciespecific isotopidabeling information. In this wotla
co-cultureof wild-typeE. coliwith knockout strainspp ¢or gom d Wwas used as an
example Intracellular flux ratiosn each strain of the eculturewere calculated using
isotopic labeling measurementsashino acids fronpurified proteirs that were
overexpressed in each stralinis studyshowed that the calculated flux ratios in each

strain were similar to corresponding metwdture result¢Ruhl et al., 2011)
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Figurel.2: Coculture flux analysis through protein purification. Each strain in the
co-culture is engineered to overexpress a reporter protein, which is
purified for isotopic labeling alysis. The isotopic labeling of the
purified reporter protein is used as a proxy for the labeling of metabolites
in each strain to perform flux analysis

The fundamental challenge with this approach is the requirement for high level
expression of proteg) whichlikely affects the metabolism of the cells. Additionally,
thisapproachs limited to organisms with existing molecular biology ta@gquiredto
overexpress proteins. This approach also requires a large quantity of sample to obtain
sufficientsignal, up to 70 ml of culturéRuhl et al., 2011)Thereagents used ime
purification process hawaso been found to hawketrimental role in isotopic labeling
measurements because of-®IS co-elusionwith metabolitesMoreover, this method

may bedifficult to applyin interacting or croseeding ceculture systems since the



isotopic labeling of each carbon in the créssding metabolite (i.e. the tracer for the
receiving strain) would need to be knoammmeasured precisely.

In the most recent work, Ghosh et al. proposed a peptide labeling based co
culture 13C-MFA approachwheresimulatedspeciesspecific isotopic labeling
measurementsf peptides were used to determine fluxes in each spgiessh et al.,
2014) In theory, this approach could be applied to more complex-multi
microorganism systems. However, because peptide labeling inherently has less
informaion than amino acithbeling datathis approachequires a large number of
speciesspecific peptide labeling measurements to deconvolute the fiviagsover,
this approach cannot be applieccteculture systems of closely related species since it
will be difficult to identify peptides that are unique to each speEieslly, this
methodologywas only applied to simulated data dxa$ not been proven
experimentally.

In conclusion, aaewco-culture flux analysis framework that overcomes these
challengesind enables easgltular physiological characterizatiagnnecessarjor

two fundamental reasons

I.  Microbes naturally exist as part of consortia. Despite the tendency to
study cellular physiologgf monao-cultures, microorganisms do not
exist in isolation in natur@Vintermute and Silver, 201Q&Rather, they
are part of complex mutdimensional interacting syster(/domeni et
al., 2011; Ponomarova and Patil, 2015; Zelezniak et al., 2015)

Therefore, toruly understand the role of microbes in their environment



or their physiology in the niche they evolved in, we need to start

studying them as part of a community rather thsa single unit.

ii.  Incorporation of mulimicroorganism systems brings unique
advantagedo metabolic engineering. In recent years, biosynthetic
efforts have focused on the use of multiple microbescaemical
productionplatform. More specificallyco-culture metabolic
engineering promises the assembly of complementary metabolic
pathways into functional tool§Gilbert et al., 2003)The diverse
enzymatic pathways and metabolic systems enable efficient substrate
utilization (Sabra et al., 201@ndmake ceculture systems robust to
environmental fluctuatio(Brenner et al., 2008)t is known that
communication and division of labor amoray{s of a ceculture
system al in establishing a synergistic system with unique capabilities
(Brenner et al., 2008; Eiteman et al., 2008; Hanly et al2;2Qih et
al., 2012; Zhang et al., 20158)o-culture systems have been showan t
be modular by design and higleffective in performing biological
transformation. These properties make mixed culture awudiitore

systems ideal candidates for numerbisdransformation applications.

1.4 Aim and Outline of Thesis
After numerousadvances on multiple frontSC-MFA has reached kigh

level of maturity foranalysis oimonc-culture system@Crown and Atoniewicz,
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2013a) Advances in both experimental layout and design and computational
framework has resulted thewidespread use dfC-MFA for various purposes
(Antoniewicz, 2015)Despite these advandes analysis omonac-culture systems,

fundamental challenges remain in elucidgtfluxes in ceculture systems.

1. Tracer Experiment | 2. Labeling Measurement 3. Metabolic Fluxes
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0.4 ~——
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] Y 0
0.2 v o
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0 " 70lAc 1a 7 3] A
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S0 1w S
mass isotopomer distribution ] ¢ P

Figure1.3: Coculture*C-MFA objective. The goal of this thesis is to develop a
framework for ceculture®>C-MFA t hat doesnodét require
separation of cells or metabolites. Instead, the overailitare isotopic
labeling measuremengshown to represent contributefiom each
strain in the figuregare used to obtain emulture fluxes.

Therefore, the goal of this thesis is to develop aoply a novel 3C-MFA
framework for cecultures y st e ms t h a tovederpeessioroof protegsgot i r e
separation o€ells or metabolite (Figure 1.3)Rather, the aim of this work is to
elucidate metabolic fluxes imultiple organism from the overall eculture isotopic

labelingdata using traditional analytical methods sasfGGMS. Towards this goal:
1 Chapter 2introduceghe novel framework for caulture flux

analysis| demonstrate that it is possible to determine metabolic
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flux distributions in multiple species simultaneously without the
need for physical separationa#lls or proteins, or overexpression
of speciesspecific products. Instead, metabolic fluxes for each
species in a coulture are estimated directly from isotopic labeling
of total biomass obtained using conventional mass spectrometry
approaches such as G@S. The methodology is experimentally

validatedusing a ceculture of twoE. coliknockout strains.

Chapter 3 describes the reconstruction and validation of a
compartmentalizetfC-MFA network model foiS. cerevisia@nder
glucose growth condition3he retwork model was built from the
genomescale model and validatédrough COMPLETEMFA
using parallel labeling experimeygndall singly-labeled glucose
tracers. Usinghe constructedetwork model) could obtainan
acceptable fit to amino acid labelingtd generated fromil tracer
experiments individually anith parallel Thereconstructeénd
validatednetwork model ishenused in theée. colii S. cerevisiae

co-culture in chapter 4.

Chapter 4 demonstratethe applicability of theco-culture3C-
MFA framework to ar. colii S. cerevisiago-culture system. A
multi-scale ceculture flux analysis framewoik introduced by

incorporating a metabolic network model and a reactor level growth

12



model such thantracellular fluxes as well as uptake and exoret
ratescan be elucidated simultaneouslye overall ceculture

isotopic labeling informatioand the culture growth and
concentration measurements were used to iteratively fit a-micro
scale metabolic network level model and a mawale reactor

level growth model respectively. Furthermore, the contributions of
each strain to culture level concentration measurements were
deconvoluted. In this chaptérncorporatd a filter-based cell
separation technique in parallel with the flux analysis framework to

improve resolution of fluxes.

Chapter 5 further extendthe coculture’*C-MFA framework to
study a ceculture system of tw&. coliknockout straingpp @ i
oz wlnliketheE. colii S. cerevisiaeo-culture system, this eo
culture consists of twetrains with identical metabolic network
models producing the same produtismass, acetate and €O
The multiscale iterative network model introduced in Chapter 4
wasapplied to thepp § @pz wd-culture to elucidate intracellular

fluxes and excretiomates.

Chapter 6 describes the application dfet coculture**C-MFA
frameworkto a crossfeeding ceculture systemAn important

aspect of caulture systems is their ability to interact and exchange

13



metabolitesHere, lapplied the ceculture flux andysis
methodologyto study an interacting synthetic-calture consisting

of a glucose consuming wiiypeE. colistrain and a glucose non
consumingpp t s IE. cgdiggtrain. Thepp t s Istraggeliek on
acetate produced by wiiypeE. colifor cell growth In addition to
estimatingntracellular metabolic fluxes for individual strains in the
co-culture,population dynamics and acetate créessdingwere

fully characterizedin this chapter, isotope tracer selection in co

culture systems ialsobriefly discussed.

Chapter 7 summarizes and highlights the work presented in this
dissertation and itsroadersignificance. The future of eculture

13C-MFA and other opportunities are also discussed.
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Chapter 2

13C-METABOLIC FLUX ANALYSIS OF CO -CULTURES: A NOVEL
APPROACH

2.1 Introduction

Microbial communities are ubiquitous in nature and have a wide range of
industrial applications including in biodegradation of organic compo(@iisert et
al., 2003) conversion of toxic byroductgSabra et al., 2010production of biofuels
(Bagi et al., 2007)and production of mixed products from single or multiple
substrate$Bizukojc et al., 2010)Microbial communities carry out efficient bio
transformations that are the result of multiple commaetary metabolic systems
working togethefBader et al., 2010; Shong et al., 2012}s now well appreciated
that the capabilities of multnicroorganism systentannot be predicted by the sum
of their partyWintermute and Silver, 201QaRather, synergistic interactions at
different levels often result in better overall performance of these syé&aibsa et al.,
2010) Co-culture metabolic engineering promises the assembly of complementary
metabolic capabilities into functional syste(@lbert et al., 2003)where the
diversity of metabolic pathways and the ability of microorganisms to exchange
metabolites dmaatically increases the space of possible metabolic conve(&iatts
et al., 2005) This flexibility could alleviate limitations encountered in singfgecies
systems. Importantly, integration of diverse metabolic systems mayiresulte
efficient substrate utilizatio(Gabra et al., 2010inake ceculture systems robust to

environmental fluctuatiofBrenner et al., 2008and establish synergistic systems
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with other advantageous characteris(Bsenner et al., 2008; Keller and Surette,
2006; Kleerebezem and van Loosdrecht, 2007)

Current methods to gainsight into multispecies cultures include genomic,
transcriptomic, and proteomic approacfiese, 2001; Solomon et al., 2014, Tringe
and Rubin, 2005; Wang et al., 2009) T h e s &tool§ providecuseful information
abaut various aspects of a mixed culture. However, they do not provide information
about then vivo metabolic state of the cells, i.e. intracellular metabolic flu¥es.
Metabolic flux analysis!fC-MFA) is the preferred experimental approach to elucidate
detailed metabolic fluxes in biological syste(Asitoniewicz, 2015)Over the past
two decade$®C-MFA has been applied extensively to mendture systemgCrown
and Antoniewicz, 2013b)n 1¥3C-MFA, a labeling experiment is performed by
introducing aC-labeled substrate, known as the tracer, to the culture and allowing
the tracer to be metabolized by the cells. The resulting labeling patterns in metabolites
are then measured, e.g. by gas otatography/mass spectrometry (4S5)

(Antoniewicz et al., 2011, 2007@nd flux distributions are estimated by iteratively
fitting the measured data to a comprehensive model that reflects the known metabolic
pathways of the organis(ile et al., 2014; Young et al., 2008)

Until now, 2*C-MFA has been applied almost exclusively to meontiure
systems. In a few examples whéf€-MFA was applied to ceultures, it required
physical separation of either proteins or cells to resolve spgpesfic labeling data,
from which speciespecific fuxes were calculated. This was accomplished either by
direct separation of cells via centrifugation or fluoresceasssted sorting, or indirect
separation through purification of an ovepressed reporter protgiRihl et al.,

2011; Shaikh et al., 2008)here the labeling of the ovexpressed protein was used
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as a proxy for wholeell protein labeling. However, these approaches have significant
disadvantages and limitations. Importantly, incomplete separatioells or proteins
results in inaccurate flux resulfRuhl et al., 201}l Additionally, fluorescence

assisted cell sorting a rather slow separation technique, which makes it impractical
for routine use if*C-MFA, while methods based on an owexpressed reporter

protein are limited to organisms with weléveloped genetic tools. In addition, these
approaches require a la&rgample size and estimate fluxes that do not reflect native
metabolism of cells, but instead an altered metabolic state reflective of high protein
overexpression. It is therefore desirable to develop a new methodoldd@-diFA

of co-cultures that ovemes these limitations.

In this Chapter, | develoa novel framework for coulture’*C-MFA that
accomplishes these objectives. Tdpproach does not require any physical separation
of cells or protas. Instead, show that isotopic labeling of total bi@ss in a co
culture contains enough information to resolve not only spagiesific fluxes with
high precision, but also determine inggrecies metabolite exchange and population
dynamics. An important insight gained from this work is that judicioussefeof
isotopic tracers is extremely important for flux esdtion in ceculture systems. |
show that several commonly used tracersiGrMFA are not suited for flux
elucidation in cecultures; instead, other more appropriate isotopic tracers are

propaed.
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2.2 Methods

2.2.1 Materials
Media and chemicals were purchased from Sigdazich (St. Louis, MO).
[1,2-13C]glucose (99.5 atom% 13C) was purchased from Sijichdch Isotec (St.

Louis, MO). All solutions were sterilized by filtration.

2.2.2 Strain and growth conditions

Two E. coliknockout strains from the Keio Knockout Collection were used in
t hi s pgiaunddywidphepstrains were purchased from GE Life
Sciences/Dharmacon (Pittsburgh, PA). Thecatiure experiment was performed
under aerobic growth conditiomas 37°C in a mirbioreactor with a working volume
of 10 mL, as described previougl@rown et al., 2015)The twoE. coliknockout
strains were first preultured individually until midexponential growth phase in M9
minimal medium with unlabeled glucose (&b= 0.47 fo pgp and ORoo= 1.24 for
aqewi. Next, 10 mL of M9 minimal medium containing 1.6 g/L of [£3]glucose
was i nocul at ed pgipredultu@ and 15rhal od fzwfpndealtupsp
The r apgibo oofa wibiodmass was about 18:1. After 8.5 hrs ofcedture,

cells were harvested by centrifugation for subsequerMSGnalysis.

2.2.3 Analytical methods

Cell growth was monitored by measuring the optical density at 600nm
(OD600) using a spectrophotometer (Eppen&wPhotometer). The OD600 values
were converted to cell dry weight concentrations using @etermined OD60@ry
cell weight relationship for E. coli (1.0 OD600 = 0.32 gDW/L). Glucose concentration

was measured with a YSI 2700 biochemistry analyzer,(Y8low Springs, OH).
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2.2.4 Gas chromatography mass spectrometry

GC-MS analysis was performed on an Agilent 7890B GC system equipped
with a DB-5MS capillary column (30 m, 0.25 mm i.d., 0.25 ypmase thickness;
Agilent J&W Scientific), connected to an Agiles®77A Mass Spectrometer operating
under ionization by electron impact (El) at 70 eV.-@IS analysis ofert-
butyldimethylsilyl TBDMS) derivatized proteinogenic amino acids was performed as
described previouslgAntoniewicz et al., 2007)Table B.3) Labeling of glucose in
the medium was confirmday GGMS analysis of the aldonitrile pentapropionate
derivative of glucoséAntoniewicz et al., 2011 Mass isotopomer distributions were
obtained by integration and corrected for natural isotope abund@®reandez et al.,

1996)

2.2.5 Nomenclature

The theoretical aspects BC-MFA are presented here using the elementary
metabolite unit basis vectors (EMBV) as variables, see Crown and Antoniewicz for
details about EMLBYV framework(Crown and Antoniewicz, 2012)n short, an EMU
isdefined as a specific su(Adoniewicpdtal.a gi ven ¢
2007a) ard an EMUBYV is a unique way of assembling substrate EMUs to form the
measured metabolif€rown et al. 2012) A subscript notatioms usedo denote
atoms present in an EMU. For examplez/Andicates that the EMU is comprised of
atoms 2, 3, and 4 of metabolite A. The subscript notation is also used to refer to
metabolites from a specific populatiohaococulture system. For example, for & co
culture composed of species #1 and species #&isdurefers to metabolite A in

species #1. The MID is a vector that contains fractional abundances of the mass
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isotopomers of a given metabolite. A convolat{@r Cauchy product) describes the

condensation of two EMtbdesviczeenat, 200&) denot ed L

2.2.6 EMU decomposition of networks

EMU decomposition of metabolic network models was conducted using the
Metran software, which is based on the EMU framew¥ido et al., 2008)The
resulting EMU networks were decoupled into separate and smallaeswbrks using
the technique described bypung et al., (2008 and further simplified using the
technique described ntoniewicz et al., (2007)

2.2.7 Simulation of isotopic labeling data
Isotopic labeling data in the example models were simulated using the Metran
software. All of the simulated mass isotopomer distributions (MIDsprernédedin

Table B1.

2.2.8 Metabolic flux analysis

13C-MFA was performed using the Metran softwéYeo et al., 2004)which
is based on the elementary metabolite units (EMU) framie@mtoniewicz et al.,
2007h Young et al., 2008 TheE. colinetwork model used for flux calculations was
described previously by Leighty and Antoniew{teighty and Antoniewicz, 2013)
and is given inableB.4. The model includes all major metabolic pathways of central
carbon metabolism, lumpedno acid biosynthesis pathways, and a lumped reaction
for cell growth. In addition, the model accounts for the exchange of intracellular and
atmospheric Ce(Leighty and Antoniewicz, 2012and Gvalue parameters to
describe fractional labielg of amino acids. As described previougintoniewicz et

al., 2007c)the Gvalue represestthe fraction of a metabolite produced from labeled
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glucose, while 4G represents the fraction that is naturally labeled from the inoculum.
By default, one Gralue parameter was included for each measured amino acid.
Reversible reactions were modeledsaparate forward and backward fluxes. Net and
exchange fluxes were calculated as follows: = Vi-Vb; Vexch= min(«, wb). Exchange
fluxes were then scaled telD0% as follows: skch [6100%] = Vexch/ ([Vhe] + Vexch) X

100%.

For 13C-MFA of co-cultures, the model consisted of two compartments, each
representing a separate species, and an additigpatdmeter that describes the
fraction of species #1 in the-@wilture (see text for further details). Flux estimation
was repeated at least temes starting with random initial values for all fluxes to find
a global solution. At convergence, 68% and 95% confidence intervals for all fluxes
were computed for all estimated fluxes by evaluating the sensitivity of the minimized

SSR to flux variatios (Antoniewicz et al., 2006)

2.2.9 Goodnessof-fit analysis

To determine the goodnessHit, 3C-MFA fitting results were subjected to a
c?-statisticatest. In shortassuming the network model is correct and data are without
gross measurement errors, the minimized SSR is a stochastic variablewith a
distribution. The number of degrees of freedom is equal to the number of fitted
measurements minusthe number of estimated independent parametéerbe
acceptable range of SSR values is betw#enp-p) andc?.o/(a-p) , where U i s e
certain chosen threshold value, for example 0.05 for 95% confidence interval. Models
that produced SSR values abole threshold were considered statistically not

acceptable.
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2.3 Results and Dscussion

2.3.1 3C-Metabolic flux analysis in a simple ceculture system

To illustrate the approach f&iC-flux analysis of cecultures, we will first use
a simple example model to higtht the general concepts. Consider the example
network shown in Figur.1. In this system, metabolite A is the substrate and
metabolites G and GQre the products. The system is assumed to be at metabolic and
isotopic steady state. For a given valuéhef substrate uptake rate)(\vhis network
has one remaining free flux, namely the split between the two alternative pathways at
metabolite B branch point. The two pathways have different carbon rearrangements: in
the reaction from B to C gy the firstcarbon atom of B is lost as GQvhereas in the
reaction from B to D (3) the third carbon atom of B is lost as £6lux analysis is
easily accomplished for this system using traditid?@MFA, for example, when
metabolite A isC-labeled at the first carbon atom and the mass isotopomer

distribution (MID) of metabolite E, F or G is measured.
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Figure2.1: Simple example metabolic network model. Open circles défBte
atoms and filled circles denct¥C-atoms.
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Next, consider the eoulture system composed of two species shown in Figure
2.2B. Here, both species consume the same substrate A and produce metabolites G
and CQ. The two species also have the same underlying metabolic pathways and
differ only in the split ratio at metaboli# branch point, where species #1
preferentially uses the pathway from B to D, whereas species #2 preferentially uses
the pathway from B to C. The question that we would like to answer is whether it is
possible to determine metabolic fluxes for the two sseindividually using only total
biomass labeling, i.e. without physically separating the cells. The total biomass
|l abeling is the result of the proportional
labeling to the total labeling, i.e. assuming similemmass composition for both
species. For example, the total MID of metabolite G is the weighted sum of the MIDs
of G from species #1 and species #2, after each is multiplied by the respective fraction
of each species in the total cell population:
Gtotal = f1 X Gspeciestrt (1-f1) X Gspeciest2

In this equation,ifrepresents the fraction of species #1 in theuture, and
(1-f1) is the fraction of species #2. The-@ature system in Figure 2B has three
unknown parameters that must be estimated in ¢odeitly characterize it, namely
the flux split at metabolite B branch point for species #1faties#) and species #2
(v2, species#, @and the fraction of species #1 in the total cell populatignKbr
simplicity, the substrate uptake rates forthgpecies were normalized to 100.
Therefore, to fully characterize this-calture system at least three independent

measurements are needed.
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Figure2.2 Three metabolic network models with increasing l@felomplexity
used to illustrate the general contsepf13C-metabolic flux analysis of
co-cultures.
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To evaluate the feasibility of estimating speeaescific fluxes from total
biomass labeling, we simulated MIDs afi&, Fotaiand Gotal for different percentages
of species #1 and species #2 in togulture, usingf= 0, 0.25, 0.50, 0.75 and 1.

Note that the first and last data sets correspond to pure-oubtoioes of species #2

and species #1, respectively. First, we attempted to fit the simulated MID data to a
monao-culture model shown in Figuz2A. As expected, we obtained statistically
acceptable fits only for MID data generated from montures (i.e. whemf= 0 or 1)
(Figure2.3A); MIDs generated from eoultures (i.e. whem = 0.25, 0.50 or 0.75)

could not be fit to a monroulture model. The SSR values were significantly higher
thantheacceptablealueat 95% confidence level (FiguBe3A). This result suggests
that total labeling of metabolites E, F and G contain enoughnation to identify

that the data is not derived from a simple montiure systemin other words, no set

of monaculture fluxes can produce the-colture MIDs.Next, we fit the data to a €o
culture model (Figur@.2B), which consisted of two compartmgpeach compartment
representing a separate species and containing the complete set of reactions,-and an f
parameter. Using the amulture modelwe obtained statistically acceptable fits for all
data sets. As shown in Figu2&B, the true flux valuesfa2 in both species, i.e2v
species#= 20 and ¥, speciestz= 80, were estimated with narrow confidence 95% intervals.
Furthermore, the fraction of species #1 in thecaliure was also accurately estimated
with narrow confidence intervals (Figu2e3C). This result confirms that it is possible
to measure speciapecific metabolic fluxes and relative population sizes of different
species in a coulture from total biomass labeling data without physically separating

cells. To further evaluate if the rdts were sensitive to relative population sizes of the
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two species, the analysis was repeated with smaller and larger fractions of species #1
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Figure2.3 Results of*C-MFA obtained using a moreulture model (results shown
with black lines) and caulture model (results shown with blue lines).
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The input for'3C-MFA were simulated MIDs of &al, Fota, and Gotal
assuming the fluxes shown in Fig@2B, and assumingnetabolite A
was labeled at the first carbon atom. Thecatiure model produced

statistically acceptable fits of all data sets. The estimated fluxes matched

perfectly with the true flux values for both species.

2.3.2 Theoretical aspects of3C-metabolic flux analysis of cocultures

In the previous section, we demonstrated the feasibility of perfortiiig

MFA in a cceculture system using total labeling data of metabolites E, F and G

together. We also evaluated the feasibility of performi#@gMFA in a coculture

system using total labeling data of metabolites E, F and G individually. When flux
analysis was repeated using only MID @fid; we obtained statistically acceptable fits
using both the monoulture model and the erulture model (Figur@.4). Thisresult
suggests that metabolite E does not have enough isotopic information to resolve the

fluxes in the two species. We also found that the estimated fimxte moneculture
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model corresponded to the populatererage flux, i.e. the estimated flux v
decreased with increasing fractian(fFigure2.4). In contrast, when using MID of
Fiota, ONly the ceculture model produced a statistically acceptable fit of the data.
However, when inspecting the 95% confidence intervals of the estimated fluxes we
noted that fluxes ¥ speciest V2,speciestz @nd 1 could not be determined independently,
resulting in very wide 95% confidence intervals (Fig#®. This result suggests that
although metabolite F does contain enough information to detect that the MID dat
was not derived from a morrulture system, it does not contain enough information
to estimate the three unknown fluxes independently. Finally, we fit the MIGyaf G
In this case, all three fluxes in the-colture model could be determined accusatel
and precisely (Figurg4).

To explain these results, we expressed each measured metabolite in the

network as a linear combination of EMBVs (Crown and Antoniewicz, 2012)
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Wh e r 165 (Vo/V)speciess 2 2V2/V1)species#2T he above equations indicate that

in the coculture model, metabolites E, F and G have 2, 3 and 4BM&)
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respectively. As described previously in Crown and Antonie\@cawn and
Antoniewicz, 2012)in order to estimate independent unknown fluxes in a network
model at least+1 independent EMiBVs are needed. Thus, in this system with three
unknown fluxes at least four independent EXBMs are needed. Therefore, only
metabolite G has enough EMBVs to make the model observable, i.e. assuming the
EMU-BVs are in@pendent for an appropriate choice of substrate labeling. This
example illustrates the utility of analyzing the number of independent-BM$)

which can inform how many independent fluxes can be estimated in theory. This is
especially important when moreiXes are added to the model, for example, inter

species metabolite exchange fluxes as is described in the next section.
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Figure2.4 Results of*C-MFA obtained using a moreulture model (results shown
with black lines) and caulture model (results shownthiblue lines).
The input for'3C-MFA was the simulated MID of & (left column),
Fotal (Middle column), or Gta (right column), assuming the fluxes shown
in Figure 2B, and assuming metabolite A was labeled at the first carbon
atom.
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2.3.3 13C-Metabolic flux analysis in a ceculture with inter -species metabolite
exchange

A key characteristic of many microbial communities is kjeecies metabolite
exchange, where one species produces a product that is then taken up and metabolized
by other species in theommunity. It would be highly desirable to have a method that
can detect the presence of irsprecies metabolite exchange and accurately and
precisely determine these fluxes. To evaluate the feasibility of determining inter
species fluxes from total biossilabeling, we extended the-calture model to
include interspecies exchange of metabolite F (FIgR&C), where species #1
secretes metabolite F that is then taken up and further metabolized by species #2. We
simulated total isotopic labeling of E dfd G for this extended model for different
percentages of species #1 and species #2 in theltoe and assuming an inter
species metabolite flux of 15. The MID data was then fit, first using a +ooltare
model (Figure2.2A), then using a coulture nodel without metabolite exchange
(Figure2.2B), and finally using a coulture model with metabolite exchange (Figure
2.2C). The first two models did not produce statistically acceptable fits. The SSR
values were significantly higher than acceptable at 95% confidence level (Figure
2.5A). This suggests that the MID data in this system contains enough information to
statisti@ally detect inteispecies metabolite exchangein otherwords there are no set
of fluxes in the ceculture model that can explain the MID ddtksing the ceculture
model shown in Figur2.2C, we obtained statistically acceptable fits of all data. As
shown in Figure2 .5, the true values of the four unknown fluxes, i£spdciest1 Vo,
species#2 Vexchange aNd 1 were estimated with high precision. This result confirms that it

is indeed possible to determine not only spespcific metabolic fluxeand relative
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population sizes in coultures, but also intespecies metabolite exchange without

physically separating cells.
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Figure2.5: Results of*C-MFA obtained using a moreulture model (results shown
with black lines), a caeulture model (results shawwith blue lines), and
a caculture model with metabolite exchange flux (results shown with
green lines). The input fd?C-MFA were the simulated MIDs ofidz,
Frotal, and Gotal, assuming the fluxes shown in Fig@2C, and assuming
metabolite A wasabeled at the first carbon atom. Only thectidture
model with interspecies exchange of metabolite F produced statistically
acceptable fits. The estimated metabolic fluxes matched perfectly with
the true flux values.

2.3.4 '¥C-Metabolic flux analysis in a sinulated co-culture of two E. coli strains
Thus far, we have demonstrated the feasibility of perforfi@gVFA in

simple coculture systems. Next, we extend our analysis to a realistically Bized

coli/E.coli co-culture system. Consider the-colture of o E. colispecies grown on

glucose as the only carbon source, where each species has a distinct metabolic

phenotypeE. colispecies #1 predominantly uses glycolysis to metabolize glucose,

wherea<. colispecies #2 predominantly relies on the oxidateetpse phosphate

pathway (oxPPP). The normalized oxPPP flux for species #1 is 5 (i.e. normalized to
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glucose uptake of 100), and the normalized oxPPP flux for species #2 is 95. We
simulated total biomass amino acid labeling data typically measured 9 S3Gr
13C-flux analysis(Au et al., 2014Jor this ceculture for different percentages of
species #1 and species #2, and for four different isotopic tracef€]flucose, [1,2
13CJglucose, 20%U-3C]glucose, and a mixture of 75%-fiC]glucose + 25% [U
13CJglucose. For simplicity, we assumed identical biomass composition for tHe. two
coli species. In practice, this assumption can be easily validated using the methods
described by Long and Amtiewicz(Long and Antoniewicz, 2014)

The simulated MID data was then analyzed, first using a reatiare model
and then a caulture model. The results are summarized in FigueFor the tracers
20% [U-13C]glucose and 75% [¥C]glucose + 25% [t}°C]glucose, the monoulture
model produced statistically acceptable fits of all simulated data, thus suggesting that
these two tracers are not appropriate for flux studies-stitares. When inspecting
the estimated fluxes, we obsed that for 20% [*C]glucose only upper and lower
bounds could be determined for the oxPPP flux, while for 75%lglucose + 25%
[U-13C]glucose the estimated oxPPP flux corresponded to the poptidatinage
oxPPP flux, i.e. the estimated oxPPP ftlecreased with increasing fractiar(Figure

26).
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Figure2.6: Results of-3C-MFA for a simulatedE. coli/E. colico-culture, obtained
using a moneulture model (results shown with black lines) and-a co
culture model (results shown with blue lines). Thauirfor 3C-MFA
consisted of simulated MIDs of total biomass amino acids. Four different
choices of glucose labeling were evaluated. Overall;'fCRylucose
was the best tracer f&iC-flux analysis of theéE. coli/E. colico-culture.

In contrast, for thether two tracers, [13C]glucose and [1;2°C]glucose, the
monao-culture model did not produce statistically acceptable fits of the data. To obtain
statistically acceptable fits it was necessary to use toeilbare model. For both
tracers, the estimatekPPP fluxes of the twh. colispecies matched well with the

true values, i.e.prp, speciestT 5 and ¥xppp,species#= 95. In addition, the estimated
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fraction it matched well with the true fraction Bf colispecies #1 in the eculture.
Overall, [1,2*3C]glucose produced more precise flux results thatig]glucose; thus,
we concluded that [1;%C]glucose is a better tracer choice R#€-MFA studies ofE.

coli co-cultures.

2.3.5 '¥C-Metabolic flux analysis ina co-culture of two E. coli knockout strains

In this sectionwe extend our analysis to a-calture system of tw&. coli
knockout strains in order to demonstrate the accuracy and feasibility of our
methodology using experimental data. Specifically, westigated the coulture of
gpgi( knockout of up pw(knockoutpfoadatiyespenso3e and @
phosphate pathway). The tio coliknockout strains were pi&iltured individually
on unlabeled glucose. Next, acolture was inoculated and cellese grown in the
presence of [1;2%C]glucose, the tracer that was found to be optimal in the previous
section. During mieexponential growth phase of the-calture, a biomass sample was
collected and labeling of total biomass amino acids was measungd@GiMS. The
labeling data was then analyzed, first using a mariture modebnd then a co
culture model. Theo-culture model consisted of two identical compartmentalized
coli models, each containing the complete set of reactions of the-codtnoemodel,
and arf, parameter that estimates the fraction of species #1 in tbelcoe
(procedure summarized in Figure B.1)

The flux analysis results are summarized in Figure The moneculture
model did not yield a statistically acceptable fit of tla¢a. The SSR value of 1161
was much higher than the threshold value of 152 at 95% confidence level (Figure
2.7A). In contrast, the coulture model produced an acceptable fit with an SSR value

of 95, which was below the threshold value of 133 at 95%ademée level. The
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estimatedpgi andzwffluxes for the two strains matched well with the expected values
for these two organisms (Figu2erB). Thepgi flux of species #1, normalized to a
glucose uptake flux of 100, was estimated to be 5 £ 4 (i.e. tthis Qi strain)
while thezwfflux of species #2 was estimated to be 1 + 1 (i.e. this igldstrain).
The estimated fraction of species #1 in thecatture was 17% + 2%. The small
fraction of theqpgi strain inthe coeculture was expected, givénh azwfhagpa
significantly higher growth rate (0.59% t Ipgi(0.18dp) in monoculture.

To our knowledge, this is the first time that spedpscific intracellular
metabolic fluxes have been estimated accurately and precisely{oudtwe wihout
separation of cells or proteins. These results demonstrate the utility of our

methodology and pave the way for future studies efidtures.
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Figure2.7. Results of-3C-MFA for the coculture system of twé&. coliknockouts
( pwia n dzwhopultured or{1,2-1*C]glucose. (A) Minimized SSR values
for best fits obtained using a menoalture model and coulture model,
along with threshold SSR values at 95% confidence level. (B) Estimated
speciesspecific metabolic fluxes fdE. colis p e ¢ | egi) ad Jpeciesp
# 2 zwipoobtained using the exulture model.

36



2.4 Conclusion

13C-Metabolic flux analysis is an important tool in metabolic engineering.
Although moneculture**C-MFA has been applied extensively over the past two
decades, to our knowledge, there hiagen only a handful of studies attempting to
conduct ceculture’®>C-MFA. In this work, we present a novel framework for
performing*3C-MFA of co-cultures that offers significant advantages over previous
approaches. In previous approaches, genetic engigesrstrains was necessary and
physical separation of cells or proteins was also required to measure Sjpeciés
isotopic labeling. In our approach these requirements are eliminated. Instead, in our
approach total biomass labeling is used for fllwciglation. This not only simplifies
experimental and analytical procedures foicatiure flux analysis, but also improves
accuracy, and allows flux elucidation in systems where physical separation of cells or
proteins is difficult, e.g. in coultures wiere cells have similar physical and/or
proteome characteristics. In addition to quantifying spespesific metabolic fluxes,
our approach estimates relative population sizes of the species inrdhkure and
inter-species metabolite exchange. As sutcbnables detailed studies of microbial
communities including species dynamics and interactions between community
membergAntoniewicz, 2013)

Recently, Ghosh et al. proposed an alternative, peptided methodology for
co-culture®®C-MFA (Ghosh et al., 2014)nstead of relying on aminoiddabeling, it
was proposed thatC-labeling data of speciespecific peptides could be used to
deconvolute fluxes of individual species in aadture. The advantage of this
approach would be that, in theory, it could be applied to complexitareswith a
large number of species, i.e. assuming it is possible to identify and detect-species

specific peptides. A notable disadvantage is, however, that because peptides contain
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inherently less flux information than amino acids, a large number of syspeiesc
peptides is needed for this methodology, up to 30 peptides per microbial species
(Ghosh et al., 20)4Another disadvantage is that the methodology cannot be applied
to cocultures containing closely relategexies. For example, this methodology could
not be applied to determine speeggecific fluxes in thé&. coli/E. colico-culture
described in this work, given that bdEh coli strains would produce the same

peptides.

Taken together, the new methodology ¢o-culture*3C-MFA developed here
greatly extends the scope’d€-MFA to include a large number of muttellular
systems, which are of significant importance in biotechnology, medicine, and other
fields (ROling et al., 2010)As a proofof-concept, we havenalyzed a caulture of
two distinctE. colispecies and, for the first time, successfully estimated accurate
metabolic fluxes in multiple speci€Bhe expansion of this framework anabdysis of

other ceculture systems studied will be reportedhe folowing Chapters.

2.5 Permission

Adapted with permission froiBebreselassie, N.A., Antoniewicz, M.R., 2015.
13C-Metabolic flux analysis of coultures: A novel appach. Metab. Eng. 31, 182
1309.
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Chapter 3

COMPLETE 3C-METABOLIC FLUX ANALYSIS OF SACCHAROMYCES
CEREVISIAE

3.1 Introduction

Saccharomyces cerevisisearguably one of the most well studied eukaryotic
organisms. In fact$. cerevisiadas been used as a model organism to study the
physiology and metabolism of complex organisms such as human cells#folede
(Mager and Winderickx, 2005; Nielsen and Jewett, 2088}he first sequenced
eukaryotic organisp. cerevisiadas played a prominent role in various
physiological studies of eukaryotic cefSoffeau, 1997)S. cerevisiaés also widely
used as a cell factofgr product synthesis biotechnologyespecially inthe food and
beveragendustry as well s.in the pharmaceutical indus{orodina and Nielsen,
2014; Buijs et al., 2015; B. Chen et al., 2015; de Jong et al., 2014, Jin et al., 2015;
Kocharin et al., 2013; Salvado et al., 2Q18)is unique role aa model organism and
productionplatform has brought about high interestinderstanithg S. cerevisiae
metabolism ands underlying physiological stature.

