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ABSTRACT

Opioids are a class of drugs highly valued for their potent analgesic proper-

ties; however, their misuse can lead to addiction, overdose incidents, and death.

Although the opioid antagonist naloxone has been used in emergency medicine

for over 50 years to reverse the effects of an overdose, access to this life-saving

antidote is still limited due to its high cost and restricted availability. To address

this issue, we designed a novel biosynthetic pathway as an alternative method

for naloxone production. In addition, we formulated a mathematical model to

simulate the expression of morphine dehydrogenase, the first enzyme of the

proposed pathway. Due to its viability as a point-of-care (POC) solution, we

used cell-free protein synthesis (CFPS) as our platform for protein production.

However, to make CFPS a mainstream technology for POC manufacturing, the

performance of these systems must be optimized. Toward this need, constraint-

based approaches have become important for model-driven research. A key

issue with such models is the existence of alternate optimal solutions which

can result in high uncertainties in metabolic flux estimates. Therefore, in this

study, we integrated kinetic parameters, enzyme levels and metabolite data as

model constraints to generate accurate flux estimations. Since energy efficiency

of CFPS is highly dependent on oxidative phosphorylation activity, we stud-

ied the effect of two different inhibitors of oxidative phosphorylation on cell-

free metabolism. First, we tested the consistency of flux balance analysis (FBA)

simulations with experimental measurements. Next, we used minimization of

metabolic adjustment (MOMA) as an alternative to FBA, which removed the

assumption of optimality of a specific biological objective. MOMA accurately



predicted the overall production of mRNA and protein along with changes in

metabolic behavior in the presence of the inhibitors. This modeling approach

can be extended to predict the effect of various pathway enzymes involved

in the synthesis of naloxone. In addition, it can be used to identify possible

negative effectors to improve CFPS yields. Taken together, we have developed

an alternate strategy for the production of naloxone and successfully validated

MOMA for model guided design and optimization of the proposed platform.

Finally, MOMA can be used to engineer strains with improved CFPS perfor-

mance, thus extending the scope of its application to cell-free metabolic engi-

neering.
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CHAPTER 1

INTRODUCTION

1.1 Cell-free Protein Synthesis

Cell-free protein synthesis (CFPS) is a powerful platform for engineering pro-

teins and small molecules without the use of living cells. The major advan-

tage of CFPS comes from the absence of a cell membrane. This characteristic

of cell-free systems removes constraints associated with cell growth for protein

production. Additionally, due to the open nature of the reaction system, direct

access to the transcription and translation (TX-TL) environment is possible, pro-

viding tighter control over metabolism compared to in vivo processes [3, 4, 5].

Cell-free systems are also better suited to handle production of toxic products

compared to in vivo systems, in which case toxicity can disrupt biosynthetic

pathways and hinder cell growth [6]. For example, the expression of restriction

endonucleases, cytolethal distending toxin, and human microtubule-binding

protein was made possible due to CFPS [7]. Therefore, such advantages of CFPS

make cell-free expression a promising alternative to conventional in vivo protein

synthesis.

Cell-free biology, however, has been around for decades, serving as a use-

ful tool for understanding complex mechanisms underlying gene expression.

In the 1950s, cell-free systems were used to understand the incorporation of

amino acids into proteins [8, 9, 10] and the role of ATP in protein production

[11]. In 1961, Nirenberg and Matthaei discovered the genetic code which earned

them a Nobel Prize for Physiology or Medicine [12]. Since then, cell-free biol-

ogy underwent several advancements with various modifications made to cell-
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extract preparation protocols and energy regeneration methods. In 1999, Kim

and coworkers revealed that CFPS could be prolonged by regenerating ATP

and eliminating deleterious activities that lower energy efficiency [13, 14]. Gen-

erating ATP with substrate level phosphorylation [15] and oxidative phospho-

rylation [16, 17] was shown to improve energy efficiency of E. coli CFPS. In

2007, Spirin and coworkers optimized cell-free systems by continuously remov-

ing synthesized products and replenishing reacted substrates [18]. The removal

of unwanted reaction byproducts ensured continuous operation of the system.

Although they succeeded at producing a single product, the system was en-

ergy deficient. Since cell-free systems require a tremendous amount of energy

for protein synthesis, a cost-effective solution for sustained energy production

remains one of its major challenges.

