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In nature, microorganisms donôt exist in isolation; rather, they are part of 

complex and interacting systems. However, current understanding of microbial 

metabolism is mainly constrained to mono-culture systems because of limitations in 

analytical technologies. This has limited the scope of our knowledge of cellular 

metabolism to less than 1% of microbes that are culturable in laboratory conditions, 

and hampered efforts to better understand microbial communities in important areas 

such as the human microbiome. Furthermore, recent efforts in metabolic engineering 

have focused on taking advantage of unique properties of multi-microorganism 

systems to enhance product yields, titers, and productivities. In particular, the 

modularity of co-culture systems makes them a convenient platform for easy 

optimization and assembly of biosynthetic pathways. Despite the relevance of multi-

microorganism systems both in natural ecosystems and metabolic engineering, 

quantitative characterization tools used to elucidate their metabolism are still lacking. 

Particularly, 13C-metabolic flux analysis (13C-MFA), a widely-used approach for 

measuring metabolic flux in pure cultures, has not been developed and applied 

towards multi-microorganism systems. 

In 13C-MFA, metabolic fluxes are elucidated by culturing cells in the presence 

of an isotopically labeled substrate. The resulting isotopic labeling patterns of 

metabolites are then measured using mass spectroscopy techniques. Metabolic fluxes 

are then estimated by fitting the measured labeling data to a network model containing 

the known metabolic pathways of the organism. In the few previous examples where 
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13C-MFA has been applied to co-cultures, it has required species-specific isotopic 

labeling data in which the labeling measurement of a purified protein was used as a 

proxy for species-specific labeling data.  

In this thesis, I present a novel approach for performing 13C-MFA in co-

cultures. I demonstrate for the first time that it is possible to determine metabolic flux 

distributions in multiple species simultaneously without the need for physical 

separation of cells or proteins, or overexpression of species-specific products. Instead, 

metabolic fluxes for each species in a co-culture are estimated directly from isotopic 

labeling of the total metabolite labeling obtained using conventional mass 

spectrometry approaches such as GC-MS. Through carefully selected isotopic tracer 

experiments, I demonstrate a novel multi-scale model fitting framework that allows 

for the elucidation of steady state intracellular fluxes, population composition, inter-

species metabolite exchange (e.g. cross-feeding of molecules between cells), and 

dynamic reactor level growth and metabolite profiles. The methodology was 

experimentally validated using a mixed culture of two E. coli knockout strains and 

then applied to three different co-culture systems.  

First, co-culture flux analysis was performed in an E. coli ï S. cerevisiae co-

culture, an industrially relevant system in which the two organisms consume the same 

substrate but have different biosynthetic pathways, and products. Next, the metabolic 

fluxes in a co-culture of E. coli knockouts ȹpgi (knockout of glycolysis pathway) and 

ȹzwf (knockout of pentose phosphate pathway) were fully elucidated. This co-culture 

system is the most challenging to deconvolute as it consists two organisms with the 

same metabolic network, consuming and producing the same substrate and products. 

Finally, I successfully applied the methodology to study a cross-feeding synthetic co-
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culture consisting of a glucose consuming wild-type E. coli strain and a glucose non-

consuming ȹptsI ȹglk E. coli strain. Here, the ȹptsI ȹglk strain relied on acetate 

produced by the wild-type E. coli for growth. Using the co-culture 13C-MFA 

framework, I characterized the intracellular fluxes in each species and deconvoluted 

the time dependent culture-level metabolite concentrations. In addition, through the 

three model co-culture systems presented in this thesis, I discuss various aspects of the 

experimental design and important considerations for performing co-culture 13C-MFA.  

In the future, this work should support both metabolic engineering efforts in 

multi-microorganism systems as well as scientific efforts aimed at exploring 

consortium metabolism. Particularly, it lays the foundation for more detailed studies of 

complex interacting microbial systems, including systems consisting of more than two 

species. 
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INTRODUCTION   

1.1 Microbial Systems in Biotechnology 

Microbes have been used for various purposes including in the food and 

beverage industry for centuries. In the last half century, microorganisms have played 

an important role in industrial biotechnology for the manufacturing of fuels, chemicals 

and medicine (Atsumi et al., 2008; Choi and Lee, 2013; Ro et al., 2006). These types 

of applications have been growing in importance and diversity in recent years 

(Keasling, 2010; Nielsen and Keasling, 2016). This growth was fueled by the 

integration of recombinant genetic technologies with the emergence of the new 

metabolic engineering field in the 1990ôs (Bailey, 1991). Since then, the development 

of advanced systems level molecular biology and synthetic biology tools have 

broadened the scope of tasks that can be carried out with microorganisms (Almquist et 

al., 2014; Ghosh et al., 2016; Lee and Na, 2013; Nielsen and Keasling, 2011; Peralta-

Yahya et al., 2012; Yadav et al., 2012; Yu et al., 2016). Microbial metabolic 

characterization techniques have played a prominent role in supporting these advances 

by enabling rational design and optimization of these platforms.  

1.2 Cellular Physiology Characterization Tools 

Cellular physiology characterization tools to study microbial systems have 

been growing rapidly the last two decades. Systems level analysis of microbial 

metabolism has been used widely to gain insight into the underlying mechanism of 

Chapter 1 
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cellular metabolism. Different aspects of microbial metabolism can be elucidated with 

an array of tools including, genomics, transcriptomics, proteomics, metabolomics and 

fluxomics. Using genomics tools, the genome of microbes can be sequenced to 

identify the inventory of enzymes and pathways that could be active/present in the 

organism (DeLong, 2009; Tringe and Rubin, 2005). More insight can be gained about 

the functional operation of the cells with transcriptomics, which quantifies the relative 

transcription level of different genes (Flaherty et al., 2011; Oh et al., 2002; Wang et 

al., 2009). In proteomics, the quantity, activity, and different properties of the 

proteome in the cell are analyzed (Lee, 2001; Schmidt et al., 2015; VerBerkmoes et 

al., 2009). Metabolomics enables large scale quantification and analysis of the 

concentration of various metabolites in the cells (Heinemann and Zenobi, 2011; Link 

et al., 2015; Martien and Amador-Noguez, 2017; Reaves and Rabinowitz, 2011). 

These óomicsô tools provide useful information about various aspects of the system. 

However, they do not provide information about the actual in vivo metabolic state of 

the cells (Antoniewicz et al., 2007c; Tang et al., 2009; Winter and Krömer, 2013). 

Fluxomics, on the other hand, is the study of metabolic turnover of metabolites (i.e. 

fluxes) in various pathways of cells, and can been viewed as the overall 

functional/integrated output of gene expression, translation, enzyme kinetics and 

regulations. Ultimately, mechanistic knowledge is best developed by integrating 

multiple óomicsô data together to gain in-depth understanding of cellular physiology 

and regulation (Brunk et al., 2016; Ebrahim et al., 2016; Kim et al., 2016; Lee et al., 

2005; Monk et al., 2016; Saha et al., 2014; Wilmes and Bond, 2006).  
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1.3 Fluxomics 

The quantitative analysis of metabolic pathway activities started with the mass 

balance analysis of citrate production by Candida lipolytica (Aiba and Matsuoka, 

1979). This stochiometric based analysis was further extended with the incorporation 

of reducing equivalent and other co-factor balances (Papoutsakis, 1984). However, 

large scale stochiometric based physiological characterizations lack enough 

information to elucidate all relevant intracellular metabolic fluxes. This led to the start 

of two major fields in fluxomics; i) flux balance analysis, a stochiometric based 

analysis of metabolism that enables the assessment of possible ranges of phenotypes, 

i.e. biochemical production capabilities (Fell and Small, 1986; OôBrien et al., 2015; 

Varma et al., 1993) and ii) metabolic flux analysis, an experimental approach to 

elucidate metabolic fluxes through isotopic labeling experiments. This method uses 

mass balance and additional information obtained from isotopic labeling data to 

estimate metabolic fluxes (Chu et al., 1985; Marx et al., 1996; Sharfstein et al., 1994; 

Szyperski, 1995; Zupke and Stephanopoulos, 1994). Flux balance analysis on the 

other hand is a mathematical approach that solves a genome scale stochiometric model 

by maximizing/minimizing an assumed objective function(s) (usually growth) to 

predict fluxes. The field of flux balance analysis has evolved to become a useful tool 

in the analysis of cellular physiology under various conditions and perturbations, and 

has aided in the design and engineering of microbial systems at the genome scale level 

(Feist and Palsson, 2008; Khandelwal et al., 2013; Kim and Reed, 2012; McCloskey et 

al., 2013; OôBrien et al., 2015; Orth et al., 2010; Reed et al., 2010; Segre et al., 2002). 

Similarly, metabolic flux analysis has become a powerful tool in cellular physiology 

characterization and microbial engineering efforts (He et al., 2014; Stephanopoulos, 

1999; Templeton et al., 2015). The predominant experimental approach for flux 
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elucidation using isotopic labeling studies has mainly been through carbon stable-

isotope (13C) labeling known as 13C-metabolic flux analysis (13C-MFA).  

1.3.1 13C-metabolic flux analysis 

To elucidate metabolic fluxes using 13C-MFA, a microorganism is cultured in 

the presence of an isotopically labeled substrate, known as the tracer. As the cells 

consume and metabolize the substrate, isotopically labeled carbon atoms get 

incorporated in the biomass components, forming a unique labeling pattern in 

metabolites that is a function of metabolic fluxes. The labeling pattern in the 

metabolites is then measured using techniques such as GC-MS or NMR (Crown and 

Antoniewicz, 2013a; Kleijn et al., 2007). Using the metabolic network model of the 

organism and isotopic labeling measurements of the metabolites, metabolic fluxes are 

estimated by least-squares regression (Figure 1.1) (refer to Figure A.1 for detailed 

procedure). Over the last two decades, significant advances have been made in two 

aspects of 13C-MFA: the metabolic network modeling framework, and the 

experimental layout and design.  
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Figure 1.1:   13C-metabolic flux analysis. 13C-metabolic flux analysis involves the 

tracer experiment, isotopic labeling measurement, and network model 

construction and computation of fluxes (See Figure A.1 for details).  

1.3.1.1 Metabolic network modeling framework 

The efficiency of the mathematical modeling framework that relates measured 

isotopomer data with metabolic fluxes is very important for efficient flux estimation. 

Modeling frameworks that require low computational power and computing time 

make flux analysis a viable option for routine use. To this end, various computational 

modeling frameworks have been introduced over the years, including the atom 

mapping matrices, isotopomer mapping matrices, cumomer mapping matrices and 

elementary metabolite units (EMU) (Antoniewicz et al., 2007a; Möllney et al., 1999; 

Schmidt et al., 1997; Zupke and Stephanopoulos, 1994). In particular, the EMU 

framework introduced a highly efficient algorithm that reduces the total number of 

equations that needs to be solved for flux analysis by order-of-magnitudes relative to 

the previous cumomer framework.  
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1.3.1.2 Experimental layout and design  

Experimental layout and tracer selection are two important design parameters 

that need careful consideration. 13C-metabolic flux analysis can be conducted through 

a single tracer experiment or parallel labeling experiments where multiple tracer 

experiments are conducted in parallel (Au et al., 2014; Crown and Antoniewicz, 

2013b; Leighty and Antoniewicz, 2013, 2012). In parallel tracer experiments, labeling 

measurements from replicate experiments with different tracers are fitted to a single 

network model simultaneously to obtain more accurate and precise fluxes.  

Tracer selection is another important aspect of the experimental design 

process. The observability of metabolic fluxes is directly dependent on the choice of 

isotopic tracer. Concurrently, the choice of  tracer is dependent on the desired output 

and goals of the experiment, since different tracers can perform better at elucidating 

different parts of a metabolic network model (Crown et al., 2016, 2015, 2012; Crown 

and Antoniewicz, 2012). Multiple tracers could be incorporated in parallel labeling 

experiments to obtain high resolution fluxes in various pathways. In fact, parallel 

labeling experiments with carefully selected tracers have been shown to provide 

synergistic improvement to flux precision, where the parallel fits from these tracers 

resulted in greater than expected gain in flux information (Crown et al., 2016).  

1.3.2 Co-culture 13C-metabolic flux analysis 

Despite many years of advances in flux analysis, 13C-MFA has not been widely 

used in multi-microorganism systems such as co-cultures. Specifically, so far to our 

knowledge, metabolic flux analysis on co-culture systems have only been performed 

in three previous studies (Ghosh et al., 2014; Rühl et al., 2011; Shaikh et al., 2008). 
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The first work by Shaikh et al. suggested the use of purified highly expressed 

reporter protein as a proxy for species-specific isotopic labeling measurement in multi-

microorganism systems. Although this method was not demonstrated in co-culture 

systems, it showed that labeling measurements could be obtained from proteins 

purified from artificially mixed cultures (Shaikh et al., 2008). The second work by 

Ruhl et al. extended the same idea of using labeling measurement of purified reporter 

proteins as a proxy for species-specific isotopic labeling information. In this work, a 

co-culture of wild-type E. coli with knockout strains ȹpgi (or ȹmdh) was used as an 

example. Intracellular flux ratios in each strain of the co-culture were calculated using 

isotopic labeling measurements of amino acids from purified proteins that were 

overexpressed in each strain. This study showed that the calculated flux ratios in each 

strain were similar to corresponding mono-culture results (Rühl et al., 2011).   
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Figure 1.2:   Co-culture flux analysis through protein purification. Each strain in the 

co-culture is engineered to overexpress a reporter protein, which is 

purified for isotopic labeling analysis. The isotopic labeling of the 

purified reporter protein is used as a proxy for the labeling of metabolites 

in each strain to perform flux analysis.  

The fundamental challenge with this approach is the requirement for high level 

expression of proteins, which likely affects the metabolism of the cells. Additionally, 

this approach is limited to organisms with existing molecular biology tools required to 

overexpress proteins. This approach also requires a large quantity of sample to obtain 

sufficient signal, up to 70 ml of culture (Rühl et al., 2011). The reagents used in the 

purification process have also been found to have detrimental role in isotopic labeling 

measurements because of GC-MS co-elusion with metabolites. Moreover, this method 

may be difficult to apply in interacting or cross-feeding co-culture systems since the 
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isotopic labeling of each carbon in the cross-feeding metabolite (i.e. the tracer for the 

receiving strain) would need to be known or measured precisely.  

In the most recent work, Ghosh et al. proposed a peptide labeling based co-

culture 13C-MFA approach, where simulated species-specific isotopic labeling 

measurements of peptides were used to determine fluxes in each species (Ghosh et al., 

2014). In theory, this approach could be applied to more complex multi-

microorganism systems. However, because peptide labeling inherently has less 

information than amino acid labeling data, this approach requires a large number of 

species-specific peptide labeling measurements to deconvolute the fluxes. Moreover, 

this approach cannot be applied to co-culture systems of closely related species since it 

will be difficult to identify peptides that are unique to each species. Finally, this 

methodology was only applied to simulated data and has not been proven 

experimentally. 

In conclusion, a new co-culture flux analysis framework that overcomes these 

challenges and enables easy cellular physiological characterization is necessary for 

two fundamental reasons: 

i. Microbes naturally exist as part of consortia. Despite the tendency to 

study cellular physiology of mono-cultures, microorganisms do not 

exist in isolation in nature (Wintermute and Silver, 2010a). Rather, they 

are part of complex multi-dimensional interacting systems (Momeni et 

al., 2011; Ponomarova and Patil, 2015; Zelezniak et al., 2015). 

Therefore, to truly understand the role of microbes in their environment 



 10 

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

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

ii.  Incorporation of multi-microorganism systems brings unique 

advantages to metabolic engineering. In recent years, biosynthetic 

efforts have focused on the use of multiple microbes as a chemical 

production platform. More specifically, co-culture metabolic 

engineering promises the assembly of complementary metabolic 

pathways into functional tools (Gilbert et al., 2003). The diverse 

enzymatic pathways and metabolic systems enable efficient substrate 

utilization (Sabra et al., 2010) and make co-culture systems robust to 

environmental fluctuation (Brenner et al., 2008). It is known that 

communication and division of labor among parts of a co-culture 

system aid in establishing a synergistic system with unique capabilities 

(Brenner et al., 2008; Eiteman et al., 2008; Hanly et al., 2012; Xia et 

al., 2012; Zhang et al., 2015b). Co-culture systems have been shown to 

be modular by design and highly effective in performing biological 

transformation. These properties make mixed culture and co-culture 

systems ideal candidates for numerous biotransformation applications.  

1.4 Aim and Outline of Thesis 

After numerous advances on multiple fronts, 13C-MFA has reached a high 

level of maturity for analysis of mono-culture systems (Crown and Antoniewicz, 
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2013a). Advances in both experimental layout and design and computational 

framework has resulted in the widespread use of 13C-MFA for various purposes 

(Antoniewicz, 2015). Despite these advances for analysis of mono-culture systems, 

fundamental challenges remain in elucidating fluxes in co-culture systems.  

 

Figure 1.3:   Co-culture 13C-MFA objective. The goal of this thesis is to develop a 

framework for co-culture 13C-MFA that doesnôt require any physical 

separation of cells or metabolites. Instead, the overall co-culture isotopic 

labeling measurements (shown to represent contributions from each 

strain in the figure) are used to obtain co-culture fluxes.  

Therefore, the goal of this thesis is to develop and apply a novel 13C-MFA 

framework for co-culture systems that doesnôt require overexpression of proteins or 

separation of cells or metabolites (Figure 1.3). Rather, the aim of this work is to 

elucidate metabolic fluxes in multiple organism from the overall co-culture isotopic 

labeling data using traditional analytical methods such as GC-MS. Towards this goal: 

¶ Chapter 2 introduces the novel framework for co-culture flux 

analysis. I demonstrate that it is possible to determine metabolic 
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flux distributions in multiple species simultaneously without the 

need for physical separation of cells or proteins, or overexpression 

of species-specific products. Instead, metabolic fluxes for each 

species in a co-culture are estimated directly from isotopic labeling 

of total biomass obtained using conventional mass spectrometry 

approaches such as GCïMS. The methodology is experimentally 

validated using a co-culture of two E. coli knockout strains. 

¶ Chapter 3 describes the reconstruction and validation of a 

compartmentalized 13C-MFA network model for S. cerevisiae under 

glucose growth conditions. The network model was built from the 

genome-scale model and validated through COMPLETE-MFA 

using parallel labeling experiments and all singly-labeled glucose 

tracers. Using the constructed network model, I could obtain an 

acceptable fit to amino acid labeling data generated from all tracer 

experiments individually and in parallel. The reconstructed and 

validated network model is then used in the E. coli ï S. cerevisiae 

co-culture in chapter 4.  

¶ Chapter 4 demonstrates the applicability of the co-culture 13C-

MFA framework to an E. coli ï S. cerevisiae co-culture system. A 

multi-scale co-culture flux analysis framework is introduced by 

incorporating a metabolic network model and a reactor level growth 
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model such that intracellular fluxes as well as uptake and excretion 

rates can be elucidated simultaneously. The overall co-culture 

isotopic labeling information and the culture growth and 

concentration measurements were used to iteratively fit a micro-

scale metabolic network level model and a macro-scale reactor 

level growth model respectively. Furthermore, the contributions of 

each strain to culture level concentration measurements were 

deconvoluted. In this chapter, I incorporated a filter-based cell 

separation technique in parallel with the flux analysis framework to 

improve resolution of fluxes.   

¶ Chapter 5 further extends the co-culture 13C-MFA framework to 

study a co-culture system of two E. coli knockout strains (ȹpgi ï 

ȹzwf). Unlike the E. coli ï S. cerevisiae co-culture system, this co-

culture consists of two strains with identical metabolic network 

models producing the same products: biomass, acetate and CO2. 

The multi-scale iterative network model introduced in Chapter 4 

was applied to the ȹpgi ï ȹzwf co-culture to elucidate intracellular 

fluxes and excretion rates.  

¶  Chapter 6 describes the application of the co-culture 13C-MFA 

framework to a cross-feeding co-culture system. An important 

aspect of co-culture systems is their ability to interact and exchange 



 14 

metabolites. Here, I applied the co-culture flux analysis 

methodology to study an interacting synthetic co-culture consisting 

of a glucose consuming wild-type E. coli strain and a glucose non-

consuming ȹptsI ȹglk E. coli strain. The ȹptsI ȹglk strain relies on 

acetate produced by wild-type E. coli for cell growth. In addition to 

estimating intracellular metabolic fluxes for individual strains in the 

co-culture, population dynamics and acetate cross-feeding were 

fully characterized. In this chapter, isotope tracer selection in co-

culture systems is also briefly discussed. 

¶ Chapter 7 summarizes and highlights the work presented in this 

dissertation and its broader significance. The future of co-culture 

13C-MFA and other opportunities are also discussed.  
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13C-METABOLIC FLUX ANALYSIS OF CO -CULTURES: A NOVEL 

APPROACH  

2.1 Introduction  

Microbial communities are ubiquitous in nature and have a wide range of 

industrial applications including in biodegradation of organic compounds (Gilbert et 

al., 2003), conversion of toxic by-products (Sabra et al., 2010), production of biofuels 

(Bagi et al., 2007), and production of mixed products from single or multiple 

substrates (Bizukojc et al., 2010). Microbial communities carry out efficient bio-

transformations that are the result of multiple complementary metabolic systems 

working together (Bader et al., 2010; Shong et al., 2012). It is now well appreciated 

that the capabilities of multi-microorganism systems cannot be predicted by the sum 

of their parts (Wintermute and Silver, 2010a).  Rather, synergistic interactions at 

different levels often result in better overall performance of these systems (Sabra et al., 

2010). Co-culture metabolic engineering promises the assembly of complementary 

metabolic capabilities into functional systems (Gilbert et al., 2003), where the 

diversity of metabolic pathways and the ability of microorganisms to exchange 

metabolites dramatically increases the space of possible metabolic conversions (Kato 

et al., 2005). This flexibility could alleviate limitations encountered in single-species 

systems. Importantly, integration of diverse metabolic systems may result in more 

efficient substrate utilization (Sabra et al., 2010), make co-culture systems robust to 

environmental fluctuation (Brenner et al., 2008), and establish synergistic systems 

Chapter 2 
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with other advantageous characteristics (Brenner et al., 2008; Keller and Surette, 

2006; Kleerebezem and van Loosdrecht, 2007).  

Current methods to gain insight into multi-species cultures include genomic, 

transcriptomic, and proteomic approaches (Lee, 2001; Solomon et al., 2014; Tringe 

and Rubin, 2005; Wang et al., 2009). These óomicsô tools provide useful information 

about various aspects of a mixed culture. However, they do not provide information 

about the in vivo metabolic state of the cells, i.e. intracellular metabolic fluxes. 13C 

Metabolic flux analysis (13C-MFA) is the preferred experimental approach to elucidate 

detailed metabolic fluxes in biological systems (Antoniewicz, 2015). Over the past 

two decades 13C-MFA has been applied extensively to mono-culture systems (Crown 

and Antoniewicz, 2013b). In 13C-MFA, a labeling experiment is performed by 

introducing a 13C-labeled substrate, known as the tracer, to the culture and allowing 

the tracer to be metabolized by the cells. The resulting labeling patterns in metabolites 

are then measured, e.g. by gas chromatography/mass spectrometry (GC-MS) 

(Antoniewicz et al., 2011, 2007b), and flux distributions are estimated by iteratively 

fitting the measured data to a comprehensive model that reflects the known metabolic 

pathways of the organism (He et al., 2014; Young et al., 2008).  

Until now, 13C-MFA has been applied almost exclusively to mono-culture 

systems. In a few examples where 13C-MFA was applied to co-cultures, it required 

physical separation of either proteins or cells to resolve species-specific labeling data, 

from which species-specific fluxes were calculated. This was accomplished either by 

direct separation of cells via centrifugation or fluorescence-assisted sorting, or indirect 

separation through purification of an over-expressed reporter protein (Rühl et al., 

2011; Shaikh et al., 2008), where the labeling of the over-expressed protein was used 
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as a proxy for whole-cell protein labeling. However, these approaches have significant 

disadvantages and limitations. Importantly, incomplete separation of cells or proteins 

results in inaccurate flux results (Ruhl et al., 2011). Additionally, fluorescence-

assisted cell sorting is a rather slow separation technique, which makes it impractical 

for routine use in 13C-MFA, while methods based on an over-expressed reporter 

protein are limited to organisms with well-developed genetic tools. In addition, these 

approaches require a large sample size and estimate fluxes that do not reflect native 

metabolism of cells, but instead an altered metabolic state reflective of high protein 

overexpression. It is therefore desirable to develop a new methodology for 13C-MFA 

of co-cultures that overcomes these limitations. 

In this Chapter, I develop a novel framework for co-culture 13C-MFA that 

accomplishes these objectives. The approach does not require any physical separation 

of cells or proteins. Instead, I show that isotopic labeling of total biomass in a co-

culture contains enough information to resolve not only species-specific fluxes with 

high precision, but also determine inter-species metabolite exchange and population 

dynamics. An important insight gained from this work is that judicious selection of 

isotopic tracers is extremely important for flux estimation in co-culture systems. I 

show that several commonly used tracers for 13C-MFA are not suited for flux 

elucidation in co-cultures; instead, other more appropriate isotopic tracers are 

proposed.  
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2.2  Methods 

2.2.1 Materials 

Media and chemicals were purchased from Sigma-Aldrich (St. Louis, MO). 

[1,2-13C]glucose (99.5 atom% 13C) was purchased from Sigma-Aldrich Isotec (St. 

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

2.2.2 Strain and growth conditions 

Two E. coli knockout strains from the Keio Knockout Collection were used in 

this study, ȹpgi and ȹzwf. The strains were purchased from GE Life 

Sciences/Dharmacon (Pittsburgh, PA). The co-culture experiment was performed 

under aerobic growth conditions at 37°C in a mini-bioreactor with a working volume 

of 10 mL, as described previously (Crown et al., 2015). The two E. coli knockout 

strains were first pre-cultured individually until mid-exponential growth phase in M9 

minimal medium with unlabeled glucose (OD600 = 0.47 for ȹpgi, and OD600 = 1.24 for 

ȹzwf). Next, 10 mL of M9 minimal medium containing 1.6 g/L of [1,2-13C]glucose 

was inoculated with 0.7 mL of the ȹpgi pre-culture and 15 mL of the ȹzwf pre-culture. 

The ratio of ȹpgi biomass to ȹzwf biomass was about 18:1. After 8.5 hrs of co-culture, 

cells were harvested by centrifugation for subsequent GC-MS analysis.  

2.2.3 Analytical methods 

Cell growth was monitored by measuring the optical density at 600nm 

(OD600) using a spectrophotometer (Eppendorf BioPhotometer). The OD600 values 

were converted to cell dry weight concentrations using a pre-determined OD600-dry 

cell weight relationship for E. coli (1.0 OD600 = 0.32 gDW/L). Glucose concentration 

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

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

with a DB-5MS capillary column (30 m, 0.25 mm i.d., 0.25 µm-phase thickness; 

Agilent J&W Scientific), connected to an Agilent 5977A Mass Spectrometer operating 

under ionization by electron impact (EI) at 70 eV. GC-MS analysis of tert-

butyldimethylsilyl (TBDMS) derivatized proteinogenic amino acids was performed as 

described previously (Antoniewicz et al., 2007b) (Table B.3). Labeling of glucose in 

the medium was confirmed by GC-MS analysis of the aldonitrile pentapropionate 

derivative of glucose (Antoniewicz et al., 2011). Mass isotopomer distributions were 

obtained by integration and corrected for natural isotope abundances (Fernandez et al., 

1996). 

2.2.5 Nomenclature 

The theoretical aspects of 13C-MFA are presented here using the elementary 

metabolite unit basis vectors (EMU-BV) as variables, see Crown and Antoniewicz for 

details about EMU-BV framework (Crown and Antoniewicz, 2012). In short, an EMU 

is defined as a specific subset of a given compoundôs atoms (Antoniewicz et al., 

2007a), and an EMU-BV is a unique way of assembling substrate EMUs to form the 

measured metabolite (Crown et al., 2012). A subscript notation is used to denote 

atoms present in an EMU. For example, A234 indicates that the EMU is comprised of 

atoms 2, 3, and 4 of metabolite A. The subscript notation is also used to refer to 

metabolites from a specific population of a co-culture system. For example, for a co-

culture composed of species #1 and species #2, Aspecies#1 refers to metabolite A in 

species #1. The MID is a vector that contains fractional abundances of the mass 
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isotopomers of a given metabolite. A convolution (or Cauchy product) describes the 

condensation of two EMUôs and is denoted by ñĬò (Antoniewicz et al., 2007a). 

2.2.6 EMU decomposition of networks 

EMU decomposition of metabolic network models was conducted using the 

Metran software, which is based on the EMU framework (Yoo et al., 2008). The 

resulting EMU networks were decoupled into separate and smaller sub-networks using 

the technique described by Young et al., (2008), and further simplified using the 

technique described by Antoniewicz et al., (2007).  

2.2.7 Simulation of isotopic labeling data 

Isotopic labeling data in the example models were simulated using the Metran 

software. All of the simulated mass isotopomer distributions (MIDs) are provided in 

Table B.1. 

2.2.8 Metabolic flux analysis  

13C-MFA was performed using the Metran software (Yoo et al., 2004), which 

is based on the elementary metabolite units (EMU) framework (Antoniewicz et al., 

2007b; Young et al., 2008). The E. coli network model used for flux calculations was 

described previously by Leighty and Antoniewicz (Leighty and Antoniewicz, 2013), 

and is given in Table B.4. The model includes all major metabolic pathways of central 

carbon metabolism, lumped amino acid biosynthesis pathways, and a lumped reaction 

for cell growth. In addition, the model accounts for the exchange of intracellular and 

atmospheric CO2 (Leighty and Antoniewicz, 2012), and G-value parameters to 

describe fractional labeling of amino acids. As described previously (Antoniewicz et 

al., 2007c), the G-value represents the fraction of a metabolite produced from labeled 
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glucose, while 1-G represents the fraction that is naturally labeled from the inoculum. 

By default, one G-value parameter was included for each measured amino acid.  

Reversible reactions were modeled as separate forward and backward fluxes. Net and 

exchange fluxes were calculated as follows: vnet = vf-vb; vexch = min(vf, vb). Exchange 

fluxes were then scaled to 0-100% as follows: vexch [0-100%] = vexch / (|vnet| + vexch) × 

100%.  

For 13C-MFA of co-cultures, the model consisted of two compartments, each 

representing a separate species, and an additional f1-parameter that describes the 

fraction of species #1 in the co-culture (see text for further details). Flux estimation 

was repeated at least ten times starting with random initial values for all fluxes to find 

a global solution. At convergence, 68% and 95% confidence intervals for all fluxes 

were computed for all estimated fluxes by evaluating the sensitivity of the minimized 

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

2.2.9 Goodness-of-fit analysis 

To determine the goodness-of-fit, 13C-MFA fitting results were subjected to a 

c2-statistical test. In short, assuming the network model is correct and data are without 

gross measurement errors, the minimized SSR is a stochastic variable with a c2-

distribution. 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 between c2
Ŭ/2(n-p) and c2

1-Ŭ/2(n-p), where Ŭ is a 

certain chosen threshold value, for example 0.05 for 95% confidence interval. Models 

that produced SSR values above the threshold were considered statistically not 

acceptable.  
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2.3 Results and Discussion 

2.3.1 13C-Metabolic flux analysis in a simple co-culture system  

To illustrate the approach for 13C-flux analysis of co-cultures, we will first use 

a simple example model to highlight the general concepts. Consider the example 

network shown in Figure 2.1. In this system, metabolite A is the substrate and 

metabolites G and CO2 are the products. The system is assumed to be at metabolic and 

isotopic steady state. For a given value of the substrate uptake rate (v1), this network 

has one remaining free flux, namely the split between the two alternative pathways at 

metabolite B branch point. The two pathways have different carbon rearrangements: in 

the reaction from B to C (v2) the first carbon atom of B is lost as CO2, whereas in the 

reaction from B to D (v3) the third carbon atom of B is lost as CO2. Flux analysis is 

easily accomplished for this system using traditional 13C-MFA, for example, when 

metabolite A is 13C-labeled at the first carbon atom and the mass isotopomer 

distribution (MID) of metabolite E, F or G is measured.  

 

Figure 2.1:   Simple example metabolic network model. Open circles denote 12C-

atoms and filled circles denote 13C-atoms. 
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Next, consider the co-culture system composed of two species shown in Figure 

2.2B. Here, both species consume the same substrate A and produce metabolites G 

and CO2. The two species also have the same underlying metabolic pathways and 

differ only in the split ratio at metabolite B branch point, where species #1 

preferentially uses the pathway from B to D, whereas species #2 preferentially uses 

the pathway from B to C. The question that we would like to answer is whether it is 

possible to determine metabolic fluxes for the two species individually using only total 

biomass labeling, i.e. without physically separating the cells. The total biomass 

labeling is the result of the proportional contributions of each populationôs internal 

labeling to the total labeling, i.e. assuming similar biomass composition for both 

species. For example, the total MID of metabolite G is the weighted sum of the MIDs 

of G from species #1 and species #2, after each is multiplied by the respective fraction 

of each species in the total cell population: 

Gtotal = f1 × Gspecies#1 + (1-f1) × Gspecies#2 

In this equation, f1 represents the fraction of species #1 in the co-culture, and 

(1-f1) is the fraction of species #2. The co-culture system in Figure 2B has three 

unknown parameters that must be estimated in order to fully characterize it, namely 

the flux split at metabolite B branch point for species #1 (v2, species#1) and species #2 

(v2, species#2), and the fraction of species #1 in the total cell population (f1). For 

simplicity, the substrate uptake rates for both species were normalized to 100. 

Therefore, to fully characterize this co-culture system at least three independent 

measurements are needed.  
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Figure 2.2:   Three metabolic network models with increasing level of complexity 

used to illustrate the general concepts of 13C-metabolic flux analysis of 

co-cultures. 
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To evaluate the feasibility of estimating species-specific fluxes from total 

biomass labeling, we simulated MIDs of Etotal, Ftotal and Gtotal for different percentages 

of species #1 and species #2 in this co-culture, using f1 = 0, 0.25, 0.50, 0.75 and 1. 

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

and species #1, respectively. First, we attempted to fit the simulated MID data to a 

mono-culture model shown in Figure 2.2A. As expected, we obtained statistically 

acceptable fits only for MID data generated from mono-cultures (i.e. when f1 = 0 or 1) 

(Figure 2.3A); MIDs generated from co-cultures (i.e. when f1 = 0.25, 0.50 or 0.75) 

could not be fit to a mono-culture model. The SSR values were significantly higher 

than the acceptable value at 95% confidence level (Figure 2.3A). This result suggests 

that total labeling of metabolites E, F and G contain enough information to identify 

that the data is not derived from a simple mono-culture system. In other words, no set 

of mono-culture fluxes can produce the co-culture MIDs. Next, we fit the data to a co-

culture model (Figure 2.2B), which consisted of two compartments, each compartment 

representing a separate species and containing the complete set of reactions, and an f1-

parameter. Using the co-culture model, we obtained statistically acceptable fits for all 

data sets. As shown in Figure 2.3B, the true flux values of v2 in both species, i.e. v2, 

species#1 = 20 and v2, species#2 = 80, were estimated with narrow confidence 95% intervals. 

Furthermore, the fraction of species #1 in the co-culture was also accurately estimated 

with narrow confidence intervals (Figure 2.3C). This result confirms that it is possible 

to measure species-specific metabolic fluxes and relative population sizes of different 

species in a co-culture from total biomass labeling data without physically separating 

cells. To further evaluate if the results were sensitive to relative population sizes of the 
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two species, the analysis was repeated with smaller and larger fractions of species #1 

(f1 = 0.1, é, 0.9). In all cases, accurate fluxes were estimated (Figure B.2, Table B.2).  

 

Figure 2.3:   Results of 13C-MFA obtained using a mono-culture model (results shown 

with black lines) and co-culture model (results shown with blue lines). 

The input for 13C-MFA were simulated MIDs of Etotal, Ftotal, and Gtotal, 

assuming the fluxes shown in Figure 2.2B, and assuming metabolite A 

was labeled at the first carbon atom. The co-culture model produced 

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

perfectly with the true flux values for both species. 

2.3.2 Theoretical aspects of 13C-metabolic flux analysis of co-cultures 

In the previous section, we demonstrated the feasibility of performing 13C-

MFA in a co-culture system using total labeling data of metabolites E, F and G 

together. We also evaluated the feasibility of performing 13C-MFA in a co-culture 

system using total labeling data of metabolites E, F and G individually. When flux 

analysis was repeated using only MID of Etotal, we obtained statistically acceptable fits 

using both the mono-culture model and the co-culture model (Figure 2.4). This result 

suggests that metabolite E does not have enough isotopic information to resolve the 

fluxes in the two species. We also found that the estimated flux v2 in the mono-culture 
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model corresponded to the population-average flux, i.e. the estimated flux v2 

decreased with increasing fraction f1 (Figure 2.4). In contrast, when using MID of 

Ftotal, only the co-culture model produced a statistically acceptable fit of the data. 

However, when inspecting the 95% confidence intervals of the estimated fluxes we 

noted that fluxes v2,species#1, v2,species#2, and f1 could not be determined independently, 

resulting in very wide 95% confidence intervals (Figure 2.4). This result suggests that 

although metabolite F does contain enough information to detect that the MID data 

was not derived from a mono-culture system, it does not contain enough information 

to estimate the three unknown fluxes independently. Finally, we fit the MID of Gtotal. 

In this case, all three fluxes in the co-culture model could be determined accurately 

and precisely (Figure 2.4).  

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

network as a linear combination of EMU-BVs (Crown and Antoniewicz, 2012): 
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Where, Ŭ1 = (v2/v1)species#1, Ŭ2 = (v2/v1)species#2. The above equations indicate that 

in the co-culture model, metabolites E, F and G have 2, 3 and 4 EMU-BVs, 
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respectively. As described previously in Crown and Antoniewicz (Crown and 

Antoniewicz, 2012), in order to estimate n independent unknown fluxes in a network 

model at least n+1 independent EMU-BVs are needed. Thus, in this system with three 

unknown fluxes at least four independent EMU-BVs are needed. Therefore, only 

metabolite G has enough EMU-BVs to make the model observable, i.e. assuming the 

EMU-BVs are independent for an appropriate choice of substrate labeling. This 

example illustrates the utility of analyzing the number of independent EMU-BVs, 

which can inform how many independent fluxes can be estimated in theory. This is 

especially important when more fluxes are added to the model, for example, inter-

species metabolite exchange fluxes as is described in the next section. 
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Figure 2.4:   Results of 13C-MFA obtained using a mono-culture model (results shown 

with black lines) and co-culture model (results shown with blue lines). 

The input for 13C-MFA was the simulated MID of Etotal (left column), 

Ftotal (middle column), or Gtotal (right column), assuming the fluxes shown 

in Figure 2B, and assuming metabolite A was labeled at the first carbon 

atom.  
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2.3.3 13C-Metabolic flux analysis in a co-culture with inter -species metabolite 

exchange 

A key characteristic of many microbial communities is inter-species metabolite 

exchange, where one species produces a product that is then taken up and metabolized 

by other species in the community. It would be highly desirable to have a method that 

can detect the presence of inter-species metabolite exchange and accurately and 

precisely determine these fluxes. To evaluate the feasibility of determining inter-

species fluxes from total biomass labeling, we extended the co-culture model to 

include inter-species exchange of metabolite F (Figure 2.2C), where species #1 

secretes metabolite F that is then taken up and further metabolized by species #2. We 

simulated total isotopic labeling of E, F and G for this extended model for different 

percentages of species #1 and species #2 in the co-culture and assuming an inter-

species metabolite flux of 15. The MID data was then fit, first using a mono-culture 

model (Figure 2.2A), then using a co-culture model without metabolite exchange 

(Figure 2.2B), and finally using a co-culture model with metabolite exchange (Figure 

2.2C). The first two models did not produce statistically acceptable fits. The SSR 

values were significantly higher than acceptable at 95% confidence level (Figure 

2.5A). This suggests that the MID data in this system contains enough information to 

statistically detect inter-species metabolite exchange or in other words, there are no set 

of fluxes in the co-culture model that can explain the MID data. Using the co-culture 

model shown in Figure 2.2C, we obtained statistically acceptable fits of all data. As 

shown in Figure 2.5, the true values of the four unknown fluxes, i.e. v2, species#1, v2, 

species#2, vexchange, and f1 were estimated with high precision. This result confirms that it 

is indeed possible to determine not only species-specific metabolic fluxes and relative 
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population sizes in co-cultures, but also inter-species metabolite exchange without 

physically separating cells. 

 

Figure 2.5:   Results of 13C-MFA obtained using a mono-culture model (results shown 

with black lines), a co-culture model (results shown with blue lines), and 

a co-culture model with metabolite exchange flux (results shown with 

green lines). The input for 13C-MFA were the simulated MIDs of Etotal, 

Ftotal, and Gtotal, assuming the fluxes shown in Figure 2.2C, and assuming 

metabolite A was labeled at the first carbon atom. Only the co-culture 

model with inter-species exchange of metabolite F produced statistically 

acceptable fits. The estimated metabolic fluxes matched perfectly with 

the true flux values. 