In the past, multiple tools have been used to gain insight into the network
structure pathwayconnectivity,andunderlying mechanism @&. cerevisiae
metabolism. Fluxomics, the quantificationinfvivo metabolic fluxes in cellular
pathways is an important aspect of physiological studi&s oérevisiae-C-
metabolic flux analysis'{C-MFA) is apowerful experimental tool used to elucidate

metabolic fluxes in microorganisms. Multiple studies have utiliZ€dVIFA to study
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S. cerevisiaenetabolicphysiology in the pagiTable 3.1)Blank et al, 2005; Celton

et al., 2012; Christen and Sauer, 2011; Dos Santos et al., 2003; Fendt and Sauer, 2010;
Feng and Zhao, 2013; Gombert et al., 2001; Jouhten et al., 2008; Moxley et al., 2009;
Papini et al., 2012; Raghevendran et al., 2004; Wasylenko antb8tgmulos, 2014,

Zelle et al., 2008; Zhang et al., 200B) 13C-MFA, the microorganism is cultured in

the presence of an isotopically labeled substraehetracer. The resulting labeling
distributiors in metabolitesaremeasuredd.g.using masspectroscopyechniques

such as GEMS) and fittedto the metabolicnetwork modebf the organismAccurate
representation of the network model is a crit@sppecbf :*C-MFA. An unbiased

starting point for3C-MFA network model reconstruction is the gem®scale model

which can then beurated withpublished studies of the biochemistry and network
structure of pathways in the organisnmeTlgenome scale modelsichiometric

model that encompasses all teactions coded by tlieenomeneeds to be simibiled

to the core network model for flux analysis studies. Based orat@tidssumptions,

the genome scale model déwusbe simplified toa smaller network model appropriate

for 13C-MFA studies. The constructed metabolic network model can then be
elucidated using®C-labeling experiments. Through statistical analysis;MFA can

be used to validate the network modetivalidatesome of theassumptioamade

duringthe construction of theetwork model.
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Table3.1: Representative sample of previdd8-MFA studieson S. cerevisiae
Growth condition
Publication Parental Stain Reactor Aeration
Gombert et al. 2001 CEN.PK1137D Continuous | Aerobic
Dos Santos et al. 2003 | CEN.PK1137D Chemostat | Aerobic
Zhang et al. 2003 IFO 2347 Chemostat | Aerobic
CEN.PK1137D,
CEN.PK 514.2B, T475, .
Raghevendar et al. 2004 T468, CEN.PK.51BA. Batch Anaerobic
CEN.PK.5206B
Blank et al. 2005 CEN.PK1127D Batch "Aerobic"
oxygen
Zelle et al. 2008 CEN.PK1137D Batch limited
Jouhten et al. 2008 CEN.PK1131A Chemostat | Aerobic
Moxley et al. 2009 $288C MAT,A gg&?osm Aerobic
Fendt et al. 2010 FY4 Batch Aerobic
Christen et al. 2011 FYF Matawt Batch Aerobic
Celton et al. 20012 59A Batch Aerobic
Papini et al. 2012 CEN.PK1137D Chemostat | Aerobic
CF1, CF3, CF9, CS1, Oxygen
Feng et al. 2013 CS5, CS10 Batch limited
Wasylenko et al. 2014 | H131-A3-AL Batch Aerobic and
Anaerobic

Thenetwork modebf central carbon metabolic pathveay the foundation of
13C-MFA studies Thesepathway of S. cerevisia@areamongst the most well
understood in eukaryotic organisiiNissen et al., 1997Moreover, nultiple
iteratiors of genome scale modsdhave been published since the flsstcerevisiae
genome scale modelas publishedanore than a decade affédrsteret al., 2003)

Despite these extensive studiesSoterevisiaenetabolism and multiple iterations of
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genome scale network modekonstructionsto our knowledge, a validated and
comprehensivé’C-MFA network model foiS. cerevisiaés still lacking. MostS.
cerevisiae*C-MFA studiespublished since the works by Maaheimo etab
Gombert et alin 2001, are neithezonsistent andomplete (present a complete central
metabolic and amino acid biosynthesis pathway) nor extensivisiatexd (Table C1
summarizes the previously published moydls addition, the compartmentalization
of metabolic pathways i8. cerevisiaentroduces a lagr of network complexity and
additionalsource of inconsistendyetweerpreviouspublishednetworkmodels,
resulting inambiguoudabelingdatainterpretatios. Therefore, there is@dearneed
for a comprehensive and validaté@-MFA network model to guide consistency for
future labeling studies i8. cerevisiae

In this work, we address these chatjes by reconstructing and validating a
compartmentalize#C-MFA network model foiS. cerevisia@nder glucose growth
conditions. Theeconstructeshetwork model was validated through COMPLETE
MFA using parallel labeling experimestf all singly labeled ducose tracerf_eighty
and Antoniewicz, 2013)Jsingthis validatechetwok model, we were able to get a
statisticallyacceptable fibf proteanogenicamino acid labeling daigenerated from

thesix singlylabeled glucose tracer experimeg individually and together.
3.2 Methods

3.2.1 Strain and growth conditions
TheS. cerevisia€EN.PK1337D was obtained from Dr. Peter Kotter
(University of Frankfurt, Germany). The tracer experiments were performed in mini

bioreactors with a working volume offBL at 30°C and YNB minimal medium. The
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initial ODeoo Was about 0.01 and cellseve harvested through cefagation for
further GC-MS analysisat an ORooof 1.5. The initial glucose concentration was 40
mM. Cells were culture under fully aerobic conditiith an airflow of 11 mL/mirio

each minibioreactor.

3.2.2 Analytical methods
Cell growth was monitored by measuring the optical density at 600 nvdOD
using spectrophotometer (Eppendorf BioPhotome®@cose concentration was

measured with a YSI 2700 biochemistry analyzer (YSI, Yellow Springs, OH).

3.2.3 EMU decomposition of networks

EMU decomposition of metabolic network models was conducted using the
Metran software, which is based on EMU framew@f&o et al., 2008)The resulting
EMU networks were decoupled into separate and smallenstnnrks using the
technique decribed by(Young et al., 2008)and further simplified using the technique

described byAntoniewicz et al., 2007a)

3.2.4 13C-Metabolic flux analysis

13C-MFA was performed using the Metran softwéYeo et al., 2008)which
is based on the elementary metabolite units (EMU) frame(ortoniewicz et al.,
2007b; Young et al2008) TheS. cerevisiaenodel reconstruction is describedtle
textand is mainly a simplified version of the genome scale m@fkrlund et al.,
2012) The model includes compartmentalized central carbon metabolic pathway
lumped amino acid biosynthesis pathways, and a lumped cell growth (biomass)
reaction. Inaddition the model accounts for the exchange of intracellular and

atmospheric CeXLeighty and Antoniewicz, 2012and Gvalue parameters to
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describehefractional labeling of amino acids. As described previo@ahtoniewicz

et al., 2007¢)the Gvalue represents the fraction of a metabolite produced from

labeled glucose, while-15 represents thigaction that isunlabeled from the

inoculum. By default, one @alueparameter was included for each measured amino
acid. Reversible reactions were modeled as separate forward and backward fluxes. Net
and exchange fluxes were calculatedoi®WS: Vnet = Vi-Vb; Vexch = MiN(W, V).

Exchange fluxes were then scaled tb0D% as follows: sch [06100%] = Vexch/ ([Vned +

Vexch) X 100%.

Flux estimation was repeated at least ten times starting with random initial
values for all fluxes to fina global solution. We required that the same solution was
found at least three times starting with random initial values before the solution was
declared a global solution. At convergence, 68% and 95% confidence intervals for all
fluxes were computed f@ll estimated fluxes by evaluating the sensitivity of the

minimized SSR to flux variation@&ntoniewicz et al., 2006)

3.2.5 Goodnessof-fit analysis
To determine the goodneséfit, 3C-MFA fitting results were subjected to a
c?-statistical test. In shqrassuming the network model is correct and data are without
gross measurement errors, the minimized SSR is a stochastic variablewith a
distribution. The number of degrees of freedom is equal to the number of fitted
measurements minus the number of estimated independent parametéise
acceptable range of SSR values is betw#enp-p) andc?.o/(a-p) , where U i s e
certain chosen threshold value, for example 0.05 for 95% confidence interval. Models
that produced SSR values above the threshold were considered statistically not

acceptable.
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3.3 Results

3.3.1 Network model constructionfor 13C-MFA

The*C-MFA network model ofS. cerevisiaés constructed by using the
genome scale model as the starting point. The network model is then curated using
published biochemical reaction data and other labeling studies. The genome scale
model is reduced to a simplified modst i) lumping parallel reactions or reactions
catalyzed by isoenzymes, ii) combining mugiiep norbifurcated lineapathwaysnto
one step reactig@mnd iii) combining biomass producing reactions into one reaction
that draws precursor metabolites fréme central carbon metabolig@amboni et al.,
2009) Thus, he completé*C-MFA network model includeall central carbon
metabolic pathwag/ lumpedamino acid biosynthesis pathwagsdalumped growth

(biomass) reaction.

3.3.2 Central carbon metabolic pathwaycompartmentation

The central metabolic pathwagf S.cerevisiaearecomprised of the
glycolytic pathway, the pentose phosphate pathway, the TCA cycle, the glyoxylate
shunt, and gluconeogerreactions The biochemistry and atom transitifam
reactions in these pathways have been well studied and docurimeteeitbooks
Unlike bacterial systems, eukaryotic organisms $keerevisiaghave subcellular
organelles thatesults incompartmentalization of metabolic pathways. The
compartmentalization of metabolic pathwagysan importantole for the
organizdion of cellular metabolisnfZecchin et al., 2015)t enables for temporal and
spatial control of cellular environment, containment of toxic intermediates, and spatial
separation of offsetting metabolic activity (i.e. futile cycles) and differential regulation

of certain metabolic activitig@ntonenkov et a).2010; Avalos et al., 2013; van
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Roermund et al., 2004Compartrentalization of metabolic activitigherefore plays
an important role in cellular function.

However, compartmentalization of metabolic reactions bratgaitchallenges
in the study andraalysis of metabolic network structure and activity. Despite various
studies on subcellular location of pathwayslreactions irS. cerevisiagthe location
of certain enzyme activitiee&mainsunclear. For example, it has been shown that
malate synthaseould be located in either/both the cytosol and peroxid@hen et
al., 2012; Kunze et al., 2002)he compartmentalization of metabolic reactions has
resulted innconsistencies imodelingassumptionandhencenterpretation of
labeling data in previous studié¥hile some studies take into account the
compartmentalization of pathways, others lump pathways that exists in different
compartments in to on&hang et al., 2003Analysis ofcompartmentalized metabolic
activity through lumped reactiosuld lead to a misleadingtarpretation of the
actual metabolic state. Other studies have fabattompartmentalization of
metabolitess essential for fitting the labeling dat@ombert et al., 2001Moreover
in 13C-MFA, the compartmentalization of metabolites is only meaningful when inter
compartmental metabolite exchange is accurately depicted, and when amino acid
biosynthetic pathway precursors come from the right compartments. During flux
analysiscompartmentalization of a network model introduces new free fluxes without
new measurements. Neverthelesscemost metabolites and reducing equivalatds
not freely crossntracellularmembrang accounting fothe cost of transmembrane
transport in te model could introducgubstantiatonstraing in theanalysis of

compartmentalized network model
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The presence of cellular compartieesiong with restricted transport of
metbolites between organellessulsin different pools of metabolites. These
separatemetabolitepools are important to account far'3C-MFA. For instance, the
TCA cycle is a mitochondrial pathway while the glyoxylate shunt is localized in the
peroxisome and cytoplasm. For a given tracer, the labeliagradtabolite that
participatesn the TCA cycle and glyoxylate shunt will be differeshiie todifferernces
in atom transitiorbetween the two pathwaySince these two pathways are localized
in different compartmentslepending on its location, a metabolite thahiboth he
TCA cycle and glyoxylate shunt will have different labelimferefore, weaccounted
in our modefor the compartmentalization of reactionluding
compartmentalization of amino acid biosynthetic pathways

While accounting for the compartmentaliznatiof pathways are important, all
reactions in every organelle inside the cell cannot be acedfartin a *C-MFA
model. In some circumstances, the labeling data &di6-MFA study cannot resolve
fluxes in all cellular compartments. Therefore, justiflaassumptions need to be made
to simplify the network model to only account for compartments that are important in
order to capture thmetabolic activity othe organism. For instance, multiple studies
have showed th&. cerevisiaesultured in minimamedium without carnitine
supplementcannot transport AcCoA across subcellular organéléen et al., 2012;
van Roermund et al., 199%dditionally, it has been reported that the glyoxylate
shunt is inactive under glucose growth conditions. Without any fiajothrough the
peroxisomal compartment (either through AcCoA or glyoxylate shtfaBMFA
labeling data would not be able to resolve peroxisomal fluxes. Therefore, we decided

to lump the reactions in the peroxisomal compartment with the reactions in the
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cytoplasmic compartment. This assumption will only be valid wBiecerevisiaes
cultured in aerobic batatultureand high glucose condition where the glyoxylate

shunt is known to beepressed

3.3.2.1 Inter-compartmental metabolite transport

As discusseckarier, an important constrain in compartmentaliZ&MFA is
the lack of free metabolite transport between compartments. The trainspdatk
thereofi of metabolites across the mitochondrial membrane hastbedacus of
many investigationgPalmieri et al., 2006)lransportacross membranesaarried out
by a specific family of proteins in an antiport or symport manner, requiring the co
transport of other metabolites. For instance, the transport of stecaimé malate
across the mitochondrial membrane is carried ouhégicarboxylate carrier (DIC) in
exchange for inorganic phosphate. The transfer of the phosphate back to the
mitochondrial matrix requires the ¢@nsport of a proton at the expense ef photon
motive force. This process is assumed to be irreversible since the reverse transport of
succinate and malate out of the mitochoridriatrix would result in the net transfer of
aproton against the membrapmtongradient, i.e. generatirenergy would béighly
unlikely (Palmieri et al., 2006, 1999b)

In addition, using the sameasoningtransport of oxaloacetate and glutamate
are both considered irreversible in the network model since it results in the net co
transport of a proton at the expense of the proton eédirce(Cavero et al., 2003,
Fiermonte et al., 2002; Maaheimo et al., 2001; Palmieri et al.,, 2Q@®a) Similarly,
the glutamate/aspartate shuttle is modeled as irreversible transport since it transports

negatively charged mitochondrial aspartate for cytosolic glutamate resulting in the net
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transfer of H into the mitochondrial matrix at the expse of the proton motive force
(Cavero et al., 2003; Palmieri et al., 2006)

In addition to the transporters mentioradabve, our model also includes an
irreversible pyruvate tr arkestqglotardatedmmalate,r ever si
succinat e/ f umeaetoglutargte stautiles asonelltizs/aasible acktate,
acetaldehyde, and ethanol transportelerzig et al., 2012; Osterlund et al., 2013;
Palmieri et al., 2006 Moreover, the malate/citrate shuttle was omitted from the
network model. The gene YBR291C which is ass@yto malate/citrate shuttle in the
genome scale modeligentified asa citrate transporter. Although homology suggests
that this transporter could also be a malate/citrate shuttle as previously observed in
mammalian cells, there is no experimental ewadefor the presence of malate/citrate

transporter ir. cerevisiagKaplan et al., 1995; Osterlund et al., 2013)

3.3.2.2 Reaction reversibility and reaction localization

Despite numerous studiesgardingthelocalization of enzyme we lack a
complete understanding on the location and reversibility of all enzymes in central
carbon metabolic pathwayTherefore, we have made assumptions as to how we
model the existence and reversibility of some enzym&s aeevisiaeunder glucose
growth. For examplegluconeogenesis enzymeuch as PEP carboxylase were
excluded from the our model since proteomic and transcriptomic data reported in the
past shows that tseenzyme areunexpressed/inactive under growth on gka(De
JongGubbels et al., 1995; Gancedo and Schwerzmann, 1976; Kolkman et al., 2005;
Proft et al., 1995)Additionally, the citrate aconitase enzyme responsible for the
conversion of citrate to isocitrateassumed to be localized only in the mitochondria.

This enzyme is encoded by a single nuclear gene ACOL1, and no isoenzyme has been
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identified yet(Gangloff et al., 1990)Thereforeit is assumed that the single nuclear
gene will only have a tag to localize the enzyimene organelle.

As mentioned earlier, compartmentalization of cellular activity not only results
in different pools of metabolites, but would also require balancing of reducing
equivalents/cofactors sues NAD'/NADH and NADP/NAHD in all compartments
due to the lack of mechanisrws transportof cofactors across membrandhese
reducing equivalents have been shown to indirectly transport across the mitochondrial
membrane by coupling with otheretabolite transport shuttles. For example, the
malateaspartate made up of glutamatspartate and malatéketoglutarate
transportersesulsin the net exchange of cytosolic NADH for mitochondrial NAD
However, not all NAD/NADP* dependent reversibleactionscanserve as
transportes of reducing equivalents. Knockouts of major cytosolic NADPH synthesis
pathways such as the oxidative pentose phosphate pathway, $pBd#ic cytosolic
isocitrate dehydrogenase, or acetaldehyde dehydrogenase gav@rasethodefects
as a result of lower levels of cytosolic NADPH. In the meantime, the level of
mitochondrial NADP/NADPH ratio remained the sanj€astegna et al., 2010;
Grabowska and Chelstowska, 2003; Minard and McAlisienn, 2005, 2001)This
suggestshat theNADP*/NADPH ratios in different compartments deggely
independentandthat it isbalanced withireachcompartmentThis suggests that the
reversibility of NADP specific reactions that happen in both the cytosol and
mi tochondria donét play a role in balancir
the membrae. In our modelwe modeled both cytosolic and mitochondrial NADP

specific acetaldehyde and isocitrate dehydrogenases as irrevezatilens
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It is important to note that some of the assumptions discussed in constructing
the networkmodelare only vald for S. cerevisiagrownon glucoseFor instance lte
13C-MFA networkmodelwould be different forS. cerevisiagrowth on C2carbon
sources such as acetate. In such a case, the glycoxylatevstulshbecomethe
prominent pathway and it would be impart&o account for peroxisomal
compartmentalizatiori-or exampleduring growth oracetateAcCoA is synthesized
in the cytosol and peroxisome from acetate, while it is synthesized from pyruvate in
the mitochondria. Under such growth, since the AcGkling from acetate would
be different fom that of pyruvate for certaacetate traceyr AcCCoA will have
different isotopic labelingn different compartments, in which case peroxisomal
compartmenwould be necessany include in the modeA summary éthe major
assumptions made while constructing $heerevisiaé*C-MFA network modefor

glucose growth is listed in TableZ

3.3.3 Amino acid biosynthetic pathway and biomass composition

Similar to the central carbon metabolic pathgydlye amino acid bisynthetic
pathways of S. cerevisiaarewell studial. Thelumpedamino acid biosynthetic
pathway wereconstructed based on the genome scale nmregelted byOsterlund
et al., 2013) The compartmental locations of precursors for the amino acid
biosynthesis were carefully represented in thevodt model to accuratelgccount for
potential differences among the different metabgldels.

The lumped biomass formation reaction viiaally constructed based on
previously reported biomass compositiorSofcerevisiaeT he total protein, lipid
carbohydrate, and RNéontent ofbiomass was taken from Gombert et al. 2003, while

the amino acid and fatty acid makeup of proteins and lipids in bioweresaken
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from Forster et al 3003 and Hunter et al. 1972, respecti#éhgter et al., 2003;

Hunter and Rose, 1972; Raghevendran et al., 2004)

3.3.4 13C-tracer experiment and metabolic flux analysis

After the construction of thEC-MFA network mode(Table C3), tracer
experimers wereconducted using all singly labeled glucose tracers. The average
carbon labeling of biomass amino acid fragments is plotted forfesginent and
tracer to better understand the structure of the netmodeland flow of carborirom
glucose taamino acidsSinceglucose is the only carbon source, the sum of the
average carbon labelirigr each fragment from the six tracers is expected teQ8&6
(i.e.the isotopic purity of the tracers). However, the sum for some fragments such as
Thr-376 was as low as 96@kigure 3.1) This 3% carbon dilution was previously
explained by incorporation of unlabelatinospheric€O, from the inlet gas to central

carbon metabolic pathwayl eighty and Antoniewicz, 2012)
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Figure3.1: Average'3C-labeling of amino acslfor [1-1°C]gluc, [2-'3C]gluc, [3-
13Clgluc, [4-13C]gluc, [5-13C]gluc, and [61°C]gluc tracer experimentsn
S. cerevisiaén minimal medium

Table3.2: SSR results for flux fits. The minimized SSR results along with the 95%
acceptable fit limit for all tracer experiments is shown above

Glucose

Tracer [1-13C] [2-13C] [3-13C] [4-%C] [5-*C] [6-%C]
SSR 22.1 25.0 24.1 53.2 451 35.6
Acceptable

SSR 84.6 78.5 75.9 829 76.8 77.7
Glucose 13 COMPLETE

Tracer 12 Cl MFA

SSR 78.4 308.5

Ac‘gegg‘b'e 75.1 635.2
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13C-MFA was performed for seven tracer experiments, i.e. all six singly
labeled glucose tracers and [F*Z]glucosetracer experiment, individually aria
parallel(COMPLETEMFA) (Leighty and Antoniewicz, 2013Yhe minimized SSR
values for all the experiments were below the statistically acceptable threshold (Table
3.2). To our knowledge this is the firsine multple set of data sets were incorporated
to successfully perform compartmentaliZé@d-MFA for S. cerevisiaeThe flux results
for theparallel fits areshownin Table C.4The flux distribution results for the pésd
fits show a high glycolyti¢lux compared to the oxidative pentose phosphate pathway
flux, and nost of the glycolytic flux is routed to ethanol productidrhere was no
significant flux through the glyoxylate shunt and the TCA cy€lgure3.2). These
results areonsistent wittpreviously obtained fluxes whe& cerevisiagvas shown
to exhibits agespirofermentativ@henotype that results in the productioraof
fermentative product (ethanol) under aerobic, glucose excess con{liimmsten and
Sauer, 2011; Jouhten et al., 2008)addition it is important to note that

mitochondrial tansport fluxes were estimated witarrowconfidence intervals.
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Figure3.2. Metabolic flux distribution of5. cerevisiadatch growth under aerobic

conditions.
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3.4 Conclusion

Despite numerous studie§metabolisnof S. cerevisia¢hrough flux analysis,
a reliable and validatet’'C-MFA network model was still lacking. To guide
consistency and accuracy of labeling data analysiS.foerevisiadlux analysis
studies, in this work we validateccomprehensivé’C-MFA network model. All
assumptions made during the construction of network model are supported by
literaturedata The final model was validated with COMPE-MEFA. A statistically
acceptable fit was obtained for all the individual and parallel traceriengr@s. This
validated model will be galuabletool for future3C-MFA studies ofS. cerevisiae.
The network model constructed in tiisapter wasised foranalysis of ark. colii S.

cerevisiaeco-culture system presented in the n€kiapter

3.5 Author Contributions
The parallel labeling experimenwereconducted by Vince Lazor, a former
member of théAntoniewiczgroup.Network reconstructioand flux analysis were

performed by Nikodimos Gebreselassie.
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Chapter 4

INTRACELLULAR AND EXT RACELLULAR FLUX CHARACTERIZATION
OF AN E. COLIT S. CEREVISAIECO-CULTURE SYSTEM

4.1 Introduction

Microorganisms have played an important role in the manufacturing of various
biochemicabproducts for decadd&easling, 2010; Nielsen and Keasling, 2016)

Recent advances in systems level molecular biology and synthetic biology tools have
broadened the scope of maldes thattanbe synthesized with microorganisifiee
and Na, 2013; Nielsen and Keasling, 2011; Yadav et al., 2012)

However, despite our abilitptassemble the machineries needed to synthesize
many of these complex molecules, challenges remain in achieving yields that are high
enough to advance to commercialization. Two of the main challenges in the
biosynthes of complex molecules are:

i) the needor optimized sukenvironments and complex machineries for

some pathways/reactions in the process (e.g. pH, reducing/oxidizing
environments, substrate concentrations)

i) limitations imposed by high metabolic burdens caused by expressing many

heterologous erymes in a single organis(@hou et al., 2015)

Natural systems overcome these challenges through subcellular compartments
and multimicroorganism interaction/division of labor. Through compartmentalization
of metabolic reactions or pathways, microorganisms spatially separate processes into

subcellularspaces with different environments which can be optimal for particular
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enzymes or reactions (e.g. alkaline pH in peroxisome to increase catalase activity, high
COz concentrations in carboxysome of cyanobacterradocephotorespiration and
increase carbofixation) (Mangan et al., 2016; Zecchin et al., 201&jditionally,

metabolite exchanges and division of labor is the basis for the optimal functioning of
naturally existing microbial consort(@renner et al., 2008)

Several recergtudieshave taken advantage of the unique properties of multi
microorganism systems for the biosynthesis of complex mole(@ésache
Zaragoza et al., 2016; Jones et al., 2016; Taniguchi et al.,. 1980ifically,co-
culture systems have been designed to be modular, with each strain carrying a part of
the total syntheticonversionBader et al., 2010; Zhang et al., 2015a; Zhang and
Wang, 2016)In this approach, partner species can be independently optimized with
respect to their roles, and different modules (i.e. partner strains) can be combined in
various ways to meetparticular biosynthetic design objective. For instance, in Zhou
et al.o6s work, a complex pathway for synth
significantmetabolic burden to incorporate in one spesiesedistributed effectively
over two modulegZhou et al., 2015)In the first module, ak&. colistrain, was
optimized to produce taxadiene while &ncerevisiastrain is optimized for
oxygenation of taadiene into the final product, oxygenated taxanes.

Cellular physiology characterization techniques are important tools in
elucidating the metabolism of -@ultures as well as driving engineering efforts to use
them as cell factories. Despite the uniqdeaatage of c@ulture systems, quantitative
physiological characterization tools to study these systems are laCkingntly, he
predominant technique for characterizing the metabolism of microorganist@s is

metabolic flux analysist{C-MFA). In 13C-MFA, cells are cultured ithe presence of
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anisotopically labeled substratend he resulting labeling distributignn biomass
components are measured aised to infer metabolic fluxes. This technique is well
establisheé&ndhasbeen applied tdiverse organism@u et al., 2014; Cordova and
Antoniewicz, 2015; Leighty and Antoniewicz, 201Byt until recentlythis approach
has been limited to monoculture systems.

Here a new methods presentethat enable$*C-MFA for co-culture systems
using conventional experimentahd analyticamethods andwithout any additional
separation of metabeédis or speciesSpecifically we apply anovelmulti-scale
modelng approaclthat incorporateboth metabolic network model of each species
and a reactelevel growth model to fit ceulture isotopic labeling data and
extracellular concentration measurersateratively. We show that ezulture flux
analysis can be performed from the overalcatiure labeling data without any
requiremenbdf physical separation of cells oretabolites. We then apply this
framework to study the physiology of a-colture ofE. coliandS. cerevisiae.

Although this work demonstrag¢éhat measuring speckspecific isotopic
labeling is not necessary to performadture flux analysis, this datassown to be
highly beneficial in enhancing the precision of flux estimé®&=breselassie and
Antoniewicz, 2015; Rihl et al., 2011; Shaikh et al., 2008)this end, ak. colii S.
cerevisiaeco-culture has a distinct advantage because of the physical size difference
between the two species. This size difference motivates the use of a simple physical
separation technique (such as filtration) in wHictcoliandS. cerevisiaeells can be
separged for analysisThus, n this work, we further extend the-calture3C-MFA
framework to perform flux analysis on &ncolii S. cerevisiago-culture, by

incorporating a additional step ofiltration based separation of cells after the co
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culturetracerexperiment (Figurd.1). The resulting residue and filtrate along with the
co-culture samples are harvested for isotopic labeling measurements. The isotopic
labeling measurements of the three sampéesbencorporated in caulture flux

analysis to btain highly precise flux estimates.
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1. S. cerevisiae - E. coli co-culture
experiment
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Figure4.1 E. colii S. cerevisiaeo-culture’*C-metabolic flux analysis layouThe
first step in the caulture flux analysis procedure is the@dture tracer
experiment wher&. coliandS. cerevisia@are inoculated and cultured
together (1). Once the tracers are incorporated in the biomassltee
samples were collected during exponential phase. Some of these co

2. Filtration experiment
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culture samples are used in the filtration experiment to obtain

predominanth\S. cereisiaeandE. colicells in the residue and filtrate

respectively (2). Th&*C-labeling of metabolites in the ailture,

residue and filtrate samples are measured (3). The labeling data from the

three samples (eoulture, residue, and filtrate) are indivally and

collectively (parallel) used to perform mu#icale ceculture flux analysis

(Figure 4.5)4).
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4.2 Methods

4.2.1 Materials

Media and chemicals were purchased from Sigdazich (St. Louis, MO).
[1,2-13C]glucose (99.5 atom% 13C) was purchased from Siyrdach Isotec (St.
Louis, MO). All solutions were sterilized by filtration. All filter papers were purchased

from Fisher Scientific

4.2.2 Strain and growth conditions

E. coliK-12 MG1655 (ATCC cat. No. 700926, Manassas. ¥AJS.
cerevisiaeCEN.PK 1137D wereused in his study.The yeast strain wasbtained
from Dr. Peter Kotter (University of Frankfurt, Germany).

E. colii S. cerevisiaeo-culture experiment was performed under aerobic
conditions at 28C in a minibioreactor with a working volume of 10 ni. coliandS.
cerevisiaavere precultured individually to mieexponential growth (O&o= 1.4 for
E. coliand ORoo=0.7) on a 4L (v/v) of YNB/M9 medium. The preultures were
inoculated into a4 (v/v) of YNB/M9 medium containing 1.6 g/L [+2C]glucose.
For the ceculture experiment:. coliandS. cerevisiagvere inoculated at a biomass
ratio of 1:3 respectively. After 10 h of -@ulture, cells were harvested by

centrifugation for subsequent filtration and ®4S analysis.

4.2.3 Filtration analysis using labeling experiment

An E. coliT S. cerevisiaenixed culture was obtained by first culturing both
strains individuallyE. coliwas inoculated into 10 ml M9 with 2 g/L of either glucose
or [U-13C]glucose whileS. cerevisiagvas inoculated into 10 ml YNBith 4 g/L of

either glucose or [J3C]glucose. The cultures were collected during exponential
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growth phase (O&oof 1.4 and 2.2 for labeldd. coliandS. cerevisiaeespectively
and ODoof 1.77 and 2.9 for unlabeldsl coliandS. cerevisiagespectivéy) before
they were combined foroducethe mixed cultures. Two mixed cultures were obtained
by combining the labeleH. coliand the unlabele8. cerevisiagultures and the
unlabelecE. coliand the labele&. cerevisiaeultures at af. coli : S. cereisiae
biomass ratio of 0.9:1 and 0.83:1 respectively.

Two duplicate mixed cultures were used to study the effectiveness of cell
separation by five filters listed in Table 4.1. The resulting filtrdte (nixed culture
that was not retained by the filjemd residuetfie mixed culture that was retained by
the filter) was collected to measure tH€-labeling in the biomass amino acid. Using
mass balance and the average labeling measurements in the mixed culture, the filtrate,
and the residue, two parametevere obtained for each filtex:# the percentage @.
coli retained by the filter (out of the total in the mixed cultuaad f, = the percentage
of S. cerevisiagetained by the filterThese two parameters were used to assess the

effectiveness oéach filter in separating the two species.

Table4.1: Filter papers used fd. colii S. cerevisiaenixed culture filtration

experiment
Filter Company Material Pore Size
#1 MAGNA Nylon 5 &m
#2 Isopore TSTP 3 &m
#3 Sartorius stedim Cellulose Acetate 5 &m
#4 Sartorius stedim Cellulose Nitrate 5 &m
#5 Micron Sep Cellulosic 5 &m
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4.2.4 Analytical methods

Cell growth was monitored by measuring the optical density at 600 nvdOD
using spectrophotometer (Eppendorf BioPhotometer). ThedDalues were
converted to cell dry weight with a predetermined relationshif f@oli (1.0 ODso0 =
0.32 gw/L) andS. cerevisia€l.0 ODso0= 0.23 gw/L). Glucose concentration was
measured with a YSI 2700 biochemistry analyzer (YSI, Yellow Springs, OH). Ethanol

concentration in the culture were periodically measured using HPLC.

4.2.5 Gas chromatography mass spectrometry

GC-MS analysis was performed on anilegt 7890B GC system equipped
with a DB-5MS capillary column (30 m, 0.25 mm i.d., 0.25 {pmase thickness;
Agilent J&W Scientific), connected to an Agilent 5977A Mass Spectrometer operating
under ionization by electron impact (El) at 70 eV.-@IS analysiof tert
butyldimethylsilyl (TBDMS) derivatized proteinogenic amino acids was performed as
described previouslAntoniewicz et al., 2007bMass isotopomer distributions were
obtained by integration and corrected for natural isotope abund@®reandez et al.,
1996) The isotopic labeling measements are reported in Table3D

The labeling and concentration of acetates determined by G®IS analysis
of TBDMS derivatized acetic acid. About
derivatization. A fully deuterated acetic agidsused as standard to quantify acetate
concentratioa The injection volume for GBS anal y s insl samples wete € L
injected in split mode with spit ratio ranging from 1:10 to 1:40. Helium flow was
maintained at 1 mL/min. The source temperature was maintained & 28@ MS
guad temperature at 180, the interface temperature at 280 and the inlet

temperature at 200. GC oven temperature was held at ¥03or 2 minutes,
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increased to 148C at 5°C/min, and increased to 260 at 20°C/min for a total run
time of 15 minutes. The labeling and concentratibacetatavas determined from

mass isotpomer distribution at m/z 117, which contains both carbon atdrasetate

4.2.6 Off-gas analysis by ofline mass spectrometer

The molar percentage of carbon dioxide §0@/z 44) and>C-labeled carbon
dioxide {3CO, m/z 45) in the inlet air and in the affis from the minbioreactor was
monitored in reatime by an orline mass spectrometer (Ametek Proline, Berwyn,
PA). The fractional labeling of Croduced byE. colicells was determined from the
molar percentages &tfCQO, (m/z 44) and3CQ; in the inlet air(Leighty and
Antoniewicz, 2012)

4.2.7 EMU decomposition of networks

EMU decomposition of metabolic network models was conducted using the
Metran software, which is based on the EMU framew¥do et al., 2008)The
resulting EMU networks were decoupled into separate and smallaeswbrks using
the technique described bypung et al., (2008 and further simplified using the
technique described ntoniewicz et al., (2007)

4.2.8 Metabolic flux analysis

13C-MFA was performed using the Metran softwéYeo et al., 2004)which
is based on the elementary metabolite units (EMU) frame(ortoniewicz et al.,
2007h Young et al., 2008 TheE. colinetwork model used for flux calculations was
described previously by Leighty and Antoniew(tzighty and Antoniewicz, 2013)
and is given in Supplementary Materials. Bhecerevime network model was

constructed from the genome scale mauohal is discussed in Chapte(@sterlund et
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al., 2012) Both models include all major metabolic pathways of central carbon
metabolism, lumped amino acid biosynthesis pathways, and a lumped reaction for cell
growth. In addition, the modghccount for the exchangeiotracellular and
atmospheric C&(Leighty and Antoniewicz, 2012and Gvalue parameters to
describe fractional labeling of amino acids. As described previgastpniewicz et
al., 2007c)the Gvalue represents the fraction of a metabolite produced from labeled
glucose, while 4G represents the fraction that is naturally lab&leoh the inoculum.
By default, one Galue parameter was included for each measured amino acid.
Reversible reactions were modeled as separate forward and backward fluxes. Net and
exchange fluxes were calculated as follows: = Vi-Vb; Vexch= min(«, wb). Exchange
fluxes were then scaled tel®0% as follows: dkch [0100%] = Vexch/ (|Vned + Vexch) X
100%.