Towards this opportunity, Jewett and coworkers developed a Cytomin sys-

tem, co-activating central metabolism, phosphorylation, and protein folding re-

actions [19]. Another platform, myTXTL [20], emerged more recently which

uses a different metabolic process that couples ATP regeneration and inorganic

phosphate recycling to extend the duration of protein synthesis. Since cell-

free systems are derived from crude cell extracts, transcription and translation

(TX-TL) processes rely on the cell’s innate machinery. Therefore, to extend the

durability of these processes, cell-free systems are often supplemented with

buffer, amino acids, NTP, NAD, PEG, tRNA, and metabolic intermediates [21].

Therefore, with the advent of discoveries in metabolic engineering, CFPS has

shown remarkable progress as a platform for protein synthesis over the last few

decades.

Today, the scope of CFPS is not just limited to research but also extends to-
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wards the production of industrially relevant biologics. For instance, CFPS is

used for therapeutic protein and vaccine production [22, 23, 24, 25], industrial

biocatalyst development [26], biosensing [27, 28] and many other applications

[7]. In addition, the portability of cell-free systems has also been improved

over the last decade, enabling its use for portable diagnostic testing and point-

of-care treatment. For instance, cell-free extracts can be freeze-dried, allowing

room temperature storage and distribution [29]. They can then be rehydrated

with water at the time of need [30]. However, while the popularity of cell-free

systems has grown dramatically, the platform still faces important biomanufac-

turing challenges. In particular, challenges towards scale-up, high extract cost,

and limited post-translational modification capability. Towards this, new meth-

ods for the scale-up and optimization of CFPS are presently being researched.

Notably, Voloshin and coworkers showed a new thin film technique to im-

prove oxygen supply and produce higher protein yields [31]. Their approach

increased the availability of hydrophobic surfaces which benefited protein ex-

pression and folding. Cell-free extract preparation methods have also under-

gone several advancements [32]. Typically, the choice of extract depends on the

CFPS application. While E. coli cell extracts are commonly used due to their

cost advantage and the availability of established extract preparation protocols,

they possess limited post-translational modification capability. More expensive

eukaryotic cell extracts are better at folding complex proteins. However, more

recently, Guarino and DeLisa [33] have successfully expressed N-linked glyco-

proteins in an E. coli-based cell-free system. Taken together, such advancements

in CFPS have paved the way for cell-free systems to become valuable tools for

systems biology research and a promising platform for manufacturing of valu-

able proteins and chemicals.
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In conclusion, for CFPS to become a mainstream technology for industrial

bio-manufacturing, some limitations of these systems need to be addressed.

Fortunately, the versatility of cell-free systems offers tremendous opportunity

for computational modeling and analysis. Mathematical modeling has histor-

ically been used in the metabolic engineering community to maximize overall

production yield, titer, and efficiency. One in particular, constraint-based mod-

eling, has emerged as a promising tool to understand the performance limits

and costs of various biological systems.

1.2 Mathematical modeling

Several mathematical models have been applied to understand complex

metabolic processes occurring during protein synthesis [34, 35]. However, a

majority of these were deterministic ODE models describing TX-TL processes

based on Michaelis-Menten kinetics, as well as mRNA and protein degradation

machinery [36, 37, 38]. At varying degrees of complexities, these models were

all able to capture mRNA and protein dynamics in cell-free systems. Karzbrun

and coworkers [39] derived a coarse-grained description of protein biosynthe-

sis and degradation from which 10 rate constants and concentrations were es-

timated. They focused on the first hour of reaction since protein degradation

dynamics did not reach steady state. They attributed the decay in synthesis to

reagents depletion and waste accumulation. As a fixed amount of resources

are present in cell-free systems, there is competition among biosynthetic pro-

cesses which needs to be accounted for in mathematocal models [38, 36]. More

recently, Vvoyvodic and coworkers [40] derived a coarse-grained model and

included terms that accounted for resource competition for RNA polymerases
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and ribosomes, production of toxic byproducts as well as energy consumption

for mRNA production. However, the exact cause for decreasing protein yields

still remained an open ended question.

While other detailed models emerged trying to predict the effect of resource

limitation on CFPS, they could not be generalized for other reaction condi-

tions [41]. The complexity of such models also made parameter estimation a

challenging task. However, most importantly, these models where incomplete

descriptions of the system because they did not integrate metabolism. Since

the central carbon metabolism powers cell-free TX-TL processes, it must be in-

cluded in mathematical models for more accurate predictions. Moreover, inte-

grating metabolic pathways with descriptions of TX-TL processes can provide

insights into resource constraints, energy efficiency and limitations of CFPS

[42]. Towards this, constraint-based modeling has emerged as promising tool

in systems biology to understand the working of complex metabolic networks

[43, 42].

1.3 Constraint-based modeling

Constraint-based models are based on genome-scale reconstructions of