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ABSTRACT

The production of chemicals through bioconversion has received much
attention over the past decade. Focus is now shifting towards the utilization of cheap,
renewable and waste feedstocks for chemical production. With the availabtlitgyse
feedstocksmetabolic engineeringferts aretargetedowards engineering organisms
to utilize one or more of these substrates and produce-adtlexd chemicals.

Therefore, it is of critical importance &valuatehe economic feasibility of
bioprocesses, determine the capabilitiesafrobial systemsdentify targets for
improvementsandselectideal candidatefor industrial implementation.

A powerfulmethodfor characterizingn vivo metabolism ighrough the use of
13C-labeled substratdsr 3C-tracer3. Tracing techniques allow quantitative
evaluation of the flow of carbon from feedstocks to central metabolisrfugther
into thedesired productsAdditionally, advanced techniques, suchH¥&smetaboic
flux analysis £*C-MFA), can be appéd to gain a fingrained picture of native
metabolism and metabolic changes that result from genetic manipulédimtiopic
tracers are easy to implement and can be used to achieve a wealth of new information
about metabolism. However, there has bemitdid application of tracers and
therefore, their potential has not been reali¥#daim to demonstrate how tracers can
be applied to various systems to gain a detailed understanding of pathway utilization
The systems studied here include ones with plelsubstrates, engineered pathways,
and onecarbon substrateédditionally, we develop new methods of MFA that allow
for its application to a broader range of systems.

Sugars are the main product of lignocellulose hydrolysis and a common

feedstock for mprocesses. Whildycose and xylose are the two most abundant
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sugars derived from the breakdown of lignocellulosic biomass, there have been few
studies of their metabolism under various environmental conditions. In the absence
this experimental datapngraint-based approacheannot be used to guide new
metabolic engineering designs. In this work, we have addressed this critical gap by
performing omprehensiveharacterizationsf glucose and xylose metabolism under
aerobic and anaerobic conditions, inding applying"*C-MFA, measuring biomass
composition and biomass turnover, and quantifyindaotor requirements.

Additionally, we examine more efficiei colistrains that can eutilize these two
sugars throughpplication of3C-MFA and interrogatio of their sugar uptake profile.
Through this analysis, we identified the ideal uptake profile to be linear ard non
biased towards a specific substrate, focusing future efforts towards the development of
novel transport systems.

Another interesting feedstlk, methane, the main component of natural gas,
can be used to produce methanol which can be further converted to other valuable
products. There is increasing interest in using biological systems for the production of
fuels and chemicals from methanolnbed methylotrophy. Here, we first examine
methanol assimilation metabolism isynthetic methylotrophik&. colistrain.

Through our investigations,ezxproposed specific metabolic pathways that, when
activated, correlated with increased methanol assimnafihese pathways are
normally repressed by theucineresponsive regulatory protefhrp), a global
regulator of metabolism associated with the feastfamine response iB. coli. By
deletinglrp, we were able to further enhance thethylotrophic abity of our
synthetic strain, as demonstrated through increased incorporatitth adrbon from

13C-methanol into biomass.
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Additionally, we study the methanogéviethanosarcina acetivorana model
organism for studying the conversion of various subedraito methane and a possible
host for the conversion of methane into vahaeled products. Here, we characterize
this organism during growth on the ecarbon substrate, methanol. Typically,
estimating fluxes during growth on carbon substrates reges more advanced
computational approaches and precise sampling of metabolic intermediates compared
to °C-MFA. Here, we applied classicalC-MFA to validate the network model and
generate the first flux map fdd. acetivoransdemonstrating the successful
application of classicdfC-MFA to a onecarbon system.

Lastly, we aim to extend the reach of metabolic flux analysisapply'C-

MFA, it is assumed that the system being interrogstetl metabolic antotopic

steady state, where fluxes and isotdaleling remain constant over time. This
assumption limits thapplicationof 2*C-MFA to systems where these assumptions do
not hold.Here, we address the need for metabolic flux analysis methods that can be
used for atypical systems, ones that are nisioabpic or metabolic steady state. We
present an extension of DMFA to include isotopic labeling measuremé@ts (

DMFA) and evaluatestablished MFA method$*C-MFA, 3C-NMFA, and®3C-

DMFA) and their ability to estimate fluxes for various conditionsvds concluded
that'3C-MFA can be used faystems aisotopic steady staté’C-NMFA can be used
for systems at metabolic steady stated'*C-DMFA can be used for metabolic and
isotopic norsteady state. This work is the first demonstratioR@fDMFA and

clearly outlines how and when each established method should be applied,

substantially increasing the range of systems and organisms that can be studied.
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Chapter 1

INTRODUCTION

1.1 Studying Metabolism of Renewable and Waste Feedstocks

The production of chemicalbriough bioconversion has received much attention
over the past decagelimmel and Bayer, 2009)Focus is now shifting towardse
utilization of cheap, renewable and wafgtedstocks, ultimately leading to reduced
operating costs, reduced reliance on-nemewable feedstocks and feedstocks that
compete with food supply, and reduced environmental in{gdans et al., 2010;
Liao et al., 2016)Rerewableand wastdeedstocks include lignocellulosic biomass
and gaseous substrates such as syngas, methane, hydrogen gas, and carbon dioxide.
The primary renewable feedstocigrocellulosic biomasss composeaf three main
components, two of whicleellulose and hemicellulose, can be hydrolyzed to C6 and
C5 sugar monomers and used as substrates in fermentations. Alternatively, biomass
can be gasified to produce syngas, a mixture of carbon dioxide, carbon monoxide and
hydrogen, for use in mixotrophic feemtationgJones et al., 2016; Munasinghe and
Khanal, 2010)Moreover, biological processes such aaeaobic digestenqsroduce
large quantities of methane, yet another potential source of carbon and energy. With
the availability of these feedstics, metabolic engineeringferts are geared towards
engineering organisms to utilize one or more of these substrates and produce value
added chemical§hese efforthiave consistedf introducingnew metabolic

capabilitiesnto modelorganismssuch a<€. coliandS. cerevisiaeand engineering



promising neworganismsapable ofmetaboizing these feedstocks at higher rates and
yields(Cordova et al., 2015; Liao et al., 2016)

With thiswide range of potential substrates and products, it is of critical
importance tevaluatehe economic feasibility of bioprocsss, determine the
capabilities ofmicrobial systemsdentify targets for improvemenisndselectideal
candidats for industrial implementatiorSignificant efforts have been directed at
understanding cellular metabolism of microbes and identifying&gylatory
mechanisms and potential kinetic limitatioAspowerful methodfor characterizingn
vivo metabolism ighrough the use dfC-labeled substratgsr 1°C-tracer$. Tracing
techniques allow quantitative evaluation of the flow of carbon fronsteekis to
central metabolism arfdrther intothedesired productsAdditionally, advanced
techniquessuch as3C-metaboic flux analysisi{C-MFA), can be applied to gain a
fine-grained picture of native metabolism and metabolic changes that result from
genetic manipulations. In thistroduction there will be an overviewf the wide
range of pathways that are being implemented to convert reneavableaste
substrates into valsadded productas well as thenethods for elucidating

metabolism through tise pathways using advance@-tracing techniques.

1.1.1 Metabolism of Lignocellulosic Biomass

The major costin biological processes aseibstrataelated(Papoutsakis,
2015) Thus,organisms which can utilize a broggectrum of renewablend waste
substratesffer amajor competitive advantage in the development of technologies for
the production of nexgeneratiorfuels and chemical§.he primary renewable
feedstock,ignocellulosic biomasss composed of cellulos@emicellulose, and

lignin. Cellulose is a polymer of glucqsghile hemicellulose isomposeaf both C6



(glucose mannose, galactose) and C5 (xylose, arabinose) sugars. Metabdisseof
sugars starts with transport of the sugar into the cells fotldweactivation
(phosphorylation). The main mechanisms for sugar transport are active transport (via
the PTS transport system, AT P-dependent ABC transporgr and passive transport
by permeases. For exampleEncoli, glucoses transporéd and phodmprylated
simultaneouslyia the PTS systemt the expense of one ATP equivalemhile two
ATPsare expendedhen xylose serves as the carbon souresyne for transport
(high-affinity ABC transporter) and the secorat fictivation (phosphorylation).ter
sugars, e.g. lactose, are transported by permeases. The two classical pathways for
sugar catabolism are glycolysis ahée pentose phosphate pathw@ygure 11).

Hexoses feed directly into glycolysis at glucosgh®sphate (G6P) or fructose 6
sphosphte (F6P), while pentoses feed into the pentose phosphate pathwhayasex
5-phosphat€X5P). Many organismare capable of catabolizing more than one sugar;
however, in most casgsarbon cataboliteepression (CCR) results in preferential
utilization of certain sugars over others.

Various egineering strategies habeen employed to elimina@CR, often
resultingin more efficient bioprocesses successful strategy has been knocking out
components othe PTS system arapplyingadaptive evolutiomo improve sugar co
utilization. For example, Balderdsernandez et al. adaptively evolviédcolilacking
a functional PTS system under anaerobic conditions to achieve a glucose/xylose co
utilizing E. colistrain(BalderasHernandez et al., 2011 Adaptive evolution was also
successfully applied to generate an improved strain of the thermdpleitenus
thermophilughat efficiently ceutilized glucose and xylose without CGRordova et

al., 2016) In another study, thptsGgene was removed . colito relieve CCR and



allowed productia of 3-hydroxypropionic acid from both glucose and xylose ir fed
batch fermentationglung et al., 2015)f'he model anaerobic organigostridium
acetobutylicunwas alscevaluateddr sugar ceutilization (Aristilde et al., 2015)
Analysis of CCR genes 1@. acetobutylicumdentified targets for engeering
simultaneous utilization of glucose and xyl¢&rimmler et al., 2010)When glucose
repression of xylose catabolism was removed, product titers freatilczation of

both substrates were comparable to wylde titers(Ren et al., 2010)
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Therehasalso beerinterest inbroadeimg the substrate range for organisms
that have the potential to produce high ti@rd yields ofvaluableproducts Both S.
cerevisiaeandZymomonas mobilignajor ethanol producers, have been engineered to
use pentoses, such as arabinose and x\tosehieve more efficient conversion of
lignocellulose to produdBecker and Boles, 2008le et al., 2014)There also exist
organisms that express enzymes capable of hydrolyzing lignocellulose into sugars.
Clostridium thermocellupmand several other thermophilic organispr®duces
cellulases and hemicellulagéowever, thimrganism canrtautilize the pentoses
produced by hemicellulose degradat{brao et al., 2016) Ther ef ore, ther e
in engneering these organisms to consume a wider range of sugars. Unfortunately,
due to the lack of genetic tools, little progress has been made towards this end.
Instead, cecultures have been designed that allow for breakdown of lignocellulose
and consumptioof all sugars by combining organisms that excel in each of these

strategiegFuet al., 2009; Lin et al., 2011)

1.1.2 Native and Synthetic Pathways for Conversion of Renewable Feedstocks

Glycolysis andhe pentose phosphate pathway are the main routes for sugar
catabolism in microbes; however, these pathways result in significant loagoh
(COz released), which reduces theoretical yi€lttmes et al., 2016Recent metabolic
engineering strategies have focusedrdrgrating alternative catabolic pathwayto
host organismwith the goalbf producingmore efficient bioconversi@anFigurel.2
provides an overview of the wide range of alternative metabolic pathways that are
being considred for conversion of variodisedstocks.

Gaseous substratase increasingly evaluated as potentiakabstrates for the

production of chemals (Fast et al., 2015; Hu et al., 201%hese gases include



carbon dioxide, carbon monoxide ddmydrogen gas derived from biomass
gasification, and methane derived from anaerobic digestion of organic wastes
natural gas wast®lultiple avenues are considered to increase the ability of
microorganisms to utilize gaseous substrates. Two well stedibdn fixation
pathways are the Calvin cycle and the Waguhgdahl pathwayFast and
Papoutsakis, 2012The Calvin cycle fixes C&xo the C5 sugar ribulose bisphosphate
(RuBP) forming two molecules of@hosphoglycerate (3PG), catalyzed by
ribulosel,5bisphosphate carboxyldsexygenas€RubisCO), an enzyme that is
essential in the process of photosynthaaifkile the Calvin cycle is most prevalent in
photosynthetic organisms, it is also found in some bacteria such &sltbeacillus
andOscillochloris speciegBerg et al., 2010)Compared to other carbon fixation
pathways, however, the Calvin cycle is more energy demanding as it consumes seven
ATP and five reducing equivalents to form one molecule of pyry¥ast and
Papoutsakis, 2012Regardless, thethave been many reports of using autotrophic
organisms to produce chemicals such as isopropanol, isoprene, and sugarsfrom CO
(Ducat et al., 2011)There is also the potential to introduce this pathway inte non
carbon fixing organisms, which could effectively increase produlds/end decrease
carbon losgAntonovsky et al., 2016; Gong et al., 2015; Li et al., 20lkba recent
study, it was demonstrated that expression of the Calvin cy8lederevisiagesulted
in higher ethanol yields and eliminated glycerolgrgduct formatior{Guadalupe
Medina et al., 2013)

In addition to the Calvin cycle, the Woagungdahl (WL) pathway is a widely
studied carbon fixation route that can utilize both,@@d CO as substrates

(Abubackar et al., 2015; Munasinghe and Khanal020n the WL pathway, one



molecule of CQis converted to CO by carbon monoxide dehydrogenase, and a
separate cascade of steps forms a methyl group fromT®® enzyme acetyToA
synthase then brings the CO and methyl group together to form AcCoAndeg®n

the carbon source, electrons can be obtained frpor BO. The WL pathway, which

is more energetically efficient than the Calvin cycle, is found exclusively in anaerobic
organismglones et al., 2016; Kopke et al., 2010)

Methane is another potential substrate that can be converted into fuels and
chemicalgFei et al., 2014; Haynes and Gonzalez, 2004thane is first converted to
methanol and then to formaldehyde, which gives the cell access to several carbon
assimilation pathways. Two of these pathways are depictéidumne1.2, the ribulose
monophosphate (RuMP) pathway and the xylulose monosphate (XuMP) pathway. The
RuMP pathway uses two enzymes to fix formaldehyde to ribulggeSphate (Ru5P)
and enter central carbon metabolism as F6P. Similarly, the XuMP pathway attaches
formaldehyde to a &£sugar, X5P, and forms GAP and dihydroxyacetone phosphate
(DHAP), which are intermediates of glycolysis. The RuUMP pathway is found in
methylotrophic bacteria such Bs/cobacterium gastandBacillus methanolicus
while the XuMP pathway is found nativaly methylotrophic yeastg\dditionally, the
serine cyclaises the conversion of glycine to serine as the entry point of
formaldehyde, and uses the cofactor, tetrahydrofolate, as the one carbon carrier.
Methanol is an attractive substrate because it cataore electrons per carbon than
sugars. Thus, theoreél yields of reduced producise higher with methanol as
substrate. So far, it has been difficult to generate anatime fully methylotrophic
microbe. Engineering eutilization of methanol andugiars has been more successful

(Whitaker et al., 2017)or exampleCorynebacterium glutamicumas engineered to



consume methanol and ribose and produce cadavéefieneier et al., 2015and

Pichia pastorisvas shown to produce recombinamteins from methanol and

glucose(Jorda et al., 2012)
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1.2 Tracing Metabolism with Isotopic Tracers

Tracing how substrates are utilized and converted into products is critical in

assessing the efficiency of engineered pathwaygaiutihg further metabolic

engineering strategies. Stafidetope labeling techniges (primarily with'3C-tracers)

are widely used in metabolic engineering to quantify carbon flux for this purpose

(Antoniewicz, 2015; Gebreselassie and Antoniewicz, 20h3yacer experiments, an

isotopically labeled substrate is added to the culture, e-Gldlucose, resulting in



the incorporation of®C atons into intermediates of cellular metabolism and
eventually into products. By quantifying fractiofC-labeling of variousnetabolites,
the contribution of a particular substrate can be determined. Tracer experiments are
especially useful wheexamining on-native substrate utilization. When an

engineered pathway is expressed in a host organism, the ability of the pathway to use
the nonnative substrate can be quantified by feedifaabeled isotope of that
substrate and measuring labeling in metabsliThis labeling can also be used as a
method for detecting how further modifications to metabolism or the engineered
pathway itself affect uptake of that substrate. Additionally, tracer experiments are
particularly informative whemultiple substrates ampresent, and when complex
additives such as yeast extract are used in fermentations. By mea3D+ialgeling
overtime, it ispossible to elucidate relative rates of substrate utilizaionexample,

a constanisotopiclabeling indicates thatubstates are consumed simultaneously
(Jones et al., 2016pn the other hand, if labeling changes in tithenthe rate at

which the labeling changes can be translated into relative flux chéngeani etal.,

2007)

1.2.1 Measuring Metabolism with 13C- Metabolic Flux Analysis

In order for biological processes to be economically viable, substnatgtsbe
converted to products at netheoretical yield¢Papoutsakis, 2b). This generally
requires significant rewiring of cellular metabolism. Compared to native metabolism,
which has evolved to optimize cell growth, product formation will require a different
balance of pathway activitiée maximize the flow of carboandelectrons from
feedstocks to productSC-Metabolic flux analysis'fC-MFA) is the best approach to

gain guantitative insights into cellular metaboliéimtoniewicz, 2015)Knowledge of



metabolic fluxes is important to identify bottlenecks in metabolism and determine
specific changes in pathway utilization resulting from genetic manipulglioms

and Antoniewicz, 2014Experimentally validated fluxes are also used in constraint
based modeling approaches, and fluxes are critical for parameterizing kinetic models
of metabolism(Khodayari et al., 2014which are increasingly applied for analyzing
metabolic pathways and predicting the outcomes of metabolicesrgig

interventions given the poor performance of traditional constbaiséd approaches
(Long et al., 2016b)

Methods for'*C-MFA have advanced significantly in the past few years
(Antoniewicz, 2015)With current stat®f-the-art approaches, it is possible to
measure intracellular fluxes with a precision of abe@%d4(Crown et al., 2015)The
ability to generate highesolution flux maps presenisprecedentedpportunities to
gain a much more detailed understanding of the ragalaf metabolic pathways and
in vivoenzyme kinetics. Current best approaches for flux estimation are based on the
concept of parallel labeling experiments and integrai@dFA (Figure1.3)
(Antoniewicz, 201% A good example of the power of parallel labeling experiments is
the study by Crown et alCrown et al., 2015where 14 parallel labeling experiments
were successfully integrated to generate a detailed flux m&p tmli. Parallel
labeling was also successfully applied for analysiSlostridium acetobutylicurfAu
et al., 2014)Geobacillusspp.(Cordova and Antoniewicz, 201,59nd various
mammalian systms(Ahn and Antoniewicz, 2013; Ahn et alQ®6; Crown et al.,

2016; Crown et al., 2015)
The design of optimal labeling experiments is a critical stépOfMFA. It is

now well recognized that traditional tracers such a@s@lglucose and [b
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13C]glucose, although relatively cheap, are suboptforaguantifying precise

metabolic fluxegCrown and Antoniewicz, 2012lFor example, it was demonstrated
that cbubly labeled tracers such as [#32]glucose and [1;63C]glucose are more
optimal for'3C-MFA, i.e. these tracers produce fluxes with much smaller confidence
intervals(Crown et al., 2016b)or xylose, optimal tracers include [£Z]xylose

and [5¥C]xylose(Cordova and Antoniewicz, 2015)

The choice of tracers becomes even more critical when multiple substrates are
presentWhen studying glucose andlgge cautilization, the combination ofl-
13CJglucose and unlabeled xylosas beewommony used (e.gto elucidate pentose
phosphate pathway fluxes in a crefutant ofAspergillus nidulangDavid et al.,

2005) andto studythe effect of a modified redox pathwewsS. cerevisiagGrotkjser

et al., 2005)A limitation of this tracer scheme is, however, that it only works well
when the labeled substrate (in this case glucose) is the main carbon source. If xylose
becomes the main carbon source, tH@alabeling becomes dramatically reduced an
flux estimation fails. It is therefore advantageous to design labeling experiments that
are less dependent on specific fluxes. Logically, it follows that both substrates should
be labeled. A number of optimized tracer schemes have been successfullg,appli
including [1,2*3C]glucose + [1,2C]xylose to elucidate glucose and xylose co
utilization inE. coli(Long et al., 2016ajnd [1,6'°C]glucose + [5**C]xylose for flux
analysis inT. thermophilugCordova et al., 2016)

Metabolic fluxes from other lignocellulosic sugars have also been stédied
example Fonseca et alised [2'°Clarabinoseo studyarabitolproduction in
arabinoseutilizing yeast straingFonseca et al., 200&nd Suncbt al. used1-

13C]glucose, [#13C]xylose, and [1°C]arabinose to estimate phosphoketolaseskinx
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Traditional 13C-MFA VS. Parallel labeling experiments
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Figurel.3 Comparison of different designs of isotopic labeling experiments to
quantify coutilization of multiple substrates using classica@-MFA
(left) and integrated®C-MFA based on parallel labeling experiments

(right).

Clostridium acetobutylicurtSund et al., 20155imilarly, Fendt and Sauer us€g-
glucose*C-galactose, antfC-mannose tracets elucidate sugar medalism ofS.
cerevisiae Earlier sudieswith Fibrobacteralso focused on elucidating catabolism of
more complex substrates, includiogjlulose and cellobiogg&endt and Sauer, 2010)
By examining the dilution of [£3C]glucose and quantifying the labeling of products
during growth on cellulose or cellobiggbe authorsvere able taleterminenow

glucosewas utilized in the esence otellulose(Matheron et al., 1998)
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Investigation of the metabolism of gaseous and one carbon substrates has also
been performed usindC-tracers Several C@-utilizing organismshave been studied
Specifically, the model cyanobacter&nechocystisp., ha been the focus of many
works examining the dynamics of photosynthesis us\@@. as a traceand applying
13C-nonstationary metabolic flux analygoung et al., 2011)Additionally, 3CO,
incorporation has also been studiedigamismstat have been engineered to use
COz. For examplet*CO, was used to evaluate the autotrophic abilitf o€oli before
and after adaptive evolutipwhen expressingf RubisCO(Antonovsky et al., 2016;
Herz et al., 2017)Through this investigation, it was shown that all sygawssphate
intermediates were completely derived from,Clhe metabolism of¥CO and*CO;,
has been quantified in several organisms that can use the WL pathway in an attempt to
evaluate the potential of mixotrophic production of chemighises et al., 2016)

Metabolism of nethane, and its subsequent derivatives (methanol,
formaldehydeformatg, has also been studied with the goal of creating new and
improving existing methanotrophic and methylotrophic organi@esnett et al.,
2018) Kalyuzhnayeet al assess the ability bfethylanicrobium alcaliphilunto
convert!3CH, into productunder both anaerobic and microaerobic conditions
(Kalyuzhnaya et al., 2013}n engineered strain of the methanoisthanosarcina
acetivoransan organism thaypically produces methane, was demonstrated to
instead us&*CH, for the production of acetafdlazemBokaee et al., 2016)°C-
methanol has also beased to quantify the ability of native methylotrophs, such as
Bacillus methanolicuandPichia pastorigJorda et al., 2012; Pluschkell and
Flickinger, 2002) and engineered methylotrophs, suclkasoliandCorynebacterium

glutamicum(Le3meier et al., 2015; Whitaker et al., 2Q1@)use mathanolfor growth
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and production of specialty chemicals. More recefglyoli has been modified to use
formate as a carbon source for growfit-formate was used to demstrate
successful design of thaixotrophic strain in which formate was requifedthe
synthesis of several amino acids, including methionine and gl{¢iskai et al.,

2017)

1.3 Aims and Outline of Thesis
Isotopic tracers are easy to implement and can be used to achieve a wealth of
new information about metabolism. However, there has been limiteidatppt of
tracers and therefore, their potential has not been realized. In this dissertation, we aim
to demonstrate how tracers can be applied to various systems to gain a detailed
understanding of pathway utilizatipone that cannot be achieved withthis
analytical techniquelhe systems studied here include ones with multiple substrates,
engineered pathways, and ezsrbon substrates. Specifically, we first examine sugar
utilization inE. coliand demonstrate how to choose and apply tracétsdoi strains
that can cautilize sugarsWe then use tracers to study and imprBveolithat has
been engineered to consume a-native substrate, methantlle nextshow that
classicaf®C-MFA can be used to study the metabuiiof a onecarbon substratei
the model methanogehlethanosarcina acetivorankastly, we present new and
evaluate existing metabolic flux analysis methods.
1 Chapter 2 shows the analysis performed of glucose and xylose
metabolism under both aerobic and anaerobic conditioBséoli. Here,
we aim to aid the design and validation of constraaged approaches
by providing a wealth of new information of the metabolism of these two

widely studiedsubstrateswe applied*C-MFA using optimal tracers for
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glucose and xylose. It was foutttht under anaerobic conditions, there is
significant turnover of lipids. Specifically, under anaerobic growth on
xylose, this biomass turnover was critical for growth. Analysis of fluxes
and cefactor allocation revealed key differences in pathway utibra

for each condition.

1 Chapter 3 demonstrates how we applied tracers to a rsulbistrate
system. Here we examine knockouts of the phosphotransferase system in
E. coliand quantify their ability to catilize glucose and xylose.
Additionally, we charaetrize two successfully engineeredudizing

strains, GX50 and LMSE2Ve apply*3C-metabolic flux analysis to
elucidate the metabolism of glucose/xylosecoasumption and

interrogate the sugar uptake profile for each strain. It was found that the
PTS krockouts and GX50 are sensitive to the relative extracellular
concentrations of glucose and xylose. Specifically, as the fraction of one
sugar increases, so does its relative uptakeUaléke GX50, LMSE?2 is
stoichiometrically limited, constraining thelagve uptake rates to a
constant ratio. Through this analysis, we identified the ideal uptake
profile to be linear and nebiased towards a specific substrate, focusing

future efforts towards the development of novel transport systems.
1 Chapter 4 describs how we examined and improved methanol

assimilation in a synthetic methylotropHtc coli strain Specifically, we

applied*3C-tracers and evaluated 25 differentsubstrates for methanol
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assimilation. It was found that adilization of threonine signi¢antly
enhanced methylotrophy and led to increased activity of specific
metabolic pathways. These pathways are normally repressed by the
leucineresponsive proteirrp). By deletingrp, we further enhanced the
methylotrophic ability of our strain, asmenstrated through increased
incorporation of*C carbon fromC-methanol. Here, we demonstrate
the value of using tracers to study engineered pathways as well as the
importance of studying and interrogating regulation when attempting to

engineer substratmetabolism.

1 Chapter 5 presentshe characterization of the methanogen,
Methanosarcina acetivorapa model organism for studying the

conversion of various substrates into methane and a possible host for the
conversion of methane into vakaelded produst Here, we characterize

this organism during growth on the ecarbon substrate, methanol. A
network model was created, consisting of reactions from central carbon
metabolism, amino acid biosynthetic pathways, and methanogenesis.
Typically, estimating flues during growth on orearbon substrates

requires more advanced computational approaches and precise sampling
of metabolic intermediates comparedi6-MFA. Here, we applied
classicaf®C-MFA to validate the network model and generate the first
flux mapfor M. acetivoransdemonstrating theuccessful applicatioof

classical*C-MFA to a onecarbon system
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1 Chapter 6 addresses the need for metabolic flux analysis methods that
can be used for atypical systems, ones that are not at isotopic or
metabolic teady state. Here, we present an extension of DMFA to
include isotopic labeling measuremertfC(DMFA). Additionally, we
evaluate all established MFA method¥tMFA, 13C-NMFA, and*3C-
DMFA) and their ability to estimate fluxes for various conditionsvés
concluded that*C-MFA and'*C-MFAg can be used for isotopic steady
state, '*C-NMFA can be used for isotopic nateady state, andC-

DMFA can be used for metabolic and isotopic 1steady state. This

work is the first demonstration 6iC-DMFA and dearly outlines how

and when each established method should be applied.

