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CHAPTER 1

INTRODUCTION

1.1 Metabolic modeling methods

Metabolism is the central process through which cells manage their resources to

survive, adapt and meet energetic demands. To implement these diverse functions,

cells have very complex and highly interconnected networks of chemical reactions

between genes, RNA, proteins and metabolites. Systems modeling arose from

the desire to better understand metabolism and how metabolism can be altered

for our benefit [48, 12]. Metabolic control analysis (MCA), developed by Kascer

and Burns, was among the first tools to define a quantitative approach towards

metabolic control [84]. However, MCA required a priori experimental data of in-

finitesimal enzyme perturbations that are difficult to acquire and the technique

lacked a predictive scope. Shortly after, biochemical systems theory (BST) was

developed which is based on ordinary differential equations (ODEs), where each

biochemical process is represented by power law expansions [147]. However, just

as MCA, it depended on local sensitivity arguments, limiting its predictability.

Cybernetic models provided a systematic approach for describing metabolic reg-

ulation by directing the allocation of resources towards a nutritional objective in

an optimal manner [177]. The advantage of cybernetic models over BST and other

contemporary frameworks is they are able to predict how network functionality

adjusts to different perturbations, creating a dynamic model. Cybernetic models
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were first used to predict microbial growth on multiple substrates [98], however

the model used only abstract models of the network, which was favorable at the

time since the underlying biological mechanism was unknown. Since then, cyber-

netic models have been integrated with metabolic pathway analysis to successfully

predict metabolic shifts of E. coli with genetic deletions of pta-ackA [193], however

this model only consisted of 12 biochemical reactions and did not scale well for

genome-scale or even core metabolism models of microbes.

As biological understanding grew, metabolic models became more sophisti-

cated, able to describe cellular processes such as RNA synthesis, chromosome

synthesis, regulated catabolic and macromolecular synthesis pathways using ordi-

nary differential equations [173]. One of the first whole cell models was developed

by Shuler and coworkers which described the growth of E. coli on limited glucose

[38]. Since then, models have been expanded with sufficient detail for a variety

of cells. Karr et al. (2012) have developed a whole cell model of Mycoplasma geni-

talium, accounting for all genes and their interactions in the cell [88]. The model

is constructed with independent sub-models describing different components of

the cell, which is able to describe the life cycle from the level of single molecules.

Each sub-model was parameterized and tested independently, thus it is possible

that this whole cell model will not hold true under all conditions for the speci-

fied parameters. Even though some of these models have been successful, their

formulation is complex, nonlinear and requires a large set of parameters that are

computationally expensive to estimate. To overcome such obstacles, constraint

based methods [176] have been developed to help describe biochemical networks
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without the need of kinetic parameters of the cellular processes.
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1.2 Constraint based modeling of metabolism

Stoichiometric reconstructions of microbial metabolism, popularized by constraint

based approaches such as flux balance analysis (FBA), have become standard tools

to interrogate metabolism [108]. FBA and metabolic flux analysis (MFA) [187], as

well as convex network decomposition approaches such as elementary modes [150]

and extreme pathways [148], model intracellular metabolism using the biochemical

stoichiometry and other constraints such as thermodynamical feasibility [64, 62]

under pseudo steady state conditions. Constraint based approaches use linear

programming [34] to predict productivity [176, 146], yield [176], mutant behavior

[43], and growth phenotypes [129] for biochemical networks of varying complexity,

including genome scale networks. Constraint based models have also been used to

identify strategies for the overproduction of desired compounds. These strategies

include genetic knockouts or the addition of heterologous enzyme pathways to an

organism’s metabolic network and have been used in developing useful bacterial

strains for the production of biofuels [10], high-value chemicals [124, 154, 192]

and pharmaceuticals [141, 47]. Stoichiometric reconstructions have been expanded

to include the metabolic demands for protein synthesis based on the DNA and

protein sequences (Fig. 1.1), where the transcription and translation processes

have been integrated into metabolism [4]. Since then, these models have been

expanded into genome-scale with detailed descriptions of gene expression (ME-

Model) [171, 108, 129] and protein structures (GEM-PRO) [197, 30] and successfully

capturing the regulatory effects they have on metabolism. These expansions have
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greatly increased the scope of questions these models can explore. Constraint

based methods are powerful tools to estimate the performance of metabolic net-

works with very few to sometimes no parameters. In addition, they are able to

provide unintuitive strategies for metabolic engineering applications of increasing

productivity, yield or titer. Constraint based methods have typically been used to

model in vivo processes, and have not yet been applied to cell-free metabolism.

1.3 Cell-free protein synthesis

Cell-free biology is a powerful and flexible enabling technology that can engineer

biological parts and be used for biomolecule production without using living cells.

However, cell-free biology is not new, it has been practiced for decades. The first

examples of the use of cell-free protein synthesis were in 1950 by Borsook [19] and

Winnick [188]. Using animal tissue homogenates, they looked at how amino acids

were incorporated into proteins. A few years later, bacterial extracts (Staphylococcus

aureus) were used to confirm amino acid incorporation [51]. In 1956, the role of

ATP in protein production was discovered using rat liver extracts [69]. Soon after,

Nirenberg and Matthaei [118, 128] discovered the genetic code which led them to

earn the Nobel Prize in 1968. It is thus evident that cell-free systems have had a

significant impact on Molecular Biology.

Over the years, the cell extract preparation process has undergone significant

developments. In 1967, Lederman and Zubay developed a coupled transcription-
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translation bacterial extract that allowed DNA to be used as a template [101].

Shortly after, Spirin and coworkers improved cell-free extract protein production

with a continuous exchange of reactant and product and could run for tens of

hours; however, these systems could only synthesize a single product and were

energy limited [159]. More recently, energy efficiency of E. coli CFPS was improved

by generating ATP with substrate level phosphorylation [93] and oxidative phos-

phorylation [82, 83, 81]. Since oxidative phosphorylation is a membrane associated

process, this reveals that membrane dependent energy metabolism can be activated

in cell-free and shows that complex metabolism is still occurring. With the advent

of genome sequencing, CFPS has shown remarkable utility as a protein synthesis

technology, given the knowledge of reaction networks that can be understood, al-

tered and controlled. CFPS systems are derived from crude cell extracts, taking the

cell’s machinery to operate transcription and translation processes while discarding

cellular debris and chromosomal DNA (Fig 1.2). Cell-free extracts are commonly

prepared from E.coli, S. cerevisiae, rabbit reticulocytes, wheat germ, and insect cells

[143] CFPS reactions are activated by the addition of amino acids, nucleotides,

template DNA, cofactors and an energy source. It is important to note that some

cell-free platforms are better suited for a particular application than the others. For

example, insect and mammalian cell extracts are equipped with post-translational

modification capabilities that might not be available in S. cerevisiae or E. coli extracts

[139].

While earlier approaches focused on investigating biological phenomena, today,

CFPS is used to produce complex biological products. CFPS has been utilized in a
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wide range of applications from the production of pharmaceutical proteins [110,

55, 126] to high-throughput production of protein libraries for protein evolution

and structural genomics[164]. Point-of-care protein synthesis is also a promising

technology with microfluidic reactors [172]. N-linked glycoproteins have also been

produced in an E. coli-based CFPS by Guarino and DeLisa [57]. And more recently,

single-pot glycoprotein synthesis with glycosylation machinery has been achieved

[78], allowing the development of important therapeutics.

Thus, CFPS is a promising platform for manufacturing of proteins and chemi-

cals; a technology that has traditionally applied to living cells. If cell-free protein

synthesis (CFPS) is to become a mainstream technology for advanced applica-

tions such as point of care manufacturing [137], we must first understand the

performance limits and costs of these systems [81]. Cell-free systems offer many

advantages for the study, manipulation and modeling of metabolism compared

to in vivo processes. Central amongst these is direct access to metabolites and the

biosynthetic machinery without the interference of a cell wall or the complications

associated with cell growth. This allows interrogation of the chemical environment

while the biosynthetic machinery is operating, potentially at a fine time resolution.

Despite the advantages and disadvantages of in vivo and CFPS processes, a funda-

mental challenge in metabolic engineering remains: the identification of genetic

manipulations that accomplish the desired function most effectively [12]. Due to

the complexity and immense interconnectivity of metabolic networks, even for

simple prokaryotic organisms like E. coli, making the appropriate genetic manip-

ulation for a desired function is not intuitive. Computational and mathematical

7



Extract Preparation Cell Lysis
Remove cellular

debris and
chromosomal DNA

Freeze-dried
pellets

Freeze 
dry

Freeze 
dry

Freeze-dried
DNA constructs

Prepare and
store extract

Energy substrates
DNA plasmid

Rehydrate molecular 
instructions

Target
Protein

Target
Protein

Figure 1.2: Cell-free protein synthesis. Cell extract is prepared by cell lysis 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. Alternatively, cell-free extract can be freeze
dried into pellets and paired with lyophilized DNA. Through the simple addition
of water, proteins can be manufactured on site and on demand. Figure adapted
from [26, 137].

models of metabolic networks offer powerful tools to aid our understanding of

metabolism and rational-design for improving cell-free protein expression [184].

1.3.1 Mathematical models of cell-free protein synthesis

There have been several mathematical models of cell-free protein synthesis, how-

ever, the majority of models published focus on the transcription and translation

processes. These models are mostly systems of ODEs based on Michaelis-Menten

kinetics. For example, Karzbrun and coworkers developed a coarse-grained model

of transcription and translation for E. coli cell-free extract [89]. To simplify calcula-
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tions, this model was based on four enzymes and ten parameters. Transcription

and translation processes were assumed to follow Michaelis-Menten kinetics. The

authors noted that the protein synthesis rate began to exponentially decay after

1 hour, so their study focused on the first hour of the cell-free experiment. This

decay was attributed to resource depletion and waste accumulation.

Stögbauer and coworkers developed a model that accounts for resource con-

sumption and degradation and identified the bottleneck of protein synthesis [161].

Variables representing transcription and translation resources were added to the

model, but the exact identities and quantities of these resources were beyond the

scope of the study. The authors attempted to use Hill functions to better pre-

dict saturation effects of mRNA and their protein of interest but found that the

optimized Hill coefficients were close to one, resulting in Michaelis-Menten-like

approximations. Protein yield was determined to be a function of template DNA

concentration. Interestingly, this work found that nucleotide triphosphate deple-

tion was not the source of protein synthesis rate decay. For the specific extract used,

ribosome degradation was to blame for rate decay.

More recently, Neißand coworkers published a more comprehensive experi-

mentally validated model that was used to identify limiting factors of cell-free

protein synthesis [127]. An unusual characteristic of this model is what the authors

described as a hybrid black box approach: transcription processes were simplified,

while the model for translation was detailed. The entire model is a differential

algebraic equation system of eight algebraic equations and over 400 ODEs. Using
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sensitivity analysis, Neiß found that cell-free protein synthesis rates are limited by

concentrations of tRNA and elongation factor Tu.

A model that captured resource competition in gene networks was published

by Gyorgy and Murry [60]. For a two-protein expression system, simulations

that considered both products agreed with experimental data for the same sys-

tem. This model was also applied to predict possible product concentrations in

multiple-protein expression systems and compare different cell-free extracts. The

authors concluded that resource competition is a key consideration in the design

of synthetic gene circuits.

The cell-free protein synthesis models discussed thus far have been based on

experiments in which DNA serves as the template. RNA genetic circuitry is another

area where mathematical models can be developed. Transcription regulating RNAs

are of interest because they bypass the need for regulatory proteins [113]. In the

context of circuit design, these regulatory RNAs can be used to create various logic

gates and cascades [20] [31]. The first experimentally validated model of a synthetic

RNA circuit was published by Hu and coworkers. [72]. The model contained 8

ODEs and 13 previously unknown parameters. These parameters were estimated

based on results from sensitivity analysis guided experiments. This model was

able to predict results for new networks it had not been trained on.

Taken together, these models of transcription, translation, resource competition,

and gene regulatory circuits provide useful information for designing new sys-

tems; however, they each provide an incomplete representation of cell-free protein
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synthesis. CFPS does not just rely on transcription and translation processes to

fuel protein production, but relies on central carbon metabolism to meet energy

requirements. Thus, more sophisticated models are needed that integrate metabolic

pathways with transcription and translation process. Ultimately, an integrated

framework can provide insights into the limitations of CFPS and provide strategies

for improving CFPS performance metrics such as carbon yield, energy efficiency

and productivity.
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CHAPTER 2

EFFECTIVE DYNAMIC MODELS OF METABOLIC NETWORKS

2.1 Abstract

1 Mathematical models of biochemical networks are useful tools to understand

and ultimately predict how cells utilize nutrients to produce valuable products.

Hybrid cybernetic models (HCM) in combination with elementary modes are tools

to model cellular metabolism. However, HCM is limited to reduced metabolic

networks because of the computational burden of calculating elementary modes. In

this study, we developed the hybrid cybernetic modeling with flux balance analysis

or HCM-FBA technique which uses flux balance solutions instead of elementary

modes to dynamically model metabolism. We show HCM-FBA has comparable

performance to HCM for a proof of concept metabolic network and for a reduced

anaerobic E. coli network. Next, HCM-FBA was applied to a larger metabolic

network of aerobic E. coli metabolism which was infeasible for HCM (29 FBA

modes versus more than 153,000 elementary modes). Global sensitivity analysis

further reduced the number of FBA modes required to describe the aerobic E. coli

data, while maintaining model fit. Thus, HCM-FBA is a promising alternative to

HCM for large networks where the generation of elementary modes is infeasible.

1Adapted with permission from Vilkhovoy M, Minot M, and Varner JD, ”Effective dynamic
models of metabolic networks” (2016) IEEE Life Sciences Letters, 2(4):51-54.
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2.2 Introduction

Biotechnology harnesses the power of metabolism to produce products that benefit

society. Constraints based models are important tools to understand and ultimately

to predict how cells utilize nutrients to produce products. Constraints based

methods such as flux balance analysis (FBA) [133] and network decomposition

approaches such as elementary modes (EMs) [150] or extreme pathways (EPs) [148]

model intracellular metabolism using the biochemical stoichiometry and other con-

straints such as thermodynamical feasibility under pseudo-steady state conditions.

FBA has been used to efficiently estimate the performance of metabolic networks of

arbitrary complexity, including genome scale networks, using linear programming

[34]. On the other hand, EMs (or EPs) catalog all possible metabolic behaviors such

that any flux distribution predicted by FBA is a convex combination of the EMs (or

EPs) [186]. However, the calculation of EMs (or EPs) is computationally expensive

and currently infeasible for genome scale networks [102].

Cybernetic models are an alternative to the constraints based approach which

hypothesize that metabolic control is the output of an optimal decision. Cyber-

netic models have predicted mutant behavior [178, 157], steady-state multiplicity

[96], strain specific metabolism [156], and have been used in bioprocess control

applications [49]. Hybrid cybernetic models (HCM) have addressed earlier short-

comings of the approach by integrating cybernetic optimality concepts with EMs.

HCMs dynamically choose combinations of biochemical modes (each catalyzed by

a pseudo enzyme whose expression is controlled by an optimal decision) to achieve
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a physiological objective (Fig. 2.1A). HCMs generate intracellular flux distributions

consistent with other approaches such as metabolic flux analysis (MFA), and also

describe dynamic extracellular measurements superior to dynamic FBA (DFBA)

[95]. However, HCMs are restricted to networks which can be decomposed into

EMs (or EPs).

In this study, we developed the hybrid cybernetic modeling with flux balance

analysis (HCM-FBA) technique. HCM-FBA is a modification of the hybrid cy-

bernetic approach of Ramkrishna and coworkers [95] which uses FBA solutions

(instead of EMs) in conjunction with cybernetic control variables to dynamically

simulate metabolism. Since HCM showed superior performance to DFBA, we

compared the performance of HCM-FBA to HCM for a prototypical metabolic

network, along with two real-world E. coli applications. HCM-FBA performed

comparably to HCM for the prototypical network and a reduced anaerobic E. coli

network, despite having fewer parameters in each case. Next, HCM-FBA was

applied to an aerobic E. coli metabolic network that was infeasible for HCM. HCM-

FBA described cellmass growth and the shift from glucose to acetate consumption

with only a few modes. Global sensitivity analysis allowed us to further reduce the

aerobic E. coli HCM-FBA model to the minimal model required to describe the data.

Thus, HCM-FBA is a promising approach for the development of reduced order

dynamic metabolic models and a viable alternative to HCM or DFBA, especially

for large networks where the generation of EMs is infeasible.
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2.3 Results

HCM-FBA was equivalent to HCM for a prototypical metabolic network (Fig.

2.1). The proof of concept network, consisting of 6 metabolites and 7 reactions
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(Fig. 2.1B), generated 3 FBA modes and 6 EMs. Using the EMs and synthetic

parameters, we generated test data from which we estimated the HCM-FBA model

parameters. The best fit HCM-FBA model replicated the synthetic data (Fig. 2.1C).

The HCM and HCM-FBA kinetic parameters were not quantitatively identical,

but had similar orders of magnitude; the FBA approach had 3 fewer modes, thus

identical parameter values were not expected. The HCM-FBA approach replicated

synthetic data generated by HCM, despite having 3 fewer modes. Thus, we expect

HCM-FBA will perform similarly to HCM, despite having fewer parameters. Next,

we tested the ability of HCM-FBA to replicate real-world experimental data.

The performance of HCM-FBA was equivalent to HCM for anaerobic E. coli

metabolism (Fig. 2.2A). We constructed an anaerobic E. coli network [95], con-

sisting of 12 reactions and 19 metabolites, which generated 7 FBA modes and 9

EMs. HCM reproduced cellmass, glucose, and byproduct trajectories using the

kinetic parameters reported by Kim et al. [95] (Fig. 2.2A, points versus dashed).

HCM-FBA model parameters were estimated in this study from the Kim et al. data

set using simulated annealing. Overall, HCM-FBA performed within 5% of HCM

(on a residual standard error basis) for the anaerobic E. coli data (Fig. 2.2A, solid),

despite having 2 fewer modes and 4 fewer parameters (17 versus 21 parameters).

Thus, while both HCM and HCM-FBA described the experimental data, HCM-FBA

did so with fewer modes and parameters. HCM-FBA captured the shift from

glucose to acetate consumption for a model of aerobic E. coli metabolism that was

infeasible for HCM (Fig. 2.2B). An E. coli metabolic network (60 metabolites and

105 reactions) was constructed from literature [149, 136]. Elementary mode de-
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Figure 2.2: HCM-FBA versus HCM performance for small and large metabolic
networks. A: Batch anaerobic E. coli fermentation data versus HCM-FBA (solid) and
HCM (dashed). The experimental data was reproduced from Kim et al. [95]. Error
bars represent the 90% confidence interval. B: Batch aerobic E. coli fermentation
data versus HCM-FBA (solid). Model performance is also shown when minor
modes (dashed) and major modes (dotted) were removed from the HCM-FBA
model. The experimental data was reproduced from Varma & Palsson [176]. Error
bars denote a 10% coefficient of variation.

composition of this network (and thus HCM) was not feasible; 153,000 elementary

modes were generated before the calculation became infeasible. Conversely, flux

balance analysis generated only 29 modes for the same network. HCM-FBA model
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parameters were estimated from cellmass, glucose, and acetate measurements

[176] using simulated annealing (Fig. 2.2B, solid). HCM-FBA captured glucose

consumption, cellmass formation, and the switch to acetate consumption following

glucose exhaustion. HCM-FBA described the dynamics of a network that was

infeasible for HCM, thereby demonstrating the power of the approach for large

networks. Next, we demonstrated a systematic strategy to identify the critical

subset of FBA modes required for model performance.

Global sensitivity analysis identified the FBA modes essential to model perfor-

mance (Fig. 2.3). Total order sensitivity coefficients were calculated for all kinetic

parameters and enzyme initial conditions in the aerobic E. coli model. Five of the

29 FBA modes were significant; removal of the most significant of these modes

(encoding aerobic growth on glucose) destroyed model performance (Fig. 2.2B,

dotted). Conversely, removing the remaining 24 modes simultaneously had a neg-

ligible effect upon model performance (Fig. 2.2B, dashed). The sensitivity analysis

identified the minimal model structure required to explain the experimental data.

2.4 Discussion

In this study, we developed HCM-FBA, an effective modeling technique to simulate

metabolic dynamics. HCM-FBA uses flux balance analysis solutions in conjunction

with cybernetic control variables to dynamically simulate metabolism. We studied

the performance of HCM-FBA on a prototypical metabolic network, along with two
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Figure 2.3: Global sensitivity analysis of the aerobic E. coli model. Total order vari-
ance based sensitivity coefficients were calculated for the biomass yield on glucose
and acetate. Sensitivity coefficients were computed for kinetic parameters and
enzyme initial conditions (N = 183,000). Error bars represent the 95% confidence
intervals of the sensitivity coefficients.

E. coli networks. First, we showed that the performance of HCM-FBA and HCM

were comparable for the prototypical network and a small model of anaerobic E. coli

metabolism. For the anaerobic case, both approaches described the experimental

data. However, HCM-FBA (which was within 5% of HCM and slightly better than

HCM for lactate secretion) had fewer modes and parameters. Next, HCM-FBA

was applied to an aerobic E. coli metabolic network that was not feasible for HCM.

Elementary mode decomposition of the aerobic network generated over 153,000

elementary modes. Conversely, the HCM-FBA approach described cellmass growth

and the shift from glucose to acetate consumption with only 29 FBA modes. Global
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sensitivity analysis further showed that only 5 of the 29 FBA modes were critical to

model performance. Removal of these modes crippled the model, but removal of

the remaining 24 modes had a negligible impact. These insignificant modes were

associated with maintenance, thus they would likely not impact model predictions

since the data represented a growing culture. HCM-FBA is an alternative approach

to HCM, especially for large networks where the generation of elementary modes

is infeasible. Elementary modes show the complexity of a cell, displaying the many

routes it can take but mathematically FBA has an objective superiority for large

networks.

HCM-FBA is a promising approach to model large metabolic networks where

elementary modes calculations are infeasible, and where kinetic models of such

systems have intractable identification problems. However, there are additional

studies that should be performed. First, the intracellular flux distribution predicted

by HCM-FBA should be compared to HCM and to flux measurements calculated

using MFA or FBA/DFBA in combination with carbon labeling. HCM predicted

intracellular fluxes that were similar to MFA results [95]; however, the fluxes

predicted by HCM-FBA have not yet been validated. Next, the performance of

HCM-FBA should be compared to lumped hybrid cybernetic models (L-HCM). L-

HCMs, which combine elementary modes into mode families based upon metabolic

function [155, 156], have been applied to an E. coli network with 67 reactions and a

Saccharomyces cerevisiae network with 70 reactions; both cases had satisfactory fits to

extracellular experimental data. However, while L-HCM reduces the dimension of

possible alternative modes that must be considered, it still requires the calculation
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of an initial set of modes. For metabolic networks of even moderate size, EM (or

EP) decomposition may not be possible. On the other hand, the generation of

flux balance solutions (convex combinations of the elementary modes or extreme

pathways) is trivial, even for genome scale metabolic networks. Thus, HCM-FBA

opens up the possibility for dynamic genome scale models of bacterial and perhaps

even of mammalian metabolism.

2.5 Materials and Methods

The HCM-FBA approach is a modification of HCM, where elementary modes

are replaced with flux balance analysis solutions. Thus, extracellular variables

are dynamic while intracellular metabolites are at a pseudo steady state. The

abundance of extracellular species i (xi), the pseudo enzyme el (catalyzes flux

through mode l), and cellmass are governed by:

dxi

dt
=

R
∑
j=1

L
∑
l=1

σijzjlql (e, k, x) c i = 1, . . . ,M

del
dt

= αl + rEl (k, x) ul − (βl + rG) el l = 1, . . . ,L
dc
dt

= rGc

where R andM denote the number of reactions and extracellular species in the

model and L denotes the number of FBA modes. The quantity σij denotes the

stoichiometric coefficient for species i in reaction j and zjl denotes the normalized
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flux for reaction j in mode l. If σij > 0, species i is produced by reaction j; if

σij < 0, species i is consumed by reaction j; if σij = 0, species i is not connected

with reaction j. Extracellular species balances were subject to the initial conditions

x (to) = xo determined from experimental data. The term ql (e, k, x) denotes the

specific uptake/secretion rate for mode l where e denotes the pseudo enzyme

vector, k denotes the unknown kinetic parameter vector, x denotes the extracellular

species vector, and c denotes the cell mass; ql (e, k, x) is the product of a kinetic

term (q̄l) and a control variable governing enzyme activity. Flux through each

mode was catalyzed by a pseudo enzyme el, synthesized at the regulated specific

rate rE,l (k, x), and constitutively at the rate αl. The term ul denotes the cybernetic

variable controlling the synthesis of enzyme l. The term βl denotes the rate constant

governing non-specific enzyme degradation, and rG denotes the specific growth

rate through all modes. The specific uptake/secretion rates and the specific rate

of enzyme synthesis were modeled using saturation kinetics. The specific growth

rate was given by:

rG =
L
∑
l=1

zµlql (e, k, x)

where zµl denotes the growth flux µ through mode l. The control variables ul and

vl , which control the synthesis and activity of each enzyme respectively, were given

by:

ul =
zsl q̄l
L
∑

l=1
zsl q̄l

vl =
zsl q̄l

max
l=1,...,L

zsl q̄l
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where zsl denotes the uptake flux of substrate s through mode l. The model

equations were implemented in Julia (v.0.4.2) [16] and solved using SUNDIALS

[66]. The model code is available at http://www.varnerlab.org under a MIT license.

2.5.1 Elementary mode and flux balance analysis

Elementary modes were calculated using METATOOL 5.1 [87]. FBA modes were

defined as the solution flux vector through the network connecting substrate uptake

to cellmass and extracellular product formation. The FBA problem was formulated

as:
max

w

(
wobj = θTw

)

Subject to : Sw = 0

αi ≤ wi ≤ βi i = 1, 2, . . . ,R

where S denotes the stoichiometric matrix, w denotes the unknown flux vector, θ

denotes the objective selection vector and αi and βi denote the lower and upper

bounds on flux wi, respectively. The flux balance analysis problem was solved

using the GNU Linear Programming Kit (v4.52) [1]. For each FBA mode, the

objective wobj was to maximize either the specific growth rate or the specific rate

of byproduct formation. Multiple FBA modes were calculated for each objective

by allowing the oxygen and nitrate uptake rates to vary. For aerobic metabolism,

the specific oxygen and nitrate uptake rates were constrained to allow a maximum

flux of 10 mM/gDW·hr and 0.05 mM/gDW·hr, respectively. Each FBA mode was
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normalized by the specified objective flux.

2.5.2 Global sensitivity analysis

Variance based sensitivity analysis was used to estimate which FBA modes were

critical to model performance. The performance function used in this study was the

biomass yield on substrate. Candidate parameter sets (N = 182,000) were generated

using Sobol sampling by perturbing the best fit parameter set ±50% [65]. Model

performance, calculated for each of these parameter sets, was then used to estimate

the total-order sensitivity coefficient for each model parameter.

2.5.3 Estimation of model parameters

Model parameters were estimated by minimizing the difference between simula-

tions and experimental measurements (squared residual):

min
k

T
∑
τ=1

S
∑
j=1

(
x̂j (τ)− xj (τ, k)

ωj (τ)

)2

where x̂j (τ) denotes the measured value of species j at time τ, xj (τ, k) denotes

the simulated value for species j at time τ, and ωj (τ) denotes the experimental

measurement variance for species j at time τ. The outer summation is with respect

to time, while the inner summation is with respect to state. The model residual
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was minimized using simulated annealing implemented in the Julia programming

language.
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CHAPTER 3

SEQUENCE SPECIFIC MODELING OF E. COLI CELL-FREE PROTEIN

SYNTHESIS

3.1 Abstract

1 Cell-free protein synthesis (CFPS) is a widely used research tool in systems and

synthetic biology. However, if CFPS is to become a mainstream technology for

applications such as point of care manufacturing, we must understand the perfor-

mance limits and costs of these systems. Toward this question, we used sequence

specific constraint based modeling to evaluate the performance of E. coli cell-free

protein synthesis. A core E. coli metabolic network, describing glycolysis, the

pentose phosphate pathway, energy metabolism, amino acid biosynthesis and

degradation was augmented with sequence specific descriptions of transcription

and translation and effective models of promoter function. Model parameters

were largely taken from literature, thus the constraint based approach coupled the

transcription and translation of the protein product, and the regulation of gene

expression, with the availability of metabolic resources using only six adjustable

model parameters. We tested this approach by simulating the expression of two

model proteins: chloramphenicol acetyltransferase and dual emission green fluo-

rescent protein, for which we have datasets; we then expanded the simulations to

1Adapted with permission from Vilkhovoy M, Horvath N, Shih CH, Wayman JA, Calhoun K,
Swartz J, and Varner JD, ”Sequence specific modeling of E. coli cell-free protein synthesis” (2018)
ACS Synthetic Biology, 7(8):1844-1857.
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a range of additional proteins. Protein expression simulations were consistent with

measurements for a variety of cases. The constraint based simulations confirmed

that oxidative phosphorylation was active in the CAT cell-free extract, as without

it there was no feasible solution within the experimental constraints of the system.

We then compared the metabolism of theoretically optimal and experimentally con-

strained CFPS reactions, and developed parameter free correlations which could

be used to estimate productivity as a function of carbon number and promoter

type. Lastly, global sensitivity analysis identified the key metabolic processes that

controlled CFPS productivity and energy efficiency. In summary, sequence specific

constraint based modeling of CFPS offered a novel means to a priori estimate the

performance of a cell-free system, using only a limited number of adjustable pa-

rameters. While we modeled the production of a single protein in this study, the

approach could easily be extended to multi-protein synthetic circuits, RNA circuits

or the cell free production of small molecule products.

3.2 Introduction

Cell-free protein expression has become a widely used research tool in systems and

synthetic biology, and a promising technology for personalized protein production.

Cell-free systems offer many advantages for the study, manipulation and modeling

of metabolism compared to in vivo processes. Central amongst these is direct access

to metabolites and the biosynthetic machinery without the interference of a cell wall
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or the complications associated with cell growth. This allows interrogation of the

chemical environment while the biosynthetic machinery is operating, potentially at

a fine time resolution. Cell-free protein synthesis (CFPS) systems are arguably the

most prominent examples of cell-free systems used today [81]. However, CFPS is

not new; Matthaei and Nirenberg first used E. coli cell-free extracts in the 1960s to

decipher the sequencing of the genetic code [118, 128]. Spirin and coworkers later

improved the operational lifetime of cell-free protein production with a continuous

exchange of reactants and products; however, these systems could only synthesize

a single product and were energy limited [159]. More recently, CFPS was improved

by generating ATP using both substrate level [93] and oxidative phosphorylation

[82, 83]. Today, cell-free systems are used in a variety of applications ranging

from therapeutic protein production [110, 94] to synthetic biology [70]. There

are also several CFPS technology platforms, such as the PANOx-SP and Cytomin

platforms developed by Swartz and coworkers [93, 82, 81], and the TX/TL platform

of Noireaux [52]. However, if CFPS is to become a mainstream technology for

advanced applications such as point of care manufacturing [137], we must first

understand the performance limits and costs of these systems [81]. One tool to

address these questions is constraint based modeling.