For13C-MFA of theE. colii S. cerevisiago-culturg the model consisted of
two compartments, each representing a separate species, and analdfiti
parameter that describes the fractiofEotoliin the coculture {.e. (17 fE9 is the
fraction ofS. cerevisiae Flux estimation was repeated at least ten times starting with
random initial values for all fluxes to find a global solution.cAbvergence, 68% and
95% confidence intervals for all fluxes were computed for all estimated fluxes by
evaluating the sensitivity of the minimized SSR to flux variati@rgoniewicz et al.,

2006)

4.2.9 Goodnessof-fit analysis
To determine the goodnes§fit, 13C-MFA fitting results were subjected to a
c2-statistical test. In shqrassuming the network model is correct and data are without

gross meagement errors, the minimized SSR is a stochastic variable with a
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distribution. The number of degrees of freedom is equal to the number of fitted
measurements minus the number of estimated independent paramet&ise

acceptable range of SSR values is betveden(a-p) andc?.o/(a-p) , where U i s e
certain chosen threshold value, for example 0.05 for 95% confidence interval. Models

that produced SSR values above the threshold were considered statistically not

aaceptable.

4.3 Results

4.3.1 Cell separation(or enrichment) through filtration

To find a filter that can effectively separ&iecoliandS. cerevisiagwe first
surveyed filtes made from various material and with pore sizes ranging frono&2
em. Af tisary experiménis,wdeterminedhat filter papers with pore sizes 3
to5 € m p eaptimallyimseparating the two species.

Five filter papers with pore sizes in this range niade nylon, TSTP,
cellulose acetate, cellulose nitrate and cellulositene were chosen fanore
detailed analysisTo assess the efficiency of cell separation with these filters, we
performed duplicate filtration experiments uskgcolii S. cerevisiaenixed cultures
in which either théE. colior the yeast was ful}’C-labeled. These mixed cultures
were passed through each filter. The resulting filtrate and residue for each filter were
collected to measure biomas€-labeling. The effectiveness of the separation was
evaluatedy determiningwo parameteras estimatetly mass balance calculatiorig
=the percentage &. coliretained by the filter (out of the total in the mixadture),
fy = the percentage @&. cerevisiaeetained by the filter (out of the total in the mixed

culture).
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The maximum fand minimum £ values obtained from the filters were 0.90
and 0.03 (Figurd.2). This suggests that the filtesgregood at lettinge. colithrough
(up to 97%) but at same time they let at least 10% of the yeast cells through as well.
This could be caused I8/ cerevisiaglaughtercells (after budding), which are
significantly smaller than matuyeastc el | s, being able to pass
filters. Ou't of the five filterxs3%mé anal y:z
= 88%)for future studiegFigure 4.2)While thisfiterd o es n 6t yi el d compl ¢
separatiorof the two speciest can beusedfor co-culture flux analysis to obtain

samples highly enriched withparticulaispecies.
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E. coli- S. cerevisiae filtration experiment
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Figure4.2: E. colii S. cerevisiadilter based cell separatioAn E. coliT S.

cerevisiaemixed culture was obtained by first culturing both strains
individually either on fully isotopically labeled glucose or unlabeled
glucose. Two mixed cultures were obtained by combining the lakeled
coli and the unlabelef. ceevisiaecultures and the unlabel&d coliand

the labeleds. cerevisiaeultures. The mixed cultures were then filtered
using the filter papers listed above. The resulting filtrate (part of the
mixed culture that passed through the filters) and residare ¢pthe

mixed culture that was retained on the filters) were collected to measure
the isotopic labeling in the biomass amino acid. Using mass balance and
the average labeling measurements of the mixed culture, the filtrate, and
the residue, we obtainé@o parameters for each filte:if the

percentage dE. coliretained by the filter (out of the total in the mixed
culture) andfi the percentage @&. cerevisiaeetained by the filter

These two parameters were used to assess the effectiveneds fifezac

in separating the two species. The maximyantd minimum f values
obtained fronthe filters were 0.90 and 0.03. This results indicate that all
thefilters are good at letting. colithrough (up to 97%) but at same time
they let at least 10% dlie yeast cells through as well. This could be
caused by the daught8r cerevisia€after budding) cells, which are
significantly smaller than mature cells, being able to pass through the 5
em filters. Out of
future separation purposes
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4.3.2 3C-MFA using amono-culture model

Statistical analysis is a crucial aspect ofcatture3C-MFA. As reported in
theprevious Chapter and {({Gebreselassie and Antoniewicz, 2Q1&atistical
acceptability of flux fits can be used to distinguish betweeouttire and mono
cultureexperimentsSpecifically, t was demonstrated that labelinata from a ce
culture systenshouldnot give a statistically acceptable fit with a mendture model
(assuming judicious selection of optint3C-tracer) For our system, the labeling data
from the co-culture samplavas fitwith both ank. coliandS. ceevisiaemonao-culture
model. As shown in Figuré€.3 both models resulted in unacceptable fits at a 95%

confidence level, suggesting the need for-@wdure model to obtain acceptable fit.
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Figure4.3: Sum of square residual results forcatture sample fitsvith E. coliand
S. cerevisia@metwork modelThe labeling measurement of the residue,
co-culture, and filtrate samples from the filtration experiment were used
for E. coliandS. cerevisiaenonc-culture model flux analysis. The
residue, which predomindptcontainsS. cerevisiaeells gave an
acceptable fit witts. cerevisiaenodel while it gave an unacceptable fit
(at a 95% confidence level) with & colimonao-culture model. The
acceptability of the fits for each organism models is proportional to the
abundance of the organism in the sample.

Additionally, the amino acid labeling of the residue and the filtrate samples
from the filtration of the ceculture were fitted with ak. coliandS. cerevisiaenonc
culture models and the resulting SSR was caetho the ceculture sample fits.

Remarkablyboth the residue and filtrate labeling data gave acceptable fitSwith
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cerevisiaeandE. colimonao-culture models respectively, which speaks to the

effectiveness of the filtration technique in separatingwltecell populations In

contrast, a fit of the residue samples witfEamrolimodel and filtrate samples with an

S. cerevisiaenodel resulted in unacceptable fits. In fact, the acceptability (SSR) for

theS. cerevisiaenodel fitsgotworse when the sampleascomposed of less and less
S.cerevisiae el | s (i . eculrteusried u¥e fYi Ictor at e)was( Fi gur e
observed foE. colimodel fits as the sampleascomposed of less and ldsscoli

cells.

4.3.3 Incorporation of E. coli i S. cerevisiadiomass amino acid ratios in ce
culture model

Incorporation of accurate biomass composition is an important component of
metabolic flux analysigLong and Antoniewicz, 2014)n co-culture’*C-MFA, the
accurate reqesentation of the relative abundasioémeasured biomass components is
particularly essential in obtaining accurate flux distributions and population
composition(Gebreselassie and Antoniewicz, 2QIB)is ratio is incorporated in the
f-parameter reaction dfie co-culture*C-MFA model. The relative abundance of
proteinogeni@mino acidsvasmeasured using the mixed culturespgenes for the
filtration studies The mixed cultures were composed of either fully labElecbli or
fully labeledS. cerevisiae

Thelabeling of each mixed culture was measured to determine the ratio of
labeled vsunlabeled amino acids. The measurdthsaverenormalized to the total
protein before comparing it with ratios calculated from previously repé&tedli and
S. cerevisiadiomass compositi@(Forster et al., 2003; Long and Antoniewicz, 2014;

Neidhardt, 1987; Wisselink et al., 201@Qompared to average literature values, the
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measured amino acid biomass ratios show similar patterns (Figure 4.4). However,
minor discrepancies remain in some amino acids such as methiaicé has a

lower reported ratio compared to the measured valbemeasured ratios, which are
more precise thatimeratios from the literature, were incorporated inEheolii S.

cerevsiaeco-culture model.
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s [ Measured|
175+ [ Litrature |-
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Ratio S. cerevisiae/E. coli
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0.00

Ala Asx GIx Gly His lle LeuLys MetPhe Pro Ser Thr Tyr Val
Amino acid

Figure4.4: S. cerevisiae/E. cobiomass amino acid ratidhe ratio of the abundance
of each amino acid (normalized to the total proteir§.icerevisiaand
E. coliwas measured using G@S. The results are compared to the
average of previously reported amino acid abundandésdaliandsS.
cerevisiae
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4.3.4 Novel multi-scale modeling for ceculture flux analysis

In monaculture systems, measurement of extracellular ércreates of
metabolites alone does not resolve intracellular flux distribuddfschert, 2001)To
elucidate intracellular fluxes, more information is obtained by culturing cells on
isotopically labeled substratas. thetracers. The isotopically labeled atofram the
tracer get incorporated in the biomass, resulting ireaip labeling pattern that is a
function of intracellular fluxesThelabeling patteraof metabolites, also known as
mass isotopomer distributions (MI3reobtained through mass spectroscopy (e.g.
GC-MS). The MID measurements combined with biomagsi$ic uptakeand
excretion rateprovide enough constraints to fully elucidate major metabolic fluxes of
microorganismsAs discussed earlietis techniqudor elucidating metabolism is
known as3C-metabolic flux analysis/{C-MFA) andhasbeen well deeloped for
monao-culture systems over the past two decades (Figure 4Gayvn and

Antoniewicz, 2013a)

74



A) Mono-culture *C-MFA

| 1. Tracer Experiment ” 2. Model Fitting || 3. Mono-culture Fluxes

qE Gluc
Gluc 100

3C-Glucose 1
. \
E.coli —
or S. cerevisiae

9,

B) Co-culture '3C-MFA

[ 1. Tracer Experiment || 2. Multi-scale Model Fitting || 3. Co-culture Fluxes |
Micro-scale model | Macro-scale model
Gluc Gluc
ch qs‘l r02 100 100
13C-Glucose N Gluc Gluc l
E. coli
S. cerevisiae

‘\
Ac quoM

E. coli (Ec) S. cerevisiae (Sc)

E. coli (Ec) S. cerevisiae (Sc)

"coz

Figure4.5: Mono-culture vs. ceculture flux analysisA) Metabolic fluxes in mone
cultures are elucidated through the following steps. First, tracer
experiment is performed in which cells are cultured in isotopically
labeled substrate. The resulting isotopic labeling in metabolites and
uptake and excretiorates are measured. Next, migwale metabolic
network model is used to fit measured data to obtain intracellular fluxes.
B) Metabolic flux analysis in coultures involves the following steps.
First, tracer experiment is conducted in which both stramswatured
together on a given tracer. The resulting labeling pattern and reactor level
concentrations are measured. Next, a radéle iterative model is
applied to fit isotopic labeling measurements with mi&cale model and
concentration measurememigh a macrescale model. Since the two
scale models share some parameters, the fitting is conducted iteratively
until consistent results are obtained on both scales.
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However, until now there have been significant challenges in extehiding
MFA to multi-microorganism systemsuch as caultures. This is due to the
difficulty in measuring MIDs of metabolites in each species as well as estimating
uptakeandexcretion rates, particularly in systems where both organisms consume or
excrete the same meétalite(s). To overcomehesechallengs, we developed a muiti
scale iterative model fitting framework thagesoverall populatioabelingdataand
concentration measurements to estimate spspiesific fluxes population dynamics
anduptakeandexcretio rates.

The multiscale model includes two levebsmicro-scalelevel andamacre
scalelevel. At the micrescale levelthe co-culture*C-MFA metabolic network
model was constructed. This model consists of the metabolic networksonbdakh
species ad an fparameter (species fraction) that accountshfeco-culture
composition (Figure 4.7), since the measuredwture population MID of
metabolites is a function of the fraction of each specipar@meter) and the MID of
metabolites in each spesi(which is a function of the metabolic fluxes in each
respectivespecies) (Figure 4.6B). At the maegoale level, a reactor level growth
model is constructed in which the extracellular concentratdbmetabolitesare
modeled as a function of biomagesific uptake and excretion rates of each species
and time(Figure 4.6b). Moreover, the measured isotopic labeling ofic@e co
culture is modeled as a function of the isotopic labeling of @@ach species and the
absoluteCO; production rate by &h specieskinally, wealsoincorporated the
isotopic labeling measurements of the products secreted by botls §traims
system acetateto obtain more information about the contribution of each strain to the

total product synthesis.
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Figure4.6: Mono-culture vs. ceculture*C-metabolic flux analysis computational
framework.The micrescale'3C-metabolic flux analysis is a constrained

leastsquares minimization problem in which the square of the difference

between the measured and simulated MIbniisimized subjected to
stochiometric and uptake and excretion rate constrains. A) In4nono

culture the simulated MID is a function of the intracellular fluxes. Uptake

and excretion rates are obtained from reactor concentration
measurements B) In erulturethe simulated MID is a function of the

MID of metabolites in each species and the fraction of each species, i.e.

f-parameter (e.gE%). Concurrently, the reactor level concentration

measurements are a function of the uptake and excretion rates of each

species. Coculture flux analysis is performed by iteratively fitting MID

measurements with miciscale model and concentration measurements
with macrescale model. Reactor level isotopic labeling measurement of

COzis incorporated at the maeszale model awell.
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Both at the microand macrescale, we solve a constrained lesgtiares
regressiorproblem. At the micrescale, we minimize the squdrdifferences between
themeasured and simulated MdDy changing intracellular fluxes in each species and
thef-parameters, subject sboichiometricconstraints (Figure 4.6B). At the maero
scale, we minimize the squdrdifference between the measured and simulated
growth and concentratidime profilesby changing biomass specific uptake and
excretion rateandthe growth ratesSince the microand macrescale models have
common growth parameters (etige uptakeandexcretion rates), we perform this
multi-scale analysis iteratively, untheresultsof the two scale modetnverge

With this iterative multiscale modelingpproachwe capture the steady state
intracellular metabolic fluxes at the miescale leve(Table D2) and the dynamic
growth profiles at the macscale level. Furthermore, this-calture'*C-metabolic
flux analysis (MFA) framework is simple and natural extension to the existing
monao-culture framework since it requires the overall cutigneel labeling and
concentration measurementsjm@asnonacultures, without requiring physical

separation of cells or metabolites (Figure 4.5B).
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Figure4.7: G1 value and f value.The Gi values are parameters incorporated in
our network models to account for unlabeled metabolites from the pre
culture inoculum. Thef values are parameters that represent the
composition of the labeled culture.

4.3.5 E.coli S. cerevisiaeomplete growth characterization through ceculture
13C-MFA

In previous work, thé&. coliT S. cerevisiaeo-culture systemvasshown to
have unique properties that allows for construction of modular biosynthetic platforms
(Zhou et al., 2015E. coliis a widelyused platform to efficiently produce many
precursor molecules, whitg. cerevisiadosts the eukaryotic machinery and necessary
microenvironment needed to produce certain complex mole(dhesi et al., 2015)
As such, ao-culture of these two stins is attractive for complex molecule

production since it integrates both attributes.
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This coculture system incorporates two different species with distinct network
structure and physiology. For example, the mitochondré icerevisiagvas modeled
asa separate compartment, and there is a difference in lysine biosynthesis in the two
species. Additionally, the two species have a significant size difference. This size
difference motivates the use of a simple physical separation technique (such as
filtration) in which theE. coliandS. cerevisiaeells can be separated for additional
analysisand model validationAlthough not necessary, tHifiration step can provide
significant additional information fodfC-MFA. Therefore, we incorporated the
filtration experiment in this particular ewlture flux analysis framework.

The coculture was grown on a mediutonsisting ofa mixture of20% M9
and80% YNB medium (Vv) that contains [1,2°C]glucose tracer at 2&. Cells
were harvested during exponentiabge for filtration and isotopic labeling analysis.
The isotopic labeling of C&n the offgas was monitored during the experimieytn
ontline off-gas analyzer (mass spectrometer)

Multi-scale ceculture flux analysis was performed using the constducte
culture network model. To obtain additional useful information, measurements from
the filtration based cell separatiarereincorporatedn theco-culture*C-MFA
framework, where the MIDs of the -@ulture and the filtrate and residue (from the
filtr ation experiment) were used to fit the misimale model in parallel (Figure 4.1).

To assess the value of this additional information, the MIDs of samples from the
filtration experiment were used to fit the-colture micrescale model separately. The
flux results from this fits indicate increase in precision with increase in species

enrichment in the samples (Figure 4.8).
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Figure4.8 E. colii S. cerevisiaenono-culture and ceculture flux analysis result
comparisonsCo-culture sample along with residueddfiltrate samples
from filtration experiments were used to performatdture flux analysis
with S. cerevisiae E. colimicro-scaleco-culturemodel. Results were
compared to the flux obtained from meaadlture model fits of mono
culture samples andsielue and filtrate samples. Theecision of the flux
estimates decreases as the sample fraction of the species whose flux is
being estimated decreases. This indicates that more information was
obtained by incorporating filtration experiment in the finakfanalysis.

The resuls of multi-scale ceculture*C-flux analysis from parallel fitare
shown in Figure 4.0 and Figure 4.1Micro-scale and macrscale model fit results
show the deconvoluted intracellular flux distributions and the uptake/excraties
respectively. As in the case of meaolture,S. cerevisia@ses the glycolysis pathway
to metabolize glucose in the-calture. Most of this glycolytic flux leads to the
synthesis of ethanol. In contrast, a significant portion (~40%) of theggueaken up

by E. coliis metabolized through the oxidative pentose phosphate pathway. The flux
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results also indicate that in contrasttocerevisiagk. colicarries some flux through

its TCA cycle. The intracellular flux distributisin the ceculturewere comparable to
themonac-culture fluxes obtain from the same culturing conditions, indicating that the
presence of the other species did not result in a major metabolic shift in¢bkuwe

(Figure 4.1).
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Micro-scale intracellular flux results
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Figure4.9: Flux analysis result of aB. colii S. cerevisiaeo-culture systemMulti-
scale iterative caulture flux analysis is performed on Bncolii S.
cerevisiaeco-culture system. The miciecale model fits capture the
intracellular metabolic fluxes in each stdih.coli utilizes glucose
through both glycolysis and oxidative pentose phosphate pathway while,
S. cerevisia@ises mainly glycolysis. Most of the glucose consume8l.by
cerevisiaas converted to ethanol, resulting in much lower biomass vyield
in S. cerevisiagompared td. coli.
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Figure4.10: Macrescale flux analysis results of & colii S. cerevisiago-culture
system.The macrescale fits deconvolutes species contribution to reactor
level concentration measuremertithough thek. coliuptakes glucose
at a much slower rate than tSecerevisiadis biomass yield is six times
higher. This is reflected in the population composition and glucose
consumption by the end of the culture whEreolimakes up more than
70% of the culture whil&. cerevisia@accounts for 60% of the glucose
consumed.
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The macrescale model also gives insight into the time dependent behavior of
the coculture. The predicted Qfy for each strain indicatidatE. coliovertakes the
population due to high growth rates compare8.toerevisiaealthough glucose
consumption rate is 1.5 times higheiSncerevisia¢ghanE. coli. Thissuggests low
biomass yieldor S. cerevisia@as most of the glucose consumed is converted to
ethanol (1.7 mole of ethanol per mole of glucose). Most of the acetate in the culture
was produced b¥e. coli, which produces 0.66 mole of acetate for every mole of
glucose consunedue to overflow metabolispeven at the culturing condition of 28
°C. Moreover, the measured isotopic labeling ob@Qhe offgas indicates changing
population dynamics. Based on the-calture flux distribution results. coli
produces significantly more labeled €tBanS. cerevisiaédrom the metabolism of
[1,2-13C]glucose, mostly due to its elevated oxidative pentose phosphate pathway flux.
The measured COabelingincreass as a function of time which reflects a population
that is composed of more and mérecoli. To validate the-parameter estimation of
the coculturebiomass compositigrwe used the average amino acid labeling of the
residue and filtree samples as a proxy f8r cerevisia@ndE. colilabeling in order to
estimate theomposition of the&o-culture through a regression fit of the average
labeling of the ceculture atlO hrs.The average labeling of the-calture was
represented as ankar combination of the average labeling in the two components.
This simple regression estimatédcolito be 71%at 10 hrswhich is the exactly the

value estimated throughehmacrescale model fit (Tabl®.1).
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Figure4.11: E. coliandS. cerevisiaeonao-culture flux analysis result8oth E. coli
andsS. cerevisiagvere cultured separately in menoalture under the
same culturing conditions as the-@alture experiment, i.e. in a mixture
of M9 and YNB medium at 2& on [1,2'°C]glucose. The resulting
isotopic labeling in the biomass was measured to perform 1twlhare
flux analysis. The resulting mormulture flux distribution for botlk.
coli (left) andS. cerevisiagright) is similar to the results observed in co

culture flux analysis.

4.4 Conclusion

Cell physiology characterization techniques are important tools in elucidating

the metabolism of microorganisms as well as driving engineering efforts to use them

as cell factories. Despite the importance of rmlicroorganism systems in nature and

in the field of metabolic engineering, quantitative physiological characterization tools

to study thenarelacking. In this work, we devel@ol validatel and appked a multk

scale ceculture®C-MFA framework that allows to characterize inteand extra



cellular fluxes in cecultures. Usinghis framework we elucidated the physiology of
anE. colii S. cerevisiaéi.e. prokaryotici eukaryotic) ceculture system that has
been used as a platform for product synth@dsu et al., 2015)Through simple
filtration step we rave demonstrated that the precision of metabolic flux estimates
be greatly enhanced by incorporating labeling measurement of residue and filtrate
samples in caulture*C-MFA.

A fundament al advantage of our approact
addtional laboratory techniques or equipment as compared to-cuihoe3C-MFA.
The framework applies the same measurements made forentince*C-MFA, and
existing moneculture computational frameworks can be extended and used-for co
culture. Due to theimplicity yet great potential of our arulture flux analysis
framework, we anticipate our method to have a widespread impact in multi
microorganism physiological studies. This technology can expand our ability to study
Auncul t ur ahb.é spédiesthat danotigrevsin isolation in standard
laboratory conditiongStewart, 2012)More specifically, the physiology and
interaction of microbes that need a partner species for growth can be elucidated using
thistechnologf D6 Onofri o et al ., 2m0tHehextChapterde and
we extend our framework to analyze the metabolism of a more challengoudtace
systemconsistingof two E. coliknockoutsstrains(qpp @ @pz WwThesestrainshave

the same metabolic network model and produce the same products.
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Chapter 5

A COMPLE TE GROWTH CHARACTERIZATION OF A CO-CULTURE
SYSTEM OF E. COLI pP GilgpZ WFHROUGH 3C-METABOLIC FLUX
ANALYSIS

5.1 Introduction

In naure, microorganisms are partamplex and multilayeinteracting
systemsHowever, most of our knowledge about the physiology and behavior of
microbes arises from experiments conducted in routtores. In fact, the tendency to
study microbial speciesaingle entities, rather than as part of complex ecological
systems, prevents us from studying microbial interaction and cooperation.
Additionally, more than 99% of microbes in nature cannot be cultured using current
technologiegSabra et al., 2010Hence, there is a need for developing methods to
study microbial systems in conditions similar to their natural niches, i.e. with other
microorganismgAlain and Querellou, 2009)

Recent studieBave started to address shéssues by studying microorganisms
as parbf synthetic ceculture systerm(Balagaddé et al., 2008; Gore et al., 2009;
Hillesland and Stahl, 2010; Shou et al., 20@CH-cultures have become of particular
interest for studying celtell interaction, impoving culturing success of certain
populationandenhancing overall yield and efficiency of cultures through synergistic
interactiongBader et al., 2010; Goers et @&014; Wintermute and Silver, 2010&)
fact, many biotechnological processes have simulated the unique features of naturally

existing multtmicroorganism systems by using-culture systems in bioremediation
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and for efficient production of biofuel aftwo-chemicalfCamacheZaragoza et al.,
2016; P. Chen et al., 2015; Chen, 2011; Pachapur et al., 2015; Sabra et al., 2010;
Sathishkumar et al., 2008)

Despite their uniquatility in biotechnologyand distinct value in muki
microorganism physiological studieo-culture systems lack the established tools
needed to analyze tle vivo metabolic state of their constitutive microbes.
Specifically,thein vivo metabolic state of microbes in-caltures havebeenwell
studied though!*C-metabolic flux analysi§MFA). This is mainly due to the lack of
well-developedsimple anddependable experimental flux analysis toBlsvious
tools developed for coulture flux analysis have required the physical separation of
cells or metaoblitesto analyze labeling data in each species independgtiilyl et al.,
2011; Shaikh et al., 2008)hese approaches require the genetic modification of the
co-culture species to overexpress reporter prot@mhsgch are used as a proxy for the
labeling measurement of metabolites in each species. However, molecular biology
tools do not exist for many organisms, and overexpression of proteins presents a
metabolic burden on the cells and introduces a signifisaintended variable during
metabolic studies of eoultures.

Recently anew caculture flux analysis approach was presemedhich the
13C-labeling data of speciespecificpeptides were usetb measure speciespecific
labeling data of metabolites perform flux analysis io-culture systemgGhosh et
al., 2014) Although thisapproachas the potential to effectively estimateadture
fluxes, it is limited in that peptide labeling data has inherently less flux information
than amino acid labeling, and many unique peptide fragments must be identified for

each species in the system. This method will therefore be impossible to use for co
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culture systems of closely related/identical species suchBsamtii E. colico-

culture. Furthermore, this approach has not yet been experimentally proven and would
require a high level of expertise in mass spectroscopgyutnelyidentify and

measure labeling data of unique peptide fragments.

To overcome all these limitations, previous Chapters,newmethodwas
presentedhatenables*C-MFA for co-culture systasusingconventional
experimentamethods without any additional separation of metabolites or spéties.
this Chapter, lapply the multiscale model that incorporatesetabolic network model
of each species and a growth model to ficatiure isotopicdbeling data and
extracellular concentration measurements iteratively to study a more challenging co
culture system of tw&. coliknockout straingpp § @z vsinge both strains have
identical meabolic network model and produikentical products, i.diomass,
acetate, C@ Using theco-culture flux analysis framework,dlucidated the metabolic
fluxes in the pathways of each species and deconvoluted the resulting-leaaitor

growth profiles.
5.2 Method

5.2.1 Strain and growth conditions

The twoE. coliknockout strainsgpp @ridgpz wbed in this study are from
the Keio Knockout Collection. The strains were purchased from GE Life
Sciences/Dharmacon (Pittsburgh, PA). Thecaliure experiment was performed
under aerobic conditions at 3 in a minibioreacto with a working volume of 10
mL, as described previous{éebreselassie and Antoniewicz, 2QIH)e two strains

were first precultured individually until midexponential growth phase in M9 minimal
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medium and unlabeled glucose (6= 0.47 forqpp @rid ORo = 1.24 forgqzwi).

Next, a 10 mL of M9 minimal medium containing 1.6 g/L of [}3€]glucose was

inoculated with 1.4 mL of thepp grec u |l t ur e a n gewfprEculture. Tef t h e
ratio of qpgi biomass tazwfbiomass was about 37:1 at inoculation. Cells were

harvested after 7.75 hrs, 8.75 hrs, and 9.75 hrs of culture by centrifufyatio

subsequent GMS analysis. Acetate concentration and labeling in the supernatant

was measured using G@S. In addition, the growth of the awlture was monitored

by measuring the OGdgand glucose concentration in the medium throughout the

culture.

For the method validation mixezllture experimentpp @ndgz wére pre
cultured separately on M9 with glucose. During regporential phase, each pre
culture wa inoculated into an M9 medium with a working volume of 10 mL
containing 1.6 g/L of [1,2°C]glucose separately. The cultures were collected after
9.78 hrs of culture when the @fareached 0.5 and 0.9 fqup @ndgz webpectively.
Some of the cells were harvested by centrifugation for subsequemSsahalysis.
The rest of the culture wereixed in three different ratios to generate the mixed

cultures before cells were harvested for subsequer¥iS@nalysis.

5.2.2 Analytical methods

The growth of the caulture was monitored by measuring the optical density
at 600 nm (Olghg) using a spectrophateeter (Eppendorf BioPhotometer). The optical
density was converted to cell dry weight concentrations usingagbeemined Okbo
dry cell weight relationship fdE. coli (1.0 ODs00= 0.32 gw/L). Glucose
concentration was measured with a YSI 2700 biockeynanalyzer (YSI, Yellow

Springs, OH).
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5.2.3 Gas Chromatography mass spectrometry

GC-MS analysis was performed on an Agilent 7890B GC system equipped

withaDB5 MS capi |l l ary col umn ({plRafethickness:. 25 mm

Agilent J&W Scientific), connecteto an Agilent 5977 A Mass Spectrometer
operating under ionization by electron impact (El) at 70 e\V=-NEECanalysis of tert
butyldimethylsilyl (TBDMS) derivitized proteinogenic amino acids was performed as
described previouslf{Gebreselassie and Antoniewicz, 2Q1pass isotopomer
distributions were obtained by integration and correction for natural isotope
abundancef~ernandez et al., 1996)he mass isotopomer distribution measurements

for amino acid igeported in Tabl&2.

5.2.4 GC-MS analysis of acetate
The labeling and concentration of acetate was determined H&@nalysis
of TBDMS derivatized acetic acid. About
derivatization. A fully deuterated acetic acid is used staiadard to quantify the
acetate concentration. The injection volume for8S anal ysi s was 1
samples were injected in split mode with spit ratio ranging from 1:20 to Hedilim
flow was maintained at 1 mL/min. The source temperature was maoh&ti280°C,
the MS quad temperature at 1%0 the interface temperature at 28) and the inlet
temperature at 200. GC oven temperature was held at ¥05or 2 minutes,
increased to 148C at 5°C/min, and increased to 260 at 20°C/min for a totarun
time of 15 minutes. The labeling and concentration was determined from mass

isotopomer distributioat m/z 117, which contairtee two carbon atoms.
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5.2.5 Off-gas analyss by online mass spectrometer

The molar percentage of carbon dioxide (0@/z 44) ad *°C-labeled carbon
dioxide (3CO, m/z 45) in the inlet air and in the affis from the minbioreactor was
monitored in reatime by an orline mass spectrometer (Ametek Proline, Berwyn,
PA). The fractional labeling of Croduced byE. colicells wasdetermined from the
molar percentages &tfCO, (m/z 44) and3CQ; in the inlet air(Leighty and
Antoniewicz, 2012) The measurement accuracy and precision of the Ametek Proline
online mass spectrometer was less than 0.0005 mol%ada, ard 3CO;

measurements.

5.2.6 Co-culture metabolic flux analysis

13C-MFA was performed using the Metran softwéYeo et al., D08), which
is based on the elementary metabolite units (EMU) frameortoniewicz et al.,
2007a; Young et al., 2008)heE. colinetwork model used for analysis was described
previously(Gebreselassie and Antoniewicz, 2048) is given in supplementary
materials. The network model includes all major metabolic pathways of central carbon
metabolism, lumped amino acid biosynthesis patlswagd a lumped reaction for cell
growth. As described previously, the-colture model consists of two compartments,
each representing a separate but idenEcabli network model for each species
(Gebreselassie and Antoniewicz, 2015)

In addition, the model accounts for the exchange of intracellular and
atmospheric C®(Leighty and Antoniewicz, 2012§5-value paameters to describe
fractional labeling of amino acids, afitalue parameters to describe the fraction of
metabolites produced by strain #pb [ g As described previousAntoniewicz et al.,

2007c) theG-value represents the fraction of a metabolite produced from labeled
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glucose, while 4G represents the fraction that is naturally unlabelethfthe

inoculum. By default, on&-value parameter was included for each measured amino
acid. Thef-value parameters represent the fraction of metabolites produced by each
species. Thévalue parameter is included for biomaksdn), and acetatd{c). For
instance, the coulture mass isotopomer distribution of acetate (MUWacuiturg IS

described as:

MID ac-cocuttures (f-ac) (MID ac-strain #) + (1- f-ac) (MID ac-strain #9

where MIDuc-strain #18Nd MIDac-strain #2are the mass isotopomer distributimin
strain #1 and strain #2. Reversible reactions were modeled as separated forward and
backward fluxes. Net and exchange fluxes were calculated as follows: 0 U ;
0 min(L , 0 ). Exchange fluxes were then scaledi@®% as follows
O L s L ) p mtTlPlux estimation was repeated at least ten times starting
with random initial values for all fluxes to find a global solution. We required that the
same solution was found at least three times starting with randorhvaltias before
the solution was declared a global solution. At convergence, 68% and 95% confidence
intervals were computed for all fluxes by evaluating the sensitivity of the minimized

SSR to flux variationgAntoniewicz et al., 2006)

5.2.7 Goodnessof-fit analysis

The®®C-MFA fitting r es ul’stdistivaktastdo dsterrbijee ct e d
the goodnessf-fit. Assuming the network model is correotd data are without gross
measurement errors, the mini midstwhtioS SR i s ¢
The number of degrees of freedom is equal to the number of fitted measurements n
minus the number of estimated independent parameters pcdémed range of SSR

values i%/apet @oghpds where U is a certain
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value, for example 0.05 for 95% confidence interval. Models that produced SSR

values above the threshold were considered statistically not acceptable.
5.3 Results

5.3.1 Multi -scale model analysis

In monacculture systemsntracellular metabolic fluxes are elucidated by using
isotopically labeled substrates known as tracers. This is done by culturing the cells in
presence fathe labeled substratehere isotopicdy labeled atoms in the tracer get
incorporaté in the biomass, resulting gpecific labeling pattes{mass isotopomer
distributiors (MID s)). The MID measurements combined with biomass specific
uptake/excretion rate measurements provide enough corst@giticidate major
metabolic fluxes. As discussed in previous Chaptars technique of elucidating
metabolism is known a$C-metabolic flux analysisi{C-MFA). However to perform
co-culture flux analysis, where specigigecifc labeling patterns angptake and
excretion rates are not readily obtained, we developed ascalg iterative model
fitting framework that incorporates both the overall population MID and concentration
measurements to estimate speaiescific fluxes as well as uptake/exaatrates.

As we discussed in the last Chapter, the ragdéile model includes two levels
amicro-scalelevel anda macrescalelevel. At the micrescale levelgo-culture®C-
MFA metabolic network model that consists of the metabolic network modellof eac
species and angdarameter (species fraction) that agasuor ceculture composition
was constructed. At the macezale level, a reactor level growth modeks
constructed in which the extracellular concentration of metabolites (as wellas CO

labeling)was modeled as a function of biomass specific uptake and excretion rates of
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each specieand time As discussed in Chapter 4, both at the miara macrescale,

a castrained leassquaresegressiorproblemwas solvedSince the microand

macio-scale models have common growth parameters (e.g. uptake/excretion rates), we

perform this multiscale analysis iteratively, unthie results between the two scale

modelsconvergg(Figure 5.1).

I A) Tracer Experiment “

B) Multi-scale Model Fitting

I I C) Co-culture Fluxes

[1,2-13C]glucose

E. coli Azwf.

E. coli Apgi ~

Micro-scale model

| Macro-scale model

Pgi
qGIuc

2wt
quu:

fo2
1

pal
Bee

: <
‘?] ‘?}w R =
. . qwi i

| 180 —

ac, Ao,

E. coli

(Apgi) 1
v

E. coli
(Azwh)

fcoz

vt

: 50 Ac
F&

E. coli Azwf

E. coli Apgi

Figure5.1: Multi-scale ceculture flux analysis. The metabolilux in the ceculture
system is estimated through a musitiep process. A) The two strains were
co-cultured in the presence of a common tracer. The isotopic labeling in
the overall ceculture proteinogenic amino acid and the culture growth
and metabolé concentration is nasured. B) a mukscale model wa
employed to fit the MID measurement of theadture and the
growth/concentration measurement in the reactor. C) Through constrain
leastsquares regression the intraceliidad extracellular flux tas were

estimated.

5.3.2 Micro -scale model fittingvalidation using mixed cultures

Before we apply our coulture flux analysis framework tocap @ @z ok

culture system, we wanted to validate the m&rale model analysis of our method

using mixedcultures, where saples of two separate cultures warxed together

after growth. For this purpose, consider ttaccoli knockout straingpp @ knockout

of glycolysisandgp z W knockout of oxidative pentose phosphate pathwagt, we
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performed tracer experient of the twdknockoutson [1,22*C]glucose separately.

During exponential growth phase, biomass samples were collected from each culture
and mixed at three different known ratios. The biomass MID in the mixed cultures as
well as in the monaultures weremeasured using GBIS. These MID measurements
were used to perform flux analysis using both a raauture and ceculture micre

scaleE. colinetwork models with a normalized glucose uptake rates of 100 units for
both strains.