1 Chapter 7 reviews the major conclusions and implications of the

described work and addresses possible directions for future work.
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Chapter 2

COMPREHENSIVE ANALYSIS OF GLUCOSE AND XYLOSE
METABOLISM IN Escherichia coliUNDER AEROBIC AND ANAEROBIC
CONDITIONS BY 3C-METABOLIC FLUX ANALYSIS

2.1 Introduction

Biological conversion of lignocellulosic biomass into fuels and other chemicals
has gained much attention in recent yé@isoi et al., 2015)Lignocellulosic biomass
is composed mainly of cellulose and hemicellulose, both of which can be broken down
to carbohydrate monomers such as glucose, xylose, mannose, and géBiciost
al., 2010) With gluase and xylose as the major products of lignocellulose
breakdown, conversion of these two sugars into vaticdeed products has been the
focus of many metabolic engineering effqitiasona et al., 2004; R. Liu et al., 2012;
Tao et al., 2001)While progress in metabolic engineerimas allowed the generation
of unique strains for improved glucose and xylose fermentations, detailed knowledge
regarding changes in cellular metabolism as a result of these modifications is lacking
and this limits further rational strain desi@rong and Antoniewicz, 2014; Woolston
et al., 2013)

Constraintbased reconstruction and analysis (COBRA) methods have been
widely used in metabolic engineerifay strain desigriBecker et al., 2011; King et
al., 2015) These mthods include flux balance analysis (FBEpwards et al., 2002)
minimization of metabolic adjustent (MOMA) (Segre et al., 2002jegulatory on/off
minimization of metabolic flux changes (ROOKHhlomi et al., 2005)and relative
optimality in metabolic networks (RELATCHKiIm and Reed, 2012Wwhich can be

implemented for strain design in algorithms such a@gmtk (Burgard et al., 2003)
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An important requirement for COBRA metlod the presence of experimentally
validated reference flux mapSC-Metabolic flux analysis’fC-MFA) is the most

robust technique for determining prexistracellular metabolic fluxeGAntoniewicz,
2015;Antoniewicz et al., 2006; Crown and Antoniewicz, 2013aYhe past decade,
13C-MFA has been applied extensively to investigate aerobic metabolism of glucose in
E. coli(Chen et al., 201Perrenoud and Sauer, 2005; Toya et al., 2G)eraf-3C-

MFA studies have also focused on elucidating anaerobic glucose metabdisooin
(Chen et al., 2011; Choudhary et al., 20Hhd other microbg®u et al, 2014) In
contrast, relatively little is known about xylose metabolism. To our knowledge, there
have been no pridfC-MFA studies on xylose metabolismn coli, and only a

handful of'3C-MFA studies have been published on xylose metabolism is other
organismgCordova and Antoniewicz, 2015; Cordova et al., 2016; Feng and Zhao,
2013; L. Liu et al., 2012; Wasylenko and Stephanopoio$5)

To address this gap in current knowledge, we have in this work applied
advanced methods f&iC-flux analysis based on parallel labeling experiments and
integrated*C-MFA (Antoniewicz, 2015; Leighty and Antoniewicz, 201S)
compehensively quantify metabolism of glucose and xylo<e. iooli under aerobic
and anaerobic growth conditions. FUlZ-labeled tracers were also applied to
measure changes in biomass composition and turnover of macromolecules under all
growth conditionsResults from this work provide valuable new insights into
metabolism oE. colithat can serve as the basis for future model building efforts and

new strain designs using COBRA approaches.
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2.2 Materials and Methods

2.2.1 Materials

Media and chemicals were purchddrom SigmaAldrich (St. Louis, MO).
Tracers were purchased from Cambridge Isotope Laboratories2C]dtucose (99.9
atom%?*3C), [1,6°C]glucose (99.6%), [J>C]glucose (99.3%), [1;2°C]xylose
(99.3%), [5XC]xylose (99.6%), and [{J°C]xylose (99.3% The isotopic purity of all
glucose tracers was determined by-86 (Long et al., 2016aMOPS minimal

medium was used for all experiments.

2.2.2 Strains and Growth Conditions

For labeling experiments,singlecolony ofE. coliBW21135(GE Healthcare
Dharmacohwas first suspended MOPSmedium containing either 40 milucose
or 40 mM xylose and grown overnight at 37°C in a shaker flask. Theuttrge was
then resuspended in fredMOPSmedium containing particular tracef40 mM
initial concentration). For labeling experiments with{i€]glucose and [U
13C]xylosethe cells werdirst washed with glucos&reeand xylosefree medium The
initial ODeoo Of inoculated cultures was 0.15 £ 0.@ inoculation ratio of
approximately 1:10 was usedells were grown at 37°C in parallel nypioreactors
with a working volune of 10 mL, as described before for aerokccoli cultures
(Crown et al., 2015)Air was sparged into the liquid at a rate of 12 mL/min to provide
oxygen ando ensuresufficient mixing of the culture by the rising gas bubbles. For
anaerobic cultures, nitrogen was sparged into the headspace of timameactors at
5 mL/min to maimain anaerobic conditior(®u et al., 2014)and mixing was achieved
by continuous stirring with a stirrer bar. The pH of the anaerobic cultures was

maintained at pH 7.0 = 0.15 throughtomaticaddition of 1N NaOH.n all cases,
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glucose precultures wereused for glucose tracer experiments, and xylosepitares

for xylose tracer experiments. The following tracers were fsedC-MFA (40 mM

initial concentration): [1, 2°C]glucose, [1, 6*C]glucose, [1, 2°C]xylose, [5

13C]xylose.Labeling experiments weadsoperformed with40 mM of[U-13C]glucose

and [U-13C]xylose to determine turnover of biomass macromolecidetifling

proteins, lipids and RNA) during aerobic and anaerobic growkh obli. Growth
characterizati on fadD fadke nidadpdakikomas st r ai ns C
performed as described above for wijgpeE. coli. T h e fadDe a dadlép o

were obtained from the Keio collectioBE Healthcare Dharmacpn a fadDgfapK

strain RMK58 was obtained from Ddohn CronarUniversity of lllinois at Urbana

Champaigih (Campbell et al., 2003)

2.2.3 Analytical Methods

Samples were collected at multiple times during the exponential growth phase
to monitor cellgrowth, substrate uptake and product formation. Cell pellets and
supernatants for isotopic labeling analysis were collected at as 6fD.85 + 0.02.
Cell growth was monitored by measuring the optical density at 600nmpdQIBINg a
spectrophotometer (fpendorf BioPhotometer). The @fgvalues were converted to
cell dry weight concentrations using previously determinedo@dry cell weight
relationship for E. coli (1.0 Odgo= 0.32 gDW/L; molecular weight of dry biomass =
24.6 gDW/Cmol) (Long et al., 2016b)After centrifugation of the samples, the
supernatant was separated from the biomass pellet. Acetate, formate, succinate,
ethanol, and xylose concentrations in the supernatant were determined using an
Agilent 1200 Series HPL(Au et al., 2014)Glucose and lactate concentrations were

determined using a YSI 2700 biochemistry analyzer (YSI, Yellow Springs, OH).
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2.2.4 Biomass composition analysis

The methodsised for quantifying biomass composition were desciiived
(Long and Antoniewicz, 2014Briefly, samplesvereprepared by threeespective
methods: hydrolysis of protein and subsequent TEDdérivatization of amino acids;
hydrolysis of RNA and glycogen and subsequent aldonitrile propionate derivatization
of sugars (bhose and glucose, respectivelgid fatty acid methyl ester deatization
for fatty acid In total, 17 amino acidsverequantified The amino acidarginine,
cysteine and tryptophan are degraded during hydradysisvere thus not detected
For total protein quantification, we assudriee values previously reportédr these
threeamino acidgNeidhardt, 198y Glutamine and asparaginere daminated to
glutamate and aspartate, respectivdlyring hydrolyss; thus,we report the combined
pools of each. Quantification of albmponents waachieved by isotope ratio analysis
using an isotopically labeled standard and a naturally labeled sample. In this study, the
standard was generated by growing wiitde E. coli on [U-**C]glucose and aliquoting
identical(1 mL of an ORBwpw=10) sampl es of this Afully I ab
were centrifuged and washed twice with M9 medium. The composition aflthe
labeled biomass was characterized using unlabeled chlestandards, and
subsequently these were used as standards-tigsolving with the unlabeled

samples at the beginning of each respective analytical method.

2.2.5 Gas chromatographymass spectrometry
GC-MS analysis was performed on an Agilent 7890B GC sysigupped
with a DB-5MS capillary column (30 m, 0.25 mm i.d., 0.25 Jpimase thickness;
Agilent J&W Scientific), connected to an Agilent 5977A Mass Spectrometer operating

under ionization by electron impact (El) at 70 eV. Helium flow was maintained at 1
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mL/min. The source temperature was maintained at 230°C, the MS quad temperature
at 150°C, the interface temperature at 280°C, and the inlet temperature at@80°C.
MS analysis ofert-butyldimethylsilyl TBDMS) derivatized proteinogenic amino
acids was perfoned as describad (Antoniewicz et al., 200a) Labeling of glucose
and xylose were determined after aldonitrile propionate derivatizasiolescribed in
(Antoniewicz et al., 2011; Sandberg et al., 201&peling of fatty acids was
determined after derivatization to fatty acid methyl esters (FA(ZEQwn et al.,

2015) Labeling of glucose (derived from glycogen) and ribose (derived from RNA)
were determined as describefLiong etal., 2016a; McConnell and Antoniewicz,
2016) In all cases, @ss isotopomer distributions were obtained by integration
(Antoniewicz et al., 2007a@nd corrected for natural isotope abundaffeEmmandez et

al., 1996)

2.2.6 Metabolic network model and*3C-metabolic flux analysis

The metabolic network models used f&e-MFA for all four growth
conditions, i.eaebic and anaerobigrowthwith glucose and xylose as carbon
sourceare provided in Supplemental Materials. The models are based Bndbk
modeldescribed ifCrown et al., 2015)The models include all major metabolic
pathways of central carbon metabolism, lumped amino acid biosynthesis reactions,
and a lumped biomass formatiaaction Because we cannot distinguish between the
NAD-dependent (meaA) and NABd#Rpendent (meaB) malic enzymes, we included
only one of the two malic enzymes in the models, the NABpendent malic
enzyme. Previous studies have demonstrated that neithgne is expressed during
growth on glucose, and that only the NADBpendent (meaB) malic enzyme is

significantly expressed during growth on xyl¢gSehmidt et al., 2016 he
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stoichiometries for thbiomass formation reactisrwere derived usgithe measured
biomass composition for each growth conditibhe models also accoeatfor
dilution of intracellularlabeling from unlabeled C{Leighty and Antoniewicz,
2012) anddilutions resultingrom theturnover of lipids as desbed in the text.

All 3C-MFA calculations wer@erformed using the Metran softwdioo et
al., 2004)which is based on the elementary metabolite units (EMU) framework
(Antoniewicz et al., 2007b}-luxes were estimated by minimizing the variance
weighted sum of squared residuals (SSR) between the experimentally measured and
model predicte@xternal rates anehass isotopomer distribution$ biomass amino
acids,glucose derived from glycogen, ribose derived from RNA, and external
succinate (anaerobic cultures onlging nonlinear leastsquares regression
(Antoniewicz et al., 2006 All measured mass isotopomers are providebable A.5
and A.6 For integrated analysis of parallel labeling experiments, the data sets were
fitted simultaneously to a single flux model as described previgusighty and
Antoniewicz, 2013)Flux estimation was repeated 10 times starting with random
initial values for all fluxes to find a global solution. At convergence, accurate 95%
confidence intervals were computed flrestimated fluxes by evaluating the
sensitivity of the minimized SSR to flux variations. Precision of estimated fluxes was

determined as followAntoniewicz et al., 2006)

Flux precision (stdev) = [(flu¥pper bound 95%1 (flUX tower bound 959} / 4 (2.3

To describe fractional labeling ofetabolitesG-value parametrs were

included in*3C-MFA. As described previouskAntoniewicz et al., 2007¢jhe G
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valuerepresents the fraction of a metabolite pool thptoduced during the labeling
experiment, while 4G represents the fraction that is naturally labeledfrom the
inoculum. By default, one @alue parameter was included for each measured
metabolitein each data seReversible reactions were modeled as separate forward
and backward fluxes. Net and exchange fluxes were determined as follewsi;-

Vb; Vexch = Min(vs, Vb).

2.2.7 Goodnessof-fit analysis
To determine the goodnessfit, 3C-MFA fitting results were subjected to a
c?-statistical test. In shqrassuming that the model is correct and data are without
gross measurement errors, the minimized SSR is a stochastic variablewith a
distribution(Antoniewicz et al., 2006)'he nhumber of degrees of freedom is equal to
the number of fitted measurementsinus thenumber of estimated independent
parameterp. The acceptable range of SSR values is betwé&ea-p) andc?.o /(a-
pp), where U is a certain chosen threshol d

interval.
2.3 Results and Discussion

2.3.1 Growth characteristics

Growth characteristics of wiltypeE. coligrown in MOPS minimal medium
at 37 C were deteriimed at four growth conditions: aerobic and anaerobic growth with
glucose and xylose as the carbon source. For the anaerobic cultures, conitr®|ting
at 7.0 wasiecessary to maintain exponential growth; no pH control was required for
the aerobic cultws (up to Olgyo of about 1.0)Table2.1 shows theneasuredjrowth

rates biomass and produgtelds, andhe corresponding biomass specific product
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secretion rates fall conditions The aerobic growth ragdor both substrate®.70

0.01 and 0.50 + 02 h for glucose and xylose, respectively) were more théoid

higher than the correspondingaamobic growth rate(0.33 + 0.02 and 0.13 + 0.02,h
respectively). Thaerobicbiomass yields (0.44 + 0.02 and 0.35 * 0.6w/g for

glucose and xyloseespectively) were also sevefald higher compared to arrobic
biomass yields (0.14 £ 0.01 and 0.08 £ 0.6W/g, respectively)Under aerobic

growth conditions, acetate was the only secreted product. Under anaerobic conditions
acetate, ethanol, formadad succinate were produced. Acetate, ethanol and formate
were secreted at a relatively constant ratio of about 1:1:2 for both substrates. No
lactate was detected in any of the cultures. The biomass specific glucose uptake rate
was 50% higher during anaéio growth (13.1 = 1.0 mmolfgy.h) compared to

aerobic growth (8.8 = 0.5 mmolig.h), consistent with previous repo(Ghen et al.,

2011) In contrast, the biomass specific xylose uptake rate was only 13% higher during
anaerobic growth (10.8 + 1.1 mmaligh) compared to aerobicaywth (9.5 + 0.5
mmol/gpw.h). The carbon and electron recoveries (not accounting ferGDOQ,

which were not measured) for the aerobic cultures were 77% for glucose and 57% for
xylose (Table 1), which suggests that a relatively larger fraction of xylase

catabolized to C&compared to glucos&he carbon and electron recoveries for the
anaerobic cultures were 87% for glucose and 81% for xylose, suggesting that a non
negligible fraction of both substrates must have been converted to e.gn@@

redwed product such assHndeed, in sealed flask cultures we detected net
accumulation of C®and H in the heaespace that could account for the missing 13

19% of carbons and electrons.
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Table 2.1  Physiological characteristicseafcoligrown in batch calire on glucose
and xylose under aerobic and anaerobic conditions in MOPS minimal
medium at 37°C.

Aerobic Aerobic Anaerobic Anaerobic

Glucose Xylose Glucose Xylose
1 (1/h) 0.70 £ 0.01 0.50 £ 0.02 0.33+0.02 0.13+0.02
Y, (gpw/2) 0.44 +0.02 0.35+0.03 0.14 £0.01 0.08 £0.01
Y, (mol/mol) 0.65+0.01 033+0.01 0.56 +£0.02 0.51 £0.02
Y rorm(mol/mol) - - 1.25+0.05 1.00 £ 0.03
Ygion(mol/mol) - - 0.61 +£0.04 0.56 £ 0.01
Yy (mol/mol) - - 0.15+0.02 0.10£0.01
Qae(mol/gnyw h) 8.8+0.5 - 13.1+1.0 -
Qxyi(mol/gpy ) - 9.5+0.5 - 108+ 1.1
Qac(mol/gny h) 57+£02 32402 73+£0.7 55+08
Qeorm(Mol/gnyw h) - - 16.4+009 10.8+0.8
(grop(mol/gny h) - - 8.0+0.5 6.1£0.5
(gue(mol/gny h) - - 20=+0.1 1.1+0.1
Carbon Recovery (%) 75+ 7% 56 +£9% 87 + 5% 81 = 7%
Redox Recovery (%) 78 £ 8% 58 £ 9% 86 + 6% 81 + 8%

The data shown are biomass yield),Yyields of secreted products;i)Yspecific
growth rate (W), specific uptake ratesggand gyl), and specific prodztion rate (¢

for secreted metabolites acetate (Ac), formate (Form), ethanol (EtOH) and succinate

(Suc).

2.3.2 Biomass composition analysis

In nearly all flux studies performed to date, a condtamli biomass

composition has been assumed. However, it Iskmewn that the composition of

biomass can change in response to environmental and genetic perturthatmonst

al., 2016b) This in turn can have a naregligible impact on the accuracy of flux
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predictions. To ensure that flux results generated in this study are as accurate as
possible, biomass compben was measured for all growth conditions using the
methods described {i,ong and Antoniewicz, 2014Yhis information was then used
to generate conditieapecific growth stoichiometries f&fC-MFA.

The results of the biomass compositionlgses are summarized in Figure 2.1
(complée results are provided ifable A.J). Proteins were the most abundant
component of biomass for all conditions. The protein content of dry biomass was
slightly higher for xylose as the substrate (57 wt% and 61 wt% for aerobic and
anaerobic cultures, respgeely) compared to glucose as the substrate (51 wt% for
both aerobic and anaerobic cultures). RNA was the next most abundant component of
biomass. For both substrates, the RNA content was higher during aerobic growth (18
wt% for both substrates) comparedanaerobic growth (11 wt% for glucose and 9%
for xylose). It is well known that the RNA content of biomass positively correlates
with the growth rate of celld.ong et al., 2016b)which is consistent with the results
presented here. The lipid content was relatively constant at about 6 wt% for all growth
conditions. Glycogen content varied significantly, ranging from 2 wt% for aerobic
growth on glucose to 9 wt% for anaerobic growth on glucose. Figure 1B shows the
distribution of fatty acids in biomass, which varied notably depending on the specific
growthcondition. For example, the relative abundance of C18:1 was reduced by more
than 2fold when cells were grown anaerobically on xylose, compared to the other
three growth conditions. No significant changes were observed in the relative amino
acid profiles(Table A.3. The composition for the aerobic glucose condition is

consistent with previous repoffisong and Antoniewicz, 2014; Long et al., 2016b)
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Small differences in the fatty acid distribution, particularly higher C16:1 levels here,

may be the result of the media conditions (MOPS here, M9 previously).

A B 100
60 :5“.—:
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e O Anaerobic Glucose D 75
% 40 B Aerobic Xylose g
= O Anaerobic Xylose 2 50
> x|
0 20 + K]
° i 25 1
I I o =
0 L o
Protein RNA Lipid Glycogen C14:0 C16:1 C16:0 C18:1 C18:0

Figure2.1 Biomass composition analysis ofdatypeE. coligrown aerobically and
anaerobically on glucose and xylose.

2.3.3 Turnover of biomass macromolecules

A common assumption iFC-MFA is that turnover of biomass
macromolecules such as proteins, lipids and RNA can be neglected; however, this
assumpbn has not been validated rigorously under all relevant growth condifions.
investigate the presenoe absencef biomass turnover, cells wetfiest pre-cultured
in medium containing unlabeled glucose or xylose (i.e. natural abundalie,of
washed wth sugaffree medium, and then transferred to medium contaifivithg
labeled glucose [Y3C]glucosepor fully labeled xylose [UC]xylose. The initial
ODesoo of the cultures was 0.15 + 0.02 and cells were harvested favi&@&nalysis
when ORoo reached @5 + 0.02. Assuming that no turnover of biomass occurs, the
expected labeling profile of biomass components at the time of harvesting would be:
18% (=0.15/0.85) fully unlabeled (M+0), and 82% fully labeled MwhereN is the

number of Gatoms in the mesaured compound). Since isotopic tracers are not 100%
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13C-labeled (for example, here, we determined fbat*C]glucoseand[U-*C]xylose

tracers both had an isotopic purity of about 99.3 atdid®) some incompletely
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Expected (black bars) andasered (red bars) mass isotopomer
distributions for five metabolites (valine, serine, phenylalanine, aspartate,
and palmitate) from tracer experiments withiC]glucose and [U
13C]xylose. Presence of incompletely labeled mass isotopomers,
especially undeanaerobic conditions, indicates significant biomass
turnover.
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labeled mass isotopomers (M-1) are also expected. On the other hanbiaimass
turnoverdoes occyrthen we would expect unlabeled carbon from the initially
unlabeled biomass to enter caitarbon metabolism, which would subsequently
result in increased abundances of incompletely labeled mass isotopomers. Figure 2
shows the expected and measured mass isotopomer distributions (after correction for
natural isotope abundances), for five reprgative metabolites: valine, serine,
phenylalanine, aspartate and palmitate. The complete set-M$&@easurements are
provided inTable A.5 and A.6

For aerobic glucose and xylose cultures, the measured mass isotopomers
matched well with the expectadass isotopomers assuming no biomass turnover (Fig.
2.2A and 22B). The notable exceptions were aspartate, glutamate and related amino
acids (se@ables A.5 and A), which displayed higher than expected abundances of
M+N-1 mass isotopomers. In a previatsdy using [U*C]glucose(Leighty and
Antoniewicz, 2012)we noted similar dilutions of labeling which could be explained
by the incorporation of unlabeled (atmosphericy@i@ the anaplerotic reaction:
phosphoenolpyruvate CO; - oxaloacéate (i.e. oxaloacetate is the precursor for
aspartate, glutamate and related amino aclde.inlet air in this study contained
~0.04% CQ. The partial labeling observed here for both aerobic cultures is thus not
related to biomass turnover, but resiiitsn the incorporation of unlabeled
atmospheric C®

For anaerobic glucose and xylose cultures, the measured mass isotopomers
differed more significantly from the expected mass isotopomers (BEyéhd 22D).
Most striking were the very high abundanoé$1+N-1 mass isotopomers of

aspartate, glutamate and related amino acids, suggesting significant incorporation of
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unlabeled C@ For example, for the anaerobic-fC]glucose experiment, the Ni1

mass isotopomer of aspartate (M+3) was the most abundesstisotopomer in the

mass spectrum (>50% relative abundance). We validated that the nitrogen gas used in
the anaerobic cultures did not contain any.@€ss than 0.001%). Thus, all of the
unlabeled C@must have originated from turnover of unlabeled l@es These

results further suggest that under anaerobic conditions not enough @¥erated in
central carbon metabolism and amino acid biosynthesis pathways to support
anaplerosisghosphoenolpyruvate CO; - oxaloacetate), but instead that a large
fraction of CQ originates from biomass turnover.

For the anaerobic cultures, we also noted that palmitate had significantly
higher than expected abundances of incompletely labeled mass isotopomers. This was
especially pronounced for the anaerobic xyloséucel where we detected significant
abundances for M+10, M+12, and M+14 mass isotopomers, in addition to the
expected M+16 mass isotopomer of palmitate. The presencef2yIM+N-4, and
M+N-6 mass isotopomers suggests incorporation of unlabeled AcCoA) (kO
originated fr om bi-oxidaienofinitially unlabeledifaity e . g .
acids.

Moreover, we found evidence that unlabeled phosphoenolpyruvate (PEP) was
present. For example, we observed significant M+6 (KN} and M+7 (=M-N-2)
mass istopomers in the mass spectrum of phenylalanine for the anaerobic xylose
culture. Phenylalanine is produced from the condensatiorythirese 4phosphate
PER1.c2 and PERwc3. If unlabeled PEP (M+0) is present, then we would expect to
observe equal abuadces of M+6 and M+7 mass isotopomers for phenylalanine,

consistent wth our GGMS measurements (Figure 2.Zo further validate that
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unlabeled PEP was present, we measured directly the labeling of three intracellular
metabolites in glycolysis, 3PG, PERdapyruvate. For the anaerobic xylose culture,
7% of 3PG was fully unlabeled (M+0), and 5% of PEP and pyruvate were fully
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Figure2.3 Mass isotopomer distributions for the glycolytic intermediates 3
phosphoglycerate (3PG), phosphoenolpyruvate (PEP), andgigr(Pyr)
from tracer experiment with [%fC]glucose and [U3C]xylose. Presence
of unlabeled mass isotopomers (M+0), especially during anaerobic
growth on [U*3C]xylose, indicates that significant biomass turnover
occurs.

unlabeled (Figre2.3). For theother three growth conditions, the M+0 abundances of

these metabolites were less than 1%. A possible explanation for the presence of
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unlabeled PEP is that it originated from the glycerol moiety of unlabeled lipids that
turned overTaken together, the labng data presented here provide strong evidence
that biomass turnover occurs under anaerobic growth conditions and that this cannot

be neglected when analyzing labeling data.

2.3.4 Gr o wt hoxiadafion Knockouts

The results described above suggest that lipid turnover could be a characteristic
feature of anaerobi c gr-oxdatibnisestmnctlyx yl ose. To
necessary for cell growth under this condition, the effecentdknockouts of key
e n zy me s-oxidationtpatlevaybwere investigated. Specifically, we determined
growth characteristics for the straigqadD, fadK, a n dad@gfadK under aerobic
and anaerobic conditions for both substrates. The dadBsandfadK encode for
acylCoA synthetase, the first steptinh eoxidation pathway (Fig. 2A). It is
believed thafadD is mainly involved in aerobic fatty acid oxidation, whigelK is
active during anaerobic fatty acid oxidati@@ampbell et al., 2003Figure2.4B
compares the growth rates of wilghe E. coliand each of the knockout strains for the
four growth conditions. No significant differences in growth rates were observed for
the aerobic cultures, and for the anaergicose culture. However, for the anaerobic
xylose culture, the growth rates of the single gene knockout strains were significantly
lower compared to wikilype (~4070% reduction in growth rate). Moreover, the
doubleknockoutgfadDgfadK failed to grow on ylose. These results provide
addi ti onal -oxsdatipnpsandded nedessary fdr anaerobic growth on

xylose.
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2.3.5 Validation of metabolic network models

To statistically validate the proposed metabolic network modelSGaMFA
(Leighty and Antoniewicz, 2012)labeling data from [4J°C]glucose and [U
13C]xylose experiments were fitted to three models accounting for various dilution
effects: i) a base model that did not account for any dilution; ii) an extended model
that accounted for thailution of CG from unlabeled sources (either external or
internal); and iii) an extended model that accounted for @ilQtion and dilutions
resulting from lipid turnover, modeled here as dilutions of intracellujeregaldehyde
3-phosphat€dGAP) and ACOoA. Figure2.5 shows the determined sum of squares
residuals (SSR) values from fitting each model to each set of labeling data. For the
aerobic cultures, the only dilution effect that had to be accounted for to get a
statistically acceptable fit was G@ilution. For the anaerobic cultures, both£LO
dilution and dilutions resulting from lipid turnover had to be included in the model to
obtain statistically acceptable fits. When carbohydrate and amino acid turnover was
included in the models, there wassignificant effect on the SSR values (§égure

A.1) which suggests that turnover of proteiglycogen, and RNA was minimal.

2.3.6 3C-Metabolic Flux Analysis

Next, we quantified precise metabolic fluxes for all four growth conditions
using stateof-the-art techniques in*C-MFA. Specifically, we performed parallel
labeling experiments using the optimal isotopic trafe&3C]glucose, [1,6
13CJglucose, [1,2°C]xylose and [5°C]xylose which were identified using the
approaches described(iAntoniewicz, 2013; Crown and Antoniewicz, 2012; Crown
et al., 2016b, 2012and measured isotopic labeling of biomass amino acids, biomass

glycogen and RNA, and external succinate (anaerobic culbaigs The measured
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mass isotopomer distributions together with the measured external rates2Table

were then fitted to the validated metabolic network models that were updated with
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Figure2.5 Validation of metabolic network models f6iC-MFA. Sum of squared
residual (SSR) values are shown for models containing various dilution
reactions. For the aerobic cultures, inclusion o @iution was
necessary to obtain an acceptable SSR value (libbdotted line). For
the anaerobic cultures, G@nd lipid dilution were necessary to achieve
an acceptable SSR value.

conditionspecific growth stoichiometries based on the measured biomass
compositions. Statistically acceptable fits were obtained itaaks. The minimized
SSR values were lower théme maximum statistically acceptable SSR vahte95%
confidence level, assumirggconstant measurement error of 0.4 mw¥all GGMS
measuremeni@ntoniewicz et al., 2007aJlhe estimated metabolic fluxes and 95%
confidence intervals are prowd in Supplemental Materials.

Figure2.6 shows the estimated flux maps for the four growth conditions.

During aerobic growth on glucose and xylose, the classical central metabolic pathways
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were active, including glycolysis, pentose phosphate pathway),(BRIPTCA cycle
(Fig 6A and 6B). The results for glucose matched well with previous st{Che et
al., 2011; Scott B Crown et al., 2013pout 24% of glucose was metabolized tha
oxidative PPRoxPPR and the remaining 76% was metabolized via glycolyidie
Entner Doudoroff pathwayglyoxylate shunt and malic enzyme were all inactive
during growth on glucose, consistent with previous reports. During growth on xylose,
about 24%of fructose ephosphateR6P) that was producefilom xylose via non
oxidative PPRvasmetabolized via oxPPP and the remaining 76% via glycolysis. The
Entnei Doudoroff pathwayand glyoxylate shunt were inactive; however, in contrast
to growth on glucose, malenzyme was active during growth on xylose. For both
substrates, lpsphoenolpyruvate carboxylasas the only active anaplerotic reaction.
The TCA cycle fluxes were notably higher during growth on xylose compared to
growth onglucose. For example, duriggowth on xylose the citrate synthase flux
correspondetb 35% of xylose uptake rate (or 3.3 + 0.2 mmDW.h), while during
growth onglucose the citrate synthase flux was 26% of glucose uptake rate (or 2.3 +
0.1 mmol/gDW.h)

The anaerobic flux maps wesgikingly different from the aerobic flux maps
(Fig 2.6C and2.6D). Most notably, the flux through oxPPP was significantly reduced
and the TCA cycle becaniefurcated Under the anaerobic conditions, only 8% of
glucose was metabolized via oxPPP, and ox®&inactive during anaerobic growth
on xylose. For bothnsb st r at es, the TCA cycl e was disc
ketoglutarate (AKG) and succin@@oA. Theoxidative branclof the TCA cycle
served to supply AKG, a precurdor severalamino aci@, while thereductive branch

of the TCA cycleproducel the byproduct siccinate. Similar to aerobic cultures, the
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Figure2.6
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Entnei Doudoroff pathwayand glyoxylate shunt were inactive for both substrates, and
malic enzyme was only active during growth on xylose. Similar results have been
previously reported regarding the low flux of the TCA cycle under anaerobic
conditiors (Chen et al., 2011However, fermentation product profiles vary from our
results. This difference is most likely due to experimental setup (i.e. pH control vs. no
pH control).