Constraint based approaches such as flux balance analysis (FBA), which use stoi-

chiometric reconstructions of microbial metabolism, have become standard tools in

systems biology and metabolic engineering [108]. FBA and metabolic flux analysis

(MFA) [187], as well as convex network decomposition approaches such as ele-

mentary modes [150] and extreme pathways [148], model intracellular metabolism
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using the biochemical stoichiometry and other constraints such as thermodynam-

ical feasibility [64, 62] under pseudo steady state conditions. Constraint based

approaches have used linear programming [34] to predict productivity [176, 146],

yield [176], mutant behavior [43], and growth phenotypes [129] for biochemical

networks of varying complexity, including genome scale networks, using a limited

number of adjustable parameters. Since the first genome scale stoichiometric model

of E. coli [42], stoichiometric reconstructions of hundreds of organisms, including

industrially important prokaryotes such as E. coli [44] and B. subtilis [131], are now

available [45]. Stoichiometric reconstructions have been expanded to include the in-

tegration of metabolism with detailed descriptions of gene expression (ME-Model)

[4, 107, 129] and protein structures (GEM-PRO) [197, 30]. These expansions have

greatly increased the scope of questions that constraint based models can explore.

Thus, constraint based methods are powerful tools to estimate the performance

of metabolic networks. However, constraint based methods are typically used to

model in vivo processes, and have not yet been applied to cell-free metabolism.

In this study, we used sequence specific constraint based modeling to eval-

uate the performance of E. coli cell-free protein synthesis. A core E. coli cell-

free metabolic model describing glycolysis, pentose phosphate pathway, energy

metabolism, amino acid biosynthesis and degradation was developed from litera-

ture [44]; this model was then augmented with sequence specific descriptions of

promoter function, transcription and translation processes. Thus, the sequence

specific constraint based approach explicitly coupled transcription and translation

processes with the availability of metabolic resources in the CFPS reaction. We
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tested this approach by simulating the cell-free production of two model proteins,

and then investigated the productivity and energy efficiency for eight additional

proteins. Productivity was inversely proportional to carbon number, while energy

efficiency was independent of carbon number. Based on these simulations, effective

correlation models for optimal protein productivity and energy efficiency were

developed. These correlations were then independently validated with maltose

binding protein which was not in the original data set. Further, global sensitivity

analysis identified the key metabolic processes that controlled CFPS performance;

oxidative phosphorylation was vital to energy efficiency, while the translation

rate was the most important factor controlling productivity. Lastly, we compared

theoretically optimal metabolic flux distributions with experimentally constrained

flux distributions; the experimental CFPS system had an overconsumption of glu-

cose and overproduction of ATP which negatively influenced energy efficiency.

Taken together, sequence specific constraint based modeling of CFPS offered a

novel means to a priori estimate the performance of a cell-free system, using only

six adjustable parameters. While we considered only a single protein here, this

approach could be extended to synthetic circuits, RNA circuits [73] or even cell-free

small molecule production.
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Figure 3.1: Sequence specific flux balance analysis. A. Schematic of the core
metabolic network coupled to sequence-specific transcription and translation pro-
cesses of a protein of interest for cell-free protein synthesis .

3.3 Results and discussion

3.3.1 Model derivation and validation

The cell-free stoichiometric network was constructed by removing growth associ-

ated reactions from the iAF1260 reconstruction of K-12 MG1655 E. coli [44], and

adding deletions associated with the specific cell-free system (see Materials and

Methods). The iAF1260 reconstruction describes 1260 ORFs, and thermodynami-

cally derived metabolic flux directionality. We then added the transcription and

translation template reactions of Allen and Palsson for the specific proteins of inter-

est [4]. A schematic of the metabolic network, consisting of 264 reactions and 146

species, is shown in Fig. 3.1A. The network described the major carbon and energy
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pathways and amino acid biosynthesis and degradation pathways. Using this net-

work in combination with effective promoter models taken from Moon et al. [123]

and literature values for cell-free culture parameters (Table 3.2), we simulated the

sequence specific production of two model proteins: chloramphenicol acetyltrans-

ferase (CAT) and dual emission green fluorescent protein (deGFP, Fig. 3.2A). Dual

emmission GFP was produced under a P70a promoter in an E. coli extract for eight

hours using maltose and 3-phosphoglycerate (3PG) as a carbon and energy source

(R2 = 0.84, Fig. 3.2A). Uncertainty in experimental factors such as the concentration

of RNA polymerase, ribosomes, transcription and translation elongation rates, as

well as the upper bounds on oxygen, maltose, and 3pg consumption rates, did

not qualitatively alter the performance of the model (blue region, 95% confidence

estimate of 100 sets). However, these simulations were only conducted at a single

plasmid concentration of 5 nM. Thus, it was unclear if the model could capture

cell-free protein synthesis for a range of plasmid concentrations.

Simulations of the cell-free deGFP titer for a range of plasmid concentrations

were consistent with experimental measurements (Fig. 3.2B). The titer at each

plasmid concentration was calculated by multiplying the deGFP synthesis flux by

the active time of production, approximately 8 hours. The mean of the ensemble

(calculated by sampling the uncertainty in the model parameters) captured the

saturation of deGFP production as a function of plasmid concentration (R2 = 0.97).

However, while the mean and 95% confidence estimate of the ensemble were

consistent with measured deGFP levels, the model under predicted the deGFP titer

at the saturating plasmid concentration of 5 nM. These results showed that the
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Figure 3.2: Sequence specific flux balance analysis of deGFP under a P70a promoter
in TXTL 2.0 E. coli extract. A. deGFP production for 8 h using maltose and 3PG as
a carbon and energy source (R2 = 0.84). Error bars denote a 10% deviation from the
nominal value. B. Predicted versus measured deGFP concentration as a function
of plasmid concentration in TXTL 2.0 (R2 = 0.97). Error bars denote the standard
deviation of experimental measurements. The blue region denotes the 95% CI over
an ensemble of N = 100 sets, the black line denotes the mean of the ensemble, and
dots denote experimental measurements.

sequence specific template reactions, metabolic network, and literature parameters

were sufficient to predict protein production under different promoters.

We calculated the transcription rate using effective promoter models, and then

maximized the rate of translation within biologically realistic bounds. Transcription

and translation rates were subject to resource constraints encoded by the metabolic

network, and transcription and translation model parameters were largely derived

from literature (Table 3.2). In this study, we did not explicitly consider protein

folding. However, the addition of chaperone or other protein maturation steps

could easily be accommodated within the approach by updating the template

reactions, see Palsson and coworkers [129]. The cell-free metabolic model code and
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parameters can be downloaded under an MIT software license from the Varnerlab

website [179].

Cell-free simulations of the time evolution of CAT production were consistent

with experimental measurements (Fig. 3.4). CAT was produced under a T7 pro-

moter in a glucose/NMP cell-free system using glucose as a source of carbon and

energy [25]. Metabolic fluxes were constrained by experimental measurements

of glucose, nucleotides, amino and organic acid consumption and production

rates (estimated from a total of 37 metabolite time series measurements) for the

first hour of the reaction. Whereas, the rates of CAT transcription and translation

were predicted by the model. The model showed good agreement with the CAT

measurement with a coefficient of determination of R2 = 0.92. Next, we simulated

the production of deGFP under a P70a promoter in TXTL 2.0 using maltose and 3-

phosphoglycerate (3PG) as a carbon and energy source. The TXTL simulation was

performed with transcription and translation constraints estimated from literature,

but without metabolite constraints, since experimental metabolite measurements

were not reported. TXTL 2.0 simulations showed good agreement between es-

timated and dynamic (R2 = 0.84) or end-point (R2 = 0.97) deGFP measurements

(Supporting Information, Fig. 3.2), including the saturation of deGFP titer with

plasmid concentration. In the cases of CAT and deGFP production, uncertainty

in experimental factors such as the concentration of RNA polymerase, ribosomes,

transcription and translation elongation rates, as well as the upper bounds on

oxygen and carbon consumption rates (uniformly sampled around the parameter

values shown in Table 3.2), did not qualitatively alter the performance of the
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model (blue region, 95% confidence estimated for N=100 parameter sets). Together,

these simulations suggested the description of transcription and translation, and its

integration with metabolism encoded in the cell-free model, were consistent with

experimental measurements. These simulations also showed that the sequence

specific template reactions, metabolic network, and literature parameters were

sufficient to predict protein production under different promoters.

3.3.2 Metabolic flux distributions

Theoretical optimal flux distribution

Recently, aerobic catabolism has been activated in CFPS which increases the usable

energy from a carbon source such as glucose [81]. The discovery that such complex

metabolism could be activated and controlled in CFPS led us to examine the flux

distribution of CFPS. While there is no cell growth, complex anabolic and catabolic

processes still occur during cell free protein synthesis [163]. The CAT translation

rate was optimized without experimental constraints on substrate consumption

or byproduct formation to estimate the theoretically optimal metabolic flux dis-

tribution. In all cases, the CFPS reaction was supplied with glucose; however,

we considered different scenarios for amino acid (AA) supplementation. Amino

acids are routinely supplied in CFPS reactions [121, 25, 52], but it has not yet been

determined whether de novo amino acid biosynthesis occurs in CFPS reactions

[121, 117]. Thus, we simulated three different scenarios: first, the CFPS reaction
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Figure 3.3: Optimal metabolic flux distribution for CAT production. A. Optimal flux
distribution in the presence of amino acid supplementation and de novo synthesis.
B. Optimal flux distribution in the presence of amino acid supplementation without
de novo synthesis. C. Optimal flux distribution with de novo amino acid synthesis
in the absence of supplementation. Mean flux across the ensemble (N = 100),
normalized to glucose uptake flux. Thick arrows indicate flux to or from amino
acid biosynthesis pathways.

was supplied with glucose and amino acids, and was able to synthesize amino

acids from glucose (AAs supplied and de novo synthesis). In this case, the flux

distribution showed an incomplete TCA cycle, where a combination of glucose

and amino acids powered protein expression (Fig. 3.3A). Glucose was consumed

to produce acetyl-coenzyme A, and associated byproducts, while glutamate was
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converted to alpha-ketoglutarate which traveled to oxaloacetic acid and pyruvate

for additional amino acid biosynthesis. In order to validate this case experimentally,

a separate CFPS reaction would have to be prepared where amino acids are not

supplied during cell growth, before cell-free extract preparation. In the second

scenario, the CFPS reaction was supplied with glucose and amino acids, but de novo

amino acid biosynthesis was not allowed (AAs supplied w/o de novo synthesis).

This scenario was potentially consistent with common cell-free extract preparation

protocols which often involve amino acid supplementation during cell growth; in

the presence of supplementation we expected the enzymes responsible for amino

acid biosynthesis to be largely absent from the CFPS reaction. Our comprehensive

dataset for CAT synthesis is likely representative of this case, thus we compared

the optimal and experimentally constrained flux distribution for these cases subse-

quently. With supplementation and without de novo synthesis, the flux distribution

showed no TCA cycle flux with all carbon flux traveling from glucose to acetate.

In this case, ATP was produced by a combination of substrate level and oxidative

phosphorylation, where ubiquinone was regenerated via either cyo and cyd activity,

without relying on succinate dehydrogenase in the TCA cycle (Fig. 3.3B). These

first two cases where amino acids were available had similar performance, and

their respective metabolic flux distributions had a 99% correlation. Lastly, when

the CFPS reaction was supplied with glucose but not amino acids, the system was

forced to synthesize amino acids de novo from glucose (de novo synthesis only), the

flux distribution showed a largely complete TCA cycle, with diversion of metabolic

flux into the Entner-Doudoroff pathway to produce NADPH (Fig. 3.3C). To val-

37



idate this case experimentally, a CFPS extract would have to be prepared where

amino acids are not supplied during cell growth and the CFPS reaction would

have to be run without amino acid supplementation in the media. However, these

simulations represent the theoretically optimal metabolic flux distribution, which

may not be consistent with what is observed experimentally. Toward this question,

we compared the optimal metabolic flux distribution of the second scenario (AA

supplementation without de novo synthesis) with the experimentally constrained

case (Fig. 3.4A).

Experimentally constrained flux distribution

The experimentally constrained metabolic flux distribution had a 54% correlation

with the theoretically optimal flux distribution (AAs supplied w/o de novo syn-

thesis; Fig. 3.3B). The low similarity suggested several differences between the

experimentally constrained and optimal metabolic flux distribution. The largest dis-

crepancy was in the pentose phosphate pathway, oxidative phosphorylation, and

anaplerotic reactions which had no correlation. The experimentally constrained

simulation suggested a high flux through zwf, yielding NADPH which was inter-

converted to NADH via the pnt1 reaction. This NADH was consumed to convert

pyruvate to lactate or to generate ATP via oxidative phosphorylation. In contrast,

the optimal solution had no zwf nor pnt1 activity. Oxidative phosphorylation had a

negligible correlation, where the experimental system relied on cyd rather than cyo

to produce ATP through oxidative phosphorylation. However, the experimentally
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Figure 3.4: Experimentally constrained simulation of CAT production. CAT was
produced under a T7 promoter in CFPS E. coli extract for 1 h using glucose as a
carbon and energy source. Error bars denote the standard deviation of experimental
measurements. The blue region denotes the 95% CI over an ensemble of N = 100
sets, the black line denotes the mean of the ensemble, and dots denote experimental
measurements. A. Metabolic flux distribution for CAT production in the presence
of experimental constraints for glucose, organic acid and amino acid consumption
and production rates. Mean flux across the ensemble, normalized to glucose
uptake flux. Thick arrows indicate flux to or from amino acids. B. Central carbon
metabolite and CAT measurements versus simulations over a 1 hour time course.
The blue region denotes the 95% CI over an ensemble of N = 100 sets, the black line
denotes the mean of the ensemble, and dots denote experimental measurements.

constrained simulation suggested that oxidative phosphorylation must be active

in the CFPS extract, as without it there was no feasible solution within the experi-
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mental constraints. On the other hand, overflow metabolism and glycolysis were

highly correlated between the optimal and experimentally constrained solutions,

with a 72% and 81% correlation, respectively. Surprisingly, folate, purine, and

pyrimidine metabolism were active in the experimental system, but inactive in

the optimal system. Lastly, alanine, glutamine, pyruvate, lactate, acetate, malate,

and succinate all accumulated in the experimental system, whereas the optimal

solution produced only acetate; this accumulation contributed to the difference in

the flux distributions. Next, we examined the productivity and energy efficiency

for the cell-free synthesis of model proteins.

3.3.3 Analysis of CFPS performance

We analyzed the productivity and energy efficiency for the cell-free production

of eight proteins with and without amino acid supplementation (Fig. 3.5). The

expression of each protein was under a P70a promoter, with the exception of CAT

which was expressed using a T7 promoter. In all cases, the CFPS reaction was

supplied with glucose; however, we considered different scenarios for amino acid

(AA) supplementation, similar to the cases considered in the flux distribution:

AAs supplied and de novo synthesis, AAs supplied w/o de novo synthesis, and AA

de novo synthesis only. Eight proteins, ranging in size, were selected to evaluate

CFPS performance: bone morphogenetic protein 10 (BMP10), chloramphenicol

acetyltransferase (CAT), caspase 9 (CASP9), dual emission green fluorescent pro-

tein (deGFP), prothrombin (FII), coagulation factor X (FX), fibroblast growth factor
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21 (FGF21), and single chain variable fragment R4 (scFvR4). An additional case

was considered for CAT, where central metabolic fluxes were constrained by ex-

perimental measurements of glucose, organic and amino acids. Using these model

proteins, we developed effective correlation models that predicted the productivity

and energy efficiency given the carbon number of the protein. Finally, we inde-

pendently validated the correlations with a protein not in our original data set:

maltose binding protein (MBP).

Productivity

The theoretical maximum productivity for proteins expressed using a P70a pro-

moter (µM/h) was inversely proportional to the carbon number (CPOI) and varied

between 1 and 12 µM/h for the proteins sampled (Fig. 3.5A-B). The theoretical max-

imum productivities, with and without amino acid supplementation, were within a

standard deviation of one another for each protein, but varied significantly between

proteins. Productivity varied non-linearly with carbon number of the protein; for

instance, BMP10 (424 aa) had a optimal productivity of approximately 2.5 µM/h,

whereas the optimal productivity of deGFP (229 aa) was approximately 8.4 µM/h.

To examine the influence of protein size, we plotted the mean optimal productivity

against the carbon number of each protein (Fig. 3.5B). The optimal productivity

and carbon number were related by the power-law relationship α× (CPOI)
β, where

α = 6.02× 106 µM/(h·carbon number) and β = −1.93 for a P70a promoter. Inter-

estingly, CAT did not obey the P70a power-law relationship; the relatively high

41



productivity of CAT was due to its T7 promoter. The higher transcription rate of

the T7 promoter increased the steady state level of mRNA by 34%, resulting in a

higher productivity. However, CAT expressed under a P70a promoter followed

the P70a power-law correlation with a productivity of approximately 8.5 ± 2.3

µM/h (predicted to be 7.2 µM/h by the optimal productivity correlation). These

simulations suggested a promoter specific relationship between the productivity

and carbon number of the protein. However, it was unclear if the productivity

correlation was predictive for proteins not considered in the original data set.

We independently validated the productivity correlation by calculating the

optimal productivity of MBP (which was not in the original dataset) using the full

model and the effective correlation model (Fig. 3.5B). The prediction error was less

than 8% for an a priori prediction of CFPS productivity using the effective correla-

tion. Thus, the effective productivity correlation could be used as a parameter-free

method to estimate optimal productivity for cell-free protein production using a

P70a promoter. For CFPS using other promoters, a similar correlation model could

be developed. For example, maximal transcription occurs when the promoter

model coefficient u (κ) = 1; the theoretical maximum productivity correlation for

maximum promoter activity also followed a power-law distribution (α = 1.39× 107

µM/(h·carbon number) and β = −1.99) (Fig. 3.5B, gray). The CAT value under a

T7 promoter was similar to the maximal productivity as uT7 (κ) ' 0.91 given the

T7 promoter model parameters used in this study (Table 3.2). Taken together, the

maximum optimal productivity of a cell-free reaction was found to be inversely

proportional to carbon number of the protein, following a power-law relationship
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for proteins expressed under a P70a promoter.

Energy efficiency

The optimal energy efficiency of protein synthesis was independent of carbon num-

ber, with and without amino acid supplementation (Fig. 3.5C-D); it was approxi-

mately 84% for the model proteins sampled. The relationship was linear, but with

negligible slopes: mY × (CPOI) + bY, where mY = −1.43× 10−4 energy efficiency

(%)/carbon number for the case with supplementation, and mY = 3.21× 10−3

energy efficiency (%)/carbon number for the case without supplementation. The

energy efficiency (y-intercept) was calculated at bY = 84.15 (%) with supplementa-

tion, and bY = 66.96 (%) without supplementation. In the presence of amino acids,

energy was utilized to power CFPS instead of synthesizing amino acids; thus, a

constant energy efficiency was observed regardless of the carbon number of the

protein. In the absence of supplementation, the energy efficiency decreased to

between 68% and 76%. In this case, glucose consumption more than doubled (64%

increase for CAT) compared to cases supplemented with amino acids; meanwhile,

the productivity was similar for each protein (Fig. 3.5B). Therefore, the energy

burden required for synthesizing each amino acid and powering CFPS lowered the

energy efficiency. Surprisingly, without amino acid supplementation, proteins with

a higher carbon number had marginally higher energy efficiency (R2 = 0.82). This

counter intuitive result was an artifact of the difference in productivity between

small and large carbon number proteins. Smaller carbon number proteins had a
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higher productivity compared to larger carbon number proteins. Thus, smaller

carbon number proteins had a higher energy demand to meet the increased pro-

ductivity. When smaller carbon number proteins were constrained to have the

same productivity as larger carbon number proteins, they had comparable energy

efficiencies. There were also differences in the metabolic flux distribution between

smaller and larger carbon number proteins. Larger carbon number proteins had a

higher flux through glycolysis and oxidative phosphorylation. On the other hand,

the smaller carbon number proteins had higher flux through zwf, e.g., approxi-

mately 84% of flux traveled through zwf for FGF21 compared to 67% for FII. This

difference in pathway choice is also due to the higher productivity of the smaller

carbon number proteins. Higher productivity increased the demand of NADPH

(required for amino acid biosynthesis since amino acids were not available in the

media), where NADPH was generated via zwf. Lastly, the optimal energy efficiency

MBP was well predicted by the linear efficiency model with and without amino

acid supplementation. The estimated MBP energy efficiency had a maximum error

of 6% compared to the correlation model prediction without supplementation, and

an error of 1% in the presence of amino acids.

Experimentally constrained CAT simulations showed suboptimal energy effi-

ciency (Fig. 3.5D, dagger). CAT production was simulated using the constraint

based model in combination with experimental measurements of glucose, organic

and amino acid consumption and production rates (Fig. 3.1B). The experimen-

tally constrained energy efficiency was 16.4 ± 5.6% compared to the theoretical

maximum of approximately 84 ± 0.1%. Thus, while the energy efficiency correla-
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Figure 3.5: The CFPS performance for eight model proteins with and without
amino acid supplementation. A. Mean CFPS productivity for a panel of model
proteins with and without amino acid supplementation. B. Mean CFPS productivity
versus carbon number for a panel of model proteins with and without amino acid
supplementation. Trendline (black dotted line) was calculated across all cases for a
P70a promoter (R2 = 0.99) and maximum productivity trendline assumed u (κ) = 1
(grey dotted line; R2 = 0.99). C. Mean CFPS energy efficiency for a panel of model
proteins with and without amino acid supplementation. D. Mean CFPS energy
efficiency versus carbon number for a panel of model proteins with and without
amino acid supplementation. Trendline for cases with amino acids (black dotted
line) and trendline for without amino acids (grey dotted line; R2 = 0.81). Error bars:
95% CI calculated by sampling; asterisk: protein excluded from trendline; dagger:
constrained by experimental measurements and excluded from trendline; triangles:
first principle prediction and excluded from trendline.

tion model was not effective in describing the experimental dataset as it assumes

optimality, it was useful in showing the potential optimal energy efficiency CFPS

systems could achieve. Given that the CAT productivity was similar between the
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simulated and measured systems, differences in the glucose consumption rate and

the ATP yield per glucose were likely responsible for the difference between the

optimal and experimental systems. The glucose consumption rate was approxi-

mately 30 - 40 mM/h in the experimental system (even in the presence of amino

acids). On the other hand, the theoretical optimal simulation suggested the glucose

consumption rate was significantly less than the observed rate, approximately 1 - 7

mM/h (depending upon amino acid supplementation). In the theoretical optimal

simulation, the CFPS reaction produced only acetate as a byproduct, but in the

experimental system acetate, lactate, pyruvate, succinate and malate all accumu-

lated during the first hour of production. In the optimal system, the majority of

the carbon flux traveled toward CAT synthesis, while the remaining flux traveled

toward acetate. On the other hand, in the experimentally constrained system, there

was relatively low carbon flux toward CAT synthesis compared to the glucose

consumption rate, which lead to the accumulation of various organic acids. This

suggested that the experimentally constrained system consumed more glucose than

was required for CAT synthesis. The energy produced per unit glucose was also

different between the optimal and experimentally constrained cases. In the optimal

simulation, 12 ATPs were produced per unit glucose (the theoretical maximum for

this network was 21), while the experimentally constrained simulation produced

only ˜4 ATPs per glucose. Thus, approximately 120 - 160 mM ATP/h was produced

in the experimental case, in contrast to 12 - 84 mM ATP/h for the optimal case.

Thus, the experimental system overproduced ATP. We know from measurements

that ATP did not accumulate in the media, which suggested it was consumed
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by pathways that were not active in the optimal simulation. For example, in the

experimentally constrained simulations, 36% of energy resources went toward

nucleoside triphosphate (NTP) degradation. In contrast, the theoretical optimum

had negligible NTP degradation. Taken together, comparison of the experimentally

constrained and theoretically optimal flux distributions suggested the CFPS system

over-consumed glucose, and counter intuitively overproduced ATP. A strategy

to increase the energy efficiency of CFPS would be to feed less glucose, reducing

the overproduction of ATP. Another potential strategy would be to increase the

translation rate, which is potentially the bottleneck for protein production. This

would allow for more energy to be consumed for protein production rather than

NTP degradation.

3.3.4 Global sensitivity analysis

We performed global sensitivity analysis to understand which parameters con-

trolled CFPS productivity and energy efficiency (Fig. 3.6). The translation elonga-

tion rate was the most important factor controlling productivity, while RNAP and

ribosome abundance had only a modest effect irrespective of amino acid supple-

mentation (Fig. 3.6A). This suggested that the translation elongation rate, and not

transcriptional parameters, controlled productivity. Underwood and coworkers

showed that increasing ribosome abundance did not significantly increase protein

yields or rates; however, adding elongation factors increased protein synthesis rates

by 27% [175]. In addition, Li et al. increased the productivity of firefly luciferase by
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Figure 3.6: Sensitivity analysis of the cell-free production of CAT. A. Total order
sensitivity of the optimal CAT productivity with respect to metabolic and transcrip-
tion/translation parameters. B. Total order sensitivity of the optimal CAT energy
efficiency. Metabolic and transcription/translation parameters were varied for
amino acid supplementation and synthesis (black), amino acid supplementation
without synthesis (dark grey) and amino acid synthesis without supplementation
(light gray). Error bars represent the 95% CI of the total order sensitivity index.

5-fold in PURE CFPS by first improving translation, followed by transcription by

adjusting elongation factors, ribosome recycling factor, release factors, chaperones,

BSA, and tRNAs [109]. In examining substrate utilization, glucose consumption

was not important for productivity in the presence of amino acid supplementa-

tion. However, its importance increased significantly when amino acids were

not available. On the other hand, amino acid consumption was only sensitive

when de novo amino acids biosynthetic reactions were blocked, as these were the

only source of amino acids for protein synthesis. The oxygen consumption rate

was the most important factor controlling the energy efficiency of cell-free protein

synthesis (Fig. 3.6B). Oxidative phosphorylation is the most efficient process for

energy generation, however it is unclear how active oxidative phosphorylation
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is in CFPS. In the model, we assumed that ATP could be produced by both sub-

strate level and oxidative phosphorylation. Jewett and coworkers reported that

oxidative phosphorylation still operated in cell-free systems, and that the protein

titer decreased from 1.5-fold to 4-fold when oxidative phosphorylation reactions

were inhibited in pyruvate-powered CFPS [81]. Furthermore, we showed that

oxidative phosphorylation must be active to simultaneously meet the metabolic

and protein production constraints. However, it is unknown how active oxidative

phosphorylation is in a glucose-powered cell-free system and its quantitative effect

on energy efficiency.

We calculated the optimal CAT energy efficiency as a function of the oxida-

tive phosphorylation flux to investigate the connection between energy efficiency

and oxidative phosphorylation (Fig. 3.7). We calculated energy efficiency across

an ensemble of 1000 flux balance solutions by varying the oxygen uptake rate

with transcription and translation parameters. Oxidative phosphorylation had a

strong effect on the energy efficiency, both with and without amino acid supple-

mentation. In the presence of amino acid supplementation, the energy efficiency

ranged from 50% to approximately 84%, depending on the oxidative phosphory-

lation flux. However, without amino acid supplementation, the energy efficiency

dropped to approximately 39%, and reached a maximum of 70%. In the absence

of supplementation, a lower energy efficiency was expected for the same oxida-

tive phosphorylation flux, as glucose was utilized for both energy generation and

amino acid biosynthesis. In all cases, whenever the energy efficiency was below

its theoretical maximum, there was an accumulation of both acetate and lactate.
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Figure 3.7: Optimal CAT energy efficiency versus oxidative phosphorylation flux
calculated across an ensemble (N = 1000) of flux balance solutions (points). Energy
efficiency versus oxidative phosphorylation flux for amino acid supplementation
and de novo synthesis (black), amino acid supplementation without de novo synthe-
sis (dark grey), and de novo amino acid synthesis without supplementation (light
gray). The ensemble was generated by randomly varying the oxygen consumption
rate from 0.1 to 10 mM/h and randomly sampling the transcription and translation
parameters within 10% of their literature values. Each point represents one solution
of the model equations.

The experimental dataset exhibited a mixture of acetate and lactate accumulation

during CAT synthesis, which suggested the CFPS reaction was not operating with

optimal oxidative phosphorylation activity. Oxidative phosphorylation is a mem-

brane associated process, whereas CFPS does not rely on living cells, and at least

in theory has no cell membrane in the extract. Jewett and coworkers, however,

hypothesized that inverted membrane vesicles present in the CFPS reaction could

carry out oxidative phosphorylation [81]. Toward this hypothesis, they enhanced
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the CAT titer by 33% when the reaction was augmented with 10 mM phosphate;

they suggested the additional phosphate either enhanced oxidative phosphoryla-

tion activity or inhibited phosphatase reactions. They also showed that protein titer

was significantly reduced in the absence of oxygen. The model validated oxidative

phosphorylation activity in this CFPS system; without oxidative phosphorylation

there was no feasible solution satisfying the experimental constraints. However,

the number, size, protein loading, and lifetime of these inverted vesicles remains

an open area of study.

3.3.5 Potential alternative metabolic optima

Constraint based approaches are useful tools to calculate the optimal performance

of a biological system; however, the metabolic flux distributions predicted by these

methods are often not unique. Alternative optimal solutions have the same objec-

tive value, e.g., productivity, but different metabolic flux distributions. Techniques

such as flux variability analysis (FVA) [115, 149], mixed-integer approaches [103]

or Monte Carlo sampling of the constraint space [185] can estimate alternative

optimal flux distributions. In this study, we were not interested in specific alter-

native optima, rather we wanted to generate a global view of which pathways

were absolutely necessary to meet optimal CAT production. Toward this ques-

tion, we removed entire reaction groups, and simulated CAT production subject

to experimental constraints, to determine their influence on system performance.