The moneculture model gavetatistically acceptable fits (at 95% confidence
level) only with moneculture samples; the mixed culture samples did not give
acceptable fit with monaulture model. Statistically acceptable fits were obtained for
mixed culture samples only when using tlosculture model (Figure 5.2A). The flux
results of the caulture fits were analyzed and compared to mouture fluxes. The
mixed culture composition estimates (i.e. thmafameter estimates in-calture
model) matches the expected true values ithede mixed cultures (Figure 5.2B).
Additionally, the intracellular flux estimates for the PGI flux for the two strains in all
mixed cultures were the same as the respective foolare fluxes (Figure 5.2C).

These results validate both the accuracy aedigion of the micregcale model fit

results in predicting the eculture composition and intracellular fluxes.

97



Co-culture model

Mono-culture model

'SSR Accpt

JMZ

€ XIA
Z XIN
b XIN
16d

JMZ

€ XIA
¢ XIN
b XIN
16d

Apgi

Apgf

60 80

40

20

(=]
o
—

o o o o
0w o T o
uonews3 v4N-0,

#Zy Jo uolpel

100

Apgi

Fraction of Azwf (expected)

H
I+
-
I

[ lapgi A
) Azwf

Ol = ==

125

Q
o
—

1 1 L
mw o Lo
M~ w0 ol

Xni 19d

-25

1€ XIIN
1< XN
11 XA

{16d

98



Figure5.2: E. c o T @z wpped culture flux analysisio validate the micro
scale ceculture flux analysis framework, . ¢ o Ando zppégeico
cultured independently on [£2C]glucose. After cell growth, biomass
samples were collected and mixed in three different ratios to get three
mixed culture samples. The isotopic labeling in the moulture samples
and mixed culture samplesve analyzed with GBIS. The measute
mass isotopomer distribution wased for monaulture and ceculture
flux analysis. Both monaulture samples gave statistically acceptable fit
at 95% confidence level with a mowalture model, while the mixed
cultures gave unacceptable fits (part A). The mixed culture samples gave
acceptable fit only with a eoulture model. The estimated-calture
composition of the mixed culture by the-colture model matches the
true expected values (part B). Moreover, the estih PGI flux in each
strain of the mixed culture by the-colture model matches the values
estimated by the monaulture flux result of their respective strain.

53.3 E. c oI igpz wkcgture metabolic rate characterization

To further understand the femtials and limits of our coulture flux analysis
framework, we consideredca-culture system of tw&. coliknockoutsmpp g i
(knockout of upper glycolysis) argdz \(khockout of oxidative pentose phosphate
pathway).Unlike theE. coliT S. cerevisiago-culture systentiscussed in Chapter 4
this co-culture consists of tw&. coli strains with identical metabolic pathways
simultaneously producing the same products; biomass, acetatdD@@g the ce
culture tracer experimendy z wvds inoculated at logr biomassatiothangpp gimnce
the growth rate ofpz wsimuch higher thagop ¢Long et al., 2016)The overall
biomass amino acid MIDs were measuretheeedifferenttime pointsduring the
exponential growth phase. In addition to the concentration of acetate, the MID of
acetate was measured as a function of timeg@fmass spectrometry was used for

online isotopic labeling measurement of £O
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Figure5.3: Minimized SSR result afpp gpiz \mbno and ceculture flux analysis.
A monao-culture and cecultureE. colimodel wadused to fit labeling data
obtained at three time posuf app @piz wdculture tracer experiment
in parallel. The minimized SSR values obtained byi@o-scak monc
culture model and coulture model along with the statistically acceptable
95% confidence intervas shown above. The minimized SSR values
obtaned by the monaulture model wersignificantly above the
statistically acceptable limit, while the nmmzed SSR values obtained
for a coculture model gave acceptable fits.

The measured eoulture MIDs were first fit with moneulture and ceculture
E. colinetwork models. A statistically unacceptable fit (at 95% confidence interval)

was obtained with thenono-culture model fit while the fit was statistically acceptable
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with the ceculture model (Figure 5)3Theability to distinguish between exlture
and moneculture labeling data through statistical analysis of model fits, despite
having the same maditalic network,can be usefudnd is highly dependent on the
careful selection of coulture trace(Gebreselassie and Antoniewi@015)

The multiscale iterative masl framework discussed earlier svapplied to this
co-culture system. The isotopic labeling and concentration measurements were
incorporated to successfully elucidate the metabolic fluxes in both strains Figure 5.4
ard TableEl. As expectedpp gtilized the oxidative pentose phosphate pathway,
while qpz wstfain metabolized glucose through glycolysis. Consistent with results
reported previouslypp glucose uptake rate wdour times lower than botipz w f
and wildtypeE. colistain(Long et al., 2016)Furhermore, estimated growth rates
indicate thatpz \grbws at a much faster rate thgap grhis difference in growth rate
was more evident in the population makeuphef coculture which initially wa
mainly composed ajpp doutovertimegz stfain overakesgpp grigure 5.5. This
population dynamics vgarecaptured in the deconvoluted glucose and acetate
measurements, whegez wdntribution increases as a function of time.-gds CQ
labeling profile restates this changing population composition evearefuil he
estimated C®@labeling (from micrescale model) ofpp @ndopz wés 44% and 6%
respectively. Thepp gtiain produces significantly more labeled Gihce it fully
utilizes the oxidative pentose phosphate pathway where the labeled first glucose
carbon (because of [+2C]glucose tracer) valost as C@ On the other hand, in
gz ywhich fully uilizes glycolysis, does ngroduce labeled C£n the
decarboxylation reaction of pyruvate dehydrogenase. Therefore, the cumulative

labeled CQ producedoy theqpp @ @pz wdpulation decreadaluring the experiment,
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capturing the changing population composition from manfy ¢goimainlypz w f
These resultdemonstrate the ability of our method to fullyaracterizemportant
growth characteristics of erltures without any cumbersome physical separation

techniques.
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Micro-scale intracellular flux results
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Figure5.5: Time dependent macigcale growth profile deconvolution. The growth
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produced bypz wwvas proportionally higher. The changing population
dynamics wa reflected in the coulture isotopic labeling of CQhat
approach a labeling of 6%p(z \mbnac-culture CQ labeling) aspz w f
accounts for significant fraction of the populatatrthe end of the
experiment.
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5.4 Conclusion

In this Chapter, the intracellular and extracellular metabolic flux ofEarwbli
pp § gz wdculture systemvas fully characterizedrhis system is ahallenging
system to deconvolute since the two compdtsbeave identical metabolic network
modek and consume/produckd same products. Through thelti-scale model
fitting approachwe deconvolute the growth curve and the contribution of eattain
to the overall substrate and product consumptiorpanduction. In addition, using a
mixed culture of knowmpp @ridgpz wé validatel the precision and accuracy of the
micro-scale model fitting approach.

The result othis flux analysis motivates thevestigation ofan even more
challenging ceculture systems that involves interaction between strains. In the next
Chapter, we extend this tool one step further and look at afeedsg ceculture

system in which one sirarelies completely on the secositain for ts carbon source.
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Chapter 6

ELUCIATING METABOLISM OF CROSS -FEEDING CO-CULTURE
SYSTEMS WITH A MULTI -SCALE 3C-METABOLIC FLUX ANALYSIS

6.1 Introduction
Cell-to-cell interaction is a key feature of microbial communities. Metabolic
crossfeeding in particular, is a ubiquitous characteristic of naturally existing
consortium(Mee et al., 2014; Ponomarova and Patil, 20lkbjact,the dependenoaf
microbeson crossfeedingmetabolitess one of the reasons ftite prevalent
ouncul turabilitydé of mosusingexistmgcatiriags, i . e. |
technologyin the laboratorfy D6 Onofri o et al ., 2010; Pande
2012; Wintermute and Silver, 2010Bhese interactiors result in arious
relationships betwaemicrobes, ranging frommutualistic in which all those involved
benefit, to competitiofFaust and Raes, 2012; Foster and Bell, 2012; Freilich et al.,
2011) Cumulatively, thigesultsin a stable workingonsortium in whicka microbial
communitycanefficiently perform tasks that would otherwise be too difficult to do in
a single organism.
Metabolic crosdeeding is common not only in naturally existing systdut
also in micobial consortia used in biotechnolo@per and Stephanopoulos, 2009;
Brenner et al., 2008; Bull and Harcombe, 20881id and Lacroix, 2013Recently,
efforts in metabolic engineering have focused on rationally designing multi
microorganism systems fefficient production and expandetchemical conversion

capabilitiegHill et al., 2017; Jones et al., 2016; Minty et al., 2013; Zhang et al.,
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2015b; Zhang and Wang, 28; Zuroff et al., 2013)The use of mukmicroorganism
systens in biotechnology takes advantageha synergistic interacti@among the
microbes. Metabolite exchange between species increases the psssiiatd
metabolic phenotyan multi-microorganism systems, i.extends its biochemical
capabilities Thiscan allow for core engineering goals suclmaximized substrate
consumption and product yield be metThis unique advantage gained from
metabolite exchange iheen applid tocomplex moleculesynthesigCamache
Zaragozeet al., 2016; Jones et al., 2018pecifically, ceculture systems have been
designed to be modular, with each strain carrying part of the total synthetic pathway
(Bader et al., 2010; Zhang et al., 2015a; Zhang and Wang,.2016js approach,
partrer species can be independently optimized with respect to their roles, and
different modules (i.e., partner strains) carlibleed in variouscombinationgo meet
theoverallbiosynthetic design objectivesor instanceJoneset al. split a long
complex @thway for the synthesis @&van-3ols which would have been an
enormous metabolic burden to incorporate in one species, into two mihries et
al., 2016) In the first module, ak. colistrain wa optimized to produce the precursor
flavanoneswhile a secondk. colistrain wasngineeredo produce flavat8ols from
the precursor

Cellular physiology characterization tools are essefarahe studyof
interacting multimicroorganism systems, batltural and synthetic. However,
development of such tools has been challendirgto their added complexitin the
past,in silico metabolic network model based approaches have been used to gain
insight into tlesesystemgBull and Harcombe, 2009; Gottstein et al., 2016;

Hanemaaijer et al., 2017; Harcombe et al., 20R4&ently, more progress was made



in quantifying the metabolism of erulture systems using isotopic labeling studies.
This isotopic labelingpased framework, known as-calture*C-metabolic flux
analysig(co-culture*C-MFA), wasdeveloped to map metabolic fluxes in@alture
systems without the need to separate cells or metab@iedseselassie and
Antoniewicz, 2015)Insteadthe overall ceculture isotopic labeling measurements
were used to deconvolutelative populationand estimat¢éhe metabolic fluxes.
However, to our knowledge this experimental approach to quantiyuttare fluxes
have never been extended to a cifegsling ceculture system.

In this chapterprevious developments in-coilture*C-MFA is extendedo a
synthetic cros$eeding ceculturesystem consisting of a glucose consuming wildtype
E. colistrain and a glucose naonsumingpp togsgll k  &rain lo adlucose
minimal media, thepp t s Istrag geliek on the acetate produced by the wildtype for
its carbon source. Through our nitdtale iterative model fitting framework, we fully
characterize the intracellular fluxes in each species along witixtrecellular

uptake/excretiomfossfeeding fluxesand reactor scale population dynamics
6.2 Material and Methods

6.2.1 Strain and growth condtions

E. coliK-12 MG1655 (ATCC Cat. No. 700925, Manassas, VA, USA)sed
as the wildtype strain. Thgpp t s Istrag gvaslobtained from the previous work by
Long et al(Long et al, 2017) The coeculture experiment was performed under
aerobic conditions at 3 in a minibioreactor with a working volume of 10 mL, as
described previouslf{Gebreselassie and Antoniewicz, 2QIE) obtain a medium that

contairs acetate with the sarnfabeling patterras in the ceculture the wildtype strain
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was first cultured on 5.4 g/L of [16C]glucose in 50 mlof M9 until mid-

exponential phase (Qby= 1.8). Some of this culture was used as acpitire for coe
culture inoculum while the rest was filtsterilized to serve as a-oolture medium.
Thegp t s Iwasppredulkured individually oran M9 medium comatining 1.8 g/L of
glucose and 1.2 g/L of acetate to ansf 0.6. Thegpp t s Ipre-quiurekand the
wildtype preculture were inoculated on to two replicates of thewlbure medium at

an intended initial OByoof 0.115 and 0.003 for culture #1 andIb and 0.002 for
culture #2 respectively. Two biomass samples were collected duringxpahential
phase at 6.8 hrs and 7.9 hrs. Isotopic labeling of harvested cells were analyzed with
GC-MS.

For monaeculture control the wildtypeas precultured on 5.4/L of [1,6-
13CJglucose in M9 until mieexponential phase (&= 1.7), where samples were
collected for inoculation. This culture was fiksterilized to serve as a culture for the
wildtype. The wildtype preulture wa inoculated in the filtesterilized medium at a
starting ORoo of 0.05. Cells were harvested at 4.3 hrs and 4.9 hrs by centrifugation for
subsequent GMS analysis. Thepp t s Imormp-gultuke control was preultured on
a mixture of 1.8 g/L of glucose and 1.2 g/L of acetate untitexmbnential phase
(ODgoo= 1.8). The culture was inoculated on 2.7 g/L of {@®]glucose and 1.2 g/L
of [2-13C]acetate. Cells were harvested at 11 hrs and 13.3 hrs by centrifugation for
subsequent GBS analysis.

For monaeculture acetate tracer experimentldtype E. coliwas precultured
on 1.2 g/L of acetate on M9 with a working volume of 10 mL until-exgonential
phase (Olkbo = 0.4), where samples were collected for inoculation. Theyltare

was inoculated into five middioreactors with a workingolume of 10 ml containing



1.2 g/L of the following acetate tracers in M®-*Clacetate, [2*Clacetate, 50% [U
13CJacetate, a mixture of 50% [tfClacetate and 50% {£C]acetate, and a mixture of
50% [U-*Clacetate and 50% {PCJacetate. Cells wereahvested during mid
exponential growth phase (betweendy=> 0.41 0.55) for subsequent isotopic
labeling analysis with G®AS. All the moneculture experiments are conducted under
aerobic condition as well.

To check glucose consumption Bycolicpp tasdtpp t s 1on apgiXtuke of
glucose and acetate culture, both strains were cultured on M9 containing a mixture of
3.2 g/L of [U-2C]glucose and 1.2 g/l of acetate or 1.6 g/L offG]glucose and 1.2
g/l of acetate respectively. Tiogp tasdbpp t s Icultgoes lwére inoculated at Qi
= 0.07 0.08 and harvested at @= 0.64 1.22 respectively. The isotopic labeling in

the protenogenic amino acid were analyzed using-W6S.

6.2.2 Analytical methods

The growth of the monoultures and caulture was moniteed by measured
the optical density at 600 nm (@9 using a spectrophotometer (Eppendorf
BioPhotometer). The optical density was converted to cell dry weight concentrations
using a predetermined Olkoi dry cell weight relationship fdE. coli (1.0 ODse =
0.32 pw/L). The glucose concentration was measured with a YSI 2700 biochemistry

analyzer (YSI, Yello Springs, OH).

6.2.3 Gas Chromatography mass spectrometry
GC-MS analysis was performed on an Agilent 7890B GC system equipped
with DB-5MS capillary columr{ 30 m, 0. 25 -phasethickshess: 0. 25

Agilent J&W Scientific), connected to an Agilent 5977 A Mass Spectrometer
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operating under ionization by electron impact (El) at 70 e\V-N&ECanalysis of tert
butyldimethylsilyl (TBDMS) derivitized protebgenicamino acids was performed as
described previouslf{Gebreselassie and Antoniewicz, 2Q1¥pass isotopomer
distributions were olained by integration and correction for natural isotope

abundancef~ernandez l., 1996)

6.2.4 GC-MS analysis of acetate

Theconcentration of acetate was determined byNE&analysis of TBDMS
derivatized acetic acidt different time points5 0 ¢ rhedionfsamplewas
collected andvas used for derivatization. A fully deuted &etic acid wa used as a
standard to quantify the acetate concentration. The injection volume fM%C
anal ysis was 1 €L and samples were injecte
1:20 to 1:40. Helium flow was maintained at 1 mL/min. The sotegerature was
maintained at 236C, the MS quad temperature at P& the interface temperature at
280°C, and the inlet temperature at 200 GC oven temperature was held at 305
for 2 minutes, increased to 140 at 5°C/min, and increased to 260 at 20°C/min
for a total run time of 15 minutes. The concentration was determinecctromparison
of mass isotopomer distribution at m/z 117, which aos both the two carbon atoms

and the deuterated standard at m/z 120.

6.2.5 Co-culture metabolic flux analysis

13C-MFA was performed using the Metran softwéYeo et al., 2004)which
is based on the elementary metabolite units (EMU) framgatkniewicz et al.,
2007a; Young et al., 2008)heE. colinetwork model used for flux calculationgs

described previously by Leighty and Antoniew{teighty and Antoniewicz, 2013)
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and isgiven in Supplemental documeiihe network moddhcludes all major

metabolic pathways of central carbon metabolism, lumped amino acid biosynthesis
pathways, and lumped reaction for cell growth. In addition, the model accounts for
the exchange of intracellular and atmospherie(Célghty and Antoniewicz, 2012)

and Gvalue parameters to describe fractional labeling of amino acids. As described
previously (Antoniewicz et al., 2007¢}he Gvalue represents the fraction of a
metabolite produed from labeled glucose, while@ represents the fraction that is
unlabeledrom the inoculum. By default, one-@lue parameter was includém

each measured amino adrkeversible reactions were modeled as separate forward
and backward fluxes. Net ameatchange fluxes were calculated as follows: v vi-vp,;
Vexch = Min(u#, Wb). Exchange fluxes were then scaled 1b00% as follows: dch o

100%] = Vexch/ (|Vne{ + Vexcn) X 100%.

For 13C-MFA of co-cultures, the micrscale model consisted of two
compartments, each representing a separate species, and an ade¢paoaaldter that
describes the eoulture composition (e.g. fraction wildtype E. coliin the coculture
is fhiomassand (L1 foiomasy describes the fraction gbp t s I). Flegpgdtiation was
repeated at least ten times starting with random initial values for all fluxes to find a
global solution. At convergence, 68% and 95% confidence intervals for all fluxes were
computed for all estimated fluxes by evaluating the sensitivity ahihamized SSR

to flux variations(Antoniewicz et al., 2006)

6.2.6 Goodnessof-fit analysis
To determine the goodnes§fit, 13C-MFA fitting resultswere subjected to a
c2-statistical test. In shqrassuming the network model is correct and data are without

gross measurement errors, the minimized SSR is a stochastic variablewith a
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distribution. The number of degrees of freedom is equal to theerurhifitted

measurements minus the number of estimated independent paramet&ise

acceptable range of SSR values is betveden(a-p) andc?.o/(a-p) , where U i s e
certain chosen threshold value, for example 0.05 for 95% confidence interval. Models

that produced SSR values above the threshold were considered statistically not

acceptable.
6.3 Results

6.3.1 E. colimono-culture acetate flux analysis

Before perfoming flux analysis omhe co-culture system, flux analysis was
first performed orE. coligrowthon acetate. The flux analysis was conductgidg
parallel labeling experimesincorporating all singly labeled acetate tracers: [1
13CJacetate and [2*Clacetate. Théestflux fit results are shown in Figure 6.1. The
results show the pathwaligs coli utilizes to takea two-carbon metabolitéacetate)and
produce all growtlprecursors and generate energlye flux result@are similar to
previously reported railts(Zhao and Shimizu, 2003)hese results alstemonstrate
that acetate tracers have enouglbiimfation to elucidatenetabolicfluxes inthe

central metabolic pathwayf E. coli.
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Figure6.1: E. coliflux analysis on acetate tracer. The results for parallel flux analysis
of E. colion [1-'3C]acetate and [2°C]acetate is shown here. These
results show the pathways in whighcoli utilizes acetate.
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6.3.2 Tracer selection

As discussed in previous chaptel® extracellular measurentsof substrates
and productgoncentrationglone do not contain enough inforneatito elucidate
intracellular metabolic fluxes. Instead, isotopically labeled substrates, known as
tracers, are used #C-MFA to elucidate fluxes. The isotopically labeled substrate
results inaunique labeling pattern in metabolites thad fanction d thefluxes. The
information obtained from labeling measurements is highly dependent on the careful
selection of tracer€Crown et al., 2016Due to the added demands of estimating
fluxes inco-culture systems, tracer setfien is an evemoreimportant step of the
procesgGebreselassie and Antoniewicz, 2QIR)ere are three consideration to make
while selecting tracers in ealturesystemsFirst, the tracer must elucidate meno
culture fluxes well. For monoultureE. coligrowth onglucose Crown et al.
demonstrated th§t,6-1°C]glucose, [1,2°C]glucose and [5;6°C]glucoseprovide the
best oerall precisionSecond, the resulting labeling pats&mmoncculture vs. ce
culture must belistinguishablgi.e.fitting co-culturelabeling datavith amonc
culture model should result astatistically unacceptable fit. Third, if the-calture
system is a croseeding the resulting labeling of thexchangednetabolite must
functionas a good tracer for the second species.

We first selectedhethree commercially available tracers that perform
optimallyin E. colimono-cultureunder glucose gmth: [1,6-**C]glucose, [1,2
13C]glucose and [5;63C]glucosg(Crown et al., 2016)To elucidateoptimaltracers for
E. colimetabolism on acetate, werformed tracer experiments with five different

tracers; [3*Clacetate[2-*Clacetate, 50% [J°C]acetate, a mixture of 50% fU
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13Clacetate and 50% {£CJacetate and a mixture of 50%-ffC]acetate and 50% {2
13CJacetate!®C-MFA was conducted for each tracer individually. Analysis of the
precision of the flux estimates ofrteal carbon metabolic pathways suggested[&iat

13CJacetateperformed leg (Figure 6.2)
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Figure6.2: Precision estimates ofE. coliflux analysis on five acetate tracers. Flux
analysis was performed & coligrowth on acetate using five different
tracersFor an acetate uptake rate of 10 standardeliation of the
flux estimateswhich serves as a measure of the precision of estimates,
are displayed above. The most precise estimates were obtained-with [2
13CJacetate tracer.

We then looked awhat the labeling athe resulting acetate tradeok like
from the threglucosetracers. The two major pathways that catabolize glucole in
coli are the glycolysis (EMP pathwaghd oxidative pentose phosphasthway
(oxPPP). The atom transitisof glucose going to AcCoA (preursor of acetate)
through these two pathwaisshown in Figre6.3. Depending on which of the two
pathway is usal, the resulting acetate labeling from the thgkesose tracers is shown
in Figure 6.3 For instance, if the glycolyssxPPP split ratio is 780, then for [1,2
13C]glucose the resulting acetate labeling is a mixtu®@Fo x 70%) =35% [U-
13CJacetateglycolysis contributionpnd(40% x 30%) =12% [213C]acetatgoxPPP
contibution). Given [213C]acetate resulted in the most precise flux estimates,
hypothesized that [1;8C]glucose, which results in 100%-f&]acetate (from
glycolysis) and 60% [23Clacetate (from oxPPP),ould perform best irelucidating

the fluxesof our caculture system.
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Figure6.3: Crossfeeding ceculture isotopic tracer selection. For créseding ce
culture systems, an important aspect of tracer selection is the isotopic
labeling pattern in the resulting crefeeding metabolite, which serves as
atracer for the recipient species. To predict the labeling pattern of the
crossfeeding metabolite (acetate), atom transition of glucose to AcCoA
is shown for the twamajor glucose catabolic pathways in wildtype
coli. Based on the split between glycof/and oxidative pentose
phosphate pathway (oxPPP) and the glucose tracer used, the resulting
acetate labeling can be predicting. For instance, for'fCRlucose, the
acetate labeling is either 50%-fECJacetate (if glycolysis is fully used)
or 40% [2'3C]acetate (if oxPPP is fully used). But if the split between
glycolysis and oxPPP is 73D, then the resulting acetate labeling will be
a mixture of (70% x 50%from glycolysis) 35% [U*Clacetate and
(30% x 40%- from oxPPP) 12% [2°C]acetate.



To corfirm this prediction wesimulated the isotopic labeling distribution of
amino acids of a crodeeding ceculture systenof two E. colistrains with various
population compositions using the three glucose traEest, we tested which of the
three glucse tracers gave labeling patterns that could distinguish between mono
culture and ceculture. For this purposee used the simulated labeling data to
perform flux analysis with both mormulture and ceculture moded. The coculture
labeling data (simulat) from all three tracers gastatisticallyunacceptable fits with
a moneculture model (SSR larger than statistical acceptability limit), while the fits
were acceptable with a -@ulture mode(Figure 6.4) The largest SSR (highly
unacceptable fit) wasbtained froni1,6-°C]glucosetracer(Figure 6.4). To assess the
performance of the tracense looked at therecision of thélux estimage obtained
using the simulated eculture labeling data. Specificallwe looked at the flux
estimates for three n@j pathwayof interest glycolysis, TCA cycle, anthe
glyoxylate shunt. As shown in Figure 66r this system, as predictatie most
accurateand precisdlux estimatesvere obtaineavith [1,6-*C]glucose tracer

experiment. Therefore, we chose thacar for our ceculture flux analysis.
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Figure6.4: Simulated cros$eeding ceculture flux analysis results. To choose the
best tracer, a crodsedingE. colistrains witha givenfluxes was
constructed. For the given flux distribution (Figure 6.5) in toetulture,
the isotopic labeling in the metabolites was simulated using three glucose
tracers; [1,21°C]glucose, [1,6°C]glucose, and [5;6°C]glucoseand for
four different ceculture compositions. Using the simulated isotopic
labelingdata flux analysis was performed with mowealture and cross
feeding ceculture network models. For all the three tracers;udture
data fitted with moneulture model did not result in a statistically
acceptable fit. Acceptable fit was obtained only witkcatiure model.
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Figure6.5: Co-culture flux results of a simulated crefegding system. To choose
the best tracer, a crefsedingE. colistrains was simulated in which the
first strain produces acetate that gets consumed by the second strain. For
the given flx distribution shown above iméco-culture, the isotopic
labeling in the metabolites was simulated using three glucose tracers;
[1,2-13C]glucose, [1,6°C]glucose, and [5;6°C]glucoseandfor four
different coculture compositions. The simulated@ature labeling data
was used to fit with caulture network model. The resulting flux
distribution in glycolysis, citrate synthase, and glyoxylate shunt for the
two strains is shown above. [1}8]glucos performed the best in
estimatingall the three fluxs in both strains.
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6.3.3 Co-culture experiment
The biomass specific ratef acetate excretion/uptaked growthrateplay an
important role in the stability of the cre=eding ceculturesystem ofE. coli
wildtype (WT) andgpp t s | Singegthe kW Tgrowth rag is three times higher than
ppt s |thegg t k& Jwasgppdullated a muchhigherbiomassensitythan the
WT in thetwo replicate cecultures Since the WT was amuch lowerbiomass
density to produce enough acetate to support the initial adetatend bypp t s |, ogl k
we supplemented acetate at the beginning of the catsrte a means t o O6pri m
p u mghie supplemented acetate will allow for a continuous source of carbon for
pp t s luntigplee iwikdtype produces enough acetate to meet the demamdake
sure that the isotopic labeling of acetate produced by the wildigpthe same as that
of supplemented at the beginning of the experiniemtmaintain steady state acetate
labeling) we used sterile filtered spent mediumét E. colicultured on [1,6
13C]glucose as the eoulture medium. The spent medium used in theuture had
more than 5 mM acetate at the beginning of theudture experimentCo-culture
cells were harvested for isotopic labeling analysis at two time pointsgahen

exponentiaphase of the caultures

6.3.4 Flux analysis through multi-scale iterative model fitting

The overall isotopic labeling of metabolites in thecodture is a function of
the isotopic labeling of metabolites in each species and the fracteatlofspecies
(Gebreselassie et. al. 2017 submitted). To perform flux analysis, we constructed a
multi-scale modethat consists ¢fi) amicro-scale metabolic networnkodelthat
incorporates the metabolic network of the tiacoli strains and anparamegr that

accounts for the fraction of each strain in thecatiure, ii)a macrascale reactor level
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model thatrepresert bioreactor level concentration measurements as a function of
uptake/excreon rates of metabolites (Figure .8t both scales, fluanalysis $ a
constraint leassquaresegressiorproblem in which the square of the difference
between theneasured and simulated data waiaimizedsubjected tstochiometric
and mass balance constraints in bothacellular metabolic networkend athe
bioreactorevel, respectively. The micrecale model was used to fit the isotopic
labeling measurements of metabolites, whkeemacrescale model wassed to fit
thereactor concentration measurements. Sihedwo scale models share some

common @rametersthe analysis was conducted iteratively until the results

converged
A) Tracer Experiment | I B) Multi-scale Model Fitting | | C) Co-culture Fluxes
Micro-scale model | Macro-scale model Glue
o2 0
ue i
i A Yot
[1,6-3C]glucose { A i
= 9 N
E. coli wt <:> B e
E. coli Aptsl Aglk~ Q- Bio 7
Bio
% % qa, qgo
a5 qe E. coli E. coli Aptsl Aglk
: X wi) (as)
2xculture * & 1 E. coli (w1 E. coli Aptsl Aglk
fcoz (A4)

Figure6.6: Co-culture'*C-metabolic fux analysis. After the tracer waelected, the
tracer experiment veaconduted (A), where the two strains were
inoculated in the presencétbe chosenracer. The caulture growth
was monitored with concgration measurements. Cells wearvested
during exponential growth phase for isotopic labeling analysis. The
isotopic labeling measurements and concentration measurenersts
fitted iteratively using the micr@cale mode{Figure B.1)and macre
scale model (B). If the flux fiteverestatistically acceptable ambnverge
between the two scalethe estimated fluxes are plotted (C).
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Thefitted results at both scales are showrrigure6.7. As expected the WT
strain catabolizes most of the glucose through glycolysis, producing acetate through
overflow metabolisn{Basan et al., 2015Theqp t s Istrag gptakes the acetate
(normalized to 100 inthemicro-scale model for easier visualizatiaar)dmetabolize
it through both the glyxylate shuntto supply biomass precursors using

gluconeogenesisindthroughthe TCA cycle to generate ATéhd reducing cdactors
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Figure6.7: Multi-scale ceculture flux results of a crodsedingE. coliwildtype -
ppt s lcoapre kystem. The mulicale flux analysis results give
insight into the intracellular flux distribution in each species as well as
the extracellular uptake/excretioates. The results sivdhat the
wildtype utilizesglucose mainly through the glycolytic pathway,
producing acetate through overflow metabolism. et s lutiligeg | k
the acetate through the TCA cycle and glyoxylate shunt. These
intracellular distribubns along with the macrscale rates provide an
important physiological information of the two strains thiscatiure
system.
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Althoughopp t s Idoegpgot gkow on glucosdone, we observed that it had a
small but significant glucose uptake in tb@culture. In fact, if glucose uptake by
pp t s Iwasqatdlldwedin the coculturenetworkmodel,a statisticallyacceptable
fit was not obtained. To check if glucosealso takerup bypp t s Iduriggggtowth
onacetate, we cultudbothepp tasdtpp t s lon apetdtekand {#Clglucoseln
this case, @y isotopic labeling in the biomassust haveeomefrom glucose
consumption. Theiomass amino acidsf qop tsisoWw considerable isotopic labeling
of metabolites, particularly in amino acids with presors from upper glycolysis and
the oxidative pentose phosphate path@agure 6.8). For example, 80of
phenylalanine carbon atoms come from the labeled glutbselarge magnitude of
glucose utilization in a PTS deficieat coligpp tstsaln can bexplained by the
transport of glucose through a nspecific galactose proton symporter, GalP,
accompanied by phosphorylation with glucokinase (Glaisset, 2005; Hernandez
Montalvo et al., 2003; Long et aR017)
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Figure6.8: Glucose ceutilization byE. coli gptsl andgptsl qolk. To study the
magnitude of glucose utilization (if any) logtsl or qptsl qglk, both
strains were cultured on isotopically fully labeled glucose and unlabeled
acetateseparatelyAfter growth, the isotopic labeling in the amino acids
of the biomass were measured. Theapic labeling measurements were
normalized to account for initial inoculum biomass present. The results
show a large caitilization of glucose and acetate tgytsl where most
amino acids incorporate the isotopically labeled carbon from glucose.
Although not at the same magnitudets! qglk also ceutilized glucose
and acetate. The isotopically labeled carbon from glucosenadg
incorporated in amino acids witligzursors located in the upper
glycolysis and pentose phosphate pathway.

The isotopic labeling in the double knockogistl  )gwehichktheoretically
blocks this altarative glucose uptake pathway,sasgnificantly reduced. However,
there was still ambservable amount of glucose consumptiondpet!  gsgdelin
isotopic labeling irsome biomass amino acids. For examplé,of the phenylalanine
carbon atomsame from the labeled glucosethe double knockout. These

measurements support the glucapeakeobservedhrough flux analysis.
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The coculture flux analysis results were compared to fluxes estimated in
monao-culture. To replicate similar culturing conditions as in thewglbure,the WT
was cultured on a spent medium of a W&.Icoli culture,i.e. a WTE. coliwas cultured
on [1,62*C]glucose, the supernatant svilter-sterilized and used as a medium for the
mono-culture Thegp t s Iwasgpgltlréd on mixture of[2-1°Clacetate traceand
[1,6-13C]glucose. The monoulture flux analysis rasts showsimilar flux
distributionsto the estimatesf the respective straims the coculture Eigure 6.9. In
both moneculture and ceculture, the wildtype strain metabolizes glucose mainly
through glycolysis and produces acetate through overflowbogsm. Thepp t s 1 g | k
uptakes the acetate to metabolize it through the TCA cycle and glyoxylate shunt for

ATP generation and gluconeogenesis respectively.
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Figure6.9: Mono-culture flux distribution oE. coligpts| qglk and wildtype As a
control to the crosfeeding ceculture system, flux analysis was
performed orE. coli gptsl qglk under a mixture of [2*Clacetate and
[1,6-13C]glucose to simulated eculture conditions (a). The wildtyge
coli was culture on a spent medium of viyipe E. colicultured on [1,6
13C]glucose to simulate eculture conditions. The flux distributions in
both cases are similar to the ones obtained-cuttoire.