During aerobic growth on both substrates, sufficient @&s produced in
central carbon metabolism (vixPPP, glycolysis, and TCA cycle) to support
anaplerosis vialpsphoenolpyruvate carboxyla@EP + CQ- oxaloacetate).
However, during anaerobic growth, the amount ot @f@duced was dramatically
reduced due to lower oxPPP and TCA cycle fluxes. More@yeuvate formate lyase
was mainly used to convert pyruvate to AcCCoA under anaerobic conditions (which
does not generate GYcompared to pyruvate dehydrogenase during aerobic growth
(which does generate GDFor example, for the anaerobic glucoseuweltthe net
CO, production rate via oxPPP and TCA cycle was reduced to 0.13 mmol/gDW.h,
which was lower than 0.28 mmol/gDW.h of €@keeded for anaplerosis. For xylose,
the net CQproduction via oxPPP and TCA cycle was only 0.04 mmol/gDW.h, much
less tharD.18 mmol/gDW.h of C@needed for anaplerosis. Thus, for both substrates
additional CQ must have been generated via other pathways. This result is in
agreement with our findings described in previous sections, where we concluded that a

large fraction ofCO, during anaerobic growth must originate from biomass turnover.

2.3.7 Quantitative analysis of cefactor balances
To provide additional insights into the physiologyEofcoligrown aerobically

and anaerobically on glucose and xylose, we calculated for eadition the
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production and consumption rates of keyfactors in metabolistMADH/FADH>,
NADPH, and ATR using the"*C-MFA estimated fluxes. The results are summarized
in Fig. 2.7.

For the aerobic cultures, the production and consumption rates of
NADH/FADH; andNADPH were very similar during growth on glucose (32.0
mmol/gDW.h forNADH/FADH>, and 10.9 mmol/gDW.h for NADPH) and growth on
xylose (29.8 mmol/gDW.h folADH/FADH2, and 10.9 mmol/gDW.h for NADPH).
The coefactorsNADH/FADH, were produced aboetjually via glycolysis (~50%
contribution) and the TCA cycle (~50% contribution) for both substrates. The vast
majority of NADH/FADH: was oxidized to generate ATP via oxidative
phosphorylation. Based on our flux results, we estimated that the oxygen pdiosum
rates were 13.8 and 13.2 mmol/gDW.h for growth on glucose and xylose, respectively.
During growth on glucose, NADPH was produced mainly via oxPPP (39%) and
transhydrogenase (39%), and to a lesser extent in the TCA cycle Qafb)
growth on xyloseNADPH was produced about equally via transhydrogenase (31%),
the TCA cycle (30%), and oxPPP (27%), and to a lesser extent by malic enzyme
(12%).

For the anaerobic cultures, the total production and consumption rates of
NADH andNADPH were significantlyeduced, especially during growth on xylose.
For the anaerobic glucose culture, the production rates of Ne&kidHNADPH were
25.6 mmol/gDW.h and 9.5 mmol/gDW.h, respectively; and for the anaerobic xylose
culture, the production rates of NACthid NADPH werel 8.0 mmol/gDW.h and 3.4
mmol/gDW.h, respectively. For both substrates, nearly all NADH was produced in

glycolysis (>95%), and the majority of the generated NADH was used for ethanol
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production. During growth on glucose, NADPH was mainly produced via
transtydrogenase (72%), and to a lesser extent via oxPPP (PL¥)g growth on
xylose, NADPH was produced about equally by malic enzyme (50%) and
transhydrogenase (41%). The TCA cycle did not contribute significantly to NADPH
production.

Biological energy (irthe form of ATP) is needed for three key cellular
processes: i) transport of substrates and nutrients into the cells, ii) cell growth
(anabolism), and iii) maintenance. During aerobic growth, ATP is mainly produced
via respiration and substratevel phosporylation, and to a lesser extent from acetate
production. For example, our flux analysis results suggest that the majority of ATP
was produced via oxidative phosphorylation (68% for glucose and 70% for
xylose);here, we assumed a value of 2.0 for ther®%0. Even if we assume a more
conservative value for the P/O ratio of {Nbguchi et al., 208, TaymazNikerel et
al., 2010) oxidative phosphorylation is still the major contributor to ATP production
during aerobic growth on glucose (61%) and xylose (63%). The total ATP production
rate was slightly higher during growth on glucose (79.7 mmol/gD)\8bmpared to
growth on xylose (72.0 mmol/gDW.h). During growth on glucose, 11% of ATP was
used for glucose transport (8.8 mmol/gDW.h), 34% for cell growth (26.9
mmol/gDW.h), and 55% for maintenance (43.9 mmol/gDW.h). We define
maintenance cost to be tt#ference between the total rate of ATP production and
ATP consumption for substrate uptake and cell growth. If we assume P/O = 1.5, the
estimated ATP maintenance cost is reduced to 30.1 mmol/gDW.h. For glucose
transport, we equate the donated phosphat@VS transport with one ATP

equivalent. During growth on xylose, a relatively larger fraction of ATP was used for
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substrate transport and phosphorylation (26%, or 19.0 mmol/gDW.h), 38% for cell
growth (27.4 mmol/gDW.h), and 35% for maintenance (25.5 rigbBoV.h).
Assuming P/O = 1.5, the estimated ATP maintenance cost is reduced to 12.3

mmol/gDW.h.
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Figure2.7 Production and consumption of key-fators in metabolism
NADH/FADH»2, NADPH, and ATP, during aerobic and anaerobic growth

on glucose (Gluc) orxylos&X(y | ) . A Ot her o i n NADPH pasa

the contribution of malic enzyme
panel represents the estimated ATP maintenance cost (here, assuming
P/O ratio = 2.0)

During anaerobic growth, the total ATP production rate wasaed for both

substratesWe estimated that ATP production rate was higher during anaerobic

growth on glucose (38.1 mmol/gDW.h) compared to anaerobic growth on xylose (30.5

mmol/gDW.h). For both substrates, ATP was mainly produced via sublgivate
phosghorylation in glycolysis (~80% for both substrates), with acetate production
contributing the remaining ~20%. During growth on glucose, 34% of ATP was used
for glucose transport (13.1 mmol/gDW.h), 59% for cell growth (22.5 mmol/gDW.h),
and 6% for maintenae (2.2 mmol/gDW.h). During growth on xylose, 71% of ATP
was used for xylose transport (21.6 mmol/gDW.h), 26% for cell growth (7.8
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mmol/gDW.h), and 3% for maintenance (1.0 mmol/gDW.h). These results suggest that
the higher ATP cost for xylose transport goitbsphorylation (2 ATP equivalents),
compared to glucose (1 ATP equivalent), significaaffects cell growth and biomass
yield on xylose. Taken together, these results illustrate that key differences exist
between glucose and xylose metabolism at thel lef cofactor production and

utilization, and that these differences could play a role in determining cell physiology

of E. coli.

2.4 Conclusion

E. coliis the most widely used microorganism in industry and academia.
Previous studies oB. colimetabolism hve been limited mainly to aerobic growth on
glucose. Only a few studies have focused on elucidating fermentative metabolism, and
no ¥*C-MFA studies exist on xylose metabolismEncoli. To address this critical gap
in current understandingpere, we havapplied statef-the-art methods it*C-MFA
to determingorecise metaboliftuxesfor wild-typeE. coligrown aerobically and
anaerobicallyon glucose and xylos#/e measured conditiespecific changes in
biomass composition, quantifibdomass turnovee n d d et e r -pxidatiend t hat
was strictly required for anaerobic growth on xylose. By analyzirfgctor balances,
we identified important differences in pathway utilization for the production and
consumption of energy and redox cofactors. These vatidhux maps can now be
used as references for COBRA predictions. In particular, the elucidation of biomass
turnover under various conditions will further improve these predictive tools. If
biomass turnover is not included, it is likely that predictionishe incorrect. Taken

togethey this study providea wealth ofhew informationon aerobic and anaerobic
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metabolism irE. colithat can be usad futuremetabolic engineeringtudies to

improvepredictive strategies for new strain designs
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Chapter 3

CHARACTERIZATION OF GLUCOSE AND XYLOSE CO -CONSUMING
STRAINS AIDS IN IDENTIFICIATION OF IDEAL DESIGN FOR SUGAR
CO-UTILIZATION

3.1 Introduction

Lignocellulosic biomas as a feedstock for bioprocesses is desirable as it is a
renewable source that can be hydrolyzed into sugarattractivesubstrate for
bioconversion. When hydrolyzed, this feedstock becomes a mixture of C5 and C6
sugars such as glucose, xylose, mannase galactos@sirio et al., 2010)ldeally,
this mixture could be fed to an organism that is capatlsing all sugar monomers
simultaneously. However, regulatory mechanisms, such as carbon catabolite
repression, and the lack of transport mechanisms often prevent efficient utilization of
lignocellulosic hydrolysat€Jeffries, 2006; Liang et al., 2019)o address these issues,
regulatory bottlenecks have been alleviated through adaptive evolution and
elimination of key genes in thregulatory pathwayGawand et al., 2013; Kim et al.,
2015) Transport machinery has also been expressed in organisms to widen their
substrate capabilitig§soncalves et al., 2014; Grotkjeer et al., 2005)

The model organisnkscherichia colihas been the subject of many of these
efforts. In particular, components of the phosphotransferase system (PTS) have been
removed to allow simultaneous consumption of sufldesg et al., 2015; Christopher
P Long et al., 2017aYhis system also plays a major role in carbon catabolite
repression, in which glucose is preferentially used over other sugars. Howeewver, f
works have provided a detailed characterization of these PTS knockouts and how

efficiently they would utilize sugar mixtures.
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Apart from targeting the PTS system, sev&ratoli strains have been
specifically engineered for eatilization of sugars. &50, a strain designed by Kim et
al (Kim et al., 2015)was adaptively evolved to use glucose and xylose after
elimination of the arabinose transcriptional regulator which represses the xylose
transcriptional activator. LMSEZ2, a strain designed by Gawand &aatand et al.,

2013) was designed to require glucose and xylose after deletion of the central carbon
metabolism geneggi, edd andrpe. In doingso, this strain is limited

stoichiometrically and therefore, cannot grow unless both sugars are used. These two
strainsare themost successfully engineered strains to date fartiti@ation of glucose

and xylose.

In this work, we examine the adilization capability of all the PTS knockouts
with various feed compositions. We U$€-tracers to evaluate how each sugar is
allocated towards biomass components. The two engineered strains described above
are also characterized using high resoluti@metallic flux analysis. Their uptake
profile based on feed composition is also quantified which provides insights into the

A i d e aililiing strain.
3.2 Materials and Methods

3.2.1 Materials

Media and chemicals were purchased from Sigazich (St. Louis, MO).
Tracers were purchased from Cambridge Isotope Laboratoriest*fi}glucose (99.9
atom%?*3C), [1,6°C]glucose (99.6%), [J>C]glucose (99.3%), [1;2°C]xylose
(99.3%), [5*C]xylose (99.6%), and [\¥°C]xylose (99.3%). M9 minimal medium

was used for all expienents.
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3.2.2 Strains and growth conditions

The PTS knockouts and wilypeE. coliBW21135 were obtained from the
Keio collection. The engineered strains, GX50 and LMSE2, were given to(Ksnby
et al., 2015pnd(Gawand et al., 201 3)espectivelyFor experiments involving the
PTS knockouts, a culture was grown overnight at 37°C in M9 minimal medium
containing6 g/L glucose and 6 g/kylose in a shaker flasH he preculture was then
washed and rsuspended in fresh M9 medium containing different ratios of glucose to
xylose (0:4, 1:3, 2:2, 1:3, 4:0) where 2:5Big/L glucose and 6 g/L xylos€or
labeling experiments, [J*C]glucose replackunlabeled glucasat the same
concentration. For experiments involving WT, GX50, and LMSEZ2, a culture was
grown overnight at 37°C in M9 minimal medium containhg/L glucose and 3 g/L
xylose in a shaker flask. The pralture was then washed andsigsspended in fresh
M9 medium containing different ratios of glucose to xylose (0:1, 0:2, 1:1, 1:2, 2:1,
2:2,0:2, 0:1)where 2:2 is 6 g/L glucose and 6 g/L xylo¥he following tracers were
used for*C-MFA: [1, 2-13C]glucose and [1,-2°C]xylose, [1, 6'°C]glucose and [5
13C]xylose. The initial Olo of inoculated cultures was approximately 0.05. Cells
were grown at 37°C in parallel mibioreactors with a working volume of 10 mL, as
described previously. Air was sparged into the liquid at a rate of 12 mL/min to provide

oxygen and to ensure sufficient mixing of the culture by the rising gas bubbles.

3.2.3 Analytical methods

Samples were collected at multiple times during the exponential growth phase
to monitor cell growth, substrate uptake, and production formation. Cell pealiets
supernatants for isotopic labeling analysis were collected at as Gfapproximately

0.5. Cell growth was monitored by measuring the optical density at 600nsagfOD
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using a spectrophotometer (Eppendorf BioPhotometer). After centrifugation of the
sanples, the supernatant was separated from the biomass pellet. Glucose, xylose and
acetate concentrations were determined using an Agilent 1200 Series(Whitaker

et al., 2017)

3.2.4 Gas chromatographymass spectrometry

GC-MS analysis was performed on an Agilent 7890B GC system equipped
with a DB-5MS capillarycolumn (30 m, 0.25 mm i.d., 0.25 gphase thickness;
Agilent J&W Scientific), connected to an Agilent 5977A Mass Spectrometer operating
under ionization by electron impact (El) at 70 eV. Helium flow was maintained at 1
mL/min. The source temperature wasimtained at 230°C, the MS quad temperature
at 150°C, the interface temperature at 280°C, and the inlet temperature at@60°C.
MS analysis ofert-butyldimethylsilyl TBDMS) derivatized proteinogenic amino
acids was performed as describedAntoniewicz et al., 2007a).abeling of glucose
(derived from glycogen) and ribose (derived from RNA) were determined as described
in (Long et al., 2016a; McConnell and Amiewicz, 2016)In all cases, mass
isotopomer distributions were obtained by integrafmtoniewicz et al., 2007a&nd

corrected for natural isotope abundan@esrnandez et al., 1996)

3.2.5 Tracer simulations

Tracer simulations were performed as describé@rmwn and Antoniewicz,
2012) Briefly, simulated data was generated using a random set of fldgedFA
was then used to estimatede fluxes and confidence intals for different tracer

schemes (using botingle and parallel tracer experiments), defining the observability
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of each flux given the tracers used. This analysis was performed for models containing

different relative uptake rates of glucose and xylose.

3.2.6 Metabolic network model and*3C-metabolic flux analysis

The metabolic network modabed for'3C-MFA is provided in Suplemental
Materials. The modedre based on tHe. colimodel described ifGonzalez et al.,
2017)andinclude all major metabolic pathways of central carbon metabolism, lumped
amino &id biosynthesis reactions, and a lumped biomass formation reaction.

All B3C-MFA calculations were performed using the Metran software which is
based on the elementary metabolite units (EMU) frame{amkoniewicz et al.,
2007b) Fluxes were estimated by minimizing the varianegghted sum of squared
residuals (SSR) between the experimiyntaeasured and model predicted external
rates and mass isotopomer distributions of biomass amino acids, glucose derived from
glycogen,andribose derived from RNAIsing nonrlinear leastsquares regression
(Antoniewicz et al., 2006)All measured mass isotopomers are provided in
Supplemental Materials. For inteded analysis of parallel labeling experiments, the
data sets were fitted simultaneously to a single flux model as described previously
(Leighty and Antoniewicz, 2012Flux estimation was repeated 10 times starting with
random initial value$or all fluxes to find a global solution. At convergence, accurate
95% confidence intervals were computed for all estimated fluxes by evaluating the
sensitivity of the minimized SSR to flux variations. Precision of estimated fluxes was

determined as follws (Antoniewicz et al., 2006)

Flux precision (stdev) = [(fluxpperbound 959 T (flUX 1ower bound 959 / 4 (7)
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To describe fractional labeling of metabolitesy@ue parameters were
included in*3C-MFA. As described previouskAntoniewicz et al., 2007¢jhe G
value represents the fraction of a metabolite pool that is produced during the labeling
experiment, while 4G represents the fraction that is naturédlyeled, i.e. from the
inoculum. By default, one @alue parameter was included for each measured
metabolite in each data set. Reversible reactions were modeled as separate forward
and backward fluxes. Net and exchange fluxes were determined as folewsiv

Vb; Vexch= Min(u, V).

3.2.7 Goodnessof-fit analysis

To determine the goodnessHfit, 3C-MFA fitting results were subjected to a
c?-statistical test. In shqrassuming that the model is correct and data are without
gross measurement errors, thaimized SSR is a stochastic variable witt?a
distribution(Antoniewicz et al., 2006)The number of degrees of freedom is equal to
the number of fitted measurementsiinus the number of estimated independent
parameterp. The acceptable range of SSR values is betwé&e(a-p) andc?.o /(a-
p), wher e U énshresholctvaluetfa example 6.6 $or 95% confidence

interval.
3.3 Results and Discussion

3.3.1 Knockouts of PTS respond to feed composition

The PTS is composed of four components, encoded by the ps@eptsH,
ptsl, andcrr (Long et al., 2017a)Ne characterized fol. colistrains, each lacking
one of these genes, during growthdiffierent sugar mixtures (Figu&l). When

comparing growt h rpsGeptgy naqosdthasgk astowdc out s
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growth rate on glucose than on xylose, contrary to what is observed fetypaé.

coli (Figure3.1A). This effect is most noticeabe  ptsl, in wigch the growth rate

on xylose (0.66 1) is 4.3 times faster than the growth rate on glucose (G5 h
gptsHa n dotslgppear to be the only knockouts that show a strong dependence of
growth rate on the feed composition, where increatiie glucose concentration
relative to the xylose concentration results in a slower growth rate.

To determine the contribution of each sugar to the synthesis of biomass
components as well as the effect of the feed composition on this contributibig][U
glucose was used in place of unlabeled glucosel*thiabeling of proteinogenic
amino acids and carbohydrates (glycogen, RNA) were measured (BigBtB). The
labeling of alanine provides insight into the relative uptake of each sugar where 50%
13C-labeling of alanine wodlindicate that the sugars are consumiethe same rate.
Basedonthé’C-l abel i ng pisG pagh, anddptsiall,shogpa clear
preference for xyl ose oV errpref@rks glucases(®50% <50 % |
labeling). Ad d i t i opts@ | ptsl,, aguisl haye similar %°C-labeling of
alanine and therefore, have similar relative uptake rates of the two sugars. For all
strains, increasing the glucose concentration relative to xylose leads to a higher
relative glucose upke rate, indicated by the higher labeling of each component as the
ratio of glucose to xylose increases.

The®3C-labeling of RNA and glycogen reveals the labeling of the
intermediates ribose-phosphate (R5P) and glucoseltosphate (G6P), respectively.
The source of glycogerither glucose or xylose,ppear s t o be ptsiost sen
where the difference in glycogen labeling between the 1:3 and 3:1 cases is 53%,

compared to the other strains, in which the difference ranges between 12% and 28%.
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Additionally, while glucose is phosphorylated diredtyform G6P, the precursor to

gl ycoms&n ptgplp a ptsdigerserally have <50%C-labeling of glycogen,

indicating that the majority of glycogen is derived from xylose. The opposite
conclusion can be made f @G RiHA, aptsdis wphi c h t
l ow, i ndicating that t hcerexhbitsaclearpraferenee of RN

for glucose with high3C-labeling of both glycogen and RNA (> 50%).
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Figure3.1 Characterization of growth and sugar allocation in PTS knockouts. The
growth rate and®C-labeling of glycogen, RNA, and alanine were
measured for each PTS knockout at different ratios of glucose to xylose,
as indicated by the color. For thi€-labeling experiment, [U
13C]glucose and unlabeled xylose were used as tracergrowh rates
of b o t gisHapn dotslgary depending on the ratio of glucose to xylose.
As the ratio of glucose to xylose increases, the relative uptake of glucose
also increases. Basedontf@é-l abel i ng ptsG pagplamdi ne,
gptsl all prefer xylose over glucoge50% labeling in alanine) while
gerr prefers glucose (>50% labeling in alanine. Error bars indicate
standard error (n =3).

53



3.3.2 Engineered strains for coutilization exhibit various uptake profiles

We next characterized two engineered glucose and xyles#lizong strains,
GX50 and LMSE?2, and compared them to wifge E. coli. For each strain, the initial
sugar uptake rates were measured (Fi§ute The fraction of the initial total uptake
used for xylose was then plotted versus the initial fraction lofseyin themedia to
obtain an uptake profile that is a functiof the %xylose concentrati. Using this
profile, we were able to simulate the glucose and xylose concentrations measured in
our experiments over the entire duration of the culture. FOBAEDBII, providing both
glucose and xylose leads to diauxic growth (Figu2A-C) where xylose starts to be
consumed only after all glucose has been exhauEkesltranslates to an uptake
profile in which the % xylose uptake is zero at any % xylose caat@nirvalue that is
less than 100% (only xylosélhe initial uptake rate of glucose does not seem to be
affected by the presence of xylose.

For LMSEZ2, no growth was observed when only one sugar was provided, due
to the stoichiometric limitations of thetrain (Figure3.2D-F). When both sugars were
present, the absolute sugar uptake rate was constant at approximately 5.6
mmol/gpw/hr, regardless of thieedcomposition. Therefore, the uptake profile is
constant at approximately 60% xylose uptake, or apmabely 3.5 mmol/gw/hr, at
all % xylose concentrations. When both sugars are present in approximately equal
amounts, they are both used completely. However, the design of the strain prevents
complete utilization of both sugars when they are present ouahamounts. Once
one sugar is completely consumed, growth ceases preventing further uptake of the
residual sugar.

Unlike LMSEZ2, the uptake profile of GX50 responds to the extracellular sugar

concentration (Figur8.2G-1); the uptake rate of glucose inases as the
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Comparison of two edtilizing strains and WE. coli. For each strain,
the initial uptake rates of glucose and xylose were measured. The ratio of
these rates (% Xylose Uptgkeas plotted versus initial fraction of
xylose in the cudlure (% Xylose Concentration). Additionally, using these
uptake profiles, we were able to simulate the glucose and xylose
concentrations and compare this simulation to the measured
concentrations. In WT, diauxic growth was observed, as expected, with
the ptake rate of glucose being unaffected by the presence of xylose.
The ratio of uptake rates for LMSE2 remained constant at 60% xylose
uptake and no growth was observed when glucose or xylose were the sole
substrate. The uptake rates in GX50 varied, depgnat the initial
concentrations of the two sugars, with a general preference for xylose.
Error bars indicate standard error (n=3).

55



concentration of glucose increases relative to xylose. In general, this strain prefers
glucose over xylose as seen by theWoese uptake being < 50% at all % xylose
concentrations testedhik strain grows approximately fotimes faster than LMSE2

and will exhaust both sugars, regardless of the relative concentrations.

3.3.3 Comprehensive analysis of engineered strains for adilization

High resolution*3C-metabolic flux analysis was now used to quantify
intracellular fluxes for both engineered strains. However, before performing the tracer
experiments, the optimal tracer scheme must be identified. This process is not trivial,
especially as you increase the number of substrates. Therefore, we used simulations to
determine the precision of using various tracer schemes in both single and parallel
labeling experiments (Figure3. Low precision was observed when only one
labeling eperiment was performeddditionally, labeling only one substrate severely
impacts precision when the unlabeled substrate is the main carbon $aurce
example, ginganyxylose tracer when 75% of the total uptake is allocated for glucose
results in lowprecision.Therefore, we were able to identify the optimal tracer scheme
as performing two parallel labeling experiments, one using'fCRjlucose and [5
13C]xylose and the other using [$1&C]glucose and [1;2°C]xylose as tracers. This
choice of traceresulted in high precision regardless of the relative uptake of the
sugars.

Figure3.4 shows the flux maps for LMSE2 and GX50 during growth on a 1:1
mixture of glucose and xylose. The fluxes shown are normalized to the total substrate
uptake rate. LMSERas a higher relative flux through the pentose phosphate pathway
since all flux from glucose is routed through the oxidative PP pathway. GX50 exhibits

a higher relative flux through the TCA cycle and secretes less acetate. Flux analysis
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Precisio of estimated fluxes for various tracer schemes. Improved
precision is observed using parallel labeling experiments with each sugar

isotopically labeled. Poor precision is observed in single labeling
experiments or when only one substrate is isotopitaligled.

was also able to correctly identify that the fluxes thropgihedd andrpe, in LMSE2

were zero. Overall, the absolute fluxes of LMSEZ2 are lower than those of GX50 as the

sugar uptake rates in LMSEZ2 are significantly slower.
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13C-MFA can also beised to compare intracellular fluxes for each strain as the
sugar composition changes. Fig@r® shows the relative changes in fluxes compared
to the 1:1 mixture. For LMSEZ2, the sugar composition does not affect the fluxes in
upper central carbon metalssh. This is expected because the relative uptake of the
sugars is restricted by tigeneknockouts. However, higher glucosencentrations
(2:1) lead to > 15% increase in TCA cycle fluxes. When the xyloseentration is
greater thathe glucose concentran (1:2), there is a > 15% decrease in TCA cycle
fluxes. For GX50, a lower ratio of glucose to xylose (1:2) leads to an increase in PPP
flux while the opposite is seen for a higher ratio of glucose to xylose (2:1). Equal
amounts of glucose and xylosel(12:2) result in similar intracellular fluxes for both
strains. Since GX50 can grow on each sugar by itS&fMFA was also performed
for growth on glucose only and xylose only. Doubling the concentration of either
sugar did not affect intracellular #es Eigure B.4.

Using the fluxes estimated BYC-MFA, we can examine the

production and consumption of the key cofactors in metabolism NADH/RADH
NADPH, and ATP for each strain and condit{gmgure 3.6) For LMSEZ2, the
transhydrogenase is not a magork of NADH while in GX50,t accounts for, on
average, @ mol NADH/ mol substrate consumé&d45% of the total NADH
consumed)More than 0.49 mol NADPH/mol substrgt&’ 3 of the total NADPH
produced)s produced via the oxidative pentose phosphateyagtin LMSE2. While
this pathway is also a source of NADPH in GX50, it accounts for almost half of the
total NADPH while the remainder is produced by the transhydrogenase. For GX50,
the cofactor balances are similar when both substrates are present arttievbés

only glucose. A difference is only seen when xylose is the only substrate in which
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Figure 3.4 Metabolic flux map for strains LMSE2 and GX50 grown in a 1:1 ratio of
glucose to xylose. Fluxes were estimated u$i@gMFA, including
measurements fro parallel labeling experiments using [£¥®]glucose
+ [1,2-13C]xylose and [1,6°C]glucose and [8°C]xylose as tracers.
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Figure3.5 Comparison of estimate fluxes for various glucose/xylose mixtures.
Highlighted changes indicate at least a 15% relatiea=ase (blue) or
decrease (red) compared to the fluxes estimate for a 1:1 glucose/xylose
mixture. Changes in the TCA cycle fluxes are observed for LMSE2 while
changes in the PPP fluxes are observed for GX50.

anaplerosis is more active in the productioN&iDPH, the transhydrogenase is less
active, and the PPP is no longer a main source of NADPH. While the consumption and
production of reducing equivalents is quite different between the two strains, the
breakdown of ATP usage is strikingly similar for @dinditions. Additionally, the

sugar composition doesndt appear to i mpact
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Figure3.6 Production and consumption of keyfaotors in metabolism. Using
fluxes estimated b{?C-MFA, utilization of NADH/FADH,, NADPH,
and ATP was quarited for each strain. GX50 and LMSEZ2 differ in the
consumption of NADH and production of NADPH by the
transhydrogenase as well as the production of NADPH by the PP
pathway. ATP allocation remains relatively constant for both strains.

3.3.4 Ideal coutilizing strain demands linear uptake profile

We have presented a detailed characterization of several strains that can co
utilize glucose and xylose. Some were rationally engineered to have this ability while
others were constructed by removing the regulatory mesimatfiat prevents eo
utilization natively. Most strains tested were responsive to the extracellular sugar
concentration, although it is possible to limit this response as seen in the case of

LMSEZ2. Based on these results, we can make some conclusioriirrgghe ideal
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co-utilizing strain. The ideal strain should not experience CCR and it should be
sensitive to extracellular concentrations and use all available sugar.