2.3.4 13C-Metabolic flux analysis in a simulated co-culture of two E. coli strains 

Thus far, we have demonstrated the feasibility of performing 13C-MFA in 

simple co-culture systems. Next, we extend our analysis to a realistically sized E. 

coli/E.coli co-culture system. Consider the co-culture of two E. coli species grown on 

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

phenotype: E. coli species #1 predominantly uses glycolysis to metabolize glucose, 

whereas E. coli species #2 predominantly relies on the oxidative pentose phosphate 

pathway (oxPPP). The normalized oxPPP flux for species #1 is 5 (i.e. normalized to 
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glucose uptake of 100), and the normalized oxPPP flux for species #2 is 95. We 

simulated total biomass amino acid labeling data typically measured by GC-MS for 

13C-flux analysis (Au et al., 2014) for this co-culture for different percentages of 

species #1 and species #2, and for four different isotopic tracers: [1-13C]glucose, [1,2-

13C]glucose, 20% [U-13C]glucose, and a mixture of 75% [1-13C]glucose + 25% [U-

13C]glucose. For simplicity, we assumed identical biomass composition for the two E. 

coli species. In practice, this assumption can be easily validated using the methods 

described by Long and Antoniewicz (Long and Antoniewicz, 2014).   

The simulated MID data was then analyzed, first using a mono-culture model 

and then a co-culture model. The results are summarized in Figure 2.6. For the tracers 

20% [U-13C]glucose and 75% [1-13C]glucose + 25% [U-13C]glucose, the mono-culture 

model produced statistically acceptable fits of all simulated data, thus suggesting that 

these two tracers are not appropriate for flux studies of co-cultures. When inspecting 

the estimated fluxes, we observed that for 20% [U-13C]glucose only upper and lower 

bounds could be determined for the oxPPP flux, while for 75% [1-13C]glucose + 25% 

[U-13C]glucose the estimated oxPPP flux corresponded to the population-average 

oxPPP flux, i.e. the estimated oxPPP flux decreased with increasing fraction f1 (Figure 

2.6).  
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Figure 2.6:   Results of 13C-MFA for a simulated E. coli/E. coli co-culture, obtained 

using a mono-culture model (results shown with black lines) and a co-

culture model (results shown with blue lines). The input for 13C-MFA 

consisted of simulated MIDs of total biomass amino acids. Four different 

choices of glucose labeling were evaluated. Overall, [1,2-13C]glucose 

was the best tracer for 13C-flux analysis of the E. coli/E. coli co-culture. 

In contrast, for the other two tracers, [1-13C]glucose and [1,2-13C]glucose, the 

mono-culture model did not produce statistically acceptable fits of the data. To obtain 

statistically acceptable fits it was necessary to use the co-culture model. For both 

tracers, the estimated oxPPP fluxes of the two E. coli species matched well with the 

true values, i.e. voxPPP,species#1 = 5 and voxPPP,species#2 = 95. In addition, the estimated 
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fraction f1 matched well with the true fraction of E. coli species #1 in the co-culture. 

Overall, [1,2-13C]glucose produced more precise flux results than [1-13C]glucose; thus, 

we concluded that [1,2-13C]glucose is a better tracer choice for 13C-MFA studies of E. 

coli co-cultures.  

2.3.5 13C-Metabolic flux analysis in a co-culture of two E. coli knockout strains 

In this section, we extend our analysis to a co-culture system of two E. coli 

knockout strains in order to demonstrate the accuracy and feasibility of our 

methodology using experimental data. Specifically, we investigated the co-culture of 

ȹpgi (knockout of upper glycolysis) and ȹzwf (knockout of oxidative pentose 

phosphate pathway). The two E. coli knockout strains were pre-cultured individually 

on unlabeled glucose. Next, a co-culture was inoculated and cells were grown in the 

presence of [1,2-13C]glucose, the tracer that was found to be optimal in the previous 

section. During mid-exponential growth phase of the co-culture, a biomass sample was 

collected and labeling of total biomass amino acids was measured using GC-MS. The 

labeling data was then analyzed, first using a mono-culture model and then a co-

culture model. The co-culture model consisted of two identical compartmentalized E. 

coli models, each containing the complete set of reactions of the mono-culture model, 

and an f1 parameter that estimates the fraction of species #1 in the co-culture 

(procedure summarized in Figure B.1). 

The flux analysis results are summarized in Figure 2.7. The mono-culture 

model did not yield a statistically acceptable fit of the data. The SSR value of 1161 

was much higher than the threshold value of 152 at 95% confidence level (Figure 

2.7A). In contrast, the co-culture model produced an acceptable fit with an SSR value 

of 95, which was below the threshold value of 133 at 95% confidence level. The 
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estimated pgi and zwf fluxes for the two strains matched well with the expected values 

for these two organisms (Figure 2.7B). The pgi flux of species #1, normalized to a 

glucose uptake flux of 100, was estimated to be 5 ± 4 (i.e. this is the ȹpgi strain), 

while the zwf flux of species #2 was estimated to be 1 ± 1 (i.e. this is the ȹzwf strain). 

The estimated fraction of species #1 in the co-culture was 17% ± 2%. The small 

fraction of the ȹpgi strain in the co-culture was expected, given that ȹzwf has a 

significantly higher growth rate (0.59 h-1) than ȹpgi (0.18 h-1) in mono-culture.  

To our knowledge, this is the first time that species-specific intracellular 

metabolic fluxes have been estimated accurately and precisely in a co-culture without 

separation of cells or proteins. These results demonstrate the utility of our 

methodology and pave the way for future studies of co-cultures.  
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Figure 2.7:   Results of 13C-MFA for the co-culture system of two E. coli knockouts 

(ȹpgi and ȹzwf) cultured on [1,2-13C]glucose. (A) Minimized SSR values 

for best fits obtained using a mono-culture model and co-culture model, 

along with threshold SSR values at 95% confidence level. (B) Estimated 

species-specific metabolic fluxes for E. coli species #1 (ȹpgi) and species 

#2 (ȹzwf), obtained using the co-culture model. 
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2.4 Conclusion  

13C-Metabolic flux analysis is an important tool in metabolic engineering. 

Although mono-culture 13C-MFA has been applied extensively over the past two 

decades, to our knowledge, there have been only a handful of studies attempting to 

conduct co-culture 13C-MFA. In this work, we present a novel framework for 

performing 13C-MFA of co-cultures that offers significant advantages over previous 

approaches. In previous approaches, genetic engineering of strains was necessary and 

physical separation of cells or proteins was also required to measure species-specific 

isotopic labeling. In our approach these requirements are eliminated. Instead, in our 

approach total biomass labeling is used for flux elucidation. This not only simplifies 

experimental and analytical procedures for co-culture flux analysis, but also improves 

accuracy, and allows flux elucidation in systems where physical separation of cells or 

proteins is difficult, e.g. in co-cultures where cells have similar physical and/or 

proteome characteristics. In addition to quantifying species-specific metabolic fluxes, 

our approach estimates relative population sizes of the species in the co-culture and 

inter-species metabolite exchange. As such, it enables detailed studies of microbial 

communities including species dynamics and interactions between community 

members (Antoniewicz, 2013).  

Recently, Ghosh et al. proposed an alternative, peptide-based methodology for 

co-culture 13C-MFA (Ghosh et al., 2014). Instead of relying on amino acid labeling, it 

was proposed that 13C-labeling data of species-specific peptides could be used to 

deconvolute fluxes of individual species in a co-culture. The advantage of this 

approach would be that, in theory, it could be applied to complex co-cultures with a 

large number of species, i.e. assuming it is possible to identify and detect species-

specific peptides. A notable disadvantage is, however, that because peptides contain 
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inherently less flux information than amino acids, a large number of species-specific 

peptides is needed for this methodology, up to 30 peptides per microbial species 

(Ghosh et al., 2014). Another disadvantage is that the methodology cannot be applied 

to co-cultures containing closely related species. For example, this methodology could 

not be applied to determine species-specific fluxes in the E. coli/E. coli co-culture 

described in this work, given that both E. coli strains would produce the same 

peptides. 

Taken together, the new methodology for co-culture 13C-MFA developed here 

greatly extends the scope of 13C-MFA to include a large number of multi-cellular 

systems, which are of significant importance in biotechnology, medicine, and other 

fields (Röling et al., 2010). As a proof-of-concept, we have analyzed a co-culture of 

two distinct E. coli species and, for the first time, successfully estimated accurate 

metabolic fluxes in multiple species. The expansion of this framework and analysis of 

other co-culture systems studied will be reported in the following Chapters.  

2.5 Permission 

Adapted with permission from Gebreselassie, N.A., Antoniewicz, M.R., 2015. 

13C-Metabolic flux analysis of co-cultures: A novel approach. Metab. Eng. 31, 132ï

139. 
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COMPLETE 13C-METABOLIC FLUX ANALYSIS OF SACCHAROMYCES 

CEREVISIAE 

3.1  Introduction  

Saccharomyces cerevisiae is arguably one of the most well studied eukaryotic 

organisms. In fact, S. cerevisiae has been used as a model organism to study the 

physiology and metabolism of complex organisms such as human cells for decades 

(Mager and Winderickx, 2005; Nielsen and Jewett, 2008). As the first sequenced 

eukaryotic organism, S. cerevisiae has played a prominent role in various 

physiological studies of eukaryotic cells (Goffeau, 1997). S. cerevisiae is also widely 

used as a cell factory for product synthesis in biotechnology, especially in the food and 

beverage industry as well as in the pharmaceutical industry (Borodina and Nielsen, 

2014; Buijs et al., 2015; B. Chen et al., 2015; de Jong et al., 2014; Jin et al., 2015; 

Kocharin et al., 2013; Salvadó et al., 2016). This unique role as a model organism and 

production platform has brought about high interest in understanding S. cerevisiae 

metabolism and its underlying physiological structure. 

In the past, multiple tools have been used to gain insight into the network 

structure, pathway connectivity, and underlying mechanism of S. cerevisiae 

metabolism. Fluxomics, the quantification of in vivo metabolic fluxes in cellular 

pathways is an important aspect of physiological studies of S. cerevisiae. 13C-

metabolic flux analysis (13C-MFA) is a powerful experimental tool used to elucidate 

metabolic fluxes in microorganisms. Multiple studies have utilized 13C-MFA to study 

Chapter 3 
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S. cerevisiae metabolic physiology in the past (Table 3.1) (Blank et al., 2005; Celton 

et al., 2012; Christen and Sauer, 2011; Dos Santos et al., 2003; Fendt and Sauer, 2010; 

Feng and Zhao, 2013; Gombert et al., 2001; Jouhten et al., 2008; Moxley et al., 2009; 

Papini et al., 2012; Raghevendran et al., 2004; Wasylenko and Stephanopoulos, 2014; 

Zelle et al., 2008; Zhang et al., 2003). In 13C-MFA, the microorganism is cultured in 

the presence of an isotopically labeled substrate, i.e. the tracer. The resulting labeling 

distributions in metabolites are measured (e.g. using mass spectroscopy techniques 

such as GC-MS) and fitted to the metabolic network model of the organism. Accurate 

representation of the network model is a critical aspect of 13C-MFA. An unbiased 

starting point for 13C-MFA network model reconstruction is the genome scale model, 

which can then be curated with published studies of the biochemistry and network 

structure of pathways in the organism. The genome scale model, a stoichiometric 

model that encompasses all the reactions coded by the genome, needs to be simplified 

to the core network model for flux analysis studies. Based on validated assumptions, 

the genome scale model can thus be simplified to a smaller network model appropriate 

for 13C-MFA studies. The constructed metabolic network model can then be 

elucidated using 13C-labeling experiments. Through statistical analysis, 13C-MFA can 

be used to validate the network model and validate some of the assumptions made 

during the construction of the network model.  
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Table 3.1:      Representative sample of previous 13C-MFA studies on S. cerevisiae 

  Growth condition 

Publication Parental Stain Reactor Aeration 

Gombert et al. 2001 CEN.PK113-7D Continuous Aerobic 

Dos Santos et al. 2003 CEN.PK113-7D Chemostat Aerobic 

Zhang et al. 2003 IFO 2347 Chemostat Aerobic 

Raghevendar et al. 2004 

CEN.PK113-7D, 

CEN.PK 514.2B, T475, 

T468, CEN.PK.513-3A, 

CEN.PK.520-6B 

Batch Anaerobic 

Blank et al. 2005 CEN.PK112-7D Batch "Aerobic" 

Zelle et al. 2008 CEN.PK113-7D Batch 
oxygen 

limited 

Jouhten et al. 2008 CEN.PK113-1A Chemostat Aerobic 

Moxley et al. 2009 S288C MAT,A 
Chemostat, 

batch 
Aerobic 

Fendt et al. 2010 FY4 Batch Aerobic 

Christen et al. 2011 FYF Mata-wt Batch Aerobic 

Celton et al. 20012 59A Batch Aerobic 

Papini et al. 2012 CEN.PK113-7D Chemostat Aerobic 

Feng et al. 2013 
CF1, CF3, CF9, CS1, 

CS5, CS10 
Batch 

Oxygen 

limited 

Wasylenko et al. 2014 H131-A3-AL Batch 
Aerobic and 

Anaerobic 

 

The network model of central carbon metabolic pathways is the foundation of 

13C-MFA studies. These pathways of S. cerevisiae are amongst the most well 

understood in eukaryotic organisms (Nissen et al., 1997). Moreover, multiple 

iterations of genome scale models have been published since the first S. cerevisiae 

genome scale model was published more than a decade ago (Förster et al., 2003). 

Despite these extensive studies of S. cerevisiae metabolism and multiple iterations of 
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genome scale network model reconstructions, to our knowledge, a validated and 

comprehensive 13C-MFA network model for S. cerevisiae is still lacking. Most S. 

cerevisiae 13C-MFA studies published since the works by Maaheimo et al. and 

Gombert et al. in 2001, are neither consistent and complete (present a complete central 

metabolic and amino acid biosynthesis pathway) nor extensively validated (Table C.1 

summarizes the previously published models). In addition, the compartmentalization 

of metabolic pathways in S. cerevisiae introduces a layer of network complexity and 

additional source of inconsistency between previous published network models, 

resulting in ambiguous labeling data interpretations. Therefore, there is a clear need 

for a comprehensive and validated 13C-MFA network model to guide consistency for 

future labeling studies in S. cerevisiae. 

In this work, we address these challenges by reconstructing and validating a 

compartmentalized 13C-MFA network model for S. cerevisiae under glucose growth 

conditions. The reconstructed network model was validated through COMPLETE-

MFA using parallel labeling experiments of all singly labeled glucose tracers (Leighty 

and Antoniewicz, 2013). Using this validated network model, we were able to get a 

statistically acceptable fit of proteinogenic amino acid labeling data generated from 

the six singly labeled glucose tracer experiments individually and together.  

3.2 Methods 

3.2.1 Strain and growth conditions 

The S. cerevisiae CEN.PK133-7D was obtained from Dr. Peter Kotter 

(University of Frankfurt, Germany). The tracer experiments were performed in mini-

bioreactors with a working volume of 5 mL at 30 oC and YNB minimal medium. The 
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initial OD600 was about 0.01 and cells were harvested through centrifugation for 

further GC-MS analysis at an OD600 of 1.5. The initial glucose concentration was 40 

mM. Cells were culture under fully aerobic condition with an airflow of 11 mL/min to 

each mini-bioreactor. 

3.2.2 Analytical methods 

Cell growth was monitored by measuring the optical density at 600 nm (OD600) 

using spectrophotometer (Eppendorf BioPhotometer). Glucose concentration was 

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

3.2.3 EMU decomposition of networks 

EMU decomposition of metabolic network models was conducted using the 

Metran software, which is based on EMU framework (Yoo et al., 2008). The resulting 

EMU networks were decoupled into separate and smaller sub-networks using the 

technique described by (Young et al., 2008), and further simplified using the technique 

described by (Antoniewicz et al., 2007a).  

3.2.4 13C-Metabolic flux analysis 

13C-MFA was performed using the Metran software (Yoo et al., 2008), which 

is based on the elementary metabolite units (EMU) framework (Antoniewicz et al., 

2007b; Young et al., 2008). The S. cerevisiae model reconstruction is described in the 

text and is mainly a simplified version of the genome scale model (Osterlund et al., 

2012). The model includes compartmentalized central carbon metabolic pathways, 

lumped amino acid biosynthesis pathways, and a lumped cell growth (biomass) 

reaction. In addition the model accounts for the exchange of intracellular and 

atmospheric CO2 (Leighty and Antoniewicz, 2012), and G-value parameters to 
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describe the fractional labeling of amino acids. As described previously (Antoniewicz 

et al., 2007c), the G-value represents the fraction of a metabolite produced from 

labeled glucose, while 1- G represents the fraction that is unlabeled from the 

inoculum. By default, one G-value parameter was included for each measured amino 

acid. Reversible reactions were modeled as separate forward and backward fluxes. Net 

and exchange fluxes were calculated as follows: vnet = vf-vb; vexch = min(vf, vb). 

Exchange fluxes were then scaled to 0-100% as follows: vexch [0-100%] = vexch / (|vnet| + 

vexch) × 100%. 

Flux estimation was repeated at least ten times starting with random initial 

values for all fluxes to find a global solution. We required that the same solution was 

found at least three times starting with random initial values before the solution was 

declared a global solution. At convergence, 68% and 95% confidence intervals for all 

fluxes were computed for all estimated fluxes by evaluating the sensitivity of the 

minimized SSR to flux variations (Antoniewicz et al., 2006).  

3.2.5 Goodness-of-fit analysis 

To determine the goodness-of-fit, 13C-MFA fitting results were subjected to a 

c2-statistical test. In short, assuming the network model is correct and data are without 

gross measurement errors, the minimized SSR is a stochastic variable with a c2-

distribution. 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 between c2
Ŭ/2(n-p) and c2

1-Ŭ/2(n-p), where Ŭ is a 

certain chosen threshold value, for example 0.05 for 95% confidence interval. Models 

that produced SSR values above the threshold were considered statistically not 

acceptable.  
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3.3 Results 

3.3.1 Network model construction for 13C-MFA  

The 13C-MFA network model of S. cerevisiae is constructed by using the 

genome scale model as the starting point. The network model is then curated using 

published biochemical reaction data and other labeling studies. The genome scale 

model is reduced to a simplified model by: i) lumping parallel reactions or reactions 

catalyzed by isoenzymes, ii) combining multi-step non-bifurcated linear pathways into 

one step reaction, and iii) combining biomass producing reactions into one reaction 

that draws precursor metabolites from the central carbon metabolism (Zamboni et al., 

2009). Thus, the complete 13C-MFA network model includes all central carbon 

metabolic pathways, lumped amino acid biosynthesis pathways, and a lumped growth 

(biomass) reaction.  

3.3.2 Central carbon metabolic pathway compartmentation 

The central metabolic pathways of S. cerevisiae are comprised of the 

glycolytic pathway, the pentose phosphate pathway, the TCA cycle, the glyoxylate 

shunt, and gluconeogenic reactions. The biochemistry and atom transition for 

reactions in these pathways have been well studied and documented in textbooks. 

Unlike bacterial systems, eukaryotic organisms like S. cerevisiae, have subcellular 

organelles that results in compartmentalization of metabolic pathways. The 

compartmentalization of metabolic pathway plays an important role for the 

organization of cellular metabolism (Zecchin et al., 2015). It enables for temporal and 

spatial control of cellular environment, containment of toxic intermediates, and spatial 

separation of offsetting metabolic activity (i.e. futile cycles) and differential regulation 

of certain metabolic activities (Antonenkov et al., 2010; Avalos et al., 2013; van 
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Roermund et al., 2004). Compartmentalization of metabolic activities therefore plays 

an important role in cellular function. 

However, compartmentalization of metabolic reactions brings about challenges 

in the study and analysis of metabolic network structure and activity. Despite various 

studies on subcellular location of pathways and reactions in S. cerevisiae, the location 

of certain enzyme activities remains unclear. For example, it has been shown that 

malate synthase could be located in either/both the cytosol and peroxisome (Chen et 

al., 2012; Kunze et al., 2002). The compartmentalization of metabolic reactions has 

resulted in inconsistencies in modeling assumptions and hence interpretation of 

labeling data in previous studies. While some studies take into account the 

compartmentalization of pathways, others lump pathways that exists in different 

compartments in to one (Zhang et al., 2003). Analysis of compartmentalized metabolic 

activity through lumped reactions could lead to a misleading interpretation of the 

actual metabolic state. Other studies have found that compartmentalization of 

metabolites is essential for fitting the labeling data (Gombert et al., 2001). Moreover, 

in 13C-MFA, the compartmentalization of metabolites is only meaningful when inter-

compartmental metabolite exchange is accurately depicted, and when amino acid 

biosynthetic pathway precursors come from the right compartments. During flux 

analysis, compartmentalization of a network model introduces new free fluxes without 

new measurements. Nevertheless, since most metabolites and reducing equivalents do 

not freely cross intracellular membranes, accounting for the cost of transmembrane 

transport in the model could introduce substantial constraints in the analysis of 

compartmentalized network models.  
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The presence of cellular compartments along with restricted transport of 

metabolites between organelles results in different pools of metabolites. These 

separate metabolite pools are important to account for in 13C-MFA. For instance, the 

TCA cycle is a mitochondrial pathway while the glyoxylate shunt is localized in the 

peroxisome and cytoplasm. For a given tracer, the labeling of a metabolite that 

participates in the TCA cycle and glyoxylate shunt will be different due to differences 

in atom transition between the two pathways. Since these two pathways are localized 

in different compartments, depending on its location, a metabolite that is in both the 

TCA cycle and glyoxylate shunt will have different labeling. Therefore, we accounted 

in our model for the compartmentalization of reactions, including 

compartmentalization of amino acid biosynthetic pathways.  

While accounting for the compartmentalization of pathways are important, all 

reactions in every organelle inside the cell cannot be accounted for in a 13C-MFA 

model. In some circumstances, the labeling data from a 13C-MFA study cannot resolve 

fluxes in all cellular compartments. Therefore, justifiable assumptions need to be made 

to simplify the network model to only account for compartments that are important in 

order to capture the metabolic activity of the organism. For instance, multiple studies 

have showed that S. cerevisiae, cultured in minimal medium without carnitine 

supplement, cannot transport AcCoA across subcellular organelles (Chen et al., 2012; 

van Roermund et al., 1999). Additionally, it has been reported that the glyoxylate 

shunt is inactive under glucose growth conditions. Without any major flux through the 

peroxisomal compartment (either through AcCoA or glyoxylate shunt), 13C-MFA 

labeling data would not be able to resolve peroxisomal fluxes. Therefore, we decided 

to lump the reactions in the peroxisomal compartment with the reactions in the 
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cytoplasmic compartment. This assumption will only be valid when S. cerevisiae is 

cultured in aerobic batch culture and high glucose condition where the glyoxylate 

shunt is known to be repressed.  

3.3.2.1 Inter -compartmental metabolite transport 

As discussed earlier, an important constrain in compartmentalized 13C-MFA is 

the lack of free metabolite transport between compartments. The transport ï or lack 

thereof ï of metabolites across the mitochondrial membrane has been the focus of 

many investigations (Palmieri et al., 2006). Transport across membranes is carried out 

by a specific family of proteins in an antiport or symport manner, requiring the co-

transport of other metabolites. For instance, the transport of succinate and malate 

across the mitochondrial membrane is carried out by the dicarboxylate carrier (DIC) in 

exchange for inorganic phosphate. The transfer of the phosphate back to the 

mitochondrial matrix requires the co-transport of a proton at the expense of the proton 

motive force. This process is assumed to be irreversible since the reverse transport of 

succinate and malate out of the mitochondrial matrix would result in the net transfer of 

a proton against the membrane proton gradient, i.e. generating energy would be highly 

unlikely (Palmieri et al., 2006, 1999b).  

In addition, using the same reasoning, transport of oxaloacetate and glutamate 

are both considered irreversible in the network model since it results in the net co-

transport of a proton at the expense of the proton motive force (Cavero et al., 2003; 

Fiermonte et al., 2002; Maaheimo et al., 2001; Palmieri et al., 2006, 1999a). Similarly, 

the glutamate/aspartate shuttle is modeled as irreversible transport since it transports 

negatively charged mitochondrial aspartate for cytosolic glutamate resulting in the net 
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transfer of H+ into the mitochondrial matrix at the expense of the proton motive force 

(Cavero et al., 2003; Palmieri et al., 2006).  

In addition to the transporters mentioned above, our model also includes an 

irreversible pyruvate transporter, reversible isocitrate/citrate, Ŭ-ketoglutarate/malate, 

succinate/fumarate, and citrate/Ŭ-ketoglutarate shuttles as well as reversible acetate, 

acetaldehyde, and ethanol transporters (Herzig et al., 2012; Österlund et al., 2013; 

Palmieri et al., 2006). Moreover, the malate/citrate shuttle was omitted from the 

network model. The gene YBR291C which is assigned to malate/citrate shuttle in the 

genome scale model is identified as a citrate transporter. Although homology suggests 

that this transporter could also be a malate/citrate shuttle as previously observed in 

mammalian cells, there is no experimental evidence for the presence of malate/citrate 

transporter in S. cerevisiae (Kaplan et al., 1995; Österlund et al., 2013).  

3.3.2.2 Reaction reversibility and reaction localization 

Despite numerous studies regarding the localization of enzymes, we lack a 

complete understanding on the location and reversibility of all enzymes in central 

carbon metabolic pathways. Therefore, we have made assumptions as to how we 

model the existence and reversibility of some enzymes in S. cerevisiae under glucose 

growth. For example, gluconeogenesis enzymes such as PEP carboxylase were 

excluded from the our model since proteomic and transcriptomic data reported in the 

past shows that these enzymes are unexpressed/inactive under growth on glucose (De 

Jong-Gubbels et al., 1995; Gancedo and Schwerzmann, 1976; Kolkman et al., 2005; 

Proft et al., 1995). Additionally, the citrate aconitase enzyme responsible for the 

conversion of citrate to isocitrate is assumed to be localized only in the mitochondria. 

This enzyme is encoded by a single nuclear gene ACO1, and no isoenzyme has been 
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identified yet (Gangloff et al., 1990). Therefore, it is assumed that the single nuclear 

gene will only have a tag to localize the enzyme to one organelle.  

As mentioned earlier, compartmentalization of cellular activity not only results 

in different pools of metabolites, but would also require balancing of reducing 

equivalents/cofactors such as NAD+/NADH and NADP+/NAHD in all compartments 

due to the lack of mechanisms for transport of cofactors across membranes. These 

reducing equivalents have been shown to indirectly transport across the mitochondrial 

membrane by coupling with other metabolite transport shuttles. For example, the 

malate-aspartate made up of glutamate-aspartate and malate-Ŭ-ketoglutarate 

transporters results in the net exchange of cytosolic NADH for mitochondrial NAD+. 

However, not all NAD+/NADP+ dependent reversible reactions can serve as 

transporters of reducing equivalents. Knockouts of major cytosolic NADPH synthesis 

pathways such as the oxidative pentose phosphate pathway, NADP+ specific cytosolic 

isocitrate dehydrogenase, or acetaldehyde dehydrogenase gave rise to growth defects 

as a result of lower levels of cytosolic NADPH. In the meantime, the level of 

mitochondrial NADP+/NADPH ratio remained the same (Castegna et al., 2010; 

Grabowska and Chelstowska, 2003; Minard and McAlister-Henn, 2005, 2001). This 

suggests that the NADP+/NADPH ratios in different compartments are largely 

independent, and that it is balanced within each compartment. This suggests that the 

reversibility of NADP+ specific reactions that happen in both the cytosol and 

mitochondria donôt play a role in balancing and equilibrating redox cofactors across 

the membrane. In our model, we modeled both cytosolic and mitochondrial NADP+ 

specific acetaldehyde and isocitrate dehydrogenases as irreversible reactions. 
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It is important to note that some of the assumptions discussed in constructing 

the network model are only valid for S. cerevisiae grown on glucose. For instance, the 

13C-MFA network model would be different for S. cerevisiae growth on C2-carbon 

sources such as acetate. In such a case, the glycoxylate shunt would become the 

prominent pathway and it would be important to account for peroxisomal 

compartmentalization. For example, during growth on acetate, AcCoA is synthesized 

in the cytosol and peroxisome from acetate, while it is synthesized from pyruvate in 

the mitochondria. Under such growth, since the AcCoA labeling from acetate would 

be different from that of pyruvate for certain acetate tracers, AcCoA will have 

different isotopic labeling in different compartments, in which case peroxisomal 

compartment would be necessary to include in the model. A summary of the major 

assumptions made while constructing the S. cerevisiae 13C-MFA network model for 

glucose growth is listed in Table C.2.  

3.3.3 Amino acid biosynthetic pathway and biomass composition  

Similar to the central carbon metabolic pathways, the amino acid biosynthetic 

pathways of S. cerevisiae are well studied. The lumped amino acid biosynthetic 

pathways were constructed based on the genome scale model reported by (Österlund 

et al., 2013). The compartmental locations of precursors for the amino acid 

biosynthesis were carefully represented in the network model to accurately account for 

potential differences among the different metabolite pools.  

The lumped biomass formation reaction was finally constructed based on 

previously reported biomass composition of S. cerevisiae. The total protein, lipid 

carbohydrate, and RNA content of biomass was taken from Gombert et al. 2003, while 

the amino acid and fatty acid makeup of proteins and lipids in biomass were taken 
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from Forster et al 3003 and Hunter et al. 1972, respectively (Förster et al., 2003; 

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

3.3.4 13C-tracer experiment and metabolic flux analysis 

After the construction of the 13C-MFA network model (Table C.3), tracer 

experiments were conducted using all singly labeled glucose tracers. The average 

carbon labeling of biomass amino acid fragments is plotted for each fragment and 

tracer to better understand the structure of the network model and flow of carbon from 

glucose to amino acids. Since glucose is the only carbon source, the sum of the 

average carbon labeling for each fragment from the six tracers is expected to be ~99% 

(i.e. the isotopic purity of the tracers). However, the sum for some fragments such as 

Thr-376 was as low as 96% (Figure 3.1). This 3% carbon dilution was previously 

explained by incorporation of unlabeled atmospheric CO2
 from the inlet gas to central 

carbon metabolic pathways (Leighty and Antoniewicz, 2012).  
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Figure 3.1:    Average 13C-labeling of amino acids for [1-13C]gluc, [2-13C]gluc, [3-
13C]gluc, [4-13C]gluc, [5-13C]gluc, and [6-13C]gluc tracer experiments on 

S. cerevisiae in minimal medium.  

Table 3.2:     SSR results for flux fits. The minimized SSR results along with the 95% 

acceptable fit limit for all tracer experiments is shown above 

Glucose 

Tracer 
[1-13C] [2-13C] [3-13C] [4-13C] [5-13C] [6-13C] 

SSR 22.1 25.0 24.1 53.2 45.1 35.6 

Acceptable 

SSR 
84.6 78.5 75.9 82.9 76.8 77.7 

       

Glucose 

Tracer 
[1,2-13C] 

COMPLETE-

MFA 
    

SSR 78.4 308.5     

Acceptable 

SSR 
75.1 635.2     
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13C-MFA was performed for seven tracer experiments, i.e. all six singly 

labeled glucose tracers and [1,2-13C]glucose tracer experiment, individually and in 

parallel (COMPLETE-MFA) (Leighty and Antoniewicz, 2013). The minimized SSR 

values for all the experiments were below the statistically acceptable threshold (Table 

3.2). To our knowledge this is the first time multiple set of data sets were incorporated 

to successfully perform compartmentalized 13C-MFA for S. cerevisiae. The flux results 

for the parallel fits are shown in Table C.4. The flux distribution results for the parallel 

fits show a high glycolytic flux compared to the oxidative pentose phosphate pathway 

flux, and most of the glycolytic flux is routed to ethanol production.  There was no 

significant flux through the glyoxylate shunt and the TCA cycle (Figure 3.2). These 

results are consistent with previously obtained fluxes where S. cerevisiae was shown 

to exhibits a órespirofermentativeô phenotype that results in the production of a 

fermentative product (ethanol) under aerobic, glucose excess conditions (Christen and 

Sauer, 2011; Jouhten et al., 2008). In addition, it is important to note that 

mitochondrial transport fluxes were estimated with narrow confidence intervals.  
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Figure 3.2.   Metabolic flux distribution of S. cerevisiae batch growth under aerobic 

conditions. 
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3.4 Conclusion 

Despite numerous studies of metabolism of S. cerevisiae through flux analysis, 

a reliable and validated 13C-MFA network model was still lacking. To guide 

consistency and accuracy of labeling data analysis for S. cerevisiae flux analysis 

studies, in this work we validated a comprehensive 13C-MFA network model. All 

assumptions made during the construction of network model are supported by 

literature data. The final model was validated with COMPETE-MFA. A statistically 

acceptable fit was obtained for all the individual and parallel tracer experiments. This 

validated model will be a valuable tool for future 13C-MFA studies of S. cerevisiae. 

The network model constructed in this Chapter was used for analysis of an E. coli ï S. 

cerevisiae co-culture system presented in the next Chapter.  

3.5 Author Contributions  

The parallel labeling experiments were conducted by Vince Lazor, a former 

member of the Antoniewicz group. Network reconstruction and flux analysis were 

performed by Nikodimos Gebreselassie. 
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INTRACELLULAR AND EXT RACELLULAR FLUX CHARACTERIZATION  

OF AN E. COLI ï S. CEREVISAIE CO-CULTURE SYSTEM 

4.1 Introduction  

Microorganisms have played an important role in the manufacturing of various 

biochemical products for decades (Keasling, 2010; Nielsen and Keasling, 2016). 

Recent advances in systems level molecular biology and synthetic biology tools have 

broadened the scope of molecules that can be synthesized with microorganisms (Lee 

and Na, 2013; Nielsen and Keasling, 2011; Yadav et al., 2012).  

However, despite our ability to assemble the machineries needed to synthesize 

many of these complex molecules, challenges remain in achieving yields that are high 

enough to advance to commercialization. Two of the main challenges in the 

biosynthesis of complex molecules are:  

i) the need for optimized sub-environments and complex machineries for 

some pathways/reactions in the process (e.g. pH, reducing/oxidizing 

environments, substrate concentrations)  

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

heterologous enzymes in a single organism (Zhou et al., 2015)  

Natural systems overcome these challenges through subcellular compartments 

and multi-microorganism interaction/division of labor. Through compartmentalization 

of metabolic reactions or pathways, microorganisms spatially separate processes into 

subcellular spaces with different environments which can be optimal for particular 

Chapter 4 



 58 

enzymes or reactions (e.g. alkaline pH in peroxisome to increase catalase activity, high 

CO2 concentrations in carboxysome of cyanobacteria to reduce photorespiration and 

increase carbon fixation) (Mangan et al., 2016; Zecchin et al., 2015). Additionally, 

metabolite exchanges and division of labor is the basis for the optimal functioning of 

naturally existing microbial consortia (Brenner et al., 2008).  

Several recent studies have taken advantage of the unique properties of multi-

microorganism systems for the biosynthesis of complex molecules (Camacho-

Zaragoza et al., 2016; Jones et al., 2016; Taniguchi et al., 1997). Specifically, co-

culture systems have been designed to be modular, with each strain carrying a part of 

the total synthetic conversion (Bader et al., 2010; Zhang et al., 2015a; Zhang and 

Wang, 2016). In this approach, partner species can be independently optimized with 

respect to their roles, and different modules (i.e. partner strains) can be combined in 

various ways to meet a particular biosynthetic design objective. For instance, in Zhou 

et al.ôs work, a complex pathway for synthesis of taxanes, which would have been a 

significant metabolic burden to incorporate in one species, were distributed effectively 

over two modules (Zhou et al., 2015). In the first module, an E. coli strain, was 

optimized to produce taxadiene while an S. cerevisiae strain is optimized for 

oxygenation of taxadiene into the final product, oxygenated taxanes.  

Cellular physiology characterization techniques are important tools in 

elucidating the metabolism of co-cultures as well as driving engineering efforts to use 

them as cell factories. Despite the unique advantage of co-culture systems, quantitative 

physiological characterization tools to study these systems are lacking. Currently, the 

predominant technique for characterizing the metabolism of microorganisms is 13C-

metabolic flux analysis (13C-MFA). In 13C-MFA, cells are cultured in the presence of 
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an isotopically labeled substrate and the resulting labeling distributions in biomass 

components are measured and used to infer metabolic fluxes. This technique is well 

established and has been applied to diverse organisms (Au et al., 2014; Cordova and 

Antoniewicz, 2015; Leighty and Antoniewicz, 2013), but until recently this approach 

has been limited to monoculture systems.  

Here, a new method is presented that enables 13C-MFA for co-culture systems 

using conventional experimental and analytical methods, and without any additional 

separation of metabolites or species. Specifically, we apply a novel multi-scale 

modeling approach that incorporates both metabolic network model of each species 

and a reactor-level growth model to fit co-culture isotopic labeling data and 

extracellular concentration measurements iteratively. We show that co-culture flux 

analysis can be performed from the overall co-culture labeling data without any 

requirement of physical separation of cells or metabolites. We then apply this 

framework to study the physiology of a co-culture of E. coli and S. cerevisiae.  

Although this work demonstrates that measuring species-specific isotopic 

labeling is not necessary to perform co-culture flux analysis, this data is shown to be 

highly beneficial in enhancing the precision of flux estimates (Gebreselassie and 

Antoniewicz, 2015; Rühl et al., 2011; Shaikh et al., 2008). To this end, an E. coli ï S. 

cerevisiae co-culture has a distinct advantage because of the physical size difference 

between the two species. This size difference motivates the use of a simple physical 

separation technique (such as filtration) in which E. coli and S. cerevisiae cells can be 

separated for analysis. Thus, in this work, we further extend the co-culture 13C-MFA 

framework to perform flux analysis on an E. coli ï S. cerevisiae co-culture, by 

incorporating an additional step of filtration based separation of cells after the co-
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culture tracer experiment (Figure 4.1). The resulting residue and filtrate along with the 

co-culture samples are harvested for isotopic labeling measurements. The isotopic 

labeling measurements of the three samples can be incorporated in co-culture flux 

analysis to obtain highly precise flux estimates.   
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Figure 4.1     E. coli ï S. cerevisiae co-culture 13C-metabolic flux analysis layout. The 

first step in the co-culture flux analysis procedure is the co-culture tracer 

experiment where E. coli and S. cerevisiae are inoculated and cultured 

together (1). Once the tracers are incorporated in the biomass, co-culture 

samples were collected during exponential phase. Some of these co-

culture samples are used in the filtration experiment to obtain 

predominantly S. cerevisiae and E. coli cells in the residue and filtrate 

respectively (2). The 13C-labeling of metabolites in the co-culture, 

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

three samples (co-culture, residue, and filtrate) are individually and 

collectively (parallel) used to perform multi-scale co-culture flux analysis 

(Figure 4.5) (4).  
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4.2 Methods 

4.2.1 Materials 

Media and chemicals were purchased from Sigma-Aldrich (St. Louis, MO). 

[1,2-13C]glucose (99.5 atom% 13C) was purchased from Sigma-Aldrich Isotec (St. 

Louis, MO). All solutions were sterilized by filtration. All filter papers were purchased 

from Fisher Scientific. 

 

4.2.2 Strain and growth conditions 

E. coli K-12 MG1655 (ATCC cat. No. 700926, Manassas. VA) and S. 

cerevisiae CEN.PK 113-7D were used in this study. The yeast strain was obtained 

from Dr. Peter Kotter (University of Frankfurt, Germany).  

E. coli ï S. cerevisiae co-culture experiment was performed under aerobic 

conditions at 28 oC in a mini-bioreactor with a working volume of 10 ml. E. coli and S. 

cerevisiae were pre-cultured individually to mid-exponential growth (OD600 = 1.4 for 

E. coli and OD600 = 0.7) on a 4:1 (v/v) of YNB/M9 medium. The pre-cultures were 

inoculated into a 4:1 (v/v) of YNB/M9 medium containing 1.6 g/L [1,2-13C]glucose. 

For the co-culture experiment, E. coli and S. cerevisiae were inoculated at a biomass 

ratio of 1:3 respectively. After 10 h of co-culture, cells were harvested by 

centrifugation for subsequent filtration and GC-MS analysis.  

4.2.3 Filtration analysis using labeling experiment 

An E. coli ï S. cerevisiae mixed culture was obtained by first culturing both 

strains individually. E. coli was inoculated into 10 ml M9 with 2 g/L of either glucose 

or [U-13C]glucose while S. cerevisiae was inoculated into 10 ml YNB with 4 g/L of 

either glucose or [U-13C]glucose. The cultures were collected during exponential 
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growth phase (OD600 of 1.4 and 2.2 for labeled E. coli and S. cerevisiae respectively 

and OD600 of 1.77 and 2.9 for unlabeled E. coli and S. cerevisiae respectively) before 

they were combined to produce the mixed cultures. Two mixed cultures were obtained 

by combining the labeled E. coli and the unlabeled S. cerevisiae cultures and the 

unlabeled E. coli and the labeled S. cerevisiae cultures at an E. coli : S. cerevisiae 

biomass ratio of 0.9:1 and 0.83:1 respectively.  