6.3.5 Deconvoluting time dependent reactor concentrations

The macrescale model results provide mnportant insight into the time
dependent behaviaf the culture. The model deconvolutes the contributioeach
strain to the production @onsumption of biomass, glucose, and acetate as a function

of time. The measured QB for Cultures #1 and #2 anlde populatiorcomposition is
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shown in Figure 6.10AAs expected thepp t s laccqugts$ f&r the significant part of
thebiomassat the beginningf the culture But, by the end of the culithe WT
accounts for close toalf of thebiomass Although weobserved some glucose uptake
flux bypp t s |, comgpgrél to the uptake of the wildtyp#s contribution wa

minimal (Figure 6.10B) The cumulative acetate production and consumption by the
wildtype andpp t s lalorep gvith the ceculturemeasured andtted values are

shown in Figure 6.10C. The to@tetate consumption logp t s Istartp dmkthe
initial acetate concentration of 5.6 mM and reaches just below zero (if the wildtype
didndét produce any acetate). eBalalcesi nce t he
culture acetate concentratistarts to stabilize toward the end of the culture. Because
culture #1 had mor@&/T in the inoculum than culture #2 fiilfills the acetate
productiondemancearlier, resulting in earlier acetate concentration stabilization in
culture #1. The Gomasscurve (amount of labeled biomass in the culture) apehis

curve (fraction of wildtypeglsomatch that of the coulture estimated valuas the
micro-scalemodel (Figure 6.10D The biomasdS direct representation of the changing

population fraction of the cultuse
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Figure6.10:Deconvoluted time dependent culture behavior. The rsaate model
fit analysis enables the deconvolution of reat¢éoel concentrgon
measurements to identify the contributions of each strain. The
deconvoluted OBy measurements indicated that thecattures were
predominantly composed ghp t s lat tlep dpdgikining of the culture
(A). Over the course of the cultutlee wildtype acountsfor moreand
morefraction of the population. The glucose concentration decrease in
the culturewas mainly accounted by the wildtype consumpiiBh The
contribution of each strain for the total-colture acetate concentration is
displayed infC). Themp t s landguddtype acetate curve indicates the
acetate consumption and production by the two strains. The sum of the
two reflectstheacetate curvef theco- culture In addition the Giomass
and biomassfits show the fraction of labeled biossgmand fraction of the
wildtype strain in the caulture(D).
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6.4 Conclusion

Metabolic flux analysis is a widelysedcellular physiological characterization
tool at the metabolic level. Through this tool fluxes can be elucidated in metabolic
pathways. Howewe characterization of eoulture metabolic fluxes is a novel concept.
Particularly, crosgeeing cocultures bring about additional challenges. Here, we
implement a multscale model approach to elucidate both intracellular metabolic
fluxes and extracellar uptakeéxcretion ratescludingacetate crosteeding rate.
We also deconvoluteithe reactor levemetaboliteconcentratioato study dynamic
culture behaviors. We demonstrate that tracer selectioorigelaspect of caulture
flux analysis. It is important to choose a tracer that can elucidate-outtume fluxes
well, be able to distinguish monand coecultures, andor a crossfeeding system
shouldresult in an isotopic labeling patterntbe crossed metabolite thaservesas
an effectivetracer fortherecipient strain. A careful consideration of these fadtoa
first important step in elucidating metabolic fluxesco-culture

The multiscale modeling approach enabled us to characterize ithitace
fluxes in species and deconvolute time dependent culture level concentrations. The
intracellular fluxes reveal a typical wildtype glucose metabolism in which most of the
glucose is catabolized through glycolysis. We also obseped s |growtlyd k
acetate through glyoxylate shunt and TCA cycle. The glyoxylate shunt produces a
four-carbon atom mtabolite (malatefrom two-carbon atom substrafacetat® The
malateis metabolized throughluconeogenesis to synthesize biomass precurBoes.
framewak has also enabled the deconvolution of reactor level growth and
concentration measurements, giving detailed insight into ttoellbore population

dynamics.
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More broadly speaking, this work is angortant demonstration of the
capabilities of our ceulture metabolic flux analysis framewonkhich wasdeveloped
previouslyand been demonstratedrioninteracting cecultureby Gebreselassie et al.
2017(submitted). The extension of this frameworlatynthetic cros$eeding ce
culture is the first stem applying it to other natural or industrially relevant systems.
Particularly,this framework could support metabolic engineering effort of multi
microorganism systems as well as scientific efforts aimed at exploring consortium
metabolism. The cellularysiology of pecieswhich require partner species for

growthcanpotentiallybe elucidated usintlis co-culture*C-metabolic framework.
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Chapter 7
CONCLUSION

Multi-microorganism cellular physiology characterization tools are important
to drive metabolic engineering efforts and to study microbial consortia. Metabolic flux
analysis based on isotopic tracer labeling (typic&iB) is a unique tool that allows
guantitative elucidation of intracellular metabolic fluxes. Although various design and
implementation aspects 5IC-MFA have been developed over the past two decades,
13C-MFA for multi-microorganism systems has been limited in scope and
applicability. Previous studies 85C-MFA in multi-microorganism systems have
required physical separation of metabolites to obtain spepesfic labeling
distribution in order to estimate metdic fluxes. In this thesid,have presented and
applied a framework for eoulture>*C-MF A t hat doesndét require a
separation of cells or metabolites. The framework uses the overall isotopic labeling of
metabolites from the eoulture to estimie fluxes in each species. It utilizes the same
measurements made in meaature*C-MFA, and existing monaulture
computational frameworks can be extended and used for ih@tcoe framework.
Due to the simplicity and fluxesolving power ofhis newco-culture flux analysis
framework, we anticipatthat thismethodwill have a widespread impact in muilti

microorganism physiological studies.
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7.1 Summary of Results

In Chapter 2I presentec newframework for ceculture’*C-MFA. The
theory behind the framewk was demonstratedith a simple linear model where the
isotopic labeling of metabolites can be presented as a linear combination ef EMU
Basis Vectors (BV). The rank of the EMBV determines the number of free fluxes
that are resolvable in the system. Wothesized that if the number of free fluxes in
the coculture model is less than the range of the EBNJ all the caculture fluxes
should be resolvable. To test this hypothesis, flux analesssperformedby
minimizing the sum of the squared diffeces between measured and simulated
labeling distributions, subject to stoichiometric constraints of theuttare model.

This model incorporates two moialture models and arplarameter to estimate the
compositionIt wasdemonstrated that the fluxestire ceculture can be accurately
estimated through this approach. Additionally, the range of the-BMldepends on

the tracer used, which suggested that the observability of fluxes is directly dependent
on tracer choice. Furthermore, through simulatedetspdt was found that tracers that
perform optimally in monecultures do not necessarily perform well iradtures.

These simulated findings were then confirmed experimentally with a preliminary
analysisofafle . ¢ o T dpz wdEudture system.

Before appYying the co-culture framework to the first model system oftan
colii S. cerevisiago-culture, theS. cerevisiaé*C-MFA network modelvas
validatedin Chapter 3. The development of this comprehenS®@evIFA network
model from the genome scaledel was motivated by inconsistencies and a lack of
consensus among previously publish models. The assumptions made while
constructing this network model are discussed in detail in Chapter 3. The curated

network model wasigorouslyvalidated using paralléabeling experiments using all
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singly labeled glucose tracers and [33€]glucose tracer. Beyond its use in this work,
thevalidated network model will serve as a valuable tool for flux analysis studi&s of
cerevisiadn the future.

The coculture famework introduced in Chapter 2 was further extended in
Chapter 4 and applied to & colii S. cerevisiaeo-culture system. For this system,
the species have different metabolic network mgaeaking it easier to distinguish
speciesspecific flux pattens However, because the two species consume and produce
the same products, capturing yield or uptake/excretion rates is not possible from
concentration measurememdsne To overcome this challenge, a muddale
modelng approach was develop#uat indudes 1) a micrescale model incorporating
the metabolic network models of the two spec@sl 2) a macrscale model
capturing reactor level growth profiles. This mugtale analysiapproach
successfully estimated both intracellular reaction ratee=indcellular
uptake/excretion rates, making it an important advance-gultore flux analysis
framework. In addition to the amino acid labeling measurements, the isotopic labeling
of the products secreted by both spewiasmeasure@nd usedor flux analysis.
Furthermore, sinc8. cerevisiaeells are 5 10x larger thark. colicells, a simple
filtration-based cell separation techniguas developedh which the ceculture
samples could be filtered to obtain samples that are enriched with either of the two
specieslt was showrthatincorporatingsotopic labeling of these enriched samples
enhancd the precision of fluxestimates significantlyl hus,athough notstrictly
necessary, application of this simple separation process brought about meaningful

improvements to the flux resuliisr analysis othis caculture system.



In Chapter 5, the mutscale model fitting approach developed in Chapter 4
was applied inae . ¢ o | 1i gpzquupFgulture system. This system is more
challenging to deconvolute since bsthainshave the same metabolic network model
and produce the same products, i.e. biomass, acetate, andr@®gous to th&.
colii S. cereisiaesystem, isotopic labeling measurements of the prodvets
incorporatedo obtain more information about the contribution of each strain to the
total product synthesi€o-culture multiscale flux analysis revealed@ap gtrain that
utilized glucog through oxidative pentose phosphate pathway and grew much slower
thangz wvhich catabolized glucosmly throughthe glycolytic pathway. The time
dependent caulture composition was also estimated with the macede growth fits.

In Chapter 6the co-culture*C-MFA frameworkwas extendetlurther to
study metabolism in a cro$seding ceculture system. In this eaulture, wildtypeE.
coli was cultured with a glucose naonsumingpp t s IstragpgThappt s 1 oggl k
relied on acetate produced by thidwtype forcell growth In this ceculture system,
the importance of carefully selecting the trazes discussednlike the previous
systems which relied solely on selectioragflucose tracer, in this case the resulting
acetate labeling that is prockd by the wilekype also serves as atracerdop t s 1 g | k
andhad to be carefully analyzed. The mudtiale ceculture flux analysispproach
captured not only the intracellular fluxes in each species, but also the uptake/excretion
rates and acetate cesfeeding rates.

In this thesis, througthe different exampled, presented important
experimental design parameters to consider while implemethigagp-culture*C-
MFA framework. The following are some of the considerations to make while

designing aco-culture flux analysis experiment:
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Define cceculture system First, the ceculturesystem under
investigationshould be definethcluding all carbon sources and
potentialinteraction or croseeding. The goal of the flux analysis

experiment should aldme defined.

Determine layout of experiment Next, the layout of the
experiment should be chose®o-culture*C-MFA can be based on
a single tracer experiment or parallel labeling experiments. That
decision depends on the goal of the experiment and thgebtor
the experiment since parallel labeling experiments provide more
information than single tracer experiments, butsdsemore

expensive.

Id entify optimal mono-culture tracers. Next, optimal mone

culture tracers are identified. If two differentstrates are

consumed by the eculture components, two optimal tracers can be
identified for each culture. If the amilture system involves
metabolite exchange, the resulting isotopic labeling of the-cross
feeding metabolite (i.e. the tracer for the reicg strain) should be

considered carefully.



iv.  Determine the labeling of metabolites to be measure®ased on
available protocols and equipment, metabolites for isotopic labeling

measurement ardentified

v. ldentify optimal co-culture tracers. Before choosg a ceculture
tracer, simulations should be performed for sirsgidparallel
labeling experiment to pick the tracer(s) that distinguishes mono
culture and ceculture, resolves coulture fluxes, and results in
synergistic output (in parallel experimsptOnce the tracers are

selected, the tracer experiment can be condustddinalyzed

7.2 Future Directions

There are multiple opportunities to expand and optimize the tools presented in
thisthesisin future studies. The experimental design and layoutedisas the
metabolic network modeling framework are two important design parameters that
need further investigation. In addition, it is important to study if the framework

presented here can be extended to systems with more than two organisms.

7.2.1 Co-culture 3C-MFA experimental layout and design
As discussed earlier, the experimental layout, tracer selection, and choice of
labeling measurement acgtical experimental design parametéws co-culture*C-

MFA.
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7.2.1.1 Tracer selection

The importance of judicious sgtion of tracers has been briefly discussed in
Chapters 2 and 6. While selecting thecoidture traces, we suggested to consider how
well it performs in moneaulture systems, how well it distinguishes between a mono
culture and a ceulture and if the co-culture is crosgeeding, how well the resulting
crossfed metabolite performs as a tracer for the recipient organism. Fiatliager
or combination of tracethat meet all these criteria is not a triviaék Co-culture
simulations must be deployéal check the optimality of different tracers. Since the
search space is large, a good starting point is to identify optimal-mdtuwe tracers.

It is important to highlight the findings in Chapter 2, where some trétats
performed fairly well irmono-cultures performed poorly in erultures. Therefore,
once a range of optimal mormoilture tracers are identified, their performance and
ability to distinguish between moraultures and ceultures, as well as to estimate co
culture fluxes with high predisn, must be examined.

A logical extension to this work is to identify optimal tracers for different
carbon sources. The work by Crown et al. over the past few years has contributed a
manyinsighsinto the performance of different glucose tracers in rrariture
systemgCrown et al., 2016, 2015, 2012; Crown and Antoniewicz, 208iR)ilar
analysis can be performed for variamtkercarbon sourcesncluding xylose, acetate,
pyruvate, citrate, glutamate, and aspartate. Identification of good tfaceesious
alternativecarbon sources is an important piece of information that can dramatically
reduce the search space foratdture tracer selection. For instance, as discussed in
Chapter 6, knowledge of optimal glucose and acetate trirarsonccultureshelped
usto hypothesize optimal tracefor the crossfeeding ceculture system, whictvas

confirmed through simulatian
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7.2.1.2 Experimental layout

Another important design parameter is the experimental layout. As discussed
in the introduction, flux analysis cdre performedisa single tracer experimenmr in
replicate experiments conducted in parallel. Parallel labeling experiments have been
applied in the past to obtain higlsolution fluxes by incorporating tracers that have
synergistic effect when appliedgether in parallel labeling experiments. The same
principle can be applie co-culture’*>C-MFA studiesin the future. Although the
design space of all possible combinations of tracers-suttares is much larger
(especially if the two organisms conseitvo different substrates), tracers that have
been identified to be optimal in motwolture systems can be used as a starting point
for this endeavor. Particularly,would beuseful to investigate and identify potential
tracer combinations that have sygistic effects on flux estimate precision when used

in parallel.

7.2.1.3 Experimental measurements

The choice of metabolites for isotopic labeling measurement is another
important decision in coulture flux analysis. For instance, as discussed in Chapters 4
and 5, incorporation of isotopic labeling measurements of products produced by both
strains provided important information on the contribution of each strain to the total
product synthesis. In Chapter 2alsodiscussed the importance of measuring
metabdites that are the prodwdf condensatiomeactions.

For example, consider two organisms that produce M2 and M1 labeling in a
polymer composed of three monomers as shown in Figure 7.4250¢50 ceculture
of these organisms, if we measure the isatégdeling of each monomer in the-co

culture, we get 50% MO and 50% M1 for all monomers. Although measuring isotopic
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| abeling of each monomer pr povidergys hi gh
information on how the labeling of each monomer is relatéd @ach other. If we
measure the isotopic labeling of the total polymer in theudture, we get 50% M1

and 50% M2, which suggests that the polymer has either one of its monomers labeled
or two of its monomers labeled (i.e. there are no fully unlabelédlyg labeled

polymers in the system). This additional information gained by measuring the labeling
of the polymer (i.econvoluted products) could not have been obtained from monomer
labeling measurements andhsisvery useful in ceculture flux analgis.

Moving forward, there aretheropportunities to expand the output of our
framework even further. With the help of next generation rspsstrometry
technologies, isotopic labeling measurement capabilities are grolwiegbility to
measure isotopiabeling in polymers such as peptides will be a crucial component of
multi-microorganism flux analysi€&Ghosh et al., 2014 As illustrated above, isotopic
labeling data in peptides inherently has less information (resolution) than amino acid
labeling measurements. However, in mualicroorganism systems, pepgithbeling
measurements carry valuable information since they carry convoluted labeling
information of multiple metabolites from the same species. Previously, the measured
peptides had to be unique to one speB®sh et al., 2014PDur method can resolve
this tradeoff between higiesolution information and Ve-resolution yet valuable
peptide labeling information by synergistically incorporating the two together. This
couldbe achieved by fitting both overall-@ulture amino acid and peptide labeling
datausingour micrascale model, in which case (just ligeino acids) the measured

peptidesd o rhéve to be unique to one of the specldais, inthe future, peptide
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along with amino acid labeling measurememils enable metabolic flux analysis

based cellular physiological studies in cultures containing tharetwo species.

Isotopic labeling distribution

Monomers/fragments Polymers
-
50/50 co-culture of I I
Organism1 & 2 M, M; M, M,
1
Organism 1 2 | 50%
3 50%
I I M, M; M, M,
My, M; M
Organism 2 |4 o Mi M; M,
50%

i

M, M; M, M,

Figure7.1: Isotopic labeling measurement information gained from macro
molecules. Although monomer isotopic labeling measurement provide
high resolution information, polymer labeling measurements provide
complimentary information in hothe monomer labeling is related.

7.2.2 Co-culture 3C-MFA metabolic network model and computational
framework

The modeling and computational framewdéwk analysis oto-culture systems
presented in this thesis is an extension of the existing framework forouditnoe
systemsHowever, becauséis modeling and computational framework was
originally developed for monoulture systemst faces some limitations. Compared to

a monaculture network model, a exulture network model would typically have
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more thanwice the number of reactions and free fluxes. Therefore, the-cudhoe
guadratic programming solver scheme is not necessarily as effectiveuttee

systems with many more degrees of freedom and more complex solution topology.
Additionally, introdut¢ion of a more efficient computational modeling framework,
similar to the one brought about by the EMU framework a decade ago, could play a
significant rolein reducing the computation time. Unless resolved, these issues could
limit the capability of exishg frameworks in converging theglobal solution that
results in the best flux fix. Therefore, in the futur®re network modeling and

computation development is necessary to sustain the growthooitooe3C-MFA.

7.2.3 Beyond coculture 13C-MFA

7.2.3.1 Co-culture MFA for two -state dynamic metabolism

The framework discussed in the thesis is not limited toutture systems. Any
two-state metabolic system could be analyzed with this framework. An example of
such a system is carbon catabolite repression, whialigé@s diauxicgrowth (Gorke
and Stulke, 2008; Nanchen et al., 2008)dauxic growth, the presence of a certain
substrate prevents the utilization of other substrates. For instance, in the presence of
glucose and xylosé&. colipreferentially and strictly utilizes glucose first before
utilizing xylose. To study the metabatsof this twestate system, or@uld envision
performing flux analysis usiniipe co-culture flux analysis to deconvolute time

dependent behavior.

7.2.3.2 Towards multi-culture MFA
The work presented in this thesis solely looked atudture systems. But it is

important to explore the limits of this framework in regards to the number of species
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in the culture. Another logical extension to this work is to study a-tbremore

organism cultures. More specifically, it would be important to analyze if the
proteinognic amino acid labeling measurement of the population contains enough
information to resolve fluxes in three or more spedtesthermore,lte likelihoods of
resolving fluxes in three or more organism cultcweldbe enhanced by taking more
isotopic labeling measurements. As discussed earlier, advances in mass spectroscopy
technologies that enable isotopic labeling measurement of products that are the result
of condensationge.g. peptides) could have a profound a&oipin flux analysis and

have the potential to broaden the scope of the framework presented in this thesis to
more than tweorganismcultures, paving the way for fllanalysis of naturally

relevantmicrobial consortia.
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Appendix A

SUPPLEMENTARY CONTENT FOR CHAPTER 1

M etabolic flux analysis procedure

Metabolicflux elucidationthrough tracer experimerds illustrated in Figure

Al, involves the following steps:

1.

The microorganism is cultured in the presence of a tracer {ig.
labeled glucose).

The resulting isotopic labeling distribution in the metaboljtes mass
isotopomer distribution (MID)), usually proteinogenic amino adils
measured using mass spectroscopy technigugsGCMS).

The metabolic network model of the organism is constructed.

For a given tracer, and metabolic fluxes, the isotofneliag
distribution in the metabolites can be simulated.

The metabolic fluxes in the microorganism is calculated by solving a
leastsquares residual minimization problem in which the square of the
difference between the measured MID and simulated MID is
minimized by changing the metabolic fluxes subject to the
stochiometric constraints of the network model.
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FigureA.1: Metabolic flux analysisAs discussed above metabolic flux analysis
involves a tracer experiment, network construction and flux calculation
through leastsquares regression.
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Appendix B

SUPPLEMENTARY CONTENT FOR CHAPTER 2

Co-culture metabolic flux analysis procedure

Co-culture flux analysis framework, as illustrated in Figure B1, involves the

following steps:

1.

The two organisms are cultured togethergresence of a tracer (e.qg.
13C-labeled glucose).

The resulting isotopic labeling distribution in the metabolites of the co
culture (i.e. mass isotopomer distribution (MID)), usually proteinogenic
amino acidsis measured using mass spectroscopy techniques (e-g. GC
MS).

The coculture metabolic network model that includes a
compartmentalized network model of each organism is constructed.

For a given tracer, metabolic fluxeseach speciesnd ceculture
compasition, the isotopic labeling distribution in the metabolites can be
simulated.

The metabolic fluxes in the microorganism is calculated by solving a
leastsquares residual minimization problem in which the square of the
difference between the measured MibBd simulated coulture MID is
minimized by changing the metabolic fluxes subject to the
stochiometric constraints of the network model.



Tracer Experiment & MID Model construction & MID
measurement simulation
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FigureB.1: The procedure for coulture flux analysis. As discussed abovecatiure
flux analysis involves a tracer expment, model construction and
simulation, and flux calculation through leasfuares regression.
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TableB.1: Simulated mass isotopomer distributions of total metabolite labeling for
small example ceulture model

Co-culture composition of species | Metabolite E

#1/species #2 MO M1 M2

0/100 0.800 | 0.200 | 0.000

25/75 0.650 | 0.350 | 0.000

50/50 0.500 | 0.500 | 0.000

75/25 0.350 | 0.650 | 0.000

100/0 0.200 | 0.800 | 0.000

25/75 (w interaction) 0.650 | 0.350 | 0.000

50/50 (w interaction) 0.500 | 0.500 | 0.000

75/25 (winteraction) 0.350 | 0.650 | 0.000

Co-culture composition of species | Metabolite F

#1/species #2 MO M1 M2 M3 M4

0/100 0.640 | 0.320 | 0.040 | 0.000 | 0.000

25/75 0.490 | 0.320 | 0.190 | 0.000 | 0.000

50/50 0.340 | 0.320 | 0.340 | 0.000 | 0.000

75/25 0.190 | 0.320 | 0.490 | 0.000 | 0.000

100/0 0.040 | 0.320 | 0.640 | 0.000 | 0.000

25/75 (w interaction) 0.334 | 0.320 | 0.346 | 0.000 | 0.000

50/50 (w interaction) 0.236 | 0.320 | 0.444 | 0.000 | 0.000

75/25 (w interaction) 0.138 | 0.320 | 0.542 | 0.000 | 0.000
Co-culture composition of species | Metabolite G

#1/species #2 MO |M1 | M2 |[M3 |[M4 |[M5 |Mé
0/100 0.512| 0.384| 0.096 | 0.008| 0.000 | 0.000 | 0.000
25/75 0.386| 0.312| 0.168| 0.134| 0.000 | 0.000 | 0.000
50/50 0.260| 0.240| 0.240| 0.260| 0.000 | 0.000 | 0.000
75/25 0.134| 0.168| 0.312| 0.386| 0.000 | 0.000 | 0.000
100/0 0.008| 0.096 | 0.384| 0.512| 0.000 | 0.000 | 0.000
25/75 (w interaction) 0.261| 0.281| 0.293| 0.165| 0.000 | 0.000 | 0.000
50/50 (w interaction) 0.177| 0.219]| 0.323| 0.281| 0.000 | 0.000 | 0.000
75/25 (w interaction) 0.093| 0.158| 0.354| 0.396| 0.000 | 0.000 | 0.000
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Figure B.2: Results of3C-MFA obtained using a mortulture model (results shown
with black line) and ceculture model (results shown with blue line$)
simple model systenThe analysis discussed in Figure 2.3 was repeated
with smaller and larger fractions of species Hie coculture model
produced statistically acceptable fits of all data sets. The estimated fluxes
matched perfectly with the true flux values
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TableB.2:

SSR and flux results of mowalture and ceculture model fit of
simulated simple model example-colture

Norrinteracting ceculture system

17

1)

SSR Result for model:

Co-culture composition | Mono-culture Co-culture V2 SD | fl1 SD
10/90 1151 0 80 0 0.10 | 0.01
20/80 4186 0 80 0 0.20 | 0.01
30/70 8231 0 80 0 0.30 | 0.01
40/60 11930 0 80 0 0.40 | 0.01
50/50 13500 0 80 0 0.50 | 0.01
60/40 11931 0 80 0 0.60 | 0.01
70/30 8231 0 80 1 0.70 | 0.01
80/20 4186 0 80 1 0.80 | 0.01
90/10 1151 0 80 2 0.90 | 0.01
Acceptable SSR 26 24.7
Interaction ceculture system

SSR Result for model:
Co-culture Mono- Co Coculture | V2 | SD |f1 | SD | Vexch | SD
composition | culture culture | w/ intern.
10/90 9137.1 45752 |0 80 |1 0.1|0.0 |15 1
20/80 10488 3615 0 80 |1 0.2|0.0 |15 0
30/70 11494.8 | 2767.7 | O 80 |1 0.3]0.0 |15 0
40/60 11478 20334 |0 80 |1 0.4]0.0 |15 0
50/50 10148.6 | 1412.1 | O 80 |1 0.5|0.0 |15 0
60/40 7791.2 903.8 0 80 |1 0.6|0.0 |15 0
70/30 5023.3 508.4 0 80 |1 0.7]0.0 | 15 1
80/20 2478.1 226 0 80 |2 0.8 0.0 | 15 1
90/10 672.4 56.5 0 80 |3 09|0.0 | 15 2
Acceptable 26.1 24.7 23.3
SSR




TableB.3: Measured mass isotopomer distributions of total biomass amino acids
from co-culture of E. coli pgknockout and E. coli zwknockout

Fragment MID Fragment MID Fragment MID
Ala232 (M0) 41 Ser390 (M0) 33.4 Glu432 (M0) 17.8
Ala232 (M1) 16 Ser390 (M1) 21 Glu432 (M1) 13.8
Ala232 (M2) 33.8 Ser390 (M2) 30.6 Glu432 (M2) 28
Ala232 (M3) 6.7 Ser390 (M3) 10.1 Glu432 (M3) 15.3
Ala232 (M4) 2.6 Ser390 (M4) 4.1 Glu432 (M4) 155
Ser390 (M5) 0.9 Glu432 (M5) 6.6
Ala260 (M0) 404 Glu432 (M6) 2.4
Ala260 (M1) 11.6 Thr376 (M0) 32 Glu432 (M7) 0.7
Ala260 (M2) 36.7 Thr376 (M1) 20.1
Ala260 (M3) 7.9 Thr376 (M2) 28.9 Lys329 (MO0) 20.5
Ala260 (M4) 3.1 Thr376 (M3) 12.8 Lys329 (M1) 13.6
Ala260 (M5) 0.4 Thr376 (M4) 4.8 Lys329 (M2) 29.7
Thr376 (M5) 1.3 Lys329 (M3) 13.6
Gly218 (MO0) 48.1 Lys329 (M4) 15.3
Gly218 (M1) 39 Thr404 (MO0) 30.4 Lys329 (M5) 5.7
Gly218 (M2) 9.9 Thr404 (M1) 17 Lys329 (M6) 1.7
Gly218 (M3) 3 Thr404 (M2) 30.1
Thr404 (M3) 12.8 Lys431 (MO0) 17.7
Gly246 (MO) 45.1 Thr404 (M4) 7.2 Lys431 (M1) 11.9
Gly246 (M1) 39.9 Thr404 (M5) 2 Lys431 (M2) 27.8
Gly246 (M2) 11 Thr404 (M6) 0.6 Lys431 (M3) 14.7
Gly246 (M3) 3.5 Lys431 (M4) 16.6
Gly246 (M4) 0.5 Phe302 (MO) | 43.8 Lys431 (M5) 6.9
Phe302 (M1) | 40 Lys431 (M6) 3.1
Val260 (MO0) 23.2 Phe302 (M2) | 12.4 Lys431 (M7) 0.9
Val260 (M1) 11.7 Phe302 (M3) | 3.8 Lys431 (M8) 0.2
Val260 (M2) 34.9
Val260 (M3) 8.8 Phe308 (MO) | 21 Tyr302 (MO) 44
Val260 (M4) 17 Phe308 (M1) | 11.3 Tyr302(M1) 39.8
Val260 (M5) 3.2 Phe308 (M2) | 29.8 Tyr302 (M2) 12.5
Val260 (M6) 1.2 Phe308 (M3) | 9.8 Tyr302 (M3) 3.8
Phe308 (M4) | 17.8 Tyr302 (M4)
Val288 (MO0) 23.1 Phe308 (M5) | 5.4
Val288 (M1) 9.7 Phe308 (M6) | 3.5 Met218 (M0O) | 24.1
Val288 (M2) 34.5 Phe308 (M7) | 1.1 Met218 (M1) | 24.2
Val288 (M3) 10.3 Phe308 (M8) | 0.3 Met218 (M2) | 23.4
Val288 (M4) 17.1 Met218 (M3) | 20.3
Val288 (M5) 3.6 Phe336 (MO) | 21 Met218 (M4) | 6.1
Val288 (M6) 1.3 Phe336 (M1) | 10.1 Met218 (M5) | 1.9
Val288 (M7) 0.2 Phe336 (M2) | 29.8
Phe336 (M3) | 10.6 Met320 (MO) | 20.6
Leu274 (MO0) 15.6 Phe336 (M4) | 17.8 Met320 (M1) | 20.9
Leu274 (M1) 15.9 Phe336 (M5) | 5.7 Met320 (M2) | 23.5
Leu274 (M2) 23.3 Phe336 (M6) | 3.6 Met320 (M3) | 20.2
Continues next page &
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Leu274(M3) | 20.1 Phe336 (M7) | 1.1 Met320 (M4) | 8.8
Leu274 (M4) | 12.9 Phe336 (M8) | 0.3 Met320 (M5) | 4.2
Leu274 (M5) | 9.4 Phe336 (M9) | 0.1 Met320 (M6) | 1.2
Leu274 (M6) | 2.1 Met320 (M7) | 0.6
Leu274 (M7) | 0.7 Asp302 (MO) | 415

Asp302 (M1) | 35.6 His338(M0) | 7.4
16200 (M0) 23.4 Asp302 (M2) | 17.9 His338 (M1) | 16.7
1200 (M1) 13.2 Asp302 (M3) | 5 His338 (M2) | 22.7
1e200 (M2) 315 His338 (M3) | 27.6
1200 (M3) 12.2 Asp390 (MO) | 31.7 His338 (M4) | 17.6
1200 (M4) 14.6 Asp390 (M1) | 19.6 His338(M5) | 5.6
1200 (M5) 4.1 Asp390 (M2) | 29.3 His338 (M6) | 1.9
1200 (M6) 0.8 Asp390 (M3) | 13.1 His338 (M7) | 0.6
1200 (M7) 0.2 Asp390 (M4) | 5

Asp390 (M5) | 1.4 His440 (M0) | 6.5
le274 (MO) 21 His440 (M1) | 14.1
le274 (M1) 135 Asp418(M0) | 30 His440 (M2) | 20.7
le274 (M2) 30.1 Asp418 (M1) | 16.6 His440 (M3) | 19.2
le274 (M3) 135 Asp418 (M2) | 30.2 His440 (M4) | 17.1
le274 (M4) 15 Asp418 (M3) | 13 His440 (M5) | 14.8
le274 (M5) 5.1 Asp4a18 (M4) | 7.4 His440 (M6) | 5.2
le274 (M6) 15 Asp418 (M5) | 2.1 His440 (M7) | 1.9
le274 (M7) 0.3 Asp418 (M6) | 0.7 His440 (M8) | 0.4
Pro258 (M0) | 22.8 Glu330 (M0) | 21.3
Pro258 (M1) | 15.2 Glu330 (M1) | 15.6
Pro258 (M2) | 31.4 Glu330 (M2) | 30.9
Pro258 (M3) | 11.8 Glu330 (M3) | 12.9
Pro258 (M4) | 14.8 Glu330 (M4) | 14.7
Pro258 (M5) | 3 Glu330 (M5) | 3.5
Pro258 (M6) | 1.1 Glu330 (M6) | 1.2
Ser362 (M0) | 36.5
Ser362 (M1) | 23.3
Ser362 (M2) | 30.6
Ser362 (M3) | 9.6
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TableB.4: Metabolic network model dE. coliused for*C metabolic flux analysis

Glycolysis
vi  Gluc.ext (abcdef) + PEP (ghi) G6P (abcdef) + Pyr (ghi)

V2 G6P (abcdefy F6P (abcdef)

vz F6P (abcdef) + ATP FBP (abcdef)

va  FBP (abcdeff DHAP (cba) + GAP (def)
vs  DHAP (abc)* GAP (abc)

Ve  GAP (abcp 3PG (abc) + ATP + NADH
vz 3PG (abc} PEP (abc)

vs  PEP (abc} Pyr (abc) + ATP

Pentose Phosphate Pathway

Vo GG6P (abcdef) 6PG (abcdef) + NADPH

Vio 6PG (abcdef) Ru5P (bcdef) + CO2 (a) + NADPH
vii  RubP (abcde) X5P (abcde)

Viz  RubP (abcde) R5P (abcde)

viz  X5P (abcde} TK-C2 (ab) + GAP (cde)

vis  F6P (abcdef} TK-C2 (ab) + E4P (cdef)

Vis  S7P (abcdefgd TK-C2 (ab) + R5P (cdefg)

vie F6P (abcdef# TA-C3 (abc) + GAP (def)

viz  S7P (abcdefg) TA-C3 (abc) + E4P (defg)

Entner-Doudoroff Pathway
vis  6PG (abcdef) KDPG (abcdef)
Vig  KDPG (abcdef} Pyr (abc) + GAP (def)

TCA Cycle

V2o Pyr(abc) AcCoA (bc) + CO2 (a) + NADH

Va1 OAC (abcd) + AcCoA (ef) Cit (dcbfea)

V22 Cit (abcdefp ICit (abcdef)

V23 ICit (abcdef)? AKG (abcde) + CO2 (f) + NADPH

V24 AKG (abcde) SucCoA (bcde) + CO2 (a) + NADH

V25 SUcCoA (abcd}¥ Suc (%2 abed + Y2 dcba) + ATP

Vs Suc (Y2 abcd + %2 dcba) Fum (Y2 abcd + Y2 dcba) + FADH2
V27 Fum (Y2 abcd + Y2 dcb&@) Mal (abcd)

V2s Mal (abcd)? OAC (abcd) + NADH

Glyoxylate Shunt

V2o ICit (abcdef)? Glyox (ab) + Suc (Y2 edcf + %2 fcde)
Vo  Glyox (ab) + AcCoA (cd} Mal (abdc)
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Amphibolic Reactions

V31
V32
V33

Mal (abcd)- Pyr (abc) + CO2 (d) + NADH
PEP (abc) + CO2 (d) OAC (abcd)
OAC (abcd) + ATR  PEP (abc) + CO2 (d)

Acetic Acid Formation

V34

AcCoA (ab)® Ac (ab) + ATP

Amino Acid Biosynthesis

V35
V36
V37
Vsg

V39
Vao
Va1
Va2
Va3
Vaa
Vs
Vae
Va7

Vag

Va9

Vso

V51

V52

Vs3

V54

Vss5

Vse

Vs7

AKG (abcde) + NADPH + NH3 Glu (abcde)

Glu (abcde) + ATP + NH3 GIn (abcde)

Glu (abcde) + ATP + 2 NADPH Pro (abcde)

Glu (abcde) + CO2 (f) + GIn (ghijk) + Asp (Imno) + AcCoA (pq) + 5 ATP + NADI
- Arg (abcdef) + AKG (ghijk) + Fum (Imno) + Ac (pq)

OAC (abcd) + Glu (efghi) Asp (abcd) + AKG (efghi)

Asp (abcd) + 2 ATP + NH3 Asn (abcd)

Pyr (abc) + Glu (defgh) Ala (abc) + AKG (defgh)

3PG (abc) + Glu (defgh) Ser (abc) + AKG (defgh) + NADH

Ser (abc} Gly (ab) + MEETHF (c)

Gly (ab)2 CO2 (a) + MEETHF (b) + NADH + NH3

Thr (abcd) Gly (ab) + AcCoA (cd) + NADH

Ser (abc) + AcCoA (de) + 3 ATP + 4 NADPH + S©4Cys (abc) + Ac (de)

Asp (abcd) + Pyr (efg) + Glu (hijkl) + SucCoA (mnop) + ATP + 2 NADPH.L -
DAP (Y2 abcdgfe + %2 efgdcba) + AKG (hijkl) + Suc (%2 mnop + ¥2 ponm)
LL-DAP (*2abcdefg 4 gfedcba- Lys (abcdef) + CO2 (g)

Asp (abcd) + 2 ATP + 2 NADPH Thr (abcd)

Asp (abcd) + METHF (e) + Cys (fgh) + SucCoA (ijkl) + ATP + 2 NADPHMet
(abcde) + Pyr (fgh) + Suc (Y2 ijkl + %2 lkji) + NH3

Pyr (abc) + Pyr (def) + Glu (ghijk) + NADPH Val (abcef) + CO2 (d) + AKG
(ghijk)

AcCoA (ab) + Pyr (cde) + Pyr (fgh) + Glu (ijklm) + NADPH Leu (abdghe) + CO2
(c) + CO2 (f) + AKG (ijkim) + NADH

Thr (abcd) + Pyr (efg) + Glu (hijkl) + NADPH lle (abfcdg) + CO2 (e) + AKG
(hijkl) + NH3

PEP (abc) + PEP (def) + E4P (ghij) + Glu (klmno) + ATP + NADPHPhe
(abcefghij) + CO2 (d) + AKG (kimno)

PEP (abc) + PEP (def) + E4P (ghij) + Glu (kimno) + ATP + NADPHyr
(abcefghij) + CO2 (d) + AKG (kimno) + NADH

Ser (abc) + R5P (defgh) + PEP (ijk) + E4P (Imno) + PEP (pqr) + GIn (stuvw) + &
+ NADPH- Trp (abcedklmnoj) + CO2 (i) + GAP (fgh) + Pyr (pqgr) + Glu (stuvw)
R5P (abcde) + FTHF (f) + GIn (ghijk) + Asp (Imno) + 5 ATPHis (edcbaf) + AKG
(ghijk) + Fum (Imno) + 2 NADH



One-Carbon Metabolism
Vss  MEETHF (a) + NADH- METHF (a)
Vs  MEETHF (a)- FTHF (a) + NADPH

Oxidative Phosphorylation
Veo NADH + % 02- 3 ATP
Ve1 FADH2 + % 02- 2 ATP

Transhydrogenation
Ve2 NADH?2 NADPH

ATP Hydrolysis
Ves ATP- ATP:ext

Transport

Vea Ac (ab)- Ac.ext (ab)
Ves CO2 (a)- CO2.ext (a)
Ves O2.ext- O2

Vez  NH3.ext- NH3

Ves SO4.ext SO4

Biomass Formation

Ve 0.488 Ala + 0.281 Arg + 0.229 Asn + 0.229 Asp + 0.087 Cys + 0.250 Glu + 0.2F
+ 0.582 Gly + 0.090 His + 0.276 lle + 0.428 Leu + 0.326 Lys + 0.146 Met + 0.17
+0.210 Pro + 0.205 Ser + 0.241 Thr + 0.054 Trp + 0.131 Tyr + 0.402 Val + 0.2(
G6P + 0.071 F6P + 0.754 R5P + 0.129 GAP + 0.619 3PG + 0.051 PEP + 0.083 |
2.510 AcCoA + 0.087 AKG + 0.340 OAC + 0.443 MEETHF + 33.247 ATP +5.3
NADPH - 39.68 Biomass + 1.455 NADH

CO; Exchange
vzo  COu.unlabeled (a) + COb)- CO:(a) + CQ.out (b)

The ret effect of reaction#is exchange of intracellular G@r an unlabeled C©
without affecting intracellular carbon balances.
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Appendix C

SUPPLEMENTARY CONTENT FOR CHAPTER 3

TableC.1: Summary of inconsistency in previously publish€MFA network
model forS.cerevisiae
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o o c ol < [} o [} o o [} @© o Q
OlolINled|loa|NlIS|IS|uw]lClOo]lalul=
TCA cycle Metabolite compartments : M- mitochondria, C- cytoplasm
Pyr M,C | M,C MC | MC | MC | MC | MC | MC | MC | MC | MC | MC
AcCoA M,C | M,C MC | MC | M M,C | M,C | M,C | M,C | MC | MC | MC
Cit M,C M
OAA M,C | MC MC | MC | M,C [ MC | MC | MC | M,C | M,C | M,C | M,C
Fum M,C M
Suc M,C M
Mal M,C M
iCit M
AKG M
SucCOA M
F - forward, B - backward, U- unspecified Transport
AcCoA(mit) 17
AcCoA(cyt) B B u B FB | FB | FB | U F.B
OAA(mit) z (FB | FB U FB | FB | FB | F,B | FB | FB | U u F,B
Pyr(mit) Z Hnwna|B u B FB | B FB | B B u u F.B
Fum(mit) Z H F.B
Suc(mit) 2z S F.B
Mal (mit) Z N F.B
Cit(mit) z ( F.B
Grey fill - one or more reactants or products are mitochondrial
Glycolysis
Gl ucose Y (F F F u F F F F F U U
Xyl ose Y P§ F
G6P Z F6P F F FB | U FB | FB | F FB | FB | FB | U U F.B
F6P +G 6 P Y G6|F F
7 F F.B
F6P z FBP F F F U F F F FB | F U U
FBP 7z G3P + F.B F,B




G3P Y PEP F.B FB | . FB | FB | FB FB | F
PEP Y Pyr F F FB | F
G3P Y Glyc F
PP-pathway

G6PY 6PG F F
6PG YV P5P 1 F FF LT F

P5P + P5P 2 F.B F.B | F.B F.B

S7P + G3P + P5P +P5P

7 P5P + P5P

G3P

S7TP + G3P 7 F.B F.B FB | F.B F.B

F6P + E4P+ S7P + G3P

Y S7P + G3P

P5P + E4P 7 F.B F.B FB | F.B F.B

F6P + G3P + P5P +E4P

Y P5P + E4P

G3P

P5P 7z C2 + ( F.B FB FB
F6P z C2 + FB F.B F.B
S7Pz _C2 + P5F F.B F.B F.B
F6P 2z C3 + ( F.B F.B F.B
S7P z C3 + F.B F.B F.B
F6P + P5P 2

P5P + G3P 2

P5P 7z S7P + F.B

Phosphoketolase

P5P 7z G3P + | [

TCA Cycle

Pyr Y AcCo/ F F F F F F F F
OAA + AcCoA F E E F F F F
Cit Y lcit F F F
Tcit Y AKG F FF T F_|F
AKG Y Suc F F F F . F
Suc Y SucCqd F

SUcCoA 2R F F.B | F.B F.B | F.B F.B
Fum 2z Mal F FB | F.B FB | F.B F.B
Ma | z OAA F F.B | F.B FB | F,.B FB | FB
Fum + Fum \

OAA F.B

OAA Y Fum

Suc Y 0. 5S4y F

Fum Y 0. 5FU .