We examined the productivity difference between the experimentally constrained
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Figure 3.8: Pairwise knockouts of reaction subgroups in the cell-free network. A.
Difference in the CAT productivity in the presence of reaction knockouts compared
with no knockouts for experimentally constrained CAT production. B. Difference
in the flux distribution in the presence of reaction knockouts compared with no
knockouts for experimentally constrained CAT production. The difference between
perturbed and wild-type productivity and flux distributions was quantified by the
l2 norm, and then normalized so the maximum change was 1.0. Red boxes indicate
potential alternative optimal flux distributions with the same CAT productivity
as the wild type, whereas no red box indicates no feasible solution and/or the
optimal CAT productivity was not met.

system with no knockouts (wild-type) and with group knockouts (Fig. 3.8A). So-

lutions that met the experimental constraints and produced CAT are indicated

by red boxes, solutions outside the red boxes did not meet the constraints and

resulted in infeasible solutions. We then quantified the difference in metabolic flux

distribution between the wild-type and group knockouts (Fig. 3.8B). Globally, the

constraint based simulation reached the same CAT productivity for 40% of the

pairwise knockouts, while 92% of these solutions had different flux distributions

compared with the wild-type. Knockout analysis identified pathways required for

CAT production; for example, deletion of glycolysis/gluconeogenesis or oxida-
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tive phosphorylation resulted attenuated CAT production. Attenuation of CAT

production in the absence of oxidative phosphorylation suggested that oxidative

phosphorylation was present in the CFPS cell-extract. However, this was not true

for deGFP production in the TXTL 2.0 system. A robustness analysis with and

without oxidative phosphorylation showed a feasible solution was reached for

each simulation (Fig. 3.9). This suggested that oxidative phosphorylation may not

required for a TXTL 2.0 system producing deGFP, however this result is currently

under experimental investigation. There were also pathway knockouts that had

no effect on productivity, such as Pentose Phosphate pathway (PPP) or the biosyn-

thesis reactions of amino acids that did not accumulate in the media (only alanine

and glutamine accumulated). For example, one of the features of the predicted

wild-type metabolic flux distribution was a high flux through the first step of

PPP (zwf ) and the Entner-Douodoroff (ED) pathway. Removal of PPP and the

ED pathway had no effect on the CAT productivity compared to the wild-type

(Fig. 3.8). Pairwise knockouts of the ED pathway and other subgroups (i.e. pentose

phosphate pathway, cofactors, folate metabolism, etc.) also resulted in the same

optimal CAT productivity. However, there was a difference in the flux distribution

with these knockouts (Fig. 3.8B); thus, alternative optimal metabolic flux distribu-

tions exist for CAT production, despite experimental constraints. Lastly, amino

acid biosynthetic knockouts had no effect on the productivity with the exception

of alanine, aspartate, asparagine, glutamate and glutamine biosynthesis reactions,

since amino acids were available in the medium and 13 amino acid biosynthesis

reactions were already blocked (see Materials and Methods). We blocked certain
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biosynthesis reactions since the cell was grown in the presence of these amino acids

during cell-free extract preparation. Alanine and glutamine accumulated in the

medium; thus, when their biosynthesis reactions were removed, the simulation

failed to meet the experimental constraints. This resulted in no feasible solution

and no CAT production. Ultimately, to determine the metabolic flux distribution

occurring in CFPS, we need to add additional constraints to the flux estimation

calculation. For example, thermodynamic feasibility constraints may result in a

better depiction of the flux distribution [64, 62], and 13C labeling in CFPS could

provide significant insight. However, while 13C labeling techniques are well estab-

lished for in vivo processes [194], application of these techniques to CFPS remains

an active area of research. Taken together, a more constrained solution would help

determine if CFPS has de novo amino acids biosynthesis, and could also help to

identify strategies to optimize CFPS energy efficiency.

3.3.6 Summary and conclusions

In this study, we developed a sequence specific constraint based modeling ap-

proach to predict the performance of cell-free protein synthesis reactions. First

principle predictions of the cell-free production of CAT and deGFP were in agree-

ment with experimental measurements for two different promoters. While we

considered only the P70a and T7 promoters here, we are expanding our library

of possible promoters. These promoter models, in combination with the cell-free

constraint based approach, could enable the de novo design of circuits for optimal
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Figure 3.9: Robust analysis of maltose and 3PG consumption for TXTL 2.0 E. coli
extract with and without oxidative phosphorylation activity that meet the transcrip-
tion and translation constraints. Each dot represents the mean of an ensemble of N
= 20 ssFBA solutions, black dots are solutions without oxidative phosphorylation
and grey dots are solutions with oxidative phosphorylation.

functionality and performance. We also developed effective correlation models

for the productivity and energy efficiency as a function of carbon number that

could be used to quickly prototype CFPS reactions. The productivity correlation

model described the experimental measurements of CAT and deGFP, whereas

the energy efficiency correlation model represented the theoretical optimum that

CFPS could attain. Further, global sensitivity analysis identified that the translation

rate had the highest effect on productivity, while oxidative phosphorylation was

crucial for energy efficiency. While this first study was promising in predicting

protein production, there are several issues to consider in future work. First, a more

detailed description of transcription and translation reactions has been utilized

in genome scale ME models e.g., O’Brien et al [129]. These template reactions

could be adapted to a cell-free system. This would allow us to consider important
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facets of protein production, such as the role of chaperones in protein folding. We

would also like to include post-translation modifications such as glycosylation that

are important for the production of therapeutic proteins in the next generation of

models. In conclusion, we modeled the cell-free production of a single protein in

this study, but sequence specific constraint based modeling could be extended to

multi-protein synthetic circuits, RNA circuits or small molecule production.

3.4 Materials and Methods

3.4.1 Glucose/NMP cell-free protein synthesis.

The protein synthesis reaction was conducted using the PANOxSP protocol with

slight modifications from that described previously [82]. The glucose/NMP cell-

free protein synthesis reaction was performed using the S30 extract in 1.5-mL

Eppendorf tubes (working volume of 15 µL) and incubated in a humidified incu-

bator at 37 ◦C. The S30 extract was prepared from E. coli strain KC6 (A19 ∆tonA

∆tnaA ∆speA ∆endA ∆sdaA ∆sdaB ∆gshA met+). This K12-derivative has several

gene deletions to stabilize amino acid concentrations during the cell-free reaction.

The KC6 strain was grown to approximately 3.0 OD595 in a 10-L fermenter (B.

Braun, Allentown PA) on defined media with glucose as the carbon source and

with the addition of 13 amino acids (alanine, arginine, cysteine, serine, aspartate,

glutamate, and glutamine were excluded) [195]. Crude S30 extract was prepared
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as described previously [80]. Plasmid pK7CAT was used as the DNA template

for chloramphenical acetyl transferase (CAT) expression by placing the cat gene

between the T7 promoter and the T7 terminator [92]. The plasmid was isolated

and purified using a Plasmid Maxi Kit (Qiagen, Valencia CA).

All reagents were purchased from Sigma (St. Louis, MO), unless otherwise

noted. The initial mixture included 1.2 mM ATP; 0.85 mM each of GTP, UTP, and

CTP; 30 mM phosphoenolpyruvate (Roche, Indianapolis IN); 130 mM potassium

glutamate; 10 mM ammonium glutamate; 16 mM magnesium glutamate; 50 mM

HEPES-KOH buffer (pH 7.5); 1.5 mM spermidine; 1.0 mM putrescine; 34 µg/mL

folinic acid; 170.6 µg/mL E. coli tRNA mixture (Roche, Indianapolis IN); 13.3

µg/mL pK7CAT plasmid; 100 µg/mL T7 RNA polymerase; 20 unlabeled amino

acids at 2-3 mM each; 5 µM l-[U-14C]-leucine (Amersham Pharmacia, Uppsala

Sweden); 0.33 mM nicotinamide adenine dinucleotide (NAD); 0.26 mM coenzyme

A (CoA); 2.7 mM sodium oxalate; and 0.24 volumes of E. coli S30 extract. This

reaction was modified for the energy source used such that glucose reactions have

30-40 mM glucose in place of PEP. Sodium oxalate was not added since it has a

detrimental effect on protein synthesis and ATP concentrations when using glucose

or other early glycolytic intermediate energy sources [93]. The HEPES buffer

(pKa ∼ 7.5) was replaced with Bis-Tris (pKa ∼ 6.5). In addition, the magnesium

glutamate concentration was reduced to 8 mM for the glucose reaction since a lower

magnesium optimum was found when using a nonphosphorylated energy source

[82]. Finally, 10 mM phosphate was added in the form of potassium phosphate

dibasic adjusted to pH 7.2 with acetic acid.
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3.4.2 Protein product and metabolite measurements.

Cell-free reaction samples were quenched at specific timepoints with equal vol-

umes of ice-cold 150 mM sulfuric acid to precipitate proteins. Protein synthesis

of CAT was determined from the total amount of 14C-leucine-labeled product by

trichloroacetic acid precipitation followed by scintillation counting as described

previously [25]. Samples were centrifuged for 10 min at 12,000g and 4◦C. The

supernatant was collected for high performance liquid chromatography (HPLC)

analysis. HPLC analysis (Agilent 1100 HPLC, Palo Alto CA) was used to separate

nucleotides and organic acids, including glucose. Compounds were identified

and quantified by comparison to known standards for retention time and UV

absorbance (260 nm for nucleotides and 210 nm for organic acids) as described pre-

viously [25]. The standard compounds quantified with a refractive index detector

included inorganic phosphate, glucose, and acetate. Pyruvate, malate, succinate,

and lactate were quantified with the UV detector. The stability of the amino acids in

the cell extract was determined using a Dionex Amino Acid Analysis (AAA) HPLC

System (Sunnyvale, CA) that separates amino acids by gradient anion exchange

(AminoPac PA10 column). Compounds were identified with pulsed amperometric

electrochemical detection and by comparison to known standards.
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3.4.3 Formulation and solution of the model equations.

The sequence specific flux balance analysis problem was formulated as a linear

program:

max
w

(
wX = θTw

)

Subject to : Sw = 0

Li ≤ wi ≤ Ui i = 1, 2, . . . ,R

(3.1)

where S denotes the stoichiometric matrix (M×R), w denotes the unknown flux

vector (R× 1), θ denotes the objective vector (R× 1) and Li and Ui denote the

lower and upper bounds on flux wi, respectively (both R× 1 column vectors).

Unless otherwise specified, Li = 0 and Ui = 100 mM/hr. The transcription (T) and

translation (X) stoichiometry was modeled using the template reactions of Allen

and Palsson [4] (Table 3.1). The objective of the cell free flux balance calculation

was to maximize the rate of protein translation, wX. The total glucose uptake

rate was bounded by [0,40 mM/h] according to experimental data, while the

amino acid uptake rates were bounded by [0,30 mM/h], but did not reach the

maximum flux. Gene and protein sequences were taken from literature [181]. The

sequence specific flux balance linear program was solved using the GNU Linear

Programming Kit (GLPK) v4.55 [1]. For all cases, amino acid degradation reactions

were blocked as these enzymes were likely inactivated during the cell-free extract

preparation [25, 52]. In the absence of de novo amino acid synthesis, all amino

acid synthesis reactions were set to 0 mM/h. In the experimentally constrained

simulations, E. coli was grown in the presence of 13 amino acids (alanine, arginine,
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Table 3.1: Transcription and translation template reactions for protein production.
The symbol GP denotes the gene encoding protein product P , RT denotes the
concentration of RNA polymerase, G∗P denotes the gene bounded by the RNA
polymerase (open complex), ηi and αj denote the stoichiometric coefficients for
nucleotide and amino acid, respectively, Pi denotes inorganic phosphate, RX de-
notes the ribosome concentration, R∗X denotes bound ribosome, and AAj denotes
jth amino acid.

Description Template reaction

Transcription initiation GP + RT −→ G∗P
Transcription (wT) G∗P + ∑

k∈{A,C,G,U}
ηk · ({k} TP + H2O) −→ mRNA + GP + RT + ∑

k∈{A,C,G,U}
ηk · PPi

mRNA degradation mRNA −→ ∑
k∈{A,C,G,U}

ηk · {k}MP

Translation initiation mRNA + RX −→ R∗X
tRNA charging αj ·

(
AAj + tRNA + ATP + H2O

)
−→ αj ·

(
AAj-tRNAj + AMP + PPi

)

j = 1, 2, . . . , 20

Translation (wX) R∗X + ∑
j∈{AA}

αj ·
(

AAj-tRNAj + 2GTP + 2H2O
)
−→ P + RX + mRNA

+∑
j∈{AA}

αj ·
(

tRNA + 2GDP + 2Pi
)

cysteine, serine, aspartate, glutamate, and glutamine were excluded) [195], thus

the synthesis reactions responsible for those 13 amino acids were set to 0 mM/h.

Lastly, reactions that were knocked out in the host strain used to prepare the extract

were removed from the network (∆speA, ∆tnaA, ∆sdaA, ∆sdaB, ∆gshA, ∆tonA,

∆endA).

The bounds on the transcription rate (LT = wT = UT) were modeled as:

wT = Vmax
T

(
GP

KT + GP

)
(3.2)

where GP denotes the concentration of the gene encoding the protein of interest,

and KT denotes a transcription saturation coefficient. The maximum transcription
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rate Vmax
T was formulated as:

Vmax
T ≡

[
RT

(
v̇T

lG

)
u (κ)

]
(3.3)

where RT denotes the RNA polymerase concentration (nM), v̇T denotes the RNA

polymerase elongation rate (nt/h), lG denotes the gene length (nt). The term u (κ)

(dimensionless, 0 ≤ u (κ) ≤ 1) is an effective model of promoter activity, where κ

denotes promoter specific parameters. The general form for the promoter models

was taken from Moon et al. [123]; which was based on earlier studies from Bintu

and coworkers [17], and similar to the genetically structured modeling approach

of Lee and Bailey [104]. In this study, we considered two promoters: T7 and P70a.

The promoter function for T7, uT7, was given by:

uT7 =
KT7

1 + KT7
(3.4)

where KT7 denotes a T7 RNA polymerase binding constant. The P70a promoter

function uP70a (which was used for all other proteins) was formulated as:

uP70a =
K1 + K2 fσ70

1 + K1 + K2 fσ70

(3.5)

where K1 denotes the weight of RNA polymerase binding alone, K2 denotes the

weight of RNAP-σ70 bound to the promoter, and fp70 denotes the fraction of the
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σ70 transcription factor bound to RNAP, modeled as a Hill function:

fσ70 =
σn

70
Kn

D + σn
70

(3.6)

where σ70 denotes the sigma-factor 70 concentration, KD denotes the dissociation

constant, and n denotes a cooperativity coefficient. The values for all promoter

parameters are given in Table 3.2.

The translation rate (wX) was bounded by:

0 ≤ wX ≤ Vmax
X

(
mRNA

KX + mRNA

)
(3.7)

where mRNA∗ denotes the steady state mRNA abundance and KX denotes a trans-

lation saturation constant. The maximum translation rate Vmax
X was formulated as:

Vmax
X ≡

[
KPRX

(
v̇X

lP

)]
(3.8)

The term KP denotes the polysome amplification constant, v̇X denotes the ribosome

elongation rate (amino acids per hour), and lP denotes the number of amino acids

in the protein of interest. The mRNA abundance mRNA was estimated as:

mRNAt+∆t = mRNAt + (wT −mRNAtλ)∆t (3.9)

where λ denotes the mRNA degradation rate (h−1). All translation parameters are
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Table 3.2: Parameters for sequence specific flux balance analysis

Description Parameter Value Units Reference
T7 RNA polymerase concentration RT 1.0 µM specified
Native RNA polymerase concentration RT 75 nM [52]
Ribosome concentration RX 1.6 µM [52, 175]

Transcription elongation rate v̇T 25 nt/s [52]
Translation elongation rate v̇X 2 aa/s/ribosome [52, 175]
T7 transcription saturation coefficient KT7,T 116 nM estimated
P70 transcription saturation coefficient KP70,T 3.5 nM estimated
Translation saturation coefficient KX 45.0 µM estimated
Polysome number KP 10 ribosome number estimated
mRNA degradation rate constant λ 5.2 h−1 [52]

T7 promoter weight KT7 10 constant estimated
Weight RNA polymerase binding alone P70a K1 0.014 constant estimated
Weight bound RNAP-σ70 P70a K2 10 constant estimated
σ70 concentration σ70 35 nM [52]
σ70 dissociation constant KD 130 nM [119]
σ70 hill coefficient n 1 constant [119]
Gene concentration GP 5 nM [52]

ATP transcription coefficient (CAT) ATPT 176 constant calculated
CTP transcription coefficient (CAT) CTPT 144 constant calculated
GTP transcription coefficient (CAT) GTPT 151 constant calculated
UTP transcription coefficient (CAT) UTPT 189 constant calculated
ATP tRNA charging coefficient (CAT) ATPX 219 constant calculated
GTP translation coefficient (CAT) GTPX 438 constant calculated

given in Table 3.2.
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3.4.4 Calculation of energy efficiency.

Energy efficiency (E ) was calculated as the ratio of transcription and translation

(weighted by the appropriate energy species coefficients) to ATP generation:

E =
wT · αT + wX · αX

∑
j∈RATP

σATP
j w̄j

(3.10)

αT = 2 · (ATPT + CTPT + GTPT + UTPT) (3.11)

αX = 2 ·ATPX + GTPX (3.12)

where αT denotes the energy cost of transcription, αX denotes the energy cost of

translation, RATP denotes the set of ATP-producing reactions, and σATP
j denotes

the ATP coefficient for reaction j. ATPT, CTPT, GTPT, and UTPT denote the stoi-

chiometric coefficients of each energy species for the transcription of the protein of

interest, ATPX and GTPX denote the stoichiometric coefficients of ATP and GTP for

the translation of the protein of interest. During transcription and tRNA charging,

triphosphate molecules are consumed with monophosphates as byproducts; this is

the reason for the factors of 2 on ATPT, CTPT, GTPT, UTPT, and ATPX
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3.4.5 Quantification of uncertainty.

Experimental factors taken from literature, for example macromolecular concentra-

tions or elongation rates, are uncertain. To quantify the influence of this uncertainty

on model performance, we randomly sampled the expected physiological ranges

for these parameters as determined from literature. An ensemble of flux distri-

butions was calculated for the three different cases we considered: control (with

amino acid synthesis and uptake), amino acid uptake without synthesis, and amino

acid synthesis without uptake. The flux ensemble was calculated by randomly

sampling the maximum glucose consumption rate within a range of 0 to 30 mM/h

(determined from experimental data) and randomly sampling RNA polymerase

levels, ribosome levels, and elongation rates in a physiological range determined

from literature. P70 RNA polymerase levels were sampled between 60 and 80 nM,

T70 RNA polymerase levels were sampled between 990 and 1010 nM, ribosome

levels between 1.2 and 1.8 µM, the RNA polymerase elongation rate between 20

and 30 nt/s, and the ribosome elongation rate between 1.5 and 3 aa/s [175, 52]. We

generated uniform random samples between an upper (u) and lower (l) parameter

bound of the form:

p∗ = l + (u− l)×U (0, 1) (3.13)
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3.4.6 Global sensitivity analysis.

We conducted a global sensitivity analysis using the variance-based method of

Sobol to estimate which parameters controlled the performance of the cell-free

protein synthesis reaction [153]. We computed the total sensitivity index of each

parameter relative to two performance objectives: productivity of the protein

of interest and energy efficiency. We established the sampling bounds for each

parameter from literature. We used the sampling method of Saltelli et al. [145] to

compute a family of N (2d + 2) parameter sets which obeyed our parameter ranges,

where N was a parameter proportional to the desired number of model evaluations

and d was the number of parameters in the model. In our case, N = 1000 and d =

7, so the total sensitivity indices were computed from 16,000 model evaluations.

The variance-based sensitivity analysis was conducted using the SALib module

encoded in the Python programming language [65].

3.4.7 Potential alternative optimal metabolic flux solutions.

We identified potential alternative optimal flux distributions by performing single

and pairwise reaction group knockout simulations. Reaction group knockouts

were simulated by setting the flux bounds for all the reactions involved in a group

to zero and then maximizing the translation rate. We grouped reactions in the

cell-free network into 19 subgroups [181]. We computed the difference (l2-norm)

for CAT productivity in the presence and absence of pairwise reaction knockouts.

66



Simultaneously, we computed the difference in the flux distribution (l2-norm)

for each pairwise reaction knockout compared to the flux distribution with no

knockouts. Those solutions with the same or similar productivity but large changes

in the metabolic flux distribution represent alternative optimal solutions.
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CHAPTER 4

ABSOLUTE QUANTIFICATION OF CELL-FREE PROTEIN SYNTHESIS

METABOLISM BY REVERSED-PHASE LIQUID

CHROMATOGRAPHY-MASS SPECTROMETRY

4.1 Abstract

1 Cell-free protein synthesis (CFPS) is a widely used research tool in systems and

synthetic biology; however, if CFPS is to become a mainstream technology for appli-

cations such as point-of-care manufacturing, we must understand the performance

limits of these systems. Toward this question, we developed a robust protocol to

quantify 40 compounds involved in glycolysis, the pentose phosphate pathway,

the tricarboxylic acid cycle, energy metabolism and cofactor regeneration in CFPS

reactions. The method uses internal standards tagged with 13C-aniline, while com-

pounds in the sample are derivatized with 12C-aniline. The internal standards and

sample were mixed and analyzed by reversed-phase liquid chromatography-mass

spectrometry (LC/MS). The co-elution of compounds eliminated ion suppression,

allowing the accurate quantification of metabolite concentrations over 2-3 orders

of magnitude where the average correlation coefficient was 0.988. Five of the forty

compounds were untagged with aniline, however they were still detected in the

CFPS sample and quantified with a standard curve method. The chromatic run

1Adapted with permission from Vilkhovoy M, Dai D, Vadhin S, Abhinav A, and Varner
JD, ”Absolute quantification of cell-free protein synthesis metabolism by reversed-phase liquid
chromatography-mass spectrometry”(2019) Journal of Visual Experiments, .
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takes approximately 10 minutes to complete. In summary, we developed a fast,

robust method to separate, and accurately quantify 40 compounds involved in

CFPS in a single LC/MS run. Taken together, the method is a robust and accurate

approach to characterize cell free metabolism, so that ultimately, we can understand

and improve the yield, productivity and energy efficiency of cell free systems.

4.2 Introduction

Cell-free protein synthesis has become a widely used tool in systems and syn-

thetic biology, and a promising technology for point-of-use manufacturing of

biomolecules. Cell-free systems offer many advantages compared to in vivo pro-

cesses, such as direct access to metabolites and the biosynthetic machinery without

the interference of a cell wall or the complications associated with cell growth [70].

However, a fundamental understanding of the performance limits of cell free pro-

cesses has been lacking. High-throughput methods for metabolite quantification

are valuable because they can help characterize metabolism, they are important

to our understanding of the systems, and are critical to the construction of ro-

bust metabolic computational models useful in process optimization[181, 180, 71].

Common methods used to determine metabolite concentrations include Nuclear

Magnetic Resonance (NMR), Fourier transform-infrared spectroscopy (FT-IR),

enzyme-based assays, and mass spectrometry (MS)[61, 36, 144, 170]. However,

these methods are often limited by their inability to efficiently measure multiple
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compounds at once and sample size requirements. For example, enzyme-based

assays can often only be used to quantify a single compound in a run, and are lim-

ited when the sample size is small, such as in cell-free protein synthesis reactions

(typically run on a 10-15 µL scale). Meanwhile, NMR requires a high abundance

of metabolites for detection and quantification[36]. Toward these shortcomings,

chromatography methods in tandem with mass spectrometry (LC/MS) provide

several advantages, including sensitivity and the capability of measuring multiple

species simultaneously[40]; however, the analytical complexity increases consid-

erably with the number and diversity of species being measured. It is important,

therefore, to develop methods that fully realize the high-throughput potential of

LC/MS systems. Compounds in a sample are separated by liquid chromatography

and identified through mass spectrometry. The signal of the compound depends on

its concentration and ionization efficiency, where the ionization can vary between

compounds and may also depend on the sample matrix.

Achieving the same ionization efficiency between the sample and standards is

a challenge to using LC/MS to quantify analytes. Further, quantification becomes

more challenging with metabolite diversity due to signal splitting and heterogene-

ity in proton affinity and polarity[75]. Lastly, the co-eluting matrix of the sample

can also affect the ionization efficiencies of the compounds. To address these issues,

metabolites can be chemically derivatized, increasing the separation resolution,

and the sensitivity and detection by the LC/MS system, while simultaneously

decreasing signal splitting in some cases[75, 74]. Chemical derivatization works by

tagging specific functional groups of metabolites to adjust their physical properties
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like charge or hydrophobicity to increase ionization efficiency[74]. Various tagging

agents can be used to target different functional groups like amines, hydroxyls,

phosphates, carboxylic acids, etc. Aniline, one such derivatization agent, targets

multiple functional groups at once, and adds a hydrophobic component into hy-

drophilic molecules, increasing their separation resolution and signal[191]. To

address the co-eluting matrix ion suppression effect, Yang and coworkers devel-

oped a technique based on Group Specific Internal Standard Technology (GSIST)

labeling where standards are tagged with 13C aniline isotopes and mixed with

the sample[191, 77]. The metabolite and corresponding internal standard have the

same ionization efficiency since they co-elute, and their intensity ratio can be used

to quantify the concentration in the experimental sample.

In this study, we developed a protocol to detect and quantify 40 compounds

involved in glycolysis, the pentose phosphate pathway, the tricarboxylic acid cycle,

energy metabolism and cofactor regeneration in cell-free protein synthesis reactions.

The method is based on the GSIST approach, where we used 12C-aniline and 13C-

aniline to tag, detect, and quantify metabolites using reversed-phase LC/MS. The

linear range of all compounds spanned 2-3 orders of magnitude with an average

correlation coefficient of 0.988. In conjunction, we used a commercially available

method by Waters to tag, detect and separate all 20 amino acids in the cell-free

extract. This method had a linear range for 2 orders of magnitude and an average

correlation coefficient of 0.999. Thus, the method is a robust and accurate approach

to interrogate cell free metabolism, and possibly whole-cell extracts.

71



Label with 12C-Aniline Label with 13C Aniline 

LC-MS

Combine equal volume of 
12C sample and 13C standards 

CFPS StandardsSample

de-proteinized

m/z

In
te

ns
ity

 

Astd
Cx =          Cstd

Ax

time

Astd
Ax

In
te

ns
ity

 

Figure 4.1: Schematic of workflow for aniline tagging. The cell-free protein syn-
thesis reaction is de-proteinized and tagged with 12C-aniline, while a standard
stock mixture is tagged with 13C-aniline. Both mixtures are then mixed at a 1:1
volumetric ratio and analyzed by LC/MS.
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4.3 Results

4.3.1 Aniline tagged metabolites

As a proof-of-concept, we used the protocol to quantify metabolites in myTXTL,

a commercially available E. coli based CFPS system (Arbor Biosciences) express-

ing green fluorescent protein (GFP). The CFPS reaction (14µL) was quenched

and de-proteinized with ethanol. The CFPS sample was then tagged with 12C-

aniline, while standards were tagged with 13C-aniline. The tagged sample and

standards were then combined and injected into the LC/MS (Fig. 4.1). The proto-

col detected and quantified 40 metabolites involved in central carbon and energy

metabolism using internal standards, while a standard curve for 5 of the metabo-

lites that were not tagged with aniline was also developed (Fig. 4.2 and Table

4.1). The diverse metabolites involved in these pathways were a class of phos-

phorylated sugars, phosphocarboxylic acids, carboxylic acids, nucleotides, and

cofactors. The derivatization with aniline introduced a hydrophobic moiety into

hydrophilic molecules which facilitated more effective separation using reversed-

phase chromatography[191]. In addition, the method enabled the separation of

structural isomer pairs such as glucose 6-phosphate and fructose 6-phosphate in a

single LC/MS run. Each compound’s mass over charge (m/z) ratio and retention

time were identified prior to the experiment by injecting 1mM of one compound at

a time and comparing the mass spectrum to the blank (Table 4.2).
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Figure 4.2: Mass chromatogram from a single LC/MS run of a 40µM standard
mixture of 40 metabolites. Peaks were identified by their retention time and m/z
values for each compound. Complete compound names and their abbreviations
are listed in Table 4.1.
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The limit of detection and range of linearity for all compounds was estimated

by producing a standard curve that ranged from 0.10 µM to 400 µM (Table 4.1).

The average correlation coefficient (R2) for all compounds was 0.988 and most

compounds had a linear range of 3-orders of magnitude. Three compounds had

notable saturation effects, especially alpha-ketoglutarate which had a linear range

from 0.1 µM to 25 µM. Isocitrate and citrate also had saturation effects above 100

µM.

4.3.2 Amino Acid Analysis

As a proof-of-concept, we applied a commercially available protocol (Waters Corp.)

to quantify amino acids in myTXTL, a commercially available E. coli based CFPS

system (Arbor Biosciences) expressing green fluorescent protein (GFP). The CFPS

reaction (14µL) was quenched and de-proteinized with ethanol. The de-proteinized

sample was then tagged with AccQ-Tag Ultra Derivatization Kit (Waters Corp),

separated by reverse-phase liquid chromatography and detected with a TUV at

260nm (Fig. 4.3). The accQ-Tag contained 17 of the 20 amino acids in the amino

acid hydrolysate standard. The stock mixture was supplemented with the three

missing amino acids: L-glutamine, L-asparagine, and L-tryptophan at the same

concentration as the other amino acids. The limit of detection and limit of the linear

ranges was determined to range from 0.781 to 50 µM with an average correlation

coefficient of 0.999 (Table 4.3). The only exception was L-cysteine which had a

linear range of 0.391 to 25 µM with a correlation coefficient of 0.999. L-cysteine
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Table 4.1: Each compound’s corresponding limit of detection, range of linearity
and correlation coefficient identified from standard curves.

Peak Metabolite Abbreviation KEGG ID Limit of
Detection (µM)

Limit of Linear
Range (µM) R2

1 Glycerol 3-phosphate Gly3P C00093 0.1 400 0.995

2 Nicotinamide adenine dinucleotide NAD C00003 0.39 400 0.993

3 Glucose GLC C00031 0.1 400 0.997

4 Sedoheptulose 7-phosphate S7P C05382 0.16 400 0.988

5 Fructose 6-phosphate F6P C00085 0.1 400 0.986

6 Guanosine monophosphate GMP C00144 0.39 100 0.992

7 Ribulose 5-phosphate RL5P C00199 0.39 400 0.996

8 Cytidine monophosphate CMP C00055 0.1 100 0.992

9 Lactate LAC C00186 0.1 400 0.988

10 Adenosine monophosphate AMP C00020 0.1 100 0.992

11 Uridine monophosphate UMP C00105 0.1 100 0.997

12 Nicotinamide adenine dinucleotide phosphate NADP C00006 0.34 400 0.950

13 3-Phosphoglyceric acid 3PG C00197 0.1 100 0.996

14 Cytidine diphosphate CDP C00112 0.39 400 0.997

15 Guanosine diphosphate GDP C00035 1.5625 400 0.984

16 Adenosine diphosphate ADP C00008 0.39 400 0.995

17 Uridine diphosphate UDP C00015 0.39 400 0.991

18 Flavin adenine dinucleotide FAD C00016 0.1 400 0.958

19 Fructose 1,6-bisphosphate F16P C05378 0.39 400 0.989

20 Gluconate 6-phosphate 6PG C00345 0.39 400 0.989

21 Nicotinamide adenine dinucleotide reduced NADH C00004 0.39 100 0.972

22 Glucose 6-phosphate G6P C00668 0.1 400 0.984

23 Ribose 5-phosphate R5P C00117 0.39 100 0.999

24 Erythrose 4-phosphate E4P C00279 0.39 400 0.979

25 Cytidine triphosphate CTP C00075 6.25 100 0.998

26 Guanosine triphosphate GTP C00044 6.25 100 0.993

27 Oxalacetate OAA C00036 0.56 400 0.997

28 Alpha-ketoglutarate aKG C00026 0.1 25 0.979

29 Uridine triphosphate UTP C00075 1.5625 400 0.998

30 Adenosine triphosphate ATP C00002 1.5625 400 0.991

31 Fumarate FUM C00122 1.5625 100 0.999

32 Pyruvate PYR C00022 0.39 400 0.993

33 Malate MAL C00149 0.1 400 0.991

34 D-glyceraldehyde 3-phosphate GAP C00118 0.1 100 0.974

35 Acetyl-coenzyme A ACA C00024 0.1 100 0.991

36 Nicotinamide adenine dinucleotide phosphate reduced NADPH C00005 0.14 100 0.990

37 Phosphoenolpyruvate PEP C00074 0.1 100 0.962

38 Succinate SUCC C00042 0.1 320 0.999

39 Isocitrate ICIT C00311 0.39 100 0.998

40 Citrate CIT C00158 0.1 100 0.981
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Table 4.2: Each compound’s corresponding peak number, retention time, m/z
value for 12C, 13C, and unlabeled, cone voltage, and MS species.