Figure3.7 showshypotheticaluptake profiles and how each of these strains
would use vaous sugar mixtures. One extreme that is undesirable is atbtahin
experiences carbon catabolite repression (case A), such &s ¥éli, in which
diauxic growth is observed and there is never a period in which both sugars are
consumed. The other extrerns a strain that is not sensitive to the sugar composition,
and therefore, stops growth once one sugar is exhausted, leaving residual sugar (case
D). The two intermediate cases (B and C) have a parabolic uptake profile or a linear
uptake profile, respeigely. In the parabolic case, tls&ain still shows a preference
for one sugar, such as here where the strain prefers glucose unless greater than 90% of
the available sugar is xylose. This hypothetical strain is similar to case A, in which
there is a poinin the fermentation that glucose reaches a concentration of zero before
xylose is completely consumed. In the linear caseralativeuptake rate of each
sugar is directly correlated with telativeextracellular concentration and therefore,
the suges are completely utilized at the same time.

While the simulated concentrations shown are representative of batch
fermentations, the implications are even more severe in the caselaftéd
fermentations, which are most commonly used for industrialessss. For case A and
B, since one sugar is completely consumed before the other, there will be an
accumulation of one sugar over time. If the sugars are present in equal amounts, case
D will result in an efficient process. However, any deviation fromabatposition

will lead to wasted carbon. Therefore, the ideal uptake profile is clearly one that is
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linear in which, regardless of the feed composition, both sugars will be used up at the

same time, leading to the most efficient fermentation.
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Figure3.7 Simulation of theoretical uptake profiles. The uptake profiles examined
were diauxic (A), parabolic (B), linear (C), and constant (D). Each profile
was used to simulate the consumption of glucose and xylose for different
starting concentrations in batchitcue. It is clear that the only profile
resulting in an efficient process is the linear profile, with simultaneous
consumption and no residual sugar.

3.4 Conclusion

In this work, we examined various approaches to solving the issue of
inefficient utilization d sugar mixtures derived from lignocellulosic biomdsscoli
has been the focus of many of these approaches. Here, we first studied several

knockouts of the PTS and found that all carutibze glucose and xylose.
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Additionally, the metabolism of eaclrain, as identified by*C-labeling of biomass
components, was altered depending on the relative extracellular concentrations of the
two sugars. This response was also examined in two engineered strains, GX50 and
LMSEZ2. While the uptake rates of the sugased depending on the ratio of the

sugars in GX50, this effect was not observed in LMSEZ2, in which the uptake rates are
limited by stoichiometry. For the engineered strains, a detailed analysis of intracellular
metabolism was performed usif€-MFA. Various changes in metabolism were
observed as the ratio of glucose to xylose was altered. Specifically, the TCA cycle was
affected in LMSEZ2 while fluxes through the PPP changed in GX50. When comparing
the two strains to each other, there were clear diftm®m intracellular fluxes and
cofactor utilization. GX50 utilized the transhydrogenase while LMSEZ2 used the
oxidative PPP as their main sources of NADPH. Flux through the TCA cycle was
relatively higher in GX50 compared to LMSE2 while the opposite wasrobd for

PPP fluxes. Interestingly, ATP allocation was similar for both strains.

After analysis of existing strains, we presented various hypothetical strains and
examined how these strains couldutdize a glucose and xylose mixture. The uptake
profile that resulted in the most efficient utilization of sugars was one that is linear,
where the relative uptake rates of the sugars is directly correlated to the relative
concentrations of the sugars. Realizing this design would require identification of an
unbiased, universal transport system, one that demonstrates no preference for a
specific substrate, and therefore, must have the same affinity for each substrate. With
advances in protein engineering, it will be possible to design novel transport systems

or reprogram existing ones to achieve a linear uptake pbfijand et al., 2014;
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Young et al., 2014)These systems can then be expressed in various organisms to

generate efficient and sustainablefaatories for production of valuable chemicals.
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Chapter 4

METHANOL ASSIMILATION IN  Escherichia colilS IMPROVED BY CO -
UTIL IZATION OF THREONINE AND DELETION OF LEUCINE -
RESPONSIVE REGULATORY PROTEIN

4.1 Introduction

The production of chemicals and fuels through bimalgconversion of
inexpensive and abundant feedstoskgh as natural gas, offers advantages over
traditional fermentation processg=ei et al., 2014)The main component of natural
gas, methane, can be used as a substrate in fermentations either directly or after
conversion to methanol. Methanol is an attractive feedstock dtgehigh electron
and energy contelfEei et al., 2014; Olah, 2009 the past few years, efforts to
engineer improved (or entirely new) methylotrophic organismsefffiatently
consune methanol and produce valadded chemicals have intensifiggtRmeier et
al., 2015; Liao et al., 2016; Whitaker et al., 2015)

Native methylotrophs, such dethylobacterium extorque#sM 1 and
Bacillus methanolicysuse one of several pathways for methanol fixation including
the serine cycle and the ribulose monophosphate pathway (R&dader et al.,
2009) In these pathways, methol is first converted to formaldehyde by a methanol
dehydrogenase (MDH), which gives the cell access to severalashen assimilation
pathways. The prospect of using native methylotrophs for bioconversion processes,
however, is still problematic becajsamong other issuéé/hitaker et al., 2015)
genetic tools are notell established fomany ofthese organism&lethylotrophic
yeasts have been studied extensively and are easily genetically modified, however,
their methanol assimilation mechanism requires oxygen, ultimately limiting product

yields.As an alternative, getically tractable and industrially relevant organisms such
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asEscherichia colandCorynebacterium glutamicuare being engineered to utilize
methanol and produce chemicéleRmeier et al., 2015; Mller et al., 2015; Whitaker
et al., 2017; Witthoff et al., 2015Fhe RuMP pathway is the preferred pathway for
engineering methylotrophy in narative organisms since it is the only known energy
yielding onecarbon assimikgon pathwayand does not require oxygéWhitaker et

al., 2015) Thetwo main enzymes the RUMP pathway arel@xulose6-phosphate
synthase (hps) andghosphe3-hexuloisomerase (phi). Together, these enzymes fix
formaldehyde to ribulose-phosphate (Ru5P) and convert the product, hexulose 6
phosphate, to fructoseghosgate (F6P), an intermediate of central carbon
metabolism (Figure 1).

In previous work, we successfully engineered a methylotrdphooli strain
that contains an MDH frorBacillus stearothermophilusnd the RUMP pathway from
Bacillus methanolicuéWNhitaker et al., 2017)We demonstrated that the strain can
incorporate abundant amounts of methanol into biomass and secreted products. This
was & advancement over previous effofidiller et al., 2015)however, oustrain
was still unable to utilize methanol as the sole carbon source. To maximize methanol
incorporation, yeast extract was required as-aulzstrate.

To gain a better understanding of methylotrophy in the enginéereali and
elucidate the mechanishby which yeast extract improves methanol utilization, in this
study, we performed experiments ustig-tracers to examine the metabolism of
methanol assimilation. We evaluated 25 potentisdulostratesSCo-consumption of
specific amino acids correlatedtivimproved methanol utilization, which led us to
hypothesize a new metabolic engineering target to improve methanol utilization that

was tested and successfully implemented in our strain, ultimately enhancing the
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Figure4.1 Synthetic methylotrophy B. oli and its relation to the global regulator
Lrp. To achieve a methylotrophic phenotypdEincoli, three
heterologous genes were expressed methanol dehydrogenase ¢mdh), 3
hexulose6-phosphate synthase (hps), ardh®sphe3-hexuloisomerase
(phi). Methanokenters the pentose phosphate pathway and through
various rearrangement reactions, Ru5P is generated for another round of
formaldehyde fixation. In this work, we demonstrate that increased
methanol assimilation is associated with increased flux from tmeon
(Thr) to glycine (Gly) and serine (Ser). To improve incorporation of
methanol, the leucineesponsive protein (Lrp), which negatively
regulates reactions denoted withdnd positively regulates reactions
denoted (+), was deleted.
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methylotrophic abilly of our strainOverall, this study represents a rational
engineering approach for studying substrate utilization and improving synthetic
methylotrophy and provides an illustrative example of the desigd-testlearn

cycle in metabolic engineerirn(§lielsen and Keasling, 2016)
4.2 Materials and Methods

4.2.1 Materials
Mediaand chemicalsvere purchased from Sigrfddrich (St. Louis, MO).
13C-Methanol (99%4C) waspurchased fronisotec (St. Louis, MQM9 minimal

mediumwas used for all experiments.

4.2.2 Strains and growth conditions

The base methylotrophEE. colistrain used here was described in detail in
Whitaker et al., 201riefly, E. coliBW25113DfrmAwas obtained from the Keio
collection and used for further genetic manipulatieba et al., 2006 Deletion of
Irp was performed as described upon removal of the kanamycin cassette ffam&he
locus via pCP2@Datsenko and Wanner, 2000Jethanol assimilation genegere
cloned into pETMGXu et al., 2012Jor episomal expression. Briefly, an operon
composed of thendhfrom B. stearothermophiluandhpsandphi from B.
methanolicusvas constructed. The heterologous genes wereesintt as gBlocks
(IDT, Coralville, 1A) with synthetic ribosomal binding sites designed using the RBS
Calculator v2.qBorujeni et al., 2014; Salis et al., 2008»d the operon consisted of a
synthetic promoter (R) and terminator. The respeaifragments were then Gibson

assembled into pETM6 digested with Avrll and Nhel.
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For experiments involving glucose, yeast extreasamino acids, or tryptone
as substrates culture was grown overnight from frozen stock in Luria Broth (LB)
medium at 37C in a shaker flask. The prailture was then rsuspended in fresh M9
medium containing 1.5 g/L of the substrate. For cultures containing metkighol,
labeled methanol was added at 60 mM initial concentration. The initigdoOLthe
inoculated culturewas approximately 0.05. Cells were grown at 37°C in shaker flasks
with a working volume of 25 mLSamples were collected at 24 and 48 hours for GC
MS analysis.

For experiments involving amino acids as substrates, a culture was grown
overnight from frozerstock in LB medium. The preulture was then reuspended in
fresh medium containing 5 mM of a specific amino acid. For cultures containing
methanol 1*C-labeled methanol was added at 60 mM. The initiabé@f inoculated
cultures was approximately 0.05ells were grown at 37°C in shaker flasks with a
working volume of 25 mLSamples were collected at 72 hours for-M6 analysis.

For studies compar i hpgtrainhaeultlreavsaegrosm r ai n &
overnight from frozen stock in LB medium at 3Z ih a shaker flaskihe preculture
was then resuspended in fresh M9 medium containing 1.5 g/L yeast ex&aict.
cultures containing methandfC-methanol was added at 60 mKbr cultures
containing threonine, threonine was added at 5 . initial CDeooOf inoculated
cultures was approximately 0.05ells were grown at 37°C in shaker flasks with a
working volume of 25 mLSamples were collected at 24, 48, and 72 hours foeMSC

analysis.
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4.2.3 Analytical methods

Samples were collected at regular intertalmonitor cell growth and measure
isotopic labeling of biomass components, including RNA, glycogen and amino acids
(Long et al., 2016a)0Optical density at 600 nm (QRy) was measuredsinga
spectrophotometer (Eppendorf BioPhotometer). Thes@2lues were converted to
cell dry weight concentrationssinga pre-detemined ODRoo-dry cell weight
relationship (1.0 Ok = 0.32 gw/L) (Long et al., 2016b)The percent increase in

biomass as a result of methanol beingutibzed was calculated as follows:

pmm (4.1

4.2.4 Amino acid guantification

To quantify the amino acid content of yeast extract, casamino acids, and
tryptone, two 100 uL samples of a 1.5 g/L solution of these substrates were used for
isotope ratio analysis, using fully labeled-f&C]algal amino acids as internal
stardards. Two samples were prepared. One sample was immediately derivatized with
TBDMS to measure free amino acids. The second sample was hydrolyzed overnight at
110°C in 6N HCI, and then derivatized to measure peptides + free amino acids. The

analysis was p&rmed four times for each substrate.

4.2.5 RNA and glycogen quantification

The amount of RNA and glycogen (% of cell dry weight), and isotopic labeling
of these macromolecules was determinedessribedn (Christopher P. Long and
Antoniewicz, 2014)Briefly, biomass samples were hydrolyzed with HCI resulting in
the release of ribose (from RNAhd glucose (from glycogen). The sugars were then

derivatized and analyzed by @@S (McConnell and Antoniewicz, 2016fror

71



guantification of RNA and glycogen, isotope ratio analysis was performed using fully
13C-labeledE. colias the internal standard. Fully labeedcoliwas generated by
growingE. colion [U-1*C]glucose washing the cells twice with glucefee medium,
andaliquotingidentical (1 mL of an OEo=1.0, or 0.32 mg of dry weightsamplesto

be used as internal standards

4.2.6 Gas chromatographymass spectrometry

GC-MS analysiof isotopic labeling of sugars (i.e. ribose and glucose from
RNA and glycogen, respectively) wasrformed as describéal (Long et al., 2016a)
The measured G®IS fragments contained the first four carbons of ribas& 284
fragment), and the first five carbons of glucaséz370 fragment). G@/S analysis
of fructose6-phosphate was performed as describgd\m et al., 2016)GC-MS
analysisof tert-butyldimethylsilyl (TBDMS) derivatizedproteinogeni@amino acids
wasperformed as describéa (Gonzalez et al., 2017All GC-MS analyses were
performed on an Agilent 7890BC system equipped with a BBVIS capillary
column (30 m, 0.251m i.d., 0.25 purphase thickness; Agilent J&W Scidit),
connected to an Agilent 5977A Mass Spectromeperating under ionization by
electron impact (Blat 70 eV Mass isotopomer distributions were obtained by
integration(Antoniewicz et al., 2007and corrected for natural isotope abundances
(Fernandez et al., 1996verage carbon labeling was calatdd using the following
formula:

50 Q1 G&OVNWEELQABQE VO & 2O (4.2)
wheren is the number of carbons, g the corrected abundance of theriass

isotopomer
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4.3 Results

4.3.1 13C-labeling demonstrates that yeast extract is a superior esubstrate
compared to glucose in enhancing methanol assimilation

Previously, we successfully engineered a synthetic methylotrépluicli that
is able to utilize methanol for cell growth when yeast extract is provided as a co
substratéWhitaker et al., 2017Here, we compared methanol utilization of thisistra
with yeast extract versus glucose assabstrates. Experiments were performed either
with 60 mM of**C-methanol or without methanol. Glucose and yeast extract were
each present at 1.5 g/L. Figut2A shows the increase in biomass concentration
when méhanol was caitilized with either of the two substrates, i.e. relative to
experiments without methanol. @€uilization of yeast extract and methanol resulted in
33% higher final biomass concentration compared to the experiment without methanol
(i.e. yeasextract alone)while a higher final Olegno wasachieved with glucose (Figure
C1). However, when glucose and methanol weraitilized, the final biomass
concentration was only ~1% higher compared to glucose alone. Improvement in
methanol assimilation wheso-utilizing yeast extract was also reflected in @
labeling of major biomass components such as proteins, RNA, and glycogen (Figure
4.2B). When yeast extract ahtC-methanol were catilized, significant labeling was
detected in biomass componefesy. 17% labeling in glycogerand intracellular
metabolites (g. 30% labeling in F6P, Figure2l; whereas when glucose ahi-
methanol were catilized, low3C-labeling was observed (less than 3% labeling).
Thus, based offC-labeling and growth datgeast extract appears to be a better co
substrate compared to glucose for methanol assimilafina possible explanation is
that carbon catabolite repression prevents efficient methandllization in the

presence of glucose. However, we also obsetivedame effect with other sugars and
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organics acids as exubstrates (Figur€.3). While high labeling was detected in

biomass components, certain amino acids, notably leucine, valine, and phenylalanine
(Table C.3)were not labeled b{?C-methanol. Giva that amino acids are the main
components of yeasitracts (Figure 3), these data suggest that a possible

regulatory mechanism activated in the presence of yeast extract leads to the observed
13C-labelingpatterns. In addition to yeast extract, casanaicids and tryptone were

also tested as csubstrates (Figures.4; C5). The!*C-labeling patterns and growth
improvements were similar to those observed with yeast extract as sobsioate,

thus further supporting the hypothesis that amino acidseap®nsible for improved

methylotrophy.
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Figure4.2 Yeast extract is a better-snibstrate for methanol assimilation than
glucose. (A) The increase in @in the presence of methanol compared
to the absence of methanol was determined for growth with the co
substrates glucose (red bars) and yeast extract (blue barSC{B)
labeling in biomass components (amino acids, RNA, and glycogen) from
13C-methanol was measured for bothsubstrates after 48 hours.

Overall, yeast extract was the superiorscbstratéor methanol
assimilation as indicated by higher labeling and improved growth in the
presence of methanol. Error bars indicate standard error (n=2).

74



4.3.2 Threonine as a cesubstrate leads to hight*C-labeling and enhanced
growth

In an effort to explain why yea extract was a superior-sabstrate for
methanol assimilation, we performed a series of experiments where we systematically
evaluated each amino acid individually as a potentisutzstrate for methanol
utilization. We hypothesized that the presenceeofain amino acids may trigger a
cellular response that results in the high methanol assimilation phenotype observed
with yeast extract. For comparative analysis, we also evaluated fivenmioo acid
carbon sources: acetate, pyruvate, succinate, xydoseglucose. Experiments were
performed as described in the previous section, where two cultures were performed in
parallel, one with 60 mM3*C-methanol and one without methanol. The initial
concentration of each esubstrate was 5 mM.

In total, twentyfive co-substrates were thus evaluated, which we classified
into three groups: 1) amino acids for which no degradation pathways are knBwn in
coli (Link et al., 2015)pnd thereforek:. colicannot use these substrates for growth
alone: Histidine (His), Tyrosine (Tyr), Valine (Val), Methionine (Met), Isoleucine
(lle), Leucine (Leu), Phenylalanine (Phe), Lysine (Lys); 2) amino acids for which
degradation pathways are known to exidEircoli. Arginine (Arg), Cysteine (Cys),
Tryptophan (Trp), Proline (Pro), Glycine (Gly), Serine (Ser), Glutamate (Glu),
AsparagingAsn), Threonine (Thr), Glutamine (GIn), Alanine (Ala), Aspartate (Asp);
and 3) other substrates (i.e. mino acids): Acetate (Ac), Pyruvate (Pyr), Succinate
(Suc), Xylose (Xyl), Glucose (Gluc). Cell growth was monitored for three days in all
experimerg. Figure4.3 shows representative growth profiles for leucine, threonine,

acetate, and glucose assubstrates.
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Figure4.3 Growth is improved in the presence of methanol for severalbstrates.
Growth profiles folE. colion leucine (A), threonine (Bacetate (C), and
glucose (D) as csubstrates in the presence (dashed line) or absence
(solid line) of methanol. The number of cell doublings in both the
presence and absence of methanol was determined for eaghstoate
(E). In the presence of methangtowth was improved for many-co
substrates, however, the extent of improvement varied, generally

decreasing with increased growth. Error bars indicate standard error (n =
2).

As expected, no growth was observed on thedegradable amino acids as
sole @rbon sources. Figure3A shows the biomass concentration during growth on
leucine, which is representative of the group of-degradable amino acids. In the
presence of*C-methanol, the final biomass concentration was slightly higher
compared to leucmalone. Similar results were obtained for the otherdegradable
amino acidsFigure4.3E also shows the number of cell doublings observed for each
condition. In a few cases, slight net growth was observed in the preséfCe of

methanol (<0.4 doublingsbut no net growth was observed without methanol
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For the second group of amino acids (i.e. the degradable amino acids),
significant growth was observed in many casath the number of doublings ranging
between 0 and 3.6 (F®3E). For several aminacid cesubstrates (proline, glycine,
glutamate, asparagine, and threonine), there was a prondomredement in the
number of doublings in the presencéi@-methanol compared to the control
experiments without methanol, e.g. 0.95 for threonine 4E8§). Overall, amino acids
that generated better growth as sole substrates resulted in smaller improvements in the
number of doublings in the presence of methanol. For example, in the case of alanine,
aspartate, and glutamate, there was <16% increasemnuithiger of doublings
between the condition with methanol and the condition without methanol.

For thethird set of cesubstrates (i.e. sugars and organic acids), significant
growth was observed in all cases, with the number of doublings ranging from 2.3 to
4.8. However, the improvement in cell growth as a resufi@methanol ce
utilization was small in all cases (<13%g 4.3E), following the same trend as
observed for the degradable amino acids.

In addition to quantifying growth profiles, we also measusotopic labeling
of biomass components (specifically, glycogen, RNA, and proteinogenic amino acids)
for all experiments wherEC-methanol was used as asabstrate (all data are
provided in Supplemental Materials). Figude$A and4.4B show the meased mass
isotopomer distributions (MID) of glycogen and RNA, after correction for natural
isotope abundances, where M+0, M+1, M+2, etc represent the mass isotopomers with
no carbons labeled, one carbon labeled, two carbons labeled, etc, respectively. We
observed high labeling of RNA (up to 29%Mt-0) and glycogen (up to 84%;N+0)

for all amino acid cesubstrates, and especially for rdegradable amino acids as co
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Figure4.4 Threonine as a esubstrate leads to higfC-methanol incorporation in
biomasscomponents. Isotopic labeling frolfC-methanol was measured
for 25 cosubstrates. Here, mass isotopomer distributions (MID) of
glycogen (A), RNA (B), vahe (C), alanine (D), glutamate (End
serine (F) are shown. Relative abundances are the measwsgd ma
isotopomer distributions that have been corrected for natural isotope
abundances. High labeling in biomass components was observed when
threonine was the esubstrate. Error bars indicate standard error (n = 2).

substrates. Since little or no growth vadserved in these cultures, the observed high
labeling must be the result of turnover of glycogen and RNA. In many cases, we
observed up to M+5 labeled glycogen and up to M+4 labeled RNA, indicating that
13C-methanol carbon efficiently cycled through thentose phosphate pathway,

resulting in multiple carbons being labeled in biomass components. For the degradable
amino acids, labeling of glycogen and RNA was generally lower compared to the non

degradable amino acids assubstrates. A notable exceptiaas threonine, for which
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we observed high*C-labeling in both glycogen (77%;M+0) and RNA (27%, 41

M+0). For the other substrates, the labeling of glycogen and RNA was much lower,
especially for substrates that produced high growth rates such as gindosgose
(~5% labeling in RNA, and <20% labeling in glycogen). Thus, there was an inverse
correlation between cell growth rate ai@-labeling of RNA and glycogen for these
co-substrates.

Figures4.4C-4.4F show the mass isotopomer distributions of four
representative proteinogenic amino acids (valine, alanine, glutamate, and serine) from
the experiments witk’C-methanol. For the nedegradable amino acids as co
substrates, significant labeling was observed in alanine, serine and glutamate (up to
M+3), but no labeling was observed in valine and most other amino &b C.3,
C.4). Again, since little or no growth was observed for thessulzstrates, it is likely
that the labeling was due to protein and amino acid turnover (i.e. similar to glycogen
and RNA turnover). For the degradable amino acids asubstrates, significant
labeling was observed in alanine, serine and glutamate (up to M+3), and for a few co
substrates, significant labeling was also observed in amino acids such as valine that
typicdly were not labeled in the presence of yeast extract4BiQ). Most notably,
threonine as a esubstrate produced higFC-labeling of valine (up to M+4) and other
amino acidsTable C.4. For the third set of esubstrates (i.e. sugars and organic
acids), the amount of labeling in biomass amino acids was significantly lower and
mainly M+1 labeling was observed.

Based on these results, threonine was identified as the most promising co
substrate for methanol assimilation, since it produced high labeliR§A, glycogen

and biomass proteins and improved cell growth. Interestingly, no labelingi@m
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methanol was detected in glycine and serine when threonine wasghbstoate (Fig.
4.4, andTable C.4. This suggests that glycine and serine were pratidiectly from
threonine, likely via threonine dehydrogenase, which converts threonine to glycine
and acetylCoA (Thr- Gly + AcCoA), and serine hydroxymethyltransferase, which
combines glycine and methylenetetrahydrofolate to produce serine (Gly + MEETHF

- Ser).

4.3.3 A potential role for the leucineresponsive protein (Lrp) in methylotrophy

After observing high labeling and increased growth with threonirtiecas-
substrate, we hypothesized that improved methanol utilization correlates with
threonine degradi@n, via its conversion to glycine and seribewring growth on
glucose and other carbon sources, such as xylose, threonine degradation does not
occur(Gonzalez et al., 2017; Long et al., 20143 such, under these growth
conditions, threonine is not converted to glycine and the net flux is from serine to
glycine, instead of glycine to serine. Our results thus suggest that rewiring amino acid
metabolism at the threonine/glycine/serine node may be a potential metabolic
engineering target to improve methanol utilization. Metabolic fluxes at this node are
requlated by théeucineresponsive regulatory protefbrp) (Calvo and Matthes,
1994; Wang et al., 1994Figure4dl ) , whi ch i s generally assoc¢
and fami nebB.cai®wipggmow é iim r i ch Qeptbvela, i . e. ¢
are | ow while duri ng nlplavelsanm highAsisuoh,t at i on,
Lrp regulates biosynthetic pathways depending upon the nutritionab$thie cell
Lrp levels also increase when cells enter the stationary phesder et al., 2011)As
illustrated in Figure 1, Lrp represses the conversion of threonine to glycine and the

conversion of glycine to serine. We thus hypothesized that by knocking out Lrp, we
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may be able to increase the flux through these pathways and, indirectly, improve

methanol assimdtion.

4.3.4 Deldion of the Lrp gene enhances methanol assimilation

We g e n e r laptsteach bytdéleding gbiEp gene from our base
methylotrophicE. colist r ai n. Gr owt h charactelpi stics ol
strain were then compared in medium containing 1.5 g/L yeast extract, with and
without 60 mM*3C-methanol (Figure4.5). For both strains, stationary phase was
reached after ~10 hrs. @unilization of methanol and yeast extract resulted in
significantly higher biomass concentrations for both strains compared to cultures
without methanol. At 72 hr, the biosgconcentration of the base strass 37%
higher with methanol compared to no methanol, and the biomass concentration of the
qdrp strain was 34%igher with methanol compared to no methanol. Overall, the
bi omass ¢ on c drpstrairavias consistently highbr eomgared to the base
strain. Mutations ifrp are known to result in improved cell performance during
stationary phase, a phenotype known as BASrowth Advantage in Stationary Phase
(Finkel, 2006) It has been hypothesized that this mutation may increase the ability of
the cells to combat the nagistarvation response i coli.

Labeling of glycogen and RNA was also measured for experiment$®ith
methanol (Figuré.6A-D). High labeling in these metabolites serves as an indicator of
efficient methanol assimilation and of efficient cycling of pemtose phosphate
pat hway. GI yc o gle straih aab sdnificantly higher tharhgtycogen
labeling in the base strain in terms of botM0 and average carbon labelihg the
adrp strain, glycogen labeling reached 72%\*0), while glycoga labeling in the

base strain only reached 45%Nit+0). A similar trend was
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Figure4.5 Deletion ofrp increases biomass concentration in both the absence and

al

F

presence of met halmnpdB)strainskere goowrsie ( A)
1.5 g/L yeast extract witfdashed line) and without (solid line) 60 mM
13C-methanol. Both strains reached a higher OD600 in the presence of
methanol. The OBoo0 f  tirfnsérainguas consistently higher than that
of the base strain. Error bars indicate standard error (n = 3).té&msks
indicates a statistically significant difference (p < 0.05) between the
conditions with and without methanol for each strain.
observed f or RNArp straitreaching lggher RNAtlabeling (24%,
1-M+0) compared to the base strain (14844+0). Additionally, labeling of RNA and
glycogen was measured with threonine supplementation to yeast
extract (Figure 6). When threonine was supplemented to the base strain, the labeling
was similar to t helrplstainwithouthgonioedb s er ved i n t
supplementation. Thiesultsuggests that deletion of Lrp captaitiee positive effects
of threonine supplementation. Ifpsthier esti ngl

further improved labelingncorporationfrom *3C-methanol (Figure 6), suggesting
that there istill room forfurtherimprovement of methanol utilization in our strain.
The absolute amounts bYC-glycogen and®C-RNA, as a fraction of dry

weight, were also measured fosth strains grown in yeast extract a8Ad-methanol
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(Figure4.6E-F). The amount offC-labeled RNA remained relatively constant floe

base strain during stationar Virpgtriim®he, whi | €
amount oft3C-labeled glycogen remained low in the base strain (between 0.1% and

0.3% DW) during the st at irpstranstlye apdutafs e . I n ¢
13C-glycogen was much higher (0.8% DW) at the early timepoints and then reached

similar levels as the base strain.
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Figure4.6 1C-labeling in RNA and glycogen frofiC-methanol are significantly
enhances whelnp is deleted. Isotopic labeling ofNRA (A, B) and
glycogen (C, D) front*C-methanol was measured for both the base
str ai n Irastrain. Relatere atpundances are the measured mass
isotopomer distributions that have been corrected for natural isotope
abundances. Absolute amounts-RNA (E) and'3C-glycogen (F)
were alsaneasured and are represented here as % dry weight {BgA).
l abeling of gl yclpgtanwas sighificehtlyAhighem t he
than that of the base strain at each respective timepoint (p < 0.05). While
the total amount of*C-RNA was similar for bth strains, the amount of
BCgl ycogen was si gnilmpfsiramaEmdribass hi gher i
indicate standard error (n = 3). An asterisk indicates a statistically
significant difference (p < 0.05).
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4.4 Discussion and Conclusions

Methanol is an abundant aattractive substrate for bioprocesses given its high
electron and energy content. In this study, we have applied a rational engineering
approach based dAC-labeling studies to gain a better understanding of the
mechanisms leading to improved methylotrphE. coli. Through our
investigations, we identified a correlation between net flux through pathways normally
repressed by theucineresponsive regulatory proteamd increased methanol
assimilation. Based on this finding, we hypothesized that byikmgout Lrp we
could improve methanol utilization. We tested this hypothesis and demonstrated
significant improvements in methanol utilization in our synthetic methylotrdphic
coli.