0.5Fum

SucCoA Y 0. B
0.5Suc '
0.5Suc + 0.5 FB
0.5Fum + 0.5Fum '
0O.5Fum + 0. § F.B
Anaplerotic /Gluconeogenesis

Pyr + CO2 \ F F F F F F FB | F
Ma | Y Pyr A F F F F F FB | F
OAA Y PEP + F F F F F F.B
OAA Y Pyr A F

PEP + CO2 \ F

OAA 7z Mal F.B
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Ma | Z Fum F.B
Fum Y 0.5 FH
F
Fum
Fumz Suc F.B
Suc Y 0.5 ¢ F
G3P Y 0.5 ( F
G3P
Cit Y OAA + F
Fermentation
Pyr Y Aald|F F u F F F F F u F F
Aal d Y Ac F F U F.B F F FB |FB | U F F
Aal d Y EtoKF F U F.B F FB |[FB | U F F
G3P Y GlycqgF F u F,B F FB | FB | U F
Ac Y AcCoA |F F U F.B F F F F u u F F
AKG 72 OHG u
TableC.2: Major assumptions made while constructii@MFA network model of
S. cerevisia@inder glucose growtbonditions
Assumptions Justification Reference
1 | AcCoA does not transport AcCoA transport through mitochondrial Chenetal., 2012

through the mitochondrial
membrane

membrane proceeds through the
carnitine/acetyktarnitine shuttle, which
requires carnitine. Since carnitine is not
synthesizale novan S. cerevisiagunless it
is supplemented, AcCoA cannot be
transported across tlyeast mitochondrial
membrane

van Roermund et
al., 1999

2 | AcCoA doesn't transport throug| In the presence of gluse, this process is | This work
the peroxisomal membrane very unlikelyto occureas the activity of the
through acetate (i.e. by glyoxylate shunt is known to be very low
converting to acetate in the and the transport of AcCoA through this
cytosol and back to AcCoA in | process is energy intensive (a net 1 ATP
the peroxisome) cost for every AcCoA transport)
3 | AcCoA doesn'transport through| The transport of AcCoA through This work
the perxoisomal membrane peroxisomal membrane using fatty acid a
through fatty acid (i.e. by shuttle isvery unlikely as synthesis and
converting to fatty acid in the breakdown of fatty acid would require larg
cytosol and back to AcCoA in | amount of ATP loss (1 ATP per AcCoA
the peroxisome through beta | linkage)
oxidation)
4 | The peroxisome compartment i{ Because of assumptions 2 and 3 This work

not relevant for*C-MFA of the
central carbon metabolic
pathway ofS. cerevisia@inder
glucose growth conditions.
Peroxisomal and cytosolic
glyoxylate shunt are lumped

together
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5 | The transport of succinate into | Succinate is transported into the Palmieri et al.,
the mitochondria is irreversible | mitochondria by thelicarboxylate carrier | 1999b
(DIC) in exchange for inorganic phosphat({ Palmieri et al.,
The transfer of the phosphate back to 2006
mitochondrial matrix requires etwansport
of a proton at the expense of the proton
motive force. Therefore, the transport of
succinate results in the theo-transport of a
proton into the mitochondrial matrix. Thug
the process is considered irreversible.
6 | The transport of malate into the| Malate is transported into the mitochoradri Palmieri et al.,
mitochondria is irreversible by the dicarboxylate carrier (DIC) in 1999b
exchange for inorganic phosphate. The | Palmieri et al.,
transfer of the phosphate back to 2006
mitochondrial matrix requires emansport
of a proton at the expense of the proton
motive force. Therefore, the transport of
malate results ithe net cetransport of a
proton into the mitochondrial matrix. Thug
the process is considered irreversible
7 | The transport of oxaloacetate | Transport of oxaloaceiais accompanied | Palmieri et al.,
into the mitochondrial matrix is | by a cetransport of a proton which results| 1999a
irreversible in the loss of a proton motive force. The | Palmieri et al.,
reverse exchange is therefore considered 2006
irreversible. Maaheimo et al.,
2001
8 | The transfer of glutamaitato Transport of glutamate into the Cavero et al.,
the mitochondrial matrix is mitochondrial matrix is accompanied by th 2003
irreversible co-transport of a proton. Therefore, the Fiermonte et al.,
reverse cdransport of glutamate and 2002
proton in the direction of higher proton Palmieri et al.,
potential is hijhly unlikely. 2006
9 | mitochondrial malate/citrate The gene YBR291C that is assigned as | Kaplanet al.,
shuttle does not exist . malate/citrate transporter in the genome | 1995
cerevisiae scale model is a citrateansport protein Osterlund et al.,
(CTP). Although homology suggests that | 2013
this transporter might also transport
malate/citrate as observed in mammalian
cells such as rats, there is no experiment
evidence for the presence of malate/citrat
transport inS. cerevisiae
11 | PEP carboxylase is inactive Proteomic and transcriptomic data show | de JongGubbels
during growth on glucose that this enzyme is inactive B. cerevisiae | et al., 1995
in the presence of glucose. Gancedo and
Schwerzmann,
1976
Kolkman et al.,
2005

Proft et al., 1995
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12 | There is no cytosolic citrate TheS. cerevisia@conitase enzyme is codq Gangloff et al.,
aconitase activity by a single nuclear gene ACO1, which is | 1990

known to encode the mitochondrial
aconitase enzyme. Due tcetlack of an
isoenzyme, citrate aconitase is assume tq
only exist in the mitochondria.

13 | Mitochondrial The exchange of mitochondrial negatively Cavero et al.,
glutamate/aspartate shuttle is | charged aspartate with cytosolic glutamat 2003
irreversible is an electronegative process that is Palmieri et al.,

compensated by the transfer of H+ at the| 2006

expense of the proton motive force.
Therefore, this reaction is considered
irreversible

14

NADP+ specific dehydrogenasq
that are preant in both the
cytosol and mitochondria are
modeled irreversibly

A Cytosolic an
NADP+ specific acetaldehyde
dehydrogenase are irreversible
A Cytosolic an
NADP+ specific isocitrate
dehydrogenase are irreversible

If NADP+ specfic isocitrate dehydrogenas
and acetaldehyde dehydrogenase are
modeled reversibly in both mitochondria
and cytoplasm, they would have served &
NADPH shuttle. However, these reversibl
reactions do not serve as NADPH shuttle
since knockout of major cytoso NADPH
synthesis pathways such as oxidative
pentose phosphate pathway, NADP+
specific cytosolic isocitrate and
acetaldehyde dehydrogenases showed
growth defects as result of lower levels of
cytosolic NADPH. Therefore, the largely
independent levels of itochondrial and
cytosolic NADPH/NADP+ ratios under
different conditions suggests that the
reversibility of cytosolic and mitochondria
dehydrogenases does not serve as an
NADPH shuttle.

Castegna et al.
2010
Grabowska and
Chelstowska,
2003

Minard and
McAli sterHenn,
2005

Minard and
McAlister-Henn,
2001

15

NAD+ specific dehydrogenases
in the mitochondria are
irreversible

A mitochondria
acetaldehyde dehydrogenase ig
modeled irreversibly

A mitochondria
isocitrate dehydrogenase is
modeled irreversibly

Mitochondrial dehydrogenases is setto b
irreversible for'*3C-MFA modeling

purposes since a reversible dehydrogena
will serve as a sink for reducing equivalen

This work
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TableC.3: COMPLETERC-MFA validatedS. cerevisiaeetabolic mtwork model

Glycolysis
V1 Gluc,yc‘l' ATPyY G 60P
Vs F6Pyc+ATP,Y F RP
Vi FBPyZ D H AP GAP (net)
Ve GAPyZ 3 R&NADH,.+ ATP, (net)
V7 3PG‘.yc z P E: Ehet)
Vg PEPRcY Py#ATPy

Pentose phosphate pathway
Vg G6P.Y 6 R-G&NADPH,
Vio 6PG,Y R uyS5+MADPH,.+ CO2,
Vi1 RuSPcZ X 5 fhet)
Viz RuS5PcZ R 5 fet)
Viz X5Pyz GAHPR E-C2y (net)
Via F6Pyz E 4 PE-C2y(net)
Vis S7Pcz R 5P E-C2y(net)
Vie F6PyZz G AR E-C3yc(net)
Viz STPcz E 4 PE-C3y(net)

TCA Cycle
Vis PyrymY A c G+ANADH,m+ CO2,
Vi AcCoAym+ OACymY Gyt
Voo Citym z I (net)
Va1 ICitymY A Kyt NADPHym + CO2,
V22 ICitymY A Kyt NADH,m + CO2,
Vs AKGymY S u ce®MADHm+ CO2
V2  SucCoAm Y Syhe ATPy
Vas Sucymz F yomt FADH2ym (net)
Vs Fumymz Manlnet)
V2; Malymz O Auc+ NADH ym (net)

Glyoxylate Shunt
V28 IC'tyc Y G I % ‘BSUCyc
V2 ACCOAyc+ GlyoxycY Mgl

Cytoplasmic AcCoA synthesis
Vao AcCyc+2ATP,Y Ac GO A

Amino acid biosynthesis

Va1 AKG,c+ NADPHyc+ NH3,Y Gjc u

Va2 Gluye+ATPy+ NH3,Y GjJc n

Vis Gluy+ 2 NADPHy,c+ ATPyY Py 0

Vas  GInye + Aspyc + NADPHym+ CO2y+ 5 ATPy + 2 Gluym Y A jc §Fumyc+ Gluye +
AKG ym

Vis OACyc+GluyeZz A s pAKG, . (net)

Vis Aspyc+ GInge+ 2 ATPyY A s AGluyc
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Va7
Vg
V39
V40
Va1
Va2
Va3
Va4
Vs
Ve
Va7
Vs
Va9
Vo
Vs
Vs
Vs3
Vs4

Vss
Vse

Vs7
Vsg

Vg
Vo

V1
Ve2
V3

Vo4
Vs
Vs
V7

Vs
Vg
V7o
V71
V72

V73

3PGyc+ GluycY  Sye#AKG .+ NADH

Seflyc Z GJc ¥ MEETHFyc (net)

Aspyc+ 2 NADPHyc+ 2 ATPy)Y T r

R5Pyc + FTHFyc + Aspyc + Gln.yc + 5 ATPy Y H)Jc sFumyc + AKG,yc +2 NADH .y
Selyc + ACCOA,c + 4 NADPH,c + SO4, + 4 ATPy Y CyBACy

Aspyc + ACCOAyc + METHFyc + 2 NADPHyc + ATPy Y Mg + ACyc

OACym+ Gluymz A gnp AKG ym (net)

AKGyc+ GInyc+ NADHy Y 2,61 u

Pyrye+ Gluye Y A BAKG

Ser,cY Py#NH3,

ThryeY  Gjc Yy Acetaly

Glyoxyc + Alayc 2 G.Jc & Pyryc (net)

2 Pyrym + NADPHym + GIU_yc Y V)a'l* COZy + AKG_yc

2 Pyrym + NADPHym + Gluyc + AcCCoOAymY L @ 12 CO2 + NADH ¢ + AKG
Thrye + Pytym + NADPHym + Gluye Y 1,d+€02 + NH3y + AKG yc

E4Pyc+ 2 PERc+ Gluye + ATPy Y Ty + CO2y + AKG .

E4Py + 2 PERc + Gluyc + ATPy + NADPH,cY P 2 €CO2 + AKG ¢

E4Py + 2 PER + R5P,c + Sefyc + GInye + 3 ATPy + NADPHyc Y T e 9GAPy +
2 NADH ¢ + AKG yc

AKG ym+ 2 NADPHyc + Gluyc + 2 ATPy + AcCCoAymY L % 8CO2y + NADH ym +
NADH yc + AKG y¢

AKG ym+ 2 NADPHyc + Gluyc + 2 ATPy + AcCCOA,c Y L y8CO2,+ NADH m+
NADH ¢ + AKG y¢

2 Pyrym + NADPHym + Gluyc + ACC0oA ¢ Y L £ 42 CO2Z + NADH yc + AKG yc
Glyyez ME E TcH NADH e + NH3y + CO2, (net)

One carbon metabolis_r_n
MEETHF,.+ NADH,.Y METHF
MEETHF_yC\"( F T JdH-NADPH

Amphibolic reactions

MalymY  Pgh+ NADPHym+ CO2,
Pyry.+ CO2,+ ATPyY OAC
Fumy.z Mag (net)

Fermentation

Pyr. Y Ac @+ @02

Acetalyc + NADHy.Z2 E t /het)
Acetalyc Y  Ajet+ NADH ¢
Acetal,c Y  Ae+ NADPHy.

Redoxshuttles

Acetalym+ NADHymZ E t yQ(Het)
Acetalym Y  Aye+ NADPHym
Acetalym Y  Ayg+ NADH ym
ICitycY A KyG CO2y + NADPH,.
MalycZ O A& NADH . (net)

CO2 exchange
CO2.M0+CO2Y CQ@2CO02.snk
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V74
Vs
Ve
V77
Vg
V79

Vo
Vg1
Vg2
Vg3
Vg4
Ves
Ve
Vg7
Vs
Vgg
Vo
Vo1
Vo2

Va3

Vos
Vs
Vs

Vo7

Transport (extracellular)

Gl uc. ex+XG Gl uc
COyY CO2. ext
O2.exty Y 02
NH3.ext, VY NH3
SO4.exty Y S04
EtOHy, Y Et OH. e x't

Transport (mitochondrial)

Sucyc+ Fumymz S ph € Fumyc (net)
Cityc+ ICitymZz  Cyin 1t ICitc (net)
Malyc+ AKGymZz Magnt AKG ¢ (net)
AKG ¢+ CitymZz A Kyt Cityc (net)
Acetal,cZ A c gn(nat)

Acycz  Ask(net)

PyryeY Pyghr

OACyY OA&

SugeY SghcC

MalyeY Magnl

GluyeY Gymu

Gluyc + AspymY  Gm ti ASpyc

ATP hydrolysis
ATP,Y ATP. ext

Oxidative phosphorylation
NADH,+0502Y 1.1, ATP
NADHym+0502Y 1. 1, ATP
FADH2,n,+0502Y 1. 1, ATP

Biomass synthesis

0.585 Alayc + 0.205 Argyc + 0.13 Asnyc + 0.38 Aspc + 0.009 Cyse + 0.385 Gluy. +
0.134 Glnye + 0.37 Glyyc + 0.084 Higc + 0.246 llgc + 0.377 Leyc + 0.365 Lysc +
0.065 Met + 0.171 Phe. + 0.21 Prgc + 0.236 Sey. + 0.244 Thgc + 0.036 Trpc +
0.13 Tyryc + 0.338 Valc + 1.665 G6Rc + 0.357 R5R.: + 0.216 3PG. + 2.088

ACCOAc + 0.19 OAC, + 3.834 NADPH, + 0.173 MEETHE, + 29.764 ATR Y
40.2 Biomasg+ 0.55 NADHy.
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13C-MFA flux analysis results for all singly labeled glucose tracers

individually and in parallel as well as [+!&C]glucose.

TableC.4:
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Appendix D

SUPPLEMENTARY CONTENT FOR CHAPTER 4

TableD.1: Co-culture labeling regression to determine the composition by using the
residue and filtrate sample labeling as a proxySfoterevisia@andE.
coli labeling in the ceculture

EstimatedFraction of E. coli 71% ’
Yeast/E. coli
abundance fraction
Average carbon labeling at 10 h fitted (correction)
Co-culture
Residue | filtrate co-culture | simulation | Residue
Ala232 | 0.445 0.392 0.408 0.408 8E-09 Ala232 1.00
Ala260 | 0.300 0.289 0.294 0.292 1E-06 Ala260 1.00
Gly218 | 0.418 0.348 0.369 0.370 2E-06 Gly218 0.90
Gly246 | 0.218 0.201 0.206 0.206 2E-07 Gly246 0.90
Val260 | 0.442 0.386 0.402 0.402 7E-07 Val260 0.99
Val288 | 0.354 0.325 0.333 0.334 3E-07 Val288 0.99
Leu274 | 0.430 0.384 0.396 0.398 4E-06 Leu274 0.94
1le200 | 0.363 0.345 0.349 0.350 9E-07 1le200 1.02
lle274 | 0.365 0.346 0.350 0.351 1E-06 lle274 1.02
Pro258 | 0.411 0.374 0.386 0.384 3E-06 Pro258 1.08
Phe302| 0.215 0.196 0.201 0.201 3E-07 Phe302 1.15
Phe308| 0.281 0.257 0.264 0.263 3E-07 Phe308 1.15
Phe336| 0.250 0.233 0.239 0.238 7E-07 Phe336 1.15
Asp302 | 0.224 0.274 0.260 0.259 1E-07 Asp302 0.97
Asp390| 0.317 0.318 0.317 0.317 6E-07 Asp390 0.97
Asp418| 0.242 0.282 0.270 0.270 1E-08 Asp418 0.97
Glu330 | 0.416 0.377 0.391 0.388 1E-05 Glu330 1.11
Glu432 | 0.351 0.342 0.346 0.345 6E-07 Glu432 1.11
Lys329 | 0.420 0.340 0.361 0.360 9E-07 Lys329 1.25
Tyr302 | 0.212 0.200 0.206 0.204 3E-06 Tyr302 1.02
SSR 3E-05




TableD.2:
culture system

Micro-scale ceculture flux analysis result d.

colii S. cerevisiaeo-

Iteration #1 Iteration #2
SSR Acceptable YES YES
Flux bestfit | SD | bestfit | SD
S. cerevisiadgslycolysis
Gluc.yc + ATP.y Y G6P.yc 100 0 370 7
G6 P. yF6P.yz (net) 78 1 335 7
F6P.yc + ATP.y Y FBP.yc 80 1 351 7
FBP.yc zZz DHAP.yc + GAP. yc|80 1 351 7
DHAP.yc zZ GAP.yc (net) 80 1 351 7
GAP.yc 2z 3PG.yc + NADH. yc|1l61l 1 710 14
3PG.yc Z2 PEP.yc (net) 156 2 709 14
PEP.yc Y Pyr.yc + ATP.y 151 2 706 14
S. cerevisia€’entose Phosphate Pathway
G6P.yc Y 6PG.yc + NADPH. yl9 1 27 2
6PG.yc Y Ru5P.yc + NADPH.|9 1 27 2
Ru5P.yc ZzZ X5P.yc (net) 3 0 16 1
Ru5P.yc Z R5P.yc (net) 6 0 11 1
X5P.yc Z G@Bc(yetg + E 3 0 16 1
F6P.ycz E 4 P . xC2.yc fnet)E 0 0 -7 1
S7P.yc zZ RK3wy(ngtce + E -3 0 -9 1
F6P.yc 2z GRBWc(nety + E -3 0 -9 1
S7TP.yc 2z E3IR(Met + E 3 0 9 1
S. cerevisiad CA cycle
Pyr.ym Y AcCoA.ym + NADH.|11 1 6 0
AcCoA.ym + Ctd8. ym Y 10 0 6 0
Cit.ym z I Cit.ym (net) 10 0 6 0
I Cit.ym Y AKG.ym + NADPH.|3 2 0 1
I Cit.ym Y AKG.ym + NADH. y|O 3 6 2
AKG.ym Y SucCoA.ym + NADHO 0 0 0
SucCoA.ym Y Suc.ym + ATP.|O 0 0 0
Suc.ym Z Fum.ym + FADH2. ylO0 0 0 0
Fum.ym 2z Mal.ym (net) 0 2 0 0
Mal .ym Z OAC.ym + NADH.ym7 2 24 Inf
S. cerevisia&lyoxylate Shunt
I Cit.yc Y Glyox.yc + Suc.|O 0 0 0
AcCoA.yc + Glyox.yc Y Mal|1l 1 0
S. cerevisiad-ermentation
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Pyr.yc Y Acetal.yc + CO2.|97 1 670 14
Acetal .yc + NADH.yc 2z Et Q66 54 629 94
Acetal.yc Y Ac.yc + NADH.|14 5 31 17
Acetal.yc Y Ac.yc + NADPHS85 8 2 16
S. cerevisiad-A biosynthesis

Ac.yc + 2 ATP.y Y AcCoA.y|23 1 |13 o
S. cerevisiadkedox Shuttle

Acetal . ym + E®OAPHney m 2z -66 58 -4 145
Acetal.ym Y Ac.ym + NADPHS5 2 5 1
Acetal .ym Y Ac.ym + NADH.|O 5 21 17
I Cit.yc Y AKG.yc + CO2.y |8 3 0 2
Mal .yc zZ OAC.yc + NADH. yc|-6 0 -22 Inf
S. cerevisiadmphibolic Reactions

Fum.yc Z Mal.yc (net) 2 0 1 0
Pyr.yc + CO2.y + ATP.y Y |28 2 25 3
Mal .ym Y Pyr.ym + NADPH. y|l2 2 0 0
S. cerevisiaddmino Acid Metbolism

AKG.yc + NADPH.yc + NH3. y|47 1 0 11
Glu.yc + ATP.y + NH3.y Y |5 0 38 6
Glu.yc + 2 NADPMFHYyc + ATP 2 0 1 0
Gln.yc + Asp.yc + NADPH.ym + CO2.y + 5 ATP.y + 2 > 0 1 0
Glu.ym Y Arg.yc + Fum.yc

OAC.yc + Glu.yc Z Asp.yc 18 2 2 329
Asp.yc + Gln.yc + 2 ATP.y|l 0 1 0
3PG.yc + Glu.yc Y Ser.yc |3 1 0 72
Ser.yc zZ Gly.yc + MEETHF.|O 1 -5 2
Asp.yc + 2 NADPH.yc + 2 A1l1 2 16 3
R5P.yc + FTHF.yc + Asp.yc1 0 0 0
+ Fum.yc + AKG.yc +

?:yes.;/c.+>,/6\c(::.yc+ AcCoA.yc + 4 NAD0 0 0 0
Asp.yc + AcCoA.yc + METHF.yc + 2 NADPH.yc + ATP.

Y Met.yc + Ac.yc 1 0 0 0
g(let)y.yc z MEETHF.yc + NADH3 1 7 5
OAC.ym + Glu.ym Z Asp.ym|O0 157 | 18 Inf
AKG.yc + Gln.yc + NADH. yc|O 11 35 3
Pyr.yc + Glu.yc Y Ala.yc |4 0 2 0
Ser.yc Y Pyr.yc + NH3.y 1 1 4 83
Thr.yc Y Gly.yc + Acetal 7 2 14 3
Glyox.yc + Ala.yc z Gly.yl-1 0 -1 0
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2 Pyr.ym + NADPH.ym + Glu

AKG.yc 3 0 2 0

2 Pyrym + NADPHym+#1 u. yc + AcCoA 0 0 0 0

+2 CO2.y + NADH.yc + AKG

Thr.yc + Pyr.ym + NADPH.y2 0 1 0

+ NH3.y + AKG.yc

E4P.yc + 2 PEP.yc + Gl u.

AKG.ycy ’ 11 0 ! 0

E4P.yc + 2 PEP.yc + Glu.y1 0 1 0

Phe.yc + CO2.y + AKG.yc

E4P.yc + 2 PEP.yc + R5P.yc + Ser.yc + GIn.yc + 3 ATP 0 0 0 0

+ NADPH.yc Y Trp.yc

AKG.ym + 2 NADPH.yc + Glu.yc + 2 ATP.y + AcCoA.yn 1 1 0 0

Y Lys.yc + CO2.y + NADH.

AKG.ym + 2 NADPH.yc + Glu.yc + 2 ATP.y + AcCoA.yc > 1 > 0

Y Lys.yc + CO2.y + NADH.

2 Pyr.ym + NADPH.ym + Glu3 0 > 0

2 CO2.y + NADH.yc + AKG

S. cerevisia®ne Carbon Metabolism

MEETHF.yc + NADH.yc Y MET1 0 0 0

ME E T HF . RTEF.y&¥ + NADPH.yc 0 0 0

S. cerevisia®©xidative Phosphorylation

NADH.yc + 0.5 02.y Y 120 53 68 44
NADH.ym + 0.5 02.y Y . 87 53 |62 44
FADH2.ym + 0.5 02.y Y 1.1|0 0 0 0

S. cerevisiagMitochondrial Transport

Pyr.yc Y Pyr.ym 23 1 13 1

OAC.yc Y OAC.ym 3 2 0 0

Suc.yc Y Suc.ym 0 2 0 0

Mal .yc Y Mal .ym 0 2 1 1

Glu.yc Y Glu.ym 3 0 2 0

Glu.yc + Asp.ym Y Glu.ym|O 157 | 18 Inf
Suc.yc + Fum.ym Z Suc.ym|O 2 0 1

Cit.yc + I Cit.ym zZ Cit.ymS8 3 0 2

Mal .yc + AKG.ym Z Mal .ym|9 0 23 Inf
AKG.yc + Cit.ym zZ AKG.ym |8 3 0 2

Et OH. yc Z EtOH.ym (net) 66 58 4 145
Acetal .yc z Acetal.ym (ne|l-61 59 21 123
Ac.yc Z Ac.ym (net) -5 7 -26 17
S. cerevisiadxtracellular Transport

Gluc.ext Y Gluc.yc + XG_y|100 0 370 7

CO2.y Y CO2.ext 118 1 698 16
O2.ext Y 02.y 104 6 65 11




NH3.ext Y NH3.y 46 2 26 1
SO4.ext Y SO04.y 0 0 0 0
ATP.y Y ATP. ext 0 20 568 56
Et OH.yc Y EtOH.ext + qEtQqQO 9 625 14
AcycY Ac.ext + QgqAc_y 82 9 45 5
Biomass.y Y qgBio_y 318 12 | 180 5
CO2.MO + CO2.y Y CO2.y + |16 10 2 42
S. cerevisiadBiomass Formation

0.585 Ala.yc + 0.205 Arg.yc + 0.13 Asn.yc + 0.38 Asp.y 8 0 4 0
0.009 Cys.yc + 0.

E. coli Glycolysis

G6 P. E6P.2 (net) 55 1 78 2
F6P.e + ATP.e Y FBP.e + AT72 1 102 2
FBP.e Z DHAP.e + GAP.e (n|72 1 102 2
DHAP. e Z GAP.e (net) 72 1 102 2
ﬁﬁDlpﬂ..e?net)Jr NAD.e + ADP.e + P 155 5 204 5
3PG. e zZz PEP.e (net) 137 4 206 5
PEP.e + ADP.e Y Pyr.e + AO 7 30 2
Pyr.e + NAD.e Y AcCoA.e +| 78 10 150 4
E. coli pentose phosphate pathway

G6P.e + NADP.e Y 6PG. e + |43 1 59 2
6PG.e + NADP.e Y Ru5P. e + 37 1 49 2
Ru5P. e ZzZ X5P.e (net) 17 1 25 1
Ru5P. e Z R5P.e (net) 20 1 24 1
X5P. e 7 G@R(net) + E 17 1 25 1
F6P. e 2 EZAdLPMNed + E -7 0 -11 1
S7TP. e z RB3&LPNne® + E -11 0 -14 1
F6P. e z &BB(na) + E -11 0 -14 1
S7TP. e z ¥E3aPhnedy + E 11 0 14 1
E. coli TCA cycle

AcCoA.e + OAC.e Y Cit.e 27 3 26 2
Cit.e z ICit.e (net) 27 3 26 2
I Cit.e + NADP.e zZz AKG. e + 27 3 25 2
AKG. e + NAD.e Y SucCoA.e |16 2 13 2
SucCoA. e + ADP.e + Pi.e 2z 11 2 8 2
Suc.e + FAD.e Z2 Fum.e + F|16 2 15 1
Fum.e ZzZ Mal .e (net) 20 3 19 1
Mal . e + NAD.e Z OAC.e + N21 3 20 1
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E. coli ED-pathway

6PG. e Y KDPG. e 5 1 10 1
KDPG.e Y GAP.e + Pyr. e 5 1 10 1
E. coli Glyoxylate shunt

I Ci t Glyox.e¥+ Suc.e 1 0 1 1
AcCoA.e + Glyox.e Y Mal.el1 0 1 1
E. coli Amphibolic reactions

Mal .e + NADP.e Y Pyr.e + |0 1 0 1
Mal .e + NAD.e Y Pyr.e co 1 0 1
PEP.e + CO2.e Y OAC. e P| 30 4 29 2
OAC.e + ATP.e Y PEP. e cg1 1 0 2
E. coli Amino Acid biosynthesis

AKG.e + NADPH.e + NH3.e Y68 6 69 2
Glu.e + ATP.e + NH3.e Y g7 1 7 0
Glu.e + 2 NADPH. e + ATP.e2 0 5
ADP.e + Pi.e

Glu.e + CO2.e + GIn.e + NADPH.e + Asp.e + AcCoA.e 3 0 3 0
ATP.e Y Arg.e + AKG.

OAC. e + Glu.e Y Asp.e + AI19 2 19 1
Asp.e + NH3.e + 2 ATP.e Y2 0 2 0
Pyr.e + Glu.e Y Ala.e + A5 0 5 0
3_PG.e + Glu.e + NAD.e Y 812 1 12 0
Pi.e

Ser.e + THF.e Z Gly.e + M6 1 7 0
Gly.e + THF.e + NAD.e 2z C

+ NADH.e (net) 1 0 1 0
Thr.e + NAD.e Y Gly.e + AO 0 0 0
Ser.e + AcCoA.e + S04. ¢ oo 0 2 0
Cys.e + Ac.e + 4 NADP.e +

Asp.e + Pyr.e + Glu.e + 2 NADPH.e + ATP.e + SucCoA| 3 0 3 0
Y L-DAP.e + AKG.e +

LL.DAP. e Y Lys.e + CO2. e 3 0 3 0
Asp.e + 2 NADPH.e + 2 ATP

ADP.e + 2 Pi.e 6 1 6 0
Asp.e + METHF.e + Cys.e + 2 NADPH.e + ATP.e + > 0 > 0
SucCoA.e Y Met.e + Pyr.e

2 Pyr.e + NADPH. e + Glu. e

AKG.e 4 0 4 0
2Pyre+AcCoAe+GlueNADPH. e + NAD4 0 5 0
+2 CO2.e + AKG.e + NA

Thr.e + Pyr.e + Glu.e + N

AKG.e + NADP.e + NH3.e 3 0 3 0
E4P.e + 2 PEP.e + Glu. e +2 0 > 0

CO2.e + AKG.e + NADP.e
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E4P.e + 2 PEP.e + Glu.e * 0 1 0
Tyr.e + CO2.e + AKG.e

E4P.e + 2 PEP.e + R5P.e + Ser.e + GlIn.e + NADPH.e 4 1 0 1 0
ATP.e Y Trp.e + CO2.