Peak Metabolite KEGG ID Retention
Time (min) 12C m/z 13C m/z nonlabel m/z CV MS Species

1 Gly3P C00093 3.85 153 10 M – H2O – H

2 NAD C00003 3.96 698 10 M + Cl – H

3 GLC C00031 4.06 289.9 296 15 M + A + Cl - H

4 S7P C05382 5.41 364 370 10 M + A – H

5 F6P C00085 5.48 334 340 10 M + A – H

6 GMP C00144 5.57 437.05 443 10 M + A – H

7 RL5P C00199 5.58 304 310 10 M + A – H

8 CMP C00055 5.59 397.09 403 10 M + A – H

9 LAC C00186 5.77 164.05 170 10 M + A – H

10 AMP C00020 5.85 421.1 427.1 10 M + A – H

11 UMP C00105 5.88 398.07 404 10 M + A – H

12 NADP C00006 6.39 724 10 M - H2O – H

13 3PG C00197 6.63 242 248.06 15 M + A – H2O – H

14 CDP C00112 6.72 477 483 10 M + A – H

15 GDP C00035 6.87 517 523 10 M + A – H

16 ADP C00008 6.94 501 507 10 M + A – H

17 UDP C00015 6.97 478 484 10 M + A – H

18 FAD C00016 7.03 784.15 15 M – H

19 F16P C05378 7.1 395.95 402.1 10 M + A – H2O – H

20 6PG C00345 7.11 425.1 437 10 M + 2A – H

21 NADH C00004 7.23 633.13 639.08 10 M + A + H2O – nicotinamide – H

22 G6P C00668 7.32 409.1 421.1 10 M + 2A – H

23 R5P C00117 7.54 379.1 391.1 15 M + 2A – H

24 E4P C00279 7.71 348.9 361 10 M + 2A – H

25 CTP C00075 7.84 557 563 5 M + A – H

26 GTP C00044 7.93 597 603 5 M + A – H

27 OAA C00036 7.94 281 293 25 M + 2A – H

28 aKG C00026 7.95 295 307.1 15 M + 2A – H

29 UTP C00075 7.97 558 564 10 M + A – H

30 ATP C00002 8.03 581 587 15 M + A – H

31 FUM C00122 8.09 265 277.1 10 M + 2A – H

32 PYR C00022 8.09 162 168 25 M + A – H

33 MAL C00149 8.09 283.06 295.15 10 M + 2A – H

34 GAP C00118 8.09 319 331.1 5 M + 2A – H

35 ACA C00024 8.16 790 10 M – H2O – H

36 NADPH C00005 8.23 694.92 700.82 10 M + A – nicotinamide – H

37 PEP C00074 8.28 317 329.1 20 M + 2A – H

38 SUCC C00042 8.64 267.07 279.1 15 M + 2A – H

39 ICIT C00311 10.13 398 416 10 M + 3A – H2O – H

40 CIT C00158 10.46 416.1 434.06 20 M + 3A – H

A: represents aniline group under MS Species
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Figure 4.3: Amino acid chromatogram tagged and separated by reverse-phase
liquid chromatography and detected with a TUV at 260nm. Peaks were identified
by their retention time.

had a lower limit of linear range since it’s concentration was half of all the other

amino acids in the amino acid hydrolysate standard mixture. Amino acids in the

sample were identified by their retention time and compared to the standard and

quantified by standard curve method.
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Table 4.3: Each amino acid’s retention time separated by reverse-phase liquid
chromatography and detected by TUV at 260nm with the corresponding limit of
detection, linear range, and correlation coefficient.

Amino Acid Abbreviation KEGG ID Retention
Time (min)

Limit of
Detection (µM)

Limit of Linear
Range (µM) R2

L-histidine His C00135 2.565 0.781 50 0.999

L-asparagine Asn C00152 2.893 0.781 50 0.999

L-serine Ser C00065 3.694 0.781 50 0.999

L-glutamine Gln C00064 3.788 0.781 50 0.999

L-arginine Arg C00062 3.92 0.781 50 0.999

L-glycine Gly C00037 4.082 0.781 50 0.999

L-aspartate Asp C00049 4.500 0.781 50 0.999

L-glutamate Glu C00025 5.009 0.781 50 0.999

L-threonine Thr C00188 5.363 0.781 50 0.999

L-alanine Ala C00041 5.834 0.781 50 0.999

Lproline Pro C00148 6.419 0.781 50 0.999

L-cysteine Cys C00097 7.192 0.391 25 0.999

L-lysine Lys C00047 7.250 0.781 50 0.999

L-tyrosine Tyr C00082 7.501 0.781 50 0.999

L-methionine Met C00073 7.611 0.781 50 0.999

L-valine Val C00183 7.680 0.781 50 0.999

L-isoleucine Ile C00407 8.340 0.781 50 0.999

L-leucine Leu C00123 8.438 0.781 50 0.999

L-phenylalanine Phe C00079 8.573 0.781 50 0.999

L-tryptophan Trp C00078 8.629 0.781 50 0.999
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Table 4.4: Each compound’s retention time and mass over charge ratio with the
corresponding limit of detection, linear range, and correlation coefficient.

Nucleotide Sugar Abbreviation Retention
Time (min) m/z Limit of

Detection (µM)
Limit of Linear
Range (µM) R2

CMP-Sialic Acid CMP-Neu5AC 1.562 613.10 0.2 20 0.999

GDP-D-Mannose GDP-D-Man 1.656 604.01 0.2 20 0.999

UDP-a-D-Galactose UDP-a-D-Gal 1.670 564.96 0.2 20 0.999

UDP-N-acetyl-D-glucosamine/galactosamine UDP-Hex 1.671 606.00 0.2 20 0.996

4.3.3 Nucleotide charged sugars

We developed a protocol for the detection and quantification of five nucleotide

charged sugars (Fig. 4.4). Nucleotide charged sugars are important precursors

for glycoproteins which are products of interest to be produced in CFPS [78]. The

retention time and mass over charge ratio for each compound were determined

individually from standards. The range from 0.2 to 20 µM had a linear coefficient

of 0.999 for all compounds except UDP-Hex which had a linear coefficient of

0.996 (Table 4.4). Three of the five nucleotide sugars (CMP-Sialic Acid, GDP-D-

Mannose, and UDP-a-Galactose) had unique mass over charge ratios that allowed

for their detection and quantification. Whereas UDP-N-acetyl-D-glucosamine and

galactosamine had the same retention time of 1.671 minutes and the same m/z

of 606.0, thus they were not distinguishable for individual quantification. Due

to this, the compounds were mixed at a 1:1 ratio to be used for quantification in

biological samples. This protocol has been used to determine the corresponding

concentrations of the nucleotide sugars in mammalian cells lines (intracellular

levels) and from E. coli lysate (data not shown).
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Figure 4.4: Nucleotide charged sugars chromatogram separated by reverse-phase
liquid chromatography and detected by mass-spectrometry according to each
compounds mass over charge ratio. Peaks were identified by their retention time
and selective ion recording.

4.4 Discussion

Cell-free systems have no cell wall, thus there is direct access to metabolites and

the biosynthetic machinery without the need for complex sample preparation.

However, despite this, very little work has been done to develop thorough and

robust protocols to quantitatively interrogate cell-free reaction systems. In this

study, we developed a fast, robust method to quantify metabolites in cell-free

reaction mixtures and potentially in whole-cell extracts. Individual quantification
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of metabolites in complex mixtures, such as those found in cell-free reactions,

or whole-cell extracts, is challenging for several reasons. Central amongst these

reasons is chemical diversity. The array of functional groups simultaneously

present in these mixtures, such as carboxylic acids, amines, phosphates, hydroxyls,

etc. greatly increases the analytical complexity. To circumvent this, we used

an aniline derivatization method in combination with 13C internal standard to

introduce hydrophobic components to the metabolite mixtures. Using this method,

we robustly detected and quantified 40 metabolites in a cell-free reaction in a single

LC/MS run. While we demonstrated this technique in a cell-free reaction mixture,

it could also likely be applied to whole-cell extracts, thus, potentially allowing

the absolute quantification of intracellular metabolites concentrations. The latter

application has relevance to a variety of important questions in biotechnology and

human health.

The method presented here was based on a previous technique (GSIST) that

was applied to whole-cell extracts of the yeast S. cerevisiae[191, 77]. In this study,

we expanded upon which compounds could be detected and quantified to include

all 12 nucleotides (xMP, xDP, xTP, where x is A, C, G and U). Addition of these

compounds could have important biological implications. For example, these

nucleotides are heavily involved in transcription and translation processes, which

is one of the central processes of interest in CFPS applications, and more generally

the compounds are important in a variety of physiological functions. In addition,

we were able to detect acetic acid which is an important metabolite when examining

overflow metabolism. However, we did not include it in the study because there
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was a significant reduction of signal in multiple compounds, especially NADH

and NADPH, when acetic acid was added to the standard mixture. Acetic acid

had a high limit of detection of 612 µM, thus at these high levels it had a negative

effect on the other metabolites’ signals. Despite this, acetic acid can still be detected

and quantified in samples by creating a standard curve with just acetic acid in the

vial. Acetic acid had a m/z value of 134.0, retention time of 5.78 minutes, and a

linear range from 612 µM to 5000 µM (R2 = 0.986) when tagged with 12C-aniline.

The remaining metabolites did not alter each other’s ion signal and represent a

comprehensive mixture to characterize CFPS metabolism.

Taken together, we developed a fast, robust protocol for the characterization

and absolute quantification of 40 compounds involved in glycolysis, the pentose

phosphate pathway, the tricarboxylic acid cycle, energy metabolism and cofactor

regeneration in CFPS reactions. The method relied on internal standards tagged

with 13C-aniline, while the sample was tagged with 12C-aniline. The internal

standards and sample compounds co-eluted and eliminated ion-suppression ef-

fects which enabled accurate quantification of individual metabolites in complex

metabolite mixtures. We identified a total of 40 compounds (41, if including acetic

acid) that can be detected and quantified in a cell-free reaction mixture; however,

the list of metabolites could be further expanded and adjusted towards the par-

ticular biochemical process of interest. Thus, the method provides a robust and

accurate approach to characterize cell free metabolism, which is potentially critical

to improving the yield, productivity and energy efficiency of cell free processes.
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4.5 Materials and Methods

4.5.1 Aniline derivatization

Materials and Reagents: All metabolite standards, aniline, N-(3-dimethylaminopropyl)-

N’-ethylcarbodiimide hydrochloride (EDC), tributylamine (TBA), triethyamine

(TEA), HPLC grade acetonitrile, and HPLC grade water were purchased from

Sigma-Aldrich (St. Louis, MO). Sedoheptulose 7-Phosphate was purchased from

Carbosynth (Compton, UK). All materials and equipment are listed in Table A.1 in

the appendix.

LC-MS: The UPLC-ESI-MS system consisted of a UPLC system (Acquity H-

Class, Waters) and an electrospray ionization (ESI) source mass spectrometer (QDA

detector, Waters). The system was controlled by Empower 3 software (Waters).

The autosampler was set at 10 ◦ C. Separation were performed on a Acquity BEH

C18 Column (1.7 µm, 2.1 mm x 150 mm, Waters). The elution started from 95%

mobile phase A (5 mM TBA aqueous solution, adjusted to pH 4.75 with acetic acid)

and 5% mobile phase B (5 mM TBA in Acetonitrile), raised to 70% B in 10 minutes,

further raised to 100% B in 2 minutes, and then held at 100% B for 3 minutes and

returned to initial conditions over 1 minute and held for 9 minutes to re-equilibrate

the column. The flow rate was set at 0.3 mL/min with injection volume as 5 µL.

The column was preconditioned by pumping the starting mobile phase mixture for

10 minutes, followed by the gradient protocol specified above 3 times prior to any
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injections. LC-ESI-MS chromatograms were acquired in negative ion mode under

the following conditions: capillary voltage of 10 V, dry temperature at 520◦C, and

an acquisition range of m/z 100-800. Selected ion recordings were specified for

each metabolite and are listed in Table 4.2.

Labeling protocol: A solution of 6.0 M 12C-aniline was prepared by combining

550 µL of aniline with 337.5 µL if water and 112.5 µL of 12 M hydrochloric acid

and vortexed.A solution of 6.0 M 13C-aniline solution was prepared by combing

250 mg 13C-aniline with 132 µL water and 44 µL of 12 M hydrochloric acid and

vortexed. Store aniline solutions at 4 ◦C for upto 2 months. EDC at 200.0 mg/mL

was prepared freshly in HPLC grade water. A 50 µL sample solution with 35

standards was prepared in water at 40 µM. 5 µL of 13C-aniline was added to

the sample solution followed by 5 µL of 200 mg/mL EDC. The CFPS sample

was de-proteinized by the addition of 100% ice-cold ethanol at a 1:1 volumetric

ratio and centrifuged at 12,000 x g for 15 minutes at 4◦C. The supernatant was

transferred into a new centrifuge tube and 6 µL was used for aniline tagging. The

volume was brought upto 50 µL with water and 5 µL of 12C-aniline and 5 µL of

200 mg/mL EDC was added to the reaction. Both sample and standard mixtures

were vortexed with gentle shaking at ambient temperature ( 22 °C) for 2 h. The

labeling reaction was stopped by the addition of 1.5 µL of triethylamine. The

mixture was centrifuged at 13,500 xg for 3 minutes. The supernatant of the sample

and the standard were combined at a 1:1 volumetric ratio into an autosample vial

for injection into the LC-MS. The solution mixture was injected at 5 µL and the

12C-aniline m/z tagged values were recorded. The sample was injected again at
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the same volume and the 13C-aniline mz values were recorded (Table 4.2). The

QDa detector is unable to record both the 12C and 13C m/z values at the same

time since it cannot handle that amount of data acquisition. Thus, the sample is

injected twice to record the sample intensities followed by the standard intensities.

Standard curve preparation: Prepare a series of dilutions in water of the un-

tagged metabolites (NAD, NADP, FAD, acetyl-CoA and glycerol 3-phosphate)

ranging from 0.4 to 400 µM with a volume of 50 µL. Add 5 muL of 12-C aniline and

5 µL of 200 mg/ml EDC and vortex at room temperature for 2 hours. Add 1.5 µL

of triethylamine and centrifuge at 13,500 x g for 3 minutes. Transfer the standard

into an auto-sample vial and inject into the LC-MS. The untagged metabolites

follow the same procedure as the sample to replicate the sample matrix in order to

maintain a similar ionization efficiency.

Quantification of metabolites: The mass-chromatogram peak for each metabo-

lite is integrated and the area is used to quantify the amount in the sample by the

following equation:

Cx,i =
Ax,i

Astd,i
Cstd,iD (4.1)

where Cx,i is the concentration of the unknown sample for metabolite i, Ax,i is

the integrated area of the unknown metabolite i, Astd,i is the integrated area of the

internal standard of metabolite i, Cstd,i is the concentration of the internal standard

of metabolite i, and D is the dilution factor.
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Untagged metabolites are quantified by the standard curve method where

the integrated area of a standard is associated with the known concentration. A

standard curve is developed for the series of different concentrations and is used

to quantify the unknown amounts in the sample.

4.5.2 Amino acid derivatization

Amino Acid labeling protocol: A solution containing a mixture of 20 amino acids

is drivatized with a Waters AccQ-Tag Ultra amino acid analysis kit (Waters). The

sample is prepared by taking 10 µL of a mixture of 20 amino acids and adding

70 µL of a buffer solution (Waters) followed by 20 µL of a reagent (Waters). The

solution is then kept in a water bath at 55 °C for 10 minutes. The solution is then

separated by reverse-phase liquid chromatography with a Acquity Amide C18

Column (2.1 mm x 150 mm, Waters) and analyzed with a TUV detector at 260

nm. The gradient protocol is available from Waters Corporation. Amino acid are

detected and quantified based on known retention times (Fig. 4.3).

4.5.3 Nucleotide charge sugar detection

Nucleotide charge sugar protocol: Nucleotide charged sugars were purchased from

CarboSynth (Newbury, UK). Standards were dissolved in water individually and

injected into an UPLC-ESI-MS (Waters) to determine their corresponding retention
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times and mass over charge ratios (m/z). The UPLC-ESI-MS system consisted of

a UPLC system (Acquity H-Class, Waters) and an electrospray ionization (ESI)

source mass spectrometer (QDA detector, Waters). The system was controlled by

Empower 3 software (Waters). The autosampler was set at 10 ◦ C. Separation were

performed on a Acquity BEH C18 Column (1.7 µm, 2.1 mm x 150 mm, Waters).

Separation were performed on a Acquity BEH C18 Column (1.7 µm, 2.1 mm

x 50 mm, Waters). The elution started from 95% mobile phase A (5 mM TBA

aqueous solution, adjusted to pH 4.75 with acetic acid) and 5% mobile phase

B (5 mM TBA in Acetonitrile), raised to 57% B in 2 minutes, further raised to

100% B in 0.5 minutes, and then held at 100% B for 2 minutes and returned to

initial conditions over 0.1 minute and held for 4 minutes to re-equilibrate the

column. The flow rate was set at 0.6 mL/min with injection volume as 5 µL. The

column was preconditioned by pumping the starting mobile phase mixture for 10

minutes, followed by the gradient protocol specified above 2 times prior to any

injections. LC-ESI-MS chromatograms were acquired in negative ion mode under

the following conditions: capillary voltage of 10 V, dry temperature at 520◦C, and

an acquisition range of m/z 100-800. Selected ion recordings were specified for

each metabolite and are listed in Table 4.4.
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CHAPTER 5

AN INTEGRATED KINETIC CONSTRAINT-BASED MODEL OF E. COLI

CELL-FREE PROTEIN SYNTHESIS

5.1 Abstract

Cell-free protein expression has become a widely used research tool in systems and

synthetic biology, and a promising technology for biomanufacturing of proteins.

Cell-free protein synthesis relies on transcription and translation machinery to

produce a protein of interest. However, to fuel this process requires biochemical

enzymes and reactions that are involved in complex metabolic pathways. Here

we use isotope labeling to measure absolute metabolite concentrations in an E. coli

based cell-free system for a batch reaction. We then integrate this information with

kinetic parameters, enzyme levels, enzyme activity assays, and kinetic descrip-

tions of transcription and translation in a constraint-based mathematical modeling

framework. The modeling framework predicts the production of mRNA and pro-

tein along with metabolic behavior of two oxidative phosphorylation inhibitors.

Flux estimations and experimental data reveal that the cell-free reaction has active

central carbon metabolism with glutamate powering the TCA cycle to provide

reduced ubiquinone for oxidative phosphorylation that sustains the batch reaction

for 16 hours.
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5.2 Introduction

Cell-free protein synthesis (CFPS) is a widely used research tool in systems and

synthetic biology and a promising platform for manufacturing of proteins and

chemicals [196, 110, 94, 70, 78]. In the past decades, CFPS has been used to better

understand biochemical processes. For example, E. coli cell-free extracts were

used in the 1960s to decipher the sequencing of the genetic code [118, 128]. Today,

CFPS is gaining wide interest in metabolic engineering to circumvent significant

barriers in traditional in vivo systems [58]. Cell-free systems offer many advantages

for the study, manipulation and modeling of metabolism compared to in vivo

processes. However, both approaches still require mathematical modeling to help

better understand the metabolism that is occurring in these system. Ultimately,

mathematical models can identify unintuitive strategies for the rationale design of

strains and circuits to improve product yield and system efficiency [12, 182, 27].

Constraint-based approaches such as flux balance analysis (FBA), which use sto-

ichiometric reconstructions of microbial metabolism, have become standard tools

in systems biology and metabolic engineering [108]. Stoichiometric reconstruc-

tions have been expanded to include the integration of metabolism with detailed

descriptions of gene expression (ME-Model) [4, 107, 129] and protein structures

(GEM-PRO) [197, 30]. Constraint-based approaches model metabolism using the

biochemical stoichiometry and other constraints such as thermodynamical feasibil-

ity [64, 62] under pseudo steady state conditions. Given these constraints, these

models have used linear programming [34] to predict productivity [176, 146, 181],
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yield [176], mutant behavior [43], and growth phenotypes [129] for biochemi-

cal networks of varying complexity, including genome scale networks, using a

limited number of adjustable parameters. Currently, there are only a few math-

ematical models of CFPS that integrate metabolic pathways with transcription

and translation processes [71, 181]. In addition, eperimental measurements of

absolute metabolite levels are required to build dynamic mathematical models of

metabolism that can describe and predict experimental data.

Cell-free systems allow for direct access to metabolites and the biosynthetic

machinery without the interference of a cell wall or the complications associated

with cell growth. However, comprehensive measurements of cell-free metabolism

have not been reported in literature with the exception of amino acids and a few

organic acids [83, 82, 81, 181]. A variety of methods exist for measuring metabolite

concentrations[23], most commonly with liquid chromatography-mass spectrome-

try (LC/MS). A complication of LC/MS systems is maintaining the same ionization

efficiency for samples and standards to obtain reliable absolute concentrations.

Here, we overcome this limitation with isotopically labeled standards based on an

aniline tagging technique [191]. Through this approach and additional analytical

techniques, we quantified 61 metabolites involved in central carbon and energy

metabolism.

In this study, we expand on our previous sequence specific constraint based

model and integrate kinetic turnover rates, enzyme levels, kinetic descriptions of

transcription/translation, enzyme activity assays and absolute metabolite levels
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Figure 5.1: Modeling framework of cell-free protein synthesis. The metabolic net-
work was adapted from Vilkhovoy and coworkers where transcription/translation
was integrated with metabolism. Maximum flux bound rates were formulated to be
a function of the turnover rate and enzyme abundance found to be present in CFPS
extract. Enzyme levels were validated for a subset of 15 reactions with enzyme
activity assays. Four of the enzymes were not reported in Garenne and coworker
(grey boxes), but were found to be active with it’s corresponding enzyme activity
assay. The flux estimation for each time step was estimated while being constrained
to metabolic measurements where data was present (62 species). Finally, the flux
calculation was sampled across an ensemble of 100 sets given experimental noise
and literature parameters. hk: hexokinase, gdh: glutamate dehydrogenase, ppc:
phosphoenolpyruvate carboxylase, sdh: succinate dehydrogenase.

to describe CFPS metabolism. Flux estimations and experimental data reveal that

oxidative phosphorylation is active in myTXTL and is coupled with central carbon

metabolism to power transcription/translation for the production of GFP for 16

hours. The mathematical framework described metabolic behavior pertubations

from the control when biochemical inhibitors were introduced into the reaction.

Taken together, we provide a modeling framework that describes and predicts

CFPS metabolism and can be potentially used to identify strategies toward cell-free

metabolic engineering applications.
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5.3 Results

5.3.1 Integration of kinetic parameters, enzyme levels, and

metabolite concentrations

We integrated kinetic parameters, enzyme levels and metabolite concentrations

along with mechanistic descriptions of transcription and translation to describe

the time course of CFPS metabolism (Fig. 5.1). To this end, we adapted a earlier

stoichiometric reconstruction of CFPS [181] with 200 reactions (not including ex-

change reactions) and 157 species that described glycolysis, the pentose phosphae

pathway, tca cycle, amino acid biosynthesis, chorismate, purine and pyrmidine

metabolism. The network also described sequence specific descriptions of tran-

scription/translation including tRNA charging of amino acids. Mechanistic kinetic

rates for transcription and translation were derived following mass-action kinetics.

This mathematical framework has been previously used to predict protein syn-

thesis for green fluorescent protein (GFP) and chloramphenicol acetyltransferase

(CAT) under different promoters in two different CFPS systems. However, there

was a high uncertainty in flux estimations. Toward this we constrained each flux

to be a function of it’s turnover rate and enzyme level. We identified turnover

rates for each reaction from BRENDA and/or taken from Adadi and coworkers [3].

Enzyme abundance levels were identified for 104 reactions in our network from

Garenne and coworkers [53] in the myTXTL lysate. We validated enzyme concen-
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trations for a subset of 15 reactions using our enzyme activity assays (Fig. 5.1).

Four of the enzymes including hexokinase (hk), glutamate dehydrogenase (gdh),

phosphoenolpyruvate carboxylase (ppc), and succinate dehydrogenase (sdh) were

not reported in Garenne and coworkers, but were found to be active in myTXTL

with their corresponding activity assay. All remaining enzymes not reported in

Garenne and coworkers were set to a median value of 50 nM. In addition, we

constrained the upper bound of the corresponding reaction with the experimental

enzyme activity level. Finally, we integrated absolute measurements of 63 species

for the timecourse of the CFPS reaction which included central carbon metabo-

lites, energy species and amino acids. Taken together, the modeling framework

with integrated kinetic parameters, enzyme levels, and metabolite concentrations

provided an accurate timecourse flux distribution of CFPS metabolism (Fig. 5.2).

Metabolism of the myTXTL system has been reported to rely on maltodextrin

and 3-phosphoglycerate (3PG) to provide energy resources for transcription and

translation. However, metabolic constraints and enzyme activity assays for gluta-

mate dehydrogenase reveal glutamate powers the TCA cycle along with succinate

dehydrogenase to provide energy support for oxidative phosphorylation. Previ-

ously, it was inconclusive whether oxidative phosphorylation was active in the

myTXTL system. Flux distributions show oxidative phosphorylation was active

throughout the CFPS reaction with high flux at 2 hours (Fig. 5.2A) and moderate

flux at 8 hours (Fig. 5.2B). Maltodextrin and 3PG activated the glycolysis pathway

and lead to an accumulation of organic acids such as pyruvate and acetate (Fig. 5.6.

The accumulation of acetate relies on substrate level phosphorylation which pro-
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Figure 5.2: Mean flux distribution across an ensemble (N=100) for control. Fluxes
were determined by integrating kinetic parameters with enzyme levels and con-
straining to measurements of metabolites and enzyme activity levels where data
was available. (a) Flux distribution at 2 hours of CFPS reaction. (b) Flux distribution
at 8 hours of CFPS reaction. Fluxes were normalized to maltodextrin consumption
at t=0 hours.

vides an inefficient energy pathway when compared to oxidative phosphorylation.

At 4 hours of the CFPS reaction, metabolism switched toward pyruvate consump-

tion towards valine synthesis which showed an accumulation in the media (Fig.

5.4). In conclusion, the timecourse flux distribution of CFPS revealed the system

relied on a mixture of aerobic and anaerobic processes to provide the necessary

energy requirements for transcription and translation. Cell-free protein synthesis

is a mixture of cytoplasmic extract and does not contain the necessary enzymatic

regulation of in vivo systems to exploit the optimal pathway given the system’s
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a b
Control

DNP

TTA

Figure 5.3: Prediction of mRNA and protein levels in CFPS for control (blue),
DNP (red) and TTA (grey). (a) The mRNA levels of GFP were predicted with the
given modeling framework. (b) The protein abundance of GFP was predicted
for all three cases. The solid line denotes the mean of the ensemble (N=100), the
shaded region denotes the 95% confidence interval of the ensemble, the points
denote experimental measurements, and error bars denote the standard deviation
of experimental measurements.

environment.

5.3.2 Transcription/Translation is oxygen dependent

Transcription and translation processes were oxygen dependent in the myTXTL

CFPS system. Specific inhibitors of oxidative phosphorylation showed that respira-

tion was active and powers transcription and translation. When a cell-free reaction

was incubated with two different inhibitors including thenoyltrifluoroacetone

(TTA), an electron transport inhibitor in Complex II, and 2-4-dinitrophenol (DNP),

a membrane gradient uncoupler, protein accumulation was significantly less than

that of the control (Fig. 5.3B). In addition, mRNA levels were not sustained for
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Control

DNP

TTA

Figure 5.4: Time course of amino acid levels in CFPS for control (blue), DNP (red)
and TTA (grey). Experimental amino acid fluxes constrained the mathematical
model of CFPS. The solid line denotes the mean of the ensemble (N=100), the
shaded region denotes the 95% confidence interval of the ensemble, the points
denote experimental measurements, and error bars denote the standard deviation
of experimental measurements.

the duration of the CFPS reaction with the inhibitors (Fig. 5.3A). This can be seen

with the depletion of CTP and GTP at approximately 4 hours of the CFPS reaction

for TTA (Fig. 5.7). In the case with DNP in the CFPS extract, mRNA levels were

degraded substantially slower then in the case of TTA. This shows that DNP relied

on substrate level phosphorylation to fuel transcription and translation resulting

in a slightly higher titer of GFP of 10.4 ± 0.8 µM whereas TTA resulted in a titer

of 8.0 ± 1.0 µM. Whereas for the reaction with TTA, transcription and translation

relied on the nucleotides that were available in the media. This can be seen with
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Control

DNP

TTA

Figure 5.5: Time course of upper central carbon metabolite levels in CFPS for
control (blue), DNP (red) and TTA (grey). DNP showed exhuastion of maltose
revealing maltodextrin depletion and thus high carbon utilization. Experimental
fluxes constrained the mathematical model of CFPS. The solid line denotes the
mean of the ensemble (N=100), the shaded region denotes the 95% confidence
interval of the ensemble, the points denote experimental measurements, and error
bars denote the standard deviation of experimental measurements.

the depletion of CTP and GTP at approximately 4 hours of the CFPS reaction (Fig.

5.7). In addition, the DNP treatment had a significantly higher accumulation of

acetate of 53 mM at 16 hours compared to the control with 39 mM and TTA with 27

mM. The high accumulation of acetate in the control further supports that myTXTL

relied on aerobic and anaerobic processes. For the control, mRNA levels were

maintained at a steady-state level of approximately 570 nM and GFP resulted in a
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DNP

TTA

Figure 5.6: Time course of lower central carbon metabolite levels in CFPS for
control (blue), DNP (red) and TTA (grey). DNP heavily relied on substrate level
phosphorylation with high accumulation of acetate, whereas TTA had a high
abundance of lactate. Experimental fluxes constrained the mathematical model
of CFPS. The solid line denotes the mean of the ensemble (N=100), the shaded
region denotes the 95% confidence interval of the ensemble, the points denote
experimental measurements, and error bars denote the standard deviation of
experimental measurements.

titer of 21.3 ± 1.6 µM. The higher accumulation of GFP for the control compared to

the oxidative phosphorylation inhibitors supports that oxidative phosphorylation

was active in myTXTL and was able to sustain transcription and translation with

an activated metabolism of central carbon pathways.
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DNP

TTA

Figure 5.7: Time course of energy species levels in CFPS for control (blue), DNP
(red) and TTA (grey). Both DNP and TTA exhausted GTP within 4 hours of the
reaction which is required for translation. Experimental fluxes constrained the
mathematical model of CFPS. The solid line denotes the mean of the ensemble
(N=100), the shaded region denotes the 95% confidence interval of the ensemble,
the points denote experimental measurements, and error bars denote the standard
deviation of experimental measurements.

5.3.3 Kinetic descriptions with metabolic constraints predict

metabolic behavior of oxidative phosphorylation inhibitors

The integrated modeling framework of CFPS predicted the dynamic behavior of

mRNA and protein production for an aerobic reaction (control) and for reactions

incubated with DNP and TTA. In order to capture the mRNA timecourse behavior,

the transcription rate was formulated to be a function of saturation kinetics of the

reactants involved which included, ATP, CTP, GTP, UTP and the concentration

of the plasmid for GFP. Given this formulation, the model captured the mRNA

level for the first 12 hours of the CFPS reaction for the control, however it failed to
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capture the mRNA abundance at the 16 hour time point. Since CTP, GTP, and UTP

essentially decline to 0 mM toward the end of the CFPS reaction, transcription is

halted and mRNA is degraded. However, the experimental system showed mRNA

maintaining its steady state value at 16 hours. Despite this, the ensemble captured

GFP production for the entire CFPS reaction.