Two duplicate mixed cultures were used to study the effectiveness of cell 

separation by five filters listed in Table 4.1. The resulting filtrate (the mixed culture 

that was not retained by the filter) and residue (the mixed culture that was retained by 

the filter) was collected to measure the 13C-labeling in the biomass amino acid. Using 

mass balance and the average labeling measurements in the mixed culture, the filtrate, 

and the residue, two parameters were obtained for each filter: fx = the percentage of E. 

coli retained by the filter (out of the total in the mixed culture); and fy = the percentage 

of S. cerevisiae retained by the filter. These two parameters were used to assess the 

effectiveness of each filter in separating the two species.  

Table 4.1:     Filter papers used for E. coli ï S. cerevisiae mixed culture filtration 

experiment 

Filter Company Material Pore Size 

#1 MAGNA Nylon 5 ɛm 

#2 Isopore TSTP 3 ɛm 

#3 Sartorius stedim Cellulose Acetate 5 ɛm 

#4 Sartorius stedim Cellulose Nitrate 5 ɛm 

#5 Micron Sep Cellulosic 5 ɛm 
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4.2.4 Analytical methods 

Cell growth was monitored by measuring the optical density at 600 nm (OD600) 

using spectrophotometer (Eppendorf BioPhotometer). The OD600 values were 

converted to cell dry weight with a predetermined relationship for E. coli (1.0 OD600 = 

0.32 gDW/L) and S. cerevisiae (1.0 OD600 = 0.23 gDW/L). Glucose concentration was 

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

concentration in the culture were periodically measured using HPLC.  

4.2.5 Gas chromatography mass spectrometry 

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

with a DB-5MS capillary column (30 m, 0.25 mm i.d., 0.25 µm-phase thickness; 

Agilent J&W Scientific), connected to an Agilent 5977A Mass Spectrometer operating 

under ionization by electron impact (EI) at 70 eV. GC-MS analysis of tert-

butyldimethylsilyl (TBDMS) derivatized proteinogenic amino acids was performed as 

described previously (Antoniewicz et al., 2007b). Mass isotopomer distributions were 

obtained by integration and corrected for natural isotope abundances (Fernandez et al., 

1996). The isotopic labeling measurements are reported in Table D.3.  

The labeling and concentration of acetate was determined by GC-MS analysis 

of TBDMS derivatized acetic acid. About 50 ɛL of sample was used for 

derivatization. A fully deuterated acetic acid was used as standard to quantify acetate 

concentrations. The injection volume for GC-MS analysis was 1 ɛL and samples were 

injected in split mode with spit ratio ranging from 1:10 to 1:40. Helium flow was 

maintained at 1 mL/min. The source temperature was maintained at 230 oC, the MS 

quad temperature at 150 oC, the interface temperature at 280 oC, and the inlet 

temperature at 200 oC. GC oven temperature was held at 105 oC for 2 minutes, 
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increased to 140 oC at 5 oC/min, and increased to 260 oC at 20 oC/min for a total run 

time of 15 minutes. The labeling and concentration of acetate was determined from 

mass isotopomer distribution at m/z 117, which contains both carbon atoms of acetate.  

4.2.6 Off -gas analysis by on-line mass spectrometer 

The molar percentage of carbon dioxide (CO2, m/z 44) and 13C-labeled carbon 

dioxide (13CO2, m/z 45) in the inlet air and in the off-gas from the mini-bioreactor was 

monitored in real-time by an on-line mass spectrometer (Ametek Proline, Berwyn, 

PA). The fractional labeling of CO2 produced by E. coli cells was determined from the 

molar percentages of 12CO2 (m/z 44) and 13CO2 in the inlet air (Leighty and 

Antoniewicz, 2012). 

4.2.7 EMU decomposition of networks 

EMU decomposition of metabolic network models was conducted using the 

Metran software, which is based on the EMU framework (Yoo et al., 2008). The 

resulting EMU networks were decoupled into separate and smaller sub-networks using 

the technique described by Young et al., (2008), and further simplified using the 

technique described by Antoniewicz et al., (2007). 

4.2.8 Metabolic flux analysis 

13C-MFA was performed using the Metran software (Yoo et al., 2004), which 

is based on the elementary metabolite units (EMU) framework (Antoniewicz et al., 

2007b; Young et al., 2008). The E. coli network model used for flux calculations was 

described previously by Leighty and Antoniewicz (Leighty and Antoniewicz, 2013), 

and is given in Supplementary Materials. The S. cerevisiae network model was 

constructed from the genome scale model and is discussed in Chapter 3 (Osterlund et 
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al., 2012). Both models include all major metabolic pathways of central carbon 

metabolism, lumped amino acid biosynthesis pathways, and a lumped reaction for cell 

growth. In addition, the models account for the exchange of intracellular and 

atmospheric CO2 (Leighty and Antoniewicz, 2012), and G-value parameters to 

describe fractional labeling of amino acids. As described previously (Antoniewicz et 

al., 2007c), the G-value represents the fraction of a metabolite produced from labeled 

glucose, while 1-G represents the fraction that is naturally labeled from the inoculum. 

By default, one G-value parameter was included for each measured amino acid.  

Reversible reactions were modeled as separate forward and backward fluxes. Net and 

exchange fluxes were calculated as follows: vnet = vf-vb; vexch = min(vf, vb). Exchange 

fluxes were then scaled to 0-100% as follows: vexch [0-100%] = vexch / (|vnet| + vexch) × 

100%.  

For 13C-MFA of the E. coli ï S. cerevisiae co-culture, the model consisted of 

two compartments, each representing a separate species, and an additional fEc 

parameter that describes the fraction of E. coli in the co-culture (i.e. (1 ï fEc) is the 

fraction of S. cerevisiae). Flux estimation was repeated at least ten times starting with 

random initial values for all fluxes to find a global solution. At convergence, 68% and 

95% confidence intervals for all fluxes were computed for all estimated fluxes by 

evaluating the sensitivity of the minimized SSR to flux variations (Antoniewicz et al., 

2006).  

4.2.9 Goodness-of-fit analysis 

To determine the goodness-of-fit, 13C-MFA fitting results were subjected to a 

c2-statistical test. In short, assuming the network model is correct and data are without 

gross measurement errors, the minimized SSR is a stochastic variable with a c2-
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distribution. 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 between c2
Ŭ/2(n-p) and c2

1-Ŭ/2(n-p), where Ŭ is a 

certain chosen threshold value, for example 0.05 for 95% confidence interval. Models 

that produced SSR values above the threshold were considered statistically not 

acceptable.  

 

4.3 Results 

4.3.1 Cell separation (or enrichment) through filtration  

To find a filter that can effectively separate E. coli and S. cerevisiae, we first 

surveyed filters made from various material and with pore sizes ranging from 0.2 to 5 

ɛm. After preliminary experiments, we determined that filter papers with pore sizes 3 

to 5 ɛm performed optimally in separating the two species.  

Five filter papers with pore sizes in this range made from nylon, TSTP, 

cellulose acetate, cellulose nitrate and cellulosic material were chosen for more 

detailed analysis. To assess the efficiency of cell separation with these filters, we 

performed duplicate filtration experiments using E. coli ï S. cerevisiae mixed cultures 

in which either the E. coli or the yeast was fully 13C-labeled. These mixed cultures 

were passed through each filter. The resulting filtrate and residue for each filter were 

collected to measure biomass 13C-labeling. The effectiveness of the separation was 

evaluated by determining two parameters as estimated by mass balance calculations: fx 

= the percentage of E. coli retained by the filter (out of the total in the mixed-culture), 

fy = the percentage of S. cerevisiae retained by the filter (out of the total in the mixed-

culture).  
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The maximum fy and minimum fx values obtained from the filters were 0.90 

and 0.03 (Figure 4.2). This suggests that the filters were good at letting E. coli through 

(up to 97%) but at same time they let at least 10% of the yeast cells through as well. 

This could be caused by S. cerevisiae daughter cells (after budding), which are 

significantly smaller than mature yeast cells, being able to pass through the 5 ɛm 

filters. Out of the five filters we analyzed, we chose the 5 ɛm nitrous filter (fx = 3%, fy 

= 88%) for future studies (Figure 4.2). While this filter doesnôt yield complete 

separation of the two species, it can be used for co-culture flux analysis to obtain 

samples highly enriched with a particular species.  
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Figure 4.2:   E. coli ï S. cerevisiae filter based cell separation. An E. coli ï S. 

cerevisiae mixed culture was obtained by first culturing both strains 

individually either on fully isotopically labeled glucose or unlabeled 

glucose. Two mixed cultures were obtained by combining the labeled E. 

coli and the unlabeled S. cerevisiae cultures and the unlabeled E. coli and 

the labeled S. cerevisiae cultures. The mixed cultures were then filtered 

using the filter papers listed above. The resulting filtrate (part of the 

mixed culture that passed through the filters) and residue (part of the 

mixed culture that was retained on the filters) were collected to measure 

the isotopic labeling in the biomass amino acid. Using mass balance and 

the average labeling measurements of the mixed culture, the filtrate, and 

the residue, we obtained two parameters for each filter: fx ï the 

percentage of E. coli retained by the filter (out of the total in the mixed 

culture) and fy ï the percentage of S. cerevisiae retained by the filter. 

These two parameters were used to assess the effectiveness of each filter 

in separating the two species. The maximum fy and minimum fx values 

obtained from the filters were 0.90 and 0.03. This results indicate that all 

the filters are good at letting E. coli through (up to 97%) but at same time 

they let at least 10% of the yeast cells through as well. This could be 

caused by the daughter S. cerevisiae (after budding) cells, which are 

significantly smaller than mature cells, being able to pass through the 5 

ɛm filters. Out of the five filters we analyzed, we chose filter #4 for 

future separation purposes.  
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4.3.2 13C-MFA using a mono-culture model 

Statistical analysis is a crucial aspect of co-culture 13C-MFA. As reported in 

the previous Chapter and in (Gebreselassie and Antoniewicz, 2015), statistical 

acceptability of flux fits can be used to distinguish between co-culture and mono-

culture experiments. Specifically, it was demonstrated that labeling data from a co-

culture system should not give a statistically acceptable fit with a mono-culture model 

(assuming judicious selection of optimal 13C-tracer). For our system, the labeling data 

from the co-culture sample was fit with both an E. coli and S. cerevisiae mono-culture 

model. As shown in Figure 4.3 both models resulted in unacceptable fits at a 95% 

confidence level, suggesting the need for a co-culture model to obtain acceptable fit.  
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Figure 4.3:   Sum of square residual results for co-culture sample fits with E. coli and 

S. cerevisiae network model. The labeling measurement of the residue, 

co-culture, and filtrate samples from the filtration experiment were used 

for E. coli and S. cerevisiae mono-culture model flux analysis. The 

residue, which predominantly contains S. cerevisiae cells gave an 

acceptable fit with S. cerevisiae model while it gave an unacceptable fit 

(at a 95% confidence level) with an E. coli mono-culture model.  The 

acceptability of the fits for each organism models is proportional to the 

abundance of the organism in the sample.  

Additionally, the amino acid labeling of the residue and the filtrate samples 

from the filtration of the co-culture were fitted with an E. coli and S. cerevisiae mono-

culture models and the resulting SSR was compared to the co-culture sample fits. 

Remarkably, both the residue and filtrate labeling data gave acceptable fits with S. 
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cerevisiae and E. coli mono-culture models respectively, which speaks to the 

effectiveness of the filtration technique in separating the two cell populations. In 

contrast, a fit of the residue samples with an E. coli model and filtrate samples with an 

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

the S. cerevisiae model fits got worse when the sample was composed of less and less 

S. cerevisiae cells (i.e. residue Ÿ co-culture Ÿ filtrate) (Figure 4.3). Similar trend was 

observed for E. coli model fits as the sample was composed of less and less E. coli 

cells.  

4.3.3 Incorporation of E. coli ï S. cerevisiae biomass amino acid ratios in co-

culture model 

Incorporation of accurate biomass composition is an important component of 

metabolic flux analysis (Long and Antoniewicz, 2014). In co-culture 13C-MFA, the 

accurate representation of the relative abundances of measured biomass components is 

particularly essential in obtaining accurate flux distributions and population 

composition (Gebreselassie and Antoniewicz, 2015). This ratio is incorporated in the 

f-parameter reaction of the co-culture 13C-MFA model. The relative abundance of 

proteinogenic amino acids was measured using the mixed cultures prepared for the 

filtration studies. The mixed cultures were composed of either fully labeled E. coli or 

fully labeled S. cerevisiae.  

The labeling of each mixed culture was measured to determine the ratio of 

labeled vs. unlabeled amino acids. The measured ratios were normalized to the total 

protein before comparing it with ratios calculated from previously reported E. coli and 

S. cerevisiae biomass compositions (Förster et al., 2003; Long and Antoniewicz, 2014; 

Neidhardt, 1987; Wisselink et al., 2010). Compared to average literature values, the 
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measured amino acid biomass ratios show similar patterns (Figure 4.4). However, 

minor discrepancies remain in some amino acids such as methionine, which has a 

lower reported ratio compared to the measured value. The measured ratios, which are 

more precise than the ratios from the literature, were incorporated in the E. coli ï S. 

cerevisiae co-culture model.     

 

Figure 4.4:   S. cerevisiae/E. coli biomass amino acid ratio. The ratio of the abundance 

of each amino acid (normalized to the total protein) in S. cerevisiae and 

E. coli was measured using GC-MS. The results are compared to the 

average of previously reported amino acid abundances in E. coli and S. 

cerevisiae 
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4.3.4 Novel multi-scale modeling for co-culture flux analysis 

In mono-culture systems, measurement of extracellular excretion rates of 

metabolites alone does not resolve intracellular flux distributions (Wiechert, 2001). To 

elucidate intracellular fluxes, more information is obtained by culturing cells on 

isotopically labeled substrates, i.e. the tracers. The isotopically labeled atoms from the 

tracer get incorporated in the biomass, resulting in a specific labeling pattern that is a 

function of intracellular fluxes.  The labeling patterns of metabolites, also known as 

mass isotopomer distributions (MID), are obtained through mass spectroscopy (e.g. 

GC-MS). The MID measurements combined with biomass specific uptake and 

excretion rates provide enough constraints to fully elucidate major metabolic fluxes of 

microorganisms. As discussed earlier, this technique for elucidating metabolism is 

known as 13C-metabolic flux analysis (13C-MFA) and has been well developed for 

mono-culture systems over the past two decades (Figure 4.5A) (Crown and 

Antoniewicz, 2013a).  
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Figure 4.5:   Mono-culture vs. co-culture flux analysis. A) Metabolic fluxes in mono-

cultures are elucidated through the following steps. First, tracer 

experiment is performed in which cells are cultured in isotopically 

labeled substrate. The resulting isotopic labeling in metabolites and 

uptake and excretion rates are measured. Next, micro-scale metabolic 

network model is used to fit measured data to obtain intracellular fluxes. 

B) Metabolic flux analysis in co-cultures involves the following steps. 

First, tracer experiment is conducted in which both strains are cultured 

together on a given tracer. The resulting labeling pattern and reactor level 

concentrations are measured. Next, a multi-scale iterative model is 

applied to fit isotopic labeling measurements with micro-scale model and 

concentration measurements with a macro-scale model. Since the two 

scale models share some parameters, the fitting is conducted iteratively 

until consistent results are obtained on both scales.  
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However, until now there have been significant challenges in extending 13C-

MFA to multi-microorganism systems, such as co-cultures. This is due to the 

difficulty in measuring MIDs of metabolites in each species as well as estimating 

uptake and excretion rates, particularly in systems where both organisms consume or 

excrete the same metabolite(s). To overcome these challenges, we developed a multi-

scale iterative model fitting framework that uses overall population labeling data and 

concentration measurements to estimate species-specific fluxes, population dynamics 

and uptake and excretion rates. 

The multi-scale model includes two levels, a micro-scale level and a macro-

scale level. At the micro-scale level, the co-culture 13C-MFA metabolic network 

model was constructed. This model consists of the metabolic network models of each 

species and an f-parameter (species fraction) that accounts for the co-culture 

composition (Figure 4.7), since the measured co-culture population MID of 

metabolites is a function of the fraction of each species (f-parameter) and the MID of 

metabolites in each species (which is a function of the metabolic fluxes in each 

respective species) (Figure 4.6B). At the macro-scale level, a reactor level growth 

model is constructed in which the extracellular concentrations of metabolites are 

modeled as a function of biomass specific uptake and excretion rates of each species 

and time (Figure 4.6b). Moreover, the measured isotopic labeling of CO2
 in the co-

culture is modeled as a function of the isotopic labeling of CO2 in each species and the 

absolute CO2 production rate by each species. Finally, we also incorporated the 

isotopic labeling measurements of the products secreted by both strains (in this 

system, acetate) to obtain more information about the contribution of each strain to the 

total product synthesis. 
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Figure 4.6:   Mono-culture vs. co-culture 13C-metabolic flux analysis computational 

framework. The micro-scale 13C-metabolic flux analysis is a constrained 

least-squares minimization problem in which the square of the difference 

between the measured and simulated MID is minimized subjected to 

stochiometric and uptake and excretion rate constrains. A) In mono-

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

and excretion rates are obtained from reactor concentration 

measurements B) In co-culture the simulated MID is a function of the 

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

f-parameter (e.g. fEc). Concurrently, the reactor level concentration 

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

species. Co-culture flux analysis is performed by iteratively fitting MID 

measurements with micro-scale model and concentration measurements 

with macro-scale model. Reactor level isotopic labeling measurement of 

CO2 is incorporated at the macro-scale model as well.  
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Both at the micro- and macro-scale, we solve a constrained least-squares 

regression problem. At the micro-scale, we minimize the squared differences between 

the measured and simulated MIDs by changing intracellular fluxes in each species and 

the f-parameters, subject to stoichiometric constraints (Figure 4.6B). At the macro-

scale, we minimize the squared difference between the measured and simulated 

growth and concentration time profiles by changing biomass specific uptake and 

excretion rates and the growth rates. Since the micro- and macro-scale models have 

common growth parameters (e.g. the uptake and excretion rates), we perform this 

multi-scale analysis iteratively, until the results of the two scale models converge.  

With this iterative multi-scale modeling approach, we capture the steady state 

intracellular metabolic fluxes at the micro-scale level (Table D.2) and the dynamic 

growth profiles at the macro-scale level. Furthermore, this co-culture 13C-metabolic 

flux analysis (MFA) framework is a simple and natural extension to the existing 

mono-culture framework since it requires the overall culture-level labeling and 

concentration measurements, as in mono-cultures, without requiring physical 

separation of cells or metabolites (Figure 4.5B).  
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Figure 4.7:   G ï value and f ï value. The G ï values are parameters incorporated in 

our network models to account for unlabeled metabolites from the pre-

culture inoculum. The f ï values are parameters that represent the 

composition of the labeled culture.  

4.3.5 E. coli ï S. cerevisiae complete growth characterization through co-culture 
13C-MFA  

In previous work, the E. coli ï S. cerevisiae co-culture system was shown to 

have unique properties that allows for construction of modular biosynthetic platforms 

(Zhou et al., 2015). E. coli is a widely-used platform to efficiently produce many 

precursor molecules, while S. cerevisiae hosts the eukaryotic machinery and necessary 

microenvironment needed to produce certain complex molecules (Zhou et al., 2015). 

As such, a co-culture of these two strains is attractive for complex molecule 

production since it integrates both attributes. 
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This co-culture system incorporates two different species with distinct network 

structure and physiology. For example, the mitochondria in S. cerevisiae was modeled 

as a separate compartment, and there is a difference in lysine biosynthesis in the two 

species. Additionally, the two species have a significant size difference. This size 

difference motivates the use of a simple physical separation technique (such as 

filtration) in which the E. coli and S. cerevisiae cells can be separated for additional 

analysis and model validation. Although not necessary, this filtration step can provide 

significant additional information for 13C-MFA. Therefore, we incorporated the 

filtration experiment in this particular co-culture flux analysis framework. 

The co-culture was grown on a medium consisting of a mixture of 20% M9 

and 80% YNB medium (v/v) that contains [1,2 -13C]glucose tracer at 28 oC. Cells 

were harvested during exponential phase for filtration and isotopic labeling analysis. 

The isotopic labeling of CO2 in the off-gas was monitored during the experiment by an 

on-line off-gas analyzer (mass spectrometer).  

Multi -scale co-culture flux analysis was performed using the constructed co-

culture network model. To obtain additional useful information, measurements from 

the filtration based cell separation were incorporated in the co-culture 13C-MFA 

framework, where the MIDs of the co-culture and the filtrate and residue (from the 

filtr ation experiment) were used to fit the micro-scale model in parallel (Figure 4.1). 

To assess the value of this additional information, the MIDs of samples from the 

filtration experiment were used to fit the co-culture micro-scale model separately. The 

flux results from this fits indicate increase in precision with increase in species 

enrichment in the samples (Figure 4.8).   
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Figure 4.8:   E. coli ï S. cerevisiae mono-culture and co-culture flux analysis result 

comparisons. Co-culture sample along with residue and filtrate samples 

from filtration experiments were used to perform co-culture flux analysis 

with S. cerevisiae - E. coli micro-scale co-culture model. Results were 

compared to the flux obtained from mono-culture model fits of mono-

culture samples and residue and filtrate samples. The precision of the flux 

estimates decreases as the sample fraction of the species whose flux is 

being estimated decreases. This indicates that more information was 

obtained by incorporating filtration experiment in the final flux analysis.  

The results of multi-scale co-culture 13C-flux analysis from parallel fits are 

shown in Figure 4.10 and Figure 4.11. Micro-scale and macro-scale model fit results 

show the deconvoluted intracellular flux distributions and the uptake/excretion rates, 

respectively. As in the case of mono-culture, S. cerevisiae uses the glycolysis pathway 

to metabolize glucose in the co-culture. Most of this glycolytic flux leads to the 

synthesis of ethanol. In contrast, a significant portion (~40%) of the glucose taken up 

by E. coli is metabolized through the oxidative pentose phosphate pathway. The flux 



 82 

results also indicate that in contrast to S. cerevisiae, E. coli carries some flux through 

its TCA cycle. The intracellular flux distributions in the co-culture were comparable to 

the mono-culture fluxes obtain from the same culturing conditions, indicating that the 

presence of the other species did not result in a major metabolic shift in the co-culture 

(Figure 4.11). 
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Figure 4.9:   Flux analysis result of an E. coli ï S. cerevisiae co-culture system. Multi -

scale iterative co-culture flux analysis is performed on an E. coli ï S. 

cerevisiae co-culture system. The micro-scale model fits capture the 

intracellular metabolic fluxes in each stain. E. coli utilizes glucose 

through both glycolysis and oxidative pentose phosphate pathway while, 

S. cerevisiae uses mainly glycolysis. Most of the glucose consumed by S. 

cerevisiae is converted to ethanol, resulting in much lower biomass yield 

in S. cerevisiae compared to E. coli. 
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Figure 4.10: Macro-scale flux analysis results of an E. coli ï S. cerevisiae co-culture 

system. The macro-scale fits deconvolutes species contribution to reactor 

level concentration measurements. Although the E. coli uptakes glucose 

at a much slower rate than the S. cerevisiae, its biomass yield is six times 

higher. This is reflected in the population composition and glucose 

consumption by the end of the culture where E. coli makes up more than 

70% of the culture while S. cerevisiae accounts for 60% of the glucose 

consumed. 
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The macro-scale model also gives insight into the time dependent behavior of 

the co-culture. The predicted OD600 for each strain indicate that E. coli overtakes the 

population due to high growth rates compared to S. cerevisiae, although glucose 

consumption rate is 1.5 times higher in S. cerevisiae than E. coli. This suggests a low 

biomass yield for S. cerevisiae as most of the glucose consumed is converted to 

ethanol (1.7 mole of ethanol per mole of glucose). Most of the acetate in the culture 

was produced by E. coli, which produces 0.66 mole of acetate for every mole of 

glucose consumed due to overflow metabolism, even at the culturing condition of 28 

oC. Moreover, the measured isotopic labeling of CO2 in the off-gas indicates changing 

population dynamics. Based on the co-culture flux distribution results, E. coli 

produces significantly more labeled CO2 than S. cerevisiae from the metabolism of 

[1,2-13C]glucose, mostly due to its elevated oxidative pentose phosphate pathway flux. 

The measured CO2 labeling increases as a function of time which reflects a population 

that is composed of more and more E. coli. To validate the f-parameter estimation of 

the co-culture biomass composition, we used the average amino acid labeling of the 

residue and filtrate samples as a proxy for S. cerevisiae and E. coli labeling in order to 

estimate the composition of the co-culture through a regression fit of the average 

labeling of the co-culture at 10 hrs. The average labeling of the co-culture was 

represented as a linear combination of the average labeling in the two components. 

This simple regression estimated E. coli to be 71% at 10 hrs, which is the exactly the 

value estimated through the macro-scale model fit (Table D.1).  
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Figure 4.11:  E. coli and S. cerevisiae mono-culture flux analysis results. Both E. coli 

and S. cerevisiae were cultured separately in mono-culture under the 

same culturing conditions as the co-culture experiment, i.e. in a mixture 

of M9 and YNB medium at 28oC on [1,2-13C]glucose. The resulting 

isotopic labeling in the biomass was measured to perform mono-culture 

flux analysis. The resulting mono-culture flux distribution for both E. 

coli (left) and S. cerevisiae (right) is similar to the results observed in co-

culture flux analysis.  

 

4.4 Conclusion 

Cell physiology characterization techniques are important tools in elucidating 

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

as cell factories. Despite the importance of multi-microorganism systems in nature and 

in the field of metabolic engineering, quantitative physiological characterization tools 

to study them are lacking. In this work, we developed, validated and applied a multi-

scale co-culture 13C-MFA framework that allows to characterize intra- and extra-
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cellular fluxes in co-cultures. Using this framework we elucidated the physiology of 

an E. coli ï S. cerevisiae (i.e. prokaryotic ï eukaryotic) co-culture system that has 

been used as a platform for product synthesis (Zhou et al., 2015). Through simple 

filtration step, we have demonstrated that the precision of metabolic flux estimates can 

be greatly enhanced by incorporating labeling measurement of residue and filtrate 

samples in co-culture 13C-MFA. 

A fundamental advantage of our approach is that it doesnôt require any 

additional laboratory techniques or equipment as compared to mono-culture 13C-MFA. 

The framework applies the same measurements made for mono-culture 13C-MFA, and 

existing mono-culture computational frameworks can be extended and used for co-

culture. Due to the simplicity yet great potential of our co-culture flux analysis 

framework, we anticipate our method to have a widespread impact in multi-

microorganism physiological studies. This technology can expand our ability to study 

ñunculturableò microbes, i.e. species that do not grow in isolation in standard 

laboratory conditions (Stewart, 2012). More specifically, the physiology and 

interaction of microbes that need a partner species for growth can be elucidated using 

this technology (DôOnofrio et al., 2010; Pande and Kost, 2017). In the next Chapter, 

we extend our framework to analyze the metabolism of a more challenging co-culture 

system consisting of two E. coli knockouts strains (ȹpgi ï ȹzwf). These strains have 

the same metabolic network model and produce the same products.  
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A COMPLE TE GROWTH CHARACTERIZATION OF A  CO-CULTURE 

SYSTEM OF E. COLI ȹPGI ï ȹZWF THROUGH 13C-METABOLIC FLUX 

ANALYSIS  

5.1 Introduction  

In nature, microorganisms are part of complex and multilayer interacting 

systems. However, most of our knowledge about the physiology and behavior of 

microbes arises from experiments conducted in mono-cultures. In fact, the tendency to 

study microbial species as single entities, rather than as part of complex ecological 

systems, prevents us from studying microbial interaction and cooperation. 

Additionally, more than 99% of microbes in nature cannot be cultured using current 

technologies (Sabra et al., 2010). Hence, there is a need for developing methods to 

study microbial systems in conditions similar to their natural niches, i.e. with other 

microorganisms (Alain and Querellou, 2009).  

Recent studies have started to address these issues by studying microorganisms 

as part of synthetic co-culture systems (Balagaddé et al., 2008; Gore et al., 2009; 

Hillesland and Stahl, 2010; Shou et al., 2007). Co-cultures have become of particular 

interest for studying cell-cell interaction, improving culturing success of certain 

population, and enhancing overall yield and efficiency of cultures through synergistic 

interactions (Bader et al., 2010; Goers et al., 2014; Wintermute and Silver, 2010a). In 

fact, many biotechnological processes have simulated the unique features of naturally 

existing multi-microorganism systems by using co-culture systems in bioremediation 

Chapter 5 
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and for efficient production of biofuel and bio-chemicals (Camacho-Zaragoza et al., 

2016; P. Chen et al., 2015; Chen, 2011; Pachapur et al., 2015; Sabra et al., 2010; 

Sathishkumar et al., 2008). 

Despite their unique utility in biotechnology and distinct value in multi-

microorganism physiological studies, co-culture systems lack the established tools 

needed to analyze the in vivo metabolic state of their constitutive microbes. 

Specifically, the in vivo metabolic state of microbes in co-cultures have been well 

studied through 13C-metabolic flux analysis (MFA). This is mainly due to the lack of 

well-developed, simple, and dependable experimental flux analysis tools. Previous 

tools developed for co-culture flux analysis have required the physical separation of 

cells or metabolites to analyze labeling data in each species independently (Rühl et al., 

2011; Shaikh et al., 2008). These approaches require the genetic modification of the 

co-culture species to overexpress reporter proteins, which are used as a proxy for the 

labeling measurement of metabolites in each species. However, molecular biology 

tools do not exist for many organisms, and overexpression of proteins presents a 

metabolic burden on the cells and introduces a significant unintended variable during 

metabolic studies of co-cultures.   

Recently, a new co-culture flux analysis approach was presented in which the 

13C-labeling data of species-specific peptides were used to measure species-specific 

labeling data of metabolites to perform flux analysis in co-culture systems (Ghosh et 

al., 2014). Although this approach has the potential to effectively estimate co-culture 

fluxes, it is limited in that peptide labeling data has inherently less flux information 

than amino acid labeling, and many unique peptide fragments must be identified for 

each species in the system. This method will therefore be impossible to use for co-
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culture systems of closely related/identical species such as an E. coli ï E. coli co-

culture. Furthermore, this approach has not yet been experimentally proven and would 

require a high level of expertise in mass spectroscopy to routinely identify and 

measure labeling data of unique peptide fragments.  

To overcome all these limitations, in previous Chapters, a new method was 

presented that enables 13C-MFA for co-culture systems using conventional 

experimental methods without any additional separation of metabolites or species. In 

this Chapter, I apply the multi-scale model that incorporates metabolic network model 

of each species and a growth model to fit co-culture isotopic labeling data and 

extracellular concentration measurements iteratively to study a more challenging co-

culture system of two E. coli knockout strains ȹpgi ï ȹzwf, since both strains have 

identical metabolic network model and produce identical products, i.e. biomass, 

acetate, CO2. Using the co-culture flux analysis framework, I elucidated the metabolic 

fluxes in the pathways of each species and deconvoluted the resulting reactor-level 

growth profiles.   

5.2 Method 

5.2.1 Strain and growth conditions 

The two E. coli knockout strains, ȹpgi and ȹzwf, used in this study are from 

the Keio Knockout Collection. The strains were purchased from GE Life 

Sciences/Dharmacon (Pittsburgh, PA). The co-culture experiment was performed 

under aerobic conditions at 37 oC in a mini-bioreactor with a working volume of 10 

mL, as described previously (Gebreselassie and Antoniewicz, 2015). The two strains 

were first pre-cultured individually until mid-exponential growth phase in M9 minimal 
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medium and unlabeled glucose (OD600 = 0.47 for ȹpgi and OD600 = 1.24 for ȹzwf). 

Next, a 10 mL of M9 minimal medium containing 1.6 g/L of [1,2-13C]glucose was 

inoculated with 1.4 mL of the ȹpgi pre-culture and 15 ɛL of the ȹzwf pre-culture. The 

ratio of ȹpgi biomass to ȹzwf biomass was about 37:1 at inoculation. Cells were 

harvested after 7.75 hrs, 8.75 hrs, and 9.75 hrs of culture by centrifugation for 

subsequent GC-MS analysis. Acetate concentration and labeling in the supernatant 

was measured using GC-MS. In addition, the growth of the co-culture was monitored 

by measuring the OD600
 and glucose concentration in the medium throughout the 

culture.   

For the method validation mixed-culture experiment, ȹpgi and ȹzwf were pre-

cultured separately on M9 with glucose. During mid-exponential phase, each pre-

culture was inoculated into an M9 medium with a working volume of 10 mL 

containing 1.6 g/L of [1,2-13C]glucose separately. The cultures were collected after 

9.78 hrs of culture when the OD600 reached 0.5 and 0.9 for ȹpgi and ȹzwf respectively. 

Some of the cells were harvested by centrifugation for subsequent GC-MS analysis. 

The rest of the culture were mixed in three different ratios to generate the mixed-

cultures before cells were harvested for subsequent GC-MS analysis.  

5.2.2 Analytical methods 

The growth of the co-culture was monitored by measuring the optical density 

at 600 nm (OD600) using a spectrophotometer (Eppendorf BioPhotometer). The optical 

density was converted to cell dry weight concentrations using a pre-determined OD600-

dry cell weight relationship for E. coli (1.0 OD600 = 0.32 gDW/L). Glucose 

concentration was measured with a YSI 2700 biochemistry analyzer (YSI, Yellow 

Springs, OH). 
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5.2.3 Gas Chromatography mass spectrometry 

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

with a DB-5MS capillary column (30 m, 0.25 mm i.d., 0.25 ɛm-phase thickness: 

Agilent J&W Scientific), connected to an Agilent 5977 A Mass Spectrometer 

operating under ionization by electron impact (EI) at 70 eV. GC-MS analysis of tert-

butyldimethylsilyl (TBDMS) derivitized proteinogenic amino acids was performed as 

described previously (Gebreselassie and Antoniewicz, 2015). Mass isotopomer 

distributions were obtained by integration and correction for natural isotope 

abundances (Fernandez et al., 1996). The mass isotopomer distribution measurements 

for amino acid is reported in Table E2.  

5.2.4 GC-MS analysis of acetate 

The labeling and concentration of acetate was determined by GC-MS analysis 

of TBDMS derivatized acetic acid. About 50 ɛL of sample was used for 

derivatization. A fully deuterated acetic acid is used as a standard to quantify the 

acetate concentration. The injection volume for GC-MS analysis was 1 ɛL and 

samples were injected in split mode with spit ratio ranging from 1:20 to 1:40. Helium 

flow was maintained at 1 mL/min. The source temperature was maintained at 230 oC, 

the MS quad temperature at 150 oC, the interface temperature at 280 oC, and the inlet 

temperature at 200 oC. GC oven temperature was held at 105 oC for 2 minutes, 

increased to 140 oC at 5 oC/min, and increased to 260 oC at 20 oC/min for a total run 

time of 15 minutes. The labeling and concentration was determined from mass 

isotopomer distribution at m/z 117, which contains the two carbon atoms.  



 93 

5.2.5 Off -gas analysis by on-line mass spectrometer 

The molar percentage of carbon dioxide (CO2, m/z 44) and 13C-labeled carbon 

dioxide (13CO2, m/z 45) in the inlet air and in the off-gas from the mini-bioreactor was 

monitored in real-time by an on-line mass spectrometer (Ametek Proline, Berwyn, 

PA). The fractional labeling of CO2 produced by E. coli cells was determined from the 

molar percentages of 12CO2 (m/z 44) and 13CO2 in the inlet air (Leighty and 

Antoniewicz, 2012). The measurement accuracy and precision of the Ametek Proline 

on-line mass spectrometer was less than 0.0005 mol% for 12CO2 and 13CO2 

measurements.  

5.2.6 Co-culture metabolic flux analysis 

13C-MFA was performed using the Metran software (Yoo et al., 2008), which 

is based on the elementary metabolite units (EMU) framework (Antoniewicz et al., 

2007a; Young et al., 2008). The E. coli network model used for analysis was described 

previously (Gebreselassie and Antoniewicz, 2015) and is given in supplementary 

materials. The network model includes all major metabolic pathways of central carbon 

metabolism, lumped amino acid biosynthesis pathways, and a lumped reaction for cell 

growth. As described previously, the co-culture model consists of two compartments, 

each representing a separate but identical E. coli network model for each species 

(Gebreselassie and Antoniewicz, 2015).   

In addition, the model accounts for the exchange of intracellular and 

atmospheric CO2 (Leighty and Antoniewicz, 2012), G-value parameters to describe 

fractional labeling of amino acids, and f-value parameters to describe the fraction of 

metabolites produced by strain #1 (ȹpgi). As described previously (Antoniewicz et al., 

2007c), the G-value represents the fraction of a metabolite produced from labeled 
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glucose, while 1-G represents the fraction that is naturally unlabeled from the 

inoculum. By default, one G-value parameter was included for each measured amino 

acid. The f-value parameters represent the fraction of metabolites produced by each 

species. The f-value parameter is included for biomass (f-biom), and acetate (f-Ac).  For 

instance, the co-culture mass isotopomer distribution of acetate (MIDAc-coculture) is 

described as: 

MID Ac-coculture= (f-Ac) (MIDAc-Strain #1) + (1- f-Ac) (MIDAc-Strain #2) 

where MIDAc-Strain #1 and MIDAc-Strain #2 are the mass isotopomer distribution of 

strain #1 and strain #2. Reversible reactions were modeled as separated forward and 

backward fluxes. Net and exchange fluxes were calculated as follows: ὺ ὺ ὺ; 

ὺ  min(ὺ, ὺ). Exchange fluxes were then scaled 0-100% as follows 

ὺ Ⱦȿὺ ȿ ὺ ) ρππϷ. Flux estimation was repeated at least ten times starting 

with random initial values for all fluxes to find a global solution. We required that the 

same solution was found at least three times starting with random initial values before 

the solution was declared a global solution. At convergence, 68% and 95% confidence 

intervals were computed for all fluxes by evaluating the sensitivity of the minimized 

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

5.2.7 Goodness-of-fit analysis 

The 13C-MFA fitting results were subjected to a ɢ2-statistical test to determine 

the goodness-of-fit. Assuming the network model is correct and data are without gross 

measurement errors, the minimized SSR is a stochastic variable with a ɢ2-distribution. 

The number of degrees of freedom is equal to the number of fitted measurements n 

minus the number of estimated independent parameters p. The accepted range of SSR 

values is between ɢ2
Ŭ/2(n-p) and ɢ2

1-Ŭ/2(n-p), where Ŭ is a certain chosen threshold 



 95 

value, for example 0.05 for 95% confidence interval. Models that produced SSR 

values above the threshold were considered statistically not acceptable.  

5.3 Results 

5.3.1 Multi -scale model analysis 

In mono-culture systems, intracellular metabolic fluxes are elucidated by using 

isotopically labeled substrates known as tracers. This is done by culturing the cells in 

presence of the labeled substrate where isotopically labeled atoms in the tracer get 

incorporated in the biomass, resulting in specific labeling patterns (mass isotopomer 

distributions (MIDs)). The MID measurements combined with biomass specific 

uptake/excretion rate measurements provide enough constraints to elucidate major 

metabolic fluxes. As discussed in previous Chapters, this technique of elucidating 

metabolism is known as 13C-metabolic flux analysis (13C-MFA). However, to perform 

co-culture flux analysis, where species-specific labeling patterns and uptake and 

excretion rates are not readily obtained, we developed a multi-scale iterative model 

fitting framework that incorporates both the overall population MID and concentration 

measurements to estimate species-specific fluxes as well as uptake/excretion rates. 

As we discussed in the last Chapter, the multi-scale model includes two levels: 

a micro-scale level and a macro-scale level. At the micro-scale level, co-culture 13C-

MFA metabolic network model that consists of the metabolic network model of each 

species and an f-parameter (species fraction) that accounts for co-culture composition 

was constructed. At the macro-scale level, a reactor level growth model was 

constructed in which the extracellular concentration of metabolites (as well as CO2 

labeling) was modeled as a function of biomass specific uptake and excretion rates of 
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each species and time. As discussed in Chapter 4, both at the micro- and macro-scale, 

a constrained least-squares regression problem was solved. Since the micro- and 

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

perform this multi-scale analysis iteratively, until the results between the two scale 

models converge (Figure 5.1).  

 

Figure 5.1:   Multi -scale co-culture flux analysis. The metabolic flux in the co-culture 

system is estimated through a multi-step process. A) The two strains were 

co-cultured in the presence of a common tracer. The isotopic labeling in 

the overall co-culture proteinogenic amino acid and the culture growth 

and metabolite concentration is measured. B) a multi-scale model was 

employed to fit the MID measurement of the co-culture and the 

growth/concentration measurement in the reactor. C) Through constrain 

least-squares regression the intracellular and extracellular flux rates were 

estimated.  

5.3.2 Micro -scale model fitting validation using mixed cultures 

Before we apply our co-culture flux analysis framework to a ȹpgi ï ȹzwf co-

culture system, we wanted to validate the micro-scale model analysis of our method 

using mixed-cultures, where samples of two separate cultures were mixed together 

after growth. For this purpose, consider two E. coli knockout strains ȹpgi ï knockout 

of glycolysis and ȹzwf ï knockout of oxidative pentose phosphate pathway. First, we 
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performed tracer experiment of the two knockouts on [1,2-13C]glucose separately. 