R.5P.e + FTHF. e + Gln.e + 1 0 1 0
His.e + 2 NADH.e + AK

E. coli Transhydrogenation

NADH.e + NADP.e ? NADPH.e69 [14 [46 |5
E. coli Oxidative Phosphorylation

ETAP'zH.e + 0.5 0O02.e + 3 ADP234 21 396 9
FADH2.e + 0.5 02.e + 2 AD

ATP.e 16 2 15 1
E. coli One carbon metabolism

MEETHF. e + NADH.e Y METHF2 0 2 0
MEETHF. e + NADP.e Y FTHF.|1 0 1 0
E. coli Fermentation

AcCoA.e + ADP.e + Pi.e 2z |15 [17 [87 |5
E. coli Biomass formation

0.488 Ala.e + 0.281 Arg.e + 0.229 Asn.e + 0.229 Asp.e 10 1 11 0
0.087 Cys.e + 0.25

E. coli Transport

Gluc.ext + PEP.e Y G6P. e |100 0 139 3
SO4.ext Y S04.c¢ 2 0 2 0
O2.ext Y 02.c¢e 125 10 | 206 6
CO2.e Y CO2.ext 149 8 230 6
NH3. ext Y NH3. e 72 7 73 2
ATP.e Y ATP. ext 436 123 | 1053 39
CO2. MO + CO2.e Y CO2.e + |254 27 334 42
Biomass.e Y gBio_ec 411 39 | 419 13
Ac.e Y Ac.ext + qAc_ec 20 16 |92 5
f- parameter Fraction produced by E. coli)

f - acetate 79 4 84 3
f- biomass (ceculture) 74 1 76 1
f- biomass (residue) 8 2 11 2
f- biomass (filtrate) 99 1 100 1
Net Coculture uptake and Production rate (per normalized glucose uptake)

Uptake rate of CO2.M0O 270 28 336 61
Uptake rate of Gluc.ext 200 0 509 8
Uptake rateof O2.ext 229 8 270 12
Uptake rate of NH3.ext 118 2 99 2
Uptake rate of SO4.ext 2 0 2 0
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Output rate of Ac.ext 102 9 138 7
Output rate of CO2.ext 267 4 928 17
Output rate of CO2.snk 270 28 336 61
Output rate of EtOH.ext 0 9 625 14
Output rate of ATP.ext 436 33 1620 57
G-values

G-biom- Ala (residue) 0.96 0.01 | 0.94 0.00
G-biom- Gly (residue) 0.93 0.01 | 0.92 0.01
G-biom- Val (residue) 0.94 0.00 | 0.93 0.00
G-biom- Leu (residue) 0.93 0.00 | 0.91 0.00
G-biom- lle (residue) 0.93 0.00 | 0.93 0.00
G-biom- Pro (residue) 0.90 0.00 | 0.89 0.00
G-biom- Phe (residue) 0.93 0.00 | 0.92 0.00
G-biom- Asp (residue) 0.94 0.00 | 0.93 0.00
G-biom- Glu (residue) 0.91 0.00 | 0.90 0.00
G-biom- Lys (residue) 0.91 0.00 | 0.90 0.00
G-biom- Tyr (residue) 0.86 0.01 | 0.86 0.01
G-biom- His (residue) 0.90 0.00 | 0.91 0.00
G-biom- Ala (filtrate) 0.98 0.01 | 0.98 0.01
G-biom- Gly (filtrate) 0.98 0.01 | 0.99 0.01
G-biom- Val (filtrate) 0.97 0.00 | 0.97 0.00
G-biom- Leu (filtrate) 0.96 0.00 | 0.96 0.00
G-bion lle (filtrate) 0.97 0.00 | 0.97 0.00
G-biom- Pro (filtrate) 0.96 0.01 | 0.96 0.01
G-biom- Phe (filtrate) 0.96 0.00 | 0.97 0.00
G-biom- Asp (filtrate) 0.97 0.00 | 0.97 0.00
G-biom- Glu (filtrate) 0.96 0.00 | 0.96 0.00
G-biom- Lys (filtrate) 0.96 0.00 | 0.96 0.00
G-biom- Tyr (filtrate) 0.97 0.01 | 0.98 0.01
G-biom- Met (filtrate) 0.96 0.00

G-biom+ His (filtrate) 0.96 0.01 | 0.96 0.00
G-biom- Ala (co-culture) 0.98 0.01 | 0.97 0.01
G-biom- Gly (co-culture) 0.97 0.01 | 0.97 0.01
G-biom- Val (co-culture) 0.96 0.00 | 0.96 0.00
G-biom- Leu (coeculture) 0.95 0.00 | 0.95 0.00
G-biom- lle (co-culture) 0.96 0.00 | 0.96 0.00
G-biom- Pro (coculture) 0.94 0.01 | 0.94 0.00
G-biom- Phe (ceculture) 0.95 0.00 | 0.95 0.00
G-biom- Asp (coculture) 0.96 0.00 | 0.96 0.00
G-biom- Glu (co-culture) 0.95 0.00 | 0.95 0.00
G-biom- Lys (co-culture) 0.94 0.00 | 0.94 0.00
G-biom- Tyr (co-culture) 0.96 0.01 | 0.96 0.01
G-biom- Met (co-culture) 0.95 0.00

G-biom- His (co-culture) 0.95 0.00 | 0.95 0.00
G-biom- Ac (co-culture) 0.89 0.01 | 0.89 0.01
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TableD.3: Isotopic labeling measurements of proteinogenic amino acids

E.coli | E.coli | Yeast| Yeast E.coli E.coli | E.colr
yeast yeast | yeast

t 2 t 2 Coculture| Residue | Filtrate
Ala232 (M0) | 0.436 | 0.421| 0.409 | 0.398 0.413 0.412 0.415
Ala232 (M1) | 0.173| 0.164 | 0.101 | 0.098 0.166 0.112 0.186
Ala232 (M2) | 0.307 | 0.325| 0.386 | 0.396 0.330 0.374 0.312
Ala232 (M3) | 0.061 | 0.065 | 0.074 | 0.076 0.066 0.072 0.063
Ala232 (M4) | 0.023 | 0.025| 0.030 | 0.031 0.025 0.029 0.024

Ala260 (M0O) | 0.428 | 0.414 | 0.404 | 0.393 | 0.405 0.405 0.407
Ala260 (M1) | 0.133| 0.129| 0.101 | 0.099| 0.124 0.108 0.130
Ala260 (M2) | 0.334| 0.347 | 0.379| 0.389| 0.359 0.371 0.352
Ala260 (M3) | 0.073| 0.077| 0.079 | 0.082 | 0.078 0.079 0.077
Ala260 (M4) | 0.028 | 0.030 | 0.032 | 0.033| 0.030 0.032 0.030
Ala260 (M5) | 0.004 | 0.004 | 0.005| 0.005| 0.004 0.005 0.004

Gly218 (M0O) | 0.506 | 0.488 | 0.435| 0.424| 0.485 0.448 0.501
Gly218 (M1) | 0.370 | 0.384 | 0.428 | 0.436| 0.387 0.417 0.374
Gly218 (M2) | 0.095| 0.098 | 0.103 | 0.105| 0.098 0.102 0.096
Gly218 (M3) | 0.028 | 0.030 | 0.034| 0.035| 0.030 0.033 0.029

Gly246 (MO) | 0.467 | 0.452 | 0.424 | 0.413| 0.450 | 0.430 | 0.459
Gly246 (M1) | 0.382] 0.395| 0.423| 0.431| 0.398 | 0.418 | 0.390
Gly246 (M2) | 0.111] 0.112 0.110| 0.112| 0.110 | 0.111 | 0.110
Gly246 (M3) | 0.035| 0.035| 0.037 | 0.038| 0.036 | 0.037 | 0.035
Gly246 (M4) | 0.006 | 0.006 | 0.006 | 0.006| 0.006 | 0.006 | 0.006

Val260 (M0) | 0.261 | 0.239| 0.235| 0.220| 0.230 0.231 0.230
Val260 (M1) | 0.147 | 0.135| 0.070 | 0.066 | 0.136 0.079 0.158
Val260 (M2) | 0.313 | 0.327 | 0.360 | 0.368 | 0.329 0.355 0.319
Val260 (M3) | 0.123| 0.125| 0.089| 0.091| 0.124 0.098 0.135
Val260 (M4) | 0.122 ]| 0.136 | 0.195| 0.201| 0.141 0.187 0.124
Val260 (M5) | 0.025| 0.028 | 0.037 | 0.038 | 0.029 0.036 0.026
Val260 (M6) | 0.008 | 0.010 | 0.015| 0.015| 0.010 0.014 0.009

Val288 (M0O) | 0.258 | 0.238 | 0.235| 0.220| 0.228 0.230 0.227
Val288(M1) | 0.123| 0.114 | 0.069| 0.065| 0.112 0.076 0.126
Val288 (M2) | 0.322| 0.335| 0.356 | 0.364| 0.337 0.353 0.331
Val288 (M3) | 0.118 | 0.120 | 0.090| 0.092 | 0.121 0.098 0.129
Val288 (M4) | 0.136| 0.148 | 0.193| 0.199| 0.155 0.186 0.143
Val288 (M5) | 0.030| 0.033| 0.039| 0.041| 0.034 0.040 0.032
Val288 (M6) | 0.010| 0.011 | 0.015| 0.016 | 0.012 0.015 0.011
Val288 (M7) | 0.002 | 0.002 | 0.002 | 0.002 | 0.002 0.002 0.002

Leu274 (MO) | 0.180 | 0.155| 0.168 | 0.149| 0.151 0.156 0.148
Leu274 (M1) | 0.176 | 0.168 | 0.126 | 0.124| 0.167 0.131 0.180
Leu274 (M2) | 0.241 | 0.243 | 0.223 | 0.226| 0.245 0.226 0.252




Leu274 (M3) | 0.198 | 0.209 | 0.204| 0.212| 0.208 0.209 0.208
Leu274 (M4) | 0.121 | 0.130| 0.143| 0.147| 0.131 0.143 0.127
Leu274 (M5) | 0.064 | 0.073 | 0.104| 0.109 | 0.075 0.102 0.065
Leu274 (M6) | 0.015| 0.017 | 0.024| 0.025| 0.018 0.024 0.015
Leu274 (M7) | 0.004 | 0.005| 0.007 | 0.008 | 0.005 0.008 0.004
1le200 (M0) 0.238 | 0.206 | 0.263 | 0.245| 0.223 0.242 0.214
11e200 (M1) 0.160 | 0.157 | 0.064 | 0.060 | 0.140 0.080 0.165
11e200 (M2) 0.281] 0.287| 0.369| 0.381| 0.315 0.349 0.300
11e200 (M3) 0.158 | 0.170| 0.077 | 0.079| 0.142 0.102 0.158
11e200 (M4) 0.115] 0.125| 0.187 ] 0.195| 0.135 0.175 0.118
11e200 (M5) 0.039| 0.046 | 0.030| 0.031| 0.036 0.038 0.036
11e200 (M6) 0.007 | 0.008 | 0.008 | 0.008 | 0.007 0.009 0.007
11e200 (M7) 0.002 | 0.002 | 0.002 | 0.001| 0.002 0.005 0.002
lle274 (M0) 0.212] 0.185| 0.235| 0.220| 0.200 0.218 0.191
lle274 (M1) 0.160 | 0.155| 0.076| 0.071| 0.141 0.089 0.163
lle274 (M2) 0.272] 0.275| 0.346 | 0.355| 0.300 0.329 0.287
lle274 (M3) 0.167] 0.177 | 0.096 | 0.098 | 0.154 0.118 0.169
lle274 (M4) 0.125] 0.134| 0.188 | 0.195| 0.143 0.177 0.128
lle274 (M5) 0.049 ] 0.055| 0.042 | 0.043| 0.047 0.050 0.046
lle274 (M6) 0.013] 0.014| 0.015| 0.016| 0.013 0.016 0.012
lle274 (M7) 0.003 | 0.004 | 0.002 | 0.003| 0.003 0.003 0.003
Pro258 (M0) | 0.250 | 0.220| 0.259| 0.241| 0.230 0.251 0.222
Pro258 (M1) | 0.185| 0.185| 0.094 | 0.089| 0.159 0.096 0.189
Pro258 (M2) | 0.289 | 0.296 | 0.340| 0.350 | 0.315 0.343 0.301
Pro258 (M3) | 0.141 | 0.152| 0.095| 0.098| 0.132 0.100 0.147
Pro258 (M4) | 0.106 | 0.114| 0.167 | 0.175| 0.127 0.166 0.109
Pro258 (M5) | 0.023 | 0.025| 0.032 | 0.034| 0.026 0.033 0.024
Pro258 (M6) | 0.007 | 0.008 | 0.012 | 0.013| 0.009 0.012 0.007
Phe302 (MO) | 0.460 | 0.445| 0.416| 0.404| 0.439 0.415 0.450
Phe302 (M1) | 0.384 | 0.395| 0.422 | 0.431| 0.401 0.422 0.390
Phe302 (M2) | 0.120 | 0.123| 0.123| 0.125| 0.123 0.123 0.123
Phe302 (M3) | 0.036 | 0.037 | 0.039 | 0.040| 0.037 0.039 0.037
Phe308 (MO) | 0.199| 0.178| 0.191| 0.176| 0.178 0.181 0.177
Phe308 (M1) | 0.114 | 0.107 | 0.073 | 0.069| 0.103 0.075 0.116
Phe308 (M2) | 0.268 | 0.275| 0.287 | 0.294| 0.282 0.284 0.279
Phe308 (M3) | 0.138 | 0.141| 0.112| 0.116| 0.136 0.115 0.145
Phe308 (M4) | 0.161 | 0.171| 0.194| 0.200| 0.175 0.198 0.164
Phe308 (M5) | 0.065 | 0.070 | 0.075| 0.078| 0.068 0.073 0.065
Phe308 (M6) | 0.038 | 0.041 | 0.043 | 0.044| 0.041 0.048 0.037
Phe308 (M7) | 0.013 | 0.014| 0.019| 0.019| 0.014 0.019 0.012
Phe308 (M8) | 0.004 | 0.004 | 0.005| 0.005| 0.004 0.006 0.003
Phe336 (M0O) | 0.197 | 0.176| 0.190| 0.175| 0.177 0.178 0.176
Phe336 (M1) | 0.105| 0.098 | 0.073 | 0.069 | 0.095 0.073 0.104
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Phe336 (M2) | 0.270| 0.276 | 0.285| 0.292 | 0.283 0.284 0.282
Phe336 (M3) | 0.134 | 0.138| 0.113| 0.116| 0.132 0.114 0.141
Phe336 (M4) | 0.167 | 0.175| 0.192| 0.198| 0.179 0.200 0.170
Phe336 (M5) | 0.068 | 0.073| 0.077| 0.080| 0.071 0.075 0.069
Phe336 (M6) | 0.040 | 0.043 | 0.044| 0.044| 0.043 0.050 0.040
Phe336 (M7) | 0.014 | 0.015] 0.019| 0.019| 0.015 0.018 0.013
Phe336 (M8) | 0.004 | 0.004 | 0.005| 0.005| 0.004 0.005 0.004
Phe336 (M9) | 0.001 | 0.001 | 0.001| 0.001| 0.001 0.002 0.001
Asp302 (MO) | 0.425| 0.406 | 0.407 | 0.396| 0.414 0.408 0.416
Asp302 (M1) | 0.332 | 0.331| 0.427 | 0.435| 0.366 0.424 0.343
Asp302 (M2) | 0.191| 0.207 | 0.126 | 0.129| 0.172 0.128 0.189
Asp302 (M3) | 0.052 | 0.056 | 0.040 | 0.041| 0.049 0.041 0.052
Asp390 (MO) | 0.300 | 0.277 | 0.348 | 0.340| 0.307 0.330 0.299
Asp390 (M1) | 0.226 | 0.227 | 0.136| 0.132| 0.202 0.153 0.221
Asp390 (M2) | 0.271| 0.278 | 0.343| 0.350 | 0.296 0.326 0.283
Asp390 (M3) | 0.138| 0.148 | 0.113| 0.116| 0.131 0.126 0.133
Asp390 (M4) | 0.050 | 0.054 | 0.049| 0.050| 0.050 0.052 0.050
Asp390 (M5) | 0.015| 0.016 | 0.011| 0.011| 0.014 0.013 0.014
Asp418 (MO) | 0.275| 0.250 | 0.343| 0.334| 0.289 0.324 0.276
Asp418 (M1) | 0.194| 0.191 | 0.135| 0.132| 0.175 0.149 0.186
Asp418 (M2) | 0.275| 0.281 | 0.339| 0.346| 0.301 0.325 0.290
Asp418 (M3) | 0.149| 0.158 | 0.117| 0.120| 0.139 0.130 0.143
Asp418 (M4) | 0.077 | 0.086 | 0.051| 0.053| 0.070 0.055 0.076
Asp418 (M5) | 0.024 | 0.027 | 0.012| 0.012| 0.020 0.014 0.023
Asp418 (M6) | 0.007 | 0.008 | 0.003 | 0.003| 0.006 0.003 0.007
Glu330 (M0) | 0.238 | 0.209| 0.237 | 0.217| 0.217 0.236 0.210
Glu330 (M1) | 0.186 | 0.185| 0.094 | 0.091| 0.160 0.099 0.189
Glu330 (M2) | 0.285] 0.291] 0.338 | 0.346| 0.311 0.335 0.296
Glu330 (M3) | 0.148 | 0.159| 0.108 | 0.113| 0.142 0.111 0.156
Glu330 (M4) | 0.108 | 0.117| 0.170| 0.178| 0.129 0.165 0.112
Glu330 (M5) | 0.027 | 0.029 | 0.039 | 0.042| 0.031 0.039 0.028
Glu330 (M6) | 0.008 | 0.009| 0.014 | 0.015| 0.010 0.014 0.009
Glu432 (MO) | 0.189 | 0.163| 0.207 | 0.189| 0.177 0.199 0.168
Glu432 (M1) | 0.162 | 0.155| 0.095| 0.089| 0.142 0.104 0.160
Glu432 (M2) | 0.258 | 0.260| 0.311 | 0.316| 0.282 0.300 0.272
Glu432 (M3) | 0.175| 0.186| 0.127 | 0.132| 0.167 0.140 0.179
Glu432 (M4) | 0.131 ] 0.141 | 0.172| 0.181| 0.146 0.166 0.136
Glu432 (M5) | 0.059 | 0.067 | 0.059 | 0.063| 0.059 0.062 0.059
Glu432 (M6) | 0.020 | 0.023 | 0.024 | 0.025| 0.021 0.024 0.020
Glu432 (M7) | 0.006 | 0.007 | 0.006 | 0.006 | 0.006 0.006 0.006
Lys329 (MO) | 0.209 | 0.184| 0.173| 0.153| 0.178 0.160 0.187
Lys329 (M1) | 0.166 | 0.161 | 0.150 | 0.146| 0.162 0.150 0.168
Lys329 (M2) | 0.267 | 0.271| 0.221 | 0.225| 0.264 0.225 0.282




Lys329 (M3) | 0.169 | 0.179]| 0.204| 0.211| 0.184 0.208 0.173
Lys329 (M4) | 0.123| 0.132]| 0.135| 0.141| 0.131 0.138 0.128
Lys329 (M5) | 0.052 | 0.057 | 0.093| 0.098 | 0.063 0.094 0.049
Lys329 (M6) | 0.015| 0.016 | 0.025| 0.026 | 0.017 0.025 0.014
Lys431 (M0O) | 0.180 | 0.156 | 0.151| 0.134| 0.154 0.139 0.161
Lys431 (M1) | 0.145| 0.139| 0.077| 0.070| 0.119 0.077 0.141
Lys431 (M2) | 0.252 | 0.253 | 0.245| 0.248| 0.261 0.247 0.268
Lys431 (M3) | 0.172| 0.180| 0.112| 0.114 | 0.157 0.119 0.176
Lys431(M4) | 0.143| 0.153| 0.219| 0.229 | 0.174 0.221 0.151
Lys431 (M5) | 0.069 | 0.076 | 0.081| 0.085| 0.073 0.084 0.068
Lys431 (M6) | 0.028 | 0.032 | 0.081| 0.086 | 0.045 0.081 0.027
Lys431 (M7) | 0.008 | 0.009 | 0.023| 0.025| 0.013 0.023 0.008
Lys431 (M8) | 0.002 | 0.003 | 0.009 | 0.010 | 0.004 0.009 0.002
Tyr302 (MO) | 0.457| 0.441| 0.413| 0401 | 0.437 0.417 0.447
Tyr302 (M1) | 0.386| 0.397 | 0.425| 0.433| 0.402 0.385 0.393
Tyr302 (M2) | 0.120| 0.124 | 0.123| 0.125| 0.123 0.126 0.123
Tyr302 (M3) | 0.036| 0.038 | 0.039| 0.040| 0.038 0.073 0.037
His338 (M0O) | 0.078 | 0.053 | 0.085| 0.069 | 0.046 0.072 0.039
His338 (M1) | 0.277| 0.266 | 0.177| 0.172| 0.274 0.231 0.290
His338 (M2) | 0.356 | 0.363| 0.298 | 0.299| 0.372 0.354 0.377
His338 (M3) | 0.189 | 0.205| 0.255| 0.264| 0.201 0.214 0.194
His338 (M4) | 0.070| 0.0v8| 0.128 | 0.137| 0.075 0.085 0.071
His338 (M5) | 0.022 | 0.025| 0.041 | 0.043| 0.024 0.030 0.022
His338 (M6) | 0.006 | 0.007 | 0.012 | 0.013| 0.006 0.011 0.006
His338 (M7) | 0.002 | 0.002 | 0.004 | 0.003| 0.002 0.004 0.002
His440 (M0O) | 0.068 | 0.045| 0.075| 0.060| 0.039 0.060 0.032
His440(M1) | 0.241| 0.231| 0.160| 0.152| 0.240 0.210 0.252
His440 (M2) | 0.275| 0.278 | 0.234 | 0.235| 0.289 0.278 0.291
His440 (M3) | 0.197 | 0.205| 0.199| 0.204| 0.203 0.197 0.205
His440 (M4) | 0.137| 0.148 | 0.171| 0.177| 0.144 0.154 0.140
His440 (M5) | 0.055| 0.063| 0.107 | 0.115| 0.059 0.069 0.055
His440 (M6) | 0.020 | 0.022 | 0.037 | 0.040| 0.020 0.024 0.019
His440 (M7) | 0.005| 0.006 | 0.012 | 0.014| 0.006 0.007 0.005
His440 (M8) | 0.001 | 0.001 | 0.003 | 0.003| 0.001 0.001 0.001
Acl117 (MO) 0.515 0.515 0.515
Acl117 (M1) 0.141 0.141 0.141
Acl117 (M2) 0.308 0.308 0.308
Acl117 (M3) 0.025 0.025 0.025
Acl17 (M4) 0.011 0.011 0.011
Acl117 (M5) 0.000 0.000 0.000
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Appendix E

SUPPLEMENTARY CONTENT FOR CHAPTER 5

TableE.1: Iterative micrescale flux analysis results

Iteration #1 Iteration #2
E.coligpp g| E.colijpz w] E. col|E. <col

Reaction Flux | SD | Flux SD | Flux | SD | Flux | SD
Gl uc. Ext + PEP Y G6H 100 100 56 2 194 1
G6P 72 F6P (net) 6 1 97 1 |3 1 187 |2
F6P + ATP Y FBP + A0 49 1 90 1 27 1 176 2
FBP z DHAP + GAP ( n¢g49 1 90 1 27 1 176 2
DHAP 72 GAP (net) 49 1 90 1 27 1 176 2
GAP + NAD + ADP + Pi

NADH (net) 138 | 1 176 4 78 3 346 | 3
3PG Z PEP (net) 126 | 2 163 7 73 3 326 |3
PEP + ADP Y Pyr + ATO 2 24 11 5 1 64 2
G6P + NADP Y 6PG + NO93 1 1 0 52 2 3 1
6PG + NADP Y RuS5P + 73 2 0 0 40 2 0 0
Ru5P 72 X5P (net) 44 1 -6 1 24 1 -10 0
Ru5P Z R5P (net) 29 1 6 1 15 1 11 0
X5P 7z GAP(net) E 44 |1 -6 1 |24 1 [-10 |o
F6P Zz E@Rnety E -21 1 5 1 -12 1 8 0
S7P 7 RG62XHnety E -23 1 1 0 -13 1 2 0
F6P Zz GREPMet) E -23 1 1 0 -13 1 2 0
S7P 7z EG@3Rnety E 23 1 -1 0 13 1 -2 0
6PG Y KDPG 20 2 1 0 12 1 3 1
KDPG Y GAP + Pyr 20 2 1 0 12 1 3 1
Pyr + NAD Y AcCoA + |102 |5 100 16 | 64 3 219 | 3
AcCoA + OAC Y Cit 62 12 24 4 23 3 40 2
Cit z 1 Cit (net) 62 12 24 4 23 3 40 2
I Cit + NADP 72 AKG + 62 12 23 4 23 3 37 2
AKG + NAD Y SucCoA 154 12 13 2 20 3 21 2
SucCoA + ADP + Pi z 51 12 8 2 18 3 13 2
Suc + FAD Z Fum + FA©54 12 14 2 20 3 23 1
Fum Zz Mal (net) 57 12 17 3 20 3 28 1
Ma | + NAD Z OAC + NAGS56 10 18 3 20 3 30 1
I Cit Y Glyox + Suc 0 1 1 0 0 0 2 0
AcCoA + Glyox Y Mal 0 1 1 0 0 0 2 0
Ma | + NAD Y Pyr + CdOo 2 0 0 0 1 0 0
PEP + CO2 Y OAC + Pil21 3 35 6 9 1 58 4
OAC + ATP Y PEP + CdO 2 2 2 0 0 1 2
AcCoA + ADP + Pi z A 15 10 | 50 26 | 30 3 138 | 3
AKG + NADPH + NH3 Y |45 3 63 9 20 0 106 |1
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Glu + ATP + NH3 Y GI|4 0 6 1 0 9 0

Glu + 2 NADPH + ATP

ADP + Pi 1 2 0 1 0 3 0

Glu + CO2 + GIn + NADPH + Asp + AcCoA

+5ATPYArg+AKG2 0 3 0 1 0 0

OAC + Glu Y Asp + AHKI12 1 23 2 6 0 42 2

Asp + NH3 + 2 ATP Y |2 0 2 0 1 0 4 0

Pyr + Glu Y Ala + AKS3 0 5 1 2 0 8 0

:F3>iPG + Glu + NAD Y Se8 1 7 2 3 0 10 1

Ser + THF z Gly + MH4 0 2 2 2 0 2 1

Gly + THF + NAD z Cd

NH3 + NADH (net) 0 0 4 L 0 0 8 L

Thr + NAD Y Gly + AcO 0 7 2 0 0 15 2

Ser + AcCoA + S04 +

Cys + Ac + 4 NADP + 3 ADP + 3 Pi 2 0 2 0 1 0 4 0

Asp + Pyr + Glu + 2 NADPH + ATP +

Suc Co A -DAP +AKG + 2 NADP + 2 0 3 1 1 0 5 0

ADP + P

LL-DAP Y Lys + CO2 0 3 1 1 0 5 0

Asp + 2 NADPH + 2 AT

2 ADP + 2 Pi 4 0 12 1 2 0 23 2

Asp + METHF + Cys + 2 NADPH + ATP +

SucCoA Y Met + Py-|=Pi+1 0 1 0 0 0 2 0

2 Pyr + NADPH + Gl u

T AKG 3 0 4 1 1 0 6 0

2 Pyr + AcCoA + Glu

Leu + 2 CO2 + AKG + NADP + NADH 3 0 4 1 1 0 7 0

Thr + Pyr + Glu + NA

AKG + NADP + NH3 2 0 3 0 1 0 4 0

E4P + 2 PEP + Glu +

+ CO2 + AKG + NADP + ADP + 4 Pi 1 0 2 0 1 0 3 0

E4P + 2 PEP + Glu + NADPH + NAD + ATP

Y Tyr + C0O2 + AKG + 1 0 1 0 0 0 2 0

AD

E4P + 2 PEP + R5P + Ser + GIn + NADPH A

3 ATP V Trp + co2 + |0 |0 |1 0 |0 0 |1 0

R5P + FTHF + GIn + Asp + 5 ATP + 2 NAD 0 0 0 0

Y His + 2 NADH + AKG

MEETHF + NADH Y METH1 0 1 0 0 0 2 0

MEETHF + NADP Y FTHHO 0 0 0 0 0 0 0

HAADDH * 0.5 02 + 3 AlQug1 |42 |192 |33 | 253 |15 | 420 |7

EA/TDDHZ * 0.5 02 + 2 A |12 |14 |2 |20 |3 |23 |1

NADH + NADP Z2 NADPH |-109 | 16 149 21 -61 5 257 5

ATP Y ATP. Ext 1433 | 162 | 396 191 777 56 1059 | 2

Ac Y Ac. Ext 19 12 | 55 25 | 32 3 146 | 3

CO2 Y CO2. Ext 284 | 27 125 12 144 9 259 4

02. Ext Y 02 268 | 27 103 16 136 9 222 4

NH3. Ext Y NH3 48 3 63 11 22 0 105 0

SO4. Ext Y S04 2 0 2 0 1 0 4 0

0.488 Ala + 0.281 Arg + 0.229 Asn + 0.229

Asp + 0.087 Cys + 0.25 Glu + 0.25 / 0 9 2 3 0 16 0

CO2.unl abeled + CO2 Inf Inf 4 17 Inf Inf |0 7
Continues next page &
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ExchangeReactiors

G6P 7Z F6P (exch) 0 0 0 Inf |0 0 0 Inf

FBP z DHAP + GAP (ex 49 Inf 176 Inf | 96 Inf | 340 Inf

DHAP Zz GAP (exch) 170 | Inf 75 Inf | 330 Inf | 146 Inf

N (e)-‘(-ch)N AD + ADP + Pilags |inf [ 3341 | inf | 681 | Inf | 6487 | Inf

3PG z PEP (exch) 0 Inf 3268 | Inf | 1 Inf | 6344 | Inf

Ru5P 7z X5P (exch) 43 Inf | 8 Inf | 14 Inf | 17 Inf

Ru5P zZz R5P (exch) 960 | Inf | 1299 | Inf | 1858 | Inf | 2536 | Inf

X5P 7z GAP(exeh) E 79 Inf 57 Inf | 119 Inf | 110 Inf

F6 P Zz FE@2Rexch) E 2 2 65 35 ]1 1 147 66

S7P 7 RGXHexeh) E 20 Inf 2 Inf | 58 Inf | 4 Inf

F6P 2z G-EP(exth) E 0 Inf | 48 3 0 Inf | 93 6

S7P 7z E@3Rexch) E 0 Inf | 73 Inf |0 Inf | 140 | Inf

Cit z I Cit (exch) 1 Inf | 101 Inf 11 Inf | 197 | Inf

| Cit+ NADP 2 AKG * 1907 |inf | 1301 | inf | 1758 | Inf | 2577 | Inf

(exch)

SucCoA + ADP + Pi 7 |45 Inf | 161 Inf | 87 Inf | 312 | Inf

Suc + FAD Z Fum + FAO9 Inf | 29 Inf | 184 Inf | 57 Inf

Fum 2 Mal (exch) Inf Inf | 1723 | Inf | Inf Inf | 3373 | Inf

Ma | + NAD Z OAC + NAInf Inf | 0 Inf | Inf Inf | O Inf

AcCoA + ADP + Pi z A 119 | Inf 137 Inf | 231 Inf | 266 Inf

Ser + THF z Gly + MHD525 |Inf 0 1 1019 | Inf | O 1

Gl + THF + NAD 2z C(

NH3V+ NADH (exch) 2 1 | Inf inf |1 0 |Inf |Inf

NADH + NADP Z NADPH |O Inf 31 Inf | 26 Inf | 63 Inf

f-parameter Fit SD Fit SD

f-Ac (t1) 37% | 1% 37% | 1%

f-Ac (t2) 27% | 1% 27% | 1%

f-Ac (t3) 17% | 1% 17% | 1%

f-Biom (t1) 32% | 1% 32% | 1%

f-Biom (t2) 25% | 1% 25% | 1%

f-Biom (t3) 17% | 1% 17% | 1%

G-parameter Fit SD Fit SD

G-Ac (t1) 97% | 1% 97% | 1%

G-Ac (t2) 98% | 1% 99% | 1%

G-Ac (t3) 99% | 1% 100% | 1%

G-Biom-Ala (t1) 90% | 1% 90% | 1%

G-Biom-Gly (1) 82% | 1% 82% | 1%

G-Biom-Val (t1) 87% | 0% 87% | 0%

G-Biom-Leu (1) 86% | 0% 86% | 0%

G-Biom-lle (t1) 84% | 1% 85% | 1%

G-Biom-Pro (1) 83% | 1% 84% | 0%

G-Biom-Phe (t1) 86% | 1% 86% | 0%

G-Biom-Asp (t1) 82% | 1% 83% | 1%

G-Biom-Glu (1) 86% | 0% 86% | 0%

G-Biom-Lys (t1) 84% | 0% 84% | 0%

G-Biom-Tyr (t1) 83% | 1% 83% | 1%

G-Biom-Met (t1) 84% | 1% 84% | 0%

G-Biom-His (t1) 88% | 1% 88% | 0%

G-Biom-Ala (t2) 93% | 1% 93% | 1%

G-Biom-Gly (t2) 87% | 1% 87% | 1%

G-Biom-Val (t2) 92% | 0% 92% | 0%

G-Biom-Leu (t2) 90% | 0% 91% | 0%
Continues next pageé
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89%

0%

89%
Fit

0%
SD

91%

0%

89%

1%

91%

0%

90%

0%

89%

1%

89%

0%

94%

1%

96%

0%

90%

1%

95%

0%

94%

0%

93%

0%

93%

0%

94%

0%

92%

0%

94%

0%

93%

0%

92%

1%

93%

0%

G-Biom-lle (t2) 89% | 0%
G-Biom-Pro (t2) 89% | 1%
G-parameter Fit SD
G-Biom-Phe (t2) 91% | 0%
G-Biom-Asp (t2) 88% | 1%
G-Biom-Glu (t2) 90% | 0%
G-Biom-Lys (t2) 89% | 0%
G-Biom-Tyr (t2) 89% | 1%
G-Biom-Met (t2) 89% | 0%
G-Biom-His (2) 94% | 1%
G-Biom-Ala (t3) 96% | 1%
G-Biom-Gly (t3) 89% | 1%
G-Biom-Val (t3) 95% | 0%
G-Biom-Leu (t3) 94% | 0%
G-Biom-lle (t3) 93% | 0%
G-Biom-Pro (t3) 93% | 0%
G-Biom-Phe (t3) 94% | 0%
G-Biom-Asp (t3) 92% | 1%
G-Biom-Glu (t3) 94% | 0%
G-Biom-Lys (t3) 93% | 0%
G-Biom-Tyr (t3) 92% | 1%
G-Biom-Met (t3) 93% | 0%
G-Biom-His (t3) 98% | 1%