From the results in Figu#3, it is clear that regulation of metalmgpathways
plays an important role in how methanol is metabolized. The contrast obset@d in
labeling and yield when comparing glucose and yeast extractasstrates suggests
that pathways upregulated/downregulated when sugars are present aredootve
to methanol assimilation. However, when yeast extract is present, one or more of its
components appears to induce regulation that increases methanol incorporation.
Additionally, when examining the labeling of amino acids, it was observed that some
amino acids were highly labeled while others remained completely unlabeled with
yeast extract as the -substrate, which further supports the hypothesis that a unique
regulatory mechanism is responsible for the observed phenotype.

Therefore, to probe thimechanism, a systematic analysis of various co
substrates (amino acids, sugars, and organic acids) was perf&acbdesubstrate
was evaluated in terms of growth enhancement and incorporatté@-ofethanol into

biomass componentSeveral amino acidshowed high labeling and growth in the
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presence of’C-methanol and it is possible that synergistic interactions between
several cesubstrates may further improve these phenotypes. However, based on our
results, threonine appeared to be the best singdailostrate for methanol assimilation
out of the 25 cesubstrates examined/hen threonine and methanol wereutized,

we observed a substantial increase in the number of cell doyl@dmdsnhanced
labeling was observed in biomass components ff@methanol. Interestingly,
extensive labeling of amino acids that wisgically not labeled was observed, e.g. up
to M+4 labeling was observed in valine, which no otheswostrate achieved. |

coli, threonine is first broken down to aceGbA and glycne and then further
metabolized to serine. Compared to growth on other substrates, flux through this
pathway must be significantly higher during growth on threoninatasairelated

with increased methanol incorporation. Therefore, we hypothesized ¢chessmg

flux through these reactions would increase methanol assimilation.

To improve flux through the threonine degradation pathway, the regulator Lrp,
which specifically represses this pathwams therefore removed (Figure ¥.After
deletion of thiggene, methanol assimilation increased as was demonstrated by higher
13C-labeling in glycogen and RNA as well as higher total amoum@glycogen and
13C-RNA (Figure4.6). Lrp is generally believed to respond to starvation, i.e. it is
downregulated imich media and upregulated during nutrient limitation. Many
pathways are controlled by Lrp, and generally, anabolic genes are enhanced while
catabolic ones are repressed when Lrp expression is high. Givemghsia global
regulator targeting hundredé genegCho et al., 2011, 2008; Tani et al., 200R2e
exact mechanism that resulted in improved methanol utilization in our straains

unclear and may even be an indirect effect. A thorough investigation should be
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performed in the future to examine the expression levels of various genes in the two
strains under various conditions. This could better elucidate the mechanism by which
Lrp impacts methylotrophy. Additionally, further analysis into the starvation response
as well as other global regulators involved in this response could be a strategy for
improvement of our strain.

Based on the results in this study, it is clear thatlegigpn plays an important
role in methylotrophy. Typically, strain engineering consists of studying metabolic
reactions and manipulating the overall stoichiometry to achieve the desired output.
However, when engineering strains to consume a new subgtrass; be necessary to
delve more into studying how microbes respond to the new substrate on a global level
rather than simply adding heterologous genes. Additionally, this analysis requires a
rational approach such as the one taken in this work whenghgoonditions were
analyzed and probed extensively. In the case of synthetic methylotrophyEwbdg
has all the necessary machinery for methanol consumption, it still cannot use methanol
as the only substrate for growth. It is clear that wBeool encounters methanol it
does not respond in the same way as other substrates, such as glucose or acetate,
where specific pathways are upregulated to optimize the consumption of these
substrate. Therefore, manipulating global responses to new substkagsis
achieving improved organisms with novel substrate capabilities. Overall, our results
suggest that modulating global regulators of metabolism can be a successful strategy

to improve methanol utilization iB&. coli.
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Chapter 5

METABOLIC MODEL VALIDATION AND  13C-METABOLIC FLUX
ANALYSIS OF THE METHANOGENIC ARCHAEON Methanosarcina
acetivorans

5.1 Introduction

Methanogenesis & unique pathway that produces methaomfseveral
substrates, primarilgne carbon (€) compounds. It is an essential component of the
global carbon cycle in which biomass is oxidized to carbon dioxide)(@@then
converted to methane (GHoy anaerobic microorganismSHs can therbe oxidized
back toCO; by aerobic methanotrophic bactefMcanulty, 2013)Methanogens are
the anaerobic archaea that carry out methanogenesis, wtlietie microorganisms
from theMethanosarcinaMethanobacterialesandMethanococcalegenergFerry,
2010) TheMethanosarcinapecies is the most versatile in its substrate capabilities. It
has been showio wtilize acetate and several Compounds, such as methanol, carbon
dioxide, and carbon nmoxide, for methane productigRother and Metcalf, 2004;
Welander and Metcalf, 2005)hese organisms have gained much attention over
recent years, not only because they play a crucial role in the global carbon cycle, but
they could contribute to the development of alatine fuels. Natural gas, which is
primarily composed of methane, is a major energy sdypieally used for heating
and electricity. However, methane has the potential to be converted to liqui¢Feiels
et al., 2014)Engineering efforts have already led to the generation of methane
utilizing organisms that convert methane to pretd such as organic acids
(Kalyuzhnaya et al., 2013; Soo et al., 20HQwever, thee processes have low yields

and require further optimization before industrial implementafitverefore, it is of
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interest to further explore these organismscfiemical production and better
understand their underlying metabolism.

Several pathways caittute to methane production in methanogenshén
COz reduction pathwayC Oy is reduced to Ckusing electrons from hydrogen {HIn
the acetoclastic pathway, theloanyl carbon from acetate is oxidizedd@®, while
themethyl carbon is reduced to GHn the methybtrophic pathway, methanol is
converted to both carbon dioxide and methane, with the oxidative branch providing
electrons for methane production. Lastly, in the methyl reduction pathway, methanol
is reducedo CHs with electrons provided by HFerry, 2010; Welander and Metcalf,
2005)

There have been several studies investigating the growth capabilities of the
Methanosarcinajerus When these pathways were first being elucidated, radioactive
tracers were used to determine how carbons alé&veatedvhen multiple substrates
were available for growtfFerguson and Mah, 1983; Smith and Mah, 19VRye
recently, with the development of genetic tools for this species, studies using mutants
of the methanogenesis pathway have revealed new pathways and demonstrated the
ability of these mutants to grow earioussubstrate$Welander and Metcalf, 2008,
2005) One organism in particula¥ethanosarcina acetivorar(. acetivoran§ has
been shown to grow on carbon monox{Bether and Metcalf, 2004nd perform
trace methane oxidatidiMoran et al., 2005)t has also been genetically enginekre
to utilize methyl ester® produce methangessner et al., 2010)

While the growth oM. acetivoransand underlying biochemistry of the
methanogenesis pathway have been widely studied, the intracellular dynamics of this

organism have yet to batablished. Two genorrexale model¢Gonnerman et al.,
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2013;Kumar et al., 2011have been constructed and used to predict growth on
substates and the lethey of knockouts. However, these models warable to
accurately simulate uptake rates and growth yields during growth on methanol,
acetate, and COA more recent model was improved to eatty predict these
parametergNazemBokaee et al., 2016)Vhile these models are useful for
preliminary analysis, for genetic engineering purposes, it is necessary to have a
reliable model thatan provide information about tineetabolic state of an organism,
asdefined by intracellular fluxe$3C- metabolic flux analysis{C-MFA) is ahigh-
resolution technique for measuring intracellular flug@stoniewicz, 2013; Crown
and Antoniewicz, 2013bWith the use ofC-labeled substrates, or tracers, unique
labeling patterns in metabolites can be meas and used in a least squares regression
analysis to estimate fluxel$.has been applied to several rmodel organisms such as
GeobacillusLC300, Clostridium acetobutylicugrandVibrio natriegengAu et al.,
2014;Cordova and Antoniewicz, 201bpng et al., 2017b)

In this work,detailed characterization of growth on methanol watpaed
for M. acetivoransAnalysis of the gases in the headspace indicated that methane is
exclusively derived from methanol while carbon dioxide is also produced from
methanol, which is then incorporated into biomass.edtablished a network model
for M. acetivorangonsisting of reactions from central carbon metabolism, amino acid
biosynthetic pathways, and methanogené¥sMFA was used to validate the
proposed network model and generate the first flux maplf@cetivoransit was
found that the mjarity of the methanol consumed was used for methane and carbon
dioxide production while the flux through gluconeogenesis was only the amount

necessary for biomass production. Additionally, an incomplete TCA cycle was
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confirmed for this organism. This i:e of the few applications 6fC-MFA to
organisms that grow 081 substrates. The validated network model can now be used
as a base model for other methanogens as well as for future engineering of these

organisms.
5.2 Materials and Methods

5.2.1 Materials

Mediaandchemicalsvere purchased from Sigrfddrich (St. Louis, MO).
13C-methanol (9994°C), [1,4-1*Claspartate, and [fC]glutamatewerepurchased
from Cambridge Isotope Laboratories (Andover, MR)-1*C]Acetic acid (99%4°C)
waspurchased from Isote&t. Louis, MO). The defined growth medium canbed
per liter of medium: 3.0 §laCOs, 0.6 gNaeHPQy4, 0.5 gNH4CI, 10.17 g
MgClAH,0, 0.17 g CaGRH.0, 0.76 gKCl, 23.38 gNaCl, 0.25 g Cysteine
H C H2@, 0.25 g NaS 9.0, 0.001 g esazurin 10 mL of vitamins saition (100x), 10

mL of trace elements solution (100x), and 5 mL of methanol.

5.2.2 Strain and growth conditions

M. acetivoransC2A was grown anaerobically under a headspace containing
19% CQ and 81% N (25 psig) at 3@ in an anaerobic chamber (Forma, Thermo
Sdentific). For small scale tracer experiments, cultures were grown in 12 mL glass
vials with 7 mL of headspace. For large scale tracer experiments, cultures were grown
in 160 mL glass bottles with 130 mL of headspace. All bottles were capped with
rubber sbppers and crimpedh addition to the tracer, methanol a@@: also served
as carbon sourceall tracers were added immediately before inoculation at the

following concentrations: 125 miMC-methanol, 1mM [1,4C]aspartatelmM [U-
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13C]glutamate Cells were inoculated an ODgoo of approximately 0.1 and allowed to
grow for 46 hours, after which an @jgof approximately 0.80 1.00 was reached.

Samples were then collected for &S and HPLCanalysis.

5.2.3 Analytical methods

Medium samples were collectatmultiple time points duringhe cultureto
monitor cell growth, methanol consumption and product accumul@jatical density
at 600 nm (Olghg) was measuredsinga spectrophotometer (Eppendorf
BioPhotometer The ODyoo values were converted to cell dryiglet concentrations
usinga pre-detemined ODRQyoco-dry cell weight relationship (1.0 Q= 0.25 gw/L;
molecular weight of dry biomass = 24.6.gC-mol). After centrifugation, the
supernatant was separated from the biomass pelletcatate and formate
concentratios in the supernatanteredetermined usingnAgilent 1200 Series HPLC

(Au et al., 201%

5.2.4 Gas analysis by mass spectrometer

Molar percentages of nitroggm/z28), carbon dioxide (C&) m/z44), 13C-
labeledcarbon dioxide 'fCO;, m/z45), methaner(/z16), :*C-labeled methanea(/z
17), argon fn/z40), hydrogenr(i/z2), andoxygen(m/z32) in gas samplesere

measuredby a processnassspectrometer (Ametek Proline, Berwyn, PA).

5.2.5 Gas chromatographymass spectrometry

GC-MS analysiof 3C-labelingof tert-butyldimethylsilyl (TBDMS)
derivatizedproteinogeni@amino acidsvasperformed as describdxy (Leighty and
Antoniewicz, 2012 GC-MS analysis was performed on an Agilent 789B8 system
equipped witra DB-5MS capillary column (30 m, 0.25 mm i.d., 0.25 ypmase
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thickness; Agilent J&W Scidific), connected to an Agilent 5977A Mass
Spectrometeoperating under ionization by electron impact) (&l70 eV Helium

flow was maintained at 1 mL/mifthe soure temperature wasaintained at 28C,

the MS quad temperature atOf®, theinterface temperature at @8C, and the inlet
temperature at 28C. 1 nL was injected at 1:40 split ratio. The column was started at
80°C for 2 min, increased to 28C at 77C/min, and held for 20 min. less isotopomer
distributions were obtained by integrati@ntoniewicz et al., 2007jand corrected

for natural isotope abundangg®rnandez et al., 1996

5.2.6 Metabolic network model

A metabolicnetwork model oM. acetivorangmetabolism was constructéat
13C-MFA based on available genome scale mo(@tnerman et al., 201Bumar et
al., 2011)and KEGG and PathwayToaisetabolic pathway databag€xaspi et al.,
2012 Kanehisa and Goto, 200Ranehisa et al., 20)2The model includes athajor
metabolic pathways of central carboetabolism a set of lumped amino acid
biosynthesis reactions and a lumped biomass formation reaction. The model is

provided inTable D.1

5.2.7 13C-Metabolic flux analysis

13C-MFA was performed usintihe Metran softwae (Crown and Antoniewicz,
2013; Yoo et al., 2008 which isbased on the elementary metabolite units (EMU)
framework (Antoniewicz et al., 2007broung et al., 2008 Fluxes were estimated by
minimizing the varianceveighted sum of squared residuals (SSR) between the
experimentally measured and model predicted mass isotopomer distributeonsof

acidsusing nonlinear leastsquares regressigAntoniewicz et al., 2006 Flux
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estimation was repeatdd times starting with random initial values for all fluxes to
find a global solutionAt convergence,&urate 95% confidence intervals were
computed for all estimatdtuixesby evduating the sensitivity ofhe minimized SSR
to flux variations(Antoniewicz et al., 2006 Precision of estimated fluxes was

determined as follow8Antoniewicz et al., 2006

Flux precision (stdev) = [(fluxpper bound 95%1 (flUX iower bound 959)] / 4 (7)

To describe the fractional labeling of biomass amino acidslGparameters
were included ift3C-MFA. One Gvalue parameter was included for each measured
amino acid, as described previougintoniewicz et al., 2007deighty and
Antoniewicz, 2012 Revesible reactions were modeledseparate forward and
backward fluxes. Net and exchanfhexes were determined as followset = Vi-Vb;

Vexch= min(Vf, Vb).

5.2.8 Goodnessof-fit analysis

To determine the goodnessHfit, 3C-MFA fitting results were subjected to a
c2-statistical test. In short, assuming that the model is correct and data are without
gross measurement errors, the minimized SSR is a stochastic variable@+th a
distribution(Antoniewicz et al., 2006 The number of degrees of freedom is equal to
the number of fitted measurements n minus the number of estimated independent

parameters p. The acceptable range of SSR values is betvéén -g) @rmic21-

U/ 2p)n, where U is a certain chosen thresho

confidence interval.
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5.3 Results and Discussion

5.3.1 Characterization of growth on **C-methanol
Growth on'3*C-methanol under a HCO, headspace was characterized. The
growth curve is shown in FigutelA, where growth ceases after all methanol is
consumed. The measured growth rate was ®@61 hr*. During growth on
methanol, bth methan@and carbon dioxie are producebecause carbon dioxide
evolution provides the reducing equivalents required for the formation of methane.
Therefore, if cells were cultured withkC-met hanol , that6H:and x pect ed
13C 0O, would be detected in the headspaFigures.1B shows thegyas compositioas
a function of time As expected*CHs and*3CO;, were observedlhe majority of the
carbon dioxide produced 1&C-labeled Additionally, all the methane produced is
labeled, confirming no additional production of methanenfem alternative carbon
sourcesuch as C@ The carbon and electron balances are shown in FigRr&he
majority of the carbon (~60%) and electrons (~80%) from methanol are used for
methane production while only ~22% of the carbon and ~16% of thecglsire
used for biomass production, leaving ~11% of the carbon to be converted.to CO
Additionally, the biomass composition BF. acetivoransvas measured and
compared td. coli (Figure5.3). Similar trends were observed in how the cell dry
weight is alocated for each biomass component for both organisms. Protein was the
most abundant fraction at 62 wt% while RNA and glycogen composed 13 wt% and 8
wt%, respectively, of the cell dry weight. During analysis of the biomass composition,
it was found that th cell membrane d¥l. acetivoranss composed of isoprene units,

rather than fatty acids, which are found in membranes of prokaryotes. Therefore, the
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Figure5.1 Physiological characterizationMf acetivoransiuring growth on*C-
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remaining fraction of the dry weight is likely allocated to isoprene. The amino acid
profile for M. acetivorangs similar to the profile found i&. coliwith the exeption

of glutamate; the amount of glutamate is highévliracetivoranghanE. coli.

5.3.2 Network model validation

The retwork model foM. acetivoranss presented in Figur®4, with the
exception of amino acid biosynthesis pathways andcaneon metabadim. The
ribulose 1,5 bisphosphate carboxylase/oxygenase reaction (Rubisco) was hypothesized
to be active in this organis(iinn et al 2004)so it was includeih the model. In
methanogenesis, the methyl carbon of ae€gA is derived from methanol while the
carbonyl carbomriginatesfrom carbon dioxideA CO fixation step with acetyCoA
to form pyruvate initiates gluconeogengdtikhopadhyay et al., 200While the
TCA cycle begins with an additional G@xation reation with pyruvate to duce
oxaloacetate. Figure5 shows the relative abundance of each labeled mass
isotopomer for several amino acids measuhaing growth ort3C-methanal These
labeling patternsonfirm the presence of an incomplete TCA cytii¢he cycle were
complete, labeling of aspartatehich is derived from oxaloacetastould be similar
to that of gl ut ama tketoglutavateExarhining the afpunadaacese s f r
of the mass isotopomers (i.e. M+1 for one carbon labeled, M+2 for two carbons
labeled), it can be seen thheke is a high abundance of the Mriass sotopomer of
glutamate but essentially no M-mass isotopomer of aspartadecomplete TCA
cycle would result in similar labeling in both of these amino aéiddition of small
amounts of1,4-*Claspartate and [J3C]glutamate tracersiuring growth on
methanolwere used to further verifyhe incomplete cycle. If there weaa

incomplete cycle, labeling
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Figure5.3 Biomass composition analysis it acetivorangompared tde. coli

from aspartate should be present in glutamate but labeling in glutamale sbbu
appear in aspartate. Figls®A shows the relative abundance of labeling measured in
glutamate and aspartate for both tracers. Both amino acids were labeled from the
respective tracers, as expectddwever, here is no labeling of aspartate frdine
glutamate tracebutlabeling is present in glutamdr®m the aspartate tracer,
confirming the presence of an incomplete TCA cycle.

The [1,4'°C]aspartate tracer also revealed the presence of an additional set of
reactions, not included iour original model. Figur®.6B shows the labelingl i
M+0) of glycine, serine, threonine, and aspartate when cells were grown with [1,4
13ClaspartateLabeling was detected in the Gly246 fragment, containing both carbons
in glycine, but not in the Gly218 fragmigtherefore, the first carbon of glycine must
be labeled by aspartate. Threonine aldolase catalyzes the reaction that converts
threoning derived from aspartats acetaldehyde and glycine, whictust bethe

mechanism that teto the observed labelinfjhereforethe threonine aldolase reaction
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was added to the existing model. No labeling was detected in serine suggesting the net
flux between serine and glycine is towards glycine.

The presence of an incomplete cycle is not surprising sisstthie case found
in most anaerobic organisms. In aerobes, the TCA cycle is used for amino acid
precursor synthesis as well as a source of significant amounts of reducing power.
Under aerobic conditions, NATzan be regenerated by transferring electtons
oxygen, the final electron acceptor. However, anaerobic environments do not have
access to an effective electron acceptor like oxygen. This results in a decreased flux
through the TCA cycle and removal of certain reducing pgweducing reactions.
Theeffect of oxygen on the TCA cycle was studiedEircoli (Gray et al1966) It was
found that removal of oxygen results in decreased expression of TCA cycle enzymes,
which supports the idea that the enepggducing role of the cycle declines without an
effective electron acceptdC-MFA has been applied . coliunder anaerobic
conditions and has shown that indeed, flux through the TCA cycle decreases when
oxygen is absent. A similar analysis was also applied to an anaerobic bacterium,
Clostidium acetobutycum (C.acetobutylicum(Au et al., 2014)The results reveal
that the TCA cycle is characterized by small fluxes and is incomplete in multiple
locations. Unlike irC.acetobutylicumwhere the TCA cycle operates in the oxidative
direction, our reults suggest thain M. acetivoransthe cycle bifurcates with citrate
synthase, aconitase,s o ci t r at e d e-kefoglutacaty demyaregenasea nd U
operating in the oxidative direction while malate dehydrogenase and fumarase operate

in the reductive direction.
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5.3.3 13C-Metabolic flux analysis

13C-MFA has been applied to various organisms utilizing a wide range of
substrates. Hower, applying this technique to study an organism that uses one
carbon substrates generally requires more advanced computational approaches as the
assumptions made f&iC-MFA no longer apply. For these organisms, usiftfa
tracer of the one carbon stitade will prevent metabolism from reaching an isotopic
steady state; all measured metabolites will become fully labeled and therefore, the
labeling patterns of these metabolites are no longer dependent on the fluxes. In this
case, to resolve fluxes, natationary**C-flux analysis can be used; however, this
requires samples to be taken at multiple time points, precise quenching of metabolism,
and more advanced computational methods. Instead, a properly designed tracer

experiment can allow for the use’8€-MFA for estimating fluxes during metabolism
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of a one carbon substrate, greatly decreasing the complexity of the experimental
design and data analysis. For this method, one can take advantage of natural dilutions
occurring during growth, from turnover nfacromolecules or external carbon sources,
or can make use of metabolite exchanges that do not impact metabolism. In the case of
M. acetivorangyrowing on'*C-methanol, it was found thathenunlabeled carbon
dioxideis present in the headspadewill be used in the conversion of G@ CO,
resulting in an AcCoA pool that is ~100% M+1 labeled, where the |abbadtialyl
carbon comes fro*C-methanol. In Figur& 5, it can be seen that most amino acids
are essentially M+1 labeled as all of these are deéfiean AcCoA produced from
methanogenesis. Glutamate is M+2 labeled because it is formed after condensation of
OAC and AcCoA, both containing one labeled carbon. This experimental design
allows for isotopic steady state to be reached. All measured métaheiil now be
partially labeled and these labeling patterns can be used to resolve intracellular fluxes.
Additionally, one can take advantage of the acetate exchange occurring when
methanol is presenivhere there is no net consumption or accumulati@atetfate
Therefore, we performed parallel labeling experiments using methanel + [U
13CJacetate an#’C-methanol + acetate and applf€@-MFA. The results are shown
in Tables D.2 and D.3 and Figure D.1.

13C-MFA was performed using the model describedigufe 4using®*C-
methanoks the tracer. Biomass amino acid measurements were fit to the network
model and an acceptable fit was achieved with a sum of squared residuals value of
88.7 at a 95% confidence level (acceptable range between 79.4 and 186145 Bi
shows the resulting flux map. It can be seen that the flux through methanogenesis is

significantly higher than the flux through gluconeogenesis. The flux through the TCA
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cycle is even smaller, with certain reacs@redicted to have no flux. & likely that

the flux is too small for the model to predict a value, but labeling data shows that there
is a nonzero flux through those reactions. Additionally, it was hypothesized that
Rubisco was active in this organism. However, the flux througtp#itsvay is

calculated to be zero. Therefore, under these conditions, this enzyme seems to be
inactive. The flux through the ribulose monophosphate pathway is solely used to
produce the necessary ribose moieties of RNA and DNA and to synthesize aromatic
amino acids, which is typically accomplished through the pentose phosphate pathway
in prokaryotes.

In an anaerobic environment, ATP and electrons are vital resources that are not
as easily managed as under aerobelap condit:i
an understanding of how these are allocated, especially if the goal is to engineer an
organism to produce chemicals. This would most likely requisdloeation of
cellular resources and therefore, adjustment of intracellular fluxes. In addition to
fluxes, Figures.6 shows which reactions result in the production of electrons, shown
in green, and which result in the consumpt
the main source of electrons is through the production of carbon dioxide awhile
majorsource of electron depletiongsnversion of C@to CO and methane
production. Figur&.7 shows a more global allocation of electrons. There is net
production of electrons by methanogenesis which are then used for biomass
production and the TCA clg specifically, conversion of AcCoA to pyruvate.

Essentially all ATP required for biomass production and gluconeogenesis comes from

ion transport and ATP synthase activity.
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5.4 Conclusion

This is the first study to present a complete characterization af exil
intracellular metabolism in a ore&rbon substrate utilizing organism using high
resolution'3C-MFA. Specifically, the network model fodl. acetivoransvas
constructed and validated usitig-methanol. Uptake of C&allowed for dilution of
labeling,enabling the use of conventiotdC-MFA in place of more complex
approaches. This method can also be applied to otheravhen substrate utilizing
organisms.

Future work will consist of calculating fluxes, using this model, during growth
on other subsates such as acetate. While most substrates are consumed in the
methanogenesis pathway, it will be interesting to see how fluxes differ and how
effectively this organism will utilize certain substrates over others. The resulting flux
profiles can be thensed to create kinetic models to better understand the metabolism
of M. acetivoransAdditionally, with the validation of this model, it will be
straightforward to extend it to other organisms ofitethanosarcinapecies as well

as other methanogens.
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Chapter 6

APPLICATION AND EVALUATION OF METABOLIC FLUX ANALYSIS
METHODS FOR METABOLIC AND ISOTOPIC NON -STEADY STATE

6.1 Introduction

Metabolic flux analysis(MFA) has become an invaluable tool for studying
metabolism and guiding metabolic engineelijAgtoniewicz, 2015; Iwatai et al.,

2008) Its ability to precisely quantify intracellular fluxes makes it the optimal method
for characterizingn vivo metabolism. Because of this, it has been applied to a wide
range of organisms (i.&. coli, S. cerevisiaeC. acetobutylicunV. narigens
cyanobacteriafAu et al., 2014; Gonzalez et al., 2017; Long et al., 2017b; Young et
al., 2011)or various purposes such as identifying targets for improvement of product
yields and stdying how extracellular conditions affect metabolism.

MFA allows for the determination of fluxes by balancing fluxes in a
stoichiometric model, assuming no accumulation of intermediates. Extracellular rates
are included to further constrain the systemweteer, the limited amount of data
required for MFA prevents complete observability of all fluxes. Thereté@eMFA
has emerged as the superior method due to incorporatté@-tatbeling data.

Including metabolite labeling patterns provides additionaktraints on the fluxes,
resulting in more precise estimation of fluXéstoniewicz, 2015)While thismethod

is more computationally intensive, there have been several attempts at decreasing this
complexity such as the introduction of elementary metabolite (l#NU) balancing,

where the minimal amount of information is used to determine fluxes, saytifjc
decreasing the mathematical operations regketbniewicz et al., 2007b)

To gpply 3C-MFA, it is assumed that the system being interrogistatl

metabolic steady state and isotopic steady state, where fluxes and isotopic labeling
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remain constant over time. This assumption limits the extensitiC-dfiFA to
systems where these aswgtions do not hold. For systems that are close to isotopic
steady state, a G parameter can be used to account for the dilution of metabolites
(Antoniewicz et al., 2007cHowever, a more advanced technique must be used for
systems where isotopic steady state will never be reached. For example, any system in
which the substrateontains onlyone cabon will never reach isotopic steady state.
Therefore, a new method was developed, cafi@ehonstationary MFAC-NMFA),
where timedependent labeling data and pool sizes are measured at various time
points.This data can then be used to resolve fl{Xeaing et al., 2008)}or systems
with time-dependent fluxesi{etabolic norsteady state), dynamic MH®MFA) can
be used to quantify these fluxes using concentration and rate data from multiple time
points (Leighty and Antoniewicz, 2011Yhis methodwill now be further extended to
include isotopic labeling measuremenrfC(DMFA).

Here, we apply each of these methdd6MFA, 13C-NMFA, *C-DMFA) to a
simple nodel under various conditions, including metabolic-steady state and
isotopic norsteady state. Firsiye present a framework f&fC-DMFA, an extension
of previous methods to include isotopic labeling and 4itependent fluxes. We then

compare thes®IFA methods and present the appropriate method for specific systems.
6.2 Methods

6.2.1 Metabolic Network Model
For studying each method, we will use the sinma&avork model shown in
Figure 6.1 This model was previously used to demonstrate the EMU decomposition

method (Antoniewicz et al., 2007b)herefore all atom transitions and EMU balances



Figure6.1 Simple metabolic network model that will be used for evaluating
metabolic flux analysis methods.

are presented in that paper and will not be repeatedihehgs network model, there
are three free fluxesawvs, and u. For the remaining analysis; will be set to 100.
Additionally, the concentrations of B, C, and D will be estimated when t¥hg

NMFA and**C-DMFA.

