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Systems modeling has long contributed to our understanding of metabolism

and continues to be a powerful approach to solving metabolic engineering chal-

lenges. A primary challenge in metabolic engineering is the development of

computational models that predict changes in cellular phenotype due to ge-

netic perturbations. Here, we develop metabolic modeling tools for the analysis

and engineering of microbial glycosylation systems. A variety of metabolic fac-

tors affect glycosylation, thus making it an ideal system for the application of

metabolic model-guide strategies. In this study, we first review cellular network

modeling, providing an overview of modern metabolic and signaling model

construction approaches. Then, we develop a constraint-based metabolic model

of glycosylation in E. coli using it to identify genetic perturbations that improve

glycosylation efficiency in this host. Then, we develop a novel kinetic formu-

lation for the dynamic modeling of cell-free metabolic networks, another po-

tentially useful microbial-based glycoprotein production platform. We present

a large-scale model of E. coli cell-free metabolism that will serve as a basis for

model-guided cell-free metabolic engineering going forward. Finally, we de-

velop a hybrid model of E. coli substrate utilization and regulation. Overall, this

study provides powerful tools for the future metabolic engineering of microbial

production hosts.
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CHAPTER 1

BIOLOGICAL SYSTEMS MODELING OF METABOLIC AND

SIGNALING NETWORKS

Cells1 interact with the world around them, as well as monitor their own

intracellular state, using a variety of powerful biochemical processing systems.

The output of these systems drive complex phenotypic programs which encode

cellular operations in response to changes in extracellular or intracellular states.

These processing systems are often organized into hierarchical biochemical net-

works containing complex architectural features such as redundancy, feedback,

and crosstalk. As consequence, biological networks are immensely complex.

While the individual components of biochemical pathways vary significantly

between organisms, the organizational principles used by cells to perceive and

respond to stimuli appear to be conserved across both metabolic systems and

much more complex developmental programs [57]. A variety of “omics” tech-

nologies have allowed scientists and engineers to observe the operation of these

networks at unprecedented resolution, shifting the prevailing research strategy

of studying single proteins or genes to the study of biological processes [82].

Along with these data has come an appreciation of the amazing complexity of

even simple prokaryotic organisms such as E. coli. Systems biology attempts

to deconstruct the operation of cellular networks in order to elucidate the un-

derlying mechanisms governing cellular response and behavior. Mathematical

modeling will play an integral part in synthesizing this information into a co-

herent, predictive framework, enhancing our understanding of cellular function

and providing invaluable tools for bioengineering applications. A goal of bio-

1Adapted with permission from Wayman JA and Varner JD, “Biological systems modeling
of metabolic and signaling networks” (2013) Current Opinion Chemical Engineering, 2:365-372
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logical systems modeling is to provide comprehensive biochemical descriptions

of organisms that are amenable to mathematical enquiry [97].

An area of biological systems research in need of mathematical tools for the

design of new and more robust cellular functions is that of glycosylation sys-

tems engineering. Protein glycosylation, the covalent attachment of complex

sugar groups to specific amino acids, is the most common protein modifica-

tion in eukaryotes and required of most therapeutic proteins [109]. Manufac-

turing glycoproteins requires the design of a cellular production platform that

efficiently commits cellular resources to heterologous protein expression along

with its modification with a specific glycan structure. Engineering such a sys-

tems requires the cooperative effort of many cellular systems, including gene

expression machinery, regulatory functions, and metabolism. Past work on the

development of a mathematical framework of glycosylation pathways has fo-

cused on kinetic models of glycan synthesis, exclusively in eukaryotes. These

models, by Stephanopoulos and Bailey, include detailed biochemical informa-

tion that predict the fractional occupancy of glycosylation sites on acceptor pro-

teins as well as characterize changes in heterogeneous population of glycans

produced by various eukaryotic glycosylation pathways [141, 162]. Other com-

putational descriptions of glycosylation systems have focused on enumerat-

ing the thousands of oligosaccharide structures eukaryotic systems are capable

of synthesizing [90, 149]. These works have effectively provided a glycoform

database for glycoengineering systems. Though past efforts have provided de-

tailed mathematical descriptions of glycosylation pathways, they lack a com-

plete description of metabolism affecting these processes, such as the effect of

the rest of metabolism on the availability of glycan precursors. This effort is

also hampered by the immense complexity of glycosylation in eukaryotic cells.
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With many cellular compartments involved and the enzymatic machinery to

construct thousands of glycoforms, creating a predictive framework integrated

with metabolism becomes daunting. The development of alternative glycosyla-

tion platforms such as E. coli, engineered to express a single glycoform, presents

an ideal system to study using metabolic modeling tools. In our studies, we

develop a constraint-based, genome-scale model of glycosylation in E. coli and

use it along with metabolic engineering techniques to improve this systems per-

formance (Chapter 2). This represents the first effort to model glycosylation in

bacteria and use a genome-scale description of metabolism to engineer such a

system. In two other studies, we develop modeling frameworks to capture dy-

namics in an emerging protein synthesis system, namely cell-free glycoprotein

production. One proposes a novel kinetic formulation that captures dynamic

features of cell-free systems, including the important effects of allosteric inter-

action networks (Chapter 3). In the other we apply a dynamic flux analysis

modeling framework to large-scale model of an E. coli cell-free metabolic system

(Chapter 4). These represent the first efforts to model metabolism in a cell-free

environment. Such models will become valuable tools for the future develop-

ment of cell-free protein production platforms.

To start, we highlight recent contributions in the field of biological systems

modeling. These provide the basis and inspiration for our studies of glycosyla-

tion in microbial-based production platforms. We describe techniques in model

construction and identification along with computational tools to characterize

various levels of cellular operation. We focus on two commonly studied and

important subsystems, namely, carbon metabolism and signal transduction sys-

tems.
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Metabolic systems

Systems modeling has long contributed to our understanding of metabolism,

and it continues to be a powerful approach to solving metabolic engineering

challenges. Mechanistic, “structured” models of metabolism arose from the de-

sire to predict microbial growth phenotypes from changes in the state of intra-

cellular biomolecules [45]. The single cell E. coli models of Shuler and cowork-

ers pioneered the construction of large-scale, dynamic metabolic models that

incorporated multiple, regulated catabolic and macromolecular synthesis path-

ways constrained by experimentally determined kinetic parameters [34]. Shuler

and coworkers generated a large body of single cell kinetic modeling work in-

cluding single cell models of eukaryotes [152, 172], minimal cell architectures

[19], as well as the integration of genome-wide DNA sequence information

into dynamic whole-cell models of E. coli [4]. Conversely, highly abstracted

kinetic modeling frameworks, such as the cybernetic framework, represented

a paradigm shift in conceptualizing metabolic models, viewing the cell as a

growth-optimizing strategist [32]. Cybernetic models have proven very suc-

cessful at predicting choice behavior in metabolism, e.g., diauxie behavior [87],

complex phenomena such as steady-state multiplicity [84], as well as cell re-

sponse to metabolic engineering strategies [165]. However, a perceived limi-

tation of both single cell kinetic models and cybernetic models has been their

reductionist representation of biological mechanism, posing difficulties in for-

mulation and requiring potentially unobservable parametric information.

The genomic revolution saw the emergence of large-scale stoichiometric re-

constructions of microbial metabolism popularized by static, constraint-based

modeling techniques such as flux balance analysis (FBA) [98]. The first genome-
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scale model of E. coli, developed by Edwards and Palsson [36], has been fol-

lowed by many others representing a diverse array of organisms [39]. FBA

and other stoichiometric modeling techniques make simplifying assumptions

which reduce unidentifiable genome-scale kinetic models to an underdeter-

mined linear algebraic system of mass balance equations that can be solved effi-

ciently (even for large systems) for the reaction flux through complex metabolic

pathways. These models assume intracellular metabolism operates at or near

a pseudo-steady-state. Traditionally, they have also neglected explicit de-

scriptions of metabolic regulation and control mechanisms, instead opting

to describe the choice of pathways by prescribing an objective function on

metabolism. Interestingly, similar to early cybernetic models, the most common

metabolic objective function has been the optimization of biomass formation

[68], although other metabolic objectives have also been estimated [139]. Thus,

at their most basic, constraint-based models neglect key biology, are strictly

valid only at metabolic steady-states and are not directly comparable with key

types of omics measurements. However, there have been several recent ad-

vancements in constraints based modeling that have largely overcome these

early shortcomings, see [67]. Modern constraint-based approaches have proven

extremely useful in the discovery of metabolic engineering strategies (reviewed

in [108, 177]) and represent the state of the art in metabolic modeling.

Cells contain many control and regulatory layers including growth rate-

dependent effects on gene expression, transcriptional regulation, as well as

protein-metabolite allosteric interactions that collectively define and manage

the operational state of metabolism (see Figure 1.1). The past decade has seen

efforts to incorporate these layers, in combination with omics data at increas-

ingly higher levels of resolution, into large-scale metabolic models in order
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to more accurately simulate metabolism. For example, Palsson and cowork-

ers have generated a genome-scale constraint-based reconstruction of E. coli

that accounts for sequence-specific macromolecular synthesis of gene expres-

sion machinery (e.g., RNA polymerase and ribosome) and metabolic enzymes

[160]. Linear constraints were placed on metabolic flux bounds, coupling en-

zyme synthesis to usage. Similarly, Palsson and coworkers built an integrated

stoichiometric model of metabolism and macromolecular expression of the mi-

crobe Thermotoga maritima that accounts for transcription and translation rates

as well as degradation and dilution of macromolecules [97]. These models more

accurately simulate metabolic operation by considering cellular energetics and

the interdependence between catabolic and anabolic pathways. This extension

places tighter constraints on the space of attainable phenotypes. Gene expres-

sion and metabolism are regulated in a growth rate-dependent fashion, affected

by specific transcription factor-driven activation as well as the availability of

global expression machinery. The details of the interplay between these regula-

tory modes are still being worked out, but they will play a role in developing a

more comprehensive and mechanistic picture of metabolism [140, 51]. Allosteric

interactions between metabolic enzymes and metabolites have also been shown

to exert significant influence on rerouting flux during adaption [89]. Captur-

ing these effects requires a kinetic treatment of metabolism as constraint-based

techniques do not account for metabolite concentrations. Dynamic metabolic

models have been used to demonstrate the ability of allosteric interactions to

act on multiple time scales. On short time scales, metabolite pools manage flux

distributions and impart robustness to carbohydrate uptake [91]. On longer

time scales, allosteric interactions can act as flux-sensing mechanisms to regu-

late transcription factor networks, leading to changes in gene expression [86].
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Figure 1.1: A schematic of the regulatory layers affecting the operation of
metabolism. Examples of metabolite-protein allosteric regula-
tion of enzymatic flux (red arrows) and metabolite-driven reg-
ulation of transcription factor activation (green arrows) show
the flux sensing and adaptive capabilities of metabolism. Gen-
eration of macromolecular precursors (e.g., NTPs and amino
acids) and cofactors (e.g., ATP) along with transcription factor
network signals determine the availability of macromolecular
synthesis machinery (RNAp and ribosome levels) and gene ex-
pression. Metabolic enzyme expression in turn influences en-
zymatic flux and metabolic capacity (orange arrow).

Sauer and colleagues beautifully applied an ensemble of kinetic models of E.

coli glycolysis to interpret fluxomics data, identifying allosteric interactions gov-

erning the switch between glycolytic and gluconeogenic operation in central

metabolism [100].

Efforts to incorporate greater genetic and regulatory detail into metabolic

models is complicated by the complexity of biological networks and the need
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for qualitative experimental data. Techniques are now available to integrate

high-throughput data into model construction and validation processes [67].

For example, Liao et al. developed a workflow for generating an ensemble

of kinetic metabolic models consistent with metabolomic and steady-state flux

distribution measurements [155]. Upon genetic perturbation, candidate mod-

els were selected based upon their agreement with experimental data. Con-

tinued rounds of model selection could then be used to identify the globally

best subpopulation of models. Omics data has also been incorporated into sto-

ichiometric metabolic models to generate tissue- and environment-specific flux

distributions [102], as well as representations of the different layers of regula-

tion. For example, transcriptome-driven inference of transcriptional regulatory

networks has been incorporated into stoichiometric models using both Boolean

[25] and probabilistic strategies [20]. Frezza et al. used a transcriptome-derived

model of cancer metabolism to identify pathways enabling survival despite de-

ficient TCA cycle operation [46]. Continuing efforts to ensure models of cellular

metabolism are consistent with ever-expanding high-throughput information

will give greater legitimacy to model-guided bioengineering applications.

Cellular subsystems display varying levels of stochasticity, dependence on

spatial organization, and time scales. Current computing power does not enable

us to formulate all types of networks under a single mathematical framework.

For example, spatially-varying, fully stochastic simulations of metabolism have

largely been confined to central carbon metabolism because of computational

complexity [23]. To circumvent this limitation, techniques have been devel-

oped that combine multiple modeling frameworks. These so called “integrated”

models have been used most prominently to augment static metabolic net-

works. Transcription regulation encoded by Boolean logic and ODE treatments
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of signaling modules have been layered onto metabolic networks to create dy-

namic models capable of interacting with complex environments [25, 27, 93].

The recent integrated, whole cell model of Mycoplasma genitalium from Karr et

al. stands as the most comprehensive and ambitious example of metabolic sys-

tems modeling to date [75]. This model divides the cell into 28 interacting sub-

systems, treating each with a unique mathematical formalism most appropriate

for each cellular process. These modules are modeled independently on short

time scales, and allowed to exchange information with each other at the end of

each time step. They have even used this model to accelerate the discovery of

new biology. After investigating discrepancies between growth measurements

of gene knockout strains to those predicted using the whole cell model, they

correctly predicted in vivo enzyme kinetic parameter values [132]. This work is

a seminal step in developing large-scale dynamic metabolic models capable of

predicting phenotypic behavior from structured genetic information.

Signal transduction systems

Eukaryotic cells process extracellular chemical and mechanical cues, generat-

ing changes in phenotype, using an elaborate system of signal transduction and

gene regulatory networks. Signaling systems exhibit multiple layers of com-

plexity, combining densely connected topologies with many mechanisms of in-

formation transduction that act over a wide range of time scales. Placing these

networks within a mathematical framework serves to organize disparate cellu-

lar parts lists and elucidate system level behavior [7]. As is the case for metabolic

systems, understanding the organizational and operational principles govern-

ing complex signal transduction systems is critical for solving bioengineering
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and human health challenges.

Much of the work on modeling signal transduction systems has focused

on understanding the design principles governing complex network responses.

Early biophysical and kinetic models of growth factor receptor signaling and

endocytosis by Lauffenburger and coworkers provided key insights into the

critical parameters governing cellular proliferation [44, 129]. Ordinary differ-

ential equation (ODE) models focusing on downstream kinase cascades, e.g.,

the mitogen activated protein kinase (MAPK) cascade, analyzed the complex-

ities of information flow that influence cell fate decisions [81, 137]. Goldbeter

and Koshland first described the ability of reversible covalent modification cy-

cles to impart sensitivity and generate amplified responses to small changes in

effector concentration [54]. This classic model was recently updated to include

effects of crosstalk amongst multiple ultrasensitive cascades demonstrating the

complexity imposed by highly connected networks and unexpected effects of

kinase targeted pharmaceutical inhibition [131]. Tyson and Novak showed that

a similar kind of crosstalk within post-translational modification cycles in con-

junction with negative feedback functioned as a minimal model for sustained

cell cycle oscillations in yeast [50]. A kinetic model of coupled feedback and

feed-forward loops was shown to provide a minimal circuit able to reset bistable

sensitivity to mammalian cell cycle entry [174]. These studies (and many more

like them) continue the trend of identifying archetypal signaling motifs that act

as modular processing units, generating predictable response to specific inputs

(see Figure 1.2).

Common to the design of many signaling motifs is their ability to impart

robustness to a system. An essential feature of all biological systems, robust-
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Figure 1.2: A schematic of the role signaling systems play in determin-
ing cellular response to environment. Cell surface receptors
sense signaling biomolecules and transduce this information
through modular protein-protein interaction networks. Exam-
ples of common signaling motifs (feedback, feed-forward, am-
plification) and topological complexity (crosstalk) are shown
(inset). Signaling systems control the state of transcription fac-
tor networks, driving context-specific gene expression. In this
way, cells generate complex phenotypic behavior.
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ness enables a network to operate reliably under external perturbation without

dependence on finely tuned biochemical parameters. Adaptation in bacterial

chemotaxis represents a classic example of robust response to the environment

[9]. Another more recent example of model-elucidated robustness is the model-

guided interpretation of circadian clock dynamics showing that a transcrip-

tional feedback mechanism imparted robustness to synchronous oscillations in

growing cyanobacteria [159]. Many model analysis tools have been developed

to analyze robust properties and identify the network components that are the

most important for determining system level behavior. One such tool, param-

eter sensitivity analysis, quantifies system response to perturbations in model

parameters. Sensitivity analysis techniques quantify differential changes in sys-

tem states (e.g., protein concentrations or oscillation periods and amplitudes)

due to small perturbations to model parameters. A system is deemed fragile

(robust) to parameters that, when perturbed, produce a large (small) change in

system state. Doyle and colleagues developed a formal mathematical frame-

work of local and global sensitivity measures and applied these to understand

the properties of both deterministic [153] and stochastic models of circadian

rhythm [59, 112]. More recently, Doyle and colleagues have also applied these

techniques to neuro-endocrine signaling associated with human anxiety disor-

ders [150, 151]. Of course, aberrant cell signaling is a hallmark of many diseased

phenotypes. Application of parameter sensitivity analysis to signaling models

has also been used to discover points of network fragility, providing a guide for

potential pharmaceutical intervention strategies. We have employed this strat-

egy to characterize fragile and robust features of many signaling architectures,

e.g., human blood coagulation [105], pain sensation [147], signal integration in

prostate cancer [156], and human differentiation programs [157]. We have also
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applied these techniques to study the properties of ensembles of models, for ex-

ample to understand the biochemical factors and processes in eukaryotic trans-

lation initiation which contribute to deregulated growth [115, 96]. There is a

large literature describing the computation of sensitivity coefficients; common

techniques range from finite difference methods to solving an augmented model

sensitivity system of equations [33]. There is also considerable literature based

on early work by Rabitz and coworkers describing the application of Green’s

function techniques to compute sensitivity coefficients [66]. Petzold and col-

leagues also developed techniques to compute the sensitivity of parameters ap-

pearing in differential algebraic systems [17]. Thus, sensitivity analysis can be

applied to understand the fragility or robustness of most (if not all) classes of

signal transduction model.