During exponential growth phase, biomass samples were collected from each culture 

and mixed at three different known ratios. The biomass MID in the mixed cultures as 

well as in the mono-cultures were measured using GC-MS. These MID measurements 

were used to perform flux analysis using both a mono-culture and co-culture micro-

scale E. coli network models with a normalized glucose uptake rates of 100 units for 

both strains. 

The mono-culture model gave statistically acceptable fits (at 95% confidence 

level) only with mono-culture samples; the mixed culture samples did not give 

acceptable fit with mono-culture model. Statistically acceptable fits were obtained for 

mixed culture samples only when using the co-culture model (Figure 5.2A). The flux 

results of the co-culture fits were analyzed and compared to mono-culture fluxes. The 

mixed culture composition estimates (i.e. the f-parameter estimates in co-culture 

model) matches the expected true values in all three mixed cultures (Figure 5.2B). 

Additionally, the intracellular flux estimates for the PGI flux for the two strains in all 

mixed cultures were the same as the respective mono-culture fluxes (Figure 5.2C). 

These results validate both the accuracy and precision of the micro-scale model fit 

results in predicting the co-culture composition and intracellular fluxes.    

 



 98 

 



 99 

Figure 5.2:   E. coli ȹpgi ï ȹzwf mixed culture flux analysis. To validate the micro-

scale co-culture flux analysis framework, E. coli ȹpgi and ȹzwf were co-

cultured independently on [1,2-13C]glucose. After cell growth, biomass 

samples were collected and mixed in three different ratios to get three 

mixed culture samples. The isotopic labeling in the mono-culture samples 

and mixed culture samples were analyzed with GC-MS. The measured 

mass isotopomer distribution was used for mono-culture and co-culture 

flux analysis. Both mono-culture samples gave statistically acceptable fit 

at 95% confidence level with a mono-culture model, while the mixed 

cultures gave unacceptable fits (part A). The mixed culture samples gave 

acceptable fit only with a co-culture model. The estimated co-culture 

composition of the mixed culture by the co-culture model matches the 

true expected values (part B). Moreover, the estimated PGI flux in each 

strain of the mixed culture by the co-culture model matches the values 

estimated by the mono-culture flux result of their respective strain.   

5.3.3 E. coli ȹpgi ï ȹzwf co-culture metabolic rate characterization 

To further understand the potentials and limits of our co-culture flux analysis 

framework, we considered a co-culture system of two E. coli knockouts, ȹpgi 

(knockout of upper glycolysis) and ȹzwf (knockout of oxidative pentose phosphate 

pathway). Unlike the E. coli ï S. cerevisiae co-culture system discussed in Chapter 4, 

this co-culture consists of two E. coli strains with identical metabolic pathways 

simultaneously producing the same products; biomass, acetate, CO2. During the co-

culture tracer experiment, ȹzwf was inoculated at lower biomass ratio than ȹpgi since 

the growth rate of ȹzwf is much higher than ȹpgi (Long et al., 2016). The overall 

biomass amino acid MIDs were measured at three different time points during the 

exponential growth phase. In addition to the concentration of acetate, the MID of 

acetate was measured as a function of time. Off-gas mass spectrometry was used for 

online isotopic labeling measurement of CO2.  
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Figure 5.3:   Minimized SSR result of ȹpgi-ȹzwf mono- and co-culture flux analysis. 

A mono-culture and co-culture E. coli model was used to fit labeling data 

obtained at three time points of a ȹpgi-ȹzwf co-culture tracer experiment 

in parallel. The minimized SSR values obtained by a micro-scale mono-

culture model and co-culture model along with the statistically acceptable 

95% confidence interval is shown above. The minimized SSR values 

obtained by the mono-culture model were significantly above the 

statistically acceptable limit, while the minimized SSR values obtained 

for a co-culture model gave acceptable fits. 

The measured co-culture MIDs were first fit with mono-culture and co-culture 

E. coli network models. A statistically unacceptable fit (at 95% confidence interval) 

was obtained with the mono-culture model fit while the fit was statistically acceptable 
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with the co-culture model (Figure 5.3). The ability to distinguish between co-culture 

and mono-culture labeling data through statistical analysis of model fits, despite 

having the same metabolic network, can be useful and is highly dependent on the 

careful selection of co-culture tracer (Gebreselassie and Antoniewicz, 2015). 

The multi-scale iterative model framework discussed earlier was applied to this 

co-culture system. The isotopic labeling and concentration measurements were 

incorporated to successfully elucidate the metabolic fluxes in both strains Figure 5.4 

and Table E1. As expected, ȹpgi utilized the oxidative pentose phosphate pathway, 

while ȹzwf strain metabolized glucose through glycolysis. Consistent with results 

reported previously, ȹpgi glucose uptake rate was four times lower than both ȹzwf  

and wild-type E. coli stain (Long et al., 2016). Furthermore, estimated growth rates 

indicate that ȹzwf grows at a much faster rate than ȹpgi. This difference in growth rate 

was more evident in the population makeup of the co-culture which initially was 

mainly composed of ȹpgi, but overtime ȹzwf strain overtakes ȹpgi Figure 5.5. This 

population dynamics was recaptured in the deconvoluted glucose and acetate 

measurements, where ȹzwf contribution increases as a function of time. Off-gas CO2 

labeling profile restates this changing population composition even further. The 

estimated CO2 labeling (from micro-scale model) of ȹpgi and ȹzwf was 44% and 6% 

respectively. The ȹpgi strain produces significantly more labeled CO2 since it fully 

utilizes the oxidative pentose phosphate pathway where the labeled first glucose 

carbon (because of [1,2-13C]glucose tracer) was lost as CO2. On the other hand, in 

ȹzwf, which fully utilizes glycolysis, does not produce labeled CO2
 in the 

decarboxylation reaction of pyruvate dehydrogenase. Therefore, the cumulative 

labeled CO2 produced by the ȹpgi ï ȹzwf population decreased during the experiment, 
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capturing the changing population composition from manly ȹpgi to mainly ȹzwf. 

These results demonstrate the ability of our method to fully characterize important 

growth characteristics of co-cultures without any cumbersome physical separation 

techniques.    
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Figure 5.4:   Flux analysis result of ȹpgi ï ȹzwf E. coli co-culture system. The flux 

distribution results for ȹpgi and ȹzwf co-culture shows a high glucose 

uptake and biomass production rate for ȹzwf strain that mainly uses the 

glycolytic pathway while the glucose uptake flux by ȹpgi was rerouted to 

the pentose phosphate pathway. The macro-scale fit illustrates ȹpgi had 

lower growth and biomass yield than ȹzwf. 
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Figure 5.5:   Time dependent macro-scale growth profile deconvolution. The growth 

curve shows the ȹzwf grows a lot faster than ȹpgi, eventually overtaking 

the population. Consequentially, the glucose consumed and acetate 

produced by ȹzwf  was proportionally higher. The changing population 

dynamics was reflected in the co-culture isotopic labeling of CO2 that 

approach a labeling of 6% (ȹzwf mono-culture CO2 labeling) as ȹzwf 

accounts for significant fraction of the population at the end of the 

experiment.    
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5.4 Conclusion 

In this Chapter, the intracellular and extracellular metabolic flux of and E. coli 

ȹpgi ï ȹzwf co-culture system was fully characterized. This system is a challenging 

system to deconvolute since the two components have identical metabolic network 

models and consume/produce the same products. Through the multi-scale model 

fitting approach, we deconvoluted the growth curve and the contribution of each strain 

to the overall substrate and product consumption and production. In addition, using a 

mixed culture of known ȹpgi and ȹzwf we validated the precision and accuracy of the 

micro-scale model fitting approach.  

The result of this flux analysis motivates the investigation of an even more 

challenging co-culture systems that involves interaction between strains. In the next 

Chapter, we extend this tool one step further and look at a cross-feeding co-culture 

system in which one strain relies completely on the second strain for its carbon source.  
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ELUCIATING METABOLISM OF CROSS -FEEDING CO-CULTURE 

SYSTEMS WITH A MULTI -SCALE 13C-METABOLIC FLUX ANALYSIS  

6.1 Introduction  

Cell-to-cell interaction is a key feature of microbial communities. Metabolic 

cross-feeding, in particular, is a ubiquitous characteristic of naturally existing 

consortium (Mee et al., 2014; Ponomarova and Patil, 2015). In fact, the dependence of 

microbes on cross-feeding metabolites is one of the reasons for the prevalent 

óunculturabilityô of most microbes, i.e. lack of cell growth using existing culturing 

technology in the laboratory (DôOnofrio et al., 2010; Pande and Kost, 2017; Stewart, 

2012; Wintermute and Silver, 2010b). These interactions result in various 

relationships between microbes, ranging from mutualistic, in which all those involved 

benefit, to competition (Faust and Raes, 2012; Foster and Bell, 2012; Freilich et al., 

2011). Cumulatively, this results in a stable working consortium in which a microbial 

community can efficiently perform tasks that would otherwise be too difficult to do in 

a single organism.  

Metabolic cross-feeding is common not only in naturally existing systems but 

also in microbial consortia used in biotechnology (Alper and Stephanopoulos, 2009; 

Brenner et al., 2008; Bull and Harcombe, 2009; Smid and Lacroix, 2013). Recently, 

efforts in metabolic engineering have focused on rationally designing multi-

microorganism systems for efficient production and expanded biochemical conversion 

capabilities (Hill et al., 2017; Jones et al., 2016; Minty et al., 2013; Zhang et al., 

Chapter 6 
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2015b; Zhang and Wang, 2016; Zuroff et al., 2013). The use of multi-microorganism 

systems in biotechnology takes advantage of the synergistic interactions among the 

microbes. Metabolite exchange between species increases the possible space of 

metabolic phenotypes in multi-microorganism systems, i.e. extends its biochemical 

capabilities. This can allow for core engineering goals such as maximized substrate 

consumption and product yield to be met. This unique advantage gained from 

metabolite exchange has been applied to complex molecules synthesis (Camacho-

Zaragoza et al., 2016; Jones et al., 2016). Specifically, co-culture systems have been 

designed to be modular, with each strain carrying part of the total synthetic pathway 

(Bader et al., 2010; Zhang et al., 2015a; Zhang and Wang, 2016). In this approach, 

partner species can be independently optimized with respect to their roles, and 

different modules (i.e., partner strains) can be linked in various combinations to meet 

the overall biosynthetic design objectives. For instance, Jones et al. split a long 

complex pathway for the synthesis of flavan-3ols, which would have been an 

enormous metabolic burden to incorporate in one species, into two modules (Jones et 

al., 2016). In the first module, an E. coli strain was optimized to produce the precursor 

flavanones, while a second E. coli strain was engineered to produce flavan-3ols from 

the precursor. 

Cellular physiology characterization tools are essential for the study of 

interacting multi-microorganism systems, both natural and synthetic. However, 

development of such tools has been challenging due to their added complexity. In the 

past, in silico metabolic network model based approaches have been used to gain 

insight into these systems (Bull and Harcombe, 2009; Gottstein et al., 2016;  

Hanemaaijer et al., 2017; Harcombe et al., 2014). Recently, more progress was made 
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in quantifying the metabolism of co-culture systems using isotopic labeling studies. 

This isotopic labeling based framework, known as co-culture 13C-metabolic flux 

analysis (co-culture 13C-MFA), was developed to map metabolic fluxes in co-culture 

systems without the need to separate cells or metabolites (Gebreselassie and 

Antoniewicz, 2015). Instead the overall co-culture isotopic labeling measurements 

were used to deconvolute relative populations and estimate the metabolic fluxes. 

However, to our knowledge this experimental approach to quantify co-culture fluxes 

have never been extended to a cross-feeding co-culture system.  

In this chapter, previous developments in co-culture 13C-MFA is extended to a 

synthetic cross-feeding co-culture system consisting of a glucose consuming wildtype 

E. coli strain and a glucose non-consuming ȹptsI ȹglk E. coli strain. In a glucose 

minimal media, the ȹptsI ȹglk strain relies on the acetate produced by the wildtype for 

its carbon source. Through our multi-scale iterative model fitting framework, we fully 

characterize the intracellular fluxes in each species along with the extracellular 

uptake/excretion/cross-feeding fluxes and reactor scale population dynamics.  

6.2 Material and Methods 

6.2.1 Strain and growth conditions  

E. coli K-12 MG1655 (ATCC Cat. No. 700925, Manassas, VA, USA) is used 

as the wildtype strain. The ȹptsI ȹglk strain was obtained from the previous work by 

Long et al. (Long et al., 2017). The co-culture experiment was performed under 

aerobic conditions at 37 oC in a mini-bioreactor with a working volume of 10 mL, as 

described previously (Gebreselassie and Antoniewicz, 2015). To obtain a medium that 

contains acetate with the same labeling pattern as in the co-culture, the wildtype strain 



 109 

was first cultured on 5.4 g/L of [1,6-13C]glucose in 50 mL of M9 until mid-

exponential phase (OD600 = 1.8). Some of this culture was used as a pre-culture for co-

culture inoculum while the rest was filter-sterilized to serve as a co-culture medium. 

The ȹptsI ȹglk was pre-cultured individually on an M9 medium containing 1.8 g/L of 

glucose and 1.2 g/L of acetate to an OD600 of 0.6. The ȹptsI ȹglk pre-culture and the 

wildtype pre-culture were inoculated on to two replicates of the co-culture medium at 

an intended initial OD600 of 0.115 and 0.003 for culture #1 and 0.115 and 0.002 for 

culture #2 respectively. Two biomass samples were collected during mid-exponential 

phase at 6.8 hrs and 7.9 hrs. Isotopic labeling of harvested cells were analyzed with 

GC-MS.  

For mono-culture control the wildtype was pre-cultured on 5.4 g/L of [1,6-

13C]glucose in M9 until mid-exponential phase (OD600 = 1.7), where samples were 

collected for inoculation. This culture was filter-sterilized to serve as a culture for the 

wildtype. The wildtype pre-culture was inoculated in the filter-sterilized medium at a 

starting OD600 of 0.05. Cells were harvested at 4.3 hrs and 4.9 hrs by centrifugation for 

subsequent GC-MS analysis. The ȹptsI ȹglk mono-culture control was pre-cultured on 

a mixture of 1.8 g/L of glucose and 1.2 g/L of acetate until mid-exponential phase 

(OD600 = 1.8). The culture was inoculated on 2.7 g/L of [1,6-13C]glucose and 1.2 g/L 

of [2-13C]acetate. Cells were harvested at 11 hrs and 13.3 hrs by centrifugation for 

subsequent GC-MS analysis.  

For mono-culture acetate tracer experiment, wildtype E. coli was pre-cultured 

on 1.2 g/L of acetate on M9 with a working volume of 10 mL until mid-exponential 

phase (OD600 = 0.4), where samples were collected for inoculation. The pre-culture 

was inoculated into five mini-bioreactors with a working volume of 10 ml containing 
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1.2 g/L of the following acetate tracers in M9: [1-13C]acetate, [2-13C]acetate, 50% [U-

13C]acetate, a mixture of 50% [U-13C]acetate and 50% [1-13C]acetate, and a mixture of 

50% [U-13C]acetate and 50% [2-13C]acetate. Cells were harvested during mid-

exponential growth phase (between OD600 = 0.4 ï 0.55) for subsequent isotopic 

labeling analysis with GC-MS. All the mono-culture experiments are conducted under 

aerobic condition as well.  

To check glucose consumption by E. coli ȹptsI and ȹptsI ȹglk on a mixture of 

glucose and acetate culture, both strains were cultured on M9 containing a mixture of 

3.2 g/L of [U-13C]glucose and 1.2 g/l of acetate or 1.6 g/L of [U-13C]glucose and 1.2 

g/l of acetate respectively. The ȹptsI and ȹptsI ȹglk cultures were inoculated at OD600 

= 0.07, 0.08 and harvested at OD600 = 0.64, 1.22 respectively. The isotopic labeling in 

the proteinogenic amino acid were analyzed using GC-MS.  

6.2.2 Analytical methods  

The growth of the mono-cultures and co-culture was monitored by measured 

the optical density at 600 nm (OD600) using a spectrophotometer (Eppendorf 

BioPhotometer). The optical density was converted to cell dry weight concentrations 

using a pre-determined OD600 ï dry cell weight relationship for E. coli (1.0 OD600 = 

0.32 gDW/L). The glucose concentration was measured with a YSI 2700 biochemistry 

analyzer (YSI, Yello Springs, OH).  

6.2.3 Gas Chromatography mass spectrometry  

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

with DB-5MS capillary column (30 m, 0.25 mm i.d., 0.25 ɛm-phase thickness: 

Agilent J&W Scientific), connected to an Agilent 5977 A Mass Spectrometer 
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operating under ionization by electron impact (EI) at 70 eV. GC-MS analysis of tert-

butyldimethylsilyl (TBDMS) derivitized proteinogenic amino acids was performed as 

described previously (Gebreselassie and Antoniewicz, 2015). Mass isotopomer 

distributions were obtained by integration and correction for natural isotope 

abundances (Fernandez et al., 1996).  

6.2.4 GC-MS analysis of acetate  

The concentration of acetate was determined by GC-MS analysis of TBDMS 

derivatized acetic acid. At different time points, 50 ɛL of medium sample was 

collected and was used for derivatization. A fully deuterated acetic acid was used as a 

standard to quantify the acetate concentration. The injection volume for GC-MS 

analysis was 1 ɛL and samples were injected in split mode with spit ratio ranging from 

1:20 to 1:40. Helium flow was maintained at 1 mL/min. The source temperature was 

maintained at 230 oC, the MS quad temperature at 150 oC, the interface temperature at 

280 oC, and the inlet temperature at 200 oC. GC oven temperature was held at 105 oC 

for 2 minutes, increased to 140 oC at 5 oC/min, and increased to 260 oC at 20 oC/min 

for a total run time of 15 minutes. The concentration was determined from comparison 

of mass isotopomer distribution at m/z 117, which contains both the two carbon atoms 

and the deuterated standard at m/z 120.  

6.2.5 Co-culture metabolic flux analysis  

13C-MFA was performed using the Metran software (Yoo et al., 2004), which 

is based on the elementary metabolite units (EMU) framework(Antoniewicz et al., 

2007a; Young et al., 2008). The E. coli network model used for flux calculations was 

described previously by Leighty and Antoniewicz (Leighty and Antoniewicz, 2013), 
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and is given in Supplemental document. The network model includes all major 

metabolic pathways of central carbon metabolism, lumped amino acid biosynthesis 

pathways, and a lumped reaction for cell growth. In addition, the model accounts for 

the exchange of intracellular and atmospheric CO2(Leighty and Antoniewicz, 2012), 

and G-value parameters to describe fractional labeling of amino acids. As described 

previously (Antoniewicz et al., 2007c), the G-value represents the fraction of a 

metabolite produced from labeled glucose, while 1-G represents the fraction that is 

unlabeled from the inoculum. By default, one G-value parameter was included for 

each measured amino acid. Reversible reactions were modeled as separate forward 

and backward fluxes. Net and exchange fluxes were calculated as follows: vnet = vf-vb; 

vexch = min(vf, vb). Exchange fluxes were then scaled to 0-100% as follows: vexch [0-

100%] = vexch / (|vnet| + vexch) × 100%.   

For 13C-MFA of co-cultures, the micro-scale model consisted of two 

compartments, each representing a separate species, and an additional f-parameter that 

describes the co-culture composition (e.g. fraction of wildtype E. coli in the co-culture 

is fbiomass and (1 ï fbiomass) describes the fraction of ȹptsI ȹglk). Flux estimation was 

repeated at least ten times starting with random initial values for all fluxes to find a 

global solution. At convergence, 68% and 95% confidence intervals for all fluxes were 

computed for all estimated fluxes by evaluating the sensitivity of the minimized SSR 

to flux variations (Antoniewicz et al., 2006).  

6.2.6 Goodness-of-fit analysis  

To determine the goodness-of-fit, 13C-MFA fitting results were subjected to a 

c2-statistical test. In short, assuming the network model is correct and data are without 

gross measurement errors, the minimized SSR is a stochastic variable with a c2-
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distribution. 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 between c2
Ŭ/2(n-p) and c2

1-Ŭ/2(n-p), where Ŭ is a 

certain chosen threshold value, for example 0.05 for 95% confidence interval. Models 

that produced SSR values above the threshold were considered statistically not 

acceptable.  

6.3 Results 

6.3.1 E. coli mono-culture acetate flux analysis 

Before performing flux analysis on the co-culture system, flux analysis was 

first performed on E. coli growth on acetate. The flux analysis was conducted using 

parallel labeling experiments incorporating all singly labeled acetate tracers: [1-

13C]acetate and [2-13C]acetate. The best flux fit results are shown in Figure 6.1. The 

results show the pathways E. coli utilizes to take a two-carbon metabolite (acetate) and 

produce all growth precursors and generate energy. The flux results are similar to 

previously reported results (Zhao and Shimizu, 2003). These results also demonstrate 

that acetate tracers have enough information to elucidate metabolic fluxes in the 

central metabolic pathways of E. coli.   
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Figure 6.1:   E. coli flux analysis on acetate tracer. The results for parallel flux analysis 

of E. coli on [1-13C]acetate and [2-13C]acetate is shown here. These 

results show the pathways in which E. coli utilizes acetate.  
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6.3.2 Tracer selection 

As discussed in previous chapters, the extracellular measurements of substrates 

and products concentrations alone do not contain enough information to elucidate 

intracellular metabolic fluxes. Instead, isotopically labeled substrates, known as 

tracers, are used in 13C-MFA to elucidate fluxes. The isotopically labeled substrate 

results in a unique labeling pattern in metabolites that is a function of the fluxes. The 

information obtained from labeling measurements is highly dependent on the careful 

selection of tracers (Crown et al., 2016). Due to the added demands of estimating 

fluxes in co-culture systems, tracer selection is an even more important step of the 

process (Gebreselassie and Antoniewicz, 2015). There are three consideration to make 

while selecting tracers in co-culture systems. First, the tracer must elucidate mono-

culture fluxes well. For mono-culture E. coli growth on glucose, Crown et al. 

demonstrated that [1,6-13C]glucose, [1,2-13C]glucose and [5,6-13C]glucose provide the 

best overall precision. Second, the resulting labeling patterns in mono-culture vs. co-

culture must be distinguishable, i.e. fitting co-culture labeling data with a mono-

culture model should result in a statistically unacceptable fit. Third, if the co-culture 

system is a cross-feeding, the resulting labeling of the exchanged metabolite must 

function as a good tracer for the second species.  

We first selected the three commercially available tracers that perform 

optimally in E. coli mono-culture under glucose growth: [1,6-13C]glucose, [1,2-

13C]glucose and [5,6-13C]glucose (Crown et al., 2016). To elucidate optimal tracers for 

E. coli metabolism on acetate, we performed tracer experiments with five different 

tracers; [1-13C]acetate, [2-13C]acetate, 50% [U-13C]acetate, a mixture of 50% [U-
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13C]acetate and 50% [1-13C]acetate and a mixture of 50% [U-13C]acetate and 50% [2-

13C]acetate. 13C-MFA was conducted for each tracer individually. Analysis of the 

precision of the flux estimates of central carbon metabolic pathways suggested that [2-

13C]acetate performed best (Figure 6.2).  
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Figure 6.2:   Precision estimates of E. coli flux analysis on five acetate tracers. Flux 

analysis was performed on E. coli growth on acetate using five different 

tracers. For an acetate uptake rate of 100, the standard deviation of the 

flux estimates, which serves as a measure of the precision of estimates, 

are displayed above. The most precise estimates were obtained with [2-
13C]acetate tracer.  

We then looked at what the labeling of the resulting acetate tracer look like 

from the three glucose tracers. The two major pathways that catabolize glucose in E. 

coli are the glycolysis (EMP pathway) and oxidative pentose phosphate pathway 

(oxPPP). The atom transitions of glucose going to AcCoA (pre-cursor of acetate) 

through these two pathways is shown in Figure 6.3. Depending on which of the two 

pathways is used, the resulting acetate labeling from the three glucose tracers is shown 

in Figure 6.3. For instance, if the glycolysis:oxPPP split ratio is 70:30, then for [1,2-

13C]glucose the resulting acetate labeling is a mixture of (50% × 70%) = 35% [U-

13C]acetate (glycolysis contribution) and (40% × 30%) = 12% [2-13C]acetate (oxPPP 

contribution). Given [2-13C]acetate resulted in the most precise flux estimates, we 

hypothesized that [1,6-13C]glucose, which results in 100% [2-13C]acetate (from 

glycolysis) and 60% [2-13C]acetate (from oxPPP), would perform best in elucidating 

the fluxes of our co-culture system. 
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Figure 6.3:   Cross-feeding co-culture isotopic tracer selection. For cross-feeding co-

culture systems, an important aspect of tracer selection is the isotopic 

labeling pattern in the resulting cross-feeding metabolite, which serves as 

a tracer for the recipient species. To predict the labeling pattern of the 

cross-feeding metabolite (acetate), atom transition of glucose to AcCoA 

is shown for the two-major glucose catabolic pathways in wildtype E. 

coli. Based on the split between glycolysis and oxidative pentose 

phosphate pathway (oxPPP) and the glucose tracer used, the resulting 

acetate labeling can be predicting. For instance, for [1,2-13C]glucose, the 

acetate labeling is either 50% [U-13C]acetate (if glycolysis is fully used) 

or 40% [2-13C]acetate (if oxPPP is fully used). But if the split between 

glycolysis and oxPPP is 70-30, then the resulting acetate labeling will be 

a mixture of (70% x 50% - from glycolysis) 35% [U-13C]acetate and 

(30% x 40% - from oxPPP) 12% [2-13C]acetate.  
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To confirm this prediction, we simulated the isotopic labeling distribution of 

amino acids of a cross-feeding co-culture system of two E. coli strains with various 

population compositions using the three glucose tracers. First, we tested which of the 

three glucose tracers gave labeling patterns that could distinguish between mono-

culture and co-culture. For this purpose, we used the simulated labeling data to 

perform flux analysis with both mono-culture and co-culture models. The co-culture 

labeling data (simulated) from all three tracers gave statistically unacceptable fits with 

a mono-culture model (SSR larger than statistical acceptability limit), while the fits 

were acceptable with a co-culture model (Figure 6.4). The largest SSR (highly 

unacceptable fit) was obtained from [1,6-13C]glucose tracer (Figure 6.4). To assess the 

performance of the tracers, we looked at the precision of the flux estimate obtained 

using the simulated co-culture labeling data. Specifically, we looked at the flux 

estimates for three major pathways of interest; glycolysis, TCA cycle, and the 

glyoxylate shunt. As shown in Figure 6.5, for this system, as predicted, the most 

accurate and precise flux estimates were obtained with [1,6-13C]glucose tracer 

experiment. Therefore, we chose this tracer for our co-culture flux analysis.  
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Figure 6.4:   Simulated cross-feeding co-culture flux analysis results. To choose the 

best tracer, a cross-feeding E. coli strains with a given fluxes was 

constructed. For the given flux distribution (Figure 6.5) in that co-culture, 

the isotopic labeling in the metabolites was simulated using three glucose 

tracers; [1,2-13C]glucose, [1,6-13C]glucose, and [5,6-13C]glucose and for 

four different co-culture compositions. Using the simulated isotopic 

labeling data, flux analysis was performed with mono-culture and cross-

feeding co-culture network models. For all the three tracers, co-culture 

data fitted with mono-culture model did not result in a statistically 

acceptable fit. Acceptable fit was obtained only with co-culture model.  
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Figure 6.5:   Co-culture flux results of a simulated cross-feeding system. To choose 

the best tracer, a cross-feeding E. coli strains was simulated in which the 

first strain produces acetate that gets consumed by the second strain. For 

the given flux distribution shown above in the co-culture, the isotopic 

labeling in the metabolites was simulated using three glucose tracers; 

[1,2-13C]glucose, [1,6-13C]glucose, and [5,6-13C]glucose and for four 

different co-culture compositions. The simulated co-culture labeling data 

was used to fit with co-culture network model. The resulting flux 

distribution in glycolysis, citrate synthase, and glyoxylate shunt for the 

two strains is shown above. [1,6-13C]glucose performed the best in 

estimating all the three fluxes in both strains.  
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6.3.3 Co-culture experiment 

The biomass specific rates of acetate excretion/uptake and growth rate play an 

important role in the stability of the cross-feeding co-culture system of E. coli 

wildtype (WT) and ȹptsI ȹglk. Since the WT growth rate is three times higher than 

ȹptsI ȹglk, the ȹptsI ȹglk was inoculated at a much higher biomass density than the 

WT in the two replicate co-cultures. Since the WT was at a much lower biomass 

density to produce enough acetate to support the initial acetate demand by ȹptsI ȹglk, 

we supplemented acetate at the beginning of the culture as a means to óprime the 

pumpô. The supplemented acetate will allow for a continuous source of carbon for 

ȹptsI ȹglk until the wildtype produces enough acetate to meet the demand. To make 

sure that the isotopic labeling of acetate produced by the wildtype was the same as that 

of supplemented at the beginning of the experiment (i.e. maintain steady state acetate 

labeling), we used sterile filtered spent medium of WT E. coli cultured on [1,6-

13C]glucose as the co-culture medium. The spent medium used in the co-culture had 

more than 5 mM acetate at the beginning of the co-culture experiment. Co-culture 

cells were harvested for isotopic labeling analysis at two time points during the 

exponential phase of the co-cultures.  

6.3.4 Flux analysis through multi-scale iterative model fitting 

The overall isotopic labeling of metabolites in the co-culture is a function of 

the isotopic labeling of metabolites in each species and the fraction of each species 

(Gebreselassie et. al. 2017 submitted). To perform flux analysis, we constructed a 

multi-scale model that consists of; i) a micro-scale metabolic network model that 

incorporates the metabolic network of the two E. coli strains and an f-parameter that 

accounts for the fraction of each strain in the co-culture, ii) a macro-scale reactor level 
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model that represents bio-reactor level concentration measurements as a function of 

uptake/excretion rates of metabolites (Figure 6.6). At both scales, flux analysis is a 

constraint least-squares regression problem in which the square of the difference 

between the measured and simulated data were minimized subjected to stochiometric 

and mass balance constraints in both intracellular metabolic networks and at the 

bioreactor level, respectively.  The micro-scale model was used to fit the isotopic 

labeling measurements of metabolites, where the macro-scale model was used to fit 

the reactor concentration measurements. Since the two scale models share some 

common parameters, the analysis was conducted iteratively until the results 

converged.  

 

Figure 6.6:   Co-culture 13C-metabolic flux analysis. After the tracer was selected, the 

tracer experiment was conducted (A), where the two strains were 

inoculated in the presence of the chosen tracer. The co-culture growth 

was monitored with concentration measurements. Cells were harvested 

during exponential growth phase for isotopic labeling analysis. The 

isotopic labeling measurements and concentration measurements were 

fitted iteratively using the micro-scale model (Figure B.1) and macro-

scale model (B). If the flux fits were statistically acceptable and converge 

between the two scales, the estimated fluxes are plotted (C).   
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The fitted results at both scales are shown in Figure 6.7. As expected the WT 

strain catabolizes most of the glucose through glycolysis, producing acetate through 

overflow metabolism (Basan et al., 2015). The ȹptsI ȹglk strain uptakes the acetate 

(normalized to 100 in the micro-scale model for easier visualization) and metabolizes 

it through both the glyoxylate shunt, to supply biomass precursors using 

gluconeogenesis, and through the TCA cycle to generate ATP and reducing co-factors.  
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Figure 6.7:   Multi -scale co-culture flux results of a cross-feeding E. coli wildtype - 

ȹptsI ȹglk co-culture system. The multi-scale flux analysis results give 

insight into the intracellular flux distribution in each species as well as 

the extracellular uptake/excretion rates. The results show that the 

wildtype utilizes glucose mainly through the glycolytic pathway, 

producing acetate through overflow metabolism. The ȹptsI ȹglk utilizes 

the acetate through the TCA cycle and glyoxylate shunt. These 

intracellular distributions along with the macro-scale rates provide an 

important physiological information of the two strains this co-culture 

system. 
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Although ȹptsI ȹglk does not grow on glucose alone, we observed that it had a 

small but significant glucose uptake in the co-culture. In fact, if glucose uptake by 

ȹptsI ȹglk was not allowed in the co-culture network model, a statistically acceptable 

fit was not obtained. To check if glucose is also taken up by ȹptsI ȹglk during growth 

on acetate, we cultured both ȹptsI and ȹptsI ȹglk on acetate and [U-13C]glucose. In 

this case, any isotopic labeling in the biomass must have come from glucose 

consumption. The biomass amino acids of ȹptsI show considerable isotopic labeling 

of metabolites, particularly in amino acids with precursors from upper glycolysis and 

the oxidative pentose phosphate pathway (Figure 6.8). For example, 80% of 

phenylalanine carbon atoms come from the labeled glucose. This large magnitude of 

glucose utilization in a PTS deficient E. coli ȹptsI strain can be explained by the 

transport of glucose through a non-specific galactose proton symporter, GalP, 

accompanied by phosphorylation with glucokinase, glk (Gosset, 2005; Hernández-

Montalvo et al., 2003; Long et al., 2017). 
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Figure 6.8:   Glucose co-utilization by E. coli ȹptsI and ȹptsI ȹglk. To study the 

magnitude of glucose utilization (if any) by ȹptsI or ȹptsI ȹglk, both 

strains were cultured on isotopically fully labeled glucose and unlabeled 

acetate separately. After growth, the isotopic labeling in the amino acids 

of the biomass were measured. The isotopic labeling measurements were 

normalized to account for initial inoculum biomass present. The results 

show a large co-utilization of glucose and acetate by ȹptsI where most 

amino acids incorporate the isotopically labeled carbon from glucose. 

Although not at the same magnitude, ȹptsI ȹglk also co-utilized glucose 

and acetate. The isotopically labeled carbon from glucose was maily 

incorporated in amino acids with precursors located in the upper 

glycolysis and pentose phosphate pathway.  

The isotopic labeling in the double knockout (ȹptsI ȹglk), which theoretically 

blocks this alternative glucose uptake pathway, was significantly reduced.  However, 

there was still an observable amount of glucose consumption by ȹptsI ȹglk as seen in 

isotopic labeling in some biomass amino acids. For example, 5% of the phenylalanine 

carbon atoms came from the labeled glucose in the double knockout. These 

measurements support the glucose uptake observed through flux analysis.  
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The co-culture flux analysis results were compared to fluxes estimated in 

mono-culture. To replicate similar culturing conditions as in the co-culture, the WT 

was cultured on a spent medium of a WT E. coli culture, i.e. a WT E. coli was cultured 

on [1,6-13C]glucose, the supernatant was filter-sterilized and used as a medium for the 

mono-culture. The ȹptsI ȹglk was cultured on a mixture of [2-13C]acetate tracer and 

[1,6-13C]glucose. The mono-culture flux analysis results show similar flux 

distributions to the estimates of the respective strains in the co-culture (Figure 6.9). In 

both mono-culture and co-culture, the wildtype strain metabolizes glucose mainly 

through glycolysis and produces acetate through overflow metabolism. The ȹptsI ȹglk 

uptakes the acetate to metabolize it through the TCA cycle and glyoxylate shunt for 

ATP generation and gluconeogenesis respectively.   
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Figure 6.9:   Mono-culture flux distribution of E. coli ȹptsI ȹglk and wildtype. As a 

control to the cross-feeding co-culture system, flux analysis was 

performed on E. coli ȹptsI ȹglk under a mixture of [2-13C]acetate and 

[1,6-13C]glucose to simulated co-culture conditions (a). The wildtype E. 

coli was culture on a spent medium of wildtype E. coli cultured on [1,6-
13C]glucose to simulate co-culture conditions. The flux distributions in 

both cases are similar to the ones obtained in co-culture.  

6.3.5 Deconvoluting time dependent reactor concentrations 

The macro-scale model results provide an important insight into the time 

dependent behavior of the culture. The model deconvolutes the contribution of each 

strain to the production or consumption of biomass, glucose, and acetate as a function 

of time. The measured OD600 for Cultures #1 and #2 and the population composition is 
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shown in Figure 6.10A. As expected the ȹptsI ȹglk accounts for the significant part of 

the biomass at the beginning of the culture. But, by the end of the culture the WT 

accounts for close to half of the biomass. Although we observed some glucose uptake 

flux by ȹptsI ȹglk, compared to the uptake of the wildtype, its contribution was 

minimal (Figure 6.10B). The cumulative acetate production and consumption by the 

wildtype and ȹptsI ȹglk along with the co-culture measured and fitted values are 

shown in Figure 6.10C. The total acetate consumption by ȹptsI ȹglk starts from the 

initial acetate concentration of 5.6 mM and reaches just below zero (if the wildtype 

didnôt produce any acetate). But since the wildtype produces acetate, the total co-

culture acetate concentration starts to stabilize toward the end of the culture. Because 

culture #1 had more WT in the inoculum than culture #2, it fulfills the acetate 

production demand earlier, resulting in earlier acetate concentration stabilization in 

culture #1. The Gbiomass curve (amount of labeled biomass in the culture) and fbiomass 

curve (fraction of wildtype) also match that of the co-culture estimated values in the 

micro-scale model (Figure 6.10D). The fbiomass is direct representation of the changing 

population fraction of the cultures.  
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Figure 6.10: Deconvoluted time dependent culture behavior. The macro-scale model 

fit analysis enables the deconvolution of reactor-level concentration 

measurements to identify the contributions of each strain. The 

deconvoluted OD600 measurements indicated that the co-cultures were 

predominantly composed of ȹptsI ȹglk at the beginning of the culture 

(A). Over the course of the culture the wildtype accounts for more and 

more fraction of the population. The glucose concentration decrease in 

the culture was mainly accounted by the wildtype consumption (B). The 

contribution of each strain for the total co-culture acetate concentration is 

displayed in (C). The ȹptsI ȹglk and wildtype acetate curve indicates the 

acetate consumption and production by the two strains. The sum of the 

two reflects the acetate curve of the co- culture. In addition, the Gbiomass 

and fbiomass fits show the fraction of labeled biomass and fraction of the 

wildtype strain in the co-culture (D).  
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6.4 Conclusion 

Metabolic flux analysis is a widely used cellular physiological characterization 

tool at the metabolic level. Through this tool fluxes can be elucidated in metabolic 

pathways. However, characterization of co-culture metabolic fluxes is a novel concept. 

Particularly, cross-feeing co-cultures bring about additional challenges. Here, we 

implement a multi-scale model approach to elucidate both intracellular metabolic 

fluxes and extracellular uptake/excretion rates including acetate cross-feeding rates. 

We also deconvoluted the reactor level metabolite concentrations to study dynamic 

culture behaviors. We demonstrate that tracer selection is a crucial aspect of co-culture 

flux analysis. It is important to choose a tracer that can elucidate mono-culture fluxes 

well, be able to distinguish mono- and co-cultures, and for a cross-feeding system 

should result in an isotopic labeling pattern of the cross-fed metabolite that serves as 

an effective tracer for the recipient strain. A careful consideration of these factors is a 

first important step in elucidating metabolic fluxes in co-culture.  

The multi-scale modeling approach enabled us to characterize intracellular 

fluxes in species and deconvolute time dependent culture level concentrations. The 

intracellular fluxes reveal a typical wildtype glucose metabolism in which most of the 

glucose is catabolized through glycolysis. We also observed ȹptsI ȹglk growth on 

acetate through glyoxylate shunt and TCA cycle. The glyoxylate shunt produces a 

four-carbon atom metabolite (malate) from two-carbon atom substrate (acetate). The 

malate is metabolized through gluconeogenesis to synthesize biomass precursors. The 

framework has also enabled the deconvolution of reactor level growth and 

concentration measurements, giving detailed insight into the co-culture population 

dynamics.    
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More broadly speaking, this work is an important demonstration of the 

capabilities of our co-culture metabolic flux analysis framework, which was developed 

previously and been demonstrated in non-interacting co-culture by Gebreselassie et al. 

2017 (submitted). The extension of this framework to a synthetic cross-feeding co-

culture is the first step in applying it to other natural or industrially relevant systems. 

Particularly, this framework could support metabolic engineering effort of multi-

microorganism systems as well as scientific efforts aimed at exploring consortium 

metabolism. The cellular physiology of species which require partner species for 

growth can potentially be elucidated using this co-culture 13C-metabolic framework. 
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CONCLUSION  

Multi -microorganism cellular physiology characterization tools are important 

to drive metabolic engineering efforts and to study microbial consortia. Metabolic flux 

analysis based on isotopic tracer labeling (typically 13C) is a unique tool that allows 

quantitative elucidation of intracellular metabolic fluxes. Although various design and 

implementation aspects of 13C-MFA have been developed over the past two decades, 

13C-MFA for multi-microorganism systems has been limited in scope and 

applicability. Previous studies of 13C-MFA in multi-microorganism systems have 

required physical separation of metabolites to obtain species-specific labeling 

distribution in order to estimate metabolic fluxes. In this thesis, I have presented and 

applied a framework for co-culture 13C-MFA that doesnôt require any physical 

separation of cells or metabolites. The framework uses the overall isotopic labeling of 

metabolites from the co-culture to estimate fluxes in each species. It utilizes the same 

measurements made in mono-culture 13C-MFA, and existing mono-culture 

computational frameworks can be extended and used for the co-culture framework. 