6.2.2 Simulation of labeling using EMU balances
For a general network model, we can set up a mass balance equation for each

EMU network:

— 00 0W (6.1)
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M is the concentration matrix, containing the metabolite concentratiotieon
diagonal. X contains the mass isatoyer distributios (MIDs) of metabolitesn that
EMU network. Y contains MID&om previouslycalculated EMUs oMIDS from
extracellular metabolite#\ and B contain fluxes from each mass balance equation.

For13C-MFA, it is assumed that the system is atopic steady state.
Therefore Equation 6.1simplifies to
0w O0® (6.2)
® 0 0w (6.3)

X can be found for each EMU network, where each row of X gives the MID of the
selected metabolite.

For systems that are close to isotopic steady state, we can"¥ppiFA and
include Gvalues (3C-MFAg), ordilution parametes; to account for transients in
labeling. Each simulated MID can be represented by the following equation:

) "Qz o p Qzw (6.4)
xi*Mis the smulated MID of metabdie i, g is the gvalue for that metabolite;' is

the MID of metabolite i at isotopic steady state (iasid ¥2“"is a vector

representing natural abundance. The MID at isotopic steady state can be calculated
using®*C-MFA.

For systems that are not at isotopic steady state, we muSCuS®FA. Here,
the MIDs, X, are now a function of time. We can expand equation 6.1, assuming that
the concentrations of metabolites remain consfidm.resulting ordinary differential

eguaton (6.5) can be integrated to achieve the labeling of metabolites in X over time.

— 0 5060 (6.5)



For systems that are not at metabolic steady state, we muUéC{BMFA. Again, the
MIDs are sill a function of time(6.5) but now, so are the fluxes, ¥Here, we will
assume that fluxes are a linear function of time, whenstants y and Ve represent

the fluxes at timeptand t, respectively.
\ (6.6)

VIV 0 L z

6.2.3 Calculation of parameter sensitivities
To calculate confidence intervdts parameter estimatewe also need to
derive equations for the sensitivities of the measurements with respect to the
paraneters (i.e. fluxesconcentrations,-galueg, in the form of first ordederivatives
(Antoniewicz et al., 2006)As shown inAntoniewicz et al., 2007pr 13C-MFA, the
first order derivatives with respect to each fluxcan be calculated using the
following equation for each size EMU network:
— 0 —0 6— —O (6.7)
When using gvalues, we are including additional parameters that must be
estimatedSimilarly, we need to calculate first ordézrivatives with respect to each
g-value, n addition to the fluxes. For each metabolite i, we can calculat®iibwing
derivatives for gand y. Here, the derivative ofi% with respect to the fluxes can be

determined using equation 6.7.
- "Qz

(6.8)

— W (6.9)
For 13C-NMFA, we can also estimate pool sizEguatiors 6.10 and 6.1¢an

be used to calculate the sensitivities with respect to the fluxesydsthe pool sizes,

ci, as a function of timeAgain, these can be integrated over time to determine the

sensitivities as a function of time.
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—— 0 —0 8= —O 86— (6.10)
— 0 8= b6— —— (6.12)

For13C-DMFA, we have included two more parameters and now have four
parameters to represent the transient fluRgain, we must calculate first order
derivatives, with respect to all parameters, which are now the pool sizes and the
beginning ad end fluxes for each free flux. Here are the first order derivatives with
respect to the additional parameters.

—— 0 _® 0 — ——— 6——— (6.12
——— 0 —_—®» 00— —®» 6—— (6.13
Each flux, y, can be differentiated with respect to each paramegtand ve. We can

then substitute these into equatid42 and 6.130 obtain first order derivatives with

respect to the beginning and end flugeguations 6.17 and 6.)18

— p — (6.19
—_— — (6.15
a — (6.19
—— 0 —®Zp & 60— —OzZp a 06—z p a (6.1
—— 0 —®za 00— —hza 0—zda (6.18

6.2.4 Extension of BMU balances to include metaboliteC

TheEMU balances presented in Antoniewicz etAaitoniewicz et al., 2007b)
were extendetb include labeling of metabolite C to simulate the @fédenclude the
labeling measurement @f on the precision and accuracy of estimated parameters. The

following matrices can be used as EMU balances and include the labeling Bach
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equation isn the form AX =-BY, where each of these matriceslescribed above

and can be used in all previously defined differential equations.

74

0

m .0,
oy . \ | Ih, 11 A T[ n N
oo v v v T T a@n b Ty
R U v v U Tt il O ] HETT T > 6 (619)
LI T T 0 U O wéa v U
uo Tt Tt 0 0 DUWoOU uUm n U
0 U 0 nm O 0 T
. N . 060 0
V] U U m O T 0 5 (6.20)
T 0 0 O T i
0 0 T O T T 5 5
L O U 0 (@] 0 L1 5 (6.21)
T 0 O 0 0O T 0

6.2.5 Estimation of parameters

Parameters were estimated by first generating a random set of parameters
This set of parameters was used to simulate MK38, for the measured metabolites.
These simulated patterns and the associated sensit{did&tu, where u iach
parametersee section 6.2)3vere used to calculate the Jacobian (J) and Hessian (H)
matrices(Antoniewicz et al., 2006)
"0 —z0 z— (6.22)
0 —z0 z @ A (6.23)
D is a diagonal matrix containing the measurement error on the diagonal. Here, we
assume #belingmeasurement error of 0.008°*containghe measured MIDs.
These matrices can be used to determine the set of parameters used in the next

iteration to simulate a new set (@&fsetMI Ds.
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of paramegrs and the nexXk+1) set can be calculated using the Hessian and Jacobian

matrices.

Yo O z0 (6.24)

6 6 Yo (6.25)

This iteration process continues henti |l ou

optimal solution (bhy).

For 13C-NMFA and*C-DMFA, we also examined the effect of including
measurements of pool sizes on the accuracy and precision of each method. To do this,
an additional term was added to the Hessian matrix equation that acciourthex
sensitivity of the pool sizes with respect to the parametéeassume that the pool
sizesare not a function of the fluxe®. dB/dy = 0 and thathe pool sizes of each
metabolite are independerd. dB/dC = 0. Therefore, the new Hessian iratan be
generatd using the following equation:

0 —z0 z— —20 z— (6.26)
dM/du contains the sensitivities of the pool sizes with respect to each parameter and
Dw is a diagonal matrix edaining the pool size measurement error on the diagonal
The new Jacobian matrix can be generated using the following equation:

0 —z0 z & @ +—2z0 z0Qo 0Q0o (6.27)
MetS™contains the simulated pool sizes and ¥febntains the measured (actual)

pool sizes.

6.2.6 Statistical Analysis
For each method, we calculdbe sum of squared residuals as well as the
uncertainty and accuracy of the estimated paramg@teateniewicz et al., 2006)The

sum of squared residuals can be calculatatgusie following equatian
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Y'Y & O z0 z & A (6.28
When including pool sizes, the equation for SSR must also be extended.
YYY © ®w 20 z ® 0 Qo DQo 20 z

0 Qo 0 Qo (6.29)
With the sensitivities calculated above from first order derivatives, we can calculate
the uncertaity of the estimated parameters using the follovaggation:
"Y'@® nNo (6.30

To calculate the accuracy, the absolute value of the difference between the

estimated parameters and actual parameters was usédCROFA and1*C-MFAg,
thelargestaccuracy and uncertainopserved out of all time points was usedr 3C-
NMFA, since one value for the fluxes was determined to represent all data points, the
maximumdifference between the estimated value and the actual flux value at each

time pont was used.
6.3 Results and Discudsn

6.3.1 Simulation of labeling patterns

Using the network model in Figure 6.1, we can calculate MIDs for various
pool sizes and fluxe3.here are three free fluxes, w3, and v. We set vto remain
constant at 100. At time = 03 ¥ 50 and y = 20. To inerrogate systems at metabolic
nonsteady state,swvill decrease andswvill increase by a certain percentage (0%,
5%, 10%, 15%, 20% and 25%) of thétim value over the course of the experiment.
Figure 6.2 showsxample of how yand v change over timelhe pool sizes tested
are 0.5, 2, 4, 6, 8, and 10 for each metahdliteanging the pool sizes varies the time

it takes to reach isotopic steady st&@maller pool sizes reach isotopic steady state
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more quickly than large pool sizes. Thus, larger pzeswill test the ability of these
MFA methods to capture nasotopic stady state. Figure 683showslabeling of
metaboite D for different pool sizes with constant flux®ghen the pool size is large,
the labeling of these metabolitexjuirea longertime to reach isotopic steady state.
Figure 6.3B shows the labeling of metabolite D for various flux changes with a pool
size of 10. For flux changes less than 25%, the labeling of D does not change
significantly. As will be seen in the next section, ewgth these small flux changes,

some methods can no longer correctly estimate fluxes.

0 Flux Change 0% 10% 20%
50 -
\ :| v,
40
]
=)
i 30
20 | ——————— ]"4
10 -
0 1 1
0 1 2 3
Time

Figure6.2 Changes in fluxesawand w. Shown here are changes of 0%, 10%, and
20%. Additionally 86, 15% and 25% changesere also tested. Fluxv
decreases over time andxlvs increases over time.
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Simulated MIDs ofmetaboliteD. (A) shows the MIDs when the fluxes
are constant over time for pool sizes 1, 5, and 20. (B) shows the MIDs
when the fluxes change by 090%, and 20% for a pool size of.Ithe
grey dashed Ines indicate thémepointsused to estimate parameters.

6.3.2 Application of metabolic flux analysis methods to a simple model

We can simulate an experiment in which six data points are taken at

equidistant intervals and the labeling patterns of metabolitesl B>aare measured

(Figure 6.3. Using these labeling patterns, we can apply the various MFA methods to

estimate a set of paramees. Table 6.5hows the four methods that will be tested and

their associated parametefer each method, the sum of squaresiduals,

uncertainty in the flux estimates, and accuracy of the flux estimates are calculated and

compared in Figure 6.5.
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Method Estimated parameters
13C-MFA V3, Va
13C-MFAg V3, Vs, 08, O
13C-NMFA Vs, V4, [B], [C], [D]
13C-DMFA Vab, Ve, Vab, Vae, [B], [C], [D]

Table 6.1 3C-Metabolic flux analysis methods and the parameters estimated in each
method.

Figure 6.4 compares how each method performs in flux estimation for the case
with the largest pool size (10) and the largest flux change (25%) amahd&ates
how each method was used to estimate fluxes over f@e&1FA and**C-MFAg are
applied at each time point to obtain an estimate;ahd v at the time at which each
sample was takeh3C-MFA performs rather poorly, especially when estimafloges
at early timepoints, likely due to the changes in labeling early in the experifoent.
13C-NMFA and*C-DMFA, all labeling data from all time points are fit
simultaneously to achieve one set of estimates for the param&@eNMFA only
estimate®ne flux for the entire duration of the experiment, with the confidence
interval not overlapping with the correct values in some casps{8-DMFA is the
only method that captures the entire flux change within the confidence interval.

Figure 6.5 summaes how each method performs for all flux changes and
pool sizes tested®C-MFA appears to estimate parameters well for cases in which
there are small pool sizés2), even in the presence of transient fluxes. This method
can correctly estimate fluxesedch time pointf the labeling has reached isotopic

steag state.Once the pool sizes becomes larger than 2, the SSR value increases



substantiallyjndicating that the simulated labeling patterns are not in agreement with
the measuredabeling patternd-or these pool sizes, we also observe low accuracy and
precision.Evenat metabolic steady state, this method cannot estimate fluxiesge
pool sizedbecause the assumption of isotopic steady state no longeirhtestime
frame considered here

13C-MFAg seems to improve updfC-MFA. In all cases, this method can
simulate labeling patterns that are in agreement with the measured labeling patterns as
indicated by the low SSR values. However, the uncertainty and accuracy of the flux
estimates are siitar to those calculated fd?C-MFA. This indicates that there ati@o

many parameters and the morsebeing overfittedTherefore, this method should

A B
80 30
—— Actual
. "“C-DMFA
704 B "C-NMFA 25
b “C-MFA .
> 60 S -
E; 5 20
L 50- ™ o
— Actual
154 o
40 — p -y :c DMFA
B “C-NMFA
” b “C-MFA
30 T T 10 T T
1] 1 2 3 0 1 2 3
Time Time

Figure6.4 Comparison of flux estimation for each MFA methging a pool size
of 10 and a flux changaf 25% The estimated parameters as well as the
uncertaintie®f those estimatesre shown for bothaA) and w« (B). The
shaded regions indicate the uncertaifi@-MFA was used to estimate
fluxes at each of the six timepointdC-NMFA estimated one tix value
for the entire duration of the experimelfC-DMFA estimated the initial
and final flux values.
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only be applied to cases in which isotopic steady state is reached. Fortunately, both
cases can capte transient fluxes accurately for systems @tbigic steady state.

As statel earlier,’>*C-NMFA is typically used when there is a possibility of
nortisotopic steady state in a system that is abbudic steady state. Figure 6.4
clearly shows why this is the case. Regardless of the pool size, thizdhcatn
accurately and precisely estimate flua¢snetabolic steady statdowever, as the
system moves away from metabolite steady siabecomes more difficult fathis
method to estimate fluxes, even when the effect of the fluxes on the labeluitgis g
minimal (Figure 6.3B)This is likely due to the fact that we are trying to estimate one
vz and v value for the entire duratiast the experiment, althoughose values are
changing with time. Indeed, as the chagefluxes become more drastice
accuracy of the flux estimates decreases and the SSR increases.

13C-DMFA can be used for transient g3ms, ones that are both at isotopic and
metabolicnon-steady state. Indeed, we see that this method can precisely and
accurately determine fluxes whpool sizes are large and when fluxes are time
dependentAdditionally, low SSR valueare achieved using this methfwa all cases.
However, in some cases, there are &igimcertainties in the fluxe$herefore we
will examine the effect of including adidnal measurementsn accuracy and

precision.
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6.3.3 Effect of including additional measurements

When applying*C-MFA techniques, one must decide what measurements to
use and therefore, what data needs to be collectéeé ial. This represents a tradeoff
where more measurements will lead to higher precision and accuracy but this may also
require more analysis or sampling during the experiment. Here, we examine the effect
of measuring the labeling of an additional metabolinetabolite C, on the precision
and accuracy of each method. Additionally, f@-NMFA and**C-DMFA, we
examine the effect of measuring metabolite pools.

After including the labeling of C, we observe several chafiggsire 6.5. For
13C-MFA, including additional data results in worse fits aistiraation compared to
Figure 6.4 where less data was used for estimation. This also holds trtf€for
NMFA. Including additional data further constrains these methods, resulting in worse
fits, but highlightsthe scenarios in which these methods shbaldsed*C-MFA
should only be used for small pool sizes &@INMFA should only be used for
constant fluxes. FOPC-DMFA, we actually observe an improvement in precision of
flux estimates with the additionaleasurements. This can be clearly observed for the
uncertainty in yfor the largest pool size. In Figure Gthe uncertainty inais around
2 for some cases but the uncertainty decreases closer to 0 when the labeling of C is
included.

Both :*C-NMFA and**C-DMFA estimate pool sizes in addition to fluxes.
Therefore, we can interrogate the effect of including pool size measurements on the
precision and accuracy of flux estimates. Figure 6.7 shows the results of including
measurements of pool sizes for nietiites B, C, and D with an uncertairdf/5%,

20%, and 100%n the measuremeitself. For**C-NMFA, including pool size

measurements has a similar effect as including an additional labeling measurement;
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the SSR increases compared to without the additional measurement. However, the
additional measurement seems to improve theathvaccuracy. Whilé*C-DMFA

performs well even without additional measurements, we still observe improvements
in precisionwhen including pool size measments. For both methods, as we increase
the uncertainty in the measurement itself, we see a detneaseuracy and precision

but an increase in the overall fit (fBC-NMFA). If the uncertainty in the

measurement is high, that increases the parameter space for the pool size estimates,
giving the method more freedom to choose an estimate that resalt=itter fit,

whether or not that estimate is close to the actual value.

6.3.4 Testing the limits of :3C-DMFA

From the previous analysis, it appears tA@DMFA can be applied to almost
any system. Here we wanted to identify conditions in whiGhDMFA is no longer
effective. Therefore, we tested larger pool sizes (i.e. very long times needed to reach
isotopic steady state) and more significant changes in fluxes over time. Here we tested
pool sizes of 10, 50, 100, 150, and 200 and flux changes of 0%, 20806000, 80%,
and 100%. Figuré.9A shows the labeling of metabolite D for constant fluxes at pool
sizes of 10, 100, and 200. There are clear differences in the labeling at each time point
for these three cases. For a pool size of 10, we can observe sdhaldling but
there is nasignficantM+2 labeling for pool sizes of 100 and 200 in the time frame
examined. We can also examine the effect of the flux changes on the labeling of
metabolite D for different pool size. Fa pool size of 100 (Figure 6.9Bhe changes
in flux do not significantly impact the labeling of D. However for smaller pooksize

(Figure6.90), the changes in fluxes have a more significant effect on the labeling of
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Figure6.9 Simulated MIDs of metabolite D. (A) shows the MIDs whenfthres

are constant over time for pool sizes 10, 100, and 200. (B) shows the
MIDs when the fluxes change by 0%, 40%, and 80% for a pool size of
100. (C) shows the MIDs when the fluxes change by 0%, 40%, and 80%
for a pool size of 10. The grey dashed limgBcate what timepoints were

used to estimate parameters.

D. Because the turnover over rate for the larger pools is much slower, and therefore

takeslonger time, the flux changes that occur very quickly do not significantly impact

the labeling of these rtabolites.

Again, we simulated labeling patterns for these extreme scenarios and used
13C-DMFA to estimate fluxes and pool sizes. We again compared the SSR, precision
and accuracy for each scengifiagure 6.10)When only measuring the labeling of B

and D B*C-DMFA cannot estimate fluxes with high precision for pool sizes larger

than 10. We even observe decreased accuracy for larger pool sizes. If additional

measurements are included, such as the labeling of C or pool size measurements, there

isimproveda cur acy

and

precision.

However

13C-DMFA should be applied with caution. For these systems, other methods are

needed to study irdcellular fluxes and metabolism.
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6.4 Conclusions

In summary, we have applied various MFA methods to a simple network
model and have shown in which cases each of these rsethodld beised.Figure
6.11summarizes thegesults. For small pool sizes or in cases in which isotopic
steady state can be achievE@-MFA (or 3C-MFAg), the simplest methods
presented here, can be applied. For larger pool sizesqotmpic steadgtate) and
systems at metabolic steady stat€;NMFA must be used. However, this method can
also be applied for systems at isotopic steady state, altRéDidiFA would be a
simpler approach. Lastly, systems that are not at metabolic steady stateraricbean
evaluated using’C-MFA must be interrogated withHC-DMFA. While 13C-DMFA
can be applied to most systems, this method does have its limits and therefore should
be applied with caution at systems that are from isotopic steadyAstdigonally,
including measurements of pool sizes and additional metabolites will improve

parameter estimation.
Flux Changes

None Small Large

Small 13C-MFAg 13C-MFAg 13C-MFAg

Pool
Sizes 13C-NMFA 13C-DMFA 13C-DMFA

Large | "“C-NMFA | '*C-DMFA | *C-DMFA

Figure6.8 Summary of MFA methods and when to apply them. When choosing a
method, one must consider if the system is at metabolic or isotopic steady
state *C-MFA and**C-MFAg can be used for isotopic steady st&ie-

NMFA can be used for isotopic nateady state>C-DMFA can be used
for metabolic and isotopic nesteady state.
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This work represents the first extension of DMFA to include isotopic labeling
to achevel*C-DMFA. Now, there are sufficient methods for determining accurate
fluxes in almost any system. Future work will require further extension and evaluation
of this method to a larger network model, representatitieeometabolism of an

organism.



Chapter 7

CONCLUSIONS AND FUTURE WORK

7.1 Summary of Conclusions

In this work, weaimed to showthe potential and widepread applicatiaof
13C-tracers, from elucidating intracellular fluxes ustfdg-MFA to validating and
improving an engineered organism. Beyond dematisty the various uses biC-
tracers, we have further extended the methodology of flux analysis to include the
estimation of timedependent fluxes usit§C-DMFA, allowing almost any system to
be studied usingetabolicflux analysis.

Towards the goal dhis dissertation, we first appliééC-MFA to study the
metabolism of glucose and xylosekncoliunder both aerobic and anaerobic
conditions. There have been several studies of aerobic glucose metabolism, but apart
from this condition, there is limitedata for other growth conditions f&t coli. To fill
this gap in knowledge, fluxes were determined for each condition using an optimal set
of traces. From the flux data, we weable toexamine cefactor allocation among the
various pathways. Biomassroposition was found to vary depending on the
condition.Additionally, biomass turnover was confirmed using fully labeled tracers.
Lipid turnover was shown to be a significant process under during anaerobic growth
on xylose, where blocking lipid turnovergwented growth. This information can now
be used to improve predictive modeling approaches. For future studies, biomass
composition should be measured as it appears to be affected by environmental
conditions. Additionally, biomass turnover must be considevhen modeling
metabolism as it can be a significant process. Without including these changes in

future models, the predictions are likely to be incorrect.

13C



The workin chapter 1 motivated thavestigation ok. colistrains that can eo
utilize glucose ad xylose, the two most abundant sugars produced from the hydrolysis
of lignocellulosic biomas<. colihas been a major target of engineering fer co
utilization of sugars. Strategies include eliminating carbon catabolite repression by
targeting the PTSsawell as manipulating pathway stoichiometry. Here, we t&d
tracers to study how the four PTS knockouts respond to various glucose and xylose
mi Xt ur es. Theptsifia 0 dotslgre se\ertelg ispacted byghe
glucose:xylose ratio, where increasing the relative glucose concentration results in a
decreasen growth rate. Additionally, all knockouts responded to changes in the ratio
of the sugars, where increasing the relative glucose concentration led to an increase in
the relative glucose uptake rae also studied tw&. colistrains, GX50 and
LMSEZ2, which had been previously engineered fowutidization of glucose and
xylose.1*C-MFA was used to quantify fluxes in these two strains at various
glucose:xylose ratios. Clear differences were observed in terms of pathway utilization
and cofactor allocationdiween the two strains. We also quantified their ability to
respond to various glucose and xylose mixtures by measuring the relative xylose
uptake rate as a function of the relative xylose concentration. LMSE2 exhibited a
constant profile where the relagixylose uptake rate remained the same, regardless of
the relative xylose concentration. Conversely, for GX50, the relative xylose uptake
rate increased as the relative xylose concentration increased. Based on these results,
we were able to make conclusion a b o ut t-atikzingistraineFarlthis straia,
the relative xylose uptake rate would be linearly dependent on the relative xylose
concentrationThis will allow for completeeonsumption of sugars and a more

efficient process.
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Beyond sugars, medhe and its derivatives have been evaluated as attractive
feedstocks for chemical production. PreviouslyEaroli strain was engineered to use
methanol for biomass and chemical production. Heesaimed to improve this
synthetic methylotrophic straift.was observed that methanol incorporation was
significantly higher when yeast extract was used assubstrate compared to
glucose. This led to the hypothesis that the amino acids present in yeast extract
triggered a regulatory response that led toegased methanol assimilation. To
investigate this further, 25 different-sobstrates were tested for increased growth and
methanol assimilation. It was found thatutdization of threonine led to significant
labeling from'*C-methanol and that the regtbr Lrp, represses pathways that are
activated during growth on threonine. This regulator was removed, resulting in
improved!*C-methanol incorporatiorThis study clearly showed the importance of
regulation in methylotrophy, and substrate metabolisnemeral. When engineering
organisms to use new substrates, manipulating global responses to substrates, rather
than simply adding heterologous genes and manipulating pathway stoichiametry
necessary to successfully achieve organisms with new subsipatalites.

Using methane as a carbon source has received increased attention recently due
to its low costand high electron content. It is also a major metabolite in the global
carbon cycle, in which it is produced by organisms called methanogens and
metaolized to CQ by methanotrophs. Methanogens are organisms that perform
methanogenesis, producing methane primarily from one carbon compounds. These
organisns have started to receive more attention, not only because of their role in the
global carbon cyclebut also as a possible host for alternative fuel production from

methane. However, a detailed understanding of their metabolism is lacking. Here, we
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aimed to better elucidate the metabolism of the model methahbgeretivorans
during growth on methanol detailed characterization of growth on methanol was
performed. It was observed that all methane was derived from methanol while carbon
dioxide was first produced through methanogenesis and then incorporated into
biomass through CJixing reactions ircentral carbon metabolisrA.network model
was constructed and then validated usi@MFA, generating the first flux map for
M. acetivoransTypically, for autérophic organisms:3C-NMFA is required to obtain
estimates for fluxes. However, we were ablelesign the experimeint a specific
way that allowed for application of classicdC-MFA, significantly decreasing the
complexity of the experimental and computational framewdskiar as we know, this
is the only application of classic&C-MFA to an autotrophic organism.

So far, we have seen various applicationS@ftracers and®C-MFA to
different systems. As discussed in chapter 6, there are cases where tradional
MFA cannot be applied, demonstrating the limitation$6fMFA. Here, wedlso
present different approaches for estimating fluxes for atypical systems, ones not at
metabolic or isotopic steady state. Specifically, we present the first applicati: of
dynamic metabolic flux analysis, which can be used for systems in whicls tuge
changing with time. The inclusion &iC-labeling measurements allows for precise
and accuratestimation of concentrations and flux@slditionally, we evaluate the
four established methods of flux analysis for different experimental conditions and

discuss the strengths and limitations of each method.

7.2 Future work

Future work for studying sugar metabolism
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This work emphasized the need for more experimental data from studies of
sugar metabolismVe studied the metabolism of glucose and xylose, a RPitiSaa
non-PTS sugar. It would be interesting to examine if there are any di¢Eesdretween
the metabolisms ajlucose vs galactos® betweerarabinose vs xylos& his would
better highlight theffect on metabolism of the substraself rather than the
pathways used for metabolism of that substrate. In this work, it was clear that the
metabolism of glucose and xylose would be different as they enter at different points
of metabolism. However, the differences in glucose and galactose metabolism are not
as apparent.

While E.coli has been the model organism for these studies, these experiments
should be extended to other organisms, includingmodel ones that have been
identified as promising hosts for chemical productiddditionally, novel sugar
pathways (such as those shown in Figure 1.1) should be implemented and compared to
the traditional sugar catabolic pathways. This would provide a clear answer as to
whether these pathways do in fact improve metabolism of these sugars, in terms of
decreased Cfoss and increased product yield. To this end, it would also be
interesting to identify a Aminimal 0 sugar
glucose (or xylose) to product can be identified and implemented in such a way that all
other pathways are remed, preventing carbon from being used, and wasted, for other
biological resources.

Future work for improving synthetic methylotrophy

Regulation appears to play a major role in methylotrophy. An extension of this
work would be tgerforma thorough transgstomic analysis of our strain during

growth on yeast extract and methanol (a high methanol incorporation condition) and
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during growth on glucose and methanol (a low methanol incorporation condition).

Comparing these two conditions could provide insigha which genes/pathways are

favorable for methylotrophy. This could also provide more information on the specific

pat hway $rp strain thathed to the observed phenotype. It would also be

interesting to test combinations of amino acids asulzstrates. t 6 s possi bl e th
combining threonine with another amino acid would also result in an improved

methylotrophic phenotype.

This section would have greatly benefited from a metabolic analysis of native
methylotrophs. So far, there have been no studiesiagpfC-metabolicflux analysis
toRUMPRUt i | i zi ng met hhatthe coropfexitgoFC-NMFAlBas | i kel y t
limited its application to methylotrophic organisms. However, since methanol is
increasingly being used as a feedstock for bioconversion, shedies would be very
useful.Specifically, it would be valuabléo compare the fluxome and transcriptoofe
nativemethylotrophst&€. colidur i ng figrowt ho on met hanol
into how the two organisms respond to methanol and provigetsaior manipulating
regulation.

While our engineerel. colistrain has the necessary genes to use methanol, it
cannot use methanol as the sole carbon source for growth. This is likely due to the
unbalanced pathway kinetics and fluxes in the pentosgpplate pathway, preventing
an effective autocatalytic cyc(Barenholz et al., 2017Wnlike E. coli, native
methylotrophs have evolved to achieve this pathway balandympthetically, each
enzyme in the pentose phosphate pathway can be expressed at different levels to
achiee that cycle. However, it would be easier to letBucoli strain identify this

balance through adaptive evolution. This would require a strain that links methanol
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consumption to growth and allows evolution towards a fully methylotrophic
phenotype. A satf knockouts can be identified, using flux balance analysis, that
allow for growth on a particular substrate only in the presence of methanol
(Antonovsky et al., 2016; Gawand et al., 20I3yo designs that we have identified
seem promising. The first design is a strain containing the following knockouts:
gf r mA g @hpdliekgmgsA This strain cannot grow on glucosexgtose alone
but will be able to use either sugar in the presence of methanol. The second design is a
strain containing frnAgbpdgpX Thie straimcgnndk grawc K out s :
ongluconeogenic dustrates (i.e. acetate, succingdgruvate)alonebut can us¢hese
subgratesin the presence of methanol. The important trait of these designs is that the
required kiockouts do not prevent metharwily growth which allows for adaptive
evolution tavardsa complete methylotrophic strain.