Modeling approaches differ in their degree of mechanistic detail, and the

choice of approach is often determined by prior system knowledge [82]. The

ability of ODE modeling to capture dynamics has made it one of the most com-

mon tools for studying signaling systems. However, dynamics and ODEs come

at the expense of difficult (and often impossible) to solve model parameter iden-

tification problems. For example, Gadkar et al., showed that even with near-

perfect information and high frequency sampling, it was often impossible to

identify (to within a specified uncertainty) all the parameters in typical signal

transduction models [47]. This reality highlights the perhaps under-appreciated

role that experimental design could play in generating the best training and val-

idation datasets for model identification [2]. Moreover, detailed ODE models

require significant mechanistic knowledge of the underlying biology. However,

as Bailey suggested more than a decade ago, achieving qualitative and quantita-

tive understanding of complex biological systems should not require complete
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structural and parametric knowledge [8]. Since Bailey’s complex biology with

no parameters hypothesis, Sethna and coworkers showed that model behavior

and predictive ability were sensitive to only a few parameter combinations, a

characteristic seemingly universal to multi-parameter signaling models referred

to as “sloppiness” [29]. Thus, reasonable model predictions could be possi-

ble with limited parameter information. Taking advantage of this property of

model behavior, we developed sloppy techniques for parameter identification

using ensembles of deterministic models. Pareto optimal ensemble techniques

(POETs) incorporate principles of competing objectives into a multi-objective

optimization framework, enabling the exploration of kinetic parameter space

while accounting for uncertainty and potential conflicts in the experimental

training data [146]. We have proposed that the sloppy behavior of biological

networks may also be a source of cell-to-cell [96] or even patient-to-patient het-

erogeneity [104]. Recently, Bayesian techniques of parameter identification have

also been used to explore cell-to-cell heterogeneity [74, 62]. Thus, a population

of cells could be viewed as a dynamic ensemble of networks as the operational

biochemical pathways are often context-specific [28].

Alternative, less mechanistic modeling methods which attempt to capture

salient features of signaling systems in simpler frameworks have also become

popular, especially in human health related applications such as immune sys-

tem models and cancer. In the simplest case, logic-based Boolean models allow

biochemical species to toggle between one of two discrete states where transi-

tions between states are condition- or time-dependent. For example, recently,

Choi et al. used dynamic Boolean modeling of the p53 network to characterize

the phenotypic landscape of diseased cell states, including identifying interac-

tions that were critical to DNA damage response [22]. Often, simple Boolean
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states are too restrictive, thus other logic techniques such as fuzzy logic have

been applied to model signaling networks. Fuzzy logic models define species

states in a more granular way, allowing signaling proteins to take on a range

of discrete values [1]. In the constrained fuzzy logic (cFL) approach of Lauf-

fenburger and coworkers, parameterized transfer functions are used to describe

the propagation of signals through logical gates. The cFL method also allows

the training and discrimination between alternative logic-based models, iden-

tifying network topologies most consistent with experimental data [114, 113].

While these and other alternative modeling techniques are not as popular as

ODE strategies, they offer significant advantages in low information environ-

ments or in situations where a detailed understanding of signaling dynamics is

not needed.

Outlook

Until recently, metabolic and signaling systems have been treated indepen-

dently, despite their interdependence. Constraint-based techniques have been

the preferred framework for metabolic modeling as these systems have been as-

sumed to rapidly achieve steady-state. In these cases, the calculation of carbon

and energy flux through large interconnected metabolic networks is reduced to

the solution of a linear algebraic system, which is typically underdetermined.

Solution strategies, such as linear programming, can solve this class of prob-

lem very efficiently, even for genome-scale reconstructions. In contrast, ODE

or partial differential equation (PDE) treatments of signaling networks, display-

ing dynamic response across many time and spatial scales, are commonplace in

the signal transduction modeling community. However, typical signaling mod-
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els are not as expansive as their metabolic counterparts. For signaling mod-

els, the central challenge continues to be parameter identification and struc-

tural uncertainty, i.e., incomplete parameter identifiability and missing biologi-

cal information. Interestingly, the use of structurally detailed logical approaches

(e.g., Boolean and fuzzy logic techniques) has gained significant momentum

in the signaling community, partially in response to these identification chal-

lenges. Constraint-based approaches have also been used to replace signaling

modules that achieve rapid equilibrium [93]. In the future, fine-grained dy-

namic metabolic models, fueled by increasingly available omics datasets and

a desire to capture the dynamic response of metabolism to genetic and envi-

ronmental perturbations, could potentially be developed using the same tools

that are commonly used for signal transduction networks. The central differ-

ence in the identification challenge being the availability of large-scale metabolic

datasets, the relative ease of the experimental system (at least for prokaryotes or

simple eukaryotes), and a deep understanding of the underlying biochemistry.

The continued development of techniques that integrate metabolic and signal-

ing systems, along with all the associated control and regulatory components,

is particularly attractive in light of the recent resurgence of interest in cancer

metabolism [171, 110].

Understanding how cells interact with and respond to changes in their en-

vironment is essential to solving challenges in biotechnology and medicine. Bi-

ological systems modeling is one tool to help unravel the complexity of these

cellular programs. A systems level understanding of the way in which network

perturbations give rise to malignant phenotypes would greatly aid in the push

toward personalized cancer treatment [28]. In metabolic engineering, systems

level modeling could help understand multifaceted technological challenges
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such as biochemical tolerance. In addition, systems modeling is playing and

will continue to play a large role in emerging fields such as synthetic biology,

where mathematical models are critical to the rational design of man-made bi-

ological circuits [12, 111]. We are optimistic that systems modeling will play an

increasingly useful and important role in meeting bioengineering challenges in

the future.
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CHAPTER 2

IMPROVING GLYCOSYLATION EFFICIENCY IN ESCHERICHIA COLI

THROUGH MODEL-GUIDED METABOLIC ENGINEERING

Asparagine-linked (N-linked) glycosylation1 is the most common protein

modification in eukaryotes, affecting over two-thirds of the proteome. N-linked

glycans are complex, branched oligosaccharides, assembled on lipid carriers in

the endoplasmic reticulum membrane and transferred to specific asparagine

residues of acceptor proteins. Approximately 70% of therapeutic proteins re-

quire the attachment of complex branches of sugars to specific amino acid

residues [109]. This common post-translational modification affects various pro-

tein properties including pharmacokinetic activity and immunogenicity [142].

Currently, eukaryotes possessing native glycosylation machinery serve as the

preferred production host of therapeutic glycoproteins. Eukaryotic production

hosts suffer from several limitations including slow growth and a susceptibil-

ity to viral and bacterial infection. Also, eukaryotes produce a variety of gly-

can structures and glycosylate proteins with a range of site occupancy, mak-

ing purification of the desired glycoform difficult [109]. Though once thought

only to occur in eukaryotes, protein glycosylation has been discovered in all

other domains of life, including bacteria, spurring interest in the development

of alternative glycoprotein expression platforms. The most well-characterized

bacterial glycosylation system is that of the human pathogen Campylobacter je-

juni [154]. The C. jejuni glycan has the form of a branched heptasaccharide

Glc GalNAc5 Bac, where Glc is glucose, GalNAc is N-acetylgalactosamine, and

Bac is bacillosamine. This glycan is assembled on the lipid carrier undecaprenyl

1Adapted with permission from Wayman JA, Mansell TJ, DeLisa MP, and Varner JD, “Im-
proving glycosylation efficiency in Escherichia coli through model-guided metabolic engineer-
ing” In preparation.
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pyrophosphate (UDCP) on the cytoplasmic face of the inner membrane by

an enzyme pathway encoded by the pgl (protein glycosylation) genetic locus

(Fig. 2.1). The fully assembled glycan is flipped across the membrane and

transferred to asparagine residues on acceptor proteins by an oligosaccharyl-

transferase (OST) called PglB. PglB attaches the heptasaccharide to periplasm-

localized proteins containing the consensus sequence D/E-X-N-X-S/T, where X

is any residue except proline [42]. The functional transfer of this system into E.

coli has spurred interest in producing non-native glycans in a more genetically

tractable host [154, 168].

By now, production of a variety of periplasmic, extracellular, and secretory

proteins has been demonstrated in glycosylation-competent E. coli [42]. Produc-

ing glycoprotein from prokaryotic hosts continues to suffer from several limita-

tions including poor glycosylation efficiency and insufficient yield. The highest

reported efficiency (percent of acceptor protein glycosylated) using the C. jejuni

system has been 47% [122]. Synthesis of more complex, highly branched gly-

can, like those found in humans, has proved challenging. Recently, a key step in

human-like glycan production was achieved in E. coli with the recombinant ex-

pression of a synthetic glycosylation pathway able to assemble the tri-mannose

core glycan [163]. The pathway yielded approximately 50 µg/L of glycosylated

protein with an efficiency of less than 1%. Though an important step in the

development of E. coli as a viable glycoprotein production host, optimization of

this system remains a key challenge. Factors affecting protein glycosylation in E.

coli may include the expression and activity of glycosylation pathway enzymes,

the availability of lipid carrier sites, and the availability of nucleotide-activated

sugar substrates serving as glycan precursors [109, 70]. Wright and cowork-

ers have applied genome-scale metabolic engineering techniques toward the
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improvement of glycosylation efficiency in E. coli. Using a high-throughput

proteomic screening and probabilistic metabolic network analysis, they showed

that upregulation of the glyoxylate cycle by overexpression of isocitrate lyase

(aceA/icl) led to a three-fold increase in glycosylation efficiency of a prototypic

protein [122]. Also, a genome-wide screening of gene overexpression identi-

fied targets that led to increased glycoprotein production as well as glycosyla-

tion efficiency [123]. Genes in pathways associated with glycan precursor syn-

thesis (UDP-GlcNAc) as well as lipid carrier production (isoprenoid synthesis)

were identified as bottlenecks. Improving expression of the OST PglB by codon

optimization was also shown to improve glycosylation efficiency [121]. These

studies demonstrate the complex interplay between recombinant protein pro-

duction, glycan synthesis and assembly, and glycosylation efficiency. Increas-

ing glycoprotein production in E. coli demands the simultaneous optimization

of competing metabolic functions. Recombinant protein production requires

immense energy from catabolic processes while glycan precursor synthesis re-

quires anabolic processes.

In this study, we use an adapted genome-scale constraint-based model of E.

coli metabolism to design gene knockout strains that increase glycosylation effi-

ciency by overproduction of glycan precursors. First, we incorporate reactions

associated with C. jejuni glycan assembly into a genome-scale model of E. coli

metabolism. We use a combination of constraint-based modeling and heuris-

tic optimization in order to identify gene knockout strains that couple optimal

growth to glycan synthesis. Simulations identify growth-coupled strains un-

der both single and multiple substrate conditions. Flux analysis unveils two

different modes of metabolite imbalance that reroute flux toward glycan pre-

cursor synthesis. One mode takes advantage of substrate co-utilization and ni-
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Figure 2.1: Glycosylation pathway in C. jejuni and E. coli. Glycan assembly,
facilitated by pgl locus enzymes, takes place on a lipid carrier,
undecaprenyl pyrophosphate (UDCP), from cytoplasmic pools
of nucleotide-activated sugars N-acetylglucosamine (GlcNAc),
N-acetylgalactosamine (GalNAc), and glucose (Glc). The gly-
can is then flipped onto the periplasmic side of the inner mem-
brane, where it is transferred to an asparagine residue on a gly-
coprotein acceptor motif.

trogen assimilation through glutamine metabolism. Experimentally, measuring

fluorescently-labeled, cell surface-displayed glycan expression, we show that

model-identified knockout strains increase glycan synthesis in E. coli. We also

show an increase in glycosylation efficiency of a prototypical acceptor protein.

This study demonstrates the promising role metabolic modeling can play in op-
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timizing the performance of a next generation microbial glycosylation platform.

Results

Construction of a constraint-based model of glycosylation in E.

coli

We used constraint-based modeling of glycosylation in E. coli to identify genetic

knockouts that promote biosynthesis of glycan precursors. We modified the

existing genome-scale E. coli model iAF1260 from Palsson and coworkers [38]

to include the reactions of the C. jejuni glycosylation pathway listed in Table

2.1. The adapted network consists of 2395 reactions, 1271 open reading frames,

and 1986 metabolites segregated into cytoplasmic, periplasmic, and extracellu-

lar compartments. Added reactions include the biochemical transformations

associated with glycan biosynthesis and flipping into the periplasm, as well as

the conjugation of glycan to an acceptor protein. In addition, we incorporated

the transcriptional regulatory network of Covert et al., consisting of 101 tran-

scription factors, regulating the state of the metabolic enzyme genes (see below)

[25]. This network imparts constraints on metabolic fluxes in a Boolean fashion

based on the boundary conditions that represent the nutrient environment.

Identification of growth-coupled gene knockout strains

We used the constraint-based modeling technique known as flux balance analy-

sis (FBA) to predict cellular phenotypes, i.e., the identification of all intracellular
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Table 2.1: Reactions added to the E. coli model iAF1260 [38] for biosyn-
thesis of C. jejuni glycan. Species localized to the periplasm
are denoted by (p), all others are cytoplasmic. Abbrevi-
ations: UDP-N-Acetyl-D-Glucosamine, UDP-GlcNAc; UDP-
N-Acetyl-D-Galactosamine, UDP-GalNAc; UDP-2-acetamido-
2,6-dideoxy-α-D-xylo-4-hexulose, KetoBac; L-Glutamate, Glu;
UDP-N-Acetylbacillosamine, AminoBac; α-ketoglutarate, αKG;
Acetyl-CoA, ACCoA; UDP-N,N’-diacetylbacillosamine, uBac;
Coenzyme A, CoA; Undecaprenyl phosphate, Udcpp; C. je-
juni glycan intermediates, UdcCjGlycan1, UdcCjGlycan6; Uri-
dine monophosphate, UMP; Uridine diphosphate, UDP; UDP-
Glucose, UDP-Glc; Lipid-linked C. jejuni glycan, UdcCjGlycan;
Acceptor protein, AcceptorProt; GlycoProt, Glycoprotein; Un-
decaprenyl diphosphate, Udcpdp.

Gene Enzyme Name Reaction Reference

gne UDP-GlcNAc epimerase UDP-GlcNAc→ UDP-GalNAc [10]

pglF UDP-GlcNAc dehydratase UDP-GlcNAc→ KetoBac + H2O [138]

pglE Aminotransferase KetoBac + Glu↔ AminoBac + αKG [138]

pglD Acetyltransferase AminoBac + ACCoA→ uBac + CoA + H+ [119]

pglC Bacillosamine transferase Udcpp + uBac→ UdcCjGlycan1 + UMP [52]

pglAHJ GalNAc transferases UdcCjGlycan1 + 5*UDP-GalNAc→ UdcCjGlycan6 + 5*UDP + 5*H+ [53]

pglI Glucosyl transferase UdcCjGlycan6 + UDP-Glc→ UdcCjGlycan + UDP + H+ [77]

pglK ATP-driven flippase UdcCjGlycan + ATP + H2O→ UdcCjGlycan(p) + ADP + H+ + Pi [77]

pglB Oligosyltransferase UdcCjGlycan(p) + AcceptorProt(p)→ GlycoProt + Udcpdp(p) [101]

reaction rates, growth rate, byproduct formation, and rate of glycan synthesis

[164]. FBA is largely a parameter-free method to identify optimal steady-state

flux distributions in a stoichiometric model. Using our adapted genome-scale

model of glycosylation in E. coli, we used a combination of heuristic optimiza-

tion and FBA to identify genetic knockout strains that coupled optimal growth

to target product flux, i.e., C. jejuni glycan synthesis (see Materials and Meth-

ods). Strains that route flux toward a desired product when growing optimally

are called growth-coupled [40]. This phenotype is desirable for a variety of

reasons. For example, growth-coupled strains create stoichiometric imbalances

in metabolism such that flux is routed toward the desired product as a conse-
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quence of growth [14]. Also, because faster growth requires increasing product

formation, further optimizing these strains through adaptive laboratory evo-

lution is made easy by selecting for growth through serial passage [40, 68].

Constraint-based methods have been developed to identify gene knockouts that

couple production to growth. Most of these methods rely on an optimization

approach known as OptKnock whereby a bi-level mixed integer optimization

problem is solved to identify the optimal set of gene knockouts [14]. Though

this method guarantees identification of the global optimum, it suffers from two

limitations. First, search time for OptKnock-like algorithms scales exponentially

with system size and number of gene knockouts, making them unable to handle

large metabolic networks. Secondly, only linear engineering objectives (e.g., tar-

get production flux) can be searched over. In contrast, heuristic optimization is

an effective approach for searching large networks for growth-coupled strains.

Though identification of the global optimum is not guaranteed, desirable sub-

optimal solutions can be found quickly [126, 130]. Also, heuristic optimization

can search efficiently for gene knockouts rather than reaction knockouts. This is

an important distinction because the mapping of genes to reactions is not one to

one. Experimentally, many reactions may be difficult to knockout because they

may be catalyzed by the products of many genes.

Here, we employed simulated annealing to search over the states of

metabolic enzyme and transcription factor (TF) genes included in the model

in order to identify our desired phenotype [85]. Figure 2.2 illustrates our ap-

proach. The state of each gene in the model is represented as a binary array.

A zero indicates a genetic knockout or regulatory repression. Using Boolean

rules, nutrient conditions control the state of the TF genes, which, in turn, con-

trol the state of the metabolic enzyme genes. Once defined, the genetic state of
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the model modifies the flux constraints placed on each reaction. Again, Boolean

rules map the state of each gene to the availability of each reaction. For example,

the reaction governed by pyruvate dehydrogenase, a multi-component enzyme,

relies on the assembly of three enzymes AceE, AceF, and Lpd. This reaction is

encoded in the following way:

Pyruvate + CoA + NAD −→ Acetyl-CoA + CO2 + NADH: ( aceE ) AND ( aceF ) AND ( lpd )

Thus, if any of the genes aceE, aceF, or lpd is knocked out or repressed, the flux

through this reaction is bound to zero. Geneprotein-reaction (GPR) associations

are available in the SBML representation of the iAF1260 network [38]. The sim-

ulated annealing algorithm performs a random search of genetic knockouts, it-

eratively applying flux constraints based on the genetic state then performing

an FBA simulation. Strains improving a fitness objective are selected for based

on a Boltzmann factor criterion. In order to identify glycan-producing strains,

we optimized a non-linear fitness objective known as shadow price which mea-

sures the degree of coupling between glycan flux and growth rate. The shadow

price is equal to the change in growth rate for a specified increase in target flux.

The shadow price for glycan synthesis is given by:

uglycan =
∆vgrowth

∆vglycan
(2.1)

where ∆vgrowth is the change in growth rate for a forced change in glycan flux

∆vglycan. vglycan is the flux representing the fully assembled C. jejuni glycan trans-

ported into the periplasm. uglycan was calculated for a particular knockout strain

by first using FBA to calculate the optimal growth with the glycan flux con-

strained to zero. A second FBA simulation was performed with a forced incre-

mental change in the glycan flux in order to obtain the difference in growth rate.
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The algorithm maximized this fitness objective until reaching a positive shadow

price, indicating a growth-coupled phenotype.

We first performed optimization simulations using boundary conditions rep-

resenting minimal medium conditions (see [38]) with a single common carbon

substrate. These substrates included 6-, 5-, and 3-carbon sources glucose, xylose,

and glycerol, respectively. We performed simulations only for well-defined,

minimal media, because this allowed for precise control over nutrient condi-

tions experimentally. We feel that such well-defined conditions can be more ac-

curately simulated, particularly for the transcriptional regulatory network. For

each carbon substrate, we performed ten optimization simulations to identify

growth coupled strains. In order to identify growth-coupled strains with five or

few knockouts, those most likely to be experimentally viable, we had to restrict

the formation of extracellular byproducts to only acetate. Also, we performed

simulations with and without the transcription regulatory network. Table 2.2

lists these strains organized by FBA simulated glycan yield. We were able to

identify growth-coupled strains with five or fewer knockouts only for growth

on glucose. Figure 2.3 displays a representative example of a single optimiza-

tion run. Increasing shadow price along with corresponding growth rate are

shown over the course of the search. At selected points, production envelopes

are plotted for the corresponding strain. The production envelope is calculated

by iteratively increasing flux to glycan by adjusting its minimum flux bound

and maximizing growth rate using FBA. The resulting plot shows the optimal

growth rate at a given level of product flux. For the identified strain of type

EcGM1 (E. coli glycosylating mutant), the strain with the highest simulated gly-

can yield, we see that its optimal growth rate occurs at a non-zero glycan flux.