Due to the simplicity and flux-resolving power of this new co-culture flux analysis 

framework, we anticipate that this method will have a widespread impact in multi-

microorganism physiological studies. 

Chapter 7 
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7.1 Summary of Results 

In Chapter 2, I presented a new framework for co-culture 13C-MFA. The 

theory behind the framework was demonstrated with a simple linear model where the 

isotopic labeling of metabolites can be presented as a linear combination of EMU-

Basis Vectors (BV). The rank of the EMU-BV determines the number of free fluxes 

that are resolvable in the system. We hypothesized that if the number of free fluxes in 

the co-culture model is less than the range of the EMU-BV, all the co-culture fluxes 

should be resolvable. To test this hypothesis, flux analysis was performed by 

minimizing the sum of the squared differences between measured and simulated 

labeling distributions, subject to stoichiometric constraints of the co-culture model. 

This model incorporates two mono-culture models and an f-parameter to estimate the 

composition. It was demonstrated that the fluxes in the co-culture can be accurately 

estimated through this approach. Additionally, the range of the EMU-BV depends on 

the tracer used, which suggested that the observability of fluxes is directly dependent 

on tracer choice. Furthermore, through simulated models, it was found that tracers that 

perform optimally in mono-cultures do not necessarily perform well in co-cultures. 

These simulated findings were then confirmed experimentally with a preliminary 

analysis of an E. coli ȹpgi ï ȹzwf co-culture system. 

Before applying the co-culture framework to the first model system of an E. 

coli ï S. cerevisiae co-culture, the S. cerevisiae 13C-MFA network model was 

validated in Chapter 3. The development of this comprehensive 13C-MFA network 

model from the genome scale model was motivated by inconsistencies and a lack of 

consensus among previously publish models. The assumptions made while 

constructing this network model are discussed in detail in Chapter 3. The curated 

network model was rigorously validated using parallel labeling experiments using all 
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singly labeled glucose tracers and [1,2-13C]glucose tracer. Beyond its use in this work, 

the validated network model will serve as a valuable tool for flux analysis studies of S. 

cerevisiae in the future.  

The co-culture framework introduced in Chapter 2 was further extended in 

Chapter 4 and applied to an E. coli ï S. cerevisiae co-culture system. For this system, 

the species have different metabolic network models, making it easier to distinguish 

species-specific flux patterns. However, because the two species consume and produce 

the same products, capturing yield or uptake/excretion rates is not possible from 

concentration measurements alone. To overcome this challenge, a multi-scale 

modeling approach was developed that includes: 1) a micro-scale model incorporating 

the metabolic network models of the two species, and 2) a macro-scale model 

capturing reactor level growth profiles. This multi-scale analysis approach 

successfully estimated both intracellular reaction rates and extracellular 

uptake/excretion rates, making it an important advance in co-culture flux analysis 

framework. In addition to the amino acid labeling measurements, the isotopic labeling 

of the products secreted by both species was measured and used for flux analysis. 

Furthermore, since S. cerevisiae cells are 5 - 10x larger than E. coli cells, a simple 

filtration-based cell separation technique was developed in which the co-culture 

samples could be filtered to obtain samples that are enriched with either of the two 

species. It was shown that incorporating isotopic labeling of these enriched samples 

enhanced the precision of flux estimates significantly. Thus, although not strictly 

necessary, application of this simple separation process brought about meaningful 

improvements to the flux results for analysis of this co-culture system.  
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In Chapter 5, the multi-scale model fitting approach developed in Chapter 4 

was applied in an E.coli ȹpgi ï ȹzwf co-culture system. This system is more 

challenging to deconvolute since both strains have the same metabolic network model 

and produce the same products, i.e. biomass, acetate, and CO2. Analogous to the E. 

coli ï S. cerevisiae system, isotopic labeling measurements of the products were 

incorporated to obtain more information about the contribution of each strain to the 

total product synthesis. Co-culture multi-scale flux analysis revealed a ȹpgi strain that 

utilized glucose through oxidative pentose phosphate pathway and grew much slower 

than ȹzwf, which catabolized glucose only through the glycolytic pathway. The time 

dependent co-culture composition was also estimated with the macro-scale growth fits.  

In Chapter 6, the co-culture 13C-MFA framework was extended further to 

study metabolism in a cross-feeding co-culture system. In this co-culture, wild-type E. 

coli was cultured with a glucose non-consuming ȹptsI ȹglk strain. The ȹptsI ȹglk 

relied on acetate produced by the wild-type for cell growth. In this co-culture system, 

the importance of carefully selecting the tracer was discussed. Unlike the previous 

systems which relied solely on selection of a glucose tracer, in this case the resulting 

acetate labeling that is produced by the wild-type also serves as a tracer for ȹptsI ȹglk 

and had to be carefully analyzed. The multi-scale co-culture flux analysis approach 

captured not only the intracellular fluxes in each species, but also the uptake/excretion 

rates and acetate cross-feeding rates.  

In this thesis, through the different examples, I presented important 

experimental design parameters to consider while implementing the co-culture 13C-

MFA framework. The following are some of the considerations to make while 

designing a co-culture flux analysis experiment: 
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i. Define co-culture system. First, the co-culture system under 

investigation should be defined including all carbon sources and 

potential interaction or cross-feeding. The goal of the flux analysis 

experiment should also be defined.  

ii.  Determine layout of experiment. Next, the layout of the 

experiment should be chosen. Co-culture 13C-MFA can be based on 

a single tracer experiment or parallel labeling experiments. That 

decision depends on the goal of the experiment and the budget for 

the experiment since parallel labeling experiments provide more 

information than single tracer experiments, but are also more 

expensive.  

iii.  Identify optimal mono-culture tracers. Next, optimal mono-

culture tracers are identified. If two different substrates are 

consumed by the co-culture components, two optimal tracers can be 

identified for each culture. If the co-culture system involves 

metabolite exchange, the resulting isotopic labeling of the cross-

feeding metabolite (i.e. the tracer for the receiving strain) should be 

considered carefully.  
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iv. Determine the labeling of metabolites to be measured. Based on 

available protocols and equipment, metabolites for isotopic labeling 

measurement are identified. 

v. Identify  optimal co-culture tracers. Before choosing a co-culture 

tracer, simulations should be performed for single and parallel 

labeling experiment to pick the tracer(s) that distinguishes mono-

culture and co-culture, resolves co-culture fluxes, and results in 

synergistic output (in parallel experiments). Once the tracers are 

selected, the tracer experiment can be conducted and analyzed.  

7.2 Future Directions 

There are multiple opportunities to expand and optimize the tools presented in 

this thesis in future studies. The experimental design and layout as well as the 

metabolic network modeling framework are two important design parameters that 

need further investigation. In addition, it is important to study if the framework 

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

7.2.1 Co-culture 13C-MFA experimental layout and design 

As discussed earlier, the experimental layout, tracer selection, and choice of 

labeling measurement are critical experimental design parameters for co-culture 13C-

MFA.  
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7.2.1.1 Tracer selection 

The importance of judicious selection of tracers has been briefly discussed in 

Chapters 2 and 6. While selecting the co-culture tracers, we suggested to consider how 

well it performs in mono-culture systems, how well it distinguishes between a mono-

culture and a co-culture, and, if the co-culture is cross-feeding, how well the resulting 

cross-fed metabolite performs as a tracer for the recipient organism. Finding a tracer 

or combination of tracers that meet all these criteria is not a trivial task. Co-culture 

simulations must be deployed to check the optimality of different tracers. Since the 

search space is large, a good starting point is to identify optimal mono-culture tracers. 

It is important to highlight the findings in Chapter 2, where some tracers that 

performed fairly well in mono-cultures performed poorly in co-cultures. Therefore, 

once a range of optimal mono-culture tracers are identified, their performance and 

ability to distinguish between mono-cultures and co-cultures, as well as to estimate co-

culture fluxes with high precision, must be examined.  

A logical extension to this work is to identify optimal tracers for different 

carbon sources. The work by Crown et al. over the past few years has contributed a 

many insights into the performance of different glucose tracers in mono-culture 

systems (Crown et al., 2016, 2015, 2012; Crown and Antoniewicz, 2012). Similar 

analysis can be performed for various other carbon sources, including xylose, acetate, 

pyruvate, citrate, glutamate, and aspartate. Identification of good tracers for various 

alternative carbon sources is an important piece of information that can dramatically 

reduce the search space for co-culture tracer selection. For instance, as discussed in 

Chapter 6, knowledge of optimal glucose and acetate tracers for mono-cultures helped 

us to hypothesize optimal tracers for the cross-feeding co-culture system, which was 

confirmed through simulations.  
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7.2.1.2 Experimental layout 

Another important design parameter is the experimental layout. As discussed 

in the introduction, flux analysis can be performed as a single tracer experiment, or in 

replicate experiments conducted in parallel. Parallel labeling experiments have been 

applied in the past to obtain high-resolution fluxes by incorporating tracers that have 

synergistic effect when applied together in parallel labeling experiments. The same 

principle can be applied to co-culture 13C-MFA studies in the future. Although the 

design space of all possible combinations of tracers in co-cultures is much larger 

(especially if the two organisms consume two different substrates), tracers that have 

been identified to be optimal in mono-culture systems can be used as a starting point 

for this endeavor. Particularly, it would be useful to investigate and identify potential 

tracer combinations that have synergistic effects on flux estimate precision when used 

in parallel.   

7.2.1.3 Experimental measurements 

The choice of metabolites for isotopic labeling measurement is another 

important decision in co-culture flux analysis. For instance, as discussed in Chapters 4 

and 5, incorporation of isotopic labeling measurements of products produced by both 

strains provided important information on the contribution of each strain to the total 

product synthesis.  In Chapter 2, I also discussed the importance of measuring 

metabolites that are the products of condensation reactions.  

For example, consider two organisms that produce M2 and M1 labeling in a 

polymer composed of three monomers as shown in Figure 7.1. For a 50/50 co-culture 

of these organisms, if we measure the isotopic labeling of each monomer in the co-

culture, we get 50% M0 and 50% M1 for all monomers. Although measuring isotopic 
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labeling of each monomer provides high resolution data, it doesnôt provide any 

information on how the labeling of each monomer is related with each other. If we 

measure the isotopic labeling of the total polymer in the co-culture, we get 50% M1 

and 50% M2, which suggests that the polymer has either one of its monomers labeled 

or two of its monomers labeled (i.e. there are no fully unlabeled or fully labeled 

polymers in the system). This additional information gained by measuring the labeling 

of the polymer (i.e. convoluted products) could not have been obtained from monomer 

labeling measurements and is thus very useful in co-culture flux analysis.  

Moving forward, there are other opportunities to expand the output of our 

framework even further. With the help of next generation mass-spectrometry 

technologies, isotopic labeling measurement capabilities are growing. The ability to 

measure isotopic labeling in polymers such as peptides will be a crucial component of 

multi-microorganism flux analysis (Ghosh et al., 2014). As illustrated above, isotopic 

labeling data in peptides inherently has less information (resolution) than amino acid 

labeling measurements. However, in multi-microorganism systems, peptide labeling 

measurements carry valuable information since they carry convoluted labeling 

information of multiple metabolites from the same species. Previously, the measured 

peptides had to be unique to one species (Ghosh et al., 2014). Our method can resolve 

this tradeoff between high-resolution information and low-resolution yet valuable 

peptide labeling information by synergistically incorporating the two together. This 

could be achieved by fitting both overall co-culture amino acid and peptide labeling 

data using our micro-scale model, in which case (just like amino acids) the measured 

peptides donôt have to be unique to one of the species. Thus, in the future, peptides 
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along with amino acid labeling measurements will enable metabolic flux analysis 

based cellular physiological studies in cultures containing more than two species.   

 

Figure 7.1:   Isotopic labeling measurement information gained from macro-

molecules. Although monomer isotopic labeling measurement provide 

high resolution information, polymer labeling measurements provide 

complimentary information in how the monomer labeling is related.  

7.2.2 Co-culture 13C-MFA metabolic network model and computational 

framework  

The modeling and computational framework for analysis of co-culture systems 

presented in this thesis is an extension of the existing framework for mono-culture 

systems. However, because this modeling and computational framework was 

originally developed for mono-culture systems, it faces some limitations. Compared to 

a mono-culture network model, a co-culture network model would typically have 
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more than twice the number of reactions and free fluxes. Therefore, the mono-culture 

quadratic programming solver scheme is not necessarily as effective in co-culture 

systems with many more degrees of freedom and more complex solution topology. 

Additionally, introduction of a more efficient computational modeling framework, 

similar to the one brought about by the EMU framework a decade ago, could play a 

significant role in reducing the computation time. Unless resolved, these issues could 

limit the capability of existing frameworks in converging to the global solution that 

results in the best flux fix. Therefore, in the future, more network modeling and 

computation development is necessary to sustain the growth of co-culture 13C-MFA.  

7.2.3 Beyond co-culture 13C-MFA  

7.2.3.1 Co-culture MFA for two -state dynamic metabolism 

The framework discussed in the thesis is not limited to co-culture systems. Any 

two-state metabolic system could be analyzed with this framework. An example of 

such a system is carbon catabolite repression, which results in diauxic growth (Görke 

and Stülke, 2008; Nanchen et al., 2008). In diauxic growth, the presence of a certain 

substrate prevents the utilization of other substrates. For instance, in the presence of 

glucose and xylose, E. coli preferentially and strictly utilizes glucose first before 

utilizing xylose. To study the metabolism of this two-state system, one could envision 

performing flux analysis using the co-culture flux analysis to deconvolute time 

dependent behavior.  

7.2.3.2 Towards multi-culture MFA  

The work presented in this thesis solely looked at co-culture systems. But it is 

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

organism cultures. More specifically, it would be important to analyze if the 

proteinogenic amino acid labeling measurement of the population contains enough 

information to resolve fluxes in three or more species. Furthermore, the likelihoods of 

resolving fluxes in three or more organism culture could be enhanced by taking more 

isotopic labeling measurements. As discussed earlier, advances in mass spectroscopy 

technologies that enable isotopic labeling measurement of products that are the result 

of condensations (e.g. peptides) could have a profound impact in flux analysis and 

have the potential to broaden the scope of the framework presented in this thesis to 

more than two-organism cultures, paving the way for flux analysis of naturally 

relevant microbial consortia.  
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SUPPLEMENTARY CONTENT FOR CHAPTER 1  

Metabolic flux analysis procedure 

Metabolic flux elucidation through tracer experiment, as illustrated in Figure 

A1, involves the following steps:  

1. The microorganism is cultured in the presence of a tracer (e.g. 13C-

labeled glucose). 

2. The resulting isotopic labeling distribution in the metabolites (i.e. mass 

isotopomer distribution (MID)), usually proteinogenic amino acids, is 

measured using mass spectroscopy techniques (e.g. GC-MS). 

3. The metabolic network model of the organism is constructed. 

4. For a given tracer, and metabolic fluxes, the isotopic labeling 

distribution in the metabolites can be simulated. 

5. The metabolic fluxes in the microorganism is calculated by solving a 

least-squares residual minimization problem in which the square of the 

difference between the measured MID and simulated MID is 

minimized by changing the metabolic fluxes subject to the 

stochiometric constraints of the network model. 

Appendix A 
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Figure A.1:  Metabolic flux analysis. As discussed above metabolic flux analysis 

involves a tracer experiment, network construction and flux calculation 

through least-squares regression.    
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SUPPLEMENTARY CONTENT  FOR CHAPTER 2 

Co-culture metabolic flux analysis procedure 

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

following steps:  

1. The two organisms are cultured together the presence of a tracer (e.g. 
13C-labeled glucose). 

2. The resulting isotopic labeling distribution in the metabolites of the co-

culture (i.e. mass isotopomer distribution (MID)), usually proteinogenic 

amino acids, is measured using mass spectroscopy techniques (e.g. GC-

MS). 

3. The co-culture metabolic network model that includes a 

compartmentalized network model of each organism is constructed. 

4. For a given tracer, metabolic fluxes in each species, and co-culture 

composition, the isotopic labeling distribution in the metabolites can be 

simulated. 

5. The metabolic fluxes in the microorganism is calculated by solving a 

least-squares residual minimization problem in which the square of the 

difference between the measured MID and simulated co-culture MID is 

minimized by changing the metabolic fluxes subject to the 

stochiometric constraints of the network model. 

 

Appendix B 
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Figure B.1:  The procedure for co-culture flux analysis. As discussed above co-culture 

flux analysis involves a tracer experiment, model construction and 

simulation, and flux calculation through least-squares regression. 



 171 

 

Table B.1:    Simulated mass isotopomer distributions of total metabolite labeling for 

small example co-culture model 

Co-culture composition of species 

#1/species #2 

Metabolite E 

M0 M1 M2 

0/100 0.800 0.200 0.000 

25/75 0.650 0.350 0.000 

50/50 0.500 0.500 0.000 

75/25 0.350 0.650 0.000 

100/0 0.200 0.800 0.000 

25/75 (w interaction) 0.650 0.350 0.000 

50/50 (w interaction) 0.500 0.500 0.000 

75/25 (w interaction) 0.350 0.650 0.000 

Co-culture composition of species 

#1/species #2 

Metabolite F 

M0 M1 M2 M3 M4 

0/100 0.640 0.320 0.040 0.000 0.000 

25/75 0.490 0.320 0.190 0.000 0.000 

50/50 0.340 0.320 0.340 0.000 0.000 

75/25 0.190 0.320 0.490 0.000 0.000 

100/0 0.040 0.320 0.640 0.000 0.000 

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

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

75/25 (w interaction) 0.138 0.320 0.542 0.000 0.000 

Co-culture composition of  species 

#1/species #2 

Metabolite G 

M0 M1 M2 M3 M4 M5 M6 

0/100 0.512 0.384 0.096 0.008 0.000 0.000 0.000 

25/75 0.386 0.312 0.168 0.134 0.000 0.000 0.000 

50/50 0.260 0.240 0.240 0.260 0.000 0.000 0.000 

75/25 0.134 0.168 0.312 0.386 0.000 0.000 0.000 

100/0 0.008 0.096 0.384 0.512 0.000 0.000 0.000 

25/75 (w interaction) 0.261 0.281 0.293 0.165 0.000 0.000 0.000 

50/50 (w interaction) 0.177 0.219 0.323 0.281 0.000 0.000 0.000 

75/25 (w interaction) 0.093 0.158 0.354 0.396 0.000 0.000 0.000 
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Figure  B.2:  Results of 13C-MFA obtained using a mono-culture model (results shown 

with black line) and co-culture model (results shown with blue lines) of 

simple model system. The analysis discussed in Figure 2.3 was repeated 

with smaller and larger fractions of species #1. The co-culture model 

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

matched perfectly with the true flux values.   
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Table B.2:    SSR and flux results of mono-culture and co-culture model fit of 

simulated simple model example co-culture 

Non-interacting co-culture system 
 

SSR Result for model: 
    

Co-culture composition Mono-culture Co-culture V2 SD f1 SD 

10/90 1151 0 80 0 0.10 0.01 

20/80 4186 0 80 0 0.20 0.01 

30/70 8231 0 80 0 0.30 0.01 

40/60 11930 0 80 0 0.40 0.01 

50/50 13500 0 80 0 0.50 0.01 

60/40 11931 0 80 0 0.60 0.01 

70/30 8231 0 80 1 0.70 0.01 

80/20 4186 0 80 1 0.80 0.01 

90/10 1151 0 80 2 0.90 0.01 

Acceptable SSR 26 24.7 
 

Interaction co-culture system 
 

SSR Result for model: 
      

Co-culture 

composition 

Mono-

culture 

Co-

culture 

Co-culture 

w/ intern. 

V2 SD f1 SD Vexch SD 

10/90 9137.1 4575.2 0 80 1 0.1 0.0 15 1 

20/80 10488 3615 0 80 1 0.2 0.0 15 0 

30/70 11494.8 2767.7 0 80 1 0.3 0.0 15 0 

40/60 11478 2033.4 0 80 1 0.4 0.0 15 0 

50/50 10148.6 1412.1 0 80 1 0.5 0.0 15 0 

60/40 7791.2 903.8 0 80 1 0.6 0.0 15 0 

70/30 5023.3 508.4 0 80 1 0.7 0.0 15 1 

80/20 2478.1 226 0 80 2 0.8 0.0 15 1 

90/10 672.4 56.5 0 80 3 0.9 0.0 15 2 

Acceptable 

SSR 

26.1 24.7 23.3 
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Table B.3:    Measured mass isotopomer distributions of total biomass amino acids 

from co-culture of E. coli pgi-knockout and E. coli zwf-knockout 

Fragment MID   Fragment MID   Fragment MID  

Ala232 (M0) 41 
 

Ser390 (M0) 33.4 
 

Glu432 (M0) 17.8 

Ala232 (M1) 16 
 

Ser390 (M1) 21 
 

Glu432 (M1) 13.8 

Ala232 (M2) 33.8 
 

Ser390 (M2) 30.6 
 

Glu432 (M2) 28 

Ala232 (M3) 6.7 
 

Ser390 (M3) 10.1 
 

Glu432 (M3) 15.3 

Ala232 (M4) 2.6 
 

Ser390 (M4) 4.1 
 

Glu432 (M4) 15.5 

    
 

Ser390 (M5) 0.9 
 

Glu432 (M5) 6.6 

Ala260 (M0) 40.4 
 

    
 

Glu432 (M6) 2.4 

Ala260 (M1) 11.6 
 

Thr376 (M0) 32 
 

Glu432 (M7) 0.7 

Ala260 (M2) 36.7 
 

Thr376 (M1) 20.1 
 

    

Ala260 (M3) 7.9 
 

Thr376 (M2) 28.9 
 

Lys329 (M0) 20.5 

Ala260 (M4) 3.1 
 

Thr376 (M3) 12.8 
 

Lys329 (M1) 13.6 

Ala260 (M5) 0.4 
 

Thr376 (M4) 4.8 
 

Lys329 (M2) 29.7 

    
 

Thr376 (M5) 1.3 
 

Lys329 (M3) 13.6 

Gly218 (M0) 48.1 
 

    
 

Lys329 (M4) 15.3 

Gly218 (M1) 39 
 

Thr404 (M0) 30.4 
 

Lys329 (M5) 5.7 

Gly218 (M2) 9.9 
 

Thr404 (M1) 17 
 

Lys329 (M6) 1.7 

Gly218 (M3) 3 
 

Thr404 (M2) 30.1 
 

    

    
 

Thr404 (M3) 12.8 
 

Lys431 (M0) 17.7 

Gly246 (M0) 45.1 
 

Thr404 (M4) 7.2 
 

Lys431 (M1) 11.9 

Gly246 (M1) 39.9 
 

Thr404 (M5) 2 
 

Lys431 (M2) 27.8 

Gly246 (M2) 11 
 

Thr404 (M6) 0.6 
 

Lys431 (M3) 14.7 

Gly246 (M3) 3.5 
 

    
 

Lys431 (M4) 16.6 

Gly246 (M4) 0.5 
 

Phe302 (M0) 43.8 
 

Lys431 (M5) 6.9 

    
 

Phe302 (M1) 40 
 

Lys431 (M6) 3.1 

Val260 (M0) 23.2 
 

Phe302 (M2) 12.4 
 

Lys431 (M7) 0.9 

Val260 (M1) 11.7 
 

Phe302 (M3) 3.8 
 

Lys431 (M8) 0.2 

Val260 (M2) 34.9 
 

    
 

    

Val260 (M3) 8.8 
 

Phe308 (M0) 21 
 

Tyr302 (M0) 44 

Val260 (M4) 17 
 

Phe308 (M1) 11.3 
 

Tyr302 (M1) 39.8 

Val260 (M5) 3.2 
 

Phe308 (M2) 29.8 
 

Tyr302 (M2) 12.5 

Val260 (M6) 1.2 
 

Phe308 (M3) 9.8 
 

Tyr302 (M3) 3.8 

    
 

Phe308 (M4) 17.8 
 

Tyr302 (M4)   

Val288 (M0) 23.1 
 

Phe308 (M5) 5.4 
 

    

Val288 (M1) 9.7 
 

Phe308 (M6) 3.5 
 

Met218 (M0) 24.1 

Val288 (M2) 34.5 
 

Phe308 (M7) 1.1 
 

Met218 (M1) 24.2 

Val288 (M3) 10.3 
 

Phe308 (M8) 0.3 
 

Met218 (M2) 23.4 

Val288 (M4) 17.1 
 

    
 

Met218 (M3) 20.3 

Val288 (M5) 3.6 
 

Phe336 (M0) 21 
 

Met218 (M4) 6.1 

Val288 (M6) 1.3 
 

Phe336 (M1) 10.1 
 

Met218 (M5) 1.9 

Val288 (M7) 0.2 
 

Phe336 (M2) 29.8 
 

    

    
 

Phe336 (M3) 10.6 
 

Met320 (M0) 20.6 

Leu274 (M0) 15.6 
 

Phe336 (M4) 17.8 
 

Met320 (M1) 20.9 

Leu274 (M1) 15.9 
 

Phe336 (M5) 5.7 
 

Met320 (M2) 23.5 

Leu274 (M2) 23.3 
 

Phe336 (M6) 3.6 
 

Met320 (M3) 20.2 

Continues next page é 
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Leu274 (M3) 20.1 
 

Phe336 (M7) 1.1 
 

Met320 (M4) 8.8 

Leu274 (M4) 12.9 
 

Phe336 (M8) 0.3 
 

Met320 (M5) 4.2 

Leu274 (M5) 9.4 
 

Phe336 (M9) 0.1 
 

Met320 (M6) 1.2 

Leu274 (M6) 2.1 
 

    
 

Met320 (M7) 0.6 

Leu274 (M7) 0.7 
 

Asp302 (M0) 41.5 
 

    

    
 

Asp302 (M1) 35.6 
 

His338 (M0) 7.4 

Ile200 (M0) 23.4 
 

Asp302 (M2) 17.9 
 

His338 (M1) 16.7 

Ile200 (M1) 13.2 
 

Asp302 (M3) 5 
 

His338 (M2) 22.7 

Ile200 (M2) 31.5 
 

    
 

His338 (M3) 27.6 

Ile200 (M3) 12.2 
 

Asp390 (M0) 31.7 
 

His338 (M4) 17.6 

Ile200 (M4) 14.6 
 

Asp390 (M1) 19.6 
 

His338 (M5) 5.6 

Ile200 (M5) 4.1 
 

Asp390 (M2) 29.3 
 

His338 (M6) 1.9 

Ile200 (M6) 0.8 
 

Asp390 (M3) 13.1 
 

His338 (M7) 0.6 

Ile200 (M7) 0.2 
 

Asp390 (M4) 5 
 

    

    
 

Asp390 (M5) 1.4 
 

His440 (M0) 6.5 

Ile274 (M0) 21 
 

    
 

His440 (M1) 14.1 

Ile274 (M1) 13.5 
 

Asp418 (M0) 30 
 

His440 (M2) 20.7 

Ile274 (M2) 30.1 
 

Asp418 (M1) 16.6 
 

His440 (M3) 19.2 

Ile274 (M3) 13.5 
 

Asp418 (M2) 30.2 
 

His440 (M4) 17.1 

Ile274 (M4) 15 
 

Asp418 (M3) 13 
 

His440 (M5) 14.8 

Ile274 (M5) 5.1 
 

Asp418 (M4) 7.4 
 

His440 (M6) 5.2 

Ile274 (M6) 1.5 
 

Asp418 (M5) 2.1 
 

His440 (M7) 1.9 

Ile274 (M7) 0.3 
 

Asp418 (M6) 0.7 
 

His440 (M8) 0.4 

    
 

    
   

Pro258 (M0) 22.8 
 

Glu330 (M0) 21.3 
   

Pro258 (M1) 15.2 
 

Glu330 (M1) 15.6 
   

Pro258 (M2) 31.4 
 

Glu330 (M2) 30.9 
   

Pro258 (M3) 11.8 
 

Glu330 (M3) 12.9 
   

Pro258 (M4) 14.8 
 

Glu330 (M4) 14.7 
   

Pro258 (M5) 3 
 

Glu330 (M5) 3.5 
   

Pro258 (M6) 1.1 
 

Glu330 (M6) 1.2 
   

    
 

    
   

Ser362 (M0) 36.5 
      

Ser362 (M1) 23.3 
      

Ser362 (M2) 30.6 
      

Ser362 (M3) 9.6 
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Table B.4:    Metabolic network model of E. coli used for 13C metabolic flux analysis 

Glycolysis 

v1 Gluc.ext (abcdef) + PEP (ghi) ­ G6P (abcdef) + Pyr (ghi) 

v2 G6P (abcdef) ª F6P (abcdef) 

v3 F6P (abcdef) + ATP ­ FBP (abcdef)  

v4 FBP (abcdef) ª DHAP (cba) + GAP (def) 

v5 DHAP (abc) ª GAP (abc) 

v6 GAP (abc) ª 3PG (abc) + ATP + NADH 

v7 3PG (abc) ª PEP (abc) 

v8 PEP (abc) ­ Pyr (abc) + ATP 

 

Pentose Phosphate Pathway 

v9 G6P (abcdef) ­ 6PG (abcdef) + NADPH 

v10 6PG (abcdef) ­ Ru5P (bcdef) + CO2 (a) + NADPH 

v11 Ru5P (abcde) ª X5P (abcde) 

v12 Ru5P (abcde) ª R5P (abcde) 

v13 X5P (abcde) ª TK-C2 (ab) + GAP (cde) 

v14 F6P (abcdef) ª TK-C2 (ab) + E4P (cdef) 

v15 S7P (abcdefg) ª TK-C2 (ab) + R5P (cdefg) 

v16 F6P (abcdef) ª TA-C3 (abc) + GAP (def) 

v17 S7P (abcdefg) ª TA-C3 (abc) + E4P (defg) 

 

Entner-Doudoroff Pathway 

v18 6PG (abcdef) ­ KDPG (abcdef) 

v19 KDPG (abcdef) ­ Pyr (abc) + GAP (def) 

 

TCA Cycle 

v20 Pyr (abc) ­ AcCoA (bc) + CO2 (a) + NADH 

v21 OAC (abcd) + AcCoA (ef) ­ Cit (dcbfea) 

v22 Cit (abcdef) ª ICit (abcdef) 

v23 ICit (abcdef) ª AKG (abcde) + CO2 (f) + NADPH 

v24 AKG (abcde) ­ SucCoA (bcde) + CO2 (a) + NADH 

v25 SucCoA (abcd) ª Suc (½ abcd + ½ dcba) + ATP 

v26 Suc (½ abcd + ½ dcba) ª Fum (½ abcd + ½ dcba) + FADH2 

v27 Fum (½ abcd + ½ dcba) ª Mal (abcd) 

v28 Mal (abcd) ª OAC (abcd) + NADH 

 

Glyoxylate Shunt 

v29 ICit (abcdef) ª Glyox (ab) + Suc (½ edcf + ½ fcde)          

v30 Glyox (ab) + AcCoA (cd) ­ Mal (abdc)        
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Amphibolic Reactions 

v31 Mal (abcd) ­ Pyr (abc) + CO2 (d) + NADH 

v32 PEP (abc) + CO2 (d) ­ OAC (abcd) 

v33 OAC (abcd) + ATP ­ PEP (abc) + CO2 (d) 

 

Acetic Acid Formation 

v34 AcCoA (ab) ª Ac (ab) + ATP 

 

Amino Acid Biosynthesis 

v35 AKG (abcde) + NADPH + NH3 ­ Glu (abcde) 

v36 Glu (abcde) + ATP + NH3 ­ Gln (abcde) 

v37 Glu (abcde) + ATP + 2 NADPH ­ Pro (abcde) 

v38 Glu (abcde) + CO2 (f) + Gln (ghijk) + Asp (lmno) + AcCoA (pq) + 5 ATP + NADPH 

­ Arg (abcdef) + AKG (ghijk) + Fum (lmno) + Ac (pq) 

v39 OAC (abcd) + Glu (efghi) ­ Asp (abcd) + AKG (efghi) 

v40 Asp (abcd) + 2 ATP + NH3 ­ Asn (abcd) 

v41 Pyr (abc) + Glu (defgh) ­ Ala (abc) + AKG (defgh) 

v42 3PG (abc) + Glu (defgh) ­ Ser (abc) + AKG (defgh) + NADH 

v43 Ser (abc) ª Gly (ab) + MEETHF (c) 

v44 Gly (ab) ª CO2 (a) + MEETHF (b) + NADH + NH3  

v45 Thr (abcd) ­ Gly (ab) + AcCoA (cd) + NADH 

v46 Ser (abc) + AcCoA (de) + 3 ATP + 4 NADPH + SO4 ­ Cys (abc) + Ac (de) 

v47 Asp (abcd) + Pyr (efg) + Glu (hijkl) + SucCoA (mnop) + ATP + 2 NADPH ­ LL-

DAP (½ abcdgfe + ½ efgdcba) + AKG (hijkl) + Suc (½ mnop + ½ ponm) 

v48 LL-DAP (½ abcdefg + ½ gfedcba) ­ Lys (abcdef) + CO2 (g) 

v49 Asp (abcd) + 2 ATP + 2 NADPH ­ Thr (abcd) 

v50 Asp (abcd) + METHF (e) + Cys (fgh) + SucCoA (ijkl) + ATP + 2 NADPH ­ Met 

(abcde) + Pyr (fgh) + Suc (½ ijkl + ½ lkji) + NH3 

v51 Pyr (abc) + Pyr (def) + Glu (ghijk) + NADPH ­ Val (abcef) + CO2 (d) + AKG 

(ghijk) 

v52 AcCoA (ab) + Pyr (cde) + Pyr (fgh) + Glu (ijklm) + NADPH ­ Leu (abdghe) + CO2 

(c) + CO2 (f) + AKG (ijklm) + NADH 

v53 Thr (abcd) + Pyr (efg) + Glu (hijkl) + NADPH ­ Ile (abfcdg) + CO2 (e) + AKG 

(hijkl) + NH3 

v54 PEP (abc) + PEP (def) + E4P (ghij) + Glu (klmno) + ATP + NADPH ­ Phe 

(abcefghij) + CO2 (d) + AKG (klmno) 

v55 PEP (abc) + PEP (def) + E4P (ghij) + Glu (klmno) + ATP + NADPH ­ Tyr 

(abcefghij) + CO2 (d) + AKG (klmno) + NADH 

v56 Ser (abc) + R5P (defgh) + PEP (ijk) + E4P (lmno) + PEP (pqr) + Gln (stuvw) + 3 ATP 

+ NADPH ­ Trp (abcedklmnoj) + CO2 (i) + GAP (fgh) + Pyr (pqr) + Glu (stuvw) 

v57 R5P (abcde) + FTHF (f) + Gln (ghijk) + Asp (lmno) + 5 ATP ­ His (edcbaf) + AKG 

(ghijk) + Fum (lmno) + 2 NADH 
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One-Carbon Metabolism 

v58 MEETHF (a) + NADH ­ METHF (a) 

v59 MEETHF (a) ­ FTHF (a) + NADPH 

 

Oxidative Phosphorylation 

v60 NADH + ½ O2 ­ 3 ATP 

v61 FADH2 + ½ O2 ­ 2 ATP 

 

Transhydrogenation 

v62 NADH ª NADPH 

 

ATP Hydrolysis 

v63 ATP ­ ATP:ext 

 

Transport  

v64 Ac (ab) ­ Ac.ext (ab) 

v65 CO2 (a) ­ CO2.ext (a) 

v66 O2.ext ­ O2 

v67 NH3.ext ­ NH3 

v68 SO4.ext ­ SO4 

 

Biomass Formation 

v69 0.488 Ala + 0.281 Arg + 0.229 Asn + 0.229 Asp + 0.087 Cys + 0.250 Glu + 0.250 Gln 

+ 0.582 Gly + 0.090 His + 0.276 Ile + 0.428 Leu + 0.326 Lys + 0.146 Met + 0.176 Phe 

+ 0.210 Pro + 0.205 Ser + 0.241 Thr + 0.054 Trp + 0.131 Tyr + 0.402 Val + 0.205 

G6P + 0.071 F6P + 0.754 R5P + 0.129 GAP + 0.619 3PG + 0.051 PEP + 0.083 Pyr + 

2.510 AcCoA + 0.087 AKG + 0.340 OAC + 0.443 MEETHF + 33.247 ATP + 5.363 

NADPH ­ 39.68 Biomass + 1.455 NADH 

 

CO2 Exchange  

v70 CO2.unlabeled (a) + CO2 (b) ­ CO2 (a) + CO2.out (b) 

 

The net effect of reaction v70 is exchange of intracellular CO2 for an unlabeled CO2 

without affecting intracellular carbon balances. 
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SUPPLEMENTARY CONTENT  FOR CHAPTER 3 

Table C.1:    Summary of inconsistency in previously published 13C-MFA network 

model for S. cerevisiae 
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TCA cycle Metabolite compartments : M- mitochondria,  C- cytoplasm 

Pyr M,C M,C  M,C M,C M,C M,C M,C M,C M,C M,C M,C M,C M,C 

AcCoA M,C M,C  M,C M,C M  M,C M,C M,C M,C M,C M,C M,C M,C 

Cit        M,C     M  

OAA M,C M,C  M,C M,C M,C M,C M,C M,C M,C M,C M,C M,C M,C 

Fum      M,C       M  

Suc      M,C       M  

Mal      M,C       M  

iCit             M  

AKG             M  

SucCOA             M  

F - forward, B- backward, U- unspecified Transport 

AcCoA(mit) ź 

AcCoA(cyt) B B  U B    F,B F,B F,B U  F,B F,B 

OAA(mit) ź OAA(cyt) F,B F,B  U F,B F,B F,B F,B F,B F,B U U F,B F,B 

Pyr(mit) ź Pyr(cyt) N/A B  U B F,B B  F,B B B  U U F,B B  

Fum(mit) ź Fum(cyt)      F,B         

Suc(mit) ź Suc(cyt)      F,B         

Mal(mit) ź Mal(cyt)      F,B         

Cit(mit) ź Cit(cyt)        F,B       

Grey fill - one or more reactants or products are mitochondrial 

Glycolysis 

Glucose  Ÿ G6P F F F U F F F F   F U U   F 

Xylose  Ÿ P5P             F F 

G6P ź F6P F F F,B U F,B F,B F F,B F,B F,B U U F,B F,B 

F6P + G6P  Ÿ G6P + F6P F F             

F6P ź FBP 
F F F U F F F 

F 
F,B F U U 

F,B F,B 

FBP ź G3P + G3P F,B F,B F,B 

Appendix C 
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G3P  Ÿ PEP F F F,B U F,B 
F 

F F,B F,B F,B U U F,B F 

PEP  Ÿ Pyr F F F U F F F F  F U U F,B F 

G3P  Ÿ Glyc              F 

PP-pathway 

G6P  Ÿ 6PG 
F F F U F F F F F F U U 

F F 

6PG  Ÿ P5P + CO2 F   

P5P + P5P  ź S7P + G3P F F  U F,B  F  F.B F,B U U F,B  

S7P + G3P + P5P +P5P 

ź P5P + P5P + S7P + 

G3P 

F F             

S7P + G3P ź F6P + E4P F F F,B U F,B  F  F,B F,B U U F,B  

F6P + E4P + S7P + G3P  

Ÿ S7P + G3P F6P + E4P 
F F             

P5P + E4P ź F6P + G3P F F F,B U F,B  F  F,B F,B U U F,B  

F6P + G3P + P5P +E4P  

Ÿ P5P + E4P + F6P + 

G3P 

F F             

P5P ź C2 + G3P      F,B  F,B      F,B 

F6P ź C2 + E4P      F,B  F,B      F,B 

S7P ź C2 + P5P      F,B  F,B      F,B 

F6P ź C3 + G3P      F,B  F,B      F,B 

S7P ź C3 + E4P      F,B  F,B      F,B 

F6P + P5P ź S7P + E4P           U    

P5P + G3P ź P5P + G3P           U    

P5P ź S7P + G3P   F,B            

Phosphoketolase 

P5P ź G3P + Ace            U   

TCA Cycle 

Pyr  Ÿ AcCoA + CO2 F F F U F F F F F F U U F F 

OAA + AcCoA  Ÿ Cit 
F F 

F 
U 

F 

F 

F F F F 
U U 

F F 

Cit  Ÿ Icit F 
F F F F F 

F F 

Icit  Ÿ AKG + CO2 F F F U U U F F 

AKG  Ÿ Suc 
F F 

F 

U 

F 

F 

F 

F F U 

U 
F 

F 

Suc  Ÿ SucCoA 
F F,B F,B F,B F,B U F,B 

SucCoA  Ÿ Fum  

Fum ź Mal   F  F,B F,B  F,B F,B    F,B 

Mal ź OAA   F  F,B F,B  F,B F,B   F,B F,B 

Fum + Fum  Ÿ OAA + 

OAA 
F F  U    F,B   U U   

OAA  Ÿ Fum F F  U       U U   

Suc  Ÿ 0.5Suc + 0.5Suc      F         

Fum  Ÿ 0.5Fum + 

0.5Fum 
     F         

SucCoA  Ÿ 0.5Suc + 

0.5Suc 
            F,B  

0.5Suc + 0.5Suc  Ÿ 

0.5Fum + 0.5Fum 
            F,B  

0.5Fum + 0.5Fum  Ÿ Mal             F,B  

Anaplerotic /Gluconeogenesis 

Pyr + CO2  Ÿ OAA F F F U F F F F F F U U F,B F 

Mal  Ÿ Pyr + CO2   F  F F   F F   F,B F 

OAA  Ÿ PEP + CO2   F  F  F F F F   F,B  

OAA  Ÿ Pyr + CO2 F F  U   F F   U U   

PEP + CO2  Ÿ OAA   F            

OAA ź Mal      F,B         
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Mal ź Fum      F,B         

Fum  Ÿ 0.5 Fum + 0.5 

Fum 
     F         

Fum ź Suc      F,B         

Suc  Ÿ 0.5 Suc + 0.5 Suc      F         

G3P  Ÿ 0.5 G3P + 0.5 

G3P 
     F         

Cit  Ÿ OAA + AcCoA        F       

Fermentation 

Pyr  Ÿ Aald + CO2 F F  U F  F F F F U  F F 

Aald  Ÿ Ac F F  U F,B  F F F,B F,B U  F F 

Aald  Ÿ EtoH F F  U F,B  F F F,B F,B U  F F 

G3P  Ÿ Glycerol F F  U F,B  F  F,B F,B U  F  

Ac  Ÿ AcCoA F F  U F,B  F F F F U U F F 

AKG ź OHG           U    

Table C.2:    Major assumptions made while constructing 13C-MFA network model of 

S. cerevisiae under glucose growth conditions 

  Assumptions Justification Reference 

1 AcCoA does not transport 

through the mitochondrial 

membrane 

AcCoA transport through mitochondrial 

membrane proceeds through the 

carnitine/acetyl-carnitine shuttle, which 

requires carnitine. Since carnitine is not 

synthesize de novo in S. cerevisiae, unless it 

is supplemented, AcCoA cannot be 

transported across the yeast mitochondrial 

membrane 

Chen et al., 2012 

van Roermund et 

al., 1999 

2 AcCoA doesn't transport through 

the peroxisomal membrane 

through acetate (i.e. by 

converting to acetate in the 

cytosol and back to AcCoA in 

the peroxisome) 

In the presence of glucose, this process is 

very unlikely to occure as the activity of the 

glyoxylate shunt is known to be very low 

and the transport of AcCoA through this 

process is energy intensive (a net 1 ATP 

cost for every AcCoA transport) 

This work 

3 AcCoA doesn't transport through 

the perxoisomal membrane 

through fatty acid (i.e. by 

converting to fatty acid in the 

cytosol and back to AcCoA in 

the peroxisome through beta 

oxidation) 

The transport of AcCoA through 

peroxisomal membrane using fatty acid as a 

shuttle is very unlikely as synthesis and 

breakdown of fatty acid would require large 

amount of ATP loss (1 ATP per AcCoA 

linkage) 

This work 

4 The peroxisome compartment is 

not relevant for 13C-MFA of the 

central carbon metabolic 

pathway of S. cerevisiae under 

glucose growth conditions. 