For the DNP case, we added a reaction that leaked a charged hydrogen to an

uncharged hydrogen and set this reaction to be maximized. 2-4-dinitrophenol

is a membrane uncoupler and acts as a chemical ionophore that leaks charged

proton ions. Thus, DNP doesn’t allow for a gradient to form for efficient oxidative

phosphorylation activity. The added reaction allowed the model to accurately

describe the effect of DNP on CFPS metabolism. Given these conditions, along

with the metabolic constraints and enzyme activity assays, the ensemble captured

the dynamic behavior of mRNA and protein production of GFP. The mathematical

model estimated a reduction of 94% in oxidative phosphorylation activity for DNP

when compared to the control. In the case of TTA, the model estimated a reduction

of 51% in oxidative phosporylation activity with no additional modifications to the

model. Additionally, the model predicted no flux via succinate dehydrogenase for

the first 2 hours and very low flux for the remainder of the reaction. Thenoyltriflu-

oroacetone directly blocks the respiratory chain at complex II which is part of the

succinate dehydrogenase enzyme. Given the metabolic and kinetic constraints, the

modeling framework was able to accurately predict the effect of DNP and TTA on

CFPS metabolism as well as mRNA and protein production.
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5.3.4 Analysis of CFPS metabolism with oxidative phosphoryla-

tion inhibitors

With the accurate prediction of the effect of DNP and TTA on CFPS metabolism

and validation of the ensemble capturing mRNA and protein production, we

analyzed the flux distribution at 2 and 8 hours and compared key reactions to the

control to gain insights into CFPS metabolism (Fig. 5.8-5.9). Together with absolute

metabolite measurements, kinetic parameters, enzyme levels and enzyme activity

assays, we determined the net flux distribution across an ensemble of 100 sets with

sampling on experimental noise and uncertainty in literature values. Substantial

differences were observed across all three cases as well as throughout the duration

of the CFPS reaction.

When the CFPS reaction was incubated with DNP, there was an increase in

metabolism and oxygen consumption, however, oxidative phosphorylation was

inactive. At 2 hours of the reaction, the majority of the carbon traveled through

glycolysis with 74% via pgi and 24% through pentose phosphate pathway via zwf.

The split toward pentose phosphate was notably higher for DNP then compared to

the control, where only 1% of the flux traveled through zwf at the 2 hour mark of

the reaction. The TCA cycle for DNP behaved very similarly to the control with

high activity via gdh and saw no significant differences across the ensemble. How-

ever, as the reaction progressed towards 8 hours, significant differences appeared

throughout the network. First, maltose was depleted and thus lower activity is
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Figure 5.8: Mean flux distribution across an ensemble (N=100) for DNP. Fluxes
were determined by integrating kinetic parameters with enzyme levels and con-
straining to measurements of metabolites and enzyme activity levels where data
was available. (a) Flux distribution at 2 hours of CFPS reaction. Flux difference
from control shown for key reactions at 2 hours of CFPS reaction. (b) Flux distri-
bution at 8 hours of CFPS reaction. Flux difference from control shown for key
reactions at 8 hours of CFPS reaction. Fluxes were normalized to maltodextrin
consumption at t=0 hours.
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seen via pgm and hk. In addition, 100% of the carbon traveled via zwf and the

first step in glycolysis had a backward reaction to further supplement G6P for the

pentose phosphate pathway. Lower glycolysis showed much higher flux starting

from gapA to pdh and towards ackA. Compared to the control, DNP had a 740%

increase in flux via gapA and a 120% increase in flux via pdh. The high metabolism

rate with DNP incubation resulted in the accumulation of acetate and thus relying

on substrate level phosphorylation since oxidative phosphorylation was inhibited.

When the CFPS reacton was incubated with TTA, there was a decrease in overall

metabolism, however, oxidative phosphorylation remained active, but at a 51%

reduction when compared to the control. Upper glycolysis involving maltodextrin

consumption, glucose-1-phosphate, and glucose utilization was very similar when

compared to the control with a slight increase in pgm activity. However, just as in

the case with DNP, there was a higher split towards pentose phosphate pathway

with 15% at 2 hours of the reaction and 18% at 8 hours of the reaction. The most

notable differences were in the TCA cycle which had very low activity throughout

the pathway and this can be seen with high glutamate levels in the media. TTA is

an inhibitor of succinate dehydrogenase and uncoupled the TCA cycle from central

carbon metabolism. Despite having an active oxidative phosphorylation reaction,

central carbon metabolism showed significant less flux then that of the control and

DNP. In addition, there was a high accumulation of lactate with approximately 8

mM at the end of the 16 hour reaction. This accumulation is most likely due to the

surplus of NADH not utilized in oxidative phosphorylation.
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Figure 5.9: Mean flux distribution across an ensemble (N=100) for TTA. Fluxes were
determined by integrating kinetic parameters with enzyme levels and constrain-
ing to measurements of metabolites and enzyme activity levels where data was
available. (a) Flux distribution at 2 hours of CFPS reaction. Flux difference from
control shown for key reactions at 2 hours of CFPS reaction. (b) Flux distribution
at 8 hours of CFPS reaction. Flux difference from control shown for key reactions
at 8 hours of CFPS reaction. Fluxes were normalized to maltodextrin consumption
at t=0 hours.
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In summary, in the case of TTA, transcription and translation were powered

with the nucleotides and amino acids that were supplemented with the CFPS

extract and lasted for roughly 4 hours with protein production. Whereas when

the reaction was incubated with DNP, central carbon metabolism remained active

and relied on substrate level phosphorylation but it wasn’t sufficient to sustain

transcription and translation for over 4-6 hours. Whereas in the control, central

carbon metabolism was activated to fuel and sustain transcription and translation

and showed active protein production for 16 hours with mRNA still at steady state

levels. With differences in flux distributions between all three groups, we next

wanted to examine the performance metrics of the myTXTL system in terms of

energy efficiency and carbon yield.

Energy Efficiency

Energy efficiency was significantly higher for the control at 23 ± 2.8% for transcrip-

tion and translation, where the DNP and TTA group were at 15 ± 2.7% and 15 ±
2.6%, respectively (Fig. 5.10). Energy efficiency was calculated as a ratio for the

entire duration of the reaction in terms of nucleotides triphosphates utilized for

the corresponding category to ATP generation. Despite having a higher energy

efficiency then the treatment groups, 37 ± 1% of the nucleotide triphosphates

were wasted toward degradation (Fig 5.10A). Twenty seven percent of energy was

utilized in glycolysis, with 11% toward amino acid biosynthesis and 2% toward

anaplerosis.
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Figure 5.10: Mean energy efficiency across an ensemble (N=100) for control (a),
DNP (b), and TTA (c) throughout the metabolic network. TXTL denotes the energy
efficiency for transcription and translation processes.

In the case of DNP, there was 50% of the energy wasted toward degradation.

This is due to the effect of DNP which resulted in a higher metabolism as well as

the inhibition of all energy requiring processes [56]. For TTA, the majority of the

energy was spent on glycolysis with 51%. The flux distribution for TTA showed

only an active upper glycolysis pathway and thus resulting in a higher than normal

energy utilization.

Carbon Yield

Carbon yield for GFP production was similar for all groups. The control group had

a carbon yield of 2±0.2%, where the DNP group had a carbon yield of 1.4±0.2%

and TTA had a carbon yield of 1±0.2% (Fig. 5.11). Carbon yield was calculated for

the duration of the reaction as a ratio of the concentration of the carbon produced

to the total concentration of the carbon consumed. The low carbon yield for all
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Figure 5.11: Mean carbon yield across an ensemble (N=100) for control (a), DNP
(b), and TTA (c) for CFPS. PPP denotes the Pentose Phosphate Pathway. Other
includes purine, pyrimidine and chorismate metabolism.

groups showed that the myTXTL system was supplemented with more carbon

then needed. For instance, the extract is supplied with 20-40 mM of maltodextrin

and was measured to have a concentration of approximately 104 mM of glutamate.

Meanwhile, the amount of GFP produced was in the range of 10-30 µM.

Thus, we investigated where the remaining carbon went towards. The control

and TTA group had a very similar distributino of the carbon in the network.

Between both groups, 9-12% went towards carbon dioxide, 22-28% remained

in glycolysis, 3% remained in the TCA cycle, 36-39% remained in the pentose

phosphate pathway, 1-3% went towards amino acid biosynthesis and 17-24%

went towards purine, pyrmidine and chorismate metabolism (other category).

Meanwhile in the DNP group, the carbon yield had a more uniform distribution

throughout the network with a notable difference in carbon dioxide (25%). The

higher yield of carbon dioxide further supports the higher metabolism observed
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with DNP incubation [56].

5.3.5 Enzyme activity assays reveal allosteric regulation in CFPS

The activity of enzymes throughout central carbon metabolism were measured in

the myTXTL system at 2 and 8 hours of a CFPS reaction for control, DNP and TTA

(Fig. 5.12). Substantial differences were observed between groups and between the

two time points for a number of enzymes. However, for enzymes where allosteric

regulation is not present, including: eno, mdh, gdh, and akgdh; the enzyme activity

assays showed to have the same activity between groups and time points. Thus, the

activity assays reveal that allosteric regulation is present in CFPS. For instance, the

enzyme icd is allosterically regulated with phosphoenolpyruvate (PEP) inhibited

its activity. The control and TTA group show the enzyme activity increased from

approximately 180 to 250 mM/h and 125 to 290 mM/h, respectively, from 2 to 8

hours. Additionally, there was an overall decrease of PEP abundance for cotrol and

TTA in the CFPS extract from 2 to 8 hours which resulted in the observed increase

of enzyme activity for icd.

5.4 Discussion

Cell-free protein synthesis relies on transcription and translation machinery in

order to produce a protein of interest. However, the mechanisms and reactions
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Figure 5.12: Enzyme activity measurements reveal allosteric regulation is present
in CFPS. Enzyme activity assays at 2 and 8 hours of the CFPS reaction throughout
the metabolic network for control (black), DNP (dark grey), and TTA (light grey).

involved in CFPS are not only limited to transcription and translation. Jewett and

coworkers have shown that central carbon metabolism is activated with inverted

membrane vesicles carrying out oxidative phosphorylation in the Cytomim system

, an E. coli based extract [81]. Thus, CFPS systems are often more complex then pre-

viously believed with many interacting species that could be potentially exploited
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to optimize for better performance. In this study we used a mathematical frame-

work to gain insights into the the activity of metabolic pathways and biochemical

reactions of CFPS in the myTXTL system.

One of the main advantages of CFPS systems is the elimination of the cell mem-

brane, which allows for direct access to metabolites and potentially precise control

of biochemical reactions. However, a comprehensive absolute quantification of

metabolites in CFPS has not been reported and is often limited to amino acids

and a few organic acids [83, 83, 81, 71]. Here, we present a robust time-course

quantification of 41 species with a single-quad LC-MS system along with 20 amino

acids with a LC-TUV system. In addition, we quantified absolute levels of mRNA

using real-time quantitative RT-qPCR. This comprehensive dataset allowed us to

constrain our mathematical model of CFPS metabolism integrated with kinetic

parameters from BRENDA [79] and enzyme abundance levels estimated by Ga-

reene and coworkers [53]. The constraint-based linear programming framework

was validated with the prediction of mRNA and protein production along with

describing the effect of DNP and TTA. DNP incubation has been reported to result

in overconsumption of oxygen, higher rate of metabolism, while inhibiting en-

ergy requiring processes [120, 56]. DNP has also been shown to disrupt oxidative

phosphorylation in the Cytomim system [81] and in zebrafish [15]. The model

predicted a high rate of metabolism leading to high levels of acetate, agreeing with

literature findings. Further, the high carbon yield of 25% in carbon dioxide suggests

higher activity metabolism and anaplerosis. TTA blocks the respiratory chain at

Complex II by binding to the quinone reduction site and inhibiting the transfer of
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electrons form FE-S centre S-3 of succinate dehydrogenase to oxidized ubiquinone

[167, 140]. TTA was also used by Jewett and coworkers to assess whether oxidative

phosphorylation was active in the Cytomim system. In our study, TTA incubation

resulted in a lower protein titer of about 50% when compared to the control. The

model predicted reduced activity in succinate dehydrogenase and oxidative phos-

phorylation activity reduced by 51% when compared to the control. Previously,

the myTXTL system has been reported to rely on glycolysis and recycle inorganic

phosphates [28, 52], however our study suggests that the E. coli based extract also

has active oxidative phosphorylation with glutamate powering the TCA cycle.

Our modeling framework provided quantitative means to assess the perfor-

mance of CFPS in terms of energy efficiency and carbon yield. Previously, we

reported a theoretical optimal energy efficiency of approximately 80% for transcrip-

tion and translation [181]. However, the myTXTL system had an energy efficiency

of 23% for the control and 15% with the inhibitors. In addition, the carbon yield for

GFP was only 2%. Thus, CFPS has more than enough carbon and energy require-

ments but is not being effectively used. The flux distribution suggests that despite

having oxidative phosphorylation, anaerobic processes are still active in cell-free

extracts as seen with the high accumulation of acetate and flux in anaplerotic

reactions. Where in vivo systems are able to respond to different environment

conditions and activate different metabolic pathways, cell-free extracts no longer

have the ability for enzymatic regulation. Thus, some of the enzymes that are

present in CFPS may lead to inefficiency and low carbon yield. For example, Bujara

and coworkers successfully increased the yield of dihydroxyacetone phosphate
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(DHAP) from glucose in CFPS [22]. The source strain that was used for cell-free

extract preparation had a gene knockout of triosephophosphate isomerase (tpiA)

which resulted in the higher accumulation of DHAP. Such strategies have been

used for decades in in vivo systems [12] and are only beginning to be used in CFPS

[196, 2, 11]. In addition, the majority of the energy is wasted toward nucleotide

triphosphate degradation. This suggests that the energy utilization could be op-

timized by addressing the rate limiting step of protein production identified as

translation [109, 181] Underwood and coworkers showed that increasing ribosome

abundance did not significantly increase protein yields or rates; however, adding

elongation factors increased protein synthesis rates by 27% [175] which would

require more energy to be spent towards translation instead of degradation. Sub-

sequently, the carbon substrates that power CFPS could be minimized in order to

increase the energy efficiency and carbon yield by lowering the total ATP produced

since the majority is degraded.

Our analysis of CFPS performance was based on the quality and accuracy of the

flux estimation for each time step. The integrated kinetic constraint-based model

was constrained to 61 species with kinetic parameters and physiological enzyme

levels in the myTXTL system. Adadi and coworkers have used kinetic parameters

for the flux bounds with success in predicting microbial growth rates [3]. Thus,

we have high confidence in the reported flux distribution to be a representation

of CFPS metabolism for myTXTL. In addition, the flux bounds for a subset of 19

enzymes was also constrained to the actual enzyme activity levels. The assays

revealed that allosteric regulation is active in CFPS and should be incorporated into
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the mathematical framework. Allosteric regulation was shown to be instrumental

in capturing experimental data with a kinetic ODE model for CFPS [71]. Since our

model was constrained to the enzyme activity assays, mathematical descriptions

of allosteric regulation on flux bounds was not needed. However, conducting

these assays experimentally is low throughput and expensive. Thus, it would be

advantageous to incorporate allosteric regulation into the modeling framework.

Taken together, we provide an integrated kinetic constraint based mathematical

framework with absolute metabolite measurements to better understand cell-free

metabolism that can be used to understand performance limitations. Flux estima-

tions revealed that central metabolism is activated along with glutamate powering

the TCA cycle to provide reduced ubiquinone for oxidative phosphorylation. Ox-

idative phosphorylation inhibitors provide biochemical evidence that myTXTL

relied on oxidative phosphorylation to provide energy for sustaining transcription

and translation for 16 hours in a batch reaction. Finally, enzyme activity assays

throughout central carbon metabolism revealed that allosteric regulation is present

in CFPS metabolism and should be incorporated into future mathematical models.

Cell-free protein synthesis is beyond just transcription and translation processes,

thus we provide a comprehensive mathematical framework that predicted mRNA

and protein production and could potentially be used to identify strategies for the

improvement of CFPS productivity, yield and efficiency.
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5.5 Materials & Methods

5.5.1 Cell-free protein synthesis and oxidative phosphorylation

inhibitors

Cell-free protein synthesis reactions were carried out with the myTXTL system

(Arbor Biosciences) in 1.5 mL Eppendorf tubes at 29 ◦C. Plasmid P70a-GFP (Arbor

Biosciences) was used as the DNA template for green flourescent protein (GFP)

expression. The template plasmid was amplified in E. coli KL740 cI857+ (E. coli

Genetic Stock Center, No. 14222). The plasmid was isolated and purified using a

Plasmid Mini Kit (Qiagen, Valencia CA). Each cell-free reaction was supplemented

with a final concentration of 5 nM P70a-GFP. Each Cell-free reaction had a total

volume of 14 µL with 9 µL myTXTL master mix, 1.5 µL P70a-GFP, and 3.5 µL water

(control), 3.5 µL 2-4-dinitrophenol (DNP, 2.5 mM final concentration in CFPS), or

3.5 µL thenoyltrifluoroacetone (TTA, 1 mM final concentration in CFPS). DNP was

solubilized in water to prepare a 10 mM solution. TTA was solubilized in methanol

to prepare a 100 mM solution and diluted with water to 4 mM before adding to

the CFPS reaction. Negative controls performed with methanol demonstrated that

these solvents did not affect protein synthesis at concentrations used in this study.

Separate CFPS samples were carried out in triplicate for each time point in order to

ensure constant volume throughout the duration of the reaction.
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5.5.2 Absolute quantification of central carbon metabolites

To quantify central carbon metabolites and amino acids, reaction samples were

quenched with 100% ice-cold ethanol in a 1:1 volumetric ratio. Ethanol precipitated

samples were centrifuged at 12,000 g for 15 minutes at 4 ◦C. The supernatant

was collected and stored at -80 ◦C. Metabolites, involved in glycolysis, pentose

phosphate pathway, tca cycle, and energy metabolism, were quantified by liquid

chromatography-tandem mass spectrometry (LCMS) using an isotope ratio based

approach. Samples were tagged with 12-C aniline, meanwhile internal standards

were tagged with 13-C aniline as described previously [? ]. Briefly, 6 µL of the

supernatant was added to 44 µL of water, followed by 5 µL of 200 mg/mL EDC (N-

(3-dimethylaminopropyl)-N-ethylcarbodiimide hydrochloride) and 5 µL of 12-C 6

M Aniline (pH 4.5). EDC was solubilized in water. The aniline solution was pre-

pared by combining 550 µL of 10.9 M aniline with 337.5 µL water and 112.5 µL of

12 M hydrochloric acid in an Eppendorf tube and vortexed well. The mixture was

gently vortexed at room temperature for 2 hours. In order to stabilize the metabo-

lites, 1.5 µL of TEA (triethylamine) was added. The mixture was centrifuged at

13,500 g for 3 minutes and 25 µL of the supernatant was transferred to a LCMS vial.

The sample mixture was mixed with 25 µL of a standard stock solution containing

35 metabolites at 80 µM tagged with 13-C aniline. The standard stock solution

was tagged with aniline following the same procedure as the sample, except with

13-C aniline. The 35 standard metabolites are listed in the metabolite dataset and

exclude acetic acid, NAD, NADP, FAD, acetyl-CoA, glycerol 3-phosphate, and

117



maltose. Acetic acid was tagged with aniline and quantified with a standard curve

method. NAD, NADP, FAD, acetyl-CoA and glycerol 3-phosphate were not tagged

with aniline, and were quantified by a standard curve method. Samples and stan-

dards were injected at 5 µL onto a Waters Acquity BEH C18 (1.7 µm, 2.1 mm x

150 mm) column. The LCMS system consisted of a Waters Acquity Quaternary

system, a Acquity Sample Manager, and a Acquity QDa detector (Waters Corp,

Medford, MA). The system was controlled by Empower 3 software (Waters). The

autosampler was set at 10 ◦C. Separation was carried out at a flow rate of 0.3

mL/min. The elution started with 95 % mobile phase A (5 mM tributylamine (TBA)

in HPLC-grade water adjusted to pH 4.75 with glacial acetic acid) and 5 % mobile

phase B (5 mM TBA in acetonitrile), raised to 70 % B in 10 minutes, raised to 100 %

B in 2 minutes and held at 100 % B for 3 minutes. Return to initial conditions (95 %

A, 5 % B) over 1 minute and hold for 9 minutes to re-equilibrate the column. The

column was pre-conditioned with the specified gradient protocol 3 times prior to

any injection onto the column. The MS chromatograms were acquired in negative

ion mode with a probe temperature of 520 ◦C, negative capillary voltage of -0.8 kV,

and positive capillary voltage of 0.8 kV.

5.5.3 Amino acid analysis

Amino acids were analyzed using a Waters AccQ-Tag Ultra amino acid analysis

kit (Waters). The ethanol-precipitated CFPS samples were derivatized and tagged

by combining 4 µL of the sample with 6 µL of water, 70 µL borate buffer solution
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(Waters), and 10 µL reagent (Waters). The solution is then kept in a water bath

at 55 ◦C for 10 minutes. One-microliter is then injected onto an Acquity BEH

C18 column (1.7 µm, 2.1 mm x 100 mm). The elution gradient and flowrate was

conducted according to the manufacturer’s recommendations. Amino acids were

detected by an Acquity TUV detector (Waters) at 260 nm. Amino acids were

identified by known retention times of standards. Concentrations were determined

by comparison with calibration standard curves with the exception of glutamate.

Glutamate was outside the linearity of the calibration standard curves and not

quantified with the Waters AccQ-Tag Ultra amino acid analysis kit.

5.5.4 Glutamate and maltose assays

Glutamate and maltose concentrations were determined using enzymatic colori-

metric assays purchased from Sigma-Aldrich (St. Louis, MO) according to the

manufacturer instruction. The readings were performed with a multimode plate

reader Varioskan Lux (ThermoFisher) using 96-well plates.

5.5.5 Protein quantification

GFP concentrations were determined by fluorescence measurements with compari-

son to a standard curve. Two-microliters of the CFPS reaction were diluted with 33

µL of phosphate-buffered saline and analyzed in triplicate on a black 384-well plate
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with a multimode plate reader Varioskan Lux (ThermoFisher) at 488 nm excitation

and 535 nm emission.

5.5.6 Enzyme activity assays

Enzyme activity for 6-phsophogluconate dehydrogenase (gnd) and phospho-

enolpyruvate carboxylase (ppc were determined using colorimetric based assays

purchased from BioVision (Milpitas, CA) according to the manufacturer instruction.

All remaining enzyme activity levels were determined using colorimetric and fluo-

rescence based assays purchased from Sigma-Aldrich (St. Louis, MO) according to

the manufacturer instruction. The readings were performed in kinetic mode with a

multimode plate reader Varioskan Lux (ThermoFisher) using clear 96-well plates

for colorimetric assays and black 96-well plates for fluorescence based assays.

5.5.7 Absolute quantification of mRNA

Absolute levels of messenger RNA (mRNA) were quantified using quantitative

real-time RT-PCR with comparison to a standard curve. A standard mRNA of GFP

was prepared by conducting a CFPS reaction with 5 nM P70a-GFP plasmid for 2

hours at 29 ◦C. The reaction was applied to a PureLink RNA Mini Kit with an on-

column PureLink DNase Treatment (ThermoFisher) according to the manufacturer

instruction. The total RNA was eluted with Invitrogen UltraPure DNase/RNase-
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free water (ThermoFisher). The total RNA was then applied to MICROBExpress

Bacterial mRNA enrichment kit (ThermoFisher) followed by MEGAclear Tran-

scription clean-up kit (ThermoFisher) according to the manufacturer instruction.

The purified mRNA was eluted with UltraPure water. The mRNA concentration

was determined with a a Qubit Fluorometer using a Qubit RNA HS Assay Kit

(ThermoFisher).

To quantify mRNA levels in CFPS samples from the experiment, 1 µL from

the CFPS reaction was applied to the PureLink RNA Mini Kit with an on-column

PureLink DNase Treatment according to the manufacturer instruction. The total

RNA was eluted with 50 µL of UltraPure water. The total RNA sample was diluted

100 times and 2 µL of the diluted sample was loaded for each RT-PCR reaction. The

quantitative real-time RT-PCR reaction was carried out on a Applied Biosystems

QuantStudio 3 with a Taqman RNA-to-Ct 1-Step Kit using GFP Taqman assay

(Mr04329676 mr) on a 96-well plate in triplicate according to the manufacturer

instruction (Applied Biosystems, Life Technologies Corporation, Foster City, CA).

Messenger concentrations were determined by comparison to the calibration stan-

dard curve. The standard curve was generated with the purified mRNA of GFP

ranging from 10−4 to 1 ng. The standard curve had a linearity coefficient of 0.994

and efficiency of 104 %.

121



5.5.8 Formulation of model equations

The dynamic sequence specific flux balance analysis problem was formulated as a

linear program:

max
v

(
Z = θTv

)

Subject to : (Sv− ẋ) ≥ 0

ẋi =
R
∑
j=1

σijrj(x, ε, k) i = 1, 2, . . . ,M

0 ≤ vj ≤ rj(x, ε, k) j = 1, 2, . . . ,R

(5.1)

where S denotes the stoichiometric matrix (M×R) and σij denotes the stoichio-

metric coefficient for species i in reaction j, v denotes the unknown flux vector

(R × 1), θ denotes the objective vector (R × 1), and rj(x, ε, k) denotes the rate

of reaction j. For all metabolic reactions except for the transcription/translation

processes and maltodextrin consumption, reaction j was modeled as the product

of the turnover rate k j and enzyme abundance εj or known as the maximum veloc-

ity of the reaction Vmax (mM/h). The transcription/translation and maltodextrin

consumption reactions were modeled following saturation kinetics. The turnover

rate for each reaction was identified from BRENDA [79] or taken from Adadi

and coworkers [3]. The enzyme abundance was identified for 104 reactions from

Garenne and coworkers [53]. Garenne and coworkers reported the counts of the

enzymes identified in their LC-MS analysis, where we calibrated the counts of

sigma 70 and RNA polymerase to the concentration values [52] to create a calibra-

tion curve. The enzyme abundance was calculated using this calibration curve

122



and all remaining enzymes not identified in Garenne and coworkers were set to

the median value of 50 nM. The enzyme abundance was validated for a subset of

15 enzymes from our enzyme activity assays where we calculated the expected

enzyme abundance in the cell-free reaction by:

ε̂j =
V̂max,j

k̂ j
(5.2)

where V̂max,j is the maximum velocity for reaction j from the enzyme activity assay

and k̂ j is the corresponding turnover number for enzyme j. The transcription (TX)

and translation (TL) reactions stoichiometry was modeled based on previous work

[4, 181].

The transcription initiation rate was modeled as:

rTXinit = Vmax
TX

(
G

τTXKTX + (τTX + 1)G

)
(5.3)

where G denotes the concentration of the DNA plasmid in the cell-free reaction,

KTX denotes a transcription saturation coefficient, and τTX denotes the transcrip-

tion time constant. The maximum transcription rate Vmax
TX was formulated as:

Vmax
TX ≡

[
RTX

(
ṅTX

lG

)
u (κ)

]
(5.4)

where RTX denotes the RNA polymerase concentration, ṅTX denotes the RNA

polymerase elongation rate (nt/h), lG denotes the gene length (nt). The term u (κ)
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(dimensionless, 0 ≤ u (κ) ≤ 1) is an effective model of promoter activity, where κ

denotes promoter specific parameters. In this study, the promoter model was taken

from Vilkhovoy and coworkers [181] for the P70a promoter. The transcription rate

was modeled as:

rTX = rTXinit ∏
sεmTX

xs

KTX
s + xs

(5.5)

where mTX denotes the set of reactants for transcription: ATP, CTP, GTP, and UTP,

and KTX
s denotes the saturation constant for species s. The degradation of mRNA

was modeled as a first order rate:

rd = kd · xmRNA (5.6)

where kd denotes the degradation rate constant. The translation initiation and

translation rate was modeled as:

rTL = Vmax
TL

(
xmRNA

τTLKTL + (τTL + 1)xmRNA

)
(5.7)

where xmRNA denotes the concentration of the mRNA, KTL denotes a translation

saturation coefficient, and τTL denotes the translation time constant. The maximum

translation rate Vmax
TL was formulated as:

Vmax
TL ≡

[
KPRTL

(
ṅTL

lP

)]
(5.8)

where KP denotes the polysome amplification constant, RTL denotes the ribosome
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concentration, ṅTL denotes the ribosome elongation rate (amino acids per hour),

and lP denotes the number of amino acids in the protein of interest. The abundance

of each species x was modeled as:

xt+∆t = xt + Sv∆t (5.9)

where t denotes the current time point and ∆t denotes the time step. Lastly,

we imposed a user configurable bound Bi on the maximum rate of change for

metabolite i where data was available:

|ẋi| ≤ Bi i = 1, 2, . . . ,M (5.10)

The bound Bi was determined by fitting the timecourse concentration data by a

regression spline with the cubic SmoothingSplines package in Julia 1.1. The rate of

change at step t was determined by a forward difference approximation from t to

t + ∆t from the regression spline. Metabolic fluxes were estimated at each time step

using the GNU Linear Programming Kit (GLPK) v4.55 [1]. All parameters are listed

in Table 5.1. In addition, flux bounds were set to the experimental value where data

was available for the corresponding enzyme activity assays. The objective of the cell

free flux balance calculation was to maximize the rate of maltodextrin consumption,

transcription initiation, transcription, mRNA degradation, translation initiation

and translation, unless specified.
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5.5.9 Quantification of uncertainty

Experimental factors taken from literature, for example macromolecular concentra-

tions or elongation rates, are uncertain. To quantify the influence of this uncertainty

on model performance, we randomly sampled the expected physiological ranges

for these parameters as determined from literature. An ensemble of flux distri-

butions was calculated for the three different cases we considered: control, DNP,

and TTA. The flux ensemble was calculated by randomly sampling the rate of

change for metabolites where data was available, randomly sampling enzyme

abundance, and randomly sampling RNA polymerase levels, ribosome levels,

and elongation rates in a physiological range determined from literature. The

rate of change for metabolites was sampled between the calculated value from

the regression spline to twice its value. The enzyme abundance was randomly

sampled from the estimated value upto 1.5 it’s value. P70 RNA polymerase levels

were sampled between 60 and 75 nM, ribosome levels between 2.0 and 2.3 µM,

the RNA polymerase elongation rate between 15 and 25 nt/s, and the ribosome

elongation rate between 1.0 and 2 aa/s [175, 52]. We generated uniform random

samples between an upper (u) and lower (l) parameter bound of the form:

p∗ = l + (u− l)×U (0, 1) (5.11)
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5.5.10 Calculation of energy efficiency

Energy efficiency (E ) was calculated as the ratio of transcription and translation

(weighted by the appropriate energy species coefficients) to ATP generation:

E =

∫
T (vTX · αTX + vTL · αTL)

∑
j∈RATP

∫

T
σATP

j v̄j

(5.12)

αTX = 2 · (ATPTX + CTPTX + GTPTX + UTPTX) (5.13)

αTL = 2 ·ATPTL + GTPTL (5.14)

where αTX denotes the energy cost of transcription, αTL denotes the energy cost

of translation, RATP denotes the set of ATP-producing reactions, σATP
j denotes the

ATP coefficient for reaction j, and T denotes the time of the experiment. ATPTX,

CTPTX, GTPTX, and UTPTX denote the stoichiometric coefficients of each energy

species for the transcription of the protein of interest, ATPTL and GTPTL denote

the stoichiometric coefficients of ATP and GTP for the translation of the protein

of interest. During transcription and tRNA charging, triphosphate molecules are

consumed with monophosphates as byproducts; this is the reason for the factors of

2 on ATPTX, CTPTX, GTPTX, and UTPTX, and ATPTL
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5.5.11 Calculation of carbon yield

The carbon yield (YC) was calculated as the ratio of carbon produced as the protein

divided by the carbon consumed as reactants:

YC =
xGFP, f · CGFP

∑
i∈ms

(xi,o − xi, f ) · Cmi

(5.15)

where xGFP, f denotes the final concentration of GFP, CGFP denotes carbon number

of GFP, ms denotes the set of species that were consumed, xi,o denotes the initial

concentration of species i, xi, f denotes the final concentration of species i, and Cmi

denotes the carbon number of species i.
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Table 5.1: Parameters for sequence specific flux balance analysis

Description Parameter Value Units Reference
RNA polymerase concentration RTL 60-75 nM [52]
Ribosome concentration RTX 2-2.3 µM [52]

Transcription elongation rate ṅTX 15-25 nt/s [52]
Translation elongation rate ṅTL 1-2 aa/s/ribosome [52, 175]
Transcription time constant τTX 0.021 - 0.05 constant calculated
Translation time constant τTL 0.063 - 0.126 constant calculated
Transcription saturation coefficient KTX 0.3 µM [? ]
Translation saturation coefficient KTL 600.0 µM estimated
Polysome number KP 10 ribosome number estimated
mRNA degradation rate constant kmRNA

d 2.38 h−1 [52]
Maltodextrin saturation constant Km 8.3 mM BRENDA
Transcription saturation constant KTX

s 0.03 mM estimated

Weight RNA polymerase binding alone P70a K1 0.014 constant estimated
Weight bound RNAP-σ70 P70a K2 10 constant estimated
σ70 concentration σ70 35 nM [52]
σ70 dissociation constant KD 130 nM [119]
σ70 hill coefficient n 1 constant [119]
Gene concentration GP 5 nM experiment

ATP transcription coefficient ATPTX 208 constant calculated
CTP transcription coefficient CTPTX 157 constant calculated
GTP transcription coefficient GTPTX 195 constant calculated
UTP transcription coefficient UTPTX 157 constant calculated
ATP tRNA charging coefficient ATPTL 239 constant calculated
GTP translation coefficient GTPTL 478 constant calculated
Carbon number of GFP CGFP 1208 constant calculated
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CHAPTER 6

TOWARD A GENOME SCALE SEQUENCE SPECIFIC DYNAMIC MODEL

OF CELL-FREE PROTEIN SYNTHESIS IN ESCHERICHIA COLI

6.1 Abstract

1 In this study, we developed a dynamic mathematical model of E. coli cell-free

protein synthesis (CFPS). Model parameters were estimated from a dataset con-

sisting of glucose, organic acids, energy species, amino acids, and protein product,

chloramphenicol acetyltransferase (CAT) measurements. The model was success-

fully trained to predict these measurements, especially those of the central carbon

metabolism. We then used the trained model to evaluate the optimality of protein

production. CAT was produced with an energy efficiency of 12%, suggesting that

the process could be further optimized. Reaction group knockouts showed that

protein productivity was most sensitive to the oxidative phosphorylation and gly-

colysis/gluconeogenesis pathways. Amino acid biosynthesis was also important

for productivity, while overflow metabolism and TCA cycle affected the overall

system state. In addition, translation was more important to productivity than

transcription. Finally, CAT production was robust to allosteric control, as were

most of the predicted metabolite concentrations; the exceptions to this were the

concentrations of succinate and malate, and to a lesser extent pyruvate and acetate,

1The following work has been submitted as: Horvath N, Vilkhovoy M, Wayman JA, Calhoun K,
Swartz J, and Varner JD, , ”Toward a Genome Scale Sequence Specific Dynamic Model of Cell-Free
Protein Synthesis in Escherichia coli” Metabolic Engineering Communications.
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which varied from the measured values when allosteric control was removed. This

study is the first to use kinetic modeling to predict dynamic protein production in a

cell-free E. coli system, and could provide a foundation for genome scale, dynamic

modeling of cell-free E. coli protein synthesis.