All identified strains contain a knockout of succinate dehydrogenase (sdh) and
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Table 2.2: Growth-coupled strains producing C. jejuni glycan identified by
FBA and heuristic optimization using single carbon substrate
and restricted boundary conditions. Knockouts listing multiple
genes indicate that knockout of any one of those genes produces
the same phenotype in the model. Abbreviations: D-Glucose,
Glc; E. coli glycosylating mutant, EcGM

Strain Growth Rate Glycan Flux Yield

Name Substrate Genotype (/hr) (mmol/gDW/hr) (mmol/gDW)

EcGM1 Glc ∆sdh ∆(zwf/pgl/gnd) ∆pta ∆eutD 0.53 0.098 0.185

EcGM2† Glc ∆sdh ∆(zwf/pgl/gnd) ∆purU ∆xdh/allABC ∆pta ∆eutD 0.58 0.055 0.095

EcGM3 Glc ∆sdh ∆(zwf/pgl/gnd) ∆pykAF ∆mdh 0.64 0.016 0.025

EcGM4 Glc ∆sdh ∆(zwf/pgl/gnd) 0.65 0.012 0.018

EcGM5† Glc ∆sdh ∆(zwf/pgl/gnd) ∆purU ∆xdh/allABC 0.65 0.007 0.011

† Strains without transcription factor regulation

cut off pentose phosphate pathway (PPP) flux at either glucose 6-phosphate-1-

dehydrogenase (zwf ), 6-phosphogluconolactonase (pgl), or 6-phosphogluconate

dehydrogenase (gnd).

Flux analysis reveals mechanisms of glycan production in

growth-coupled strains

Figure 2.4 shows key differences in flux values between the wild-type strain and

a four gene knockout glycan-producing strain of type EcGM1, ∆sdh ∆gnd ∆pta

∆eutD, as calculated by FBA. Normalizing all fluxes to glucose uptake rate, we

see that EcGM1 displays greater flux through glycolysis by cutting off the PPP

via knockout of NADPH-producing gnd (Fig. 2.4A). EcM2 also showed rela-

tive decreased synthesis of every amino acid except for glutamine, indicating a

source of stoichiometric imbalance that may be relieved by synthesis of the gly-

can precursor UDP-GlcNAc. The PEP-pyruvate node acts as a switch point in
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central carbon metabolism (Fig. 2.4B). Here, PEP and pyruvate, the products of

glycolysis, enter the TCA cycle through decarboxylation of pyruvate to acetyl-

CoA (ACCoA) and carboxylation of PEP to form oxaloacetate (OAA) [135]. The

latter replenishes TCA cycle intermediates that exited TCA for anabolic pro-

cesses. EcGM1, with a diminished anabolic capacity for cell growth, displayed

lower flux through PEP carboxylase (ppc). As the result of high glycolytic flux,

EcGM1 increases flux through pyruvate dehydrogenase (aceEF), sending carbon

into the oxidative branch of the TCA cycle. It is known that high glucose uptake

rates result in excess acetyl-CoA, surpassing the capacity of the TCA cycle. Due

to this, wild-type E. coli grown on glucose commonly displays acetate fermen-

tation, even under aerobic conditions [56]. We observe much greater acetate

secretion in EcGM1 simulations, but through a route differing from wild-type
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cells. The knockouts ∆pta and ∆eutD prevent ATP-generating acetate secretion.

Instead flux is routed through the redox neutral reactions initiated by acetalde-

hyde dehydrogenase (mhpF). Some excess acetyl-CoA is utilized in the pathway

generating UDP-GlcNAc. Acetyl-CoA also plays a key role in lipid synthesis.

Maintaining high flux through glycolysis seems key to maintaining the EcGM1

phenotype. EcGM1 also displays a shifts in cofactor production (Fig. 2.4B).

Higher flux through glycolysis naturally lead to NADH overproduction. Also,

the primary source of NADPH shifted from PPP genes zwf and gnd to the mem-

brane transhydrogenase pnt, capable of direct transfer of electrons from NADH

to NADP. Sauer et al. identified pnt as a major source of NADPH in E. coli (35-

45% of total) [134]. Thus, pnt is capable of carrying significant flux in vivo. Taken

together, these results indicate that the model has identified strains that promote

synthesis of glycan precursors, primarily UDP-GlcNAc, by creating a combina-

tion of metabolite and redox imbalance.

Experimental studies on single substrate glycan-producing

strains

Attempting to validate constraint-based model predictions, we measured both

glycan production and glycosylation efficiency in mutant strains. Gene knock-

out strains were constructed using P1vir phage transduction and the Keio col-

lection of single gene knockouts E. coli BW25113 [5]. Knockout strains were

transformed with a plasmid constitutively expressing the C. jejuni pgl locus. In

order to quantify glycan production, we take advantage of the crosstalk between

the glycosylation pathway and native lipopolysaccharide (LPS) synthesis in E.
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coli. After the glycan is flipped into the periplasm, it may be transferred to the

lipid carrier, lipid A, and shuttled to the outer membrane by LPS pathway en-

zymes. There, it is displayed on the cell surface [109]. We used the amount of

cell surface displayed glycan as a measure of glycan production. We labeled

C. jejuni glycans for detection by flow cytometry with a fluorophore-conjugated

carbohydrate-binding lectin protein called soybean agglutinin (SBA), specific to

terminal galactose and GalNAc residues. Mutant strains were constructed con-

taining single, double, and triple gene knockouts that appear in growth-couple

strains identified by the constraint-based model. Also, we performed an FBA

simulation of each single gene knockout in the model, maximizing glycan flux,

to determine genes that prevent glycan synthesis. galU, a key enzyme in the

synthesis of glycan precursor UDP-glucose, was the only non-lethal knockout

predicted to do so. We grew strains in glucose minimal media and sampled

cells from exponential growth phase, in order to most closely satisfy the pseudo-

steady-state assumption of model predictions. Figure 2.5 shows the results of

the glycan fluorescence detection experiments. As expected, ∆galU shows no

glycan production. PPP knockouts ∆zwf, ∆pgl, and ∆gnd all display greater flu-

orescence than wild-type cells, with ∆gnd being the most significant. Of the

double knockouts containing PPP genes, only ∆sdhC ∆gnd maintained its fluo-

rescence. The fluorescence histograms for the best performing strains ∆gnd and

∆sdhC ∆gnd are presented, clearly showing a greater population of cells with

high levels of surface displayed glycan (Fig.2.5A).

Genetic perturbations often times significantly affect cell growth. FBA pre-

dictions are most valid near optimal growth. Thus, we may not expect un-

evolved knockout strains to behave as predicted by FBA if they do not exhibit

a near optimal growth phenotype. We measured the specific growth rates of
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Figure 2.5: (A) Fluorescence from outer membrane labeled C. jejuni gly-
cans of single knockout ∆gnd and double knockout ∆sdhC
∆gnd, detecting by flow cytometry. † indicates a strain pre-
dicted to eliminate glycan flux. Stars indicate statistically
significant increases in fluorescences according to a t-test
(p < 0.05). (B) Geometric mean fluorescence, normalized to
the wild-type value, from gene knockout strains appearing
in growth-coupled strains identified by the constraint-based
model. Error bars indicate the average of three replicates.

knockout strains, expressing the C. jejuni pgl locus, from Figure 2.5. These mea-

surements, normalized to the wild-type case are shown in Figure 2.6. Of the

three knockouts affecting the PPP (zwf, pgl, and gnd), the gnd mutant main-

tained the highest growth rate, reaching 85% of wild-type. The double mutant

∆sdhC∆gnd grew at approximately 70% of the wild-type rate. FBA predicts the

∆gnd and ∆sdhC∆gnd mutants to grow as quickly as the wild-type. FBA also

predicts ∆zwf and ∆pgl to grow as fast as the wild-type. The significant de-

crease in growth rate exhibited by these two PPP knockouts shows that they

produce significantly different flux distributions than the gnd mutant. Because

∆gnd maintains a growth rate closer to the optimum, we may expect those sim-

ulations to be more predictive. These results highlight the importance of con-

sidering the agreement between simulation predictions and experimental real-

ity with respect to the optimal cellular objective assumption when interpreting
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cus (See Materials and Methods).

FBA results.

In order to determine if the observed increase in glycan production also

enhanced protein glycosylation in E. coli, we performed Western blot analysis

to determine glycosylation efficiency of a modified antibody fragment scFvR4.
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This protein was modified by the addition of four C. jejuni glycosylation sites

along with a DsbA signal peptide that localizes the protein to the periplasm

[42]. For this experiment, we used the E. coli strain CLM24 lacking the LPS

ligase waaL so that glycan is not transported to the cell surface by the LPS path-

way, making more available for protein conjugation by the C. jejuni OST pglB.

Cells expressing the C. jejuni pgl locus were grown in glucose minimal media to

exponential phase (OD600 ∼0.5), then scFvR4 expression from a pTrc99A plas-

mid was induced by addition of isopropyl β-D-1-thiogalactopyranoside (IPTG).

Equal numbers of cells were sampled at time points ranging 2-10 hours. The

periplasmic protein fraction was isolated and proteins were probed with anti-

6×-His antibody conjugated to horseradish peroxidase (HRP). Figure 2.7 shows

a time series Western blot analysis of the CLM24 ∆gnd mutant. We observe a

range of scFvR4 glycosylation, with up to four occupied sites. Comparing blot

intensities of total and glycosylated protein, we see that gnd produced up to

60% more total acceptor protein while also displaying up to a 2.6-fold increase

in glycosylation efficiency. This observed increase in glycosylation efficiency

may be a combination of overexpression of pgl locus enzymes due to higher

overall protein production as well as greater availability of glycan precursor

substrates. Previous 13C flux measurements of E. coli’s metabolic response to

gnd knockout have shown a similar phenotype as the one predicted by our

model simulations. Jiao et al. showed that ∆gnd had a slightly higher glucose

uptake rate and much greater acetate byproduct formation [73]. While signif-

icantly increasing flux through glycolysis, ∆gnd also rerouted flux through the

Entner-Doudoroff (ED) pathway. The ED pathway is an alternative to glycolysis

that nets 1 ATP, 1 NADP, and 1 NADPH per glucose molecule, whereas glycol-

ysis yields 2 ATP and 2 NADH per glucose molecule. Also, the gnd mutant
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displayed increased flux through the malic enzyme (maeB) of the anaplerotic

pathway, upregulating phosphoenolpyruvate carboxylase (ppc) and downreg-

ulating phosphoenolpyruvate carboxykinase (pck). These results showed that

E. coli compensates for an inability to produce NADPH through the oxidative

PPP by upregulating flux through other NADPH-producing pathways. In this

way, ∆gnd maintained a growth rate and amino acid production comparable to

wild-type cells. Compared to our model results and partial experimental vali-

dation, maintaining high glucose uptake and flux through glycolysis is key to

simultaneous glycan and glycoprotein production. Taken together, initial exper-

iments indicate that model predictions may have identified a novel approach to

increase glycosylation efficiency in E. coli.

Study of growth-coupled strains on multiple substrates

Our modeling and experimental studies of growth-coupled strains growing on a

single substrate showed promise toward improving E. coli as a microbial glyco-

sylation platform. Flux analysis in Figure 2.4 showed that strain of type EcGM1

rerouted flux toward glycan synthesis partly by increasing flux through glu-

tamine. Figure 2.8 shows nitrogen assimilation and glutamine metabolism in

E. coli along with the pathway to UDP-GlcNAc synthesis. Glutamate and glu-

tamine synthesis is typically the first step in nitrogen assimilation. This hap-

pens through the activity of glutamate dehydrogenase (gdhA), catalyzing the

NADPH-dependent amination of TCA cycle metabolite 2-oxoglutarate (αKG).

Glutamine synthetase (glnA) then aminates glutamate to form glutamine [169].

Also, two molecules of glutamate can by synthesized from glutamine through

glutamate synthase (gltBD). Glutamate and glutamine are the primary donors
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of nitrogen to all other components of the cells, especially amino acids and nu-

cleotides. With regard to glycan precursor synthesis, glutamine provides the

amine group in the first of hexosamine biosynthesis through L-glutamine:D-

fructose-6-phosphate aminotransferase (glmS). Glutamine also plays a critical

role in nucleotide synthesis, including cofactor UTP. Combined, these pathways

lead to the synthesis of nucleotide-activated sugar precursors for C. jejuni gly-

cans.
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Our studies on growth-coupled strains growing on single substrates led us

to hypothesis that supplementation of the medium with either glutamate or

glutamine could improve our strategy for producing C. jejuni glycans in E. coli.

Feeding a carbon substrate that provides sugars in upper glycolysis along with

an additional nitrogen source, typically synthesized from TCA cycle interme-

diates, that could aminate those sugars while fueling nucleotide synthesis may

increase glycan synthesis and glycosylation efficiency. Co-utilization of mul-

tiple substrates has been proposed as a strategy for the robust production of a

target product [143, 49]. Thus, we performed optimization simulations for 6-, 5-,

and 3-carbon sources glucose, xylose, glycerol, respectively, supplemented with

either glutamate or glutamine. In our study using single substrates, simulations

required us to restrict formation of extracellular byproducts to only acetate in

order to identify strains containing five or fewer gene knockouts. This was not

the case when feeding multiple substrates. Here, we allowed the extracellu-

lar formation of several common E. coli byproducts, namely acetate, ethanol,

formate, lactate, pyruvate, and succinate. Optimization simulation identified

several strains growing on a combination of xylose and glutamine or glutamate
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Table 2.3: Growth-coupled strains producing C. jejuni glycan identified by
FBA and heuristic optimization along with wild-type growth
rates. Knockouts listing multiple genes indicate that knockout
of any one of those genes produces the same phenotype in the
model. Abbreviations: D-Glucose, Glc; L-Glutamine, Gln; L-
Glutamate, Glu; D-Xylose, Xyl

Strain Growth Rate Glycan Flux Yield

Name Substrate Genotype (/hr) (mmol/gDW/hr) (mmol/gDW)

EcGM6 Xyl + Gln ∆(zwf/pgl/gnd) ∆pfkAB ∆gltA ∆dhaK ∆amtB 0.344 0.315 0.917

EcGM7 Xyl + Gln ∆(zwf/pgl/gnd) ∆tpiA ∆mgsA ∆gltA ∆amtB 0.346 0.309 0.894

EcGM8 Xyl + Gln ∆(zwf/pgl/gnd) ∆ppc ∆pntAB ∆amtB 0.398 0.355 0.893

EcGM9 Xyl + Glu ∆(zwf/pgl/gnd) ∆tpiA ∆(gltA/icd) ∆aceE ∆amtB 0.338 0.101 0.299

that required five or fewer knockouts. These strains are listed in Table 2.3 or-

ganized by substrate and FBA simulated glycan yield. All these simulations

required the Boolean transcriptional regulatory network.

Because glutamine supplementation resulted in strains with the highest gly-

can yield, we chose these strains for further analysis. Supplementation with

glutamine resulted in nearly an order of magnitude higher simulated glycan

yield than the best performing strain (EcGM1) growing on a single substrate.

Figure 2.9 shows the production envelope for strains EcGM6 and EcGM8. The

optimal growth operating point occurs at a much higher glycan flux than for

strains in Figure 2.3B. The strength of coupling (shadow price) between growth

and glycan flux is greater for these strains, especially for EcGM6. Again, all of

these strains cut off the pentose phosphate pathway at zwf, pgl, or gnd. This

promotes higher flux through glycolysis. Also, all of the knockout strains con-

tain the ammonium transporter amtB. In the iAF1260 network, the only means

of ammonium uptake is through amtB. Thus, these knockout strains use glu-

tamine as their sole source of nitrogen. Experimentally, nitrogen assimilation

in E. coli primarily occurs through diffusion of uncharge NH3 across the cellu-
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Figure 2.9: Production envelope for growth-coupled strains compared to
the wild-type case for growth on glucose supplemented with
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optimal growth operating point for each strain. For growth-
coupled strains this occurs for non-zero glycan flux.

lar membrane and then is protonated into NH+
4 [169]. The transporter AmtB

is thought to function at only very low ammonium levels, though some have

found that it has no effect on ammonium utilization [148, 3]. Thus, knockout

out the amtB gene would not significantly prevent ammonium from entering

the cell. A better strategy would be to remove ammonium from the medium al-

together. Removing amtB from each growth-coupled knockout strain as well

as eliminating ammonium from the simulated minimal medium resulted in
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the same growth-coupled phenotypes seen in Table 2.3. This removed a gene

knockout from each strain, making experimental analysis more manageable.

Another gene knockout target includes phosphofructokinase (pfkAB), catalyz-

ing the phosphorylation of fructose-6-phosphate (F6P) in upper glycolysis. E.

coli contains two pfk isozymes, though the most of the phosphofructokinase ac-

tivity is attributable to pfkA [88]. Cutting off pfk activity along with the pentose

phosphate pathway may accumulate F6P in the cell and, thus, increase flux into

the hexosamine biosynthesis pathway as seen in Figure 2.8. Recently, Eiteman

and coworkers showed that a double knockout of pfkA and zwf led to an ac-

cumulation of D-glucose, a precursor of F6P, in E. coli grown on xylose as its

sole carbon source [173]. D-glucose is also a precursor to glucose-6-phosphate

which feeds the pathway to UDP-glucose synthesis, also required for glycan

synthesis. Our growth-coupled strains also contain knockouts that separate gly-

colysis from the TCA cycle. EcGM8 contains a knockout of phosphoenolpyru-

vate carboxylase (ppc), an enzyme that replenishes the TCA cycle with oxaloac-

etate (OAA) from PEP. EcGM6 and EcGM7 contain a knockout of citrate syn-

thase (gltA), the first step in the TCA cycle. These knockouts separate central

metabolism such that xylose generates necessary biomass and glycan precur-

sors in glycolysis and pentose phosphate pathways while glutamine acts as a

carbon and nitrogen source for TCA cycle intermediates. These results, indicate

that growth medium supplementation and co-utilization of substrates may be a

viable strategy for promotion of glycan synthesis in E. coli.