Peroxisomal and cytosolic 

glyoxylate shunt are lumped 

together 

Because of assumptions 2 and 3 This work 
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5 The transport of succinate into 

the mitochondria is irreversible 

Succinate is transported into the 

mitochondria by the dicarboxylate carrier 

(DIC) in exchange for inorganic phosphate. 

The transfer of the phosphate back to 

mitochondrial matrix requires co-transport 

of a proton at the expense of the proton 

motive force. Therefore, the transport of 

succinate results in the net co-transport of a 

proton into the mitochondrial matrix. Thus, 

the process is considered irreversible. 

Palmieri et al., 

1999b 

Palmieri et al., 

2006 

6 The transport of malate into the 

mitochondria is irreversible 

Malate is transported into the mitochondria 

by the dicarboxylate carrier (DIC) in 

exchange for inorganic phosphate. The 

transfer of the phosphate back to 

mitochondrial matrix requires co-transport 

of a proton at the expense of the proton 

motive force. Therefore, the transport of 

malate results in the net co-transport of a 

proton into the mitochondrial matrix. Thus, 

the process is considered irreversible 

Palmieri et al., 

1999b 

Palmieri et al., 

2006 

7 The transport of oxaloacetate 

into the mitochondrial matrix is 

irreversible 

Transport of oxaloacetate is accompanied 

by a co-transport of a proton which results 

in the loss of a proton motive force. The 

reverse exchange is therefore considered 

irreversible. 

Palmieri et al., 

1999a 

Palmieri et al., 

2006 

Maaheimo et al., 

2001 

8 The transfer of glutamate into 

the mitochondrial matrix is 

irreversible 

Transport of glutamate into the 

mitochondrial matrix is accompanied by the 

co-transport of a proton. Therefore, the 

reverse co-transport of glutamate and 

proton in the direction of higher proton 

potential is highly unlikely. 

Cavero et al., 

2003 

Fiermonte et al., 

2002 

Palmieri et al., 

2006 

9 mitochondrial malate/citrate 

shuttle does not exist in S. 

cerevisiae 

The gene YBR291C that is assigned as 

malate/citrate transporter in the genome 

scale model is a citrate transport protein 

(CTP). Although homology suggests that 

this transporter might also transport 

malate/citrate as observed in mammalian 

cells such as rats, there is no experimental 

evidence for the presence of malate/citrate 

transport in S. cerevisiae 

Kaplan et al., 

1995  

Österlund et al., 

2013 

11 PEP carboxylase is inactive 

during growth on glucose 

Proteomic and transcriptomic data show 

that this enzyme is inactive in S. cerevisiae 

in the presence of glucose. 

de Jong-Gubbels 

et al., 1995 

Gancedo and 

Schwerzmann, 

1976 

Kolkman et al., 

2005 

Proft et al., 1995 
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12 There is no cytosolic citrate 

aconitase activity 

The S. cerevisiae aconitase enzyme is coded 

by a single nuclear gene ACO1, which is 

known to encode the mitochondrial 

aconitase enzyme. Due to the lack of an 

isoenzyme, citrate aconitase is assume to 

only exist in the mitochondria. 

Gangloff et al., 

1990 

13 Mitochondrial 

glutamate/aspartate shuttle is 

irreversible 

The exchange of mitochondrial negatively 

charged aspartate with cytosolic glutamate 

is an electronegative process that is 

compensated by the transfer of H+ at the 

expense of the proton motive force. 

Therefore, this reaction is considered 

irreversible 

Cavero et al., 

2003 

Palmieri et al., 

2006 

14 NADP+ specific dehydrogenases 

that are present in both the 

cytosol and mitochondria are 

modeled irreversibly 

Å Cytosolic and mitochondrial 

NADP+ specific acetaldehyde 

dehydrogenase are irreversible 

Å Cytosolic and mitochondrial 

NADP+ specific isocitrate 

dehydrogenase are irreversible 

If NADP+ specific isocitrate dehydrogenase 

and acetaldehyde dehydrogenase are 

modeled reversibly in both mitochondria 

and cytoplasm, they would have served as 

NADPH shuttle. However, these reversible 

reactions do not serve as NADPH shuttle 

since knockout of major cytosolic NADPH 

synthesis pathways such as oxidative 

pentose phosphate pathway, NADP+ 

specific cytosolic isocitrate and 

acetaldehyde dehydrogenases showed 

growth defects as result of lower levels of 

cytosolic NADPH. Therefore, the largely 

independent levels of mitochondrial and 

cytosolic NADPH/NADP+ ratios under 

different conditions suggests that the 

reversibility of cytosolic and mitochondrial 

dehydrogenases does not serve as an 

NADPH shuttle. 

Castegna et al. 

2010 

Grabowska and 

Chelstowska, 

2003 

Minard and 

McAli ster-Henn, 

2005 

Minard and 

McAlister-Henn, 

2001 

15 NAD+ specific dehydrogenases 

in the mitochondria are 

irreversible 

Å mitochondrial NAD+ specific 

acetaldehyde dehydrogenase is 

modeled irreversibly 

Å mitochondrial NAD+ specific 

isocitrate dehydrogenase is 

modeled irreversibly 

Mitochondrial dehydrogenases is set to be 

irreversible for 13C-MFA modeling 

purposes since a reversible dehydrogenase 

will serve as a sink for reducing equivalents 

This work 
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Table C.3:    COMPLETE 13C-MFA validated S. cerevisiae metabolic network model 

 
Glycolysis 

V1 Gluc.yc + ATP.y Ÿ G6P.yc  

V2 G6P.yc ź F6P.yc (net) 

V3 F6P.yc + ATP.y Ÿ FBP.yc  

V4 FBP.yc ź DHAP.yc + GAP.yc (net) 

V5 DHAP.yc ź GAP.yc (net)  

V6 GAP.yc ź 3PG.yc + NADH.yc + ATP.y (net) 

V7 3PG.yc ź PEP.yc (net) 

V8 PEP.yc Ÿ Pyr.yc + ATP.y  

 Pentose phosphate pathway 

V9 G6P.yc Ÿ 6PG.yc + NADPH.yc  

V10 6PG.yc Ÿ Ru5P.yc + NADPH.yc + CO2.y 

V11 Ru5P.yc ź X5P.yc (net)  

V12 Ru5P.yc ź R5P.yc (net)  

V13 X5P.yc ź GAP.yc + E-C2.yc (net) 

V14 F6P.yc ź E4P.yc + E-C2.yc (net) 

V15 S7P.yc ź R5P.yc + E-C2.yc (net) 

V16 F6P.yc ź GAP.yc + E-C3.yc (net) 

V17 S7P.yc ź E4P.yc + E-C3.yc (net) 

 TCA Cycle 

V18 Pyr.ym Ÿ AcCoA.ym + NADH.ym + CO2.y 

V19 AcCoA.ym + OAC.ym Ÿ Cit.ym  

V20 Cit.ym ź ICit.ym (net)  

V21 ICit .ym Ÿ AKG.ym + NADPH.ym + CO2.y 

V22 ICit .ym Ÿ AKG.ym + NADH.ym + CO2.y 

V23 AKG.ym Ÿ SucCoA.ym + NADH.ym + CO2.y  

V24 SucCoA.ym Ÿ Suc.ym + ATP.y  

V25 Suc.ym ź Fum.ym + FADH2.ym (net)  

V26 Fum.ym ź Mal.ym (net) 

V27 Mal.ym ź OAC.ym + NADH.ym (net) 

 Glyoxylate Shunt 

V28 ICit .yc Ÿ Glyox.yc + Suc.yc 

V29 AcCoA.yc + Glyox.yc Ÿ Mal.yc  

 Cytoplasmic AcCoA synthesis 

V30 Ac.yc + 2 ATP.y Ÿ AcCoA.yc  

 Amino acid biosynthesis 

V31 AKG.yc + NADPH.yc + NH3.y Ÿ Glu.yc 

V32 Glu.yc + ATP.y + NH3.y Ÿ Gln.yc  

V33 Glu.yc + 2 NADPH.yc + ATP.y Ÿ Pro.yc  

V34 Gln.yc + Asp.yc + NADPH.ym + CO2.y + 5 ATP.y + 2 Glu.ym Ÿ Arg.yc + Fum.yc+ Glu.yc + 

AKG.ym 

V35 OAC.yc + Glu.yc ź Asp.yc + AKG.yc (net) 

V36 Asp.yc + Gln.yc + 2 ATP.y Ÿ Asn.yc + Glu.yc  
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V37 3PG.yc + Glu.yc Ÿ Ser.yc + AKG.yc + NADH.yc  

V38 Ser.yc ź Gly.yc + MEETHF.yc (net) 

V39 Asp.yc + 2 NADPH.yc + 2 ATP.y Ÿ Thr.yc  

V40 R5P.yc + FTHF.yc + Asp.yc + Gln.yc + 5 ATP.y Ÿ His.yc + Fum.yc + AKG.yc + 2 NADH.yc 

V41 Ser.yc + AcCoA.yc + 4 NADPH.yc + SO4.y + 4 ATP.y Ÿ Cys.yc + Ac.yc 

V42 Asp.yc + AcCoA.yc + METHF.yc + 2 NADPH.yc + ATP.y Ÿ Met.yc + Ac.yc  

V43 OAC.ym + Glu.ym ź Asp.ym + AKG.ym (net) 

V44 AKG.yc + Gln.yc + NADH.yc Ÿ 2 Glu.yc  

V45 Pyr.yc + Glu.yc Ÿ Ala.yc + AKG.yc  

V46 Ser.yc Ÿ Pyr.yc + NH3.y  

V47 Thr.yc Ÿ Gly.yc + Acetal.yc 

V48 Glyox.yc + Ala.yc ź Gly.yc + Pyr.yc (net) 

V49 2 Pyr.ym + NADPH.ym + Glu.yc Ÿ Val.yc + CO2.y + AKG.yc 

V50 2 Pyr.ym + NADPH.ym + Glu.yc + AcCoA.ym Ÿ Leu.yc + 2 CO2.y + NADH.yc + AKG 

V51 Thr.yc + Pyr.ym + NADPH.ym + Glu.yc Ÿ Ile.yc + CO2.y + NH3.y + AKG.yc 

V52 E4P.yc + 2 PEP.yc + Glu.yc + ATP.y Ÿ Tyr.yc + CO2.y + AKG.yc 

V53 E4P.yc + 2 PEP.yc + Glu.yc + ATP.y + NADPH.yc Ÿ Phe.yc + CO2.y + AKG.yc  

V54 E4P.yc + 2 PEP.yc + R5P.yc + Ser.yc + Gln.yc + 3 ATP.y + NADPH.yc Ÿ Trp.yc + GAP.yc + 

2 NADH.yc + AkG.yc 

V55 AKG.ym + 2 NADPH.yc + Glu.yc + 2 ATP.y + AcCoA.ym Ÿ Lys.yc + CO2.y + NADH.ym + 

NADH.yc + AKG.yc 

V56 AKG.ym + 2 NADPH.yc + Glu.yc + 2 ATP.y + AcCoA.yc Ÿ Lys.yc + CO2.y + NADH.ym + 

NADH.yc + AKG.yc 

V57 2 Pyr.ym + NADPH.ym + Glu.yc + AcCoA.yc Ÿ Leu.yc + 2 CO2.y + NADH.yc + AKG.yc 

V58 Gly.yc ź MEETHF.yc + NADH.yc + NH3.y + CO2.y (net)  

 One carbon metabolism  

V59 MEETHF.yc + NADH.yc Ÿ METHF.yc 

V60 MEETHF.yc Ÿ FTHF.yc + NADPH.yc 

 Amphibolic reactions 

V61 Mal.ym Ÿ Pyr.ym + NADPH.ym + CO2.y 

V62 Pyr.yc + CO2.y + ATP.y Ÿ OAC.yc  

V63 Fum.yc ź Mal.yc (net) 

 Fermentation 

V64 Pyr.yc Ÿ Acetal.yc + CO2.y  

V65 Acetal.yc + NADH.yc ź EtOH.yc (net)  

V66 Acetal.yc Ÿ Ac.yc + NADH.yc 

V67 Acetal.yc Ÿ Ac.yc + NADPH.yc  

 Redox shuttles 

V68 Acetal.ym + NADH.ym ź EtOH.ym (net)  

V69 Acetal.ym Ÿ Ac.ym + NADPH.ym  

V70 Acetal.ym Ÿ Ac.ym + NADH.ym 

V71 ICit .yc Ÿ AKG.yc + CO2.y + NADPH.yc 

V72 Mal.yc ź OAC.yc + NADH.yc (net) 

 CO2 exchange 

V73 CO2.M0 + CO2.y Ÿ CO2.y + CO2.snk 
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 Transport (extracellular)  

V74 Gluc.ext Ÿ Gluc.yc + XG_y 

V75 CO2.y Ÿ CO2.ext 

V76 O2.ext Ÿ O2.y  

V77 NH3.ext Ÿ NH3.y 

V78 SO4.ext Ÿ SO4.y 

V79 EtOH.yc Ÿ EtOH.ext  

 Transport (mitochondrial)  

V80 Suc.yc + Fum.ym ź Suc.ym + Fum.yc (net)  

V81 Cit.yc + ICit.ym ź Cit.ym + ICit.yc (net) 

V82 Mal.yc + AKG.ym ź Mal.ym + AKG.yc (net) 

V83 AKG.yc + Cit.ym ź AKG.ym + Cit.yc (net) 

V84 EtOH.yc ź EtOH.ym (net) 

V85 Acetal.yc ź Acetal.ym (net)  

V86 Ac.yc ź Ac.ym (net) 

V87 Pyr.yc Ÿ Pyr.ym 

V88 OAC.yc Ÿ OAC.ym 

V89 Suc.yc Ÿ Suc.ym 

V90 Mal.yc Ÿ Mal.ym 

V91 Glu.yc Ÿ Glu.ym 

V92 Glu.yc + Asp.ym Ÿ Glu.ym + Asp.yc  

 ATP hydrolysis 

V93 ATP.y Ÿ ATP.ext 

 Oxidative phosphorylation 

V94 NADH.yc + 0.5 O2.y Ÿ 1.1 ATP.y 

V95 NADH.ym + 0.5 O2.y Ÿ 1.1 ATP.y 

V96 FADH2.ym + 0.5 O2.y Ÿ 1.1 ATP.y  

 Biomass synthesis 

V97 0.585 Ala.yc + 0.205 Arg.yc + 0.13 Asn.yc + 0.38 Asp.yc + 0.009 Cys.yc + 0.385 Glu.yc + 

0.134 Gln.yc + 0.37 Gly.yc + 0.084 His.yc + 0.246 Ile.yc + 0.377 Leu.yc + 0.365 Lys.yc + 

0.065 Met.yc + 0.171 Phe.yc + 0.21 Pro.yc + 0.236 Ser.yc + 0.244 Thr.yc + 0.036 Trp.yc + 

0.13 Tyr.yc + 0.338 Val.yc + 1.665 G6P.yc + 0.357 R5P.yc + 0.216 3PG.yc + 2.088 

AcCoA.yc + 0.19 OAC.yc + 3.834 NADPH.yc + 0.173 MEETHF.yc + 29.764 ATP.y Ÿ 

40.2 Biomass.y + 0.55 NADH.yc 
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Table C.4:    13C-MFA flux analysis results for all singly labeled glucose tracers 

individually and in parallel as well as [1,2-13C]glucose.  

 [1-13C] [2-13C] [3-13C] [4-13C] [5-13C] [6-13C] [1,2-13C] COMPLETE 
 flux SD flux SD flux SD flux SD flux SD flux SD flux SD flux SD 

V1 100 0 100 0 100 0 100 0 100 0 100 0 100 0 100 0 

V2 96 0 95 1 87 0 84 3 80 3 90 12 90 1 92 1 

V3 99 0 98 1 89 2 90 2 87 2 93 6 92 1 94 1 

V4 99 0 98 1 89 2 90 2 87 2 93 6 92 1 94 1 

V5 99 0 98 1 89 2 90 2 87 2 93 6 92 1 94 1 

V6 199 0 198 2 179 3 183 4 178 3 187 12 184 2 189 1 

V7 190 1 186 10 176 4 174 14 164 8 149 60 181 3 167 4 

V8 190 1 186 10 173 4 172 13 162 12 148 58 179 3 166 4 

V9 4 0 5 1 6 0 11 3 13 2 6 15 5 0 5 0 

V10 4 0 5 1 6 0 11 3 13 2 6 15 5 0 5 0 

V11 3 0 3 1 2 0 6 2 7 1 3 11 2 0 2 0 

V12 1 0 2 0 4 0 5 1 6 1 3 4 3 0 2 0 

V13 3 0 3 1 2 0 6 2 7 1 3 11 2 0 2 0 

V14 -1 0 -2 0 0 0 -2 1 -3 1 -1 6 0 0 -1 0 

V15 -1 0 -2 0 -2 0 -3 1 -4 1 -2 5 -1 0 -1 0 

V16 -1 0 -2 0 -2 0 -3 1 -4 1 -2 5 -1 0 -1 0 

V17 1 0 2 0 2 0 3 1 4 1 2 5 1 0 1 0 

V18 0 2 0 1 8 0 4 1 8 2 4 5 4 1 3 0 

V19 0 2 0 1 5 1 4 1 5 1 4 4 4 1 3 0 

V20 0 2 0 1 5 1 4 1 5 1 4 4 4 1 3 0 

V21 0 0 0 0 0 1 0 1 3 1 0 4 0 1 1 0 

V22 0 0 0 1 0 1 0 1 2 2 0 6 0 1 0 0 

V23 0 0 0 0 0 0 0 0 0 0 1 1 0 0 0 0 

V24 0 0 0 0 0 0 0 0 0 0 1 1 0 0 0 0 

V25 0 0 0 0 0 0 0 0 0 0 1 1 0 0 0 0 

V26 0 1 0 0 6 1 0 1 2 1 1 5 2 1 0 0 

V27 0 1 0 1 5 1 15 2746 5 2 2 10 21 2533 2 1 

V28 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 

V29 0 1 0 0 0 0 2 0 0 0 1 1 0 0 0 0 

V30 0 3 0 1 9 2 10 3 9 2 8 8 10 1 5 1 

V31 9 2 8 3 0 1 0 3 0 6 0 21 0 1 0 0 

V32 0 25 5 14 25 4 31 13 35 13 52 49 21 3 35 5 

V33 0 0 0 0 1 0 1 0 1 0 1 1 1 0 0 0 

V34 0 0 0 0 1 0 1 0 1 0 0 0 1 0 0 0 

V35 0 2 1 1 6 3 -3 234 7 2 7 7 -11 1420 4 1 

V36 0 0 0 0 1 0 0 0 1 0 0 0 0 0 0 0 

V37 9 2 12 10 3 0 9 16 13 10 37 71 2 1 22 4 

V38 0 1 0 0 1 1 -2 2 1 1 0 5 1 0 0 0 

V39 0 1 1 1 2 0 10 3 3 1 5 5 3 0 3 0 

V40 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

V41 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

V42 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

V43 0 1 0 0 0 3 15 2828 0 1 0 10 17 2556 0 1 

V44 0 25 5 14 23 4 30 13 33 13 51 48 19 3 33 5 

V45 0 1 0 0 2 0 0 0 2 0 0 2 2 0 1 0 

V46 9 3 12 11 0 16 11 13 11 10 37 72 0 1 22 5 

V47 0 1 1 1 0 1 9 3 2 1 4 7 1 0 2 0 
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V48 0 0 0 0 0 1 -2 0 0 0 -1 1 0 0 0 0 

V49 0 0 0 0 1 0 1 0 1 0 1 1 1 0 1 0 

V50 0 0 0 0 1 0 0 0 1 0 0 1 0 0 0 0 

V51 0 0 0 0 1 0 1 0 1 0 1 1 1 0 0 0 

V52 0 0 0 0 1 0 0 0 1 0 0 0 0 0 0 0 

V53 0 0 0 0 1 0 0 0 1 0 0 0 1 0 0 0 

V54 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

V55 0 0 0 0 2 0 0 0 1 0 0 1 0 0 0 0 

V56 0 0 0 0 0 0 1 0 0 0 1 1 1 0 0 0 

V57 0 0 0 0 0 0 1 0 1 0 1 1 1 0 1 0 

V58 0 0 0 0 0 0 3 1 1 0 1 4 1 0 1 0 

V59 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

V60 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

V61 0 1 0 0 5 1 3 1 1 1 2 3 4 1 1 1 

V62 0 4 1 2 16 2 18 4 12 2 10 10 13 2 8 1 

V63 0 0 0 0 -4 1 1 1 0 1 1 5 -1 1 0 0 

V64 199 0 198 6 145 6 158 8 145 9 166 33 158 5 173 4 

V65 200 0 202 10 120 12 154 119 126 32 157 54 138 1003 168 8 

V66 0 0 0 1 0 1 0 2 1 3 0 10 0 1 0 0 

V67 0 3 0 1 9 0 10 3 1 3 7 7 9 2 5 1 

V68 -2 5 -3 3 15 2 3 94 11 19 4 31 12 2638 2 6 

V69 0 0 0 0 0 1 0 1 1 1 1 3 0 1 0 0 

V70 0 0 0 1 0 1 0 2 7 3 0 10 0 1 0 0 

V71 0 2 0 1 5 1 4 1 0 2 4 4 4 1 2 1 

V72 0 3 0 1 -9 3 -16 10382 -5 2 -1 12 -24 46852 -2 2 

V73 0 22 130 2572 9 1 0 3 35 2939 58 11715 82 40 12 1 

V74 100 0 100 0 100 0 100 0 100 0 100 0 100 0 100 0 

V75 203 10 202 5 161 6 171 6 168 5 178 26 168 4 181 3 

V76 4 1 4 2 18 3 9 4 23 5 12 10 12 2 8 1 

V77 0 6 0 3 24 4 17 5 23 4 14 14 19 2 11 2 

V78 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

V79 199 0 199 7 136 1 157 13 137 10 162 37 150 6 170 5 

V80 0 0 0 0 -6 2 0 0 -2 1 0 5 -2 1 0 0 

V81 0 2 0 1 5 1 4 1 0 0 4 4 4 1 2 1 

V82 0 2 0 1 5 1 19 426 5 1 3 10 20 2646 2 1 

V83 0 2 0 1 5 1 4 1 0 0 4 4 4 1 2 1 

V84 2 5 3 3 -15 2 -3 94 -11 19 -4 31 -12 4286 -2 6 

V85 -2 6 -3 6 15 2 3 93 19 23 6 32 12 2640 2 7 

V86 0 0 0 1 0 1 0 2 -8 3 -1 9 0 1 0 1 

V87 0 3 0 1 10 0 5 2 13 3 6 6 6 1 5 1 

V88 0 1 0 0 0 1 4 1 0 1 2 3 0 1 1 1 

V89 0 1 0 0 6 1 0 0 2 1 0 5 2 1 0 0 

V90 0 1 0 0 0 1 0 1 0 1 0 5 3 1 0 1 

V91 0 0 0 0 2 0 1 0 2 0 1 1 1 0 1 0 

V92 0 1 0 0 0 3 15 2828 0 1 0 10 17 2556 0 1 

V93 199 50 187 31 0 33 0 30 0 13 0 198 32 19 54 15 

V94 7 2 4 3 35 9 0 9 34 16 20 20 10 8 12 5 

V95 2 2 3 4 0 9 17 9 13 16 3 34 14 8 4 5 

V96 0 0 0 0 0 0 0 0 0 0 1 1 0 0 0 0 

V97 0.0 1.1 0.0 0.5 4.2 0.7 2.9 0.6 3.9 0.6 2.4 2.4 3.3 0.4 2.0 0.3 
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SUPPLEMENTARY CONTENT FOR CHAPTER 4  

Table D.1:    Co-culture labeling regression to determine the composition by using the 

residue and filtrate sample labeling as a proxy for S. cerevisiae and E. 

coli labeling in the co-culture 

  Estimated Fraction of E. coli 71%    

 Average carbon labeling at 10 h fitted  

 
Yeast/E. coli 

abundance fraction 

(correction) 

  Residue filtrate  co-culture 

Co-culture 

simulation Residue  

Ala232 0.445 0.392 0.408 0.408 8E-09 Ala232 1.00 

Ala260 0.300 0.289 0.294 0.292 1E-06 Ala260 1.00 

Gly218 0.418 0.348 0.369 0.370 2E-06 Gly218 0.90 

Gly246 0.218 0.201 0.206 0.206 2E-07 Gly246 0.90 

Val260 0.442 0.386 0.402 0.402 7E-07 Val260 0.99 

Val288 0.354 0.325 0.333 0.334 3E-07 Val288 0.99 

Leu274 0.430 0.384 0.396 0.398 4E-06 Leu274 0.94 

Ile200 0.363 0.345 0.349 0.350 9E-07 Ile200 1.02 

Ile274 0.365 0.346 0.350 0.351 1E-06 Ile274 1.02 

Pro258 0.411 0.374 0.386 0.384 3E-06 Pro258 1.08 

Phe302 0.215 0.196 0.201 0.201 3E-07 Phe302 1.15 

Phe308 0.281 0.257 0.264 0.263 3E-07 Phe308 1.15 

Phe336 0.250 0.233 0.239 0.238 7E-07 Phe336 1.15 

Asp302 0.224 0.274 0.260 0.259 1E-07 Asp302 0.97 

Asp390 0.317 0.318 0.317 0.317 6E-07 Asp390 0.97 

Asp418 0.242 0.282 0.270 0.270 1E-08 Asp418 0.97 

Glu330 0.416 0.377 0.391 0.388 1E-05 Glu330 1.11 

Glu432 0.351 0.342 0.346 0.345 6E-07 Glu432 1.11 

Lys329 0.420 0.340 0.361 0.360 9E-07 Lys329 1.25 

Tyr302 0.212 0.200 0.206 0.204 3E-06 Tyr302 1.02 

    SSR 3E-05   
 

Appendix D 
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Table D.2:    Micro-scale co-culture flux analysis result of E. coli ï S. cerevisiae co-

culture system 

  Iteration #1 Iteration #2 

SSR Acceptable YES  YES  

Flux best fit SD best fit SD 

S. cerevisiae Glycolysis 

Gluc.yc + ATP.y Ÿ G6P.yc 100 0 370 7 

G6P.yc ź F6P.yc (net) 78 1 335 7 

F6P.yc + ATP.y Ÿ FBP.yc  80 1 351 7 

FBP.yc ź DHAP.yc + GAP.yc (net) 80 1 351 7 

DHAP.yc ź GAP.yc (net)  80 1 351 7 

GAP.yc ź 3PG.yc + NADH.yc + ATP.y (net) 161 1 710 14 

3PG.yc ź PEP.yc (net) 156 2 709 14 

PEP.yc Ÿ Pyr.yc + ATP.y  151 2 706 14 

S. cerevisiae Pentose Phosphate Pathway 

G6P.yc Ÿ 6PG.yc + NADPH.yc 9 1 27 2 

6PG.yc Ÿ Ru5P.yc + NADPH.yc + CO2.y  9 1 27 2 

Ru5P.yc ź X5P.yc (net)  3 0 16 1 

Ru5P.yc ź R5P.yc (net)  6 0 11 1 

X5P.yc ź GAP.yc + E-C2.yc (net) 3 0 16 1 

F6P.yc ź E4P.yc + E-C2.yc (net) 0 0 -7 1 

S7P.yc ź R5P.yc + E-C2.yc (net) -3 0 -9 1 

F6P.yc ź GAP.yc + E-C3.yc (net) -3 0 -9 1 

S7P.yc ź E4P.yc + E-C3.yc (net) 3 0 9 1 

S. cerevisiae TCA cycle 

Pyr.ym Ÿ AcCoA.ym + NADH.ym + CO2.y  11 1 6 0 

AcCoA.ym + OAC.ym Ÿ Cit.ym 10 0 6 0 

Cit.ym ź ICit.ym (net)  10 0 6 0 

ICit.ym Ÿ AKG.ym + NADPH.ym + CO2.y  3 2 0 1 

ICit.ym Ÿ AKG.ym + NADH.ym + CO2.y 0 3 6 2 

AKG.ym Ÿ SucCoA.ym + NADH.ym + CO2.y 0 0 0 0 

SucCoA.ym Ÿ Suc.ym + ATP.y 0 0 0 0 

Suc.ym ź Fum.ym + FADH2.ym (net)  0 0 0 0 

Fum.ym ź Mal.ym (net) 0 2 0 0 

Mal.ym ź OAC.ym + NADH.ym (net) 7 2 24 Inf 

S. cerevisiae Glyoxylate Shunt 

ICit.yc Ÿ Glyox.yc + Suc.yc  0 0 0 0 

AcCoA.yc + Glyox.yc Ÿ Mal.yc 1 0 1 0 

S. cerevisiae Fermentation 
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Pyr.yc Ÿ Acetal.yc + CO2.y 97 1 670 14 

Acetal.yc + NADH.yc ź EtOH.yc (net) 66 54 629 94 

Acetal.yc Ÿ Ac.yc + NADH.yc  14 5 31 17 

Acetal.yc Ÿ Ac.yc + NADPH.yc 85 8 2 16 

S. cerevisiae FA biosynthesis 

Ac.yc + 2 ATP.y Ÿ AcCoA.yc 23 1 13 0 

S. cerevisiae Redox Shuttle 

Acetal.ym + NADH.ym ź EtOH.ym (net) -66 58 -4 145 

Acetal.ym Ÿ Ac.ym + NADPH.ym 5 2 5 1 

Acetal.ym Ÿ Ac.ym + NADH.ym  0 5 21 17 

ICit.yc Ÿ AKG.yc + CO2.y + NADPH.yc  8 3 0 2 

Mal.yc ź OAC.yc + NADH.yc (net) -6 0 -22 Inf 

S. cerevisiae Amphibolic Reactions 

Fum.yc ź Mal.yc (net) 2 0 1 0 

Pyr.yc + CO2.y + ATP.y Ÿ OAC.yc  28 2 25 3 

Mal.ym Ÿ Pyr.ym + NADPH.ym + CO2.y 2 2 0 0 

S. cerevisiae Amino Acid Metbolism 

AKG.yc + NADPH.yc + NH3.y Ÿ Glu.yc 47 1 0 11 

Glu.yc + ATP.y + NH3.y Ÿ Gln.yc  5 0 38 6 

Glu.yc + 2 NADPH.yc + ATP.y Ÿ Pro.yc 2 0 1 0 

Gln.yc + Asp.yc + NADPH.ym + CO2.y + 5 ATP.y + 2 

Glu.ym Ÿ Arg.yc + Fum.yc  
2 0 1 0 

OAC.yc + Glu.yc ź Asp.yc + AKG.yc (net) 18 2 2 329 

Asp.yc + Gln.yc + 2 ATP.y Ÿ Asn.yc + Glu.yc  1 0 1 0 

3PG.yc + Glu.yc Ÿ Ser.yc + AKG.yc + NADH.yc  3 1 0 72 

Ser.yc ź Gly.yc + MEETHF.yc (net) 0 1 -5 2 

Asp.yc + 2 NADPH.yc + 2 ATP.y Ÿ Thr.yc 11 2 16 3 

R5P.yc + FTHF.yc + Asp.yc + Gln.yc + 5 ATP.y Ÿ His.yc 

+ Fum.yc + AKG.yc +  
1 0 0 0 

Ser.yc + AcCoA.yc + 4 NADPH.yc + SO4.y + 4 ATP.y Ÿ 

Cys.yc + Ac.yc  
0 0 0 0 

Asp.yc + AcCoA.yc + METHF.yc + 2 NADPH.yc + ATP.y 

Ÿ Met.yc + Ac.yc 
1 0 0 0 

Gly.yc ź MEETHF.yc + NADH.yc + NH3.y + CO2.y 

(net)  
3 1 7 2 

OAC.ym + Glu.ym ź Asp.ym + AKG.ym (net) 0 157 18 Inf 

AKG.yc + Gln.yc + NADH.yc Ÿ 2 Glu.yc 0 11 35 3 

Pyr.yc + Glu.yc Ÿ Ala.yc + AKG.yc  4 0 2 0 

Ser.yc Ÿ Pyr.yc + NH3.y  1 1 4 83 

Thr.yc Ÿ Gly.yc + Acetal.yc  7 2 14 3 

Glyox.yc + Ala.yc ź Gly.yc + Pyr.yc (net) -1 0 -1 0 



 192 

2 Pyr.ym + NADPH.ym + Glu.yc Ÿ Val.yc + CO2.y + 

AKG.yc 
3 0 2 0 

2 Pyr.ym + NADPH.ym + Glu.yc + AcCoA.ym Ÿ Leu.yc 

+ 2 CO2.y + NADH.yc + AKG 
0 0 0 0 

Thr.yc + Pyr.ym + NADPH.ym + Glu.yc Ÿ Ile.yc + CO2.y 

+ NH3.y + AKG.yc  
2 0 1 0 

E4P.yc + 2 PEP.yc + Glu.yc + ATP.y Ÿ Tyr.yc + CO2.y + 

AKG.yc 
1 0 1 0 

E4P.yc + 2 PEP.yc + Glu.yc + ATP.y + NADPH.yc Ÿ 

Phe.yc + CO2.y + AKG.yc  
1 0 1 0 

E4P.yc + 2 PEP.yc + R5P.yc + Ser.yc + Gln.yc + 3 ATP.y 

+ NADPH.yc Ÿ Trp.yc 
0 0 0 0 

AKG.ym + 2 NADPH.yc + Glu.yc + 2 ATP.y + AcCoA.ym 

Ÿ Lys.yc + CO2.y + NADH. 
1 1 0 0 

AKG.ym + 2 NADPH.yc + Glu.yc + 2 ATP.y + AcCoA.yc 

Ÿ Lys.yc + CO2.y + NADH. 
2 1 2 0 

2 Pyr.ym + NADPH.ym + Glu.yc + AcCoA.yc Ÿ Leu.yc + 

2 CO2.y + NADH.yc + AKG 
3 0 2 0 

S. cerevisiae One Carbon Metabolism 

MEETHF.yc + NADH.yc Ÿ METHF.yc 1 0 0 0 

MEETHF.yc Ÿ FTHF.yc + NADPH.yc 1 0 0 0 

S. cerevisiae Oxidative Phosphorylation 

NADH.yc + 0.5 O2.y Ÿ 1.1 ATP.y 120 53 68 44 

NADH.ym + 0.5 O2.y Ÿ 1.1 ATP.y 87 53 62 44 

FADH2.ym + 0.5 O2.y Ÿ 1.1 ATP.y  0 0 0 0 

S. cerevisiae Mitochondrial Transport  

Pyr.yc Ÿ Pyr.ym  23 1 13 1 

OAC.yc Ÿ OAC.ym  3 2 0 0 

Suc.yc Ÿ Suc.ym  0 2 0 0 

Mal.yc Ÿ Mal.ym  0 2 1 1 

Glu.yc Ÿ Glu.ym  3 0 2 0 

Glu.yc + Asp.ym Ÿ Glu.ym + Asp.yc  0 157 18 Inf 

Suc.yc + Fum.ym ź Suc.ym + Fum.yc (net) 0 2 0 1 

Cit.yc + ICit.ym ź Cit.ym + ICit.yc (net) 8 3 0 2 

Mal.yc + AKG.ym ź Mal.ym + AKG.yc (net) 9 0 23 Inf 

AKG.yc + Cit.ym ź AKG.ym + Cit.yc (net) 8 3 0 2 

EtOH.yc ź EtOH.ym (net) 66 58 4 145 

Acetal.yc ź Acetal.ym (net) -61 59 21 123 

Ac.yc ź Ac.ym (net) -5 7 -26 17 

S. cerevisiae Extracellular Transport  

Gluc.ext Ÿ Gluc.yc + XG_y  100 0 370 7 

CO2.y Ÿ CO2.ext  118 1 698 16 

O2.ext Ÿ O2.y  104 6 65 11 
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NH3.ext Ÿ NH3.y  46 2 26 1 

SO4.ext Ÿ SO4.y  0 0 0 0 

ATP.y Ÿ ATP.ext  0 20 568 56 

EtOH.yc Ÿ EtOH.ext + qEtOH_y 0 9 625 14 

Ac.yc Ÿ Ac.ext + qAc_y 82 9 45 5 

Biomass.y Ÿ qBio_y 318 12 180 5 

CO2.M0 + CO2.y Ÿ CO2.y + CO2.snk 16 10 2 42 

S. cerevisiae Biomass Formation 

0.585 Ala.yc + 0.205 Arg.yc + 0.13 Asn.yc + 0.38 Asp.yc + 

0.009 Cys.yc + 0. 
8 0 4 0 

E. coli Glycolysis 

G6P.e ź F6P.e (net) 55 1 78 2 

F6P.e + ATP.e Ÿ FBP.e + ADP.e  72 1 102 2 

FBP.e ź DHAP.e + GAP.e (net)  72 1 102 2 

DHAP.e ź GAP.e (net)  72 1 102 2 

GAP.e + NAD.e + ADP.e + Pi.e ź 3PG.e + ATP.e + 

NADH.e (net) 
155 2 224 5 

3PG.e ź PEP.e (net) 137 4 206 5 

PEP.e + ADP.e Ÿ Pyr.e + ATP.e  0 7 30 2 

Pyr.e + NAD.e Ÿ AcCoA.e + CO2.e + NADH.e 78 10 150 4 

E. coli pentose phosphate pathway 

G6P.e + NADP.e Ÿ 6PG.e + NADPH.e 43 1 59 2 

6PG.e + NADP.e Ÿ Ru5P.e + CO2.e + NADPH.e  37 1 49 2 

Ru5P.e ź X5P.e (net)  17 1 25 1 

Ru5P.e ź R5P.e (net)  20 1 24 1 

X5P.e ź GAP.e + E-C2.e (net)  17 1 25 1 

F6P.e ź E4P.e + E-C2.e (net)  -7 0 -11 1 

S7P.e ź R5P.e + E-C2.e (net)  -11 0 -14 1 

F6P.e ź GAP.e + E-C3.e (net)  -11 0 -14 1 

S7P.e ź E4P.e + E-C3.e (net)  11 0 14 1 

E. coli TCA cycle 

AcCoA.e + OAC.e Ÿ Cit.e  27 3 26 2 

Cit.e ź ICit.e (net)  27 3 26 2 

ICit.e + NADP.e ź AKG.e + CO2.e + NADPH.e (net) 27 3 25 2 

AKG.e + NAD.e Ÿ SucCoA.e + CO2.e + NADH.e  16 2 13 2 

SucCoA.e + ADP.e + Pi.e ź Suc.e + ATP.e (net) 11 2 8 2 

Suc.e + FAD.e ź Fum.e + FADH2.e (net) 16 2 15 1 

Fum.e ź Mal.e (net) 20 3 19 1 

Mal.e + NAD.e ź OAC.e + NADH.e (net)  21 3 20 1 
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E. coli ED-pathway  