Future work ormethanogen metabolism

Studies of methanogens have been increasing due to their important roles in
nature and their potential as biofactories. Therefore, obtaining a sysidms
understanding of these organisms is imperative if these organisms are to be
engineeredTherefore, the validated network model can be used to study growth on
other substrates, such as acetate. Growth an acetaitscha used to simulate
interactions in the microbiome, in which sugars are converted to acids and then
converted tanethane by methanogens in the gut.

M. acetivoranss a model methanogen and, therefore, is a good host for
studying the reveal of methanogenesis, a possible route to anaerobic methanotrophy.
The key to reverse methanogenesis is identification of aldeielectron acceptor.

13C-tracers would be invaluable for these studies, in which different electron acceptors

13¢



can be tested and the extenti@-methane conversion can be measukettiitionally,
the reversibility of each step methanogenesis can bediedby feeding labeled
metabolic intermediates of the methanogenesis pathway.

Future work ommetabolicflux analysis methods

13C-MFA is now the stat®f-the-art method for estimating fluxes. However,
this method has its limitations, as described iaptér 6. We presented a framework
for a new method:*C-DMFA, and evaluated when the various flux analysis methods
(BC-MFA, 3C-NMFA, 3C-DMFA) should be applied. All of these methods were
applied to a simple model, containing a few reactions. Ideattgetimethods would be
tested with a larger metabolic network model and usedtimate fluxes for any
system, even with more complex flux changdss method can better elucidate
pathways that were, until now, thought to be unobservable. These inclalie acyl
parallel pathways, as well as reversible reactions. Only with incorporatié@-of

labeling measurements can théages be estimated.
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Appendix A

SUPPLEMENTARY DATA FOR CHAPTER 2

Table A.1  Biomass composition (% Dry Weight) ©f coligrown on glucose or
xylose under aerobic and anaerobic conditions.

Aerobic Aerobic Anaerobic Anaerobic

Glucose Xylose Glucose Xylose
Protein (%DW) 50.5 61.4 51.6 56.5
RNA (%DW) 17.5 18.1 11.4 9.2
Lipid (%DW) 6.2 6.1 6.4 6.1
Glycogen (%DW) 2.1 5.0 8.7 5.4

Table A.2  Fatty acid composition (umol/gFA) Bf coligrown on glucose or xylose
under aerobic and anaerobic conditions.

umol/gFA  Aerobic Aerobic Anaerobic Anaerobic
Glucose Xylose Glucose Xylose
C14:0 341 346 409 588
Cle6:1 1225 1101 891 1337
C16:0 1096 1173 1386 1292
C18:1 850 916 754 357
C18:0 135 107 212 146
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Table A.3  Amino acid composition (umol/gProtein)®Bf coligrown on glucose or
xylose undermerobic and anaerobic conditions.

umol/gProtein Aerobic Aerobic Anaerobic Anaerobic
Glucose Xylose Glucose Xylose
Ala 984 992 1040 028
Gly 872 860 839 824
Val 621 612 615 612
Leu 709 706 712 734
lle 430 423 429 435
Pro 332 326 331 332
Met 209 209 213 223
Ser 462 457 473 474
Thr 484 480 495 501
Phe 289 290 287 300
Asx 921 939 938 946
Glx 979 1009 969 993
Lys 575 569 580 567
His 166 164 160 157
Tyr 268 271 271 282
Arg 567 559 546 536
Cys 176 173 169 166
Tip 109 107 105 103

Table A.4  Metabolic network models féfC-metabolic flux analysis d. coli
grown on glucose or xylose under aerobic and anaerobic conditions.

AG = Aerobic Glucoséodel
AX = Aerobic XyloseModel
NG = Anaerobic Glucosklodel
NX = Anaerobic XyloseModel

Glycolysis

(1) [AG NG] Gluc.ext (abcdef) + PEP (ghiy G6P (abcdef) +
Pyr(ghi)
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(2) [AG AX NG NX]
(3) [AG AX NG NX]
(4)[AG AX NG NX]
(5) [AG AX NG NX]
(6) [AG AX NG NX]
(7) [AG AX NG NX]
(8) [AG AX NG NX]

G6P (abcdefx=>F6P (abcdef)

F6P (abcdef) + ATR=>FBP (abcdef)

FBP (abcdefk=>DHAP (cba) + GAP (def)
DHAP (abc)<=> GAP (abc)

GAP (abc)yx=>3PG (abc) + ATP + NADH
3PG (abck=>PEP (abc)

PEP (abck=>Pyr (abc) + ATP

Pentose Phosphate Pathway

(9) [AG AX NG NX]
(10)[AG AX NG NX]
(11)[AG AX NG NX]
(12)[AG AX NG NX]
(13)[AG AX NG NX]
(14)[AG AX NG NX]
(15)[AG AX NG NX]
(16)[AG AX NG NX]
(17)[AG AX NG NX]

Entner-Doudoroff Pathway

(18)[AG AX NG NX]
(19)[AG AX NG NX]

Xylose Metabolism
(20)[AX NX]
(21) [AX NX]

TCA Cycle

(22) [AG AX NG NX]
(23)[AG AX NG NX]
(24) [AG AX NG NX]
(25)[AG AX NG NX]
(26) [AG AX NG NX]
(27)[AG AX NG NX]
(28) [AG AX NG NX]

(29)[AG AX NG NX]
(30)[AG AX NG NX]

Glyoxylate Shunt
(31)[AG AX NG NX]
(32)[AG AX NG NX]

G6P (abcdef)> 6PG (abcdef) + NADPH

6PG (abcdef)> Ru5P (bcdef) + C&(a) + NADPH
Ru5P (abcde¥x=> X5P (abcde)

Ru5P (abcdex=>R5P (abcde)

X5P (abcdex=>TK-C2 (ab) + GAP (cde)

F6P (abcdefx=>TK-C2 (ab) + E4P (cdef)

S7P (abcdefgy=>TK-C2 (ab) + R5P (cdefg)
F6P (abcdefx=>TA-C3 (abc) + GAP (def)

S7P (abcdefg) <=> TA3 (abc) + BP (defg)

6PG (abcdef)> KDPG (abcdef)
KDPG (abcdef)y> Pyr (abc) + GAP (def)

Xyl (abcde)-> Xylu (abcde)
Xylu (abcde) + ATR> X5P (abcde

Pyr (abc)> AcCoA (bc) + CQ (a) + NADH

OAC (abcd) + AcCoA (efy> Cit (dcbfea)

Cit (abcdef) <=> ICit (abcdef)

ICit (abcdef)-> AKG (abcde) + CQ(f) + NADPH

AKG (abcde)> SucCoA (bcde) + C&Xa) + NADH
SucCoA (abcd) <=> Suc (%2 abcd + %2 dcba) + ATP
Suc (¥2 abcd + %2 @) <=> Fum (%2 abcd + % dcba) +
FADH:>

Fum (Y2 abcd + % dcba) <=> Mal (&l)

Mal (abcd) <=> OAC (abcd) + NADH

ICit (abcdef) <=> Glyox (ab) + Suc (%2 edcf + % fcde)
Glyox (ab) + AcCoA (cd}> Mal (abdc)
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Amphibolic Reactions
(33)[AG AX NG NX]
(34)[AG AX NG NX]
(35)[AG AX]

Fermentation Reactions

(36)[AG AX NG NX]
(37)[NG NX]
(38)[NG NX]
(39)[NG NX]
(40)[NG NX]

Amino Acid Biosynthesis

(41)[AG AX NG NX]
(42)[AG AX NG NX]
(43)[AG AX NG NX]
(44)[AG AX NG NX]

(45)[AG AX NG NX]
(46)[AG AX NG NX]
(47)[AG AX NG NX]
(48)[AG AX NG NX]

(49)[AG AX NG NX]
(50)[AG AX NG NX]
(51)[AG AX NG NX]
(52)[AG AX NG NX]

(53)[AG AX NG NX]

(54)[AG AX NG NX]
(55)[AG AX NG NX]
(56)[AG AX NG NX]
(57)[AG AX NG NX]

(58) [AG AX NG NX]

Mal (abd) -> Pyr (abc) + CQ(d) + NADPH
PEP (abc) + CeX(d) -> OAC (abcd)
OAC (abcd) + ATR> PEP (abc) + C&(d)

AcCoA (ab) <=> Ac (ab) + ATP
AcCoA (ab) + NADH <=> Ketal (ab)
Acetal (ab) + NADH <=> EtOH (ab)
Form (a)-> CQ; (a) + H2

Pyr (abc) <=> AcCoA (bc) + Form (a)

AKG (abcde) + NADPH + NKI-> Glu (abcde)

Glu (abcde) + ATP + NE-> GIn (abcde)

Glu (abcde) + ATP + 2 NADPK> Pro (abcde)

Glu (abcde) + CQ(f) + GIn (ghijk) + Asp (Imno) +
AcCoA (pq) + 5 ATP + NADPH> Arg (abcdef) +
AKG (ghijk) + Fum (Imno) + Ac (pq)

OAC (abcd) + Glu (efghiy> Asp (abcd) + AKG (efghi)
Asp (abcd) + 2 ATP + N> Asn (abcd)

Pyr (abc) + Glu (defgh)> Ala (abc) + AKG (defgh)
3PG (abc) + Glu (defgh)p Ser (&c) + AKG (defgh) +
NADH

Ser (abc) <=> Gly (ab) + MEETHF (c)

Gly (ab) <=> CQ (a) + MEETHF (b) + NADH + NH
Thr (abcd)-> Gly (ab) + AcCoA (cd) + NADH

Ser (abc) + AcCoA (de) 3 ATP + 4 NADPH + S@->
Cys (abc) + Ac (de)

Asp (abcd) + Pyr (efg) + Glu (hijkl) + SucCoA (mnop)
+ ATP + 2 NADPH-> LL-DAP (¥2 abcdgfe + %2
efgdcba) + AKG (hijkl) + Suc (Y2 mnop + ¥ ponm)
LL-DAP (%2 abcdefg + ¥z gfedcba) Lys (abcdef) +
CO2(9)

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

Asp (abcd) + METHF (e) + Cys (fgh) + SucCoA (ijkl) +
ATP + 2 NADPH-> Met (abcde) + Pyr (fgh) + Suc (%2
ijkl + %2 Ikji) + NH3

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

AcCoA (ab) + Pyr (cde) + Pyr (fgh) + Glu (ijklm) +
NADPH -> Leu (abdghe) + CQc) + CQ (f) + AKG
(ijklm) + NADH
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(59)[AG AX NG NX]

(60) [AG AX NG NX]

(61)[AG AX NG NX]

(62)[AG AX NG NX]

(63) [AG AX NG NX]

One-carbon Metabolism

(64)[AG AX NG NX]
(65)[AG AX NG NX]
(66)[NG NX]

Oxidation Phosphorylation

(67)[AG AX]
(68)[AG AX]

Transhydrogenation
(69) [AG AX NG NX]
(70) [NG NX]

ATP Hydrolysis
(71)[AG AX NG NX]

Transport

(72)[AX NX]
(73)[AG AX NG NX]
(74)[NG NX]
(75)[NG NX]
(76)[NG NX]
(77)[AG AX NG NX]
(78)[NG NX]
(79)[AG AX]
(80)[AG AX NG NX]
(81)[AG AX NG NX]

Thr (abcd) + Pyr (efg+ Glu (hijkl) + NADPH-> lle
(abfcdg) + CQ (e) + AKG (hijkl) + NHs

PEP (abc) + PEP (def) + E4P (ghij) + Glu (kimno) +
ATP + NADPH-> Phe (abcefghij) + C&d) + AKG
(kimno)

PEP (abc) + PEP (def) + E4P (ghij) + Gkimno) +
ATP + NADPH-> Tyr (abcefghij) + CQ(d) + AKG
(kimno) + NADH

Ser (abc) + R5P (defgh) + PEP (ijk) + E4P (Imno) +
PEP (pqgr) + GIn (stuvw) + 3 ATP + NADP# Trp
(abcedkimnoj) + CQ(i) + GAP (fgh) + Pyr (pgr) + Glu
(stuvw)

R5P (abcde) + FTHF (f) + GIn (ghijk) + Asp (Imno) + 5
ATP -> His (edcbaf) + AKG (ghijk) + Fum (Imno) + 2
NADH

MEETHF (a) + NADH-> METHF (a)
MEETHF (a)-> FTHF (a) + NADPH
Form (a) + ATP-> FTHF (a)

NADH + Y2 & -> 2 ATP
FADH2+ Y2 -> 1 ATP

NADH <=> NADPH
FADH2 <=> NADH

ATP -> ATP ext

Xyl.ext (abcde) + ATR> Xyl (abcde)
Ac (ab)-> Ac.ext (ab)

Form (a)-> Form.ext (a)

EtOH (ab)-> EtOH.ext (ab)

Suc (abcd)}> Suc.ext (abd)

CO (a)-> COv.ext (a)

H2 -> Ha.ext

Oz.ext-> O

NHs.ext-> NH3

SQs.ext-> SO



Biomass Formation
(82)[AG]

(82)[AX]

(82)[NG]

(82)[NX]

0.49731 Ala + 0.28651 Arg + 0.2326 Asn + 0.2326 Asp
+0.088707 Cys + 0.24738 Glu + 0.24738 GIn +
0.44054 Gly + 0.08398 His + 0.21739 lle + 0.35853 Leu
+0.29077 Lys + 0.10557 Met + 0.14618 Phe + 0.16797
Pro + 0.23355 Ser + 0.24446 Thr + 0.13526 Tyr +
0.31392 Val + 0.18148 G6P + 0.0709 F6P + 0.10233
GAP + 0.83768 3PG + 0.0828 Pyr + 2.0826 AcCoA +
0.0869 AKG + 0.30055 OAC + 0.05506 Trp + 0.65979
R5P + 0.0511 PEP + 30.7648 ATP + 4.5162 NADPH +
0.38804 MEETHF + 1.2644 NAB> 1.2644 NADH +
30.7648 ADP + 30.7648 Pi + 4.5162 NADP + 0.38804
THF + 35.476 Biomass

0.60876 Ala + 0.34319 Arg + 0.28805 Asn + 0.28805
Asp + 0.10625 Cys + 0.30972 Glu + 0.30972 GIn +
0.52767 Gly + 0.10059 His + 0.25947 lle + 0.43365 Leu
+0.34911 Lys + 0.12817 Met + 0.17808 Phe + 0.2003
Pro + 0.28028 Ser + 0.29473 Thr + 0.16619 Tyr +
0.37585 Val + 0.35965 G6P + 0.0709 F6P + 0.099809
GAP + 0.54618 3PG + 0.0828 Pyr + 2.0431 AcCoA +
0.0869 AKG + 0.30839 OAC + 0.06595 Trp + 0.67866
R5P + 0.0511 PEP + 35.5766 ATP + 4.4615 NADPH +
0.39907 MEETHF + 1.2949 NAB> 1.2949 NADH +
35.5766 ADP + 8.5766 Pi + 4.4615 NADP + 0.39907
THF + 41.3527 Biomass

0.53667 Ala + 0.28153 Arg + 0.24198 Asn + 0.24198
Asp + 0.087164 Cys + 0.25003 Glu + 0.25003 GIn +
0.43287 Gly + 0.082519 His + 0.22129 lle + 0.36735
Leu + 0.29899 Lys + 0.10968 Met + 07BB Phe +
0.17097 Pro + 0.24423 Ser + 0.25532 Thr + 0.14 Tyr +
0.31718 Val + 0.58985 G6P + 0.0709 F6P + 0.10388
GAP + 0.4299 3PG + 0.0828 Pyr + 2.1082 AcCoA +
0.0869 AKG + 0.22277 OAC + 0.054102 Trp + 0.47269
R5P + 0.0511 PEP + 29.6686 ATP + 4.4607 NADPH +
0.27872 MEETHF + 0.93793 NAP> 0.93793 NADH

+ 29.6686 ADP + 29.6686 Pi + 4.4607 NADP +
0.27872 THF + 36.7639 Biomass

0.52453 Ala + 0.30305 Arg + 0.26737 Asn + 0.26737
Asp + 0.093827 Cys + 0.28068 Glu + 0.28068 GIn +
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0.46596 Gly + 0.088826 His 0.24595 lle + 0.4146 Leu
+0.32059 Lys + 0.12617 Met + 0.16943 Phe + 0.18784
Pro + 0.26816 Ser + 0.28294 Thr + 0.15956 Tyr + 0.346
Val + 0.38483 G6P + 0.0709 F6P + 0.095676 GAP +
0.3828 3PG + 0.0828 Pyr + 1.9457 AcCoA + 0.0869
AKG + 0.1951 OAC + 0.058Z3Trp + 0.40613 R5P +
0.0511 PEP + 30.0681 ATP + 4.1089 NADPH +
0.23982 MEETHF + 0.81305 NAP> 0.81305 NADH

+ 30.0681 ADP + 30.0681 Pi + 4.1089 NADP +

0.23982 THF + 36.7571 Biomass

Labeling dilution from lipid turnover and external acetate

(83)[AG AX NG NX] AcCoA.unlabeled (ab) + AcCoA (cdy AcCoA (ab) +
AcCoA.out (cd)
(84)[NG NX] GAP.unlabeled (abc) + GAP (def GAP (abc) +

GAP.out (def)

Table A5 Mass isotopomer distributions from parallel labeling experimentsBwith
coli grown on glucosenderaerobic and anaerobic conditions.

Condition Aerobic Glucose Anaerobic Glucose
Tracer [U-1C] [1,2-8C] [1,63C] [U-C] [1,2-2C] [1,6-C]
Ala232 (MO0) 11.8 47.0 19.1 11.4 45.4 16.7
Ala232 (M1) 3.7 14.5 61.0 3.7 11.6 63.4
Ala232 (M2) 65.8 30.3 13.9 66.1 34.0 13.8
Ala232 (M3) 13.1 5.9 5.3 13.2 6.4 5.4
Ala232 (M4) 5.6 2.3 0.7 5.6 2.6 0.7
Ala260 (MO0) 11.6 46.3 18.6 10.9 44.6 16.4
Ala260 (M1) 3.0 13.1 60.3 3.1 11.7 62.6
Ala260 (M2) 2.8 30.8 14.5 3.1 334 14.4
Ala260 (M3) 64.2 6.8 5.6 64.3 71 5.6
Ala260 (M4) 12.8 2.6 0.9 12.9 2.8 0.8
Ala260 (M5) 5.6 0.4 0.2 5.7 0.4 0.1
Gly218 (MO0) 12.7 51.4 75.6 18.3 48.9 76.3
Gly218 (M1) 67.7 36.3 16.7 63.1 38.4 16.0
Gly218 (M2) 13.9 9.5 6.8 13.3 9.8 6.8
Gly218 (M3) 5.7 2.8 1.0 5.3 3.0 0.9




Gly246 (MO)
Gly246 (M1)
Gly246 (M2)
Gly246 (M3)
Gly246 (M4)

Val260 (MO)
Val260 (M1)
Val260 (M2)
Val260 (M3)
Val260 (M4)
Val260 (M5)
Val260 (M6)

Val288 (MO)
Val288 (M1)
Val288 (M2)
Val288 (M3)
Val288 (M4)
Val288 (M5)
Val288 (M6)
Val288 (M7)

Leu274 (MO)
Leu274 (M1)
Leu274 (M2)
Leu274 (M3)
Leu274 (M4)
Leu274 (M5)
Leu274 (M6)
Leu274 (M7)

Pro258 (MO0)
Pro258 (M1)
Pro258 (M2)
Pro258 (M3)
Pro258 (M4)
Pro258 (M5)
Pro258 (M6)

Ser390 (MO0)
Ser390 (M1)

11.9
4.2
65.4
12.9
5.7

11.9
3.0
15
2.2
63.0
13.0
5.5

11.9
3.1
1.3
0.4
2.5
62.8
12.5
505

12.1
3.1
1.2
0.5
2.9
62.4
125
5.3

12.0
3.0
2.1
2.7
62.4
12.4
5.3

10.9
4.1

49.0
36.6
10.7
3.2
0.5

32.1
12.1
30.2
9.7
12.5
2.4
0.9

31.8
11.3
30.3
9.6
13.0
2.9
11
0.2

24.6
16.2
21.4
17.9
111
6.7
15
0.4

35.5
17.5
24.6
11.3
8.7
1.9
0.6

36.3
22.2

73.8
17.5
7.3
1.2
0.2

15.1
13.2
53.3
12.8
4.8
0.7
0.1

15.0
12.9
52.9
13.1
5.1
0.8
0.2
0.0

15.0
5.6
16.3
46.7
11.3
4.2
0.6
0.1

21.9
16.9
38.1
16.8
4.9
1.2
0.2

17.5
53.3

17.5
5.9
59.6
11.8
5.2

11.7
2.9
2.0
2.4
62.6
12.9
5.4

11.7
3.0
1.3
1.0
3.0
62.3
12.4
5.4

11.8
3.1
1.2
1.0
4.3
61.0
12.3
5.2

12.3
3.2
3.3
2.8
61.0
12.1
5.2

10.5
5.5

47.8
38.1
10.4
3.2
0.5

30.1
8.8
32.6
8.3
16.0
3.0
1.2

29.7
8.8
32.1
8.5
15.9
3.3
1.5
0.2

22.7
14.1
20.6
18.9
12.2
8.9
2.0
0.6

46.8
12.3
22.9
5.6
9.8
2.0
0.7

32.8
23.7

74.8
16.8
7.1
11
0.2

151
9.6
56.7
12.7
5.0
0.7
0.1

15.0
9.5
56.2
13.0
5.2
0.8
0.3
0.0

15.2
4.7
11.5
51.7
11.5
4.6
0.6
0.1

38.8
14.0
36.0
7.8
2.9
0.5
0.1

14.6
55.4
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Ser390 (M2)
Ser390 (M3)
Ser390 (M4)
Ser390 (M5)

Thr376 (MO)
Thr376 (M1)
Thr376 (M2)
Thr376 (M3)
Thr376 (M4)
Thr376 (M5)

Phe302 (MO)
Phe302 (M1)
Phe302 (M2)
Phe302 (M3)

Phe308 (M0)
Phe308 (M1)
Phe308 (M2)
Phe308 (M3)
Phe308 (M4)
Phe308 (M5)
Phe308 (M6)
Phe308 (M7)
Phe308 (M8)

Phe336 (MO)
Phe336 (M1)
Phe336 (M2)
Phe336 (M3)
Phe336 (M4)
Phe336 (M5)
Phe336 (M6)
Phe336 (M7)
Phe336 (M8)
Phe336 (M9)

Asp390 (MO)
Asp390 (M1)
Asp390 (M2)
Asp390 (M3)
Asp390 (M4)

3.3
55.9
17.4
8.3

10.7
4.2
6.9
53.3
16.9
7.9

12.9
4.6

66.6
16.0

14.3
4.1
15
0.3
0.1
0.1
0.3
4.4
75.0

13.9
4.1
15
0.3
0.1
0.0
0.1
0.5
5.0
74.5

11.1
4.2
6.9
53.1
16.8

27.9
9.2
3.6
0.8

36.9
22.1
23.9
11.7
4.2
1.3

48.1
37.0
11.6
3.4

25.7
11.2
24.6
11.6
15.2
6.2
3.7
1.3
0.4

25.2
10.6
24.7
11.6
15.4
6.5
3.9
15
0.4
0.1

36.6
22.0
24.1
11.8
4.2

18.8
8.2
1.8
0.4

21.1
37.0
26.1
11.1
3.6
1.0

71.7
19.4
7.6
1.3

14.3
5.2
12.0
49.3
13.4
4.8
0.8
0.1
0.0

14.1
5.2
11.8
48.9
13.8
5.1
0.9
0.2
0.0
0.0

20.5
37.2
26.3
11.3
3.7

4.1
54.7
17.1
8.1

10.1
4.4
33.9
34.5
12.4
4.7

12.8
4.6

66.7
16.0

14.3
4.0
15
0.3
0.1
0.1
0.4
4.6
74.8

13.8
4.1
15
0.3
0.1
0.0
0.1
0.6
5.2
74.3

10.7
4.3

33.2
34.6
12.4

29.2
9.7
3.8
0.8

35.1
17.6
28.0
13.0
4.9
1.5

45.4
39.3
11.7
3.6

24.2
9.2
25.9
10.3
17.2
6.7
4.3
1.7
0.4

24.1
8.8
25.8
10.5
17.2
7.0
4.3
1.8
0.5
0.1

35.0
17.5
28.1
13.0
5.0

19.2
8.5
1.9
0.4

16.2
50.2
21.7
8.9
2.3
0.7

72.2
19.1
7.4
1.3

14.8
5.1
7.6
52.7
13.7
5.1
0.9
0.1
0.0

14.4
4.8
7.6
52.6
14.1
5.3
0.9
0.2
0.0
0.0

15.9
50.5
21.7
9.0
2.4
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Asp390 (M5) 7.9 1.2 1.0 4.7 1.4 0.5
Asp418 (MO) 10.9 34.7 19.9 10.2 34.3 15.8
Asp418 (M1) 3.9 19.1 32.3 4.0 17.7 49.5
Asp418 (M2) 2.6 24.5 28.0 3.0 27.6 22.3
Asp418 (M3) 7.7 12.3 13.5 35.2 13.4 9.3
Asp418 (M4) 50.9 6.7 4.7 314 5.2 25
Asp418 (M5) 16.3 2.1 1.3 11.8 1.5 0.6
Asp418 (M6) 7.7 0.6 0.3 4.3 0.3 0.1
Glu330 (M0) 111 32.2 19.1 11.2 43.1 35.3
Glu330 (M1) 3.2 17.9 16.5 3.3 13.4 14.6
Glu330 (M2) 2.1 25.0 38.1 218 23.6 36.4
Glu330 (M3) 2.6 12.4 18.5 2.9 6.6 9.4
Glu330 (M4) 60.5 9.3 5.8 59.2 10.2 3.5
Glu330 (M5) 14.6 2.4 15 14.3 2.4 0.7
Glu330 (M6) 5.9 0.8 0.3 5.8 0.9 0.1
Glu432 (M0) 10.1 27.3 16.9 10.1 36.5 31.2
Glu432 (M1) 3.7 16.3 14.8 3.7 15.9 15.3
Glu432 (M2) 1.9 23.5 31.3 2.7 21.0 32.5
Glu432 (M3) 11 14.4 22.3 2.5 10.2 13.5
Glu432 (M4) 6.1 11.0 10.1 31.5 10.0 5.6
Glu432 (M5) 52.5 5.2 3.4 32.9 4.4 1.5
Glu432 (M6) 16.7 1.8 0.9 12.0 1.6 0.3
Glu432 (M7) 7.9 0.5 0.2 4.6 0.4 0.1
Tyr302 (MO) 13.5 47.8 71.6 13.1 44.9 n/a
Tyr302 (M1) 4.8 37.1 19.4 4.7 39.2 n/a
Tyr302 (M2) 66.0 11.7 7.6 66.3 12.1 n/a
Tyr302 (M3) 15.7 3.4 14 15.9 3.7 n/a
RNA_Rib173

(MO) 17.9 66.9 19.6 21.7 60.4 21.9
RNA_Rib173

(M1) 3.4 8.9 73.1 3.8 6.9 71.3
RNA_Rib173

(M2) 73.5 22.6 6.4 69.5 30.6 6.0
RNA_Rib173

(M3) 5.1 1.6 0.9 5.0 2.1 0.9
RNA_Rib284

(MO) 15.7 16.0 73.6 194 17.8 65.4




RNA_Rib284
(M1)
RNA_Rib284
(M2)
RNA_Rib284
(M3)
RNA_Rib284
(M4)
RNA_Rib284
(M5)

Glycogen_Glucl
73 (MO)
Glycogen_Glucl
73 (M1)
Glycogen_Glucl
73 (M2)
Glycogen_Glucl
73 (M3)

Glycogen_Gluc3
70 (MO)
Glycogen_Gluc3
70 (M1)
Glycogen_Gluc3
70 (M2)
Glycogen_Gluc3
70 (M3)
Glycogen_Gluc3
70 (M4)
Glycogen_Glwc3
70 (M5)
Glycogen_Gluc3
70 (M6)
Glycogen_Gluc3
70 (M7)

Suc289.ext (M0)
Suc289.ext (M1)
Suc289.ext (M2)
Suc289.ext (M3)
Suc289.ext (M4)
Suc289.ext (M5)

2.4

0.6

2.2

71.6

7.5

23.5

4.1

67.6

4.8

20.6

4.1

0.9

0.4

2.3

61.6

8.5

1.6

46.8

27.3

8.3

1.2

0.3

86.8

8.5

4.4

0.4

26.6

6.5

52.6

11.5

2.3

0.4

0.1

0.0

21.1 3.0
3.8 0.9
1.0 2.3
0.3 67.2
0.1 7.1
52.7 6.2
43.0 3.0
3.8 84.8
0.5 6.0
48.8 4.7
41.0 1.0
8.2 0.2
15 0.2
0.3 2.9
0.1 78.3
0.0 10.7
0.0 2.0

33.2

32.3

14.2

2.0

0.4

87.9

8.2

3.6

0.3

28.8
6.4
51.4
10.7
2.1
0.4
0.1
0.0
34.8
15.5
31.3
131

4.1
1.0

28.7

4.5

1.0

0.3

0.1

31.3

62.8

5.2

0.7

28.9
57.8
10.8
1.9
0.3
0.1
0.0
0.0
10.1
60.1
20.7
7.3

1.5
0.3
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Suc289.ext (M6)

C16:0 (MO)
C16:0 (M1)
C16:0 (M2)
C16:0 (M3)
C16:0 (M4)
C16:0 (M5)
C16:0 (M6)
C16:0 (M7)
C16:0 (M8)
C16:0 (M9)
C16:0 (M10)
C16:0 (M11)
C16:0 (M12)
C16:0 (M13)
C16:0 (M14)
C16:0 (M15)
C16:0 (M16)
C16:0 (M17)
C16:0 (M18)

Pyr174 (MO)
Pyrl74 (M1)
Pyrl74 (M2)
Pyrl74 (M3)
Pyrl74 (M4)
Pyrl74 (M5)

PEP453 (MO)
PEP453 (M1)
PEP453 (M2)
PEP453 (M3)
PEP453 (M4)
PEP453 (M5)

3PG585 (MO)
3PG585 (M1)
3PG585 (M2)
3PG585 (M3)
3PG585 (M4)
3PG585 (M5)

16.0
3.0
0.4
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.1
0.2
0.4
3.5
8.1
66.9
11
0.3

0.1
0.1
2.4
84.9
8.5
4.0

0.2
0.5
1.7
66.5
20.7
10.4

0.3
0.2
15
59.3
25.1
13.6

13.9
2.6
0.3
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.1
0.1
11
1.4
12.0
8.0
59.1
1.0
0.3

0.4
0.3
2.5
85.3
7.8
3.6

0.3
0.5
2.0
66.1
20.6
10.5

0.6
0.4
1.7
58.8
25.0
13.5

0.2

0.0
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Table A.6 Mass isotopomer distributions from parallel labeling experimentskvith
coli grown on xylose under aerobic and anaerobic conditions.