Next, we used constraint-based flux analysis to identify the changes oc-

curring in the growth-coupled strains growing on xylose supplemented with

glutamine that impart the glycan-producing phenotype. Figure 2.10 shows

a comparison of the growth-optimal fluxes surround xylose and glutamine
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metabolism for wild-type simulations versus a knockout strain of type EcGM6

(∆gnd ∆pfkA ∆gltA ∆dhaK ∆amtB). We see that the knockout strain routes more

than twice as much xylose flux into ribose 5-phosphate (R5P) through ribose-

5-phosphate epimerase (rpe) and ribose-5-phosphate isomerase (rpi) than the

wild-type strain (Figure 2.10A). R5P is a critical precursor for nucleotide co-

factor synthesis, including UTP. This would aid in the nucleotide activation of

sugars that could be incorporated into glycans. Also, in the knockout strain,

less flux is routed into glycolytic species fructose 6-phosphate (F6P) and glycer-

aldehyde 3-phosphate (G3P). The pfk knockout prevents F6P from being metab-

olized toward lower glycolysis, forcing much of it into the hexosamine biosyn-

thesis pathway leading to UDP-GlcNAc. Cofactor production (ATP, NADH,

and NADPH) was similar between the wild-type and knockout strains. This

indicates that the knockout strains growing on xylose with glutamine supple-

mentation couple growth to glycan synthesis in a fundamentally different way

than those simulated with a single carbon substrate. Knockout strains growing

on a single substrate displayed higher flux through glycolysis. Knockout strains

simulated on xylose and glutamine create a combination of nucleotide and F6P

overflow. At optimal growth, EcGM6 imported 1.8 times more glutamine than

the wild-type strain (2.96 compared to 1.81 mmol/gDW/hr) Figure 2.10. The

mode of glutamate production from glutamine is also altered in EcGM6. In the

wild-type strain we see that most glutamate is produced from TCA intermediate

αKG through glutamate dehydrogenase (gdhA). This flux is nearly eliminated

in EcGM6. In contrast, EcGM6 produces glutamate through glmS from excess

F6P in glycolysis. Other growth-coupled strains in Table 2.3 display similar

flux trends as EcGM6. Thus, these knockout strains achieve a glycan-producing

phenotype through a excess nucleotide cofactor synthesis fueled by a significant
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increase in glutamine uptake.

Experimental study of growth-coupled strains on multiple sub-

strates

Again, we measured surface-labeled C. jejuni of knockout strains appearing in

model-identified growth coupled strains in Table 2.3. In this case, we grew

knockout strains on xylose supplemented with glutamine in minimal medium

without ammonium. Using medium without ammonium effectively applies the

amtB knockout to each strain, ensuring that the sole source of nitrogen is glu-

tamine. Figure 2.11 shows the flow cytometry results. Again, we see that the

∆gnd mutant displays significantly higher fluorescence than the wild-type. Mu-

tants ∆pfkA and ∆tpiA also perform better than wild-type. Unfortunately, the

double knockout ∆gnd∆pfkA fails to maintain or improve on this level of gly-

can synthesis. Applying additional gene knockouts found in strain EcGM6 may

rescue this effect. Also of note, these strains have not been growth-optimized

through adaptive laboratory evolution. An important assumption of FBA-based

approach is that predicted strains are operating at optimal growth. Despite this,

our study has perhaps unveiled a novel strategy for improving glycan synthesis

in E. coli. Maintaining high glycolytic flux by cutting off the pentose phosphate

pathway looks to be important under growth on either glucose or xylose and

glutamine.
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Figure 2.11: Geometric mean fluorescence, normalized to the wild-type
value, from outer membrane labeled C. jejuni glycans of gene
knockout strains appearing in growth-coupled strains iden-
tified by the constraint-based model. Error bars indicate the
average of at least three replicates.

Discussion

In this study we adapted a genome-scale model of E. coli metabolism for the

simulation of heterologous synthesis of glycans. We applied a heuristic opti-

mization search with FBA that identified gene knockout strains that coupled C.

jejuni glycan synthesis to growth. Simulations identified growth-coupled strains

for growth on a single carbon substrate as well as for growth on glutamine-

supplemented medium. Flux analysis of these strains revealed two modes of

flux redistribution that promoted glycan synthesis. For growth on glucose,
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simulations showed that maintaining high glycolytic flux and producing ex-

cess glutamine for the amination of glycan precursor sugars led to a growth-

coupled phenotype. In the case of growth on a combination of xylose and

glutamine, simulations showed high flux rerouted toward nucleotide cofactor

synthesis, excess glutamine availability as well as an imbalance of metabolites

in upper glycolysis. Both simulation studies identified the pentose phosphate

pathway as a primary target. We partly validated model predictions by measur-

ing cell surface-displayed glycans in E. coli mutants. In both growth conditions,

a Deltagnd mutant outperformed the wild-type case in glycan synthesis. In the

case of growth on glucose, we showed an increase in glycosylation efficiency

on a prototypical acceptor protein for the Deltagnd mutant as well. Overall, our

model-guided strategy shows promise toward rationally designing a better mi-

crobial glycosylation platform.

Many aspects of glycoprotein production in E. coli are amenable to in-

vestigation and engineering by metabolic modeling. This study focused on

increasing the availability of glycan precursor metabolites through model-

guided metabolic network manipulations. Other approaches have focused

on optimizing expression of glycosylation pathway enzymes and identifica-

tion of metabolic reaction targets through proteomic and genome engineering

[122, 121, 123]. Despite these efforts, improving glycosylation efficiency in E.

coli has proven to be a difficult task. A more comprehensive mathematical de-

scription of the cell, one that couples metabolism with gene expression and

metabolic demand, may be required to more precisely model glycosylation in E.

coli. Our approach does not take into account the metabolic burden associated

with heterologous expression of glycosylation pathway enzymes nor the ex-

pression of the acceptor glycoprotein. Also, FBA lacks a description of enzyme
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kinetics and metabolite concentrations. It has indeed been shown that single

knockout mutants of genes in central metabolism of E. coli do little to change

the relative flux distribution in the organism [133]. This also underscores the

importance of serial passage of FBA-identified strains in order to achieve op-

timal growth flux distributions, maximizing the predictive capabilities of FBA.

E. coli robustly controls metabolic flux using a plethora of allosteric, transcrip-

tional regulatory, and post-translational modification systems [91, 100]. Pre-

dicting phenotypic changes to genetic perturbations is a primary challenge in

model-guided metabolic engineering [99]. Glycoprotein production in E. coli is

a unique challenge in that it requires optimization of two opposing cellular pro-

cesses. Recombinant protein production of a desired glycoprotein along with

glycosylation pathway enzymes requires immense energy from catabolic pro-

cesses. In contrast, glycan precursor synthesis requires conservation of available

sugars and anabolic processes. Addition of regulatory systems and gene expres-

sion to a stoichiometric model may be an effective strategy for optimizing these

opposing processes.

Despite its drawbacks, FBA offers the ability to explore structural complex-

ity at the genome-scale. Here, we showed that FBA could identify unintuitive

strategies that create metabolic imbalance, rerouting flux toward our product.

A particularly useful approach was the co-utilization of multiple substrates. Re-

cently, Mahadevan and colleagues developed a novel algorithm for the devel-

opment of industrial microbes that co-utilize glucose and xylose [49]. The algo-

rithm solves a bilevel optimization problem to identify gene knockout strains

that will only grow in the presence of both substrates. They found knockout

strains that isolate parts of metabolism in such a way that one sugar fuels on

part of the network while the other feeds the rest. Our co-utilization strains
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act in a similar way. All the knockout strains in Table 2.3 cut off the pentose

phosphate pathway as well as entry into the TCA cycle (either through ppc or

gltA). Glutamine fuels the TCA cycle and nitrogen assimilation. Recently, Bruyn

et al. used a clever co-utilization strategy to enhance E. coli’s ability to glyco-

sylate small molecules including flavonols [30]. They grew E. coli on sucrose

which would be cleaved into fructose and glucose 1-phosphate (G1P). The mi-

crobe used fructose for growth and G1P served as a precursor for UDP-glucose

synthesis. Other strategies that may be helpful for optimization of this system

include the enhancement of glycan precursor pathways, such as hexosamine

synthesis, as well as the removal of competing pathways.

Materials and methods

Flux balance analysis and heuristic optimization

Reactions encoding C. jejuni glycan formation (see Table 2.1) were added to the

genome-scale metabolic model of E. coli iAF1260 [38]. FBA requires two pri-

mary assumptions. First, the cell is assumed to operate at a pseudo-steady-state,

where the rate of production of every intracellular metabolite is equal to its con-

sumption. Second, we assume that the cell has evolved to operate optimally to

achieve a cellular objective. Though many objectives have been proposed, we

use the most common, namely, growth rate (i.e., biomass formation) maximiza-

tion [139]. The determination of a flux distribution satisfying these assumptions
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can be formulated as the following linear optimization problem:

max
v

(
vgrowth = cT v

)
Subject to : S v = 0

αi ≤ vi ≤ βi

where v is the steady-state flux vector and αi and βi are the lower and upper lim-

its for the individual flux values, respectively. vgrowth is the growth rate where c

is a vector containing the stoichiometric contribution of each metabolic species

to biomass. The stoichiometric matrix S encodes all reaction connectivity con-

sidered in the model. Each row of S describes a metabolite, while each column

describes a particular reaction. The (i, j) element of S, denoted by σi j, describes

how species i participates in reaction j. If σi j > 0, species i is produced by reac-

tion j. Conversely, if σi j < 0, then species i is consumed by reaction j. Lastly, if

σi j = 0, then species i is not involved in reaction j. An optimization problem like

this is readily solved by linear programming, even for large systems. Boundary

conditions were set to allow for the unrestricted formation of the following com-

mon extracellular byproducts in E. coli: acetate, ethanol, formate, lactate, pyru-

vate, and succinate. Restricted boundary conditions for the single carbon sub-

strate studies only allowed for acetate formation. All genes found to be essential

for growth on Luria-Bertani (LB) medium according to [5] were excluded from

the search. Maximum substrate uptake rates were set at 10 mmol/gDW/hr. The

maximum oxygen uptake rate was set at 10 mmol/gDW/hr.

Use of the shadow prices objective was used in the FastPros algorithm devel-

oped by Ohno et al. [118]. Prior to optimization we removed genes associated

with dead end reactions from consideration, since knocking those out would

have no effect on the network. Also, we removed from consideration duplicate
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genes, i.e., those that produce identical effects when knocked out. Finally, we

removed genes whose knockout resulted in zero growth. These pre-processing

steps decreased the model’s search space. The simulated annealing search op-

timization is similar to the OptGene algorithm [126]. The metabolic and tran-

scriptional regulatory genes are represented by a binary array where 1 indicates

the gene is expressed and 0 zero indicates it is knocked out. A random initial

gene knockout array is generated. We allowed for a maximum of 20 knockouts

during the search. New knockout arrays are generated through crossover and

mutation operators (see [126]) that randomly introduce new knockouts. At each

step, the fitness of the individual is computed using FBA. We use shadow price

as our measure of fitness (Equation 2.1). When an individual with a higher fit-

ness is encountered (greater shadow price), that individual is accepted. When

an individual with a lower fitness is encountered, we accept it with a probability

given by a Boltzmann factor:

P(accept) = e−∆uglycan/T (2.2)

where ∆uglycan is the change in shadow price between the current solution and

previous one and the temperature T decreases as the search goes on. The tem-

perature decreases exponentially such that Tn+1 = αTn where α is a cooling rate.

Here, we use a common cooling schedule consisting of initial and final temper-

atures as well as the cooling rate from [130] such that:

To = −
∆uglycan,o

log 0.5
(2.3)

T f = −
∆uglycan, f

log 0.5
(2.4)

α = exp
(
log T f − log To

Nmax/Nα

)
(2.5)

where Nmax is the maximum number of objective function evaluations to per-

form. Nα is the number of objective function evaluations to perform at each dis-

50



tinct temperature value. Here, we use Nmax = 10, 000 and Nα = 1. ∆uglycan,o is the

difference in shadow price corresponding to an acceptance probability of worse

solutions of 50% at the beginning of the search. ∆uglycan, f is the shadow price dif-

ference giving a 50% probability of accepting a worse solution by the end of the

search. These values were approximated using the typical shadow price values

of random knockout arrays. We used ∆uglycan,o = 0.005 and ∆uglycan, f = 0.0005.

Though, we sought to maximize glycan flux, we also wanted to identify exper-

imentally viable strains. Thus, during an optimization search, we set a lower

bound on the biomass reaction flux equal to 10% of the wild-type simulated

growth rate. Strains that could not meet this constraint were ignored. The

search is terminated once a positive shadow price is found. After optimiza-

tion we processed growth-coupled knockout strains be iteratively knocking in

each knockout gene to find knockouts that did not affect the phenotype. In this

way we identified the smallest number of gene knockouts that produced glycan

at optimal growth. Each optimization run required on the order of 6 hours on a

single CPU Apple workstation (Apple, Cupertino, CA, USA; OS X v10.10).

Bacterial strains and media

Plasmid pCP20 was used to excise KmR cassette [21]. For surface-labeled gly-

can fluorescence measurements, we used the E. coli strain BW25113 as our wild-

type case [5]. BW25113 was used as the parent strain to construct gene knockout

strains. E. coli strain CLM24 was used for glycoprotein expression experiments

[41]. CLM24 lacks the LPS ligase waaL, allowing for pgl locus oligosaccharyl-

transferase PglB to attached glycans on the periplasmic side of the inner mem-

brane to the acceptor protein. Minimal media consisted of 33.9 g/L Na2HPO4,
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15.0 g/L KH2PO4, 5.0 g/L NH4Cl, and 2.5 g/L NaCl. NH4Cl was omitted for

cultures supplemented with glutamine. Substrates were added at concentra-

tions of 0.4% glucose, 0.4% xylose, and 0.1% glutamine. Growth medium was

supplemented by appropriate antibiotic at: 100 µg/mL ampicillin (Amp), 25

µg/mL chloramphenicol, and 50 µg/mL kanamycin (Kan). Growth was mon-

itored by measuring optical density at 600 nm (OD600). Specific growth rate

measurements in Figure 2.6 were taken using a Bioscreen-C System (Growth

Curves USA). We took growth rate measurements for knockout strains trans-

formed with the pACYCpgl plasmid constitutively expressing the C. jejuni pgl

locus. OD600 was measured every 30 minutes for 24 hours. Specific growth rates

were extracted using linear least-squares fitting on the logarithm of at least four

data points from exponential growth phase.

Flow cytometry

BW25113-based knockout strains were transformed with plasmid pACYCpgl,

constitutively expression the C. jejuni pgl locus. Cultures were inoculated from

frozen stock in LB and grew for 3-6 hours. Cells were subcultured 1:100 in mini-

mal media overnight and then transferred to fresh minimal media to an OD600 of

0.1. 300 µL cells were harvested during exponential growth phase (OD600 ≈ 0.6).

Cells were washed with PBS then incubated in the dark for 15 minutes at 37◦.

Cells were resuspended in 5 µg/mL SBA-Alexa Fluor 488 (Invitrogen) and PBS.

Cells were resuspended in 500 µL PBS and analyzed using a FACSCalibur (Bec-

ton Dickinson). Geometric mean fluorescence was determined from 100, 000

events.
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Protein analysis

For glycoprotein expression, CLM24 knockout strains were transformed with

pACYCpgl and pTrc99a-ssDsbA-scFvR4-4xGT, expressing an IgG Fc domain

containing four glycosylation tags and a DsbA signal peptide to localize it to

the periplasm [42]. Cells from frozen stock were grown in LB for 3-6 hours then

subcultured 1:100 in minimal media overnight. Cells were diluted to 0.1 OD600

in fresh minimal media and grown to OD600 0.4. Cultures were then induced

with IPTG and grown at 37degC. To isolate periplasmic localized glycoprotein,

the periplasmic protein fraction was isolated. Equal numbers of cells were har-

vested and treated with 100 mM iodoacetamide as above, pelleted by centrifu-

gation, and fractionated by the cold osmotic shock procedure as in [31]. Proteins

were separated with SDS-polyacrylamide gels (Bio-Rad). Proteins were transf-

fered onto polyvinylidene fluoride (PVDF) membranes probed with anti-6x-his

antibodies conjugated to horseradish peroxidase (HRP).
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CHAPTER 3

DYNAMIC MODELING OF CELL-FREE BIOCHEMICAL NETWORKS

USING EFFECTIVE KINETIC MODELS

Mathematical modeling1 has long contributed to our understanding of

metabolism. Decades before the genomics revolution, mechanistically, struc-

tured metabolic models arose from the desire to predict microbial phenotypes

resulting from changes in intracellular or extracellular states [45]. The single cell

E. coli models of Shuler and coworkers pioneered the construction of large-scale,

dynamic metabolic models that incorporated multiple, regulated catabolic and

anabolic pathways constrained by experimentally determined kinetic param-

eters [34]. Shuler and coworkers generated many single cell kinetic models,

including single cell models of eukaryotes [152, 172], minimal cell architectures

[19], as well as DNA sequence based whole-cell models of E. coli [4]. Conversely,

highly abstracted kinetic frameworks, such as the cybernetic framework, rep-

resented a paradigm shift, viewing cells as growth-optimizing strategists [32].

Cybernetic models have been highly successful at predicting metabolic choice

behavior, e.g., diauxie behavior [87], steady-state multiplicity [84], as well as the

cellular response to metabolic engineering modifications [165]. Unfortunately,

traditional, fully structured cybernetic models also suffer from an identifiability

challenge, as both the kinetic parameters and an abstracted model of cellular

objectives must be estimated simultaneously. However, recent cybernetic for-

mulations from Ramkrishna and colleagues have successfully treated this iden-

tifiability challenge through elementary mode reduction [143, 144].

1Adapted with permission from Wayman JA, Sagar A, and Varner JD, “Dynamic modeling
of cell-free biochemical networks using effective kinetic models” (2015) Processes, 3:138-160
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In the post genomics world, large-scale stoichiometric reconstructions of

microbial metabolism popularized by static, constraint-based modeling tech-

niques such as flux balance analysis (FBA) have become standard tools [98].

Since the first genome-scale stoichiometric model of E. coli, developed by Ed-

wards and Palsson [36], well over 100 organisms, including industrially im-

portant prokaryotes such as E. coli [38] or B. subtilis [117], are now available

[39]. Stoichiometric models rely on a pseudo-steady-state assumption to re-

duce unidentifiable genome-scale kinetic models to an underdetermined linear

algebraic system, which can be solved efficiently even for large systems. Tra-

ditionally, stoichiometric models have also neglected explicit descriptions of

metabolic regulation and control mechanisms, instead opting to describe the

choice of pathways by prescribing an objective function on metabolism. Inter-

estingly, similar to early cybernetic models, the most common metabolic ob-

jective function has been the optimization of biomass formation [68], although

other metabolic objectives have also been estimated [139]. Recent advances in

constraint-based modeling have overcome the early shortcomings of the plat-

form, including capturing metabolic regulation and control [67]. Thus, modern

constraint-based approaches have proven extremely useful in the discovery of

metabolic engineering strategies and represent the state of the art in metabolic

modeling [108, 177]. However, genome-scale kinetic models of industrial im-

portant organisms such as E. coli have yet to be constructed.

Cell-free systems offer many advantages for the study, manipulation and

modeling of metabolism compared to in vivo processes. Central amongst these

advantages is direct access to metabolites and the microbial biosynthetic ma-

chinery without the interference of a cell wall. This allows us to control as

well as interrogate the chemical environment while the biosynthetic machin-
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ery is operating, potentially at a fine time resolution. Second, cell-free systems

also allow us to study biological processes without the complications associ-

ated with cell growth. Cell-free protein synthesis (CFPS) systems are arguably

the most prominent examples of cell-free systems used today [71]. However,

CFPS is not new; CFPS in crude E. coli extracts has been used since the 1960s

to explore fundamentally important biological mechanisms [107, 116]. Today,

cell-free systems are used in a variety of applications ranging from therapeutic

protein production [103] to synthetic biology [64]. Interestingly, many of the

challenges confronting genome-scale kinetic modeling can potentially be over-

come in a cell-free system. For example, there is no complex transcriptional

regulation to consider, transient metabolic measurements are easier to obtain,

and we no longer have to consider cell growth. Thus, cell-free operation holds

several significant advantages for model development, identification and val-

idation. Theoretically, genome-scale cell-free kinetic models may be possible

for industrially important organisms, such as E. coli or B. subtilis, if a simple,

tractable framework for integrating allosteric regulation with enzyme kinetics

can be formulated.