6.2 Introduction

Cell-free protein expression is a widely used tool in systems and synthetic biology,

and a promising technology for personalized point of use biotechnology [137].

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 biosynthetic machinery without the interfer-

ence of a cell wall, or the complications associated with cell growth. Thus, we can

interrogate (and potentially manipulate) the chemical microenvironment while the

biosynthetic machinery is operating, possibly at a fine time resolution. Cell-free

protein synthesis (CFPS) is arguably the most prominent example of a cell-free

system used today [81]. However, CFPS is not new; CFPS in crude E. coli extracts

has been used since the 1960s to explore fundamental biological mechanisms. For

example, Matthaei and Nirenberg used E. coli cell-free extracts in ground-breaking

experiments to decipher the sequencing of the genetic code [118, 128]. Spirin

and coworkers later improved protein production in cell-free extracts by contin-

uously exchanging reactants and products; however, while these extracts could
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run for tens of hours, they could only synthesize a single product and were energy

limited [159]. More recently, energy and cofactor regeneration in CFPS has been

significantly improved; for example, ATP can be regenerated using substrate-level

phosphorylation [93] or even oxidative phosphorylation [81]. While it was once

debated whether oxidative phosphorylation occurred in cell-free systems, Jewett

and coworkers demonstrated its existence definitively in the Cytomim system by

inhibiting it using electron transport chain and F1FO-ATPase inhibitors, as well as

membrane gradient uncouplers, and observing a significantly lower protein yield

[81]. They hypothesized respiration to be occurring in inner membrane vesicles

created during cell lysis. Today, cell-free systems are used in a variety of appli-

cations ranging from therapeutic protein production [110] to synthetic biology

[70, 73, 137]. Moreover, there are also several CFPS technology platforms, such

as the PANOx-SP and Cytomim platforms developed by Swartz and coworkers

[82, 81], the TXTL platform of Noireaux [52] or the PURE system developed by

Shimizu et al. [152]. However, for point of use cell-free manufacturing to become a

mainstream technology, we must first understand the system performance, and

eventually optimize important metrics such as yield and productivity. A critical

tool towards this goal is mathematical modeling. We previously developed a

constraint-based model of CFPS which integrated the expression of the protein

product with the supply of metabolic precursors and energy [181].

Dynamic mathematical modeling has long contributed to our understanding

of metabolism [184]. Decades before the genomics revolution, mechanistically

structured metabolic models arose from the desire to predict microbial phenotypes
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resulting from changes in intracellular or extracellular states [48]. 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 parameters

[37]. Shuler and coworkers generated many single cell kinetic models, including

single cell models of eukaryotes [160, 190], minimal cell architectures [29], and

DNA sequence based whole-cell models of E. coli [9]. More recent studies have

extended the approach, from integrating disparate models of cellular processes in

M. genitalium [88], to describing dozens of mutant strains in E. coli with a single

partially kinetic model [90], to identifying industrially useful target enzymes in

E. coli for improved 1,4-butanediol production [5]. Taken together, mathematical

modeling of metabolism has proven useful for applications across systems biology.

However, dynamic metabolic model development is often time consuming, and

model identification and validation requires significant experimental information.

Parameter identification is a challenge to the development of predictive dy-

namic metabolic models. Sethna identified parameter sloppiness as a common

feature of systems biology models; the eigenvalues of the network sensitivity were

distributed across wide ranges, and were not generally aligned with single parame-

ters [21, 59]. This leads to parameter values being unknown despite comprehensive

metabolite information. Furthermore, if direct parameter measurements were at-

tempted, they had to be precise and exhaustive to yield reliable model predictions.

Surprisingly, despite this, models often still accurately predict multiple phenotypes

via collective parameter fitting. Liao and coworkers constructed an ensemble of
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models across a wide range of kinetic parameters that satisfied thermodynamic

constraints and steady state flux distributions, and selected from within the ensem-

ble those models that described enzyme overexpression datasets [174]. In this way,

specific parameter identification was bypassed, and multiple relevant phenotypes

could be described. Meanwhile, Hatzimanikatis and coworkers employed machine

learning to simplify the parameter estimation problem [6]. They segregated the

feasible-solution parameter space into N-dimensional boxes, via a binary decision

tree which determined the values of parameters. This subsequently allowed for

uniform, non-asymptotic sampling within the subregions; a convenient byproduct

of this approach was a simple estimation of the volume of the solution space.

Taken together, large-scale, descriptive models of prokaryotic metabolism can be

constructed and trained to predict diverse biological behaviors with uncertain

parameter information.

In this study, we developed an ensemble of kinetic cell-free protein synthesis

(CFPS) models using dynamic metabolite measurements from an early glucose

powered Cytomim E. coli cell-free extract. While cell-free technology has evolved

considerably since this data set was generated, developing a model using a pre-

vious generation CFPS platform offers several unique opportunities. First and

foremost, is the ability to directly compare the different improvements established

by purely experimental means, to those estimated using a dynamic mathematical

model. The CFPS model equations were formulated using the hybrid cell-free

modeling framework of Wayman and coworkers [183], which integrates traditional

kinetic modeling with a logical rule-based description of allosteric regulation.
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Model parameters were estimated from measurements of glucose, organic acids,

energy species, amino acids, and the protein product, chloramphenicol acetyl-

transferase (CAT) over the course of a three hour protein synthesis reaction. A

constrained Markov Chain Monte Carlo (MCMC) approach was used to minimize

the squared difference between model simulations and experimental measure-

ments, where a plausible range for each kinetic parameter was established from

BioNumbers [122]. The ensemble of parameter sets described the training data

with a median cost greater than two orders of magnitude smaller than a population

of random parameter sets constructed using the same literature parameter con-

straints. We then used the ensemble of kinetic models to analyze the performance

of the CFPS system, and to estimate the pathways most important to protein pro-

duction. We calculated that CAT was produced with an energy efficiency of 12%,

suggesting that much of the energy resources for protein synthesis were diverted

to non-productive pathways. By simulating the knockout of metabolic enzyme

groups (this was not actually done experimentally), we showed that metabolism

and protein production in particular depended upon oxidative phosphorylation

and glycolysis/gluconeogenesis. In addition, translation was more important to

productivity than transcription. Lastly, CAT production was robust to allosteric

control, as was most of the network, with the exception of the organic acid trajecto-

ries in central carbon metabolism. Taken together, this study provides a foundation

for sequence specific genome scale, dynamic modeling of cell-free E. coli protein

synthesis.
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6.3 Results

The cell-free E. coli metabolic network was constructed by removing growth-

associated reactions from the iAF1260 reconstruction of K-12 MG1655 E. coli

[44], and by adding reactions describing chloramphenicol acetyltransferase (CAT)

biosynthesis (Fig. 6.1). In addition, reactions that were knocked out in the host

strain used to prepare the extract were removed from the network (∆speA, ∆tnaA,

∆sdaA, ∆sdaB, ∆gshA, ∆tonA, ∆endA). Lastly, we added transcription and trans-

lation processes for the synthesis of CAT, which were based on template reactions

from earlier work done by Allen and Palsson [4] and more recently Vilkhovoy

et al. [181]. The metabolic network, which contained 148 metabolites and 204

reactions, is available in the supplemental materials. Model equations followed

the hybrid modeling framework of Wayman and coworkers [183], combining mul-

tiple saturation kinetics with a rule-based model of allostery. An ensemble of 100

model parameter sets was estimated from measurements of glucose, CAT, organic

acids, energy species, and 18 of the 20 proteinogenic amino acids [181] using a

constrained Markov Chain Monte Carlo (MCMC) approach. The organic acids

measured included pyruvate, lactate, acetate, succinate, and malate. The energy

species included three phosphorylation states each of the four ribonucleosides: ATP,

ADP, AMP, GTP, GDP, GMP, CTP, CDP, CMP, UTP, UDP, and UMP. Nicotinamide

adenine dinucleotide (NAD(H)) and nicotinamide adenine dinucleotide phosphate

(NADP(H)), while present in the model, were not measured in the dataset. The

model equations and parameter sets, as well as the experimental dataset, are
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available under an MIT open source software license from the Varnerlab website

[179].

The MCMC algorithm minimized the squared difference (residual) between

the training data and model simulations starting from an initial parameter set

assembled from literature and inspection. Bounds on permissible parameter values

were established using studies from the BioNumbers database [122]. For each

newly generated parameter set, the balance equations were re-solved and the

cost function re-calculated; all sets with a lower cost (and some with higher cost)

were accepted into the ensemble. Parameter sets were also required to meet strict

ordinary differential equation solver tolerances, to ensure numerical stability. Ap-

proximately 3,000 sets were accepted into an initial ensemble; each set contained

204 maximum reaction rates, 204 enzyme activity decay constants, 548 saturation

constants, and 34 control parameters, for a total of 815 parameters. 100 sets were

then selected from this initial ensemble based upon error to form the final param-

eter ensemble. The final ensemble had a mean Pearson correlation coefficient of

0.78; this suggested parameter sets were not over-sampled in the region of a local

minimum. The median maximum reaction rate (Vmax) across the ensemble was

11.6 mM/h, assuming a total cell-free enzyme concentration of approximately 170

nM. This Vmax, which corresponded to a median catalytic rate of 19 s-1 across the

ensemble, was in relative agreement with the 13.7 s-1 median catalytic rate found by

Milo and coworkers [13]. The median enzyme activity decay constant was 0.0045

h-1, corresponding to an enzyme activity half life of approximately 6 days. The

median saturation constant was 1.0 mM; this was within one order of magnitude of
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the 130 µM reported by Milo and coworkers. Lastly, both the median control gain

and order parameters, which appeared in the allosteric control functions, were on

order 1. While the maximum reaction rates of the ensemble were distributed evenly

across the allowed range (Fig. 6.5A), the saturation constants were clustered around

the upper and lower bounds (Fig. 6.5B) of the parameter search. Taken together, the

constrained MCMC approach estimated a numerically stable ensemble of model

parameters that was on aggregate consistent with literature values. Next, we exam-

ined the model fit to the experimental training data. The ensemble of kinetic CFPS

models captured the time evolution of protein biosynthesis, and the consumption

and production of organic acid, amino acid and energy species. The time evolution

of central carbon metabolites (Fig. 6.2, top), amino acids (Fig. 6.3), and energy

species (Fig. 6.4) were captured by the ensemble and the best-fit parameter set. The

constrained MCMC approach estimated parameter sets with a median error more

than two orders of magnitude less than random parameter sets generated within

the same parameter bounds established from literature (Fig. 6.6). For 29 of the 37

measurements in the training dataset, the mean Akaike information criterion (AIC)

of the predicted ensemble was lower than that of the random sets, signifying a

better fit of the data (Table 6.3). For the remaining eight measurements, the AIC

score of the random ensemble was lower than that of the predicted ensemble,

but the difference was within the standard deviation of the AIC score (with the

exception of isoleucine: œRand
AIC = 4.8, ¯Rand

AIC − ¯Ens
AIC = −5.0). Taken together, these

results suggested that the predicted ensemble modeled cell-free metabolism and

protein production, significantly better than the random ensemble, not just overall
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Figure 6.2: Central carbon metabolism in the presence (top) and absence (bottom) of
allosteric control, including glucose (substrate), CAT (product), and intermediates,
as well as total concentration of energy species. Best-fit parameter set (orange line)
versus experimental data (points). 95% confidence interval (blue or gray shaded
region) over the ensemble of 100 sets.

but for the majority of individual metabolite and protein measurements. Next, we

analyzed the important features of the cell-free protein synthesis timecourse.

The predicted ensemble of models captured the biphasic time course of CAT

production. During the first hour, glucose powered protein production, and CAT

was produced at 8 µM/h; subsequently, pyruvate and lactate reserves were con-

sumed to power metabolism, and CAT was produced at 5 µM/h. Allosteric control
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Figure 6.3: Amino acids in the presence of allosteric control. Best-fit parameter
set (orange line) versus experimental data (points). 95% confidence interval (blue
shaded region) over the ensemble of 100 sets.

was important to central carbon metabolism, especially for pyruvate, acetate, and

succinate (Fig. 6.2, bottom). However, CAT production was robust to the removal

of allosteric control. The difference between the allosteric control and no-control

cases was mostly seen in the second (pyruvate-driven) phase of CAT production,

following glucose exhaustion. Specifically, pyruvate, succinate, and malate con-

sumption and acetate accumulation increased with the removal of allosteric control.
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Figure 6.4: Energy species and energy totals by base in the presence of allosteric
control. Best-fit parameter set (orange line) versus experimental data (points). 95%
confidence interval (blue shaded region) over the ensemble of 100 sets.

The rate of acetate accumulation increased by 172%, while the rates of malate,

pyruvate, and lactate consumption increased by 146%, 82%, and 9%, respectively.

Succinate went from accumulating slightly in the second phase, in the presence

of allosteric control, to being fully consumed. While ATP generation varied when

allosteric control was removed, ATP expenditure toward CAT production did not.

Most of the fluxes that differed between the two cases involved PEP and pyru-

vate, which directly participated in many of the reactions modulated by allosteric

control. Taken together, the ensemble of kinetic models was consistent with time

series measurements of the cell-free production of a model protein. Although the
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Figure 6.5: Histograms of model parameters, across the ensemble of 100 sets. A.
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Figure 6.6: Log of cost function (residual between training data and model simula-
tions) across 37 datasets for data-trained ensemble (blue) and randomly generated
ensemble (red, gray background). Median (bars), interquartile range (boxes), range
excluding outliers (thin lines), and outliers (circles) for each dataset. Median across
all datasets (large bar overlaid).

ensemble described the experimental data, it was unclear which kinetic parameters

and pathways most influenced metabolism and CAT production. To explore this

question, we performed reaction group knockout analysis.

The importance of CFPS pathways was estimated using pathway group knock-

out analysis (Fig. 6.7). The metabolic network was divided into 19 reaction groups,

spanning central carbon metabolism, energetics, and amino acid biosynthesis. The
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Figure 6.7: Effect of group knockouts on system. A. Change in CAT productivity
when one (diagonal) or two (off-diagonal) reaction groups are turned off. B. Change
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response in the productivity (Fig. 6.7A) and overall system state (Fig. 6.7B) was

calculated for single and pairwise deletion of each of these reaction groups. Lastly,

the overall effect of the deletion of a pathway was estimated by summing the

single and pairwise effects (summation across the columns of the response array).

Glycolysis/gluconeogenesis and oxidative phosphorylation had the greatest effect

on both productivity and system state. This supports previous studies that have

suggested oxidative phosphorylation is occurring in a cell-free system [81]; Jewett

and coworkers observed a decrease in CAT yield, ranging from 1.5-fold to 4-fold,

when inhibiting oxidative phosphorylation reactions in the Cytomim cell-free plat-

form, using both pyruvate and glutamate as substrates. CAT productivity was also

affected by two sectors of amino acid biosynthesis: alanine/aspartate/asparagine,

and glutamate/glutamine biosynthesis. Aspartate, glutamate, and glutamine are

key reactants in the biosynthesis of many other amino acids, all of which are re-

quired for CAT synthesis. Meanwhile, the TCA cycle and overflow metabolism

(which included acetyl-coA/acetate reactions and the interconversion of pyruvate

and lactate) also had a significant effect on the system state. These reactions di-

rectly impacted key system species: succinate and malate in the TCA cycle, and

acetate, pyruvate, and lactate in the overflow metabolism. In addition, the relative

influence of transcription and translation parameters was interrogated by global

sensitivity analysis [153]. Productivity was sensitive to the maximum reaction rate

of transcription (coefficient of 0.43 ± 0.06), but was more sensitive to variations in

the maximum reaction rate of translation (0.66 ± 0.08). Thus, translation appeared

to be the limiting step of cell-free protein synthesis.
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The energy efficiency of CAT production, as well as the sources of energy

generation and consumption, were tracked for the best-fit set. Energy efficiency

was calculated as the ratio of transcription and translation rates (weighted by the

associated ATP costs of each step) to the amount of ATP generated by all sources.

During the first phase of protein production, with glucose as the substrate, CAT

was produced with a productivity of 8 µM/h and an energy efficiency of 10%. The

organic acids that accumulated in the first phase (with the exception of acetate)

were then utilized as substrates in the second phase, once glucose was depleted. We

assumed the second phase of CAT production was powered largely by pyruvate;

although malate was also consumed in the second phase, it accounted for only 11%

of substrate consumption. Lactate accounted for a significant amount of substrate

consumption, but was connected in the stoichiometry only to pyruvate. Thus,

we considered the second phase as pyruvate-driven production. Interestingly,

while this mode of protein production was slower (5 µM/h), it exhibited a higher

energy efficiency (14%). Of the ATP generated, about half was observed to come

from oxidative phosphorylation (R atp) in each of the two phases of production

(Fig. 6.8A, Table 6.1). Another 30% was generated by glycolysis during the first

phase (R pgk,R pyk), which decreased to approximately 20% following glucose

exhaustion. However, glycolysis was also amongst the largest consumers of ATP

during first phase of production (R glk atp, R pfk) (Table 6.2). The TCA cycle

(R sucCD) contributed 3% to the overall rate of ATP generation in the first phase

and 5% in the second. The hypothesis that pyruvate drives the second phase ex-

plains this; stores of accumulated pyruvate can be converted to acetyl-CoA, as well
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as OAA (via PEP), and thus power the TCA cycle just as when glucose was avail-

able. Interestingly, ATP generation through acetate metabolism (R ackA) increased

from 12% in the first phase to 28% in the second. The switch from glycolysis in the

first phase, to consumption of organic acid reserves and increased acetate accumu-

lation in the second phase, can also be seen in the reaction fluxes surrounding PEP

and pyruvate (Fig. 6.8B). Lastly, amino acid degradation contributed a negligible

amount to energy production. Taken together, while the efficiency of production

was higher for the pyruvate-driven phase, it was still relatively low, suggesting

that there is room for platform optimization. This strengthens the importance

of glycolysis and oxidative phosphorylation, and presents a trade-off between

productivity and energy efficiency in CFPS.
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6.4 Discussion

In this study, an ensemble of kinetic cell-free protein synthesis (CFPS) models

was developed using dynamic metabolite measurements from an early glucose

powered Cytomim E. coli cell-free extract. The hybrid cell-free modeling approach

of Wayman and coworkers, [183], which integrates traditional kinetic modeling

with a logic-based description of allosteric regulation, was employed to describe

the time evolution of the CFPS reaction. The ensemble captured dynamic metabo-

lite measurements over two orders of magnitude better than random parameter

sets generated in the same region of parameter space. The ensemble captured

the biphasic time course of CAT production, relying on glucose during the first

hour and pyruvate and lactate following glucose exhaustion. Allosteric control

was essential to the description of the organic acid trajectories; without allosteric

control, pyruvate, lactate, succinate, and malate were predicted to be consumed

more quickly following glucose exhaustion, to power CAT synthesis. However,

CAT production was robust to the removal of allosteric control because the amino

acids and energy species that are reactants for CAT synthesis were also not affected

by allosteric control. The ensemble of kinetic models was then used to analyze the

performance of the CFPS system, and to estimate the pathways most important to

protein production. CAT was produced with an approximate aggregate energy ef-

ficiency of 12%, suggesting that much of the energy resources for protein synthesis

were diverted to non-productive pathways. By knocking out metabolic enzymes

in groups, it was shown that metabolism and protein production in particular de-
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pended upon oxidative phosphorylation and glycolysis /gluconeogenesis. Lastly,

global sensitivity analysis suggested that the translation rate was more important

to protein productivity than transcription. Taken together, this study provides

a foundation for sequence-specific genome scale, dynamic modeling of cell-free

E. coli protein synthesis that could be adapted to model the production of other

proteins and synthetic circuits.

The ensemble of models could serve as a surrogate to rationally design cell-

free production processes to optimize production rate and energy efficiency. In

analyzing the effect of reaction groups on CAT production and the system state, the

regions of metabolism associated with substrate utilization and energy generation

were the most important. Oxidative phosphorylation was vital, since it provided

most of the energetic needs of CFPS. While it is unknown how active oxidative

phosphorylation is compared to that of in vivo systems, this study suggested it was

critical to CFPS performance. However, the biphasic operation of CFPS highlights

the ability of the system to respond to an absence of glucose. During the first phase,

central carbon metabolites accumulated with the majority of flux going toward

acetate and some toward pyruvate, lactate, succinate and malate. While acetate

continued to accumulate as a byproduct, the other organic acids were consumed as

secondary substrates after glucose was no longer available. Glutamate also served

as a substrate throughout both phases, powering amino acid synthesis. These

results confirmed experimental findings that CAT production can be sustained

by other substrates in the absence of glucose, providing alternative strategies

to optimize CFPS performance. While CAT synthesis can be powered by other
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substrates, the productivity was lower (5 µM/h, as opposed to 8 µM/h). This

is in accordance with literature, where pyruvate provided a relatively slow but

continuous supply of ATP [162]. Taken together, this shows CFPS can be designed

towards a specified application, either requiring a slow stable energy source or

faster production.

Presented herein is the first dynamic model of E. coli cell-free protein synthesis.

A hybrid modeling framework was applied to describe an experimental dataset for

production of a model protein [181] and identified system limitations and areas of

improvement for production efficiency. Having captured the system dynamics, ar-

eas of improvement for CFPS performance were investigated. The model predicted

CAT production with an energy efficiency of 10% under glucose consumption

and 14% under pyruvate consumption. The accumulation of glycolytic interme-

diates and byproducts such as acetate and carbon dioxide was responsible for

this sub-optimal performance. If fluxes could be balanced such that intermediates

were fully utilized, CAT production would increase. Theoretical estimations of the

energy efficiency of an in vivo system can be as high as 80%, as found by our group

[181] and others [116]. However, the corresponding experimental values are much

lower; 16% in the case of our experimentally-constrained sequence-specific model

[181]. Knocking out sections of network metabolism revealed that glycolysis/

gluconeogenesis and oxidative phosphorylation were the most important to CAT

production and the system as a whole. Productivity was also heavily dependent on

the synthesis reactions of alanine, aspartate, asparagine, glutamate, and glutamine,

while TCA cycle and overflow reactions affected the system state. These findings

151



represent the first dynamic model of E. coli cell-free protein synthesis, an important

step toward a functional genome scale description of cell-free systems. This work

could be extended through further experimentation to gain a deeper understanding

of system performance under a variety of conditions. Specifically, CAT produc-

tion performed in the absence of amino acids could inform the system’s ability

to synthesize them, while experimentation in the absence of glucose or oxygen

could shed light on the importance of those substrates. Another extension of this

study would be to apply its insights to other protein applications. CAT is only a

test protein used for model identification; the modeling framework, and to some

extent the parameter values, should be protein agnostic. However, it should be

noted that the fully kinetic approach resulted in a model that was computationally

expensive to solve, difficult to characterize, and arduous to interrogate. Future

applications may benefit from alternate modeling strategies. For example, our

group also employed a dynamic constraint-based approach to model CFPS [35].

This involved constraining the problem to hundreds of different combinations of

measurements, and solving the model for each. That approach also captured the

dynamics, and allowed the question of which measurements might best charac-

terize a system to be explored. Approaching that question using the fully kinetic

approach would have been untenable. However, constraint-based approaches

depend on the accuracy of the measurements to which they are constrained. A

kinetic approach can theoretically predict dynamics in the absence of data, if param-

eters are well identified. Taken together, the dynamics of multiphasic metabolism

and protein synthesis in CFPS were accurately captured, and the importance of
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various pathways was interrogated toward improvement of production; however,

other modeling approaches have advantages that make them well suited for future

endeavors.

6.5 Materials and Methods

6.5.1 Cell-free protein synthesis and measurement.

The protein synthesis reaction was conducted using a modified version of the

PANOxSP protocol [82]. Briefly, the protein synthesis reaction was performed

using the S30 extract in 1.5-mL Eppendorf tubes (working volume of 15 µL) and

incubated in a humidified incubator at 37 ◦C. Plasmid pK7CAT was used as the

DNA template for chloramphenical acetyl transferase (CAT) expression by placing

the cat gene between the T7 promoter and the T7 terminator [92]. The plasmid was

isolated and purified using a Plasmid Maxi Kit (Qiagen, Valencia CA). Cell-free

reaction samples were quenched at specific timepoints with equal volumes of

ice-cold 150 mM sulfuric acid to precipitate proteins. Protein synthesis of CAT was

determined from the total amount of 14C-leucine-labeled product by trichloroacetic

acid precipitation followed by scintillation counting as described previously [25].

Samples were centrifuged for 10 min at 12,000g and 4◦C. The supernatant was

collected for high performance liquid chromatography (HPLC) analysis. HPLC

analysis (Agilent 1100 HPLC, Palo Alto CA) was used to separate nucleotides
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and organic acids, including glucose. Compounds were identified and quantified

by comparison to known standards for retention time and UV absorbance (260

nm for nucleotides and 210 nm for organic acids) as described previously [25].

The standard compounds quantified with a refractive index detector included

inorganic phosphate, glucose, and acetate. Pyruvate, malate, succinate, and lactate

were quantified with the UV detector. The stability of the amino acids in the

cell extract was determined using a Dionex Amino Acid Analysis (AAA) HPLC

System (Sunnyvale, CA) that separates amino acids by gradient anion exchange

(AminoPac PA10 column). Compounds were identified with pulsed amperometric

electrochemical detection and by comparison to known standards. More details

are available in the Materials and Methods section of Vilkhovoy et al. [181].

6.5.2 Formulation and solution of the model equations.

Cell-free protein synthesis was modeled using ordinary differential equations

(ODEs) to estimate the time evolution of metabolite (xi), scaled enzyme activity

(εi), transcription (m) and translation (P) in an E. coli cell-free metabolic network:

dxi

dt
=

R
∑
j=1

σijrj (x, ffl, k) i = 1, 2, . . . ,M (6.1)

dεi

dt
= −λiεi i = 1, 2, . . . , E (6.2)

dm
dt

= r̄Tu− r̄d (6.3)

dP
dt

= r̄X (6.4)

154



The quantityR denotes the number of metabolic reactions,M denotes the number

of metabolites and E denotes the number of metabolic enzymes in the model. The

quantity rj (x, ffl, 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 σij denotes the stoichiometric coefficient for

species i in reaction j. If σij > 0, metabolite i is produced by reaction j. Conversely,

if σij < 0, metabolite i is consumed by reaction j, while σij = 0 indicates metabolite

i is not connected with reaction j. Lastly, λi denotes the scaled enzyme activity

decay constant. The system material balances were subject to the initial conditions

x (to) = xo and ffl (to) = 1 (initially we have 100% cell-free enzyme activity).

Metabolic reaction rates were written as the product of a kinetic term (r̄j) and a

control term (vj), rj (x, k) = r̄jvj. We used multiple saturation kinetics to model the

reaction term r̄j:

r̄j = Vmax
j εi ∏

s∈m−j

xs

Kjs + xs
(6.5)

where Vmax
j denotes the maximum rate for reaction j, εi denotes the scaled enzyme

activity which catalyzes reaction j, Kjs denotes the saturation constant for species s

in reaction j, and m−j denotes the set of reactants for reaction j.