Condition Aerobic Xylose Anaerobic Xylose
Tracer [U-BC] [1,228C] [6-BC] [u-BC] [1,2-BC] [5-BC]
Ala232 (MO0) 11.3 51.8 36.2 11.9 50.0 38.4
Ala232 (M1) 4.1 135 47.2 4.2 11.5 46.2
Ala232 (M2) 65.9 27.5 11.9 65.4  30.4 11.1
Ala232 (M3) 13.1 5.2 4.0 12.9 5.8 3.8
Ala232 (M4) 5.6 2.0 0.6 5.6 2.3 0.5
Ala260 (MO0) 11.1 50.5 35.5 9.8 41.4 37.8
Ala260 (M1) 2.9 134 46.6 4.6 17.9 45.9
Ala260 (M2) 3.6 7.2 12.6 4.6 14.3 11.5
Ala260 (M3) 64.1 22.5 4.4 63.0 20.5 4.0
Ala260 (M4) 12.7 44 0.7 125 4.4 0.6
Ala260 (M5) 5.6 1.9 0.1 5.5 1.6 0.1

Gly218 (MO) 128  54.1 75.3 157 522 76.3
Gly218 (M1) 67.7 342 16.7 653 355 15.9

Gly218 (M2) 138 9.2 7.0 134 95 6.9
Gly218 (M3) 5.7 2.6 1.0 5.5 2.8 0.9
Gly246 (MO) 11.7  52.7 73.7 146  50.4 75.2
Gly246 (M1) 4.6 13.0 17.4 5.3 13.0 16.4
Gly246 (M2) 65.2  27.2 7.4 625 2838 7.1
Gly246 (M3) 128 5.1 1.2 122 54 1.0
Gly246 (M4) 5.7 2.1 0.3 5.5 2.4 0.3
Val260 (MO)  .1.6 36.9 21.5 9.9 34.2 22.0
Val260 (M1) 2.9 11.5 33.1 2.6 8.9 37.1
Val260 (M2) 1.5 30.6 33.0 6.8 33.5 30.3
Val260 (M3) 3.1 8.1 9.1 4.1 7.6 7.9
Val260 (M4) 626  10.3 2.8 59.3 125 2.4
Val260 (M5) 129 20 0.5 122 24 0.4
Val260 (M6) 5.4 0.7 0.1 5.1 0.9 0.1
Val288 (M) 116  36.4 21.1 0.8 29.0 21.7
Val288 (M1) 3.0 11.3 32.4 2.7 12.4 36.5
Val288 (M2) 1.2 18.2 32.6 2.2 20.9 30.0
Val288 (M3) 0.5 17.3 9.5 5.3 18.0 8.0
Val288 (M4) 3.7 5.6 3.2 5.3 8.2 2.7
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Val288 (M5)
Val288 (M6)
Val288 (M7)

Leu274 (MO)
Leu274 (M1)
Leu274 (M2)
Leu274 (M3)
Leu274 (M4)
Leu274 (M5)
Leu274 (M6)
Leu274 (M7)

Pro258 (MO0)
Pro258 (M1)
Pro258 (M2)
Pro258 (M3)
Pro258 (M4)
Pro258 (M5)
Pro258 (M6)

Ser390 (MO0)
Ser390 (M1)
Ser390 (M2)
Ser390 (M3)
Ser390 (M4)
Ser390 (M5)

Thr376 (MO)
Thr376 (M1)
Thr376 (M2)
Thr376 (M3)
Thr376 (M4)
Thr376 (M5)

Phe302 (MO)
Phe302 (M1)
Phe302 (M2)
Phe302 (M3)

Phe308 (MO)
Phe308 (M1)
Phe308 (M2)

62.2
12.3
5.4

11.7
3.0
1.2
0.5
3.9
61.9
12.4
5.3

11.7
2.9
2.1
3.6
62.1
12.3
5.3

10.5
4.0
3.8
55.8
17.5
8.3

10.3
4.1
6.9
53.8
17.0
7.9

12.4
5.0

66.6
16.0
13.8

3.9
1.4

8.8
1.8
0.7

28.4
17.1
22.9
15.8
9.4
5.0
1.2
0.3

33.9
17.1
26.9
10.9
8.7
1.8
0.6

42.1
17.9
11.4
19.7
6.2
2.7

34.9
23.4
19.7
15.1
5.0
1.8

52.3
14.6
26.9
6.1

135
22.9
8.0

0.6
0.5
0.1

16.9
200
31.6
22.7
6.4
2.1
0.3
0.1

21.1
30.5
32.3
11.8
3.4
0.8
0.1

31.7
43.8
16.3
6.4
15
0.3

26.9
39.3
21.8
8.7
2.6
0.7

71.0
20.0
7.7
1.4

14.6
15.9
30.7

58.2
11.6
5.0

9.9
2.9
1.9
5.9
10.2
53.7
11.0
4.5

111
3.0
9.5
4.7
55.9
11.0
4.7

9.3
5.2
5.0
55.1
17.3
8.2

8.8
4.9
17.5
46.8
154
6.7

12.2
5.3

66.5
16.0
12.0

3.3
1.3

8.6
2.1
0.7

25.5
15.5
23.2
17.1
10.5
6.4
1.4
0.4

35.3
9.4
32.6
7.4
12.1
2.3
0.9

37.1
18.9
14.0
20.7
6.5
2.7

36.4
19.1
25.2
13.1
4.7
15

48.7
15.3
29.2
6.7

111
22.6
7.0

0.4
0.6
0.1

15.8
24.8
32.7
19.5
5.1
1.7
0.2
0.1

23.4
37.0
29.3
7.6
2.3
0.4
0.1

33.1
43.0
15.9
6.2
1.4
0.3

32.3
43.7
16.0
6.2
1.4
0.3

72.4
18.9
7.4
1.3

11.9
18.9
33.5

16¢€




Phe308 (M3) 0.3 24.2 27.9 0.3 26.5 25.8
Phe308 (M4) 0.1 10.8 8.0 0.2 10.3 7.3
Phe308 (M5) 0.1 9.9 2.5 1.2 11.3 2.2
Phe308 (M6) 0.4 6.9 0.4 5.1 7.1 0.4
Phe308 (M7) 6.3 1.9 0.1 7.0 2.0 0.1
Phe308 (M8) 738 19 0.0 69.5 2.0 0.0
Phe336 (MO) 134 132 14.4 111 109 11.8
Phe336 (M1) 4.0 22.6 15.3 3.3 21.3 18.1
Phe336 (M2) 1.5 7.8 30.7 1.2 7.2 33.6
Phe336 (M3) 0.3 13.8 27.9 0.3 15.0 26.1
Phe336 (M4) 0.1 18.4 8.4 0.2 19.3 7.6
Phe336 W5) 0.0 5.9 2.6 0.3 6.1 2.3
Phe336 (M6) 0.1 10.4 0.5 3.0 11.8 0.4
Phe336 (M7) 0.6 4.7 0.1 3.9 4.9 0.1
Phe336 (M8) 7.1 1.6 0.0 7.6 1.6 0.0
Phe336 (M9)  72.9 1.7 0.0 69.1 1.8 0.0
Asp390 (MO) 10.6  34.9 26.8 9.0 36.6 32.2
Asp390 (M1) 4.0 23.3 39.2 4.9 19.2 43.6
Asp390 (M2) 6.8 19.8 21.9 17.3  24.9 16.1
Asp390 (M3) 53.6  15.1 8.8 46,7 131 6.3
Asp390 (M4) 169 5.0 2.7 153 4.7 1.4
Asp390 (M5) 8.0 1.8 0.7 6.7 1.5 0.3
Asp418 (MO) 105 315 24.7 8.7 34.9 32.0
Asp418 (M1) 3.8 21.4 36.9 4.4 19.7 43.3
Asp418 (M2) 2.6 17.1 23.7 3.3 9.7 16.3
Asp418 (M3) 7.7 14.7 10.3 175  20.0 6.5
Asp418 (M4) 512 105 3.4 447 104 1.5
Asp418 (M5) 164 3.6 0.9 149 4.1 0.3
Asp418 (M6) 7.8 1.3 0.2 6.6 1.2 0.1
Glu330 (MO) 106 314 19.5 9.4 33.3 21.5
Glu330 (M1) 3.1 17.6 30.0 3.0 10.1 36.5
Glu330 (M2) 2.0 27.0 32.6 9.4 32.2 30.0
Glu330 (M3) 3.4 11.9 12.9 5.0 8.6 8.7
Glu330 (M4) 604 9.1 4.0 548 121 2.7
Glu330 (M5) 146 2.2 0.9 131 2.7 0.5
Glu330 (M6) 5.9 0.7 0.2 5.3 1.0 0.1
Glu432 (MO) 9.7 24.7 16.5 8.3 25.7 19.1
Glu432 (M1) 3.6 16.8 26.0 3.2 13.7 34.1




Glu432 (M2)
Glu432 (M3)
Glu432 (M4)
Glu432 (M5)
Glu432 (M6)
Glu432 (M7)

Tyr302 (MO)
Tyr302 (M1)
Tyr302 (M2)
Tyr302 (M3)

RNA_Rib173
(MO)
RNA_Rib173
(M1)
RNA_Rib173
(M2)
RNA_Rib173
(M3)

RNA_Rib284
(MO)
RNA_Rib284
(M1)
RNA_Rib284
(M2)
RNA_Rib284
(M3)
RNA_Rib284
(M4)
RNA_Rib284
(M5)

Glycogen_Glucl

73 (MO)

Glycogen_Glucl

73 (M1)

Glycogen_Glucl

73 (M2)

Glycogen_Glucl

73 (M3)

1.8
11
6.4
52.6
16.8
8.0
12.8
5.1
66.2
15.9
17.2
3.7
74.1

5.0

14.7
2.3
0.6
3.1
71.9

7.4

12.4
3.9

78.2

21.9
17.1
10.1
6.5
2.0
0.7
52.1
14.7
27.1
6.2
77.1
7.8
13.9

1.2

13.2

3.2

60.2

8.3

13.6

1.4

69.0

7.2

22.2

1.6

31.4
16.7
6.8
2.0
0.5
0.1
70.8
19.9
7.8
1.4
26.6
67.1
5.5

0.8

84.0

12.9

2.3

0.7

0.1

0.1

42.3

52.7

4.4

0.6

3.7
7.0
16.7
41.4
13.6
6.1
12.3
5.4
66.4
15.9
19.5
3.9
71.7

5.0

16.3
2.6
1.6
3.2
69.1

7.2

13.0
4.1
77.4

5.5

26.1
14.4
11.9
5.7
2.0
0.6
48.4
15.2
29.5
6.8
77.6
8.5
12.9

1.0

15.2

3.8

58.7

8.3

12.6

1.4

67.5

7.7

23.1

1.7

30.3
11.3
4.1
0.9
0.2
0.0
72.3
18.9
7.5
1.3
27.2
66.6
5.4

0.8

83.7

13.1

2.1

0.8

0.3

0.1

36.9

57.6

4.7

0.8
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C16:0 (M18) 0.3 0.1
Pyr174 (MO) 0.2 3.8
Pyr174 (M1) 0.1 2.0
Pyri74 (M2) 3.2 4.0
Pyr174 (M3) 84.9 79.8
Pyri74 (M4) 7.9 7.1
Pyr174 (M5) 3.7 3.3
PEP453 (M0) 0.2 3.1
PEP453 (M1) 0.1 2.2
PEP453 (M2) 2.3 3.6
PEP453 (M3)  66.3 61.9
PEP453 (M4)  20.7 19.3
PEP453 (M5)  10.4 9.8
3PG585 (M0) 0.2 4.2
3PG585 (M1) 0.2 2.9
3PG585 (M2) 2.1 3.7
3PG585 (M3)  58.8 54.2
3PG585 (M4)  25.1 227
3PG585 (M5)  13.6 12.2

Table A.7 Results of*C-MFA for E. coligrown on glucose under aerobic and
anaerobic conditins. The reaction numbers correspond to the reactions
listed in Table A.4The fluxes are normalized to a substrate uptake rate
of 100. 95% confidence intervals of fluxes (LB95 = lower bound, UB95
= upper bound) were determined by evaluating the sengitif/the
minimized SSR to flux variations.

Condition Aerobic Glucose Anaerobic Glucose
SSR 173 33
Net Fluxes
Reaction No. Best Fit LB95 UB95 Best Fit LB95 UB95
(1) 100.0 99.9 100.1 100.0 99.9 100.1
(2) 74.2 73.3 75.1 89.3 88.4 90.2
(3) 84.2 83.5 84.8 91.4 90.5 92.6
(4) 84.2 83.5 84.8 91.4 90.5 92.6
(5) 84.2 83.5 84.8 91.4 90.5 92.6
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(6) 172.1 171.0 173.1 183.3 181.8 185.6
(7) 159.2  157.7 160.7 176.7 1745 180.0
(8) 29.1 25.3 31.8 45.5 40.4 51.1
9) 24.3 23.4 25.1 7.9 7.1 8.5
(10) 24.0 23.1 24.9 7.6 6.7 8.3
(11) 10.6 10.0 11.2 2.5 1.9 3.0
(12) 13.4 13.0 13.8 5.1 4.5 55
(13) 10.6 10.0 11.2 2.5 1.9 3.0
(14) -3.9 -4.2 -3.5 -0.4 -0.7 -0.1
(15) -6.7 -7.0 -6.4 2.1 -2.3 -1.8
(16) -6.7 -7.0 -6.4 2.1 -2.3 -1.8
(17) 6.7 6.4 7.0 2.1 1.8 23
(18) 0.3 0.0 0.9 0.3 0.0 0.9
(19) 0.3 0.0 0.9 0.3 0.0 0.9
(20) Not in the model Not in the model
(21) Not in the model Not in the model
(22) 1119 108.8 115.0 5.6 0.0 15.1
(23) 26.6 24.1 28.9 5.4 4.6 6.0
(24) 26.6 24.1 28.9 5.4 4.6 6.0
(25) ’6.5 22.6 28.9 5.2 4.4 5.8
(26) 17.8 13.7 20.2 0.1 0.0 0.4
(27) 14.4 10.3 17.0 -1.9 -2.2 -1.5
(28) 17.9 15.2 20.2 -147 174 -12.0
(29) 21.0 18.4 23.3 -129  -15.7 -10.1
(30) 194 16.3 21.7 -12.7 -16.5 -9.9
(31) 0.1 0.0 1.8 0.2 0.0 0.5
(32) 0.1 0.0 1.8 0.2 0.0 0.5
(33) 1.7 0.0 4.6 0.0 0.0 4.3
(34) 25.7  23.7 27.4 276 247 31.4
(35) 1.6 0.0 3.2 Not in the model
(36) 60.6 56.3 64.8 53.5 47.7 60.6
(37) Not in the model Not in the model
(38) Not in the model Not in the model
(39) Not in the model Not in the model
(40) Not in the model Not in the model
(41) 50.3 48.4 52.4 29.3 24.9 32.0
(42) 5.7 5.5 5.9 3.3 2.8 3.5
(43) 1.4 1.4 1.5 0.8 0.7 0.9
(44) 2.4 2.3 2.5 14 1.2 1.5
(45) 14.4 13.7 15.0 8.5 7.2 9.4
(46) 2.0 1.9 2.0 1.2 1.0 1.3
(47) 4.2 4.0 4.4 2.6 2.2 2.8
(48) 8.3 8.0 8.7 4.5 3.8 5.0
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(49)
(50)
(51)
(52)
(53)
(54)
(55)
(56)
(57)
(58)
(59)
(60)
(61)
(62)
(63)
(64)
(65)
(66)
(67)
(68)
(69)
(70)
(71)
(72)
(73)
(74)
(75)
(76)
(77)
(78)
(79)
(80)
(81)
(82)
(83)
(84)
ExchangeFluxes
(2)
(3)
(4)
(5)
(6)
(7)

4.2 4.1 45
0.6 0.6 0.6
0.1 0.0 0.2
1.6 1.6 1.7
2.5 2.4 2.6
2.5 2.4 2.6
4.0 3.7 4.2
0.9 0.9 0.9
2.6 2.5 2.8
3.0 2.9 3.1
1.8 1.8 1.9
1.2 1.2 1.3
1.1 1.1 1.2
0.5 0.4 0.5
0.7 0.7 0.7
0.9 0.9 0.9
0.7 0.7 0.7
Not in the model
297.6 284.3 308.9
17.9 15.2 20.2
47.9 40.8 55.8
Not in the model
497.8 450.8 538.4
Not in the model
64.6 60.5 68.8
Not in the model
Not in the model
Not in the model
171.8 163.4 178.4
Not in the model
157.8 149.9 164.4
54.6 52.5 56.8
1.6 1.6 1.7
8.4 8.1 8.8
11.8 10.2 13.5
Not in the model
87.7 54.5 145.3
73.1 14.6 Inf
73.4 14.6 Inf
18.3 0.0 66.4
Inf 0.0 Inf
>1000 0.0 Inf

2.1
0.0
0.0
1.0
15
15
2.3
0.5
15
1.8
11
0.7
0.7
0.3
0.4
0.5
0.3

51.8

17.0

55.8

2.4

32.1
1.0
4.9
6.5

64.3
34.5
33.5
247.3
17.2
9.6

1.7 2.4
0.0 0.3
0.0 0.5
0.8 1.0
1.2 1.6
1.2 1.6
2.0 2.7
0.5 0.6
1.3 1.7
1.5 1.9
0.9 1.2
0.6 0.8
0.6 0.7
0.2 0.3
0.3 0.4
0.5 0.6
0.0 0.4

Not in the model
Not in the model
Not in the model
42.0 58.1
Not in the model
0.0 554
Not in the model
50.2 62.7
Not in the model
Not in the model
Not in the model
0.0 17.2
Not in the model
Not in the model

27.2 34.9
0.8 1.0
4.1 5.3
5.2 7.7
Not in the model
43.0 109.4
0.3 Inf
0.3 Inf
10.1 Inf
0.0 Inf
0.0 Inf




(8) 0.0 0.0 287.5 0.0 0.0 97.0

(11) 97.8 388 Inf 83.7 35.9 Inf

(12) 0.0 0.0 Inf 0.0 0.0 Inf

(13) 93.9 38.8 Inf 83.7 35.9 Inf

(14) 6.4 5.8 7.1 3.8 3.3 4.2

(15) 2.3 0.0 Inf 0.3 0.0 Inf

(16) 0.0 0.0 28.5 18.7 0.1 31.2

(17) 78.3 0.0 Inf 3.7 0.0 Inf

(24) 28.2 0.0 Inf 4.2 0.0 Inf

(27) 19.0 0.0 Inf 10.9 0.0 Inf

(28) >1000 17.1 Inf 0.0 0.0 Inf

(29) 854.7 160.5 Inf 200.1 3.3 Inf

(30) 448.8 1545 Inf 4.7 0.4 Inf

(31) 2.7 1.1 4.2 0.1 0.0 0.2

(36) 56.9 0.0 Inf 0.5 0.0 Inf

(37) Not in the model 2.8 0.0 Inf

(38) Not in the model 6.1 0.0 Inf

(40) Not in the model 32.2 14.8 57.5

(49) 3.8 3.5 4.2 3.5 2.9 4.1

(50) 0.0 0.0 0.2 0.0 0.0 0.0

(69) 30.7 0.0 Inf 2.9 0.0 Inf

(70) Not in the model 14.5 0.0 Inf

Table A.8 Results of*C-MFA for E. coligrown on xylose under aerobic and
anaerobic conditions.hE reaction numbers correspond to the reactions
listed in Table A.4The fluxes are normalized to a substrate uptake rate
of 100. 95% confidence intervals of fluxes (LB95 = lower bound, UB95
= upper bound) were determined by evaluating the sensitivityeof t
minimized SSR to flux variations.
Condition Aerobic Xylose Anaerobic Xylose

SSR 33 175

Net Fluxes

Reaction No. Best Fit LB95 UB95 Best Fit LB95 UB95

(1) Not in the model Not in the model

(2) -19.0 -21.6 -15.7 -0.8 -1.1 -0.5

(3) 52.1 50.5 54.0 64.7 64.3 65.4

(4) 52.1 50.5 54.0 64.7 64.3 65.4

(5) 52.1 50.5 54.0 64.7 64.3 65.4
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(6) 140.3 1384 142.5 1619 160.7 163.4
(7) 128.7 126.1 131.3 159.1 157.3 161.4
(8) 87.5 83.0 97.6 1246 88.6 142.5
9) 16.6 13.1 19.2 0.0 0.0 0.3
(10) 14.6 11.9 17.1 0.0 0.0 0.3
(11) -284  -30.4 -26.6 -34.3  -34.6 -34.0
(12) 43.0 42.2 43.7 34.3 34.0 34.6
(13) 71.6 69.6 73.4 65.7 65.4 66.0
(14) -344  -354 -33.3 -324  -32.7 -32.2
(15) -37.2  -38.1 -36.3 -33.2  -33.3 -33.2
(16) -37.2  -38.1 -36.3 -33.2  -333 -332
(17) 37.2 36.3 38.1 33.2 33.2 33.3
(18) 2.0 0.2 3.6 0.0 0.0 0.2
(19) 2.0 0.2 3.6 0.0 0.0 0.2
(20) 100.0 99.9

(21) 100.0 99.9

(22) 85.0 81.8 88.3 17.0 7.0 26.4
(23) 34.5 28.7 37.4 2.4 1.7 3.0
(24) 345 287 37.4 2.4 1.7 3.0
(25) 33.9 24.4 37.4 2.4 1.7 3.0
(26) 25.3 15.3 29.0 0.1 0.0 0.3
(27) 22.1 11.9 25.8 -0.8 -1.1 -0.4
(28) 26.0 19.6 29.0 -11.6 -14.3 -8.9
(29) 29.0 22.8 32.0 -10.8  -13.6 -8.0
(30) 15.5 10.7 24.3 -26.2  -66.8 -9.6
(31) 0.6 0.0 4.5 0.0 0.0 0.3
(32) 0.6 0.0 4.5 0.0 0.0 0.3
(33) 14.2 6.1 17.8 154 0.0 55.3
(34) 35.2 31.6 39.3 32.8 16.0 71.6
(35) 0.0 0.0 8.9 Not in the model
(36) 29.1 24.8 334 60.4 54.1 67.0
(37) Not in the model Not in the model
(38) Not in the model Not in the model
(39) Not in the model Not in the nodel
(40) Not in the model Not in the model
(41) 49.2 46.5 52.9 13.1 9.0 16.1
(42) 5.6 5.3 6.0 15 1.0 1.8
(43) 1.4 1.3 1.5 0.4 0.3 0.5
(44) 2.3 2.2 2.5 0.6 0.4 0.7
(45) 14.1 13.3 154 3.8 2.6 5.1
(46) 2.0 1.9 2.1 0.5 0.4 0.7
(47) 4.2 3.9 4.5 1.1 0.7 1.3
(48) 7.9 7.4 8.5 2.0 1.3 2.5
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(49)
(50)
(51)
(52)
(53)
(54)
(55)
(56)
(57)
(58)
(59)
(60)
(61)
(62)
(63)
(64)
(65)
(66)
(67)
(68)
(69)
(70)
(71)
(72)
(73)
(74)
(75)
(76)
(77)
(78)
(79)
(80)
(81)
(82)
(83)
(84)
Exchange Fluxes
(2)
(3)
(4)
(5)
(6)
(7)

3.9 3.6 4.3
0.4 0.3 0.4
0.0 0.0 0.6
1.6 1.5 1.7
2.4 2.3 2.6
2.4 2.3 2.6
3.8 3.6 4.5
0.9 0.8 0.9
2.6 2.4 2.8
3.0 2.8 3.2
1.8 1.7 1.9
1.2 1.2 1.3
1.1 1.1 1.2
0.5 0.4 0.5
0.7 0.7 0.7
0.9 0.8 0.9
0.7 0.7 0.7
Not in the model
252.4 219.6 269.2
26.0 19.6 29.0
355 22.9 62.7
Not in the model
268.9 164.4 327.1
100.0
33.0 28.9 37.1
Not in the model
Not in the model
Not in the model
151.3 130.3 162.4
Not in the model
139.2 119.8 148.7
53.7 50.9 57.8
1.6 1.5 1.7
6.8 6.5 7.4
0.7 0.0 1.9
Not in the model
8.7 0.0 Inf
40.3 1.9 Inf
31.1 2.2 Inf
22.5 2.6 Inf
>1000 16.2 Inf
137.8 0.0 Inf

0.9
0.0
0.0
0.4
0.6
0.6
11
0.3
0.7
0.8
0.5
0.3
0.3
0.1
0.2
0.3
0.2

13.2
9.0

61.5

23.8

14.4
0.4
2.0
7.0

18
16.5
19.6
218.5
0.0
348.6

0.5 11
0.0 0.4
0.0 0.8
0.3 0.5
0.4 0.8
0.4 0.8
0.7 2.0
0.2 0.3
0.5 0.9
0.6 1.0
0.3 0.6
0.2 0.4
0.2 0.4
0.1 0.1
0.1 0.2
0.2 0.3
0.0 0.2

Not in the model
Not in the model
Not in the model
-35.2 32.6
Not in the model
0.0 51.9
99.9
55.3 67.9
Not in the model
Not in the model
Not in the model
-0.4 70.1
Not in the model
Not in the model

9.7 17.7
0.3 0.5
1.4 2.5
4.9 9.3
Not in the model
0.0 Inf
2.1 Inf
2.1 Inf
4.7 Inf
0.0 97.9
0.0 Inf
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(8) 740 00 1183 210 166 25.8

(11) >1000 0.0 Inf 81.8 0.0 Inf
(12) >1000 0.0 Inf 79.0 0.0 Inf
(13) 79.7 58.7 86.7 49.9 21.7 69.6
(14) 7.4 1.6 37.6 21.7 9.4 48.3
(15) 65.1 0.0 Inf 561.0 77.4 Inf
(16) 42.0 0.0 77.9 23.4 0.0 52.5
(17) 64.7 0.0 Inf 559.9 78.4 Inf
(24) 22.0 0.0 Inf 8.1 0.0 Inf
(27) 10.2 0.0 Inf 19.9 0.0 Inf
(28) 0.0 0.0 Inf 0.0 0.0 Inf
(29) 357.4 106.7 Inf 21.5 3.5 Inf
(30) 240.4 108.4 Inf 12.3 2.0 Inf
(31) 0.5 0.0 2.1 0.0 0.0 0.1
(36) 23.8 0.0 Inf 24.9 0.0 Inf
(37) Not in the model Not in the model
(38) Not in the model Not in the model
(40) Not in the mode Not in the model
(49) 2.3 1.9 2.7 1.2 0.8 1.6
(50) 0.1 0.0 0.2 0.0 0.0 0.0
(69) 12.7 0.0 Inf 20.1 0.0 Inf
(70) Not in the model Not in the model
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Figure A.1 Analysis of*3C-MFA goodnessf-fit for variousmetabolic network
models. Sum of squared résal values are showmerefor models
containingdifferentdilution reactionsn the modelOverall, including
dilution reactions that account for RNA turnover, glycogen turnover, and

amino acid turnover (here, glutamate turnover) did not improve the
goochessof-fit.






























































































































































































