6PG.e Ÿ KDPG.e 5 1 10 1 

KDPG.e Ÿ GAP.e + Pyr.e 5 1 10 1 

E. coli Glyoxylate shunt 

ICit.e Ÿ Glyox.e + Suc.e 1 0 1 1 

AcCoA.e + Glyox.e Ÿ Mal.e  1 0 1 1 

E. coli Amphibolic reactions 

Mal.e + NADP.e Ÿ Pyr.e + CO2.e + NADPH.e 0 1 0 1 

Mal.e + NAD.e Ÿ Pyr.e + CO2.e + NADH.e 0 1 0 1 

PEP.e + CO2.e Ÿ OAC.e + Pi.e 30 4 29 2 

OAC.e + ATP.e Ÿ PEP.e + CO2.e + ADP.e  1 1 0 2 

E. coli Amino Acid biosynthesis 

AKG.e + NADPH.e + NH3.e Ÿ Glu.e + NADP.e 68 6 69 2 

Glu.e + ATP.e + NH3.e Ÿ Gln.e + ADP.e + Pi.e 7 1 7 0 

Glu.e + 2 NADPH.e + ATP.e Ÿ Pro.e + 2 NADP.e + 

ADP.e + Pi.e  
2 0 2 0 

Glu.e + CO2.e + Gln.e + NADPH.e + Asp.e + AcCoA.e + 5 

ATP.e Ÿ Arg.e + AKG. 
3 0 3 0 

OAC.e + Glu.e Ÿ Asp.e + AKG.e  19 2 19 1 

Asp.e + NH3.e + 2 ATP.e Ÿ Asn.e + 2 ADP.e + 2 Pi.e 2 0 2 0 

Pyr.e + Glu.e Ÿ Ala.e + AKG.e  5 0 5 0 

3PG.e + Glu.e + NAD.e Ÿ Ser.e + NADH.e + AKG.e + 

Pi.e  
12 1 12 0 

Ser.e + THF.e ź Gly.e + MEETHF.e (net)  6 1 7 0 

Gly.e + THF.e + NAD.e ź CO2.e + MEETHF.e + NH3.e 

+ NADH.e (net) 
1 0 1 0 

Thr.e + NAD.e Ÿ Gly.e + AcCoA.e + NADH.e 0 0 0 0 

Ser.e + AcCoA.e + SO4.e + 3 ATP.e + 4 NADPH.e Ÿ 

Cys.e + Ac.e + 4 NADP.e +  
2 0 2 0 

Asp.e + Pyr.e + Glu.e + 2 NADPH.e + ATP.e + SucCoA.e 

Ÿ LL-DAP.e + AKG.e +  
3 0 3 0 

LL-DAP.e Ÿ Lys.e + CO2.e 3 0 3 0 

Asp.e + 2 NADPH.e + 2 ATP.e Ÿ Thr.e + 2 NADP.e + 2 

ADP.e + 2 Pi.e  
6 1 6 0 

Asp.e + METHF.e + Cys.e + 2 NADPH.e + ATP.e + 

SucCoA.e Ÿ Met.e + Pyr.e + 2 
2 0 2 0 

2 Pyr.e + NADPH.e + Glu.e Ÿ Val.e + CO2.e + NADP.e + 

AKG.e 
4 0 4 0 

2 Pyr.e + AcCoA.e + Glu.e + NADPH.e + NAD.e Ÿ Leu.e 

+ 2 CO2.e + AKG.e + NA 
4 0 5 0 

Thr.e + Pyr.e + Glu.e + NADPH.e Ÿ Ile.e + CO2.e + 

AKG.e + NADP.e + NH3.e 
3 0 3 0 

E4P.e + 2 PEP.e + Glu.e + NADPH.e + ATP.e Ÿ Phe.e + 

CO2.e + AKG.e + NADP.e 
2 0 2 0 
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E4P.e + 2 PEP.e + Glu.e + NADPH.e + NAD.e + ATP.e Ÿ 

Tyr.e + CO2.e + AKG.e  
1 0 1 0 

E4P.e + 2 PEP.e + R5P.e + Ser.e + Gln.e + NADPH.e + 3 

ATP.e Ÿ Trp.e + CO2. 
1 0 1 0 

R5P.e + FTHF.e + Gln.e + Asp.e + 5 ATP.e + 2 NAD.e Ÿ 

His.e + 2 NADH.e + AK 
1 0 1 0 

E. coli Transhydrogenation 

NADH.e + NADP.e ź NADPH.e + NAD.e (net) 69 14 46 5 

E. coli Oxidative Phosphorylation 

NADH.e + 0.5 O2.e + 3 ADP.e + 3 Pi.e Ÿ NAD.e + 3 

ATP.e 
234 21 396 9 

FADH2.e + 0.5 O2.e + 2 ADP.e + 2 Pi.e Ÿ FAD.e + 2 

ATP.e  
16 2 15 1 

E. coli One carbon metabolism 

MEETHF.e + NADH.e Ÿ METHF.e + NAD.e  2 0 2 0 

MEETHF.e + NADP.e Ÿ FTHF.e + NADPH.e 1 0 1 0 

E. coli Fermentation 

AcCoA.e + ADP.e + Pi.e ź Ac.e + ATP.e (net) 15 17 87 5 

E. coli Biomass formation 

0.488 Ala.e + 0.281 Arg.e + 0.229 Asn.e + 0.229 Asp.e + 

0.087 Cys.e + 0.25  
10 1 11 0 

E. coli Transport  

Gluc.ext + PEP.e Ÿ G6P.e + Pyr.e + XG_ec 100 0 139 3 

SO4.ext Ÿ SO4.e  2 0 2 0 

O2.ext Ÿ O2.e  125 10 206 6 

CO2.e Ÿ CO2.ext  149 8 230 6 

NH3.ext Ÿ NH3.e  72 7 73 2 

ATP.e Ÿ ATP.ext  436 123 1053 39 

CO2.M0 + CO2.e Ÿ CO2.e + CO2.snk 254 27 334 42 

Biomass.e Ÿ qBio_ec  411 39 419 13 

Ac.e Ÿ Ac.ext + qAc_ec 20 16 92 5 

f- parameter (Fraction produced by E. coli) 

f - acetate 79 4 84 3 

f- biomass (co-culture) 74 1 76 1 

f- biomass (residue) 8 2 11 2 

f- biomass (filtrate) 99 1 100 1 

Net Coculture uptake and Production rate (per normalized glucose uptake) 

Uptake rate of CO2.M0 270 28 336 61 

Uptake rate of Gluc.ext 200 0 509 8 

Uptake rate of O2.ext 229 8 270 12 

Uptake rate of NH3.ext  118 2 99 2 

Uptake rate of SO4.ext  2 0 2 0 
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Output rate of Ac.ext 102 9 138 7 

Output rate of CO2.ext  267 4 928 17 

Output rate of CO2.snk  270 28 336 61 

Output rate of EtOH.ext 0 9 625 14 

Output rate of ATP.ext  436 33 1620 57 

G-values 

G-biom- Ala (residue) 0.96 0.01 0.94 0.00 

G-biom- Gly (residue) 0.93 0.01 0.92 0.01 

G-biom- Val (residue) 0.94 0.00 0.93 0.00 

G-biom- Leu (residue) 0.93 0.00 0.91 0.00 

G-biom- Ile (residue) 0.93 0.00 0.93 0.00 

G-biom- Pro (residue) 0.90 0.00 0.89 0.00 

G-biom- Phe (residue) 0.93 0.00 0.92 0.00 

G-biom- Asp (residue) 0.94 0.00 0.93 0.00 

G-biom- Glu (residue) 0.91 0.00 0.90 0.00 

G-biom- Lys (residue) 0.91 0.00 0.90 0.00 

G-biom- Tyr (residue) 0.86 0.01 0.86 0.01 

G-biom- His (residue) 0.90 0.00 0.91 0.00 

G-biom- Ala (filtrate) 0.98 0.01 0.98 0.01 

G-biom- Gly (filtrate) 0.98 0.01 0.99 0.01 

G-biom- Val (filtrate) 0.97 0.00 0.97 0.00 

G-biom- Leu (filtrate) 0.96 0.00 0.96 0.00 

G-biom- Ile (filtrate) 0.97 0.00 0.97 0.00 

G-biom- Pro (filtrate) 0.96 0.01 0.96 0.01 

G-biom- Phe (filtrate) 0.96 0.00 0.97 0.00 

G-biom- Asp (filtrate) 0.97 0.00 0.97 0.00 

G-biom- Glu (filtrate) 0.96 0.00 0.96 0.00 

G-biom- Lys (filtrate) 0.96 0.00 0.96 0.00 

G-biom- Tyr (filtrate) 0.97 0.01 0.98 0.01 

G-biom- Met (filtrate) 0.96 0.00   

G-biom- His (filtrate) 0.96 0.01 0.96 0.00 

G-biom- Ala (co-culture)  0.98 0.01 0.97 0.01 

G-biom- Gly (co-culture)  0.97 0.01 0.97 0.01 

G-biom- Val (co-culture)  0.96 0.00 0.96 0.00 

G-biom- Leu (co-culture)  0.95 0.00 0.95 0.00 

G-biom- Ile (co-culture)  0.96 0.00 0.96 0.00 

G-biom- Pro (co-culture)  0.94 0.01 0.94 0.00 

G-biom- Phe (co-culture)  0.95 0.00 0.95 0.00 

G-biom- Asp (co-culture)  0.96 0.00 0.96 0.00 

G-biom- Glu (co-culture)  0.95 0.00 0.95 0.00 

G-biom- Lys (co-culture)  0.94 0.00 0.94 0.00 

G-biom- Tyr (co-culture)  0.96 0.01 0.96 0.01 

G-biom- Met (co-culture)  0.95 0.00   

G-biom- His (co-culture)  0.95 0.00 0.95 0.00 

G-biom- Ac (co-culture) 0.89 0.01 0.89 0.01 
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Table D.3:    Isotopic labeling measurements of proteinogenic amino acids 

 E.coli 

t1 

E.coli 

t2 

Yeast 

t1 

Yeast 

t2 

E.coli-

yeast 

Coculture 

E.coli-

yeast 

Residue 

E.coli-

yeast 

Filtrate 

Ala232 (M0) 0.436 0.421 0.409 0.398 0.413 0.412 0.415 

Ala232 (M1) 0.173 0.164 0.101 0.098 0.166 0.112 0.186 

Ala232 (M2) 0.307 0.325 0.386 0.396 0.330 0.374 0.312 

Ala232 (M3) 0.061 0.065 0.074 0.076 0.066 0.072 0.063 

Ala232 (M4) 0.023 0.025 0.030 0.031 0.025 0.029 0.024 

        

Ala260 (M0) 0.428 0.414 0.404 0.393 0.405 0.405 0.407 

Ala260 (M1) 0.133 0.129 0.101 0.099 0.124 0.108 0.130 

Ala260 (M2) 0.334 0.347 0.379 0.389 0.359 0.371 0.352 

Ala260 (M3) 0.073 0.077 0.079 0.082 0.078 0.079 0.077 

Ala260 (M4) 0.028 0.030 0.032 0.033 0.030 0.032 0.030 

Ala260 (M5) 0.004 0.004 0.005 0.005 0.004 0.005 0.004 

        

Gly218 (M0) 0.506 0.488 0.435 0.424 0.485 0.448 0.501 

Gly218 (M1) 0.370 0.384 0.428 0.436 0.387 0.417 0.374 

Gly218 (M2) 0.095 0.098 0.103 0.105 0.098 0.102 0.096 

Gly218 (M3) 0.028 0.030 0.034 0.035 0.030 0.033 0.029 

        

Gly246 (M0) 0.467 0.452 0.424 0.413 0.450 0.430 0.459 

Gly246 (M1) 0.382 0.395 0.423 0.431 0.398 0.418 0.390 

Gly246 (M2) 0.111 0.112 0.110 0.112 0.110 0.111 0.110 

Gly246 (M3) 0.035 0.035 0.037 0.038 0.036 0.037 0.035 

Gly246 (M4) 0.006 0.006 0.006 0.006 0.006 0.006 0.006 

        

Val260 (M0) 0.261 0.239 0.235 0.220 0.230 0.231 0.230 

Val260 (M1) 0.147 0.135 0.070 0.066 0.136 0.079 0.158 

Val260 (M2) 0.313 0.327 0.360 0.368 0.329 0.355 0.319 

Val260 (M3) 0.123 0.125 0.089 0.091 0.124 0.098 0.135 

Val260 (M4) 0.122 0.136 0.195 0.201 0.141 0.187 0.124 

Val260 (M5) 0.025 0.028 0.037 0.038 0.029 0.036 0.026 

Val260 (M6) 0.008 0.010 0.015 0.015 0.010 0.014 0.009 

        

Val288 (M0) 0.258 0.238 0.235 0.220 0.228 0.230 0.227 

Val288 (M1) 0.123 0.114 0.069 0.065 0.112 0.076 0.126 

Val288 (M2) 0.322 0.335 0.356 0.364 0.337 0.353 0.331 

Val288 (M3) 0.118 0.120 0.090 0.092 0.121 0.098 0.129 

Val288 (M4) 0.136 0.148 0.193 0.199 0.155 0.186 0.143 

Val288 (M5) 0.030 0.033 0.039 0.041 0.034 0.040 0.032 

Val288 (M6) 0.010 0.011 0.015 0.016 0.012 0.015 0.011 

Val288 (M7) 0.002 0.002 0.002 0.002 0.002 0.002 0.002 

        

Leu274 (M0) 0.180 0.155 0.168 0.149 0.151 0.156 0.148 

Leu274 (M1) 0.176 0.168 0.126 0.124 0.167 0.131 0.180 

Leu274 (M2) 0.241 0.243 0.223 0.226 0.245 0.226 0.252 
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Leu274 (M3) 0.198 0.209 0.204 0.212 0.208 0.209 0.208 

Leu274 (M4) 0.121 0.130 0.143 0.147 0.131 0.143 0.127 

Leu274 (M5) 0.064 0.073 0.104 0.109 0.075 0.102 0.065 

Leu274 (M6) 0.015 0.017 0.024 0.025 0.018 0.024 0.015 

Leu274 (M7) 0.004 0.005 0.007 0.008 0.005 0.008 0.004 

        

Ile200 (M0) 0.238 0.206 0.263 0.245 0.223 0.242 0.214 

Ile200 (M1) 0.160 0.157 0.064 0.060 0.140 0.080 0.165 

Ile200 (M2) 0.281 0.287 0.369 0.381 0.315 0.349 0.300 

Ile200 (M3) 0.158 0.170 0.077 0.079 0.142 0.102 0.158 

Ile200 (M4) 0.115 0.125 0.187 0.195 0.135 0.175 0.118 

Ile200 (M5) 0.039 0.046 0.030 0.031 0.036 0.038 0.036 

Ile200 (M6) 0.007 0.008 0.008 0.008 0.007 0.009 0.007 

Ile200 (M7) 0.002 0.002 0.002 0.001 0.002 0.005 0.002 

        

Ile274 (M0) 0.212 0.185 0.235 0.220 0.200 0.218 0.191 

Ile274 (M1) 0.160 0.155 0.076 0.071 0.141 0.089 0.163 

Ile274 (M2) 0.272 0.275 0.346 0.355 0.300 0.329 0.287 

Ile274 (M3) 0.167 0.177 0.096 0.098 0.154 0.118 0.169 

Ile274 (M4) 0.125 0.134 0.188 0.195 0.143 0.177 0.128 

Ile274 (M5) 0.049 0.055 0.042 0.043 0.047 0.050 0.046 

Ile274 (M6) 0.013 0.014 0.015 0.016 0.013 0.016 0.012 

Ile274 (M7) 0.003 0.004 0.002 0.003 0.003 0.003 0.003 

        

Pro258 (M0) 0.250 0.220 0.259 0.241 0.230 0.251 0.222 

Pro258 (M1) 0.185 0.185 0.094 0.089 0.159 0.096 0.189 

Pro258 (M2) 0.289 0.296 0.340 0.350 0.315 0.343 0.301 

Pro258 (M3) 0.141 0.152 0.095 0.098 0.132 0.100 0.147 

Pro258 (M4) 0.106 0.114 0.167 0.175 0.127 0.166 0.109 

Pro258 (M5) 0.023 0.025 0.032 0.034 0.026 0.033 0.024 

Pro258 (M6) 0.007 0.008 0.012 0.013 0.009 0.012 0.007 

        

Phe302 (M0) 0.460 0.445 0.416 0.404 0.439 0.415 0.450 

Phe302 (M1) 0.384 0.395 0.422 0.431 0.401 0.422 0.390 

Phe302 (M2) 0.120 0.123 0.123 0.125 0.123 0.123 0.123 

Phe302 (M3) 0.036 0.037 0.039 0.040 0.037 0.039 0.037 

        

Phe308 (M0) 0.199 0.178 0.191 0.176 0.178 0.181 0.177 

Phe308 (M1) 0.114 0.107 0.073 0.069 0.103 0.075 0.116 

Phe308 (M2) 0.268 0.275 0.287 0.294 0.282 0.284 0.279 

Phe308 (M3) 0.138 0.141 0.112 0.116 0.136 0.115 0.145 

Phe308 (M4) 0.161 0.171 0.194 0.200 0.175 0.198 0.164 

Phe308 (M5) 0.065 0.070 0.075 0.078 0.068 0.073 0.065 

Phe308 (M6) 0.038 0.041 0.043 0.044 0.041 0.048 0.037 

Phe308 (M7) 0.013 0.014 0.019 0.019 0.014 0.019 0.012 

Phe308 (M8) 0.004 0.004 0.005 0.005 0.004 0.006 0.003 

        

Phe336 (M0) 0.197 0.176 0.190 0.175 0.177 0.178 0.176 

Phe336 (M1) 0.105 0.098 0.073 0.069 0.095 0.073 0.104 
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Phe336 (M2) 0.270 0.276 0.285 0.292 0.283 0.284 0.282 

Phe336 (M3) 0.134 0.138 0.113 0.116 0.132 0.114 0.141 

Phe336 (M4) 0.167 0.175 0.192 0.198 0.179 0.200 0.170 

Phe336 (M5) 0.068 0.073 0.077 0.080 0.071 0.075 0.069 

Phe336 (M6) 0.040 0.043 0.044 0.044 0.043 0.050 0.040 

Phe336 (M7) 0.014 0.015 0.019 0.019 0.015 0.018 0.013 

Phe336 (M8) 0.004 0.004 0.005 0.005 0.004 0.005 0.004 

Phe336 (M9) 0.001 0.001 0.001 0.001 0.001 0.002 0.001 

        

Asp302 (M0) 0.425 0.406 0.407 0.396 0.414 0.408 0.416 

Asp302 (M1) 0.332 0.331 0.427 0.435 0.366 0.424 0.343 

Asp302 (M2) 0.191 0.207 0.126 0.129 0.172 0.128 0.189 

Asp302 (M3) 0.052 0.056 0.040 0.041 0.049 0.041 0.052 

        

Asp390 (M0) 0.300 0.277 0.348 0.340 0.307 0.330 0.299 

Asp390 (M1) 0.226 0.227 0.136 0.132 0.202 0.153 0.221 

Asp390 (M2) 0.271 0.278 0.343 0.350 0.296 0.326 0.283 

Asp390 (M3) 0.138 0.148 0.113 0.116 0.131 0.126 0.133 

Asp390 (M4) 0.050 0.054 0.049 0.050 0.050 0.052 0.050 

Asp390 (M5) 0.015 0.016 0.011 0.011 0.014 0.013 0.014 

        

Asp418 (M0) 0.275 0.250 0.343 0.334 0.289 0.324 0.276 

Asp418 (M1) 0.194 0.191 0.135 0.132 0.175 0.149 0.186 

Asp418 (M2) 0.275 0.281 0.339 0.346 0.301 0.325 0.290 

Asp418 (M3) 0.149 0.158 0.117 0.120 0.139 0.130 0.143 

Asp418 (M4) 0.077 0.086 0.051 0.053 0.070 0.055 0.076 

Asp418 (M5) 0.024 0.027 0.012 0.012 0.020 0.014 0.023 

Asp418 (M6) 0.007 0.008 0.003 0.003 0.006 0.003 0.007 

        

Glu330 (M0) 0.238 0.209 0.237 0.217 0.217 0.236 0.210 

Glu330 (M1) 0.186 0.185 0.094 0.091 0.160 0.099 0.189 

Glu330 (M2) 0.285 0.291 0.338 0.346 0.311 0.335 0.296 

Glu330 (M3) 0.148 0.159 0.108 0.113 0.142 0.111 0.156 

Glu330 (M4) 0.108 0.117 0.170 0.178 0.129 0.165 0.112 

Glu330 (M5) 0.027 0.029 0.039 0.042 0.031 0.039 0.028 

Glu330 (M6) 0.008 0.009 0.014 0.015 0.010 0.014 0.009 

        

Glu432 (M0) 0.189 0.163 0.207 0.189 0.177 0.199 0.168 

Glu432 (M1) 0.162 0.155 0.095 0.089 0.142 0.104 0.160 

Glu432 (M2) 0.258 0.260 0.311 0.316 0.282 0.300 0.272 

Glu432 (M3) 0.175 0.186 0.127 0.132 0.167 0.140 0.179 

Glu432 (M4) 0.131 0.141 0.172 0.181 0.146 0.166 0.136 

Glu432 (M5) 0.059 0.067 0.059 0.063 0.059 0.062 0.059 

Glu432 (M6) 0.020 0.023 0.024 0.025 0.021 0.024 0.020 

Glu432 (M7) 0.006 0.007 0.006 0.006 0.006 0.006 0.006 

        

Lys329 (M0) 0.209 0.184 0.173 0.153 0.178 0.160 0.187 

Lys329 (M1) 0.166 0.161 0.150 0.146 0.162 0.150 0.168 

Lys329 (M2) 0.267 0.271 0.221 0.225 0.264 0.225 0.282 
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Lys329 (M3) 0.169 0.179 0.204 0.211 0.184 0.208 0.173 

Lys329 (M4) 0.123 0.132 0.135 0.141 0.131 0.138 0.128 

Lys329 (M5) 0.052 0.057 0.093 0.098 0.063 0.094 0.049 

Lys329 (M6) 0.015 0.016 0.025 0.026 0.017 0.025 0.014 

        

Lys431 (M0) 0.180 0.156 0.151 0.134 0.154 0.139 0.161 

Lys431 (M1) 0.145 0.139 0.077 0.070 0.119 0.077 0.141 

Lys431 (M2) 0.252 0.253 0.245 0.248 0.261 0.247 0.268 

Lys431 (M3) 0.172 0.180 0.112 0.114 0.157 0.119 0.176 

Lys431 (M4) 0.143 0.153 0.219 0.229 0.174 0.221 0.151 

Lys431 (M5) 0.069 0.076 0.081 0.085 0.073 0.084 0.068 

Lys431 (M6) 0.028 0.032 0.081 0.086 0.045 0.081 0.027 

Lys431 (M7) 0.008 0.009 0.023 0.025 0.013 0.023 0.008 

Lys431 (M8) 0.002 0.003 0.009 0.010 0.004 0.009 0.002 

        

Tyr302 (M0) 0.457 0.441 0.413 0.401 0.437 0.417 0.447 

Tyr302 (M1) 0.386 0.397 0.425 0.433 0.402 0.385 0.393 

Tyr302 (M2) 0.120 0.124 0.123 0.125 0.123 0.126 0.123 

Tyr302 (M3) 0.036 0.038 0.039 0.040 0.038 0.073 0.037 

        

His338 (M0) 0.078 0.053 0.085 0.069 0.046 0.072 0.039 

His338 (M1) 0.277 0.266 0.177 0.172 0.274 0.231 0.290 

His338 (M2) 0.356 0.363 0.298 0.299 0.372 0.354 0.377 

His338 (M3) 0.189 0.205 0.255 0.264 0.201 0.214 0.194 

His338 (M4) 0.070 0.078 0.128 0.137 0.075 0.085 0.071 

His338 (M5) 0.022 0.025 0.041 0.043 0.024 0.030 0.022 

His338 (M6) 0.006 0.007 0.012 0.013 0.006 0.011 0.006 

His338 (M7) 0.002 0.002 0.004 0.003 0.002 0.004 0.002 

        

His440 (M0) 0.068 0.045 0.075 0.060 0.039 0.060 0.032 

His440 (M1) 0.241 0.231 0.160 0.152 0.240 0.210 0.252 

His440 (M2) 0.275 0.278 0.234 0.235 0.289 0.278 0.291 

His440 (M3) 0.197 0.205 0.199 0.204 0.203 0.197 0.205 

His440 (M4) 0.137 0.148 0.171 0.177 0.144 0.154 0.140 

His440 (M5) 0.055 0.063 0.107 0.115 0.059 0.069 0.055 

His440 (M6) 0.020 0.022 0.037 0.040 0.020 0.024 0.019 

His440 (M7) 0.005 0.006 0.012 0.014 0.006 0.007 0.005 

His440 (M8) 0.001 0.001 0.003 0.003 0.001 0.001 0.001 

        

Ac117 (M0)     0.515 0.515 0.515 

Ac117 (M1)     0.141 0.141 0.141 

Ac117 (M2)     0.308 0.308 0.308 

Ac117 (M3)     0.025 0.025 0.025 

Ac117 (M4)     0.011 0.011 0.011 

Ac117 (M5)     0.000 0.000 0.000 
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SUPPLEMENTARY CONTENT FOR CHAPTER 5  

Table E.1: Iterative micro-scale flux analysis results  

 Iteration #1 Iteration #2 

 E. coli ȹpgi E. coli ȹzwf E. coli ȹpgi E. coli ȹzwf 

Reaction Flux SD Flux SD Flux SD Flux SD 

Gluc.Ext + PEP Ÿ G6P + Pyr                                                 100  100  56 2 194 1 

G6P ź F6P (net)                                                           6 1 97 1 3 1 187 2 

F6P + ATP Ÿ FBP + ADP                                                      49 1 90 1 27 1 176 2 

FBP ź DHAP + GAP (net)                                                    49 1 90 1 27 1 176 2 

DHAP ź GAP (net)                                                          49 1 90 1 27 1 176 2 

GAP + NAD + ADP + Pi ź 3PG + ATP + 

NADH (net)                      
138 1 176 4 78 3 346 3 

3PG ź PEP (net)                                                           126 2 163 7 73 3 326 3 

PEP + ADP Ÿ Pyr + ATP                                                      0 2 24 11 5 1 64 2 

G6P + NADP Ÿ 6PG + NADPH                                                   93 1 1 0 52 2 3 1 

6PG + NADP Ÿ Ru5P + CO2 + NADPH                                            73 2 0 0 40 2 0 0 

Ru5P ź X5P (net)                                                          44 1 -6 1 24 1 -10 0 

Ru5P ź R5P (net)                                                          29 1 6 1 15 1 11 0 

X5P ź GAP + E-C2 (net)                                                    44 1 -6 1 24 1 -10 0 

F6P ź E4P + E-C2 (net)                                                    -21 1 5 1 -12 1 8 0 

S7P ź R5P + E-C2 (net)                                                    -23 1 1 0 -13 1 2 0 

F6P ź GAP + E-C3 (net)                                                    -23 1 1 0 -13 1 2 0 

S7P ź E4P + E-C3 (net)                                                    23 1 -1 0 13 1 -2 0 

6PG Ÿ KDPG                                                                 20 2 1 0 12 1 3 1 

KDPG Ÿ GAP + Pyr                                                           20 2 1 0 12 1 3 1 

Pyr + NAD Ÿ AcCoA + CO2 + NADH                                             102 5 100 16 64 3 219 3 

AcCoA + OAC Ÿ Cit                                                          62 12 24 4 23 3 40 2 

Cit ź ICit (net)                                                          62 12 24 4 23 3 40 2 

ICit + NADP ź AKG + CO2 + NADPH (net)                                     62 12 23 4 23 3 37 2 

AKG + NAD Ÿ SucCoA + CO2 + NADH                                            54 12 13 2 20 3 21 2 

SucCoA + ADP + Pi ź Suc + ATP (net)                                       51 12 8 2 18 3 13 2 

Suc + FAD ź Fum + FADH2 (net)                                             54 12 14 2 20 3 23 1 

Fum ź Mal (net)                                                           57 12 17 3 20 3 28 1 

Mal + NAD ź OAC + NADH (net)                                              56 10 18 3 20 3 30 1 

ICit Ÿ Glyox + Suc                                                0 1 1 0 0 0 2 0 

AcCoA + Glyox Ÿ Mal                                                        0 1 1 0 0 0 2 0 

Mal + NAD Ÿ Pyr + CO2 + NADH                                               0 2 0 0 0 1 0 0 

PEP + CO2 Ÿ OAC + Pi                                                       21 3 35 6 9 1 58 4 

OAC + ATP Ÿ PEP + CO2 + ADP                                                0 2 2 2 0 0 1 2 

AcCoA + ADP + Pi ź Ac + ATP (net)                                         15 10 50 26 30 3 138 3 

AKG + NADPH + NH3 Ÿ Glu + NADP                                             45 3 63 9 20 0 106 1 
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Glu + ATP + NH3 Ÿ Gln + ADP + Pi                                           4 0 6 1 2 0 9 0 

Glu + 2 NADPH + ATP Ÿ Pro + 2 NADP + 

ADP + Pi                              
1 0 2 0 1 0 3 0 

Glu + CO2 + Gln + NADPH + Asp + AcCoA 

+ 5 ATP Ÿ Arg + AKG + NADP + Fum + A 
2 0 3 0 1 0 4 0 

OAC + Glu Ÿ Asp + AKG                                                      12 1 23 2 6 0 42 2 

Asp + NH3 + 2 ATP Ÿ Asn + 2 ADP + 2 Pi                                     2 0 2 0 1 0 4 0 

Pyr + Glu Ÿ Ala + AKG                                                      3 0 5 1 2 0 8 0 

3PG + Glu + NAD Ÿ Ser + NADH + AKG + 

Pi                                    
8 1 7 2 3 0 10 1 

Ser + THF ź Gly + MEETHF (net)                                            4 0 2 2 2 0 2 1 

Gly + THF + NAD ź CO2 + MEETHF + 

NH3 + NADH (net)                         
0 0 4 1 0 0 8 1 

Thr + NAD Ÿ Gly + AcCoA + NADH                                             0 0 7 2 0 0 15 2 

Ser + AcCoA + SO4 + 3 ATP + 4 NADPH Ÿ 

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

Asp + Pyr + Glu + 2 NADPH + ATP + 

SucCoA Ÿ LL-DAP + AKG + 2 NADP + 

ADP + P 

2 0 3 1 1 0 5 0 

LL-DAP Ÿ Lys + CO2                                                         2 0 3 1 1 0 5 0 

Asp + 2 NADPH + 2 ATP Ÿ Thr + 2 NADP + 

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

Asp + METHF + Cys + 2 NADPH + ATP + 

SucCoA Ÿ Met + Pyr + 2 NADP + ADP + Pi 
1 0 1 0 0 0 2 0 

2 Pyr + NADPH + Glu Ÿ Val + CO2 + NADP 

+ AKG                               
3 0 4 1 1 0 6 0 

2 Pyr + AcCoA + Glu + NADPH + NAD Ÿ 

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

Thr + Pyr + Glu + NADPH Ÿ Ile + CO2 + 

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

E4P + 2 PEP + Glu + NADPH + ATP Ÿ Phe 

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

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

Ÿ Tyr + CO2 + AKG + NADP + NADH + 

AD 

1 0 1 0 0 0 2 0 

E4P + 2 PEP + R5P + Ser + Gln + NADPH + 

3 ATP Ÿ Trp + CO2 + Pyr + GAP + Gl 
0 0 1 0 0 0 1 0 

R5P + FTHF + Gln + Asp + 5 ATP + 2 NAD 

Ÿ His + 2 NADH + AKG + Fum + 5 ADP  
0 0 0 0 0 0 0 0 

MEETHF + NADH Ÿ METHF + NAD                                                1 0 1 0 0 0 2 0 

MEETHF + NADP Ÿ FTHF + NADPH                                               0 0 0 0 0 0 0 0 

NADH + 0.5 O2 + 3 ADP + 3 Pi Ÿ 3 ATP + 

NAD                                 
481 42 192 33 253 15 420 7 

FADH2 + 0.5 O2 + 2 ADP + 2 Pi Ÿ 2 ATP + 

FAD                                
54 12 14 2 20 3 23 1 

NADH + NADP ź NADPH + NAD (net)                                           -109 16 149 21 -61 5 257 5 

ATP Ÿ ATP.Ext                                                              1433 162 396 191 777 56 1059 28 

Ac Ÿ Ac.Ext                                                                19 12 55 25 32 3 146 3 

CO2 Ÿ CO2.Ext                                                              284 27 125 12 144 9 259 4 

O2.Ext Ÿ O2                                                                268 27 103 16 136 9 222 4 

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

SO4.Ext Ÿ SO4                                                              2 0 2 0 1 0 4 0 

0.488 Ala + 0.281 Arg + 0.229 Asn + 0.229 

Asp + 0.087 Cys + 0.25 Glu + 0.25 
7 0 9 2 3 0 16 0 

CO2.unlabeled + CO2 Ÿ CO2 + CO2.out                                               Inf Inf 4 17 Inf Inf 0 7 

Continues next page é 
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Exchange Reactions         

G6P ź F6P (exch)                                                          0 0 0 Inf 0 0 0 Inf 

FBP ź DHAP + GAP (exch)                                                   49 Inf 176 Inf 96 Inf 340 Inf 

DHAP ź GAP (exch)                                                         170 Inf 75 Inf 330 Inf 146 Inf 

GAP + NAD + ADP + Pi ź 3PG + ATP + 

NADH (exch)                            
352 Inf 3341 Inf 681 Inf 6487 Inf 

3PG ź PEP (exch)                                                          0 Inf 3268 Inf 1 Inf 6344 Inf 

Ru5P ź X5P (exch)                                                         43 Inf 8 Inf 14 Inf 17 Inf 

Ru5P ź R5P (exch)                                                         960 Inf 1299 Inf 1858 Inf 2536 Inf 

X5P ź GAP + E-C2 (exch)                                                   79 Inf 57 Inf 119 Inf 110 Inf 

F6P ź E4P + E-C2 (exch)                                                   2 2 65 35 1 1 147 66 

S7P ź R5P + E-C2 (exch)                                                   20 Inf 2 Inf 58 Inf 4 Inf 

F6P ź GAP + E-C3 (exch)                                                   0 Inf 48 3 0 Inf 93 6 

S7P ź E4P + E-C3 (exch)                                                   0 Inf 73 Inf 0 Inf 140 Inf 

Cit ź ICit (exch)                                                         1 Inf 101 Inf 1 Inf 197 Inf 

ICit + NADP ź AKG + CO2 + NADPH 

(exch)                                    
907 Inf 1301 Inf 1758 Inf 2577 Inf 

SucCoA + ADP + Pi ź Suc + ATP (exch)                                      45 Inf 161 Inf 87 Inf 312 Inf 

Suc + FAD ź Fum + FADH2 (exch)                                            95 Inf 29 Inf 184 Inf 57 Inf 

Fum ź Mal (exch)                                                          Inf Inf 1723 Inf Inf Inf 3373 Inf 

Mal + NAD ź OAC + NADH (exch)                                             Inf Inf 0 Inf Inf Inf 0 Inf 

AcCoA + ADP + Pi ź Ac + ATP (exch)                                        119 Inf 137 Inf 231 Inf 266 Inf 

Ser + THF ź Gly + MEETHF (exch)                                           525 Inf 0 1 1019 Inf 0 1 

Gly + THF + NAD ź CO2 + MEETHF + 

NH3 + NADH (exch)                        
2 1 Inf Inf 1 0 Inf Inf 

NADH + NADP ź NADPH + NAD (exch)                                          0 Inf 31 Inf 26 Inf 63 Inf 

f-parameter Fit  SD   Fit  SD   

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

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

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

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

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

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

G-parameter Fit  SD   Fit  SD   

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

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

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

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

G-Biom-Gly (t1) 82% 1%   82% 1%   

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

G-Biom-Leu (t1) 86% 0%   86% 0%   

G-Biom-Ile (t1) 84% 1%   85% 1%   

G-Biom-Pro (t1) 83% 1%   84% 0%   

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

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

G-Biom-Glu (t1) 86% 0%   86% 0%   

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

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

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

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

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

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

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

G-Biom-Leu (t2) 90% 0%   91% 0%   

Continues next pageé 
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G-Biom-Ile (t2) 89% 0%   89% 0%   

G-Biom-Pro (t2) 89% 1%   89% 0%   

G-parameter Fit  SD   Fit  SD   

G-Biom-Phe (t2) 91% 0%   91% 0%   

G-Biom-Asp (t2) 88% 1%   89% 1%   

G-Biom-Glu (t2) 90% 0%   91% 0%   

G-Biom-Lys (t2) 89% 0%   90% 0%   

G-Biom-Tyr (t2) 89% 1%   89% 1%   

G-Biom-Met (t2) 89% 0%   89% 0%   

G-Biom-His (t2) 94% 1%   94% 1%   

G-Biom-Ala (t3) 96% 1%   96% 0%   

G-Biom-Gly (t3) 89% 1%   90% 1%   

G-Biom-Val (t3) 95% 0%   95% 0%   

G-Biom-Leu (t3) 94% 0%   94% 0%   

G-Biom-Ile (t3) 93% 0%   93% 0%   

G-Biom-Pro (t3) 93% 0%   93% 0%   

G-Biom-Phe (t3) 94% 0%   94% 0%   

G-Biom-Asp (t3) 92% 1%   92% 0%   

G-Biom-Glu (t3) 94% 0%   94% 0%   

G-Biom-Lys (t3) 93% 0%   93% 0%   

G-Biom-Tyr (t3) 92% 1%   92% 1%   

G-Biom-Met (t3) 93% 0%   93% 0%   

G-Biom-His (t3) 98% 1%   98% 1%  1 
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Table E.2:    Isotopic labeling measurement of proteinogenic amino acid for ȹpgi ï 

ȹzwf co-culture system at three different time points during the 

exponential growth phase. 