In this study, we present an effective biochemical network modeling frame-

work for building dynamic cell-free metabolic models. The key innovation

of our approach is the seamless integration of simple effective rules encoding

complex regulation with traditional kinetic pathway modeling. This integra-

tion allows the description of complex regulatory interactions, such as time-

dependent allosteric regulation of enzyme activity, in the absence of specific

mechanistic information. The regulatory rules are easy to understand, easy to

formulate and do not rely on overarching theoretical abstractions or restrictive

assumptions. We tested our approach by modeling the time evolution of sev-
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eral hypothetical cell-free metabolic networks. In particular, we tested whether

our effective modeling approach could describe classically expected enzyme ki-

netic behavior, and second whether we could simultaneously estimate kinetic

parameters and regulatory connectivity, in the absence of specific mechanistic

knowledge, from synthetic experimental data. Toward these questions, we ex-

plored five hypothetical cell-free networks. Each network shared the same en-

zymatic connectivity, but had different allosteric regulatory connectivity. We

found that simple effective rules, when integrated with traditional enzyme ki-

netic expressions, captured complex allosteric patterns such as ultrasensitiv-

ity or non-competitive inhibition in the absence of mechanistic information.

Second, when integrated into network models, these rules captured classical

regulatory patterns such as product-induced feedback inhibition. Lastly, we

showed, at least for the network architectures considered here, that we could si-

multaneously estimate kinetic parameters and allosteric connectivity from syn-

thetic data starting from an unbiased collection of possible allosteric structures

using particle swarm optimization. However, when starting with an initial pop-

ulation that was heavily enriched with incorrect structures, our particle swarm

approach could converge to an incorrect structure. While only an initial proof-

of-concept, the framework presented here could be an important first step to-

ward genome-scale cell-free kinetic modeling of the biosynthetic capacity of in-

dustrially important organisms.
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Results

Formulation and properties of effective cell-free metabolic mod-

els

We developed two proof-of-concept metabolic networks to investigate the fea-

tures of our effective biochemical network modeling approach (Figure 3.1). In

both examples, substrate S was converted to the end products P1 and P2 through

a series of enzymatically catalyzed reactions, including a branch point at hypo-

thetical metabolite M2. Several of these reactions involved cofactor dependence

(AH or A), and various allosteric regulatory mechanisms modified the activ-

ity of pathway enzymes. Network A included feedback inhibition of the initial

pathway enzyme (E1) by pathway end products P1 and P2 (Figure 3.1A). On the

other hand, network B involved feedback inhibition of E1 by P2 and E6 by P1

(Figure 3.1B). In both networks, branch point enzymes E3 and E6 were subject

to feed-forward activation by reduced cofactor AH. Lastly, it is known experi-

mentally that cell-free systems have a finite operational lifespan. Loss of biosyn-

thetic capability could be a function of many factors, e.g., cofactor or metabolite

limitations. We modeled the loss of biosynthetic capability as a non-specific

first-order decay of enzyme activity.

Allosteric regulation of enzyme activity was modeled by combining individ-

ual regulatory contributions to the activity of pathway enzymes into a control

coefficient using an integration rule (Figure 3.2). This strategy is similar in spirit

to the Constrained Fuzzy Logic (cFL) approach of Lauffenburger and cowork-

ers which has been used to effectively model signal transduction pathways im-
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Figure 3.1: Proof-of-concept cell-free metabolic networks considered in
this study. Substrate S is converted to products P1 and P2

through a series of chemical conversions catalyzed by en-
zyme(s) E j. The activity of the pathway enzymes is subject to
both positive and negative allosteric regulation.

portant in human health [114]. In our formulation, Hill-like transfer functions

0 ≤ f (Z) ≤ 1 were used to calculate the influence of factor abundance upon tar-

get enzyme activity. In this context, factors can be individual metabolite levels

or some function, e.g., the product of metabolite levels. However, more gener-

ally, factors can also correspond to non-modeled influences, categorial variables

or other abstract quantities. In the current study, we simply let Z correspond

to the abundance of individual metabolites, however in general this can be a

complex function of both modeled and unmodeled factors. When an enzyme

was potentially sensitive to more than one regulatory input, logical integration
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or multiple saturation kinetics, are multiplied by an enzyme
activity control variable 0 ≤ v j ≤ 1. Control variables are func-
tions of many possible regulatory factors encoded by arbitrary
functions of the form 0 ≤ f j (Z) ≤ 1. At each simulation time
step, the v j variables are calculated by evaluating integration
rules such as the max or min of the set of factors f1, . . . influenc-
ing the activity of enzyme E j.

rules were used to select which regulatory transfer function influenced enzyme

activity at any given time. Thus, our test networks involved important features

such as cofactor recycling, enzyme activity and metabolite dynamics, as well as

multiple overlapping allosteric regulatory mechanisms.

The rule-based regulatory strategy approximated the behavior of classical

allosteric activation and inhibition mechanisms (Figure 3.3). We considered the
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enzyme catalyzed conversion of substrate S to a product P, where the overall

reaction rate was modeled as the product of a Michaelis-Menten term and an

effective allosteric control variable reflecting the particular regulatory interac-

tion. We first explored feed-forward substrate activation of enzyme activity (for

both positive and negative cooperativity). Consistent with classical data, the

rule-based strategy predicted a sigmoidal relationship between substrate abun-

dance and reaction rate as a function of the cooperativity parameter (Figure

3.3A). For cooperativity parameters less than unity, increased substrate abun-

dance decreased the maximum reaction rate. This was consistent with the idea

that substrate binding decreased at regulatory sites, which negatively impacted

substrate binding at the active site. On the other hand, as the cooperativity pa-

rameter increased past unity, the rate of conversion of substrate S to product P

by enzyme E approached a step function. In the presence of an inhibitor, the

rule-based strategy predicted non-competitive like behavior as a function of the

cooperativity parameter (Figure 3.3B). When the control gain parameter, κi j in

Equation 3.10, was greater than unity, the inhibitory force was directly propor-

tional to the cooperativity parameter, η. Thus, as the cooperativity parameter

increased, the maximum reaction rate decreased (Figure 3.3B). Interestingly, our

rule-based approach was unable to directly simulate competitive inhibition of

enzyme activity. Taken together, the rule-based strategy captured classical reg-

ulatory patterns for both enzyme activation and inhibition. Thus, we are able to

model complex kinetic phenomena such as ultrasensitivity, despite an effective

description of reaction kinetics.

End product yield was controlled by feedback inhibition, while product se-

lectivity was controlled by branch point enzyme inhibition (Figure 3.4). A criti-

cal test of our modeling approach was to simulate networks with known behav-
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Figure 3.3: Kinetics of simple transformations in the presence of activation
and inhibition. (A) The conversion of substrate S to product P
by enzyme E was activated by S . For a fixed control gain pa-
rameter κcontrol, the reaction rate approached a step for increas-
ing cooperativity control parameter η. For activation simula-
tions κcontrol = 0.05 and η = {0.01, 0.1, 1, 2, 4, 6, 8, 10}; (B) The con-
version of substrate S to product P by enzyme E with inhibitor
I. For a fixed control gain parameter κcontrol, the reaction rate
approximated non-competitive inhibition for increasing coop-
erativity control parameter η. For the inhibition simulations
κcontrol = 1.5 and η = {0.01, 0.1, 1, 2, 4, 6, 8, 10}.

ior. If we cannot reproduce the expected behavior of simple networks, then our

effective modeling strategy, and particularly the rule-based approximation of al-

losteric regulation, will not be feasible for genome-scale cell-free problems. We

considered two cases, control ON/OFF, for each network configuration. Each

of these cases had identical kinetic parameters and initial conditions; the only

differences between the cases were the allosteric regulation rules and the control

parameters associated with these rules. As expected, end product accumulation

was larger for network A when the control was OFF (no feedback inhibition

62



of E1 by P1 and P2), as compared to the ON case (Figure 3.4A). We found this

behavior was robust to the choice of underlying kinetic parameters, as we ob-

served that same qualitative response across an ensemble of 100 randomized

parameter sets, for fixed control parameters. The control ON/OFF response of

network B was more subtle. In the OFF case, the behavior was qualitatively sim-

ilar to network A. However, for the ON case, flux was diverted away from P2

formation by feedback inhibition of E6 activity at the M2 branch point by P1 (Fig-

ure 3.4B). Lower E6 activity at the M2 branch point allowed more flux toward P1

formation, hence the yield of P1 also increased (Figure 3.4C). Again, the control

ON/OFF behavior of network B was robust to changes in kinetic parameters,

as the same qualitative trend was conserved across an ensemble of 100 random-

ized parameters, for fixed control parameters. Taken together, these simulations

suggested that the rule-based allosteric control concept could robustly capture

expected feedback behavior for networks with uncertain kinetic parameters.

Estimating parameters and effective allosteric regulatory struc-

tures

A critical challenge for any dynamic model is the estimation of kinetic parame-

ters. For metabolic processes, there is also the added challenge of identifying the

regulation and control structures that manage metabolism. Of course, these is-

sues are not independent; any description of enzyme activity regulation will be

a function of system state, which in turn depends upon the kinetic parameters.

For cell-free systems, regulated gene expression has been removed, however,

enzyme activity regulation is still operational. We explored this linkage by es-
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Figure 3.4: ON/OFF control simulations for Network A and Network B
for an ensemble of 100 kinetic parameter sets versus time. Ki-
netic and initial conditions generated randomly from a hypo-
thetical true parameter set. The gray area represents ± one
standard deviation surrounding the mean. Control parameters
were fixed during the ensemble calculations. (A) End product
P1 abundance versus time for Network A. The abundance of P1

decreased with end product inhibition of E1 activity (Control-
ON) versus the no inhibition case (Control-OFF); (B) End prod-
uct P2 abundance versus time for Network B. Inhibition of
branch point E6 by end product P1 decreased P2 abundance
(Control-ON) versus the no inhibition case (Control-OFF); (C)
End product P1 abundance versus time for Network A. Inhibi-
tion of branch point E6 by end product P1 decreased P1 abun-
dance (Control-ON) versus the no inhibition case (Control-
OFF).
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timating model parameters from synthetic data using both network structures.

We generated synthetic measurements of the substrate S, intermediate M5 and

end product P1 approximately every 20 min using network A. This data set is

similar to published cell-free studies, both in terms of network coverage and

sampling frequency [71]. We then generated an ensemble of model parame-

ter estimates by minimizing the difference between model simulations and the

synthetic data using particle swarm optimization (PSO), starting from random

initial parameter guesses. The estimation of kinetic parameters was sensitive to

the choice of regulatory structure (Figure 3.5). PSO identified an ensemble of

parameters that bracketed the mean of the synthetic measurements in less than

1000 iterations when the control structure was correct (Figure 3.5A,B). How-

ever, with control mismatch (network B simulated with network A parameters),

model simulations were not consistent with the synthetic data (Figure 3.5C,D).

Taken together, these results suggested that we could perhaps simultaneously

estimate both parameters and network control architectures, as incorrect control

structures would be manifest as poor model fits.

We modified our particle swarm identification strategy to simultaneously

search over both kinetic parameters and putative control structures. In addition

to our initial networks, we constructed three additional presumptive network

models, each with the same enzymatic connectivity but different allosteric regu-

lation of the pathway enzymes (Figure 3.6). We then initialized a population of

particles, each with one of the five potential regulatory programs and random-

ized kinetic parameters. Thus, we generated an initial population of particles

that had both different kinetic parameters as well as different control structures.

We biased the distribution of the particle population according to our a prior

belief of the correct regulatory program. To this end, we considered three dif-
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Figure 3.5: Parameter estimation from synthetic data for the same and mis-
matched allosteric control logic using particle swarm optimiza-
tion (PSO). Synthetic experimental data was generated from a
hypothetical parameter set using Network A, where substrate
S , end product P1 and intermediate M5 were sampled approx-
imately every 20 min. For cases (A,B) 20 particles were initial-
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300 iterations. (A,B) PSO estimated an ensemble of 20 param-
eters sets consistent with the synthetic experimental data as-
suming the correct enzymatic and control connectivity start-
ing from randomized initial parameters; (C,D) In the presence
of control mismatch (Network B control policy simulated with
Network A kinetic parameters) the ensemble of models did not
describe the synthetic data. The synthetic data plotted here was
unperturbed by noise. However, we assumed a constant coef-
ficient of variation of 10% for the synthetic data during param-
eter estimation.
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ferent priors, a uniform distribution where each putative regulatory structure

represented 20% of the population and two mixed distributions that were ei-

ther positively or negatively biased towards the correct structure (network A).

In both the positively biased and uniform cases the PSO clearly differentiated

between the true or closely related structures and those that were materially

different (Figure 3.7). As expected, the positively biased population (40% of the

initial particle population seeded with network A) gave the best results, where

the correct structure was preferentially identified (Figure 3.7A). On the other

hand, when given a uniform distribution, the PSO approach identified a combi-

nation of network A and network C as the most likely control structures (Figure

3.7B). Network A and C differ by the regulatory connection between the end

product P2 and enzyme E1; in network A, end product P2 was assumed to in-

hibit E1, while in network C, end product P2 activated E1. Lastly, when the initial

population was heavily biased towards incorrect structures (initial population

seeded with 90% incorrect structures), the particle swarm misidentified the cor-

rect allosteric structure (Figure 3.7C). Interestingly, while each particle swarm

identified parameter sets that minimized the simulation error, the estimated pa-

rameter values were not necessarily similar to the true parameters. The angle

between the estimated and true parameters was not consistently small across

the swarms (identical parameters would give an angle of zero). This suggested

that our particle swarm approach identified a sloppy ensemble, i.e., parameter

estimates that were individually incorrect but collectively exhibited the correct

model behavior.

We calculated control program output and scaled metabolic flux for the pos-

itively, uniformly and negatively biased particle swarms (Figure 3.8). Network

A and network C models from the positively (Figure 3.8A) and uniformly (Fig-

67



S

M1

M2

M3

M4

P1

M5

M6

P2

A

AH

AH

A

E1

E2

E3 E6

E4 E7

E5 E8

AH

A

++

Network D S

M1

M2

M3

M4

P1

M5

M6

P2

A

AH

AH

A

E1

E2

E3 E6

E4 E7

E5 E8

AH

A

++

Network ES

M1

M2

M3

M4

P1

M5

M6

P2

A

AH

AH

A

E1

E2

E3 E6

E4 E7

E5 E8

AH

A

++

Network C

+ + + +

Figure 3.6: Schematic of the alternative allosteric control programs used in
the structural particle swarm computation. Each network had
the same enzymatic connectivity, initial conditions and kinetic
parameters, but alternative feedback control structures for the
first enzyme in the pathway.

ure 3.8B) biased particle swarms showed similar operational patterns, despite

differences in kinetic parameters and control structures. While models from the

negatively biased population had error values similar to the correct structures in

the previous swarms, they have different flux and control profiles (Figure 3.8C).

In all cases, regardless of network configuration or parameter values, the rate

of enzyme decay was small compared to the other fluxes, and all networks had

qualitatively similar trends for E3 and E6 control. Moreover, consistent with the

correct model structure, production of end product P1 was the preferred branch

for all model configurations. However, there was variability in P2 production

flux across the population of models, especially for the uniform swarm when

compared with the other cases. High P1 branch flux resulted in end product

inhibition of E1 in both network A and network C, however in network D and

E, high P1 flux induced E1 activation. These trends were manifested in differ-
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Figure 3.7: Combined control and kinetic parameter search using modi-
fied particle swarm optimization (PSO). A population of 100
particles was initialized with randomized kinetic parameters
and one of five possible control configurations (Network A–
E). Simulation error was minimized for a synthetic data set (S ,
end product P1 and intermediate M5 sampled approximately
every 20 min) generated using Network A. (A) Simulation er-
ror versus parameter set angle for 100 particles biased toward
the correct regulatory program (A,B,C,D,E) = (40%, 10%, 20%,
20% and 10%); (B) Simulation error versus parameter set an-
gle for 100 uniformly distributed particles (A,B,C,D,E) = (20%,
20%, 20%, 20% and 20%); (C) Simulation error versus param-
eter set angle for 100 negatively biased particles (A,B,C,D,E) =
(10%, 40%, 10%, 20% and 20%). Network A (the correct struc-
ture) was preferentially identified for positively and uniform
biased particle distributions, but misidentified in the presence
of a large incorrect bias.
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ent flux profiles, where the negatively biased population appeared more uni-

form across the population compared with the other swarms, and had higher E1

specific activity. Interestingly, the behavior of network A and network C high-

lighted an artifact of our integration rule; both a positive or negative feedback

connection from P2 to E1 were ignored because the P1 inhibition of E1 domi-

nated. Thus, while theoretically distinct, network A and network C appeared

operationally to the PSO algorithm to be the same network. On the other hand,

networks B, D and E showed distinct behavior that was not consistent with the

true network. These architectures exhibited either limited inhibition (network

B) or activation (network D and E) of E1 activity, resulting in significantly dif-

ferent metabolic flux profiles. However, the PSO was able to find low error

parameter solutions, despite the mismatch in the control structures (error val-

ues similar, but not better than the best network A and network C estimates).

Taken together, these results suggested that a uniform sampling approach could

potentially yield an unbiassed estimate of both kinetic parameters and control

structures. However, the negatively biased particle swarm results illustrated a

potential shortcoming of the approach, namely convergence to a local error min-

imum despite a significantly incorrect control structure. This suggested that es-

timated model structures will need to be further evaluated, for example by gen-

erating falsifiable experimental designs which could distinguish between low

error solutions.

Discussion

In this study, we presented an effective kinetic modeling strategy to dynamically

simulate cell-free biochemical networks. Our proposed strategy integrated tra-
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Figure 3.8: Metabolic flux and control variables as a function of network
type and particle index at t = 100 min. The particle error, the
control variables governing E1, E3 and E6 activity (v1, v3 and v3)
and the scaled metabolic flux were calculated for the positively
(top), uniformly (middle) and negatively (bottom) biased par-
ticle swarms (N = 100). Blue denotes a low value, while red
denotes a high value for the respective quantity being plotted.
The particles from each swarm were sorted based upon simu-
lation error (low to high error). (A) Model performance for the
positively biased particle swarm as a function of particle in-
dex; (B) Model performance for the uniformly biased particle
swarm as a function of particle index; (C) Model performance
for the negatively biased particle swarm as a function of par-
ticle index. Models with significant control mismatch showed
distinct control and flux patterns versus those models with the
correct or closely related control policies. In particular, models
with the correct control policy showed stronger inhibition of
E1 activity, leading to decreased flux from S→P1. Conversely,
models with significant mismatch had increased E1 activity,
leading to an altered flux distribution. This is especially ap-
parent in the negatively biased particle swarm.
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ditional kinetic modeling with an effective rules based approach to dynamically

describe metabolic regulation and control. We tested this approach by develop-

ing kinetic models of hypothetical cell-free metabolic networks. In particular,

we tested whether our effective modeling approach could describe classically

expected behavior, and second whether we could simultaneously estimate ki-

netic parameters and regulatory connectivity, in the absence of specific mech-

anistic knowledge, from synthetic experimental data. Toward these questions,

we explored five hypothetical cell-free networks. In each network, a substrate S

was converted to the end products P1 and P2 through a series of enzymatically

catalyzed reactions, including a branch point at a hypothetical metabolite M2.

Each network also included the same cofactors and cofactor recycle architec-

ture. However, while all five networks shared the same enzymatic connectivity,

each had different allosteric regulatory connectivity. We found that simple effec-

tive rules, when integrated with traditional enzyme kinetic expressions, could

capture complex allosteric patterns such as ultrasensitivity, or non-competitive

inhibition in the absence of specific mechanistic information. Moreover, when

integrated into network models, these rules captured classical regulatory pat-

terns such as product-induced feedback inhibition. Lastly, we simultaneously

estimated kinetic parameters and discriminated between competing regulatory

structures, using synthetic data in combination with a modified particle swarm

approach. If we considered all putative regulatory architectures to be equally

likely, we were able to estimate a sloppy ensemble of models with the cor-

rect architecture and kinetic parameters. Thus, we identified parameter values

that were different from their true values, but nonetheless produced reasonable

model performance (low error). This suggested that we captured important pa-

rameter combinations (stiff combinations), while simultaneously missing other
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parameter combinations (sloppy combinations). This was similar to the earlier

study of Brown and Sethna [13], which showed that reasonable model predic-

tions were possible, despite sometimes only order of magnitude parameter es-

timates, if the stiff parameter combinations were well constrained.

The proposed modeling strategy shares features with other popular tech-

niques, but also has several key differences. At its core, our effective modeling

approach is similar to regulatory constraint-based methods, and to the cyber-

netic modeling paradigm developed by Ramkrishna and colleagues. Covert,

Palsson and coworkers drastically improved the predictability of constraint-

based approaches by integrating Boolean rules into the calculation of metabolic

fluxes [24]. If the regulated intracellular flux problem is coupled with time-

dependent extracellular balances, these models can predict complex behav-

ior such as diauxie growth or the switch between aerobic and anaerobic

metabolism. Another important feature of this approach is that it scales with

biological complexity. For example, Covert et al. showed that a genome-scale

model of E. coli augmented with a Boolean rule layer, correctly predicted ap-

proximately 80% of the outcomes of a high-throughput growth phenotyping

experiment in E. coli. Further, they showed that they could learn new biology by

iteratively refining the model and its associated rules [25]. However, while reg-

ulated flux balance analysis is a powerful technique, it does not easily allow the

calculation of time-resolved metabolite abundance. Additionally, the Boolean

rules which populate the regulatory layer are limited to ON/OFF decisions; for

qualitative predictions of gene expression this is a reasonable limitation. How-

ever, Boolean rules will likely be less effective at capturing dynamic allosteric

regulation in a cell-free metabolic system. On the other hand, the strength of cy-

bernetic models is the integration of optimal metabolic control strategies with
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traditional kinetic pathway modeling. Cybernetic models are highly predictive;

they have successfully predicted mutant behavior from limited wild-type data

[165, 166, 145], steady-state multiplicity [84], strain specific metabolic function

[144] and have been used in bioprocess control applications [48]. However, cy-

bernetic control strategies are not mechanistic, instead they are the output of

an optimal decision with respect to a set of hypothetical physiological objec-

tives. Thus, they are abstractions which are difficult to translate into a specific

biological mechanism. Our approach addresses the shortcomings of both reg-

ulatory constraint-based models and cybernetic models. First, similar to cyber-

netic models, the core of our approach is a kinetic model. Thus, we are able to

directly calculate the time evolution of metabolism, for example the dynamic

abundance of network metabolites. Second, similar to regulatory flux balance

analysis, our control laws describe specific mechanistic motifs, such as activa-

tion or inhibition of enzyme activity. However, our rules are continuous, thus

they potentially allow a finer grained description of metabolic regulation and

control mechanisms. Lastly, we can naturally incorporate unmodeled factors

and categorical factors or combinations thereof into our control law formula-

tions. Though requiring a more complex description of cellular metabolism,

our approach may even be extended to simulate cell-based systems by incor-

porating the same control laws into transcription factor activation and gene ex-

pression regulation.

The proposed modeling framework also differs appreciably from previously

established kinetic approximations of complex biochemical network behavior.

Such frameworks replace parameter dense mechanistic kinetic expressions with

heuristics quantifying the relationship between metabolic rate and metabolite

effectors. A review of approximative kinetic formats can be found in [63]. These
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approaches arose in response to uncertainties associated with obtaining correct

mechanistic kinetic expressions and parameters of in vivo systems. Similarly,

available kinetic parameters measured in vitro may differ in a specialized cell-

free in vitro environments. Factors affecting kinetics, such as enzyme channel-

ing, macromolecular crowding, and pH, are likely dramatically different in cell-

free environments than in both in vivo systems as well as typical in vitro con-

ditions used for parameter measurements. Thus, a more generalized, approx-

imate biochemical reaction network formulation may be desirable in the case

of cell-free systems. Our approach is similar to generalized mass action-based

power law formulations of Savageau and colleagues [136] and linlog kinetics of

Visser et al. [167] in that metabolic rates are proportional to corresponding en-

zyme levels modified by metabolite effectors. Power law and linlog approaches

suffer from several limitations [63]. Power law reaction rates do not capture sat-

uration effects and become infinite for small concentrations of inhibitory regula-

tors. Linlog kinetics also become ill-defined when effector concentrations go to

zero. Also, models employing linlog kinetics typically rely on an experimentally

determined reference state to describe dynamics taking place after a perturba-

tion to a steady-state. Our framework does not suffer from such drawbacks.

Moreover, cell-free systems are unlikely to satisfy such a steady-state approxi-

mation after extract preparation and prior to culture initiation. Our framework

is similar to the generic kinetic formulation from Hadlich et al. [60], but differs in

its inclusion of cooperative effects as well as proposes a simplified integration of

competition amongst allosteric effectors using max/min rules. In summary, our

proposed framework offers an effective kinetic approximation that captures sat-

uration effects and allosteric competition within cell-free systems that may also

be extensible to in vivo metabolic and gene regulatory networks.
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There are several critical questions that should be explored following this

proof-of-concept study. It is unclear how parameter identification will scale to

genome-scale networks, and second it is unclear how we will identify allosteric

connectivity at a genome-scale. The enzymatic connectivity for genome-scale

cell-free networks can easily be established by stripping away the growth and

cell wall machinery from whole cell genome reconstructions. Then metabolic

fluxes can be transformed into kinetic expressions using heuristics such multi-

ple saturation kinetics, which are then modified by our rule-based control vari-

ables. This leaves a large number of unknown kinetic constants that must be

estimated from time-resolved metabolite measurements. Ensemble modeling

is a well-established approach for parameter identification in large-scale deter-

ministic models. Liao and coworkers developed a method that generates an

ensemble of kinetic models that all approach the same steady-state, one deter-

mined by fluxomics measurements [161]. The best subpopulation of candidate

models were selected based on their agreement with further measurements of

genetically perturbed systems. Our work relies on heuristic search optimiza-

tion to identify kinetic models consistent with steady-state and dynamic time-

series measurements of cellular species [105, 147, 156, 157, 115, 96]. Instead of

estimating a single yet highly uncertain parameter set, both approaches esti-

mate an ensemble of parameter sets whose model behavior recapitulates ex-

perimental measurements. Here, we showed that particle swarm optimiza-

tion quickly identified an ensemble of model parameters, at least for proof-

of-concept metabolic networks using synthetic data. This suggested that we

can expect reasonable model predictions, despite only partial parameter knowl-

edge, as network size grows if we have properly designed experiments. Though

we expect computational complexity will scale poorly with network size, we are
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optimistic that large-scale, predictive models of metabolism are possible. There

is evidence to suggest that achieving a quantitative understanding of complex

biological systems should not require complete parametric knowledge. Brown

and Sethna showed in a model of signal transduction that good predictions

were possible despite only order of magnitude estimates of parameter values

[13]. Sethna and coworkers later showed that model performance is often con-

trolled by only a few parameter combinations, a characteristic seemingly uni-

versal to multi-parameter models referred to as sloppiness [106]. We have also

demonstrated sloppy behavior in a wide variety of signal transduction pro-

cesses [105, 147, 156, 157, 115, 96]. Thus, given our previous experience with

models containing hundreds of unknown parameters, we expect parameter es-

timation to be a manageable challenge assuming we have high quality experi-

mental data.

A second critical challenge will be the estimation of allosteric connectivity

at a genome scale. The regulation of glycolytic enzymes, such as phosphofruc-

tokinase I, has been studied for many years [127]. The allosteric regulation of

metabolic enzymes can also be established from organism specific databases,

such as EcoCyc [79], or more general allosteric databases, such as the AlloSteric

Database [65]. However, for those enzymes that have not been well studied,

we will need to infer allosteric interactions from experimental data. In general,

the reverse engineering of regulatory network structure from data is a difficult

problem. Recently, Sauer and colleagues have developed a systematic, model-

based approach for the identification of allosteric regulation in vivo [100]. They

tested the effects of many putative allosteric protein-metabolite interactions on

the performance of a kinetic model of glycolysis against dynamic metabolomic

and fluxomic measurements. A method similar to this may be easily applied
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to cell-free systems in order to identify relevant in vitro allosteric interactions.

Because omics measurements of cell-free environments are easy to obtain, iden-

tification of large-scale allosteric control structures may be possible. Also, there

are many different approaches from the reverse engineering of gene regulatory

networks that perhaps could be adopted to this problem, however this remains

an open question. For example, one could imagine designing pulse chase ex-

periments which maximally distinguish between competing allosteric models,

similar to the earlier work of Kremling et al. [92], or iteratively estimating model

structures similar to Doyle and coworkers [47]. Lastly, the choice of max/min

integration rules or the particular form of the transfer functions could be gen-

eralized to include other rule types and functions. Theoretically, an integration

rule is a function whose domain is a set of transfer function inputs, and whose

range is v ∈ [0, 1]. Thus, integration rules other than max/min could be used,

such as the mean or the product, assuming the range of the transfer functions is

always f ∈ [0, 1]. Alternative integration rules such as the mean might have dif-

ferent properties which could influence model identification or performance.

For example, a mean integration rule would be differentiable, which allows

derivative-based optimization approaches to be used. The particular form of

the transfer function could also be explored. We choose a Hill-like function be-

cause of its prominence in the systems and synthetic biology community. How-

ever, the only mathematical requirement for a transfer function is that it map a

non-negative continuous or categorical variable into the range f ∈ [0, 1]. Thus,

many types of transfer functions are possible.
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Materials and methods

Formulation and solution of the model equations

We used ordinary differential equations (ODEs) to model the time evolution

of metabolite (xi) and scaled enzyme abundance (εi) in hypothetical cell-free

metabolic networks:

dxi

dt
=

R∑
j=1

σi jr j (x, ε,k) i = 1, 2, . . . ,M (3.1)

dεi

dt
= −λiεi i = 1, 2, . . . ,E (3.2)

where R denotes the number of reactions,M denotes the number of metabolites

and E denotes the number of enzymes in the model. The quantity r j (x, ε,k)

denotes the rate of reaction j. Typically, reaction j is a non-linear function of

metabolite and enzyme abundance, as well as unknown kinetic parameters k

(K × 1). The quantity σi j denotes the stoichiometric coefficient for species i in

reaction j. Ifσi j > 0, metabolite i is produced by reaction j. Conversely, ifσi j < 0,

metabolite i is consumed by reaction j, while σi j = 0 indicates metabolite i is not

connected with reaction j. Lastly, λi denotes the scaled enzyme degradation

constant. The system material balances were subject to the initial conditions

x (to) = xo and ε (to) = 1 (initially we have 100% cell-free enzyme abundance).

Each reaction rate was written as the product of two terms, a kinetic term

(r̄ j) and a regulatory term (v j):

r j (x, ε,k) = r̄ jv j (3.3)
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We used multiple saturation kinetics to model the reaction term r̄ j:

r̄ j = kmax
j εi

∏
s∈m−j

xs

K js + xs

 (3.4)

where kmax
j denotes the maximum rate for reaction j, εi denotes the scaled en-

zyme activity which catalyzes reaction j, and K js denotes the saturation constant

for species s in reaction j. The product in Equation 3.4 was carried out over the

set of reactants for reaction j (denoted as m−j ).

The allosteric regulation term v j depended upon the combination of factors

which influenced the activity of enzyme i. For each enzyme, we used a rule-

based approach to select from competing control factors (Figure 3.2). If an en-

zyme was activated by m metabolites, we modeled this activation as:

v j = max
(

f1 j (Z) , . . . , fm j (Z)
)

(3.5)

where 0 ≤ fi j (Z) ≤ 1 was a regulatory transfer function that calculated the

influence of metabolite i on the activity of enzyme j. Conversely, if enzyme

activity was inhibited by a m metabolites, we modeling this inhibition as:

v j = 1 −max
(

f1 j (Z) , . . . , fm j (Z)
)

(3.6)

Lastly, if an enzyme had both m activating and n inhibitory factors, we mod-

eled the regulatory term as:

v j = min
(
u j, d j

)
(3.7)

where:

u j = max
j+

(
f1 j (Z) , . . . , fm j (Z)

)
(3.8)

d j = 1 −max
j−

(
f1 j (Z) , . . . , fn j (Z)

)
(3.9)
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The quantities j+ and j− denoted the sets of activating and inhibitory factors

for enzyme j. If an enzyme had no allosteric factors, we set v j = 1. There are

many possible functional forms for 0 ≤ fi j (Z) ≤ 1. However, in this study, each

individual transfer function took the form:

fi (x) =
κ
η
i jZ

η
j

1 + κ
η
i jZ

η
j

(3.10)

where Z j denotes the abundance of the j factor (e.g., metabolite abundance),

and κi j and η are control parameters. The κi j parameter represents a species gain

parameter, while η is a cooperativity parameter (similar to a Hill coefficient).

In the case η > 1, the allosteric interaction displays positive cooperativity. For

η < 1, the interaction is negatively cooperative. Finally, if η = 1, the interaction

displays no cooperativity. The effect of different values of η on reaction rate

can be seen in Figure 3.3. The model equations were encoded using the Octave

programming language and solved using the LSODE routine in Octave [35]. In

some cases, metabolic fluxes (or other quantities) were scaled according to:

r̂ j (t = τ) =

(
r j −min r

max r −min r

)∣∣∣∣
t=τ

(3.11)

where 0 ≤ r̂ j (t = τ) ≤ 1 denotes the scaled value for flux j evaluated at time τ.

We have used this scaling in a variety of other contexts [146, 96].

Estimation of model parameters and structures from synthetic

experimental data.

Model parameters were estimated by minimizing the difference between simu-

lations and synthetic experimental data (squared residual):

min
k

T∑
τ=1

S∑
j=1

(
x̂ j (τ) − x j (τ,k)

ω j (τ)

)2

(3.12)
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where x̂ j (τ) denotes the measured value of species j at time τ, x j (τ,k) denotes

the simulated value for species j at time τ, and ω j (τ) denotes the experimental

measurement variance for species j at time τ. The outer summation is respect to

time, while the inner summation is with respect to state. We approximated a re-

alistic model identification scenario, assuming noisy experimental data, limited

sampling resolution (approximately 20 min per sample) and a limited number

of measurable metabolites. We assumed a constant coefficient of variation of

10% for the synthetic data set.

We minimized the model residual using particle swarm optimization (PSO)

[78]. PSO uses a swarming metaheuristic to explore parameter spaces. A

strength of PSO is its ability to find the global minimum, even in the presence

of potentially many local minima, by communicating the local error landscape

experienced by each particle collectively to the swarm. Thus, PSO acts both as

a local and a global search algorithm. For each iteration, particles in the swarm

compute their local error by evaluating the model equations using their specific

parameter vector realization. From each of these local points, a globally best

error is identified. Both the local and global error are then used to update the

parameter estimates of each particle using the rules:

∆i = θ1∆i + θ2r1 (Li − ki) + θ3r2 (G − ki) (3.13)

ki = ki + ∆i (3.14)

where ∆i denotes the perturbation to the vector of parameters ki for particle i.

(θ1, θ2, θ3) are adjustable parameters, Li denotes the best local solution found by

particle i, and G denotes the best solution found over the entire population of

particles. The quantities r1 and r2 denote uniform random vectors with the same

dimension as the number of unknown model parameters (K × 1). In this study,
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we used (θ1, θ2, θ3) = (1.0, 0.05564, 0.02886). The quality of parameter estimates

was measured using two criteria, goodness of fit (model residual) and angle

between the estimated parameter vector k j and the true parameter set k∗:

α j = cos−1
(

k j · k∗

||k j|| ||k∗||

)
(3.15)

If the candidate parameter set k j were perfect, the residual between the model

and synthetic data and the angle between k j and the true parameter set k∗ would

be equal to zero.

We modified our PSO implementation to simultaneously search over kinetic

parameters and putative model control structures. In the combined case, each

particle potentially carried a different model realization in addition to a differ-

ent kinetic parameter vector. We kept the update rules the same (along with the

update parameters). Thus, each particle competed on the basis of goodness of

fit, which allowed different model structures to contribute to the overall behav-

ior of the swarm. We considered five possible model structures (A through E),

where network A was the correct formulation (used to generate the synthetic

data). We considered a population of 100 particles, where each particle in the

swarm was assigned a model structure, and a random parameter vector. The

optimization simulations shown in Figure 3.7 required several hours to com-

plete on a single CPU Apple workstation (Apple, Cupertino, CA, USA; OS X

v10.10). The PSO algorithm, model equations, and the objective function were

encoded and solved in the Octave programming language [35].
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CHAPTER 4

MODELING AND ANALYSIS OF AN ESCHERICHIA COLI CELL-FREE

SYSTEM

Cell-free protein synthesis (CFPS) is an emerging method for the production

of proteins. These systems utilize the metabolic and macromolecular synthe-

sis machinery of a host cell within a controlled, in vitro environment. In these

systems, the resources for the synthesis of a target protein, including template

DNA, amino acids, nucleotides, and an energy source are mixed with cell extract

(Fig. 4.1). The cell extract contains the host organism’s transcription and transla-

tion machinery (e.g., RNA polymerases and ribosomes) and cellular metabolic

enzymes to carry out cell-free biochemical reactions [16]. The most common

CFPS systems use cell extracts from E. coli, rabbit reticulocytes, wheat germ,

and insect cells. E. coli-based CFPS systems are the most popular for several

reasons. E. coli grows well on inexpensive substrates and is easily ruptured,

simplifying cell extract preparation. Also, E. coli achieves the highest protein

yields of any CFPS system, typically reaching on order of 1 g/L in batch cul-

tures [18]. CFPS systems offer several advantages over traditional in vivo pro-

duction hosts. They have the potential for higher protein productivity by allow-

ing precise control over reaction conditions and directing all cellular production

machinery toward the synthesis of the target protein. The absence of a cell wall

allows for direct access to the metabolic environment for sampling as well as

manipulation. Also, these systems offer single-step purification and recovery of

protein products [72]. Mimicking the intracellular environment of E. coli within

in vitro cell-free systems has led to efficient production of target proteins from

inexpensive substrates [72, 16].
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CFPS systems have become an attractive platform for the production of ther-

apeutics due to their ability to process proteins that are difficult to express in vivo

at large scales. For example, Swartz and coworkers have created the proper ox-

idizing conditions in an E. coli-based cell-free environment to express complex

mammalian proteins with disulfide bond formation [83, 175]. Recently, protein

glycosylation was achieved in a CFPS system, making possible the develop-

ment of an alternative glycoprotein production method [58]. The simplified

nature of CFPS makes them an attractive system for model construction and in-

quiry. Metabolic model-guided engineering could aid in optimal design of host

cell extract and cell-free growth conditions for increased protein yield. Many of

the challenges confronting genome-scale kinetic models can potentially be over-

come in a cell-free system. For example, there is no complex transcriptional reg-

ulation to consider, measurements of metabolites are easier to obtain, and we no

longer have to consider cell growth. Also, the activation of multiple, complex

metabolic pathways, including oxidative phosphorylation, have been demon-

strated in CFPS systems [71]. This provides evidence that cell-free metabolic

operation may be similar to that of E. coli’s in vivo environment allowing for the

application of previous metabolic reconstructions for cell-free model inference.