98%

1%

204




TableE.2:

|l sotopi c |
gqzwfco-culture systenat three different time points during the
exponential growth phase

abel

@p § @pz wdculture
T1 T2 T3
Ala232 (M0) 0.433 | 0.418 | 0.406
Ala232 (M1) 0.203 | 0.184 | 0.161
Ala232 (M2) 0.284 | 0.311 | 0.339
Ala232 (M3) 0.059 | 0.063 | 0.068
Ala232 (M4) 0.021 | 0.024 | 0.026
Ala260 (M0) 0.427 | 0.412 | 0.400
Ala260 (M1) 0.131 | 0.124 | 0.116
Ala260 (M2) 0.337 | 0.354 | 0.369
Ala260 (M3) 0.072 | 0.076 | 0.079
Ala260 (M4) 0.028 | 0.030 | 0.031
Ala260 (M5) 0.004 | 0.004 | 0.004
Gly218 (MO0) 0.545 | 0.512 | 0.484
Gly218 (M1) 0.338 | 0.364 | 0.387
Gly218 (M2) 0.092 | 0.096 | 0.098
Gly218 (M3) 0.026 | 0.028 | 0.030
Gly246 (MO0) 0.499 | 0.472 | 0.450
Gly246 (M1) 0.359 |0.381 | 0.399
Gly246 (M2) 0.106 | 0.108 | 0.110
Gly246 (M3) 0.031 | 0.033 | 0.035
Gly246 (M4) 0.005 | 0.005 | 0.006
Val260 (M0) 0.271 | 0.245 | 0.227
Val260 (M1) 0.164 | 0.141 | 0.120
Val260 (M2) 0.313 | 0.333 | 0.350
Val260 (M3) 0.081 | 0.086 | 0.089
Val260 (M4) 0.135 | 0.154 | 0.170
Val260 (M5) 0.025 | 0.029 | 0.032
Val260 (M6) 0.010 |0.011 | 0.013
Val288 (M0) 0.270 | 0.244 | 0.226
Val288 (M1) 0.130 | 0.113 | 0.098
Val288 (M2) 0.310 | 0.330 | 0.347
Val288 (M3) 0.107 | 0.107 | 0.105
Val288 (M4) 0.140 | 0.157 | 0.172
Val288 (M5) 0.030 | 0.034 | 0.036
Val288 (M6) 0.011 | 0.012 | 0.013
Val288 (M7) 0.002 | 0.002 | 0.002
Leu274 (MO) 0.209 | 0.176 | 0.150
Leu274 (M1) 0.188 |0.174 [ 0.160
Leu274 (M2) 0.231 | 0.236 | 0.239
Leu274 (M3) 0.171 |0.187 [o0.201
Leu274 (M4) 0.106 | 0.119 | 0.130
Leu274 (M5) 0.072 | 0.083 | 0.093
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Leu274 (M6) 0.016 ]0.019 | 0.021
Leu274 (M7) 0.005 | 0.006 | 0.007
le200 (M0) 0.252 | 0.227
1e200 (M1) 0.160 | 0.138
1e200 (M2) 0.295 | 0.314
1e200 (M3) 0.121 | 0.127
1e200 (M4) 0.125 | 0.143
1200 (M5) 0.037 | 0.042
1e200 (M6) 0.007 | 0.008
1e200 (M7) 0.002 | 0.002
le274 (MO) 0.255 | 0.224 | 0.201
le274 (M1) 0.182 |0.160 | 0.139
le274 (M2) 0.268 | 0.284 | 0.299
le274 (M3) 0.126 | 0.135 | 0.141
le274 (M4) 0.114 | 0.133 | 0.150
le274 (M5) 0.040 | 0.047 | 0.053
le274 (M6) 0.011 |0.013 | 0.015
le274 (M7) 0.003 | 0.003 | 0.003
Pro258 (M0) 0.281 | 0.247 | 0.221
Pro258 (M1) 0.195 | 0.177 | 0.160
Pro258 (M2) 0.277 | 0.296 | 0.313
Pro258 (M3) 0.105 | 0.116 | 0.124
Pro258 (M4) 0.112 | 0.128 | 0.143
Pro258 (M5) 0.023 | 0.026 | 0.029
Pro258 (M6) 0.008 | 0.009 | 0.010
Phe302 (M0) 0.485 | 0.457 | 0.436
Phe302 (M1) 0.362 | 0.384 | 0.402
Phe302 (M2) 0.119 | 0.122 |0.124
Phe302 (M3) 0.034 | 0.036 | 0.038
Phe308 (M0) 0.263 | 0.229 | 0.204
Phe308 (M1) 0.159 | 0.135 | 0.115
Phe308 (M2) 0.266 | 0.285 | 0.300
Phe308 (M3) 0.090 | 0.096 | 0.100
Phe308 (M4) 0.140 | 0.162 | 0.178
Phe308 (M5) 0.043 | 0.049 | 0.054
Phe308 (M6) 0.027 | 0.032 | 0.035
Phe308 (M7) 0.009 | 0.010 | 0.011
Phe308 (M8) 0.003 | 0.003 | 0.003
Phe336 (MO) 0.261 | 0.228 | 0.204
Phe336 (M1) 0.138 | 0.119 | 0.103
Phe336 (M2) 0.268 | 0.285 | 0.299
Phe336 (M3) 0.102 | 0.106 | 0.107
Phe336 (M4) 0.143 | 0.163 | 0.178
Phe336 (M5) 0.047 | 0.053 | 0.058
Phe336 (M6) 0.028 | 0.032 | 0.036
Phe336 (M7) 0.009 | 0.011 | 0.012
Phe336 (M8) 0.002 | 0.003 | 0.003
Phe336 (M9) 0.001 | 0.001 | 0.001
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Asp302 (MO) 0.455 |0.429 | 0.410
Asp302 (M1) 0.335 | 0.346 | 0.357
Asp302 (M2) 0.165 |0.175 | 0.182
Asp302 (M3) 0.045 | 0.049 | 0.051
Asp390 (MO) 0.344 |0.322 |0.308
Asp390 (M1) 0.229 | 0.215 | 0.200
Asp390 (M2) 0.259 | 0.277 | 0.294
Asp390 (M3) 0.115 | 0.126 | 0.133
Asp390 (M4) 0.042 | 0.047 | 0.051
Asp390 (M5) 0.012 | 0.013 | 0.014
Asp418 (MO) 0.323 | 0.302 | 0.290
Asp418 (M1) 0.198 | 0.184 | 0.170
Asp418 (M2) 0.270 | 0.286 | 0.301
Asp418 (M3) 0.122 | 0.130 | 0.135
Asp418 (M4) 0.063 | 0.070 | 0.076
Asp418 (M5) 0.018 | 0.020 | 0.022
Asp418 (M6) 0.005 | 0.006 | 0.007
Glu330 (M0) 0.255 | 0.228 | 0.206
Glu330 (M1) 0.200 | 0.181 | 0.161
Glu330 (M2) 0.279 | 0.295 | 0.308
Glu330 (M3) 0.117 | 0.127 | 0.135
Glu330 (M4) 0.113 | 0.129 | 0.143
Glu330 (M5) 0.027 | 0.031 | 0.034
Glu330 (M6) 0.009 |0.010 | 0.012
Glu432 (M0) 0.210 |0.187 | 0.170
Glud32 (M1) 0.181 |0.161 | 0.142
Glud32 (M2) 0.261 | 0.270 | 0.278
Glud32 (M3) 0.146 | 0.155 | 0.160
Glud32 (M4) 0.125 |0.140 | 0.153
Glu432 (M5) 0.053 | 0.060 | 0.066
Glu432 (M6) 0.019 | 0.022 | 0.024
Glud32 (M7) 0.005 | 0.006 | 0.007
Lys329 (MO) 0.246 | 0.217 | 0.197
Lys329 (M1) 0.178 | 0.157 | 0.138
Lys329 (M2) 0.269 |0.284 | 0.297
Lys329 (M3) 0.126 | 0.135 | 0.141
Lys329 (M4) 0.121 | 0.138 | 0.153
Lys329 (M5) 0.047 | 0.053 | 0.058
Lys329 (M6) 0.014 |0.016 | 0.017
Lys431 (MO) 0.214 | 0.187 | 0.169
Lys431 (M1) 0.154 | 0.136 | 0.121
Lys431 (M2) 0.257 | 0.267 | 0.276
Lys431 (M3) 0.145 | 0.150 | 0.152
Lys431 (M4) 0.138 | 0.154 | 0.167
Lys431 (M5) 0.059 | 0.067 | 0.072
Lys431 (M6) 0.025 |0.029 | 0.032
Lys431 (M7) 0.007 | 0.008 | 0.009
Lys431 (M8) 0.002 | 0.002 | 0.002




Tyr302 (MO) 0.488 | 0.460 | 0.438
Tyr302 (M1) 0.358 | 0.381 | 0.399
Tyr302 (M2) 0.119 |0.123 | 0.125
Tyr302 (M3) 0.034 | 0.037 | 0.038
Met218 (MO) 0.294 |0.261 | 0.233
Met218 (M1) 0.251 | 0.251 | 0.247
Met218 (M2) 0.217 | 0.231 | 0.239
Met218 (M3) 0.169 | 0.182 | 0.200
Met218 (M4) 0.053 | 0.058 | 0.063
Met218 (M5) 0.016 | 0.017 | 0.018
Met320 (MO) 0.251 | 0.220 | 0.195
Met320 (M1) 0.220 | 0.216 | 0.211
Met320 (M2) 0.225 | 0.232 | 0.237
Met320 (M3) 0.176 | 0.192 | 0.207
Met320 (M4) 0.078 | 0.086 | 0.092
Met320 (M5) 0.035 | 0.039 | 0.043
Met320 (M6) 0.010 | 0.011 | 0.011
Met320 (M7) 0.005 | 0.004 | 0.004
His338 (MO) 0.117 | 0.087 | 0.064
His338 (M1) 0.224 | 0.193 | 0.164
His338 (M2) 0.232 | 0.231 | 0.225
His338 (M3) 0.228 | 0.256 | 0.283
His338 (M4) 0.138 | 0.161 | 0.181
His338 (M5) 0.043 | 0.051 | 0.058
His338 (M6) 0.014 | 0.017 | 0.020
His338 (M7) 0.004 | 0.005 | 0.005
His440 (MO) 0.104 | 0.077 | 0.057
His440 (M1) 0.196 | 0.167 | 0.139
His440 (M2) 0.216 | 0.213 | 0.208
His440 (M3) 0.173 | 0.184 | 0.193
His440 (M4) 0.138 | 0.157 | 0.173
His440 (M5) 0.114 |0.134 | 0.153
His440 (M6) 0.040 | 0.047 | 0.053
His440 (M7) 0.015 | 0.017 | 0.020
His440 (M8) 0.003 | 0.004 | 0.005
Ac117 (MO) 0.472 | 0.464 | 0.456
Ac117 (M1) 0.201 |0.169 | 0.135
Ac117 (M2) 0.289 |0.327 | 0.366
Ac117 (M3) 0.026 | 0.028 | 0.029
Ac117 (M4) 0.011 | 0.012 | 0.014
Ac117 (M5) 0.001 | 0.001 | 0.000
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Appendix F

SUPPLEMENTARY CONTENT FOR CHAPTER 6

TableF.1: E. colimonoculture flux analysis result on{£Clacetate, [2°C]acetate,
50% [U-*Clacetate, [#*Clacetate + [U*Clacetate and [J3Clacetate +
[2-1*C]acetate.

c
< < <
2 = ) )
=) + + 3T
< < S < < &7
o ) 3 =) =) =8
Number of fitted data sets : 1 1 1 1 1 2
Number of fitted measurements : 140 140 140 140 140 280
SSR: 70 125 17 23 91 266
Acceptable SSR : 80 83 81 84 85 192
Flux fit SD | fit SD | fit SD | fit SD | fit SD | fit SD
Glycolysis
G6P 2 F6P -7 3 -9 2 -25 20 -6 6 -21 8 -9 1
FBP Y F6P + Pi 5 1 5 1 10 |6 4 2 10 |3 5 0
FBP 2z DHAP + GAP -5 1 -5 1 -10 6 -4 2 -10 3 -5 0
DHAP Z GAP -5 1 -5 1 -10 | 6 -4 2 -10 | 3 -5 0
ﬁ‘ :DZ * NAD + ADP + Pl g 1o |7 |1 |43 |5 |8 |2 |45 |4 |9 |o
3PG 2 PEP -11 2 -10 2 -16 5 -12 3 -19 5 -12 0

PEP + ADP Y Pyr + A|7 116 | 28 156 | 31 225 | 12 14 | 0 56 | 25 115
Pyr + 2 ATP Y PEP +|23 |16 |49 |148 |49 [242 |0 134 |79 |30 |50 [ 107
Oxidative pentose phosphate pathway

G6P + NADP Y 6PG +

7 2 9 2 24 20 | 6 6 21 7 9 1
6PG + NADP Y Ru5P +|s 2 8 2 23 |20 |6 6 19 |7 8 1
Ru5P z X5P 3 1 4 1 14 14 |2 4 11 5 4 1
Ru5P Z2 RS5P 4 0 4 1 9 6 4 2 8 3 4 0
X5P 2z G&P + E 3 1 4 1 14 14 |2 4 11 5 4 1
F6P z2 E@P + E -1 1 -2 1 -7 7 -1 2 -5 2 -2 0
S7P z RG2P + E 2 0 2 1 -7 7 2 2 -6 2 2 0
F6P 2 GRP + E -2 0 -2 1 -7 7 -2 2 -6 2 -2 0
S7P Z E@P + E 2 0 2 1 7 7 2 2 6 2 2 0
ED pathway

6PG Y KDPG 0 0 1 0 1 1 0 0 1 0 1 0
KDPG Y GAP + Pyr 0 0 1 0 1 1 0 0 1 0 1

TCA cycle

Pyr + NAD Y AcCoA +| 12 0 23 6 12 1 14 1 0 14 12 0




AcCoA + OAC Y Cit 71 5 77 4 70 5 66 5 58 10 | 70 0
Cit z ICit 71 |5 7 | 4 70 5 66 5 58 10 | 70 0
ICit + NADP Z AKG +|35 |38 35 2 33 7 25 9 24 |5 33 0
AKG + NAD Y SucCoA 33 8 33 2 31 7 22 9 21 1 31 0
SucCoA + ADP + Pi 2|32 |9 32 |2 31 |9 21 |10 |20 |1 30 |0
Suc + FAD Z Fum + F|e69 |5 75 5 68 6 63 6 55 1 67 0
Fum 2z Mal 69 5 76 4 69 6 64 6 56 1 68 0
Mal + NAD Zz OAC + N| 72 |4 71 | 6 72 |13 |97 |67 |6 42 |63 | 4
Glyoxylate shunt
ICit Y Glyox + Suc 3B |4 42 |3 37 1 41 | 4 34 |7 36 |0
AcCoA + Glyox Y Mal|3 |4 42 |3 37 1 41 | 4 34 |7 36 |0
Amphibolic reactions
Mal + NADP Y Pyr + |o 1 |1 15 |0 0 |0 67 |52 |50 |0 12
Mal + NAD Y Pyr + Cl32 |11 |46 |15 [34 [10 |8 67 | 33 |49 |41 |12
OAC + ATP Y PEP + Clo 8 0 3 0 11 |36 | 1360 6 0
PEP + CO2 Y OAC + P|3 4 10 |5 1 3 10 | 129 |58 |38 |11
Acetic acid formation
AcCoA + ADP + Pi z 2101 | O 2101 | © 2101 | O 2101 | O -101 | O -101 | O
Amino acid biosynthesis
AKG + NADPH + NH3 Y|13 2 10 2 11 5 16 3 17 13
Glu + ATP + NH3 Y G|1 0 1 0 1 1 2 0 2 1
%P“+Pi+ 2 NADPH + ATPl, |4 | o |o o |1 |o |1 o |o 0
R AR AP aseer o o o o fo |1 fo [1 |o |1 o
OAC + Glu Y Asp + Ala 1 3 1 3 3 4 1 5 0 4 0
Asp + NH3 + 2 ATP Y|o 0 0 0 0 0 1 0 1 0 0 0
Pyr + Glu Y Ala + A|l1 0 1 0 1 0 1 0 1 0 1 0
EIEiG * Glu + NAD Y S|, 0o |2 0o |2 1 |3 1 |3 0o |2 0
Ser + THF ZzZ Gly + M|1 0 1 0 1 0 2 0 2 0 1 0
ﬁngerN;DHTHF * NAD 2 Clg 1o 1o |o [o |12 o |o |o o |o |o
Thr + NAD VY Gly + Alo o |o o |o 1 |o o |o o |o 0
gerz/;cg%:S%:3TPZ4';‘\‘AEF[’)HP o |o |o o |o o |1 |o |1 |o |o |o
Asp + Pyr + Glu + 2 NADPH + ATP +
Suc Co A -DAP +AKG+ 2 NADP + 1 0 0 0 1 0 1 0 1 0 1 0
ADP + P
LLDAP Y Lys + CO2 1 0 0 0 1 0 1 0 1 0 1 0
fzs/fDP:zPZi NADPH + 2 Al 0o |1 0o |1 2 |1 o |1 0o |1 0
Asp + METHF+ Cys + 2 NADPH + ATP +
SucCoA Y Met + Pyr 0 0 0 0 0 0 0 0 0 0 0 0
Pi
ﬁlADTD{LKGJ' NADPH + Gluf, 0o |1 0o |1 o |1 |o |1 0o |1 0
EeufgéOZIAKgiﬁ:D'l‘;+LADﬁl “lr Jo 1 o f1 Jo |1 Jo |1 Jo |1 Jo
XKhGr+ NZDPF;)II\HZ?, R E 0 0 0 0 0 ! 0 . 0 ! 0
+ + +
: éopz + AKGZ+ NZIZI)EPF:- ADP +(31|Piu o jo o jo jo jo jo jo jo jo jo 10
E4P + 2 PEP + Glu + NADPH + NAD +
ATP Y Tyr + CO2 + Alo 0 0 0 0 0 0 0 0 0 0 0
NADH + AD “
MEETHF + NADH Y MET]|o 0 0 0 0 0 0 0 0 0 0
MEETHF + NADP Y FTH|o 0 0 0 0 0 0 0 0 0 0
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e s a0 [0 [o o [o [o o [0 o Jo [o o
\'R(5PH+ iF-I;HF :Glnz+ A;pA+DS STP: 2 EARI: 0 0 0 0 0 0 0 0 0 0 0 0
Biomass formation

S e A QISR T0M 2 o |2 |0 |2 |1 |2 [0 [s |1 |2 |o
Oxidative Phosporylation

m :‘DDH *+ 0.5 02 + 3 A 163 | 25 197 | 21 194 | 63 136 | 31 125 | 16 161 | 3
E?ADDHZ + 0.5 02 + 2 69 5 75 5 68 6 63 6 55 1 67 0
NADH + NADP Z NADPH]| 15 25 27 21 -53 58 4 46 71 55 -15 14
Transport

02. Ext Y 02 116 15 136 13 131 36 100 18 90 32 114 1
CO2 Y CO2. Ext 121 14 140 12 135 34 105 17 96 30 119 1
NH3. Ext Y NH3 14 2 11 2 11 6 17 3 18 1 14 0
SO4. Ext Y S04 0 0 0 0 0 0 1 0 1 0 0 0
Ac. Ext Y Ac + XAc 100 | 0 100 | 0 100 | 0 100 | 0 100 | 0 100 | 0
CO2 exchange

CO02. MO + CO2 Y CO2 3 2544 | 8 3 321 | 3026 | 32 2522 | 5 2 66 189
G-values

G-value Ala 0.98 | 0.01 | 097 [ 000 | 097 | 0.00 | 097 | 0.00 [ 0.97 | 0.00 | 0.98 | 0.00
G-value Gly 1.00 | 0.01 | 0.96 | 0.00 | 0.97 | 0.00 | 0.97 | 0.00 | 0.96 | 0.00 | 0.97 | 0.01
G-value Val 0.97 | 0.01 | 0.97 | 0.00 | 097 | 0.00 | 0.97 | 0.00 | 0.97 | 0.00 | 0.98 | 0.00
G-value Leu 0.68 | 0.16 | 0.97 [ 000 | 0.97 | 0.00 | 0.97 | 0.00 [ 0.97 | 0.00 | 0.46 | 0.10
G-value lle 0.96 | 0.00 | 0.96 | 000 | 0.97 | 0.00 | 097 | 0.00 | 0.96 | 0.00 | 0.97 | 0.00
G-value Pro 0.96 | 0.00 | 0.96 | 000 | 0.97 | 0.00 | 097 | 0.00 | 0.96 | 0.00 | 0.96 | 0.00
G-value Ser 0.96 | 0.01 | 096 | 000 | 0.97 | 0.00 | 0.96 | 0.00 [ 0.96 | 0.00 | 0.98 | 0.01
G-value Thr 0.97 | 001 | 096 | 000 | 0.97 | 0.01 | 097 | 0.00 | 0.97 | 0.00 | 0.99 | 0.01
G-value Phe 0.97 | 0.00 | 0.96 | 000 | 0.97 | 0.00 | 097 | 0.00 | 0.96 | 0.00 | 0.97 | 0.00
G-value Asp 0.97 | 0.00 | 0.96 | 000 | 0.97 | 0.00 | 097 | 0.00 | 0.97 | 0.00 | 0.98 | 0.00
G-value Glu 0.97 | 0.00 | 0.97 | 0.00 | 097 | 0.00 | 0.97 | 0.00 | 0.97 | 0.00 | 0.97 | 0.00
G-value Lys 0.96 | 0.00 | 0.96 | 0.00 | 0.96 | 0.00 | 0.96 | 0.00 | 0.96 | 0.00 | 0.96 | 0.00
G-value Tyr 0.97 | 001 | 0.96 | 0.00 | 0.98 | 0.01 | 0.97 | 0.00 | 0.96 | 0.00 | 0.98 | 0.00
G-value Met 0.96 | 0.00 | 0.96 [ 000 | 0.95 | 0.00 | 0.97 | 0.00 [ 0.95 | 0.00 | 0.97 | 0.00
G-value His 0.95 | 0.00 | 0.96 | 000 | 0.96 | 0.01 | 0.96 | 0.00 [ 0.96 | 0.00 | 0.96 | 0.00
G-value C16:0 0.96 | 0.00 | 0.96 | 0.00 | 0.97 | 0.00 | 0.97 | 0.00 | 0.96 | 0.00 | 0.96 | 0.00
G-value Ala (data set #2) 0.97
G-value Gly (data set #2) 0.95
G-value Val (data set #2) 0.97
G-value Leu (data set #2) 0.97
G-value lle (data set #2) 0.96
G-value Pro (data set #2) 0.96
G-value Ser (data set #2) 0.96
G-value Thr (data set #2) 0.96
G-value Phe (data set #2) 0.96
G-value Asp (data set #2) 0.96
G-value Glu (data set #2) 0.97
G-value Lys (data set #2) 0.96
G-value Tyr (data set #2) 0.96
G-value Met (data set #2) 0.96
G-value His (data set #2) 0.95
G-value C16:0 (data set #2) 0.96
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TableF.2: Crossfeeding ceculture micrescale model flux analysis result

Culture #1 | Culture #2
Number of fitted data sets: 2 2
Number of fitted measurements: 211 211
E. coli flopgst s| gl k
Flux Flux | SD | Flux | SD
Glycolysis/Gluconeogenesigpp t s ) gl k
G6P.1 7z F6P. 1 1 0 0 0
F6P.1 + ATP.1 Y FBP.1 + ADP.1 |4 131 | 498 | 128
FBP.1 7z DHAP.1 + GAP. 1 -1 0 -1 0
DHAP.1 z GAP. 1 -1 0 -1 0
GAP.1 + NAD.1 + ADP.1 + Pi .1 4-2 0 -2 0
3PG.1 7z PEP. 1 -6 0 -6 0
PEP.1 + ADP.1 Y Pyr.1 + ATP. 1|14 1 19 21
Pentose phosphate pathwaygt s ) gl k
G6P.1 + NADP.1 Y 6PG.1 + NADPHO 0 2 0
6PG. 1 + NADP.1 Y Ru5P.1 + CO2.0 0 1 0
Ru5P.1 7z X5P. 1 -1 0 -1 0
Ru5P.1 7z R5P.1 1 0 2 0
X5P.1 z G@&RP.1 + E -1 0 -1 0
F6P.1 z E2P.1 + E 1 0 1 0
S7P. 1 7z RK2P.1 + E 0 0 0 0
F6P.1 7z G®BR.1 + E 0 0 0 0
S7P.1 7z KE3P.1 + E 0 0 0 0
ED-Pathwayppt s ) gl k
6PG.1 Y KDPG. 1 0 0 0 0
KDPG.1 Y GAP.1 + Pyr. 1 0 0 0 0
TCACycle@pt s) ogl k
Pyr.1 + NAD.1 Y AcCoA.1 + CO2.9 1 8 1
AcCoA.1 + OAC.1 Y Cit.1 75 1 75 1
Cit.1 7z 1Cit.1 75 1 75 1
I Cit.1 + NADP.1 z AKG.1 + COZ2.47 1 47 1
AKG.1 + NAD.1 Y SucCoA.1 + CO744 1 45 1
SucCoA.1 + ADP.1 + Pi .1 7z Suc. 43 1 44 1
Suc.1 + FAD.1 72 Fum.1 + FADH2.72 1 72 1
Fum.1 Zz Mal .1 73 1 73 1
Mal .1 + NAD.1 Zz OAC.1 + NADH. 1101 |1 101 |1
GlyoxylateShunt ¢ppt s ) gl k
ICit.1 Y Glyox.1 + Suc. 1 28 1 28 1
AcCoA.1 + Glyox.1 Y Mal .1 28 1 28 1
Gluconeogenesigpt s ) gl k
FBP.1 Y F6P. 1 4 131 | 499 | 128
Pyr.1 + 2 ATP.1 Y PEP.1 + 2 A[QO 8 6 21
Mal .1 + NADP.1 Y Pyr.1 + CO02.10 0 0 0
OAC.1 + ATP.1 Y PEP.1 + CO2.1 |22 1 21 2
Anaplerosisppt sl) gl k
PEP.1 + CO2.1 Y OAC.1 + Pi.1 0 2 0 2
Amino acid synthesis and biomass reactiqpp(t s ) g | k
AKG.1 + NADPH.1 + NH3.1 Y Glu.14 0 14 0
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Glu.1 + ATP.1 4+ NH3.1 Y Gln.1]|1 0 1 0
Glu.1 + 2 NADPH.1 + ATP.1 Y P10 0 0 0
Glu.1 + CO2.1 + Gln.1 + NADPH.1 0 1 0
Arg.1 + AKG.

OAC.1 + Glwu.1 Y Asp.1 + AKG.1 |4 0 4 1
Asp.1 + NH3.1 + 2 ATP.1 Y Asn. O 0 0 0
Pyr.1 + Glu.1 Y Ala.1l + AKG.1]|1 0 1 0
3PG.1 + Glu.1 + NAD.1 Y Ser.1]2 0 2 0
Ser.1 + THF.1 Z Gly.1 + MEETHAH1 0 1 0
Gly.1 + THF.1 + NAD.1 z CO02.1 |0 0 0 0
Thr.1 + NAD.1 Y Gly.1 + AcCoA.O 0 0 1
Ser.1 + AcCoA.1 + S0O04.1 + 3 A'I1 0 1 0
4 NADP.1 +

Asp.1 + Pyr.1 + Glu.1 + 2 NADF1 0 1 0
DAP.1 + AKG.1 +

LLDAP.1 Y Lys.1 + CO02.1 0
Asp.1 + 2 NADPH.1 + 2 ATP.1 Y

Pi.1 ! !
Asp.1 + METHF.1 + Cys.1 + 2 N/O 0
Met.1 + Pyr.1 + 2

2 Pyr.1 4+ NADPH.1 + Glu.1 Y g
2Pyr.1+AcCoA.1+GIu.1+N/1 1

+ AKG.1 + NA

Thr.1 + Pyr.1 + Glu. 1 + NADPH.1 0 1 0
NADP.1 + NH3.1

E4P.1 + 2 PEP.1 + Glu.1 + NADF0 0 0 0
AKG.1 + NADP.1

E4P.1 + 2 PEP.1 + Glu.1 + NADFO 0 0 0
C02.1 + AKG.1

E4P.1 + 2 PEP.1 + R5P.1 + Ser.

Trp.1 + CO2. 0 |0 0 0
R5P.1 + FTHF.1 + Gln.1 + Asp. ]

NADH.1 + AK 0 0 0 0
MEETHF.1 + NADH.1 Y METHF.1 + 10 0 0 0
MEETHF.1 + NADP.1 Y FTHF.1 + NO 0 0 0
0.488 Ala.1 + 0.281 Arg.1 + 0.229 Asn.1 + 0.229 Asp.1 + 0.087 Cy| > 0 > 0
+0.25

Fermentation reactiomgp t s ) gl k

AcCoA.1 + ADP.1 + Pi.1 Zz Ac. 1 ]-101]|0 -101 | O
ATP synthesisppt s ) gl k

NADH.1 + 0.5 02.1 + 3 ADP.1 + |170 |3 171 | 2
FADH2.1 + 0.5 02.1 + 2 ADP.1 472 1 72 1
NADH. 1 + NADP.1 Z NADPH.1 + NA-11 |2 -13 | 2
Uptake/Excretiondop t s ) gl k

Gluc. Ext + ATP.1 XlclG6P. 1 + ADH?2 0 2 0
ATP.1 Y ATP. Ext 499 | 131 | O 125
CO02.1 Y CO2. Ext 126 |1 127 |1
02.Ext Y 02.1 121 | 2 122 | 2
NH3. Ext Y NH3.1 15 0 15 0
SO4. Ext Y S04.1 1 0 1 0
CO2. MO + C0O2.1 Y CO2.1 + CO2.494 3 12 2580
Output rate of Biomass.1 86 2 85 2
E. coli WTfluxes

Flux Flux | SD | Flux | SD
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Glycolysis (WT)

G6P.2 72 F6P.2 78 0 84 2
F6P.2 + ATP.2 Y FBP.2 + ADP.2 |86 0 89 1
FBP.2 Z2 DHAP.2 + GAP. 2 86 0 89 1
DHAP.2 2z GAP. 2 86 0 89 1
GAP. 2 + NAD.2 + ADP.2 + Pi.2 4176 |1 180 |1
3PG. 2 72 PEP. 2 166 |1 169 |1
PEP.2 + ADP.2 Y Pyr.2 + ATP. 2 |1040(36 47 280
Pyr.2 + 2 ATP.2 Y PEP.2 + 2 AL 997 |34 0 279
Pentose Phosphate pathway (WT)

G6P.2 + NADP.2 Y 6PG.2 + NADPH2Z21 0 15 2
6PG. 2 + NADP.2 Y Ru5P.2 + CO2.19 1 15 2
Ru5P.2 2z X5P. 2 9 1 6 1
Ru5P.2 2z R5P. 2 11 0 9 1
X5P. 2 7z G@&R. 2 + E 9 1 6 1
F6P.2 z E2P.2 + E -3 0 -2 1
S7TP.2 7z R3P.2 + E -5 0 -4 1
F6P.2 2z GEBR.2 + E -5 0 -4 1
S7TP.2 z EKE8P.2 + E 5 0 4 1
ED Pathway (WT)

6PG. 2 Y KDPG. 2 2 1 0 0
KDPG.2 Y GAP.2 + Pyr.?2 2 1 0 0
TCA cycle (WT)

Pyr.2 + NAD.2 Y AcCoA.2 + CO02.]129 |2 131 |3
AcCoA.2 + OAC.2 Y Cit.?>2 25 1 28 2
Cit.2 7z 1Cit.2 25 1 28 2
I Cit.2 + NADP.2 2z AKG.2 + CO0O2.25 1 28 2
AKG. 2 + NAD.2 Y SucCoA.2 + COZ419 1 21 2
SucCoA. 2 + ADP.2 + Pi.2 7 Suc.16 1 18 2
Suc.2 + FAD.2 72 Fum.2 + FADH2.19 1 21 2
Fum.2 2z Mal .2 20 1 23 2
Mal .2 + NAD.2 Z2 OAC.2 + NADH. 220 1 23 2
Glyoxylate Shun{WT)

ICit.2 Y Glyox.2 + Suc.?2 0 0 0 0
AcCoA.2 + Glyox.2 Y Mal.?2 0 0 0 0
Gluconeogenesis (WT)

Mal .2 + NADP.2 Y Pyr.2 + C02.420 1 0 0
OAC.2 + ATP.2 Y PEP.2 + CO2.2 |11 2 6 3
Anaplerosis (WT)

PEP.2 + CO0O2.2 Y OAC.2 + Pi.?2 29 2 24 2
Amino Acid Synthesis and Biomass Reaction (WT)

AKG. 2 + NADPH.2 + NH3.2 Y GIu. 39 1 39 2
Glu.2 + ATP.2 + NH3.2 Y Gln.2 |4 0 4 0
Glu.2 + 2 NADPH.2 + ATP.2 Y P11 0 1 0
Glu.2 + C02.2 + Gln.2 + NADPH.2 0 2 0
Arg.2 + AKG.

OAC.2 + Glu.2 Y Asp.2 + AKG.2 |11 0 11 1
Asp.2 + NH3.2 + 2 ATP.2 Y Asn.|1 0 1 0
Pyr.2 + Glu.2 Y Ala.2 + AKG.2]3 0 3 0
3PG.2 + Glu.2 + NAD.2 Y Ser. 2|7 0 7 0
Ser.2 + THF.2 Zz Gly.2 + MEETHHA4 0 4 0
Gly.2 + THF.2 + NAD.2 7z C02.2]0 0 0 0
Thr.2 + NAD.2 Y Gly.2 + AcCoA.]O 0 0 0
Ser.2 + AcCoA.2 + SO4.2+3ATP.2+4NABRP 2 Y Cys. 1 0 1 0

4 NADP.2
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Asp.2 + Pyr.2 + Glu.2 + 2 NADH

DAP.2 + AKG.2 + 2 2
LLDAP.2 VY Lys.2 + CO2.2 2 2
éizp.z + 2 NADPH. 2 + 2 ATP.2 Y 3 0 3 0
Asp. 2 + METHF. 2 + Cys. 2 + 2 N/l 1
Met.2 + Pyr.2 + 2

2 Pyr.2 + NADPH.2 + Glu.2 Y Vg2 2

2 Pyr.2 + AcCoA.2 + Glu.2 + NA

+ AKG.2 + NA S N A
Thr.2 + Pyr.2 + Glu. 2 + NADPH.2 0 2 0
NADP.2 + NH3.2

E4P.2 + 2 PEP.2 + Glu.2 + NADF1 0 1 0
AKG.2 + NADP.2

E4P.2 + 2 PEP.2 + Glu.2 + NADF1 0 1 0
C02.2 + AKG.2

E4P.2 + 2 PEP.2 + R5P.2 + Ser.

Trp.2 + CO2. 0 0 0 0
R5P. 2 + FTHF.2 + Gln.2 + Asp. 2

NADH.2 + AK 0 0 0 0
MEETHF. 2 + NADH.2 Y METHF. 2 + 1 0 1 0
MEETHF. 2 + NADP.2 Y FTHF.2 + WO 0 0 0
0.488 Ala.2 + 0.281 Arg.2 + 0.229 Asn.2 + 0.229 Asp.2 + 0.087 Cy

+0.25 6 0 6 0
Fermentation Reaction (WT)

AcCoA. 2 + ADP.2 + Pi.2 2z Ac. 2|83 4 82 4
ATP synthesis (WT)

NADH.2 + 0.5 02.2 + 3 ADP.2 + 326 |7 328 | 10
FADH2.2 + 0.5 02.2 + 2 ADP.2 419 1 21 2
NADH. 2 + NADP.2 Zz NADPH. 2 + NA38 4 45 6
Uptake/Excretion (WT)

Gluc. Ext + PEP.2 -g¢2 G6P. 2 + Py 100 |0 100 | O
ATP. 2 Y ATP. Ext 0 179 | 1022 277
Ac.2 Y Aeac2Ext + X 85 3 84 3
C02.2 Y CO2. Ext 187 | 3 189 | 5
02.Ext Y 02.2 172 | 4 175 | 6
NH3. Ext Y NH3.2 42 2 41 2
S0O4. Ext Y S04.2 1 0 1 0
CO2. MO + CO02.2 Y CO02.2 + CO02.40 10 0 19
QOutput rate of Biomass.2 244 | 9 242 | 10
Co-culture reaction

Ac. Ext Y Ac.snk 96 4 97 4
Ac. MO Y Ac. Ext 11 1 13 1
f-Parameters

percentage of biomasgp t s lattipg | k 52 0 61 0
percentage of biomasgp t s latt2pg | k 41 0 51 0
percentage of biomass WT at t1 48 0 39 0
percentagef biomass WT at t2 59 0 49 0
f-Parameters Ribose and Glycogen

percentage of Rilpp t s lattZpg | k 33 0 72 3
percentage of Rib WT at t2 67 1 28 3
percentage of Glygpp t s lattZzpg | k 52 6 57 5
percentage of Glyc WT at t2 48 6 43 5
G-values

G-val Ala (biomass time point 1) 0.89 | 0.00 | 0.87 | 0.00
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G-val Gly (biomass time point 1) 0.79 | 0.01 | 0.81 | 0.03
G-val Val (biomass time point 1) 0.88 | 0.00 | 0.86 | 0.00
G-val Leu (biomass time point 1) 0.88 | 0.00 | 0.86 | 0.00
G-val lle (biomass time point 1) 0.88 | 0.25| 0.86 | 0.25
G-val Phe (biomass time point 1) 0.87 | 0.00 | 0.86 | 0.00
G-val Asp (biomass time point 1) 0.89 | 0.00 | 0.88 | 0.00
G-val Glu (biomass time point 1) 0.89 | 0.00 | 0.88 | 0.00
G-val Tyr (hiomass time point 1) 0.89 | 0.01| 0.88 | 0.01
G-val Ala (hiomass time point 2) 0.92 | 0.00 | 0.91 | 0.00
G-val Gly (biomass time point 2) 0.83 | 0.01 | 0.85 | 0.05
G-val Val (biomass time point 2) 0.92 | 0.00 | 0.91 | 0.00
G-val Leu (biomass time point 2) 0.91 | 0.00 | 0.90 | 0.00
G-val lle (biomass time point 2) 0.92 | 0.25| 0.90 | 0.25
G-val Phe (biomass time point 2) 0.91 | 0.00 | 0.90 | 0.00
G-val Asp (biomass time point 2) 0.91 | 0.00 | 0.91 | 0.00
G-val Glu (biomass time point 2) 0.92 | 0.00 | 0.92 | 0.00
G-val Tyr (biomass time point 2) 0.94 | 0.01] 0.93 | 0.01
G-val R5P (biomass time point 2) 0.94 | 0.00 | 0.91 | 0.00
G-val G6P (biomass time point 2) 0.96 | 0.00 | 0.96 | 0.00
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