 
 ȹpgi ï ȹzwf co-culture 

 T1 T2 T3 

Ala232 (M0) 0.433 0.418 0.406 

Ala232 (M1) 0.203 0.184 0.161 

Ala232 (M2) 0.284 0.311 0.339 

Ala232 (M3) 0.059 0.063 0.068 

Ala232 (M4) 0.021 0.024 0.026     
Ala260 (M0) 0.427 0.412 0.400 

Ala260 (M1) 0.131 0.124 0.116 

Ala260 (M2) 0.337 0.354 0.369 

Ala260 (M3) 0.072 0.076 0.079 

Ala260 (M4) 0.028 0.030 0.031 

Ala260 (M5) 0.004 0.004 0.004     
Gly218 (M0) 0.545 0.512 0.484 

Gly218 (M1) 0.338 0.364 0.387 

Gly218 (M2) 0.092 0.096 0.098 

Gly218 (M3) 0.026 0.028 0.030     
Gly246 (M0) 0.499 0.472 0.450 

Gly246 (M1) 0.359 0.381 0.399 

Gly246 (M2) 0.106 0.108 0.110 

Gly246 (M3) 0.031 0.033 0.035 

Gly246 (M4) 0.005 0.005 0.006     
Val260 (M0) 0.271 0.245 0.227 

Val260 (M1) 0.164 0.141 0.120 

Val260 (M2) 0.313 0.333 0.350 

Val260 (M3) 0.081 0.086 0.089 

Val260 (M4) 0.135 0.154 0.170 

Val260 (M5) 0.025 0.029 0.032 

Val260 (M6) 0.010 0.011 0.013     
Val288 (M0) 0.270 0.244 0.226 

Val288 (M1) 0.130 0.113 0.098 

Val288 (M2) 0.310 0.330 0.347 

Val288 (M3) 0.107 0.107 0.105 

Val288 (M4) 0.140 0.157 0.172 

Val288 (M5) 0.030 0.034 0.036 

Val288 (M6) 0.011 0.012 0.013 

Val288 (M7) 0.002 0.002 0.002     
Leu274 (M0) 0.209 0.176 0.150 

Leu274 (M1) 0.188 0.174 0.160 

Leu274 (M2) 0.231 0.236 0.239 

Leu274 (M3) 0.171 0.187 0.201 

Leu274 (M4) 0.106 0.119 0.130 

Leu274 (M5) 0.072 0.083 0.093 
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Leu274 (M6) 0.016 0.019 0.021 

Leu274 (M7) 0.005 0.006 0.007     
Ile200 (M0)  0.252 0.227 

Ile200 (M1)  0.160 0.138 

Ile200 (M2)  0.295 0.314 

Ile200 (M3)  0.121 0.127 

Ile200 (M4)  0.125 0.143 

Ile200 (M5)  0.037 0.042 

Ile200 (M6)  0.007 0.008 

Ile200 (M7)  0.002 0.002     
Ile274 (M0) 0.255 0.224 0.201 

Ile274 (M1) 0.182 0.160 0.139 

Ile274 (M2) 0.268 0.284 0.299 

Ile274 (M3) 0.126 0.135 0.141 

Ile274 (M4) 0.114 0.133 0.150 

Ile274 (M5) 0.040 0.047 0.053 

Ile274 (M6) 0.011 0.013 0.015 

Ile274 (M7) 0.003 0.003 0.003     
Pro258 (M0) 0.281 0.247 0.221 

Pro258 (M1) 0.195 0.177 0.160 

Pro258 (M2) 0.277 0.296 0.313 

Pro258 (M3) 0.105 0.116 0.124 

Pro258 (M4) 0.112 0.128 0.143 

Pro258 (M5) 0.023 0.026 0.029 

Pro258 (M6) 0.008 0.009 0.010     
Phe302 (M0) 0.485 0.457 0.436 

Phe302 (M1) 0.362 0.384 0.402 

Phe302 (M2) 0.119 0.122 0.124 

Phe302 (M3) 0.034 0.036 0.038     
Phe308 (M0) 0.263 0.229 0.204 

Phe308 (M1) 0.159 0.135 0.115 

Phe308 (M2) 0.266 0.285 0.300 

Phe308 (M3) 0.090 0.096 0.100 

Phe308 (M4) 0.140 0.162 0.178 

Phe308 (M5) 0.043 0.049 0.054 

Phe308 (M6) 0.027 0.032 0.035 

Phe308 (M7) 0.009 0.010 0.011 

Phe308 (M8) 0.003 0.003 0.003     
Phe336 (M0) 0.261 0.228 0.204 

Phe336 (M1) 0.138 0.119 0.103 

Phe336 (M2) 0.268 0.285 0.299 

Phe336 (M3) 0.102 0.106 0.107 

Phe336 (M4) 0.143 0.163 0.178 

Phe336 (M5) 0.047 0.053 0.058 

Phe336 (M6) 0.028 0.032 0.036 

Phe336 (M7) 0.009 0.011 0.012 

Phe336 (M8) 0.002 0.003 0.003 

Phe336 (M9) 0.001 0.001 0.001     
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Asp302 (M0) 0.455 0.429 0.410 

Asp302 (M1) 0.335 0.346 0.357 

Asp302 (M2) 0.165 0.175 0.182 

Asp302 (M3) 0.045 0.049 0.051     
Asp390 (M0) 0.344 0.322 0.308 

Asp390 (M1) 0.229 0.215 0.200 

Asp390 (M2) 0.259 0.277 0.294 

Asp390 (M3) 0.115 0.126 0.133 

Asp390 (M4) 0.042 0.047 0.051 

Asp390 (M5) 0.012 0.013 0.014     
Asp418 (M0) 0.323 0.302 0.290 

Asp418 (M1) 0.198 0.184 0.170 

Asp418 (M2) 0.270 0.286 0.301 

Asp418 (M3) 0.122 0.130 0.135 

Asp418 (M4) 0.063 0.070 0.076 

Asp418 (M5) 0.018 0.020 0.022 

Asp418 (M6) 0.005 0.006 0.007     
Glu330 (M0) 0.255 0.228 0.206 

Glu330 (M1) 0.200 0.181 0.161 

Glu330 (M2) 0.279 0.295 0.308 

Glu330 (M3) 0.117 0.127 0.135 

Glu330 (M4) 0.113 0.129 0.143 

Glu330 (M5) 0.027 0.031 0.034 

Glu330 (M6) 0.009 0.010 0.012     
Glu432 (M0) 0.210 0.187 0.170 

Glu432 (M1) 0.181 0.161 0.142 

Glu432 (M2) 0.261 0.270 0.278 

Glu432 (M3) 0.146 0.155 0.160 

Glu432 (M4) 0.125 0.140 0.153 

Glu432 (M5) 0.053 0.060 0.066 

Glu432 (M6) 0.019 0.022 0.024 

Glu432 (M7) 0.005 0.006 0.007     
Lys329 (M0) 0.246 0.217 0.197 

Lys329 (M1) 0.178 0.157 0.138 

Lys329 (M2) 0.269 0.284 0.297 

Lys329 (M3) 0.126 0.135 0.141 

Lys329 (M4) 0.121 0.138 0.153 

Lys329 (M5) 0.047 0.053 0.058 

Lys329 (M6) 0.014 0.016 0.017     
Lys431 (M0) 0.214 0.187 0.169 

Lys431 (M1) 0.154 0.136 0.121 

Lys431 (M2) 0.257 0.267 0.276 

Lys431 (M3) 0.145 0.150 0.152 

Lys431 (M4) 0.138 0.154 0.167 

Lys431 (M5) 0.059 0.067 0.072 

Lys431 (M6) 0.025 0.029 0.032 

Lys431 (M7) 0.007 0.008 0.009 

Lys431 (M8) 0.002 0.002 0.002     
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Tyr302 (M0) 0.488 0.460 0.438 

Tyr302 (M1) 0.358 0.381 0.399 

Tyr302 (M2) 0.119 0.123 0.125 

Tyr302 (M3) 0.034 0.037 0.038     
Met218 (M0) 0.294 0.261 0.233 

Met218 (M1) 0.251 0.251 0.247 

Met218 (M2) 0.217 0.231 0.239 

Met218 (M3) 0.169 0.182 0.200 

Met218 (M4) 0.053 0.058 0.063 

Met218 (M5) 0.016 0.017 0.018     
Met320 (M0) 0.251 0.220 0.195 

Met320 (M1) 0.220 0.216 0.211 

Met320 (M2) 0.225 0.232 0.237 

Met320 (M3) 0.176 0.192 0.207 

Met320 (M4) 0.078 0.086 0.092 

Met320 (M5) 0.035 0.039 0.043 

Met320 (M6) 0.010 0.011 0.011 

Met320 (M7) 0.005 0.004 0.004     
His338 (M0) 0.117 0.087 0.064 

His338 (M1) 0.224 0.193 0.164 

His338 (M2) 0.232 0.231 0.225 

His338 (M3) 0.228 0.256 0.283 

His338 (M4) 0.138 0.161 0.181 

His338 (M5) 0.043 0.051 0.058 

His338 (M6) 0.014 0.017 0.020 

His338 (M7) 0.004 0.005 0.005     
His440 (M0) 0.104 0.077 0.057 

His440 (M1) 0.196 0.167 0.139 

His440 (M2) 0.216 0.213 0.208 

His440 (M3) 0.173 0.184 0.193 

His440 (M4) 0.138 0.157 0.173 

His440 (M5) 0.114 0.134 0.153 

His440 (M6) 0.040 0.047 0.053 

His440 (M7) 0.015 0.017 0.020 

His440 (M8) 0.003 0.004 0.005     
Ac117 (M0) 0.472 0.464 0.456 

Ac117 (M1) 0.201 0.169 0.135 

Ac117 (M2) 0.289 0.327 0.366 

Ac117 (M3) 0.026 0.028 0.029 

Ac117 (M4) 0.011 0.012 0.014 

Ac117 (M5) 0.001 0.001 0.000 
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SUPPLEMENTARY CONTENT FOR CHAPTER 6  

Table F.1:    E. coli mono-culture flux analysis result on [1-13C]acetate, [2-13C]acetate, 

50% [U-13C]acetate, [1-13C]acetate + [U-13C]acetate and [U-13C]acetate + 

[2-13C]acetate. 
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Number of fitted data sets : 1  1  1  1  1  2  

Number of fitted measurements : 140  140  140  140  140  280  

SSR : 70  125  17  23  91  266  

Acceptable SSR : 80  83  81  84  85  192  
             
Flux fit  SD fit  SD fit  SD fit  SD fit  SD fit  SD 

Glycolysis             

G6P ź F6P                                                            -7 3 -9 2 -25 20 -6 6 -21 8 -9 1 

FBP Ÿ F6P + Pi                                                             5 1 5 1 10 6 4 2 10 3 5 0 

FBP ź DHAP + GAP                                                     -5 1 -5 1 -10 6 -4 2 -10 3 -5 0 

DHAP ź GAP                                                           -5 1 -5 1 -10 6 -4 2 -10 3 -5 0 

GAP + NAD + ADP + Pi ź 3PG + ATP + 

NADH                              
-8 2 -7 1 -13 5 -8 2 -15 4 -9 0 

3PG ź PEP                                                            -11 2 -10 2 -16 5 -12 3 -19 5 -12 0 

PEP + ADP Ÿ Pyr + ATP                                                      7 116 28 156 31 225 12 114 0 56 25 115 

Pyr + 2 ATP Ÿ PEP + 2 ADP + Pi                                             23 116 49 148 49 242 0 134 79 30 50 107 

Oxidative pentose phosphate pathway             

G6P + NADP Ÿ 6PG + NADPH                                                   7 2 9 2 24 20 6 6 21 7 9 1 

6PG + NADP Ÿ Ru5P + CO2 + NADPH                                            6 2 8 2 23 20 6 6 19 7 8 1 

Ru5P ź X5P                                                           3 1 4 1 14 14 2 4 11 5 4 1 

Ru5P ź R5P                                                           4 0 4 1 9 6 4 2 8 3 4 0 

X5P ź GAP + E-C2                                                     3 1 4 1 14 14 2 4 11 5 4 1 

F6P ź E4P + E-C2                                                     -1 1 -2 1 -7 7 -1 2 -5 2 -2 0 

S7P ź R5P + E-C2                                                     -2 0 -2 1 -7 7 -2 2 -6 2 -2 0 

F6P ź GAP + E-C3                                                     -2 0 -2 1 -7 7 -2 2 -6 2 -2 0 

S7P ź E4P + E-C3                                                     2 0 2 1 7 7 2 2 6 2 2 0 

ED pathway             

6PG Ÿ KDPG                                                                 0 0 1 0 1 1 0 0 1 0 1 0 

KDPG Ÿ GAP + Pyr                                                           0 0 1 0 1 1 0 0 1 0 1 0 

TCA cycle             

Pyr + NAD Ÿ AcCoA + CO2 + NADH                                             12 0 23 6 12 1 14 1 0 14 12 0 

Appendix F 
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AcCoA + OAC Ÿ Cit                                                          71 5 77 4 70 5 66 5 58 10 70 0 

Cit ź ICit                                                           71 5 77 4 70 5 66 5 58 10 70 0 

ICit + NADP ź AKG + CO2 + NADPH                                      35 8 35 2 33 7 25 9 24 5 33 0 

AKG + NAD Ÿ SucCoA + CO2 + NADH                                            33 8 33 2 31 7 22 9 21 1 31 0 

SucCoA + ADP + Pi ź Suc + ATP                                        32 9 32 2 31 9 21 10 20 1 30 0 

Suc + FAD ź Fum + FADH2                                              69 5 75 5 68 6 63 6 55 1 67 0 

Fum ź Mal                                                            69 5 76 4 69 6 64 6 56 1 68 0 

Mal + NAD ź OAC + NADH                                               72 4 71 6 72 13 97 67 6 42 63 4 

Glyoxylate shunt             

ICit Ÿ Glyox + Suc                                                         35 4 42 3 37 1 41 4 34 7 36 0 

AcCoA + Glyox Ÿ Mal                                                        35 4 42 3 37 1 41 4 34 7 36 0 

Amphibolic reactions             

Mal + NADP Ÿ Pyr + CO2 + NADPH                                             0 11 1 15 0 10 0 67 52 50 0 12 

Mal + NAD Ÿ Pyr + CO2 + NADH                                               32 11 46 15 34 10 8 67 33 49 41 12 

OAC + ATP Ÿ PEP + CO2 + ADP                                                0 8 0 3 0 11 36 136 0 6 0 2 

PEP + CO2 Ÿ OAC + Pi                                                       3 4 10 5 1 3 10 129 58 38 11 3 

Acetic acid formation             

AcCoA + ADP + Pi ź Ac + ATP                                          -101 0 -101 0 -101 0 -101 0 -101 0 -101 0 

Amino acid biosynthesis             

AKG + NADPH + NH3 Ÿ Glu + NADP                                             13 2 10 2 11 5 16 3 17 1 13 0 

Glu + ATP + NH3 Ÿ Gln + ADP + Pi                                           1 0 1 0 1 1 2 0 2 0 1 0 

Glu + 2 NADPH + ATP Ÿ Pro + 2 NADP + 
ADP + Pi                              

0 0 0 0 0 0 1 0 1 0 0 0 

Glu + CO2 + Gln + NADPH + Asp + AcCoA 

+ 5 ATP Ÿ Arg + AKG + NADP + Fum + A 
1 0 0 0 0 0 1 0 1 0 1 0 

OAC + Glu Ÿ Asp + AKG                                                      4 1 3 1 3 3 4 1 5 0 4 0 

Asp + NH3 + 2 ATP Ÿ Asn + 2 ADP + 2 Pi                                     0 0 0 0 0 0 1 0 1 0 0 0 

Pyr + Glu Ÿ Ala + AKG                                                      1 0 1 0 1 0 1 0 1 0 1 0 

3PG + Glu + NAD Ÿ Ser + NADH + AKG 

+ Pi                                    
2 0 2 0 2 1 3 1 3 0 2 0 

Ser + THF ź Gly + MEETHF                                             1 0 1 0 1 0 2 0 2 0 1 0 

Gly + THF + NAD ź CO2 + MEETHF + 

NH3 + NADH                          
0 0 0 0 0 1 0 0 0 0 0 0 

Thr + NAD Ÿ Gly + AcCoA + NADH                                             0 0 0 0 0 1 0 0 0 0 0 0 

Ser + AcCoA + SO4 + 3 ATP + 4 NADPH 

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

Asp + Pyr + Glu + 2 NADPH + ATP + 

SucCoA Ÿ LL-DAP + AKG + 2 NADP + 

ADP + P 

1 0 0 0 1 0 1 0 1 0 1 0 

LL-DAP Ÿ Lys + CO2                                                         1 0 0 0 1 0 1 0 1 0 1 0 

Asp + 2 NADPH + 2 ATP Ÿ Thr + 2 NADP 

+ 2 ADP + 2 Pi                        
1 0 1 0 1 2 1 0 1 0 1 0 

Asp + METHF + Cys + 2 NADPH + ATP + 

SucCoA Ÿ Met + Pyr + 2 NADP + ADP + 

Pi 

0 0 0 0 0 0 0 0 0 0 0 0 

2 Pyr + NADPH + Glu Ÿ Val + CO2 + 
NADP + AKG                               

1 0 1 0 1 0 1 0 1 0 1 0 

2 Pyr + AcCoA + Glu + NADPH + NAD Ÿ 

Leu + 2 CO2 + AKG + NADP + NADH        
1 0 1 0 1 0 1 0 1 0 1 0 

Thr + Pyr + Glu + NADPH Ÿ Ile + CO2 + 

AKG + NADP + NH3                     
1 0 0 0 0 0 1 0 1 0 1 0 

E4P + 2 PEP + Glu + NADPH + ATP Ÿ Phe 

+ CO2 + AKG + NADP + ADP + 4 Pi      
0 0 0 0 0 0 0 0 0 0 0 0 

E4P + 2 PEP + Glu + NADPH + NAD + 

ATP Ÿ Tyr + CO2 + AKG + NADP + 

NADH + AD 

0 0 0 0 0 0 0 0 0 0 0 0 

MEETHF + NADH Ÿ METHF + NAD                                                0 0 0 0 0 0 0 0 0 0 0 0 

MEETHF + NADP Ÿ FTHF + NADPH                                               0 0 0 0 0 0 0 0 0 0 0 0 
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E4P + 2 PEP + R5P + Ser + Gln + NADPH + 

3 ATP Ÿ Trp + CO2 + Pyr + GAP + Gl 
0 0 0 0 0 0 0 0 0 0 0 0 

R5P + FTHF + Gln + Asp + 5 ATP + 2 NAD 

Ÿ His + 2 NADH + AKG + Fum + 5 ADP  
0 0 0 0 0 0 0 0 0 0 0 0 

Biomass formation             

0.488 Ala + 0.281 Arg + 0.229 Asn + 0.229 

Asp + 0.087 Cys + 0.25 Glu + 0.25 
2 0 2 0 2 1 2 0 3 1 2 0 

Oxidative Phosporylation             

NADH + 0.5 O2 + 3 ADP + 3 Pi Ÿ 3 ATP + 

NAD                                 
163 25 197 21 194 63 136 31 125 16 161 3 

FADH2 + 0.5 O2 + 2 ADP + 2 Pi Ÿ 2 ATP 

+ FAD                                
69 5 75 5 68 6 63 6 55 1 67 0 

NADH + NADP ź NADPH + NAD                                            -15 25 -27 21 -53 58 4 46 -71 55 -15 14 

Transport             

O2.Ext Ÿ O2                                                                116 15 136 13 131 36 100 18 90 32 114 1 

CO2 Ÿ CO2.Ext                                                              121 14 140 12 135 34 105 17 96 30 119 1 

NH3.Ext Ÿ NH3                                                              14 2 11 2 11 6 17 3 18 1 14 0 

SO4.Ext Ÿ SO4                                                              0 0 0 0 0 0 1 0 1 0 0 0 

Ac.Ext Ÿ Ac + XAc                                                          100 0 100 0 100 0 100 0 100 0 100 0 

CO2 exchange             

CO2.M0 + CO2 Ÿ CO2 + CO2.snk                                               3 2544 8 3 321 3026 32 2522 5 2 66 189 

G-values             

G-value  Ala                                                  0.98 0.01 0.97 0.00 0.97 0.00 0.97 0.00 0.97 0.00 0.98 0.00 

G-value  Gly                                                  1.00 0.01 0.96 0.00 0.97 0.00 0.97 0.00 0.96 0.00 0.97 0.01 

G-value  Val                                                  0.97 0.01 0.97 0.00 0.97 0.00 0.97 0.00 0.97 0.00 0.98 0.00 

G-value  Leu                                                  0.68 0.16 0.97 0.00 0.97 0.00 0.97 0.00 0.97 0.00 0.46 0.10 

G-value  Ile                                                  0.96 0.00 0.96 0.00 0.97 0.00 0.97 0.00 0.96 0.00 0.97 0.00 

G-value  Pro                                                  0.96 0.00 0.96 0.00 0.97 0.00 0.97 0.00 0.96 0.00 0.96 0.00 

G-value  Ser                                                  0.96 0.01 0.96 0.00 0.97 0.00 0.96 0.00 0.96 0.00 0.98 0.01 

G-value  Thr                                                  0.97 0.01 0.96 0.00 0.97 0.01 0.97 0.00 0.97 0.00 0.99 0.01 

G-value  Phe                                                  0.97 0.00 0.96 0.00 0.97 0.00 0.97 0.00 0.96 0.00 0.97 0.00 

G-value  Asp                                                  0.97 0.00 0.96 0.00 0.97 0.00 0.97 0.00 0.97 0.00 0.98 0.00 

G-value  Glu                                                  0.97 0.00 0.97 0.00 0.97 0.00 0.97 0.00 0.97 0.00 0.97 0.00 

G-value  Lys                                                  0.96 0.00 0.96 0.00 0.96 0.00 0.96 0.00 0.96 0.00 0.96 0.00 

G-value  Tyr                                                  0.97 0.01 0.96 0.00 0.98 0.01 0.97 0.00 0.96 0.00 0.98 0.00 

G-value  Met                                                  0.96 0.00 0.96 0.00 0.95 0.00 0.97 0.00 0.95 0.00 0.97 0.00 

G-value  His                                                  0.95 0.00 0.96 0.00 0.96 0.01 0.96 0.00 0.96 0.00 0.96 0.00 

G-value  C16:0                                                0.96 0.00 0.96 0.00 0.97 0.00 0.97 0.00 0.96 0.00 0.96 0.00 

G-value  Ala (data set #2)                                              0.97  

G-value  Gly (data set #2)                                              0.95  

G-value  Val (data set #2)                                              0.97  

G-value  Leu (data set #2)                                              0.97  

G-value  Ile (data set #2)                                              0.96  

G-value  Pro (data set #2)                                              0.96  

G-value  Ser (data set #2)                                              0.96  

G-value  Thr (data set #2)                                              0.96  

G-value  Phe (data set #2)                                              0.96  

G-value  Asp (data set #2)                                              0.96  

G-value  Glu (data set #2)                                              0.97  

G-value  Lys (data set #2)                                              0.96  

G-value  Tyr (data set #2)                                              0.96  

G-value  Met (data set #2)                                              0.96  

G-value  His (data set #2)                                              0.95  

G-value  C16:0 (data set #2)                                            0.96  
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Table F.2:    Cross-feeding co-culture micro-scale model flux analysis result 

 Culture #1 Culture #2 

Number of fitted data sets: 2  2  

Number of fitted measurements: 211  211  

E. coli ȹptsI ȹglk fluxes     

Flux Flux SD Flux SD 

Glycolysis/Gluconeogenesis (ȹptsI ȹglk)     

G6P.1 ź F6P.1                                                        1 0 0 0 

F6P.1 + ATP.1 Ÿ FBP.1 + ADP.1                                              4 131 498 128 

FBP.1 ź DHAP.1 + GAP.1                                               -1 0 -1 0 

DHAP.1 ź GAP.1                                                       -1 0 -1 0 

GAP.1 + NAD.1 + ADP.1 + Pi.1 ź 3PG.1 + ATP.1 + NADH.1                -2 0 -2 0 

3PG.1 ź PEP.1                                                        -6 0 -6 0 

PEP.1 + ADP.1 Ÿ Pyr.1 + ATP.1                                              14 1 19 21 

Pentose phosphate pathway (ȹptsI ȹglk)     

G6P.1 + NADP.1 Ÿ 6PG.1 + NADPH.1                                           0 0 2 0 

6PG.1 + NADP.1 Ÿ Ru5P.1 + CO2.1 + NADPH.1                                  0 0 1 0 

Ru5P.1 ź X5P.1                                                       -1 0 -1 0 

Ru5P.1 ź R5P.1                                                       1 0 2 0 

X5P.1 ź GAP.1 + E-C2.1                                               -1 0 -1 0 

F6P.1 ź E4P.1 + E-C2.1                                               1 0 1 0 

S7P.1 ź R5P.1 + E-C2.1                                               0 0 0 0 

F6P.1 ź GAP.1 + E-C3.1                                               0 0 0 0 

S7P.1 ź E4P.1 + E-C3.1                                               0 0 0 0 

ED-Pathway (ȹptsI ȹglk)     

6PG.1 Ÿ KDPG.1                                                             0 0 0 0 

KDPG.1 Ÿ GAP.1 + Pyr.1                                                     0 0 0 0 

TCA Cycle (ȹptsI ȹglk)     

Pyr.1 + NAD.1 Ÿ AcCoA.1 + CO2.1 + NADH.1                                   9 1 8 1 

AcCoA.1 + OAC.1 Ÿ Cit.1                                                    75 1 75 1 

Cit.1 ź ICit.1                                                       75 1 75 1 

ICit.1 + NADP.1 ź AKG.1 + CO2.1 + NADPH.1                            47 1 47 1 

AKG.1 + NAD.1 Ÿ SucCoA.1 + CO2.1 + NADH.1                                  44 1 45 1 

SucCoA.1 + ADP.1 + Pi.1 ź Suc.1 + ATP.1                              43 1 44 1 

Suc.1 + FAD.1 ź Fum.1 + FADH2.1                                      72 1 72 1 

Fum.1 ź Mal.1                                                        73 1 73 1 

Mal.1 + NAD.1 ź OAC.1 + NADH.1                                       101 1 101 1 

Glyoxylate Shunt (ȹptsI ȹglk)     

ICit.1 Ÿ Glyox.1 + Suc.1                                                   28 1 28 1 

AcCoA.1 + Glyox.1 Ÿ Mal.1                                                  28 1 28 1 

Gluconeogenesis (ȹptsI ȹglk)     

FBP.1 Ÿ F6P.1                                                              4 131 499 128 

Pyr.1 + 2 ATP.1 Ÿ PEP.1 + 2 ADP.1 + Pi.1                                   0 8 6 21 

Mal.1 + NADP.1 Ÿ Pyr.1 + CO2.1 + NADPH.1                                   0 0 0 0 

OAC.1 + ATP.1 Ÿ PEP.1 + CO2.1 + ADP.1                                      22 1 21 2 

Anaplerosis (ȹptsI ȹglk)     

PEP.1 + CO2.1 Ÿ OAC.1 + Pi.1                                               0 2 0 2 

Amino acid synthesis and biomass reaction (ȹptsI ȹglk)     

AKG.1 + NADPH.1 + NH3.1 Ÿ Glu.1 + NADP.1                                   14 0 14 0 
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Glu.1 + ATP.1 + NH3.1 Ÿ Gln.1 + ADP.1 + Pi.1                               1 0 1 0 

Glu.1 + 2 NADPH.1 + ATP.1 Ÿ Pro.1 + 2 NADP.1 + ADP.1 + Pi.1                0 0 0 0 

Glu.1 + CO2.1 + Gln.1 + NADPH.1 + Asp.1 + AcCoA.1 + 5 ATP.1 Ÿ 

Arg.1 + AKG. 
1 0 1 0 

OAC.1 + Glu.1 Ÿ Asp.1 + AKG.1                                              4 0 4 1 

Asp.1 + NH3.1 + 2 ATP.1 Ÿ Asn.1 + 2 ADP.1 + 2 Pi.1                         0 0 0 0 

Pyr.1 + Glu.1 Ÿ Ala.1 + AKG.1                                              1 0 1 0 

3PG.1 + Glu.1 + NAD.1 Ÿ Ser.1 + NADH.1 + AKG.1 + Pi.1                      2 0 2 0 

Ser.1 + THF.1 ź Gly.1 + MEETHF.1                                     1 0 1 0 

Gly.1 + THF.1 + NAD.1 ź CO2.1 + MEETHF.1 + NH3.1 + NADH.1            0 0 0 0 

Thr.1 + NAD.1 Ÿ Gly.1 + AcCoA.1 + NADH.1                                   0 0 0 1 

Ser.1 + AcCoA.1 + SO4.1 + 3 ATP.1 + 4 NADPH.1 Ÿ Cys.1 + Ac.1 + 

4 NADP.1 +  
1 0 1 0 

Asp.1 + Pyr.1 + Glu.1 + 2 NADPH.1 + ATP.1 + SucCoA.1 Ÿ LL-

DAP.1 + AKG.1 +  
1 0 1 0 

LL-DAP.1 Ÿ Lys.1 + CO2.1                                                   1 0 1 0 

Asp.1 + 2 NADPH.1 + 2 ATP.1 Ÿ Thr.1 + 2 NADP.1 + 2 ADP.1 + 2 

Pi.1          
1 0 1 1 

Asp.1 + METHF.1 + Cys.1 + 2 NADPH.1 + ATP.1 + SucCoA.1 Ÿ 

Met.1 + Pyr.1 + 2 
0 0 0 0 

2 Pyr.1 + NADPH.1 + Glu.1 Ÿ Val.1 + CO2.1 + NADP.1 + AKG.1                 1 0 1 0 

2 Pyr.1 + AcCoA.1 + Glu.1 + NADPH.1 + NAD.1 Ÿ Leu.1 + 2 CO2.1 

+ AKG.1 + NA 
1 0 1 0 

Thr.1 + Pyr.1 + Glu.1 + NADPH.1 Ÿ Ile.1 + CO2.1 + AKG.1 + 

NADP.1 + NH3.1   
1 0 1 0 

E4P.1 + 2 PEP.1 + Glu.1 + NADPH.1 + ATP.1 Ÿ Phe.1 + CO2.1 + 

AKG.1 + NADP.1 
0 0 0 0 

E4P.1 + 2 PEP.1 + Glu.1 + NADPH.1 + NAD.1 + ATP.1 Ÿ Tyr.1 + 

CO2.1 + AKG.1  
0 0 0 0 

E4P.1 + 2 PEP.1 + R5P.1 + Ser.1 + Gln.1 + NADPH.1 + 3 ATP.1 Ÿ 

Trp.1 + CO2. 
0 0 0 0 

R5P.1 + FTHF.1 + Gln.1 + Asp.1 + 5 ATP.1 + 2 NAD.1 Ÿ His.1 + 2 

NADH.1 + AK 
0 0 0 0 

MEETHF.1 + NADH.1 Ÿ METHF.1 + NAD.1                                        0 0 0 0 

MEETHF.1 + NADP.1 Ÿ FTHF.1 + NADPH.1                                       0 0 0 0 

0.488 Ala.1 + 0.281 Arg.1 + 0.229 Asn.1 + 0.229 Asp.1 + 0.087 Cys.1 

+ 0.25  
2 0 2 0 

Fermentation reaction (ȹptsI ȹglk)     

AcCoA.1 + ADP.1 + Pi.1 ź Ac.1 + ATP.1                                -101 0 -101 0 

ATP synthesis (ȹptsI ȹglk)     

NADH.1 + 0.5 O2.1 + 3 ADP.1 + 3 Pi.1 Ÿ 3 ATP.1 + NAD.1                     170 3 171 2 

FADH2.1 + 0.5 O2.1 + 2 ADP.1 + 2 Pi.1 Ÿ 2 ATP.1 + FAD.1                    72 1 72 1 

NADH.1 + NADP.1 ź NADPH.1 + NAD.1                                    -11 2 -13 2 

Uptake/Excretion (ȹptsI ȹglk)     

Gluc.Ext + ATP.1 Ÿ G6P.1 + ADP.1 + X-glc1                                  2 0 2 0 

ATP.1 Ÿ ATP.Ext                                                            499 131 0 125 

CO2.1 Ÿ CO2.Ext                                                            126 1 127 1 

O2.Ext Ÿ O2.1                                                              121 2 122 2 

NH3.Ext Ÿ NH3.1                                                            15 0 15 0 

SO4.Ext Ÿ SO4.1                                                            1 0 1 0 

CO2.M0 + CO2.1 Ÿ CO2.1 + CO2.snk                                           4 3 12 2580 

Output rate of Biomass.1                                                    86 2 85 2 

      

E. coli WT fluxes     

Flux Flux SD Flux SD 
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Glycolysis (WT)     

G6P.2 ź F6P.2                                                        78 0 84 2 

F6P.2 + ATP.2 Ÿ FBP.2 + ADP.2                                              86 0 89 1 

FBP.2 ź DHAP.2 + GAP.2                                               86 0 89 1 

DHAP.2 ź GAP.2                                                       86 0 89 1 

GAP.2 + NAD.2 + ADP.2 + Pi.2 ź 3PG.2 + ATP.2 + NADH.2                176 1 180 1 

3PG.2 ź PEP.2                                                        166 1 169 1 

PEP.2 + ADP.2 Ÿ Pyr.2 + ATP.2                                              1040 36 47 280 

Pyr.2 + 2 ATP.2 Ÿ PEP.2 + 2 ADP.2 + Pi.2                                   997 34 0 279 

Pentose Phosphate pathway (WT)     

G6P.2 + NADP.2 Ÿ 6PG.2 + NADPH.2                                           21 0 15 2 

6PG.2 + NADP.2 Ÿ Ru5P.2 + CO2.2 + NADPH.2                                  19 1 15 2 

Ru5P.2 ź X5P.2                                                       9 1 6 1 

Ru5P.2 ź R5P.2                                                       11 0 9 1 

X5P.2 ź GAP.2 + E-C2.2                                               9 1 6 1 

F6P.2 ź E4P.2 + E-C2.2                                               -3 0 -2 1 

S7P.2 ź R5P.2 + E-C2.2                                               -5 0 -4 1 

F6P.2 ź GAP.2 + E-C3.2                                               -5 0 -4 1 

S7P.2 ź E4P.2 + E-C3.2                                               5 0 4 1 

ED Pathway (WT)     

6PG.2 Ÿ KDPG.2                                                             2 1 0 0 

KDPG.2 Ÿ GAP.2 + Pyr.2                                                     2 1 0 0 

TCA cycle (WT)     

Pyr.2 + NAD.2 Ÿ AcCoA.2 + CO2.2 + NADH.2                                   129 2 131 3 

AcCoA.2 + OAC.2 Ÿ Cit.2                                                    25 1 28 2 

Cit.2 ź ICit.2                                                       25 1 28 2 

ICit.2 + NADP.2 ź AKG.2 + CO2.2 + NADPH.2                            25 1 28 2 

AKG.2 + NAD.2 Ÿ SucCoA.2 + CO2.2 + NADH.2                                  19 1 21 2 

SucCoA.2 + ADP.2 + Pi.2 ź Suc.2 + ATP.2                              16 1 18 2 

Suc.2 + FAD.2 ź Fum.2 + FADH2.2                                      19 1 21 2 

Fum.2 ź Mal.2                                                        20 1 23 2 

Mal.2 + NAD.2 ź OAC.2 + NADH.2                                       20 1 23 2 

Glyoxylate Shunt (WT)     

ICit.2 Ÿ Glyox.2 + Suc.2                                                   0 0 0 0 

AcCoA.2 + Glyox.2 Ÿ Mal.2                                                  0 0 0 0 

Gluconeogenesis (WT)     

Mal.2 + NADP.2 Ÿ Pyr.2 + CO2.2 + NADPH.2                                   0 1 0 0 

OAC.2 + ATP.2 Ÿ PEP.2 + CO2.2 + ADP.2                                      11 2 6 3 

Anaplerosis (WT)     

PEP.2 + CO2.2 Ÿ OAC.2 + Pi.2                                               29 2 24 2 

Amino Acid Synthesis and Biomass Reaction (WT)     

AKG.2 + NADPH.2 + NH3.2 Ÿ Glu.2 + NADP.2                                   39 1 39 2 

Glu.2 + ATP.2 + NH3.2 Ÿ Gln.2 + ADP.2 + Pi.2                               4 0 4 0 

Glu.2 + 2 NADPH.2 + ATP.2 Ÿ Pro.2 + 2 NADP.2 + Pi.2 + ADP.2                1 0 1 0 

Glu.2 + CO2.2 + Gln.2 + NADPH.2 + Asp.2 + AcCoA.2 + 5 ATP.2 Ÿ 

Arg.2 + AKG. 
2 0 2 0 

OAC.2 + Glu.2 Ÿ Asp.2 + AKG.2                                              11 0 11 1 

Asp.2 + NH3.2 + 2 ATP.2 Ÿ Asn.2 + 2 ADP.2 + 2 Pi.2                         1 0 1 0 

Pyr.2 + Glu.2 Ÿ Ala.2 + AKG.2                                              3 0 3 0 

3PG.2 + Glu.2 + NAD.2 Ÿ Ser.2 + NADH.2 + AKG.2 + Pi.2                      7 0 7 0 

Ser.2 + THF.2 ź Gly.2 + MEETHF.2                                     4 0 4 0 

Gly.2 + THF.2 + NAD.2 ź CO2.2 + MEETHF.2 + NH3.2 + NADH.2            0 0 0 0 

Thr.2 + NAD.2 Ÿ Gly.2 + AcCoA.2 + NADH.2                                   0 0 0 0 

Ser.2 + AcCoA.2 + SO4.2 + 3 ATP.2 + 4 NADPH.2 Ÿ Cys.2 + Ac.2 + 

4 NADP.2 
1 0 1 0 
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Asp.2 + Pyr.2 + Glu.2 + 2 NADPH.2 + ATP.2 + SucCoA.2 Ÿ LL-

DAP.2 + AKG.2 +  
2 0 2 0 

LL-DAP.2 Ÿ Lys.2 + CO2.2                                                   2 0 2 0 

Asp.2 + 2 NADPH.2 + 2 ATP.2 Ÿ Thr.2 + 2 NADP.2 + 2 ADP.2 + 2 

Pi.2          
3 0 3 0 

Asp.2 + METHF.2 + Cys.2 + 2 NADPH.2 + ATP.2 + SucCoA.2 Ÿ 

Met.2 + Pyr.2 + 2 
1 0 1 0 

2 Pyr.2 + NADPH.2 + Glu.2 Ÿ Val.2 + CO2.2 + NADP.2 + AKG.2                 2 0 2 0 

2 Pyr.2 + AcCoA.2 + Glu.2 + NADPH.2 + NAD.2 Ÿ Leu.2 + 2 CO2.2 

+ AKG.2 + NA 
3 0 3 0 

Thr.2 + Pyr.2 + Glu.2 + NADPH.2 Ÿ Ile.2 + CO2.2 + AKG.2 + 

NADP.2 + NH3.2   
2 0 2 0 

E4P.2 + 2 PEP.2 + Glu.2 + NADPH.2 + ATP.2 Ÿ Phe.2 + CO2.2 + 

AKG.2 + NADP.2 
1 0 1 0 

E4P.2 + 2 PEP.2 + Glu.2 + NADPH.2 + NAD.2 + ATP.2 Ÿ Tyr.2 + 

CO2.2 + AKG.2  
1 0 1 0 

E4P.2 + 2 PEP.2 + R5P.2 + Ser.2 + Gln.2 + NADPH.2 + 3 ATP.2 Ÿ 

Trp.2 + CO2. 
0 0 0 0 

R5P.2 + FTHF.2 + Gln.2 + Asp.2 + 5 ATP.2 + 2 NAD.2 Ÿ His.2 + 2 

NADH.2 + AK 
0 0 0 0 

MEETHF.2 + NADH.2 Ÿ METHF.2 + NAD.2                                        1 0 1 0 

MEETHF.2 + NADP.2 Ÿ FTHF.2 + NADPH.2                                       0 0 0 0 

0.488 Ala.2 + 0.281 Arg.2 + 0.229 Asn.2 + 0.229 Asp.2 + 0.087 Cys.2 

+ 0.25  
6 0 6 0 

Fermentation Reaction (WT)     

AcCoA.2 + ADP.2 + Pi.2 ź Ac.2 + ATP.2                                83 4 82 4 

ATP synthesis (WT)     

NADH.2 + 0.5 O2.2 + 3 ADP.2 + 3 Pi.2 Ÿ 3 ATP.2 + NAD.2                     326 7 328 10 

FADH2.2 + 0.5 O2.2 + 2 ADP.2 + 2 Pi.2 Ÿ 2 ATP.2 + FAD.2                    19 1 21 2 

NADH.2 + NADP.2 ź NADPH.2 + NAD.2                                    38 4 45 6 

Uptake/Excretion (WT)     

Gluc.Ext + PEP.2 Ÿ G6P.2 + Pyr.2 + X-glc2                                  100 0 100 0 

ATP.2 Ÿ ATP.Ext                                                            0 179 1022 277 

Ac.2 Ÿ Ac.Ext + X-ac2                                                      85 3 84 3 

CO2.2 Ÿ CO2.Ext                                                            187 3 189 5 

O2.Ext Ÿ O2.2                                                              172 4 175 6 

NH3.Ext Ÿ NH3.2                                                            42 2 41 2 

SO4.Ext Ÿ SO4.2                                                            1 0 1 0 

CO2.M0 + CO2.2 Ÿ CO2.2 + CO2.snk                                           0 10 0 19 

Output rate of Biomass.2                                                    244 9 242 10 

Co-culture reaction     

Ac.Ext Ÿ Ac.snk                                                            96 4 97 4 

Ac.M0 Ÿ Ac.Ext                                                             11 1 13 1 

f-Parameters     

percentage of biomass ȹptsI ȹglk at t1 52 0 61 0 

percentage of biomass ȹptsI ȹglk at t2 41 0 51 0 

percentage of biomass WT at t1 48 0 39 0 

percentage of biomass WT at t2 59 0 49 0 

f-Parameters Ribose and Glycogen     

percentage of Rib ȹptsI ȹglk at t2 33 0 72 3 

percentage of Rib WT at t2 67 1 28 3 

percentage of Glyc ȹptsI ȹglk at t2 52 6 57 5 

percentage of Glyc WT at t2 48 6 43 5 

G-values     

G-val Ala (biomass time point 1)                                 0.89 0.00 0.87 0.00 
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G-val Gly (biomass time point 1)                                 0.79 0.01 0.81 0.03 

G-val Val (biomass time point 1)                                 0.88 0.00 0.86 0.00 

G-val Leu (biomass time point 1)                                 0.88 0.00 0.86 0.00 

G-val Ile (biomass time point 1)                                 0.88 0.25 0.86 0.25 

G-val Phe (biomass time point 1)                                 0.87 0.00 0.86 0.00 

G-val Asp (biomass time point 1)                                 0.89 0.00 0.88 0.00 

G-val Glu (biomass time point 1)                                 0.89 0.00 0.88 0.00 

G-val Tyr (biomass time point 1)                                 0.89 0.01 0.88 0.01 

G-val Ala (biomass time point 2)                                 0.92 0.00 0.91 0.00 

G-val Gly (biomass time point 2)                                 0.83 0.01 0.85 0.05 

G-val Val (biomass time point 2)                                 0.92 0.00 0.91 0.00 

G-val Leu (biomass time point 2)                                 0.91 0.00 0.90 0.00 

G-val Ile (biomass time point 2)                                 0.92 0.25 0.90 0.25 

G-val Phe (biomass time point 2)                                 0.91 0.00 0.90 0.00 

G-val Asp (biomass time point 2)                                 0.91 0.00 0.91 0.00 

G-val Glu (biomass time point 2)                                 0.92 0.00 0.92 0.00 

G-val Tyr (biomass time point 2)                                 0.94 0.01 0.93 0.01 

G-val R5P (biomass time point 2)                                 0.94 0.00 0.91 0.00 

G-val G6P (biomass time point 2)                                 0.96 0.00 0.96 0.00 
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