Thus, cell-free systems represent an ideal opportunity for model development,

identification, and validation. The composition of catalytic enzymes in the cell

extract along with feeding conditions play a crucial role in CFPS system per-

formance. Metabolic modeling may aid in designing host E. coli strains for cell

extract preparation as well as optimizing nutrient conditions in the cell-free en-

vironment for higher target protein yield.

In an effort to develop computational tools for cell-free modeling, we present

the construction of a large-scale metabolic model of E. coli cell-free metabolism.
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debris and

chromosomal DNA
Prepare and
store extract
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Figure 4.1: Cell-free protein synthesis. Cell extract is prepared by cell ly-
sis and cellular debris and chromosome DNA is removed. An
energy source along with necessary amino acids, nucleotides,
and cofactor are added to the cell-free reaction. Template DNA
of the target protein is added. The target protein is then easily
purified from the cell-free system. Figure adapted from [18].

The model consists of central metabolic reactions, nucleotide and cofactor syn-

thesis, as well as simplified lumped pathways for amino acid synthesis. Our

cell-free model is capable of simulating the expression of a prototypical pro-

tein, chloramphenicol acetyltransferase (CAT). With this network, we apply a

dynamic flux analysis approach that solves a state regulator problem (SRP),

estimating all species concentrations and reactions rates from a time-series

metabolomic dataset of CAT production in an E. coli-based cell-free system

[47]. We show that we are capable of capturing cell-free dynamics of inter-

mediate metabolites, energy cofactors, and CAT protein expression using this

objective-based, quadratic programming procedure. Our model of E. coli cell-

free metabolism, along with this dynamic flux analysis approach, may provide

key insights into cell-free protein production.
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Results

Construction of an E. coli-based cell-free metabolic model

We curated an E. coli-based model of cell-free metabolism from the large-scale

stoichiometric model of Keasling and colleagues [128] as well as the genome-

scale model of Feist et al. [38]. Table 4.1 specifies the reactions in our E. coli

cell-free metabolic model. The model consists of primary pathways in central

metabolism including glycolysis, pentose phosphate pathway, TCA cycle, and

oxidative phosphorylation. Many ancillary species have been removed from

the balances and are assumed to be non-limiting. These species include water,

phosphate, carbon dioxide, and oxygen. Synthesis of each amino acid has been

reduced to one or two lumped reactions. A goal of our cell-free metabolic model

was to maintain structural detail while limiting network size. This provides a

useful tool for development of computationally tractable dynamic models of

cell-free metabolism. Abbreviations for metabolite species can be found in the

Appendix.

Table 4.1: Reactions making up the E. coli cell-free net-

work. Reactions were curated from [128, 38]. Match-

ing exponents indicate reactions that were lumped to-

gether. Arrows indicate the reversibility of the reaction.

Gene Enzyme Name Reaction

Glycolysis

pts Phosphotransferase

system

PEP + Glc→ G6P + PYR
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glk Glucokinase Glc + ATP→ G6P + ADP

Glc + UTP→ G6P + UDP

Glc + CTP→ G6P + CDP

Glc + GTP→ G6P + GDP

pgi Phosphoglucose iso-

merase

G6P↔ F6P

pfk Phosphofructokinase F6P + ATP→ FDP + ADP

fdp Fructose-1,6-

bisphosphate aldolase

FDP→ F6P

gapA1 Glyceraldehyde-3-

phosphate dehydroge-

nase

G3P + NAD↔ 13DPG + NADH

pgk1 Phosphoglycerate

kinase

13DPG + ADP↔ 3PG + ATP

gpm2 Phosphoglycerate mu-

tase

3PG↔ PEP

eno2 Enolase 2PG↔ PEP

pykAF Pyruvate kinase ADP + PEP→ PYR + ATP

ppc PEP carboxylase PEP→ OAA

pta3 Phosphotransacetylase ACCoA↔ ACTP + CoA

ackA3 Acetate kinase ACTP + ADP↔ AC + ATP

ldh Lactate dehydrogenase PYR + NADH↔ LAC + NAD

pdh Pyruvate dehydroge-

nase

CoA + NAD + PYR→ACCoA + NADH

pps PEP synthase ATP + PYR→ AMP + PEP
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EntnerDoudoroff Path-

way

edd 6-Phosphogluconate

dehydrase

6PGC→ 2DDG6P

eda 2-Keto-3-deoxy-6-

phospho-gluconate

aldolase

2DDG6P→ G3P + PYR

Pentose Phosphate

Pathway

zwf4 Glucose-6-phosphate

dehydrogenase

G6P + NADP↔ 6PGL + NADPH

pgl4 6-

Phosphogluconolactonase

6PGL→ 6PGC

gnd 6-Phosphogluconate

dehydrogenase

6PGC + NADP→ Ru5P + NADPH

rpe Ribose-5-phosphate

epimerase

Ru5P↔ Xu5P

rpi Ribose-5-phosphate

isomerase

R5P↔ Ru5P

talAB Transaldolase G3P + S7P↔ E4P + F6P

tktA Transketolase 1 R5P + Xu5P↔ G3P + S7P

tktB Transketolase 2 E4P + Xu5P↔ F6P + G3p

TCA Cycle

gltA5 Citrate synthase ACCoA + OAA→ CIT + CoA

acn5 Aconitase CIT↔ ICIT
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icd Isocitrate dehydroge-

nase

ICIT + NADP↔ αKG + NADPH

sucAB 2-Ketoglutarate dehy-

drogenase

αKG + CoA + NAD → SUCCoA +

NADH

sucCD Succinate thiokinase SUCCoA + ADP↔ SUCC + ATP + CoA

sdh Succinate dehydroge-

nase

Q8 + SUCC→ FUM + Q8H2

frd Fumurate reductase FUM + MQL8→MQN8 + SUCC

fum Fumarase FUM↔MAL

mdh Malate dehydrogenase MAL + NAD↔ OAA + NADH

Anaplerotic Reactions

pck PEP carboxykinase OAA + ATP→ PEP + ADP

aceA6 Isocitrate lyase ICIT→ GLX + SUCC

aceB6 Malate synthase ACCoA + GLX→ CoA + MAL

maeA Malic enzyme MAL + NAD→ PYR + NADH

maeB Malic enzyme MAL + NADP→ PYR + NADPH

Oxidative Phosphory-

lation

pck PEP carboxykinase OAA + ATP→ PEP + ADP

cyd Cytochrome oxidase bd Q8H2→ Q8 + 2 H

atp ATP synthase ADP + 4*H→ ATP

app Cytochrome bd-II MQL8→MQN8 + 2*H

Cofactor Reactions

nuo NADH:ubiquinone oxi-

doreductase

NADH + Q8→ NAD + Q8H2 + 2*H

pnt Transhydrogenase NAD + NADPH→ NADH + NADP
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pnt Transhydrogenase NADH + NADP + 2*H → NAD +

NADPH

ndh NADH dehydrogenase Q8 + NADH→ NAD + Q8H2

ndh NADH dehydrogenase MQN8 + NADH→MQL8 + NAD

ADP exchange ATP→ ADP

Chorismate

Chorismate synthesis E4P + 2*PEP + NADPH + ATP→CHOR

+ NADP + ADP

Inosine Monophos-

phate

GAR synthesis R5P + Gln + Gly + 2*ATP→ GAR + Glu

+ ADP + AMP

AIR synthesis GAR + Gln + 2*ATP → AIR + Glu +

2*ADP

IMP synthesis AIR + Asp + 2*ATP → IMP + FUM +

2*ADP

Pyrimidine Synthesis

Uridine synthesis Gln + Asp + R5P + Q8 + 3*ATP→ UMP

+ Glu + Q8H2 + 2*ADP + AMP

UDP synthesis UMP + ATP→ UDP + ADP

UTP synthesis UDP + ATP→ UTP + ADP

Cytidine synthesis UTP + Glu + ATP→ CTP + Glu + ADP

CDP synthesis CTP→ CDP

CMP synthesis CDP→ CMP

Purine Synthesis
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Guanosine synthesis IMP + ATP + Gln + NAD → GMP +

AMP + Glu + NADH

gmk Guanylate kinase GMP + ATP→ GDP + ADP

ndk GDP kinase GDP + ATP→ GTP + ADP

Adenosine synthesis Asp + IMP + GTP → AMP + GDP +

FUM

adk Adenylate kinase AMP + ATP→ 2*ADP

Amino Acid Synthesis

Alanine

ala Glutamic-pyruvic

transaminase

PYR + Glu→ Ala + αKG

Arginine Glu + ACCoA + 4*ATP + NADPH + Gln

+ Asp→ Arg + CoA + 3*ADP + NADP

+ αKG + AC + AMP + FUM

Aspartate

aspC Aspartate transaminase Glu + OAA→ Asp + αKG

Asparagine

asnB Asparagine synthetase Asp + Gln + ATP→ Asn + Glu + AMP

asnA Asparagine synthetase Asp + ATP→ Asn + AMP

Cysteine Ser + ACCoA→ Cys + CoA + AC

Glutamate

glt Glutamate synthase Gln + αKG + NADPH→ 2*Glu + NADP

gdhA Glutamate dehydroge-

nase

αKG + NADPH→ Glu + NADP

Glutamine

glnA Glutamine synthatase Glu + ATP→ Gln + ADP
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Glycine

gcv Glycine cleavage sys-

tem

Ser→ Gly

Histidine Gln + R5P + 3*ATP + 2*NAD → His +

αKG + IMP + 2*ADP + 2*NADH

Isoleucine

ilv isoleucine-valine

operon

Thr + PYR + NADPH + Glu → Ile +

NADP + αKG

Leucine 2*PYR + Glu + NAD + NADPH + AC-

CoA→ Leu + NADP + CoA + NADH +

αKG

Lysine Asp + ATP + 2*NADPH + PYR + SUC-

CoA + Glu → Lys + ADP + 2*NADP +

CoA + αKG + SUCC

Methionine Asp + Cys + SUCCoA + ATP +

2*NADPH → Met + CoA + SUCC +

ADP + 2*NADP + PYR

Phenylalanine CHOR + Glu→ Phe + αKG

Proline

proB Glutamyl kinase Glu + ATP + 2*NADPH→ Pro + ADP +

2*NADP

Serine 3PG + NAD + Glu → Ser + NADH +

αKG

Threonine Asp + 2*ATP + 2*NADPH → Thr +

2*ADP + 2*NADP
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Tryptophan CHOR + Gln + Ser + R5P + 2*ATP →

,Trp + Glu + PYR + G3P + 2*ADP

Tyrosine CHOR + Glu + NAD → Tyr + αKG +

NADH

Valine 2*PYR + NADPH + Glu→ Val + NADP

+ αKG

Protein Expression

CAT 15*Ala + 10*Asn + 5*Arg + 12*Asp +

12*Glu + 13*Gln + 10*Gly + 12*His

+ 9*Ile + 13*Leu + 12*Lys + 9*Met +

20*Phe + 7*Pro + 10*Ser + 13*Thr +

5*Trp + 11*Tyr + 16*Val + 219*ATP +

438*GTP→ 219*AMP + 438*GDP + CAT

Dynamic flux analysis of a cell-free metabolomic dataset

Constraint-based metabolic modeling techniques, such as flux balance analysis

(FBA), lack kinetic representations of reaction rates and are unable to explic-

itly represent metabolite and enzyme concentrations. In an effort to capture the

dynamic nature of metabolic systems in response to perturbation as well as its

complex regulatory features, we propose the application of an objective-based

approach for the modeling of protein production in E. coli-based cell-free sys-

tems. This techniques uses the solution to a state regulator problem (SRP) to es-

timate all species concentrations and reaction rates in the cell-free environment
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from a time-series metabolomic dataset. The SRP estimation method has previ-

ously been used by Gadkar et al. to simulate dynamics of eukaryotic apoptosis

and MAP kinase signaling [47]. The SRP estimate is the solution to a quadratic

programming (QP) problem made up of two cost terms. These terms penalize

intermediate metabolite accumulation while enacting a cost on operating net-

work reactions. Unlike FBA, which makes a steady-state approximation, the

SRP approach allows for changes in species concentrations. One could reason-

ably apply this objective to E. coli growth in order to identify metabolic network

behavior that optimally carries out cellular function while satisfying mass bal-

ance and thermodynamic constraints. Here, we assume that the E. coli-based

cell-free environment operates similarly to the evolved in vivo network of E. coli,

thus, allowing us to apply our two term, quadratic objective function. Formally,

the SRP estimate is the solution to the following QP problem:

min
uk

(
xT

k+1Q̂ xk+1 + uT
k R̂ uk

)
Subject to : xk+1 = xk + Ŝ uk ≥ 0

α ≤ uk ≤ β

Lk+1 ≤ x∗k+1 ≤ Uk+1

xk is the vector of species concentrations and uk is the vector of reaction rates

at time point k. Ŝ is the stoichiometric matrix. x∗ is the vector of species con-

centrations of experimentally measured metabolites. The first condition of the

QP requires that species concentrations at time point k + 1 be greater than or

equal to zero. The second condition places lower (α) and upper (β) bounds on

all reaction fluxes. For reactions that are thermodynamically irreversible the

lower bound is set to zero while the upper bound is unconstrained. Reversible

reactions are unconstrained in both directions. Specific bounds may be applied

based on experimental observations. The final condition establishes bounds for
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Figure 4.2: SRP estimations for metabolites in the E. coli-based cell-free
model. Points and error bars denote experimental measure-
ments. The black line is the mean estimate of 100 ensemble
members with randomized Q̂ and R̂ weight values as well as
initial conditions. The blue region represents one standard de-
viation about the mean.

experimentally measured metabolite concentrations at specific time points. This

range is given by experimental error. The matrices Q̂ and R̂ encode the cost of

species accumulation and reaction operation, respectively. These are square, di-

agonal matrices with each non-zero element representing the penalty for species

accumulation or use of the corresponding reaction flux. For a set of time-series

metabolite measurements along with Q̂ and R̂, we can estimate all species con-

centrations and reaction rates in the model.

As a proof of concept, we used the SRP approach to estimate concentra-

tions and reaction fluxes of an E. coli-based cell-free system using a time-series

metabolomics dataset from Swartz and colleagues [15]. The dataset consists of a
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variety of central carbon metabolites including glucose substrate, organic acids

(e.g. acetate, lactate, pyruvate), and energy cofactors (ATP, GTP, etc.). We also

quantify the synthesis of 19 amino acids along with expression of prototypi-

cal target protein CAT. We do not know optimal values of species and reaction

weights a priori, but we can still demonstrate the utility of this method. We gen-

erated an ensemble of 100 random diagonal weight matrices, Q̂ and R̂, as well

as initial conditions. Figure 4.2 shows the time-series SRP estimates for a variety

of metabolite species along with CAT expression against experimental measure-

ments. The trajectory represents the mean dynamics of all ensemble members,

and the shaded area denotes one standard deviation about the mean. Using

this method, we are able to capture the dynamic behavior of the cell-free sys-

tem. Notably, we recapitulate the transition from primary substrate consump-

tion (glucose) to secondary substrate utilization (lactate). The SRP estimates

also capture energy cofactor dynamics (ATP) and CAT expression.

Discussion

The SRP formulation has the advantage of simulating dynamic networks, both

metabolic and signaling, without detailed kinetic information. Also, solving a

QP problem is typically much less computationally intensive than the differ-

ential equation formulations often used to model dynamic systems. This SRP

approach may also aid in the daunting parameter identification challenge of

large-scale kinetic networks. Gadkar et al. used the SRP estimated state and

rate trajectories of unmeasured network components to determine kinetic pa-

rameters [47]. Unconstrained species concentrations and reaction fluxes may

guide further experiments, generating data capable of elucidating previously
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unidentifiable parameters. Even though we may not have detailed experimen-

tal measurements to determine reaction kinetics, we may use our qualitative

knowledge of cellular systems to extract information that will help identify pa-

rameters. The SRP approach does this by assuming cellular, and even cell-free,

systems avoid wasteful accumulation of metabolites while, at the same time, op-

erating efficiently by minimizing reaction usage. Dynamic flux analysis allows

us to extract this information in a form that sheds light on network operation.

The large-scale cell-free metabolic model presented here, along with the SRP

formulation, represent valuable tools for cell-free model identification and for

the engineering of next-generation cell-free protein production platforms.

Materials and methods

The metabolomics dataset was obtained from the work of Swartz and colleagues

[15]. The SRP QP problem was solved using the quadprog function in MATLAB

(The Math-Works Inc., Natick, MA, USA). All simulations were performed on a

single CPU Apple workstation (Apple, Cupertino, CA, USA; OS X v10.10).
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CHAPTER 5

DEVELOPMENT OF A GENOME-SCALE HYBRID MODEL OF

ESCHERICHIA COLI METABOLISM

The rational manipulation of metabolic systems is made difficult by the com-

plex control systems of the cell. Enzymatic pathways are exquisitely regulated

by allosteric interactions with metabolic intermediates. Changes in enzyme lev-

els are often times compensated by allosterically-driven changes in enzyme ac-

tivities [37, 133]. The static nature of constraint-based models and their lack

of metabolite and enzyme concentrations prevent approaches like flux balance

analysis (FBA) from capturing these phenomena. The recent integrated, whole

cell model of Mycoplasma genitalium from Karr et al. stands as the most com-

prehensive and ambitious example of metabolic systems modeling to date [75].

This model divides the cell into 28 interacting subsystems, treating each with

a unique mathematical formalism most appropriate for each cellular process.

These modules are modeled independently on short time scales, and allowed to

exchange information with each other at the end of each time step. This work

is a seminal step in developing large-scale dynamic metabolic models capable

of predicting phenotypic behavior from structured genetic information. Inte-

grated, hybrid models that combine static genome-scale metabolic networks

with kinetic descriptions of enzymes and regulatory functions, informed by

omics datasets, offer the most complete description of the cell and are attrac-

tive tools for metabolic engineering applications.

One of the most well-studied examples of cellular regulation is of bacterial

growth on a mixture of carbon substrates, specifically glucose and lactose. The

lac operon, the highly regulated genetic system governing lactose metabolism,
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has been the subject of model inquiry for decades. In the mid-1980’s Bailey and

coworkers created detailed, genetically structured models of lac operon function

[95, 94]. These models are capable of simulating changes in system behavior

based on nucleotide-specific promoter and operator influences. More recently,

Covert and colleagues developed dynamic flux analysis techniques, incorporat-

ing transcriptional regulatory and signaling information, to study growth be-

havior in E. coli [26, 27]. So-called hybrid models, these formulations are ca-

pable of simulating cellular choice between substrates. Glucose uptake and its

regulation of the lac operon is well understood, making this system an ideal test

case for the construction of genome-scale hybrid models in E. coli. In an effort

to develop a more sophisticated model for metabolic engineering studies, we

present the development of a hybrid model of E. coli that captures details of car-

bon catabolite repression using a combination of constraint-based and kinetic

descriptions of metabolism.

Results and Discussion

Carbon catabolite repression in E. coli

In the presence of multiple carbon substrates, most bacteria selectively consume

preferred substrates while suppressing catabolic systems responsible for sec-

ondary carbon metabolism. This phenomenon is known as carbon catabolite re-

pression (CCR). A variety of regulatory mechanisms govern a microbe’s choice

of substrate, including transcriptional and allosteric regulation [55]. A classic

example of CCR is the diauxic growth pattern displayed by E. coli in the pres-

ence of glucose and lactose [69]. The E. coli phosphotransferase system (PTS)
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senses and transport sugars into the cell. The mechanism of sugar uptake by

the PTS is illustrated in Figure 5.1A. To initiate the phosphorylation cascade, the

phosphoryl group of phosphoenolpyruvate (PEP) is transfer to Enzyme I (EI).

It is subsequently transferred to histidine protein (HPr) and then to the A and B

domains of Enzyme II (EII) transporters in the membrane. Sugar uptake takes

place through the EII C domain with its concomitant phosphorylation. E. coli

contains more than a dozen PTS pathways, each using a different sugar-specific

EIIA enzyme. The phosphorylation state of EIIA plays a primary regulatory

role in this system. Figure 5.1B illustrates the mechanism by which EIIA re-

presses secondary carbon metabolism. In the presence of a preferred substrate

like glucose, phosphate is quickly shuttled from EIIA to the EII B domain to

facilitate glucose uptake and the formation of glucose-6-phosphate (G6P), the

initial metabolite in glycolysis. This leads to a build up of unphosphorylated

EIIA. Unphosphorylated EIIA is able to bind secondary metabolite transporters,

hindering alternative sugar uptake. In the case of lactose uptake inhibition in

the presence of glucose, EIIA binds lactose permease, LacY (Figure 5.1B). Once

the preferred carbon substrate is depleted, a build up of phosphorylated EIIA

occurs. Phosphorylated EIIA signals for the upregulation of secondary carbon

catabolic systems by stimulating the synthesis of cyclic AMP (cAMP) through

membrane enzyme adenylate cyclase [61, 125]. cAMP serves as a messenger

metabolite that binds and activate global transcriptional regulator cAMP recep-

tor protein (CRP). CRP activates the promoter of a variety of catabolic genes,

including the lac operon.
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Figure 5.1: (A) Phosphotransferase system in bacteria. Many sugars are
imported into the cell through a multi-protein phosphoryla-
tion cascade. (B) Mechanism of catabolite repression. The
PTS system can repress secondary carbon uptake through di-
rect binding of sugar transporters (LacY) or through transcrip-
tion factor activation (CRP). Figure adapted from [55]. Ab-
breviations: Adenylate cyclase, AC; Cyclic AMP (cAMP) re-
ceptor protein, CRP; Enzyme I, EI; Enzyme II, EII; Glucose-
6-phosphate, G6P; Histidine Protein, HPr; Lactose permease,
LacY; Phosphoenolpyruvate, PEP; Pyruvate, PYR.

Formulation of a hybrid model of carbon catabolite repression

A mathematical model of catabolite repression in E. coli, and more generally the

whole cell, requires the integration of different representations of diverse cellu-

lar processes. A model of CCR must capture metabolic processes acting on fast

time scales as well as describe effects of slower processes such as gene expres-

sion. Also, capturing changes in regulatory states, such as the phosphorylation

level of EIIA, is critical. We formulated a model of CCR similar to that of Covert

et al. [27]. To model E. coli metabolism and growth, we used the genome-scale,
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constraint-based model iAF1260 from Palsson and colleagues [38]. This recon-

struction covers 2382 metabolic reactions catalyzed by the products of 1260 open

reading frames. To this stoichiometric model, we apply transcriptional regula-

tion in the form of Boolean logic. We used the transcriptional regulatory model

of Palsson and coworkers that applies bounds to metabolic reactions based on

nutrient-dependent Boolean rules [25]. To capture the regulation and dynamics

within CCR processes, we formulated the PTS as a system of coupled ordinary

differential equations (ODEs). These include the reactions illustrated in Figure

5.1. The portion of the model described by ODEs contains the regulated ex-

pression of nine genes. The ODE model contains 149 species along with 294

reactions. The ODEs took the form:

dx
dt

= S r(x, k) x(to) = xo (5.1)

where x denotes the vector of metabolite and enzyme species, r is the vector of

reaction rates, k are model parameters, and xo are the initial species concentra-

tions at time to. Much of the PTS model structure and kinetics were taken from

the kinetic CCR model of Bettenbrock et al. [11]. Most reactions are modeled

using elementary mass action kinetics (see Materials and methods for details).

The ODE model also contains a lumped reaction representing glycolysis (the

breakdown of G6P to PEP) as well as the reaction for pyruvate kinase (Pyk).

Pyk is activated allosterically by upper glycolytic metabolite fructose 1,6-bis-

phosphate via a feed-forward loop [91]. Here we apply the allosteric activation

using G6P.

Metabolic networks act on very fast time scales, equilibrating very quickly,

while processes like gene expression act on much slower time scales. Using

this assumption, the hybrid model works by successively solving the ODE

model over a short period of time, then passing the current flux values to

103



the constraint-based model, applying them as flux constraints, and solving for

genome-wide flux values using FBA. The FBA-determined growth rate as well

as fluxes directly affecting species in the kinetic model are then updated be-

fore solving the ODEs over the next time interval. The growth rate affects gene

expression and dilution rates in the kinetic model. Using this strategy, we sim-

ulated an E. coli batch culture growing on a mixture of glucose and lactose. We

used a simulated annealing optimization procedure (see Chapter 2) to identify

kinetic parameters against a comprehensive time-series dataset of PTS species

measurements from Bettenbrock et al. [11]. Briefly, the optimization procedure

randomly searches for model parameter sets that recapitulate the experimen-

tal data. Figure 5.2 shows the performance of our best fitting parameter set

after optimization. We successfully captured the sequential carbon substrate

utilization. Glucose is consumed, then the lac operon is activated, leading to the

consumption lactose. Lactose is a disaccharide of glucose and galactose. Once

lactose is cleaved by β-galactosidase (LacZ), much of the galactose is expelled

from the cell for later consumption. As seen in Figure 5.2, extracellular galactose

is consumed only after lactose is depleted. We capture the complex dynamics of

EIIA phosphorylation as well. Under glucose grown, EIIA is almost completely

unphosphorylated while under lactose growth we see moderate EIIA phospho-

rylation, leading to cAMP synthesis.

In recent years, large-scale kinetic models of E. coli central metabolism have

been developed. Maranas and coworkers developed a kinetic model of core

metabolism that is consistent with multiple sets of fluxomics datasets [80]. Their

model consists of 138 reactions and 93 metabolites, still a small fraction of E.

coli’s metabolic network. Even at this scale, parameter identification is a daunt-

ing task. Hybrid models have the advantage of replacing much of the kinetic
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Figure 5.2: Optimized simulation results of the CCR hybrid model. The
simulations represents the single best fit parameter set. Data
points are experimental measurements from a E. coli glucose-
lactose batch culture from [11]. Glucose, lactose, cAMP,
and galactose are extracellular concentrations. β-galactosidase
(LacZ) is intracellular concentration.

details of models like this with more complete network structure. Though we

sacrifice kinetic and regulatory information, we gain a more structurally com-

plex understanding of the cell as a whole. Our work is the fist hybrid model to

incorporate a genome-scale model of E. coli metabolism. Though not as complex

and comprehensive as the whole-cell hybrid model of Karr et al. [75], this work

represents an important first step toward a detailed genome-scale description

of a highly important industrial microbe.
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Materials and methods

The structure and kinetics of the ODE model describing the PTS were taken

from the kinetic CCR model of Bettenbrock et al. [11]. Most reactions are mod-

eled using elementary mass action kinetics, including the phosphorylation cas-

cade, glucose and lactose uptake, cAMP synthesis, and CRP activation. We

model transcription and translation using mass-action kinetics using the fol-

lowing template. For gene gX, corresponding transcript mRNAX, corresponding

enzyme X, and transcriptional activator T F, model equations have the form:

Transcription :

gX + T F ←→ gX : T F

gX : T F + RNAp←→ gX : T F : RNAp

gX : T F : RNAp −→ gX + T F + RNAp + mRNAX

Translation :

mRNAX + RIBO←→ mRNAX : RIBO

mRNAX : RIBO −→ mRNAX : RIBO : Activated

mRNAX : RIBO : Activated −→ mRNAX + RIBO + X

where RNAp is RNA polymerase and RIBO is ribosome. See Chapter 2 for a

description of the simulated annealing algorithm used for parameter identifica-

tion. The ODE model equations were encoded using the Octave programming

language and solved using the LSODE routine in Octave [35].

106



CHAPTER 6

DEVELOPMENT OF MICROBIAL GLYCOSYLATION PLATFORMS

The development of recombinant DNA technology and the advent of whole

cell genomic sequencing has allowed for the design of microorganisms possess-

ing novel and beneficial characteristics. The engineering of variant enzymes

and expression of product-specific heterologous metabolic pathways in micro-

bial hosts has enabled the production of many industrial chemicals, biofuels,

and pharmaceuticals. The advent of ‘omics’ technologies have given scientists

and engineers the ability to track gene expression, protein, and metabolites

at the genome scale [76]. Despite these advances, a fundamental challenge in

metabolic engineering remains the identification of genetic manipulations that

accomplish most effectively a desired change in cellular function [6]. Design-

ing microbial hosts for the production of valuable biomolecules using tradi-

tional bioengineering approaches often relies on past knowledge and intuition

[158]. These approaches are limited by the immense complexity of the intercon-

nectivity and regulatory functions governing metabolic systems, even within

simple prokaryotic organisms like E. coli. Computational models of cellular

metabolism offer powerful tools for the synthesis of genome-scale information

into a coherent, predictive framework, enhancing our understanding of cellular

function and guiding strain design strategies [170].

One area of biomolecule production for which microbial expression systems

are particularly well-suited is for the synthesis of therapeutic proteins. Approx-

imately 70% of these proteins require the attachment of complex branches of

sugars to specific amino acid residues [109]. This common post-translational

modification, known as glycosylation, affects various protein properties includ-
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ing pharmacokinetic activity and immunogenicity [142]. Currently, eukaryotes

possessing native glycosylation machinery serve as the preferred production

host of therapeutic glycoproteins. The discovery of bacterial glycosylation in

the pathogen Campylobacter jejuni and the subsequent transfer of these pathways

into E. coli has spurred interest in producing non-native glycans in a more genet-

ically tractable host [154, 168]. Producing glycoprotein from prokaryotic hosts

continues to suffer from several limitations including insufficient yield. Many

aspects of glycoprotein production in E. coli are amenable to investigation and

engineering by metabolic modeling. Metabolic modeling and development of

microbial glycosylation platforms is an emerging and promising field.

Metabolic modeling of glycosylation pathways

Early work on the integration of glycosylation pathways into a computational

framework includes the development of kinetic models describing glycan syn-

thesis in the eukaryotic endoplasmic reticulum (ER). Stephanopoulos and col-

leagues developed a kinetic model of N-linked glycosylation that predicted the

fractional occupancy of glycosylation sites on acceptor proteins [141]. Bailey

and coworkers used a similar approach to characterize changes in the heteroge-

neous population of glycans produced from pathways with different enzymatic

and transport parameters [162]. Kremling et al. built on the model of Bailey,

generating a model capable of simulating thousands of oligosaccharide struc-

tures in a network that included over 20, 000 reactions [90]. Using this model

along with measured kinetic parameters, they were able to replicate the gly-

coform distribution seen experimentally in CHO cells. Recently, Lewis and

coworkers used a flux balance and Markov chain modeling approach to model
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the glycoform distribution in CHO cells using a only a few parameters [149].

Their constraint-based technique make large-scale glycosylation reaction net-

works easier to work with and incorporate into other models. Though these

models are replete with detailed biochemical information, they lack a com-

plete description of metabolism affecting these processes, such as the effect of

the rest of metabolism on the availability of glycan precursors. This effort is

also hampered by the immense complexity of glycosylation in eukaryotic cells.

With many cellular compartments involved and the enzymatic machinery to

construct thousands of glycoforms, creating a predictive framework integrated

with metabolism becomes daunting. The development of alternative glycosyla-

tion platforms such as E. coli, engineered to express a single glycoform, presents

an ideal system to study using metabolic modeling tools.

Engineering microbial glycosylation systems

The use of a microbial host, in particular E. coli, as a glycosylation platform

shows promise. E. coli’s genetic tractability makes it an attractive system for the

targeted expression of specific, engineered glycans and production of glycopro-

teins. Metabolic engineering efforts to improve glycosylation efficiency in E. coli

have largely come from the work of Wright and coworkers [122, 121, 123]. They

used a proteomics technique to identify reaction targets for improved C. jejuni

glycan synthesis, improving glycosylation efficiency by approximately three-

fold [122]. A genome-wide screening of gene overexpression targets yielded a

few metabolic perturbations that increased precursor synthesis along with ef-

ficiency [123]. In general, improving the performance of this system has been

difficult. In less comprehensive studies, two recent strategies have enhanced E.
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coli’s ability to glycosylate small molecule flavonols. Bruyn et al. used a sub-

strate co-utilization strategy [30]. They fed E. coli sucrose which was cleaved

into fructose and glucose 1-phosphate (G1P). The engineered cells used fructose

for growth and G1P for UDP-glucose synthesis. Genetic knockouts prevented

the cells from metabolizing G1P for growth. Sohng and coworkers simply used

a heterologous pathway to express UDP-glucose pathway genes in E. coli [124].

From a systems modeling perspective, glycosylation of small molecules may

provide a simpler system to model because this mostly eliminates the confound-

ing effects and metabolic burden of heterologous expression of an acceptor pro-

tein.

Another area of research concerned with optimizing glycosylation in E. coli

is the engineering of protein transport systems that effectively localize the ac-

ceptor protein to the periplasmic space where it can be glycosylated 2014-jaffe-

pandhal-wright-CurOpBiotech. In eukaryotes, glycosylation typically occurs

co-translationally whereas, in glycosylation-competent E. coli, it occurs post-

translationally in the periplasm. DeLisa and coworkers have made use of the

twin-arginine translocation (Tat) pathway to localize correctly folded, heterolo-

gously expressed proteins to E. coli’s periplasm [43]. Periplasm-localized pro-

teins can be further secreted into the extracellular space through fusion to a

carrier protein like YebF [176]. Combined, these mechanisms offer a way to ex-

press glycoproteins and secrete them out of the cell for easy processing. Other

efforts have focused on altering the substrate specificity of the oligosaccharyl-

transferase PglB, responsible for attaching the lipid-linked glycan to the accep-

tor protein. Recently, the DeLisa Lab used a novel high-throughput screening

method to isolate PglB variants that displayed relaxed glycosylation acceptor

site sequences [120]. They were even able to identify a variant that could glyco-
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sylate eukaryotic glycosylation motifs. These studies represent significant steps

toward optimizing the overall efficiency of glycoprotein production in E. coli.

Outlook

Our work has focused on the development and application of computational

techniques for the rational design of effective E. coli-based glycoprotein pro-

duction systems. Results demonstrate that our constraint-based modeling ap-

proach may have identified engineering strategies for increasing glycosylation

efficiency in E. coli. Constraint-based, largely parameter-free modeling has

never been applied to a system such as this for the purposes of engineering per-

formance. This work provides another engineering approach for the glycoengi-

neering community. Going forward, more detailed experimental measurements

will give us a greater mechanistic understanding of the factors controlling gly-

can synthesis and glycoprotein production, thereby providing useful informa-

tion for model development. The cell-free modeling tools developed here have

also provided the basis for the development of large-scale dynamic descriptions

of glycosylation systems. Ultimately, we seek a complete predictive framework

of cellular processes that bridges the gap between genotype and phenotype.

Next generation computational tools along with ‘omics’ technologies may one

day allow us to design in silico an efficient microbial glycosylation host for the

production of an engineered glycoprotein.
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APPENDIX A

METABOLITE ABBREVIATIONS

Table A.1: Abbreviations of metabolite species.

Species Name

13DPG 3-Phospho-D-glyceroyl phosphate

2DDG6P 2-Dehydro-3-deoxy-D-gluconate 6-phosphate

2PG D-Glycerate 2-phosphate

3PG 3-Phospho-D-glycerate

6PGC 6-Phospho-D-gluconate

6PGL 6-phospho-D-glucono-1,5-lactone

αKG 2-Oxoglutarate

AC Acetate

ACCoA Acetyl-CoA

ACTP Acetyl phosphate

ADP Adenosine diphosphate

AIR 5-amino-1-(5-phospho-D-ribosyl)imidazole

Ala Alanine

AMP Adenosine monophosphate

Arg L-Arginine

Asn L-Asparagine

Asp L-Aspartate

ATP Adenosine triphosphate

CDP Cytidine diphosphate

CHOR Chorismate

CIT Citrate
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CMP Cytidine monophosphate

CTP Cytidine triphosphate

CoA Coenzyme A

E4P D-Erythrose 4-phosphate

F6P Fructose 6-phosphate

FDP Fructose 1,6-bisphosphate

FUM Fumarate

G3P Glyceraldehyde 3-phosphate

G6P Glucose 6-phosphate

GAR N1-(5-Phospho-D-ribosyl)glycinamide

GDP Guanosine diphosphate

Glc D-Glucose

GlcNAc N-Acetylglucosamine

Gln L-Glutamine

Glu L-Glutamate

GLX Glyoxylate

Gly Glycine

GMP Guanosine monophosphate

GTP Guanosine triphosphate

H Hydrogen

His L-Histidine

ICIT Isocitrate

Ile L-Isoleucine

IMP Inosine monophosphate

LAC D-Lactate

Leu L-Leucine
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Lys L-Lysine

MAL L-Malate

MQL8 Menaquinol 8

MQN8 Menaquinone 8

NAD Nicotinamide adenine dinucleotide

NADH Nicotinamide adenine dinucleotide (reduced)

NADP Nicotinamide adenine dinucleotide phosphate

NADPH Nicotinamide adenine dinucleotide phosphate (reduced)

OAA Oxaloacetate

PEP Phosphoenolpyruvate

Phe L-Phenylalanine

Pro L-Proline

PYR Pyruvate

Q8 Ubiquinone-8

Q8H2 Ubiquinol-8

R5P α-D-Ribose 5-phosphate

Ru5P D-Ribulose 5-phosphate

S7P Sedoheptulose 7-phosphate

Ser L-Serine

SUCC Succinate

SUCCoA Succinyl-CoA

Thr L-Threonine

Trp L-Tryptophan

Tyr L-Tyrosine

UDP Uridine diphosphate

UMP Uridine monophosphate
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UTP Uridine triphosphate

Val L-Valine

Xu5P D-Xylulose 5-phosphate
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