The control term 0 ≤ vj ≤ 1 depended upon the combination of factors which

influenced rate process j. For each rate, we used a rule-based approach to select

from competing control factors. If rate j was influenced by 1, . . . , m factors, we

modeled this relationship as vj = Ij
(

f1j (·) , . . . , fmj (·)
)

where 0 ≤ fij (·) ≤ 1 de-
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notes a transfer function quantifying the influence of factor i on rate j. The function

Ij (·) is an integration rule which maps the output of regulatory transfer functions

to a control variable. We used Hill-like transfer functions and Ij ∈ {mean} in

this study [183]. We included 17 allosteric regulation terms, taken from literature,

in the CFPS model. PEP was modeled as an inhibitor for phosphofructokinase

[99, 24], PEP carboxykinase [99], PEP synthetase [99, 32], isocitrate dehydrogenase

[99, 130], and isocitrate lyase/malate synthase [99, 130, 114], and as an activator for

fructose-biphosphatase [99, 39, 67, 68]. AKG was modeled as an inhibitor for citrate

synthase [99, 138, 142] and isocitrate lyase/malate synthase [99, 114]. 3PG was

modeled as an inhibitor for isocitrate lyase/malate synthase [99, 114]. FDP was

modeled as an activator for pyruvate kinase [99, 198] and PEP carboxylase [99, 189].

Pyruvate was modeled as an inhibitor for pyruvate dehydrogenase [99, 85, 8] and

as an activator for lactate dehydrogenase [132]. Acetyl-CoA was modeled as an

inhibitor for malate dehydrogenase [99].

The symbol r̄T denotes the transcription rate, u denotes a promoter specific

activation model, and r̄d denotes the transcript degradation rate. The transcription

rate was modeled as:

r̄T = kT
cat · RT

(
GP

KT
G + GP

)
∏

s∈m−T

xs

KT
s + xs

(6.6)

where kT
cat denotes the maximum transcription rate, RT denotes the RNA poly-

merase concentration, GP denotes the gene concentration, KT
G denotes the gene
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saturation constant, KT
s denotes the saturation constant for species s, and m−T de-

notes the set of reactants for transcription: ATP, GTP, CTP, UTP, and water. In

this study, we considered only the T7 promoter; we have previously estimated

u '0.95 for T7 [181]. Transcription was modeled as saturating with respect to

gene concentration. However, transcription was not considered to result in any

depletion of gene. Transcript degradation was modeled as first-order in transcript:

r̄d = kd ·m (6.7)

where kd denotes the transcript degradation rate constant.

The symbol r̄X denotes the translation rate, which was modeled as:

r̄X = kX
cat · RX

(
m

KX
mRNA + m

)
∏

s∈m−X

xs

KX
s + xs

(6.8)

where kX
cat denotes the maximum translation rate, RX denotes the ribosome con-

centration, m denotes the transcript concentration, KX
mRNA denotes the transcript

saturation constant, KX
s denotes the saturation constant for species s, and m−X de-

notes the set of reactants for translation: GTP, water, and the 20 species representing

tRNA charged with amino acids. Translation was modeled as saturating with

respect to transcript concentration. However, translation was not considered to

result in any depletion of transcript.
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6.5.3 Estimation of kinetic model parameters.

We estimated an ensemble of kinetic parameter sets using a constrained Markov

Chain Monte Carlo (MCMC) random walk strategy. We have used this tech-

nique previously to estimate numerically stable low-error parameter sets for signal

transduction models [168, 169]. Starting from a small number of parameter sets

estimated by inspection and literature, we calculated the cost function, equal to the

sum-squared-error between experimental data and model predictions:

cost =
D
∑
i=1

[
wi

Y2
i

Ti

∑
j=1

(
yij − xi|t(j)

)2
]

(6.9)

where D denotes the number of datasets (D = 37), wi denotes the weight of the

ith dataset, Ti denotes the number of timepoints in the ith dataset, t(j) denotes

the jth timepoint, yij denotes the measurement value of the ith dataset at the jth

timepoint, and xi|t(j) denotes the simulated value of the metabolite corresponding

to the ith dataset, interpolated to the jth timepoint. Lastly, the cost function was

scaled by the maximum experimental value in the ith dataset, Yi = maxj
(
yij
)
. We

then perturbed each model parameter between an upper and lower bound that

varied by parameter type:

knew
i = min (max (ki · exp(a · ri), li) , ui) i = 1, 2, . . . ,P (6.10)
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where P denotes the number of parameters (P = 815), which includes 204 maxi-

mum reaction rates (Vmax), 204 enzyme activity decay constants, 548 saturation

constants (Kjs), and 34 control parameters, knew
i denotes the new value of the ith

parameter, ki denotes the current value of the ith parameter, a denotes a distribution

variance, ri denotes a random sample from the normal distribution, li denotes the

lower bound for that parameter type, and ui denotes the upper bound for that

parameter type. Model parameters were constrained by literature collected using

the BioNumbers database [122]. Transcription, translation, and mRNA degradation

were bounded within a factor of two of their reference values. A characteristic

cell-free enzyme concentration of 170 nM was calculated by diluting the one-tenth

maximal concentration of lacZ (5 µM, BNID 100735) by a cell-free dilution factor

of 30. This enzyme level was then used to calculate rate maxima from turnover

numbers for various enzymes from BioNumbers (Table 6.4). Enzyme levels calcu-

lated from the rate maxima of select reaction fluxes in the best-fit set and catalytic

rates reported in the MOMENT study of Shlomi and coworkers [3] (Table 6.5) had

a median value of 202 nM, well in agreement with this characteristic value. Rate

maxima were bounded within one order of magnitude of the reference value where

available; all other rate maxima were bounded within two orders of magnitude

of the geometric mean of the available values. Enzyme activity decay constants

were bounded between 0 and 1 h-1, corresponding to half lives of infinity and 42

minutes, respectively. Saturation constants were bounded between 0.0001 and 10

mM. Control gain parameters were bounded between 0.05 and 10 (dimensionless),

while order parameters were bounded between 0.02 and 10 (dimensionless).
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For each newly generated parameter set, we re-solved the balance equations

and calculated the cost function. All sets with a lower cost were accepted into the

ensemble. Sets with a higher cost were also accepted into the ensemble, if they

satisfied the acceptance constraint:

Runi f orm
0,1 < exp

(
−α · costnew − cost

cost

)
(6.11)

where Runi f orm
0,1 denotes a random number taken from a uniform distribution

between 0 and 1, cost denotes the cost of the current parameter set, costnew

denotes the cost of the new parameter set, and α denotes a tunable parameter to

control the tolerance to high-error sets. A total of 3,875 sets were accepted into the

initial ensemble, from which we selected N = 100 with minimal error for the final

ensemble.

Lastly, a random ensemble of 100 parameter sets was generated within the

same parameter bounds as the trained ensemble. The randomized parameter sets

were generated using a Monte Carlo approach: each parameter was taken from a

uniform distribution constructed between its upper and lower bounds. The model

equations were then solved and the cost function and the Akaike information

criterion (AIC) were calculated for each of the 37 separate experimental datasets.
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6.5.4 Reaction group knockouts.

The metabolic network was divided into 19 reaction groups: glycolysis/

gluconeogenesis, pentose phosphate, Entner-Doudoroff, TCA cycle, oxidative

phosphorylation, cofactor reactions, anaplerotic/glyoxylate reactions, overflow

metabolism, folate synthesis, purine/pyrimidine reactions, alanine/aspartate/

asparagine synthesis, glutamate/glutamine synthesis, arginine/proline synthesis,

glycine/serine synthesis, cysteine/methionine synthesis, threonine/lysine synthe-

sis, histidine synthesis, tyrosine/tryptophan/phenylalanine synthesis, and valine/

leucine/isoleucine synthesis. Each reaction group and pair of reaction groups were

removed and the model was re-solved; the CAT productivity was then calculated

and subtracted from that of the base case (no knockouts):

Pii = |∆CAT− ∆CAT∆Ri | (6.12)

Pij = |∆CAT− ∆CAT∆Ri∆Rj | (6.13)

Ptotal
i = Pii + ∑

j
Pij (6.14)

where Pii denotes the first-order productivity knockout effect for reaction group i,

Pij denotes the pairwise productivity knockout effect for reaction groups i and j,

Ptotal
i denotes the total-order productivity knockout effect for reaction group i, ∆CAT

denotes the base case CAT productivity, ∆CAT∆Ri denotes the CAT productivity

when reaction group i is knocked out, ∆CAT∆Ri∆Rj denotes the CAT productivity
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when reaction groups i and j are knocked out, and |x| denotes the absolute value

of x. The system state, defined as the model predictions for all species for which

experimental data exists, was also recorded for each knockout and compared to

the base case:

Sii = ||xdata − xdata
∆Ri
||2 (6.15)

Sij = ||xdata − xdata
∆Ri∆Rj

||2 (6.16)

Stotal
i = Sii + ∑

j
Sij (6.17)

where Sii denotes the first-order system state knockout effect for reaction group i,

Sij denotes the pairwise system state knockout effect for reaction groups i and j,

Stotal
i denotes the total-order system state knockout effect for reaction group i, xdata

denotes the base-case system state, xdata
∆Ri

denotes the system state when reaction

group i is knocked out, xdata
∆Ri∆Rj

denotes the system state when reaction groups i

and j are knocked out, and ||x||2 denotes the l2 norm of x. In order to not dominate

the colorbar, the total-order knockout effects were normalized to the same ranges

as the main arrays (first-order and pairwise effects).
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6.5.5 Sensitivity of CAT productivity to transcription and trans-

lation.

The catalytic rates of transcription and translation were sampled within one order

of magnitude on each side from the best-fit values. The parameter bounds were set

as the base-10 logarithms of the upper and lower bound for each rate; then, 10 was

taken to the power of each parameter sample to obtain the catalytic rates:

kT,sample
cat ∈

[
log10

(
kT,b f

cat /10
)

, log10

(
kT,b f

cat ∗ 10
)]

(6.18)

kX,sample
cat ∈

[
log10

(
kX,b f

cat /10
)

, log10

(
kX,b f

cat ∗ 10
)]

(6.19)

∆CAT = f
(

10kT,sample
cat , 10kX,sample

cat

)
(6.20)

where kT,sample
cat denotes the sample of the transcription catalytic rate, kX,sample

cat

denotes the sample of the translation catalytic rate, kT,b f
cat denotes the best-fit value of

the transcription catalytic rate, and kX,b f
cat denotes the best-fit value of the translation

catalytic rate. The sampling was performed using the Sensitivity Analysis Library

in Python (Numpy) with 3,000 samples [65].
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6.5.6 Calculation of energy efficiency.

Energy efficiency was calculated as the ratio of transcription and translation

(weighted by the appropriate energy species coefficients) to ATP generation:

Efficiency =
∆τmRNA · αT + ∆τCAT · αX

∑
j∈{RATP}

∫

τ
σATP

j r̄j

(6.21)

αT = 2 · (ATPT + CTPT + GTPT + UTPT) (6.22)

αX = 2 ·ATPX + GTPX (6.23)

where ∆τmRNA denotes the net accumulation of mRNA in phase τ (first, second,

or overall), ∆τCAT denotes the net accumulation of protein in phase τ, αT denotes

the energy cost of transcription, αX denotes the energy cost of translation, RATP

denotes the set of ATP-producing reactions, and σATP
j denotes the ATP coefficient

for reaction j. ATPT, CTPT, GTPT, UTPT denote the stoichiometric coefficients of

each energy species for transcription, and ATPX, GTPX denote the stoichiometric

coefficients of ATP and GTP for translation. During transcription and tRNA charg-

ing, triphosphate molecules are consumed with monophosphates as byproducts;

this is the reason for the factors of 2 on ATPT, CTPT, GTPT, UTPT, and ATPX.
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6.5.7 Availability of model code.

The cell-free model equations and the parameter estimation procedure were imple-

mented in the Julia programming language [16]. The model equations were solved

using the CVODE solver of the SUNDIALS suite [66], with an absolute tolerance

and relative tolerance of 1e−9; any parameter sets exhibiting CVODE errors were

discarded. Thus, the numerical stability of all parameter sets in the ensemble was

ensured. The model code and parameter ensemble is freely available under an MIT

software license and can be downloaded from the Varnerlab website [179].
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Table 6.1: Breakdown of ATP generation. Flux through ATP-generating pathways
in the first and second phases as percentages of total ATP generation in that phase.

Name Index Reaction Phase 1 Phase 2

R pgk 12 13DPG + ADP →
3PG + ATP 14% 21%

R pyk 18 ADP + PEP →
ATP + PYR 16% <1%

R sucCD 45 ADP + Pi + SUCCOA →
ATP + COA + SUCC 3% 5%

R atp 55 ADP + Pi + 4 He →
ATP + 4 H + H2O 54% 46%

R ackA 68 ACTP + ADP →
AC + ATP 12% 28%

R asn deg 102 ASN + AMP + PPi →
NH3 + ASP + ATP <1% <1%

R thr deg3 109 THR + Pi + ADP →
NH3 + FOR + ATP + PROP <1% <1%
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Table 6.2: Breakdown of ATP consumption. Flux through ATP-consuming path-
ways in the first and second phases as percentages of total ATP consumption in
that phase.

Name Index Reaction Phase 1 Phase 2

R glk atp 1 ATP + GLC →
ADP + G6P + H 22% <1%

R pfk 4 ATP + F6P →
ADP + FBP 24% <1%

R pps 22 ATP + H2O + PYR →
AMP + PEP + Pi

1% 1%

R acs 70 AC + ATP + COA →
ACCOA + AMP + PPi

8% 19%

R glnA 86 GLU + ATP + NH3 →
GLN + ADP + Pi

1% 2%

R atp amp 152 ATP + H2O →
AMP + PPi

6% 13%

R udp utp 160 UDP + ATP →
UTP + ADP 3% 6%

R cdp ctp 161 CDP + ATP →
CTP + ADP 4% 8%

R gdp gtp 162 GDP + ATP →
GTP + ADP 3% 4%

R atp ump 163 ATP + UMP →
ADP + UDP 1% 3%

R atp cmp 164 ATP + CMP →
ADP + CDP 2% 3%

R adk atp 166 AMP + ATP →
2 ADP 18% 35%

tRNA
charg-
ing

185-204 AA + tRNA + ATP + H2O →
AA·tRNA + AMP + PPi

2% 2%

Other 4% 4%
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Table 6.3: Mean and standard deviation of Akaike information criterion (AIC), by
measurement, for the ensemble and random ensemble.

Measurement ¯Ens
AIC œEns

AIC ¯Rand
AIC œRand

AIC ¯Rand
AIC − ¯Ens

AIC

GLC 65.4 2.1 103.9 0.6 38.5
CAT -23.0 10.5 -5.2 <0.1 17.8
PYR 64.8 10.3 84.7 0.7 19.9
LAC 70.7 4.5 88.9 <0.1 18.2
AC 79.4 6.0 96 2.1 16.6
SUCC 59.6 3.4 55.5 4.1 -4.1
MAL 60.8 4.1 71.6 6.3 10.8
ATP 51.1 3.3 69.1 <0.1 18.0
ADP 39.8 3.7 53.2 4.7 13.4
AMP 32.9 1.5 75.1 5.7 42.2
GTP 53.4 1.6 68.2 <0.1 14.8
GDP 45.7 2.9 43.6 9.5 -2.1
GMP 46.5 4.2 46.1 12.5 -0.4
CTP 44.9 2.6 58.5 <0.1 13.7
CDP 38.8 1.6 50.7 8.2 11.8
CMP 32.1 4.0 51.9 9.1 19.8
UTP 55.6 5.2 53 <0.1 -2.7
UDP 28.2 4.6 51.9 11.5 23.6
UMP 35.3 3.3 72.3 7.3 36.9
ALA 66.4 4.4 100.5 1.1 34.1
ASN 53.7 1.5 67.6 3.8 13.8
ASP 65.9 2.5 79.5 <0.1 13.6
CYS 60.5 3.1 74 <0.1 13.5
GLN 54.3 5.6 84.7 <0.1 30.4
GLY 47.2 12.7 75.5 11.7 28.3
HIS 46.3 6.2 43.2 3.2 -3.2
ILE 53.3 3.8 48.4 4.8 -5.0
LEU 41.5 6.5 52.5 4.6 10.9
LYS 68.4 2.0 73.9 0.2 5.5
MET 55.9 1.0 57.4 4 1.5
PHE 43.4 5.9 57.7 8.3 14.3
PRO 54.4 2.8 47.9 6.7 -6.5
SER 65.9 4.1 81.4 <0.1 15.6
THR 28.2 5.5 63.2 14.9 35.0
TRP 31.2 5.7 79.9 1.4 48.6
TYR 39.3 2.0 36.7 5.4 -2.6
VAL 51.3 3.1 55.5 4.6 4.1
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Table 6.4: Reference values for reaction rate maxima (Vmax) from BioNumbers.
Vmax values calculated from turnover numbers (kcat) from BioNumbers, and a
characteristic enzyme concentration of 170 nM. Characteristic rate maximum for
all other reactions calculated as geometric mean of calculated rate maxima.

.
Enzyme Reaction kcat (min-1) Vmax (mM/h) BNID#

Serine dehydrase R ser deg 10400 104 101119
Isocitrate dehydrogenase R icd 11900 119 101152
Lactate dehydrogenase R ldh 5800 58 101036

Aspartate transaminase
R aspC
R tyr
R phe

25800 258 101108

Enolase R eno 13200 132 101028

Pyruvate kinase R pyk 25000 250 101029
101030

Malic enzyme R maeA
R maeB 35400 354 101167

Phosphofructokinase R pfk 554400 5544 104955
Malate dehydrogenase R mdh 33000 330 101163
Citrate Synthase R gltA 42000 420 101149

6PG dehydrogenase
R zwf
R pgl
R gnd

3200 32 101048

Succinate dehydrogenase R sdh 121 1.21 101162
Succinyl-coA synthetase R sucCD 4700 47 101158
3PGA dehydrogenase R gpm 1100 11 101135
PEP carboxylase R ppc 35400 354 101139
3PGA kinase R pgk 4300 43 101016
Characteristic Vmax 110
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Table 6.5: Enzyme levels for key reaction fluxes, calculated from enzyme turnover
numbers [3] and rate maxima from the best-fit set.

.

Enzyme Reaction kcat (min-1),
MOMENT

Vmax (mM/h),
best-fit set

Enzyme
Level (nM),
calculated

Isocitrate dehydrogenase R icd 1700 37 356
Lactate dehydrogenase R ldh 52500 35 11
Aspartate transaminase R aspC 4900 39 130
Pyruvate kinase R pyk 8100 610 1250
Malic enzyme R maeA 8100 46 96
Malic enzyme R maeB 4000 66 274
Phosphofructokinase R pfk 5000 15600 51800
Malate dehydrogenase R mdh 43700 33 13
Succinate dehydrogenase R sdh 10000 4.9 8.2
Succinyl-coA synthetase R sucCD 1500 250 2690
Median 202
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Table 6.6: Reference values for transcription, translation, and mRNA degradation
from literature. Transcription rate calculated from elongation rate, mRNA length,
and promoter activity level. Translation rate calculated from elongation rate,
protein length, and polysome amplification constant. mRNA degradation rate
calculated from mRNA degradation time.

Description Parameter Value Units Reference

T7 RNA polymerase concentration RT 1.0 µM
Ribosome concentration RX 2 µM [52]
Transcription saturation coefficient KT 100 nM estimated
Translation saturation coefficient KX 45 µM estimated
Transcription elongation rate v̇T 25 nt/s [52]
CAT mRNA length lG 660 nt [92]
Promoter activity level u 0.9 estimated

Transcription rate kT
cat =

(
v̇T

lG

)
u 123 h-1 calculated

Translation elongation rate v̇X 1.5 aa/s [52]
CAT protein length lP 219 aa [92]
Polysome amplification constant KP 10 estimated

Translation rate kX
cat =

(
v̇X

lP

)
KP 247 h-1 calculated

mRNA degradation time t1/2 8 min BNID 106253

mRNA degradation rate kdeg =
ln(2)
t1/2

5.2 h-1 calculated

ATP transcription coefficient ATPT 176 calculated
CTP transcription coefficient CTPT 144 calculated
GTP transcription coefficient GTPT 151 calculated
UTP transcription coefficient UTPT 189 calculated
ATP tRNA charging coefficient ATPX 219 calculated
GTP translation coefficient GTPX 438 calculated
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CHAPTER 7

JUPOETS: A CONSTRAINED MULTIOBJECTIVE OPTIMIZATION

APPROACH TO ESTIMATE BIOCHEMICAL MODEL ENSEMBLES IN THE

JULIA PROGRAMMING LANGUAGE

7.1 Abstract

1 Ensemble modeling is a promising approach for obtaining robust predictions

and coarse grained population behavior in deterministic mathematical models.

Ensemble approaches address model uncertainty by using parameter or model

families instead of single best-fit parameters or fixed model structures. Parameter

ensembles can be selected based upon simulation error, along with other criteria

such as diversity or steady-state performance. Simulations using parameter ensem-

bles can estimate confidence intervals on model variables, and robustly constrain

model predictions, despite having many poorly constrained parameters. In this

software note, we present a multiobjective based technique to estimate param-

eter or models ensembles, the Pareto Optimal Ensemble Technique in the Julia

programming language (JuPOETs). JuPOETs integrates simulated annealing with

Pareto optimality to estimate ensembles on or near the optimal tradeoff surface

between competing training objectives. We demonstrate JuPOETs on a suite of

multiobjective problems, including test functions with parameter bounds and sys-

1Adapted with permission from Bassen DM, Vilkhovoy M, Minot M, Butcher JT and Varner
JD, ”JuPOETs: a constrained multiobjective optimization approach to estimate biochemical model
ensembles in the Julia programming language” (2017) BMC Systems Biology, 11(10).
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tem constraints as well as for the identification of a proof-of-concept biochemical

model with four conflicting training objectives. JuPOETs identified optimal or near

optimal solutions approximately six-fold faster than a corresponding implementa-

tion in Octave for the suite of test functions. For the proof-of-concept biochemical

model, JuPOETs produced an ensemble of parameters that gave both the mean of

the training data for conflicting data sets, while simultaneously estimating parame-

ter sets that performed well on each of the individual objective functions. JuPOETs

is a promising approach for the estimation of parameter and model ensembles

using multiobjective optimization. JuPOETs can be adapted to solve many problem

types, including mixed binary and continuous variable types, bilevel optimization

problems and constrained problems without altering the base algorithm. JuPOETs

is open source, available under an MIT license, and can be installed using the Julia

package manager from the JuPOETs GitHub repository

7.2 Introduction

Ensemble modeling is a promising approach for obtaining robust predictions and

coarse grained population behavior in deterministic mathematical models. It is

often not possible to uniquely identify all the parameters in biochemical models,

even when given extensive training data [50]. Thus, despite significant advances

in standardizing biochemical model identification [54], the problem of estimat-

ing model parameters from experimental data remains challenging. Ensemble
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approaches address parameter uncertainty in systems biology and other fields like

weather prediction [14, 100, 21, 135] by using parameter families instead of single

best-fit parameter sets. Parameter families can be selected based upon simulation

error, along with other criteria such as diversity or steady-state performance. Sim-

ulations using parameter ensembles can estimate confidence intervals on model

variables, and robustly constrain model predictions, despite having many poorly

constrained parameters [59, 158]. There are many techniques to generate parameter

ensembles. Battogtokh et al., Brown et al., and later Tasseff et al. generated experi-

mentally constrained parameter ensembles using a Metropolis-type random walk

[14, 21, 168, 169]. Liao and coworkers developed methods to generate ensembles

that all approach the same steady-state, for example one determined by fluxomics

measurements [174]. They have used this approach for model reduction [? ], strain

engineering [33, 165] and to study the robustness of non-native pathways and

network failure [105]. Maranas and coworkers have also applied this method to

develop a comprehensive kinetic model of bacterial central carbon metabolism,

including mutant data [91]. We and others have used ensemble approaches, gen-

erated using both sampling and optimization techniques, that have robustly sim-

ulated a wide variety of signal transduction processes [112, 158, 168, 169, 125],

neutrophil trafficking in sepsis [157], patient specific coagulation behavior [111],

uncertainty quantification in metabolic kinetic models [5] and to capture cell to cell

variation [106]. Further, ensemble approaches have been used in synthetic biology

to sample possible biocircuit configurations [134]. Thus, ensemble approaches are

widely used to robustly simulate a variety of biochemical systems.
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Identification of biochemical models requires significant training data perhaps

taken from diverse sources. These real-world data sets often contain intrinsic con-

flicts resulting from, for example, the use of different cell lines, different measure-

ment technologies, different reagent vendors or lots, uncontrollable experimental

artifacts or general cross laboratory variability. Parameter ensembles that optimally

balance these inherent conflicts lead to more robust model performance. Multiob-

jective optimization is an ensemble generation technique that naturally balances

conflicts in noisy training data [63]. Multiobjective optimization has been used to

identify signal transduction models [106, 158], for the design of synthetic circuits

[134], to design the folding behaviors of novel RNAs [166], to design bioprocesses

[151], and to understand bacterial adaptation [7]. Thus, it is a widely used ap-

proach for a variety of biochemical applications. Previously, we developed the

Pareto Optimal Ensemble Technique (POETs) algorithm to address the challenge of

competing or conflicting training objectives. POETs, which integrates simulated

annealing (SA) and multiobjective optimization through the notion of Pareto rank,

estimates parameter ensembles which optimally trade-off between competing (and

potentially conflicting) experimental objectives [155]. However, the previous im-

plementation of POETs, in the Octave programming language [41], suffered from

poor performance and was not configurable. For example, Octave-POETs does not

accommodate user definable objective functions, bounds and problem constraints,

cooling schedules, different variable types e.g., a mixture of binary and continuous

design variables or custom diversity generation routines. Octave-POETs was also

not well integrated into a package or source code management (SCM) system.
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Thus, upgrades to the approach containing new features, or bug fixes were not

centrally managed.

7.3 Implementation

In this software note, we present an open-source implementation of the Pareto op-

timal ensemble technique in the Julia programming language (JuPOETs). JuPOETs

takes advantage of the unique features of Julia to address many of the shortcom-

ings of the previous implementation. Julia is a cross-platform, high-performance

programming language for technical computing that has performance comparable

to C but with syntax similar to MATLAB/Octave and Python [16]. Julia also offers

a sophisticated compiler, distributed parallel execution, numerical accuracy, and

an extensive function library. Further, the architecture of JuPOETs takes advantage

of the first-class function type in Julia allowing user definable behavior for all key

aspects of the algorithm, including objective functions, custom diversity generation

logic, linear/non-linear parameter constraints (and parameter bounds constraints)

as well as custom cooling schedules. Julia’s ability to naturally call other languages

such as Python or C also allows JuPOETs to be used with models implemented in

a variety of languages across many platforms. Additionally, Julia offers a built-in

package manager which is directly integrated with GitHub, a popular web-based

Git repository hosting service offering distributed revision control and source code

management. Thus, JuPOETs can be adapted to many problem types, including
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mixed binary and continuous variable types, bilevel problems and constrained

problems without altering the base algorithm, as was required in the previous

POETs implementation.

7.3.1 JuPOETs optimization problem formulation.

JuPOETs solves the K−dimensional constrained multiobjective optimization prob-

lem:

min
p





O1 (x(t, p), p)

...

OK (x(t, p), p)

(7.1)

subject to the model equations and constraints:

f(t, x(t, p), ẋ(t, p), u(t), p) = 0

g1 (t, x(t, p), u(t), p) ≥ 0

...

gC (t, x(t, p), u(t), p) ≥ 0

and parameter bound constraints:

L ≤ p ≤ U
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The quantity Oj denotes the jth objective function (j = 1, 2, . . . ,K), typically the

sum of squared errors for the jth data set for biochemical modeling applications.

The terms f(t, x(t, p), ẋ(t, p), u(t), p) denote the system of model equations (e.g.,

differential equations, differential algebraic equations or linear/non-linear alge-

braic equations) where p denotes the decision variable vector e.g., unknown model

parameters (D× 1). In typical biochemical modeling applications, the model equa-

tions f (·) are a system of continuous real-valued non-linear differential equations

that comprise a kinetic model, but other types of models e.g., stoichiometric models

are also common. The quantity t denotes time, x (t, p) denotes the model state

(with an initial state x0), and u(t) denotes an input vector. The decision variables

(e.g., kinetic parameters) can be subject to bounds constraints, where L and U
denote the lower and upper bounds, respectively as well as C problem specific

constraints gi (t, x(t, p), u(t), p) , i = 1, . . . , C. The decision variables p are typically

real-valued kinetic constants, or metabolic fluxes in the case of stoichiometric mod-

els. However, other variables types e.g., binary or categorical decision variables

can also be accommodated.

JuPOETs integrates simulated annealing (SA) [97] with Pareto ranking to esti-

mate decision variables on or near the optimal tradeoff surface between competing

objectives (Fig. 7.1 and Algorithm 1). A tradeoff surface defines the best possible

performance for every conflicting objective, such that an increase in the perfor-

mance of one objective does not decrease the performance of at least one other

objective. Pareto rank is a scalar measure of distance away from the optimal trade-

off surface (low rank is near the surface, while higher ranks are progressively
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k : parameter vector
E(k) : multi-objective cost function vector 
 (E(k)=(E1(k),E2(k),...,EN(k)))
K : an archive of the current estimate of the ensemble
rank(k|K) : a Pareto-optimal rank based dominance  
         measure 

k = kinit % the starting point of parameters
T = T0 % initial annealing temperature

Repeat
 knew = perturb (kcurrent) 
 % Generate a new parameter guess (random
 walk or local search)  
 Calculate E(knew) and rank(knew|K)
 Paccept(knew, kcurrent) ≡ exp{-rank(knew|K) / T}
 if  Paccept(knew, kcurrent) > rand(0,1)
  Move to knew
  Update the archive K
 endif
 T=annealing(T)
EndRepeat (until the termination condition is satisfied)

k1

k2

kn

Parameter Space

obj1

obj2

objm

Objective function Space

“Pareto-optimal front”

random walk

pi

pj

Parameter space Objective space

Figure 7.1: Schematic of multiobjective parameter mapping. The performance of
any given parameter set is mapped into an objective space using a ranking function
which quantifies the quality of the parameters. The distance away from the optimal
tradeoff surface is quantified using the Pareto ranking scheme of Fonseca and
Fleming in JuPOETs.

further away). Thus, the central idea underlying POETs is a mapping between the

value of the objective vector evaluated at pi+1 (decision variable guess at iteration

i + 1) and the scalar Pareto rank (Fig. 7.1). Traditional simulated annealing uses

a scalar performance value e.g., simulation error to make a probabilistic decision

to keep or reject a set of decision variables; decision variables with better perfor-

mance are always accepted, while those with worse performance are sometimes

accepted depending upon a parameter called the temperature. On the other hand,

JuPOETs makes this same decision using the Pareto rank instead of a single per-

formance objective. The problem of estimating biochemical model parameters

from experimental data is typically posed as an error minimization problem over

continuous real-valued decision variables (model parameters) subject to the model

equations. A parameter set pi+1 lies along the optimal tradeoff surface if no other
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parameter guess leads to decreased error for every objective. JuPOETs calculates

the performance of a candidate parameter set pi+1 by calling the user defined

objective function; objective takes a parameter set as an input, evaluates the

model equations, and using this solution, returns the K× 1 objective vector. Can-

didate parameter sets are generated by the user supplied neighbor function; the

default implementation of neighbor is a random perturbation, however other per-

turbation logic can be implemented by the user. The error vector associated with

pi+1 is ranked using the builtin Pareto rank function, by comparing the error at

iteration i + 1 to the error archive Oi (all error vectors up to iteration i meeting a

ranking criterion). Parameter sets on or near the optimal trade-off surface between

the objectives have a rank equal to 0 (no other current parameter sets are better).

These rank zero parameter sets define the Pareto optimal group for the ensemble,

wherein Pareto optimality is defined as a parameter set not being dominated by

any other sets within the ensemble. Sets with increasing non-zero rank are pro-

gressively further away from the optimal trade-off surface. Thus, a parameter set

with a rank = 0 is better in a trade-off sense than rank > 0. We implemented the

Fonseca and Fleming ranking scheme in the builtin rank function [46]:

rank (Oi+1 (pi+1) | Oi) = r (7.2)

where rank r is the number of parameter sets that dominate (are better than)

parameter set pi+1, and Oi+1 (pi+1) denotes the objective vector evaluated at pi+1.

We used the Pareto rank to inform the SA calculation. The parameter set pi+1
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was accepted or rejected by the SA at each iteration, by calculating an acceptance

probability P (pi+1):

P(pi+1) ≡ exp {−rank (Oi+1 (pi+1) | Oi) /T} (7.3)

where T is the simulated annealing temperature; the temperature provides control

over how strictly decreasing Pareto rank is enforced. As rank (Oi+1 (pi+1) | Oi)→
0, the acceptance probability moves toward one, ensuring that we explore parame-

ter sets along the Pareto surface. Occasionally, (depending upon T) a parameter

set with a high Pareto rank is accepted by the SA allowing a more diverse search

of the parameter space. However, as T is reduced as a function of iteration count

(using the cooling function), the probability of accepting a high-rank set decreases.

Parameter sets could also be accepted by the SA but not permanently archived in

Si, where Si is the solution archive. Only parameter sets with rank less than or

equal to a threshold (rank ≤4 by default) are included in Si, where the archive is

re-ranked and filtered after accepting every new parameter set. Parameter bounds

were implemented in the neighbor function as box constraints, while problem

specific constraints were implemented in objective using a penalty method:

Oi + λ
C
∑
j=1

min
{

0, gj (t, x(t, p), u(t), p)
}

i = 1, . . . ,K (7.4)

where λ denotes the penalty parameter (λ = 100 by default). However, because

both the neighbor and objective functions are user defined, different constraint
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implementations are easily defined.

To use JuPOETs, the user specifies the neighbor, acceptance, cooling and

objective functions along with an initial decision variable guess. Default im-

plementations of the neighbor, acceptance and cooling functions can be used

directly, or they can be overridden by user defined logic. However, the user must

provide an implementation of the objective function and provide an initial deci-

sion variable guess. Lastly, if the user is operating JuPOETs in hybrid mode, then

a refinement function pointer must also be specified. Hybrid mode temporarily

switches the search from a multiobjective to a single objective problem, where the

sum of the objective functions can be used to update the best (or initial) param-

eter guess. The specific hybrid mode search logic is up to the user; by default

hybrid mode is off, and the default refinement implementation is simply a pass

through function. However, we have shown previously that POETs operated in

hybrid mode (where the single objective problem used a pattern search approach)

had better performance that POETs alone [155]. Thus, hybrid mode is generally

recommended for most applications. In addition, there are several user config-

urable parameters that can be adjusted to control the performance of JuPOETs:

maximum number of iterations controls the number of iterations per temperature

(default 20); rank cutoff controls the upper rank bound on the solution archive

(default 5); temperature min controls the minimum temperature after which JuPO-

ETs returns the error and solution archives (default 0.001); show trace controls the

level of output shown to the user (default true). After the completion of the run,

JuPOETs returns the parameter solution archive S , objective archive O and rank
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archive R. The parameter solution archive S contains is an D ×A array, where

A denotes the number of solutions in the archive when JuPOETs terminated. On

the other hand, the objective archive O is an K ×A array containing the perfor-

mance values for each objective corresponding the columns of S . Lastly, JuPOETs

returns the rank archiveR which is an A× 1 array of Pareto ranks corresponding

to the columns of S . One technical note, if JuPOETs is run from multiple starting

locations, and the archives from each of these runs is combined into a single collec-

tive archive, the combined parameter rank archive may become invalid. In these

cases, it is required to re-rank the parameter sets using the built-in rank function to

produce a collective parameter ranking.

7.4 Availability of data and materials

JuPOETs is open source, available under an MIT software license. The JuPO-

ETs source code is freely available from the JuPOETs GitHub repository at

https://github.com/varnerlab/POETs.jl. All samples used in this study are in-

cluded in the sample/biochemical and sample/test functions subdirectories of

the JuPOETs GitHub repository.
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input :User specified objective function, and initial guess (D × 1). User can also specify custom neighbor,
acceptance. cooling and refinement functions or use the default functions provided.

Output :Rank archiveR (A× 1), parameter solution archive S (D ×A) and objective archive O (K×A), where A
denotes the number of accepted solutions

1 initialize: R, S and O using initial guess po ;
2 initialize: T←1.0;
3 initialize: Tmin ←1/10000;
4 initialize: Maximum number of steps per temperature I ;

// Call to local refinement function (single objective problem)
5 po ← user-function:refinement(po);

6 while T > Tmin do
7 i← 1;
8 while i< I do

// Generate a new parameter solution using user neighbor function
9 pi+1 ← user-function::neighbor(p∗);

// Evaluate pi+1 using user objective function
10 oi+1 ← user-function::objective(pi+1);

11 Add pi+1 to solution archive S ;
12 Add oi+1 to objective archive O;

// Calculate Pareto rank of solutions in O using builtin rank function
13 R ← builtin-function::rank(O);

// Accept pi+1 into the archive with user defined probability
14 P ← user-function::acceptance(R,T);
15 if P >rand then

// Update the best solution with pi+1
16 p∗ ← pi+1;
17 prune S ,R and O of all solutions above a rank threshold;
18 else
19 Remove pi+1 from solution archive S ;
20 Remove oi+1 from error archive O;
21 end

22 i← i + 1;
23 end

// Update T using the user cooling function
24 T← user-function::cooling(T);
25 end

Algorithm 1: Pseudo-code for the JuPOETs run-loop. The user must specify the objective
function and an initial parameter guess. The user can optionally specify the neighbor,
acceptance, cooling and refinement functions (or use the default implementations). The rank
archiveR, solution archive S and objective archive O are initialized from the initial guess. The
initial guess (potentially following a single objective local refinement step) is perturbed in the
neighbor function, which generates a new solution whose performance is evaluated using the
user supplied objective function. The new solution and objective values are then added to the
respective archives and ranked using the builtin rank function. If the new solution is accepted
(based upon a probability calculated with the user supplied acceptance function) it is added
to the solution and objective archive. This solution is then perturbed during the next iteration
of the algorithm. However, if the solution is not accepted, it is removed from the archive and
discarded. The temperature is adjusted using the user supplied cooling function after each I
iterations. When JuPOETs terminates, the parameter solution archive S , objective archive O and
rank archiveR are returned to the caller.
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7.5 Results and Discussion

JuPOETs identified optimal or nearly optimal solutions significantly faster than

Octave-POETs for a suite of multiobjective algebraic test problems (Table 7.1). The

algebraic test problems were constrained non-linear functions with bound con-

straints and additional non-linear constraints on the decision variables in one case.

The problems had up to three-dimensional continuous real-valued decision vectors,

and each case had two objective functions. The wall-clock time for JuPOETs and

Octave-POETs was measured for 10 independent trials for each of the test problems.

The same cooling, neighbor, acceptance, and objective logic was employed be-

tween the implementations, and all other parameters were held constant. For each

test function, the search domain was partitioned into 10 segments, where an initial

parameter guess was drawn from each partition. The number of search steps for

each temperate was I = 10 for all cases, and the cooling parameter was α = 0.9.

On average, JuPOETs identified optimal or near optimal solutions for the suite

of test problems six-fold faster (60s versus 400s) than Octave-POETs (Fig. 7.2).

JuPOETs produced the characteristic tradeoff curves for each test problem, given

both decision variable bound and problem constraints (Fig. 7.3). Thus, JuPOETs

estimated an ensemble of solutions to constrained multiobjective algebraic test

problems significantly faster than the current Octave implementation. Next, we

tested JuPOETs on a proof-of-concept biochemical model identification problem.

JuPOETs estimated an ensemble of biochemical model parameters that were

consistent with the mean of synthetic training data (Fig. 7.4). Four synthetic train-
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FunctionName Dimension Domain Constraints

Binh and Korn 
function 2

O1 (x, y) = 4x2 + 4y2

O2 (x, y) = (x� 5)
2

+ (y � 5)
2

0  x  5

0  y  3

g1 (x, y) = (x� 5)
2

+ y2  25

g2 (x, y) = (x� 8)
2

+ (y + 3)
2 � 7.7

Fonseca and 
Fleming function 3 �4  xi  4O1 (xi) = 1� exp

 
�

NX

i=1

✓
xi �

1p
N

◆2
!

O2 (xi) = 1� exp

 
�

NX

i=1

✓
xi +

1p
N

◆2
!

Schaffer 
function 1

O1 (x) = x2

O2 (x) = (x� 2)
2

�10  x  10

Table 7.1: Multi-objective optimization test problems. We tested the JuPOETs
implementation on three two-dimensional test problems, with one-, two- and three-
dimensional parameter vectors. Each problem had parameter bounds constraints,
however, on the Binh and Korn function had additional non-linear problem con-
straints. For the Fonesca and Fleming problem, N = 3.

ing data sets were generated from a prototypical biochemical network consisting

of 6 metabolites and 7 reactions (Fig. 7.4, inset right). We considered a common

case in which the same extracellular measurements of Ae, Be, Ce and cellmass were

made on four hypothetical cell types, each having the same biological connectivity

but different performance. Network dynamics were modeled using the hybrid

cybernetic model with elementary modes (HCM) approach of Ramkrishna and

coworkers [95]. In the HCM approach, metabolic networks are first decomposed

into a set of elementary modes (EMs) (chemically balanced steady-state pathways,

see [150]). Dynamic combinations of elementary modes are then used to character-

ize network behavior. Each elementary mode is catalyzed by a pseudo enzyme;

thus, each mode has both kinetic and enzyme synthesis parameters. The proof of

concept network generated 6 EMs, resulting in 13 model parameters (continuous
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Figure 7.2: The performance of JuPOETs on the multi-objective test suite. The
execution time (wall-clock) for JuPOETs and POETs implemented in Octave was
measured for 10 independent trials for the suite of test problems. The number
of steps per temperature I = 10, and the cooling parameter α = 0.9 for all cases.
The problem domain was partitioned into 10 equal segments, an initial guess was
drawn from each segment. For each of the test functions, JuPOETs estimated
solutions on (rank zero solutions, black) or near (gray) the optimal tradeoff surface,
subject to bounds and problem constraints.

real-valued decision variables). The synthetic training data was generated by

randomly varying these parameters.

The general form of the biochemical test problem was given by:

min
p

(O1, . . . , OK) (7.5)

subject to model and bounds constraints. We considered four training data sets
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Figure 7.3: Representative JuPOETs solutions for problems in the multi-objective
test suite. The number of steps per temperature I = 10, and the cooling parameter
α = 0.9 for all cases. The problem domain was partitioned into 10 equal segments,
an initial guess was drawn from each segment. For each of the test functions,
JuPOETs estimated solutions on (rank zero solutions, black) or near (gray) the
optimal tradeoff surface, subject to bounds and problem constraints.

(K = 4), each of which contained time-series measurements of Ae, Be, Ce and

cellmass. Each objective Oj, j = 1, . . . ,K quantified the squared difference between

the simulated (xi) and measured extracellular species abundance (yi) in the jth data

set:

Oj = ∑
i

∑
τ

(xi(τ)− yi(τ))
2 j = 1, . . . ,K (7.6)

where, i denotes the species index and τ denotes the time index. The abundance of

extracellular species i (xi), the pseudo enzyme el (catalyzes flux through mode l),
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Figure 7.4: Proof of concept biochemical network study. Inset right: Prototypical
biochemical network with six metabolites and seven reactions modeled using
the hybrid cybernetic approach (HCM). Intracellular cellmass precursors A, B,
and C are balanced (no accumulation) while the extracellular metabolites Ae, Be,
and Ce are dynamic. The oval denotes the cell boundary, qj is the jth flux across
the boundary, and vk denotes the kth intracellular flux. Four data sets (each
with Ae, Be,Ce and cellmass measurements) were generated by varying the kinetic
constants for each biochemical mode. Each data set was a single objective in the
JuPOETs procedure. A: Ensemble simulation of extracellular substrate Ae and
cellmass versus time. B: Ensemble simulation of extracellular substrate Be and Ce
versus time. The gray region denotes the 95% confidence estimate of the mean
ensemble simulation. The data points denote mean synthetic measurements, while
the error bars denote the 95% confidence estimate of the measurement computed
over the four training data sets. C: Trade-off plots between the four training
objectives. The quantity Oj denotes the jth training objective. Each point represents
a member of the parameter ensemble, where gray denotes rank 0 sets, while black
denotes rank 1 sets. Ensembles were generated using POETs without employing
local refinement.
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and cellmass were governed by the model equations:

dxi

dt
=

R
∑
j=1

L
∑
l=1

σijzjlql (e, p, x) c i = 1, . . . ,M

del
dt

= αl + rEl (p, x) ul − (βl + rG) el l = 1, . . . ,L
dc
dt

= rGc

where R and M denote the number of reactions and extracellular species in

the model and L denotes the number of elementary modes. The quantity σij

denotes the stoichiometric coefficient for species i in reaction j and zjl denotes

the normalized flux for reaction j in mode l. If σij > 0, species i is produced by

reaction j; if σij < 0, species i is consumed by reaction j; if σij = 0, species i is not

connected with reaction j. Extracellular species, cellmass and pseudo-enzyme were

subject to the initial conditions x (to) = xo, c(to) = co and el = 0.5, respectively.

The term ql (e, p, x) denotes the specific uptake/secretion rate for mode l where

e denotes the pseudo enzyme vector, p denotes the unknown kinetic parameter

vector (decision variables), x denotes the extracellular species vector, and c denotes

the cell mass; ql (e, p, x) is the product of a kinetic term (q̄l) and a control variable

governing enzyme activity. Flux through each mode was catalyzed by a pseudo

enzyme el, synthesized at the regulated specific rate rE,l (p, x), and constitutively

at the rate αl. The term ul denotes the cybernetic variable controlling the synthesis

of enzyme l. The term βl denotes the rate constant governing non-specific enzyme

degradation, and rG denotes the specific growth rate through all modes. The
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specific uptake/secretion rates and the specific rate of enzyme synthesis were

modeled using saturation kinetics. The specific growth rate was given by:

rG =
L
∑
l=1

zµlql (e, p, x)

where zµl denotes the growth flux µ through mode l. The control variables ul and

vl , which control the synthesis and activity of each enzyme respectively, were given

by:

ul =
zsl q̄l
L
∑

l=1
zsl q̄l

(7.7)

and

vl =
zsl q̄l

max
l=1,...,L

zsl q̄l
(7.8)

where zsl denotes the uptake flux of substrate s through mode l. Each unknown ki-

netic parameter was continuous and real-valued, and subject to bounds constraints:

L ≤ p ≤ U .

JuPOETs produced an ensemble of approximately dimS ' 13,000 parameter

sets that captured the mean of the measured data sets for extracellular metabolites

and cellmass (Fig. 7.4A and B). JuPOETs minimized the difference between the sim-

ulated and measured values for extracellular metabolites Ae, Be, Ce and cellmass,

where the residual for each data set was treated as a single objective (leading to four

objectives). The 95% confidence estimate produced by the ensemble was consistent

with the mean of the measured data, despite having significant uncertainty in the
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training data. JuPOETs produced a consensus estimate of the synthetic data by

calculating optimal trade-offs between the training data sets (Fig. 7.4C). Multiple

trade-off fronts were visible in the objective plots, for example between data set

3 (O3) and data set 2 (O2). Thus, without a multiobjective approach, it would be

challenging to capture these data sets as fitting one leads to decreased performance

on the other. However, the ensemble contained parameter sets that described

each data set independently (Fig. 7.5). Thus, JuPOETs produced an ensemble of

parameters that gave the mean of the training data for conflicting data sets, while

simultaneously estimating parameter sets that performed well on each individual

objective function.

Currently, JuPOETs does not consider parameter identifiability when construct-

ing parameter ensembles. Although JuPOETs produces parameter estimates that

give model performance similar to the training data, we do not have strict statisti-

cal confidence that the true parameter values are contained within the ensemble.

However, despite this, ensembles produced by POETs can be predictive [106, 158].

Thus, JuPOETs produces a collection of parameters that are constrained by the

performance of the model, and not by specific hypotheses regarding the individual

values of the raw model parameters. Of course, knowledge of specific parameter

values, or the relationship between parameter combinations, can be used to inform

the search through either bounds or problem specific constraints (for example, as

demonstrated in the first example problem.)
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Figure 7.5: Experiment to experiment variation captured by the ensemble. Cellmass
measurements (points) versus time for experiment 2 and 3 were compared with
ensemble simulations. The full ensemble was sorted by simultaneously selecting
the top 25% of solutions for each objective with rank ≤ 1. The best fit solution
for each objective (line) ± 1-standard deviation (gray region) for experiment 2
and 3 brackets the training data despite significant differences the training values
between the two data sets.

7.6 Conclusions

In this software note, we presented JuPOETs, a multiobjective technique to estimate

parameter ensembles in the Julia programming language. JuPOETs is open source,

and available for download under an MIT license from the JuPOETs GitHub repos-

itory at https://github.com/varnerlab/POETs.jl. We demonstrated JuPOETs on

a suite of algebraic test problems, and a proof-of-concept ODE based biochem-

ical model. While JuPOETs outperformed (and was significantly more flexible)
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than the previous Octave implementation, there are several areas that could be

explored further. First, JuPOETs should be compared with other multiobjective

evolutionary algorithms (MOEAs) to determine its relative performance on test

and real world problems. Many evolutionary approaches e.g., the non-dominated

sorting genetic algorithm (NSGA) family of algorithms, have been adapted to solve

multiobjective problems [86, 76]. However, since there is a lack of open source Julia

implementations of these alternative approaches, we did not benchmark the rela-

tive performance of JuPOETs in this note. One advantage that JuPOETs may have

when compared to a strictly evolutionary approaches, is the inclusion of a local

refinement step (hybrid mode), which temporarily reduces the problem to a single

objective formulation. Previously, POETs run in hybrid mode led to better con-

vergence on a proof-of-concept signal transduction model compared to the same

approach without the hybrid refinement step [155]. Other hybrid multiobjective

methods have also been shown to be more efficient than evolutionary approaches

alone, for a variety of biochemical optimization problems [134, 151]. Thus, there

are several different algorithms that we can use to benchmark, and improve the

performance of JuPOETs, after we implement them in Julia. Another strategy to

improve the performance of JuPOETs is to reduce the number (or cost) of function

evaluations that are required to obtain optimal or near optimal solutions. For exam-

ple, in many real world parameter estimation problems, the bulk of the execution

time is spent evaluating the objective functions. One strategy to improve JuPOETs

performance could be to optimize surrogates [18], while another would be parallel

execution of the objective functions. Currently, JuPOETs serially evaluates the
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objective function vector. However, parallel evaluation of the objective functions

e.g., using the parallel Julia macro or other techniques, could be implemented

without significantly changing the JuPOETs run loop. Taken together, JuPOETs

demonstrated improved flexibility, and performance over POETs in parameter

identification and ensemble generation for multiple objectives. JuPOETs has the

potential for widespread use due to the flexibility of the implementation, and the

high level syntax and distribution tools native to the Julia programming language.
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CHAPTER 8

SUMMARY & CONCLUSION

Metabolism is the central process through which cells manage their resources to

survive, adapt and meet energetic demands. To implement these diverse functions,

cells have very complex and highly interconnected networks of chemical reactions

between genes, RNA, proteins and metabolites. Due to the complexity of cells,

systems modeling arose from the desire to better understand metabolism and

how metabolism can be altered for our benefit [48, 12]. A primary challenge

is the development of metabolic mathematical models that are able to describe

the effect genetic perturbations have on cellular behavior. In this study, we first

review metabolic modeling methods and go on to develop computational tools

for the analysis and engineering of microbial systems. My research work began

with cybernetic modeling and linear programming. Both techniques were able to

describe growth of microbial systems on substrates as well as byproduct formation

[176, 98, 95]. However, cybernetic modeling coupled with elementary modes was

only applicable to small networks, since the decomposition of a network would

grow exponentially with it’s size. Thus, we eliminated this computational burden

by the use of flux balance solutions instead of elementary modes to describe aerobic

and anaerobic growth of E. coli. Following our work with cybernetic modeling,

my research focus shifted towards cell-free protein synthesis systems. Cybernetic

modeling uses matching laws to describe enzyme synthesis, however CFPS systems

do not have the capacity of enzyme synthesis. Thus, we used alternative modeling
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approaches to describe CFPS behavior to help us understand the performance

limitations of these systems. In addition, these mathematical models would help

identify strategies for the improvement of CFPS in terms of productivity, yield

and/or energy efficiency.

We first began by developing a kinetic model of CFPS for which an extensive

dataset was provided by the Swartz Lab. The kinetic model contained 148 metabo-

lites and 204 reactions with a total of 815 parameters. Model equations followed the

hybrid modeling framework of Wayman and coworkers [183], combining multiple

saturation kinetics with a rule-based model of allostery. Even though this model

described the metabolite levels of 38 species, its development took several years to

complete. In addition, the model was only applied to a specific CFPS system for

the production of CAT under a T7 promoter. We then applied a constraint-based

approach to minimize the number of adjustable parameters.

We developed a sequence-specific constraint based model of cell-free protein

synthesis by taking the same metabolic network with the addition of promoter

models from Moon and coworkers [123]. The resulting model structure contained

only six adjustable parameters, not including parameters taken from literature.

The modeling framework estimated the production of CAT under a T7 promoter

for the Glucose/NMP cell-free system and GFP production under a P70 promoter

in the myTXTL system. The model also estimated the titer of GFP as a function

of plasmid concentration. Global sensitivity analysis identified the translation

rate as the key metabolic process that controlled CFPS productivity and oxidative
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phosphorylation as the key metabolic process for energy efficiency. Despite the

simulations being consistent with experimental measurements, there was a high

uncertainty in the flux distribution as shown by alternative optimal solutions.

In order to circumvent this uncertainty, we developed analytical techniques

to measure species involved in central carbon and energy metabolism as well as

amino acids, mRNA, and protein levels. Cell-free systems have no cell wall, thus

we have direct access to metabolites and the biosynthetic machinery. We developed

a robust protocol to qunatify 41 compounds involved in glycolysis, the pentose

phosphate pathway, the tricarboxylic acid cycle, energy metabolism and cofactor

regeneration in CFPS reactions. The method used internal standards tagged with

13C-aniline, while compounds in the sample were derivatized with 12C-aniline.

The internal standards allowed for the co-elution of compounds which eliminated

ion suppression. We then applied an amino acid protocol from Waters (Medford,

MA) to quantify 19 amino acids and used a colorimetric assay to quantify glutamate

levels. Finally, we used real-time RT-qPCR to measure mRNA levels. In total we

quantified 63 species for a span of 16 hours for a batch reaction of CFPS.

We expanded our sequence specific modeling framework by integrating these

experimental measurements along with kinetic parameters, enzyme levels, and

enzyme activity assays. The framework predicted the overall production of mRNA

and protein along with changes in metabolic behavior with two different oxidative

phosphorylation inhibitors. The integrated modeling framework revealed that

central metabolism is activated along with glutamate powering the TCA cycle to
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provide reduced ubiquinone for oxidative phosphorylation. Oxidative phosphory-

lation inhibitors provide biochemical evidence that myTXTL relied on oxidative

phosphorylation to provide energy for sustaining transcription and translation for

16 hours in a batch reaction. Finally, enzyme activity assays throughout central car-

bon metabolism revealed that allosteric regulation is present in CFPS metabolism

and should be incorporated into future mathematical models. Cell-free protein

synthesis is beyond just transcription and translation processes, thus we provide a

comprehensive mathematical framework that predicted mRNA and protein pro-

duction along with metabolic perturbations. This framework could potentially be

used to identify strategies for the improvement of CFPS productivity, yield and

efficiency.

While this study was promising in predicting protein, mRNA production, and

metabolic behavior, there are several opportunities to consider in future work.

First, a more detailed description of transcription and translation reactions has

been utilized in genome scale ME models e.g., O’Brien et al [129]. These template

reactions could be adapted to a cell-free system. This would allow us to consider

important facets of protein production, such as the role of chaperones in protein

folding. Post-translation modifications such as glycosylation that are important

for the production of therapeutic proteins could also be included in the next

generation of models. In this work, we modeled the cell-free production of single

proteins coupled to cell-free metabolism, but sequence specific constraint based

modeling could be extended to multi-protein synthetic circuits, RNA circuits or

small molecule production.
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Table A.1: List of materials and equipment used to quantify cell-free protein
synthesis metabolites with aniline tagging and internal standards

Material/Equipment Company Catalog Number Comments/Description
12C Aniline Sigma-Aldrich 242284 Aniline 12C
13C labeled aniline Sigma-Aldrich 485797 Aniline 13C6
3-Phosphoglyceric acid Sigma-Aldrich P8877 3PG
Acetic Acid FisherScientific AC222140010 ACE
Acetonitrile, LCMS JT BAKER 9829-03 ACN
Acetyl-coenzyme A Sigma-Aldrich A2056 ACA
Acquity UPLC BEH C18 1.7 µM, 2.1 x 150 mm Column Waters 186002353 Column
Adenosine diphosphate Sigma-Aldrich A2754 ADP
Adenosine monophosphate Sigma-Aldrich A1752 AMP
Adenosine triphosphate Sigma-Aldrich A2383 ATP
Alpha-ketoglutarate Sigma-Aldrich K1128 aKG
Citrate Sigma-Aldrich 251275 CIT
Cytidine diphosphate Sigma-Aldrich C9755 CDP
Cytidine monophosphate Sigma-Aldrich C1006 CMP
Cytidine triphosphate Sigma-Aldrich C9274 CTP
D-glyceraldehyde 3-phosphate Sigma-Aldrich 39705 GAP
Erythrose 4-phosphate Sigma-Aldrich E0377 E4P
Ethanol Sigma-Aldrich EX0276 EtOH
Fisher Scientific accuSpin Micro 17 Centrifuge FisherScientific Centrifuge
Flavin adenine dinucleotide Sigma-Aldrich F6625 FAD
Fructose 1,6-bisphosphate Sigma-Aldrich F6803 F16P
Fructose 6-phosphate Sigma-Aldrich F3627 F6P
Fumarate Sigma-Aldrich F8509 FUM
Gluconate 6-phosphate Sigma-Aldrich P7877 6PG
Glucose Sigma-Aldrich G8270 GLC
Glucose 6-phosphate Sigma-Aldrich G7879 G6P
Glycerol 3-phosphate Sigma-Aldrich G7886 Gly3P
Guanosine diphosphate Sigma-Aldrich G7127 GDP
Guanosine monophosphate Sigma-Aldrich G8377 GMP
Guanosine triphosphate Sigma-Aldrich G8877 GTP
Hydrochloric acid Sigma-Aldrich 258148 HCl
Isocitrate Sigma-Aldrich I1252 ICIT
Lactate Sigma-Aldrich L1750 LAC
Malate Sigma-Aldrich 02288 MAL
myTXTL - Sigma 70 Master Mix Kit ArborBiosciences 507024 Cell-free protein synthesis
N-(3-dimethylaminopropyl)-N’-ethylcarbodiimide hydrochloride Sigma-Aldrich 03449 EDC
Nicotinamide adenine dinucleotide Sigma-Aldrich 43410 NAD
Nicotinamide adenine dinucleotide phosphate Sigma-Aldrich N5755 NADP
Nicotinamide adenine dinucleotide phosphate reduced Sigma-Aldrich 481973 NADPH
Nicotinamide adenine dinucleotide reduced Sigma-Aldrich N8129 NADH
Oxalacetate Sigma-Aldrich O4126 OAA
Phosphoenolpyruvate Sigma-Aldrich P0564 PEP
Pyruvate Sigma-Aldrich P5280 PYR
Ribose 5-phosphate Sigma-Aldrich R7750 R5P
Ribulose 5-phosphate CarboSynth MR45852 RL5P
Sedoheptulose 7-phosphate CarboSynth MS07457 S7P
Succinate Sigma-Aldrich S3674 SUCC
Tributylamine Sigma-Aldrich 90780 TBA
Triethylamine FisherScientific O4884 TEA
ultrapure water FisherScientific 10977-015 water
Uridine diphosphate Sigma-Aldrich U4125 UDP
Uridine monophosphate Sigma-Aldrich U6375 UMP
Uridine triphosphate Sigma-Aldrich U6625 UTP
VWR Heavy Duty Vortex VWR Vortex
Water, LCMS JT BAKER 9831-03 WATER
Waters Acquity H UPLC Class Quaternary Solvent Manager Waters LCMS
Waters Acquity H UPLC Class Sample Manager FTN Waters LCMS
Waters Acquity Qda detector Waters LCMS
Waters Empower 3 Waters Software
Waters LCMS Total Recovery Vial Waters 186000384c LCMS Vial
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method for identifying regulatory circuits with special reference to the qa

gene cluster of Neurospora crassa. Proc Natl Acad Sci U S A, 99(26):16904–

16909, December 2002.

[15] Jennifer E. Bestman, Krista D. Stackley, Jennifer J. Rahn, Tucker J. Williamson,

and Sherine S. L. Chan. The cellular and molecular progression of mito-

chondrial dysfunction induced by 2,4-dinitrophenol in developing zebrafish

embryos. Differentiation; research in biological diversity, 89(3-4):51–69, 2015.

25771346[pmid].

[16] Jeff Bezanzon, Stefan Karpinski, Viral Shah, and Alan Edelman. Julia: A fast

dynamic language for technical computing. In Lang.NEXT, April 2012.

[17] Lacramioara Bintu, Nicolas E Buchler, Hernan G Garcia, Ulrich Gerland,

Terrence Hwa, Jane Kondev, and Rob Phillips. Transcriptional regulation by

the numbers: models. Current Opinion in Genetics & Development, 15(2):116–24,

2005.

[18] A.J Booker, J.E Dennis, P.D Frank, D.B Serafini, V Torczon, and M.W Trosset.

A rigorous framework for optimization of expensive functions by surrogates.

Struct Optim, 17:1 – 13, 1999.

204



[19] Henry Borsook. Protein turnover and incorporation of labeled amino acids

into tissue proteins in vivo and in vitro. Physiological reviews, 30(2):206–219,

1950.

[20] Sabine Brantl and E. Gerhart H. Wagner. Antisense RNA-mediated transcrip-

tional attenuation: an in vitro study of plasmid pT181. Molecular Microbiology,

35(6):1469–1482, 2000.

[21] Kevin S Brown and James P Sethna. Statistical mechanical approaches to

models with many poorly known parameters. Phys Rev E Stat Nonlin Soft

Matter Phys, 68(2 Pt 1):021904, Aug 2003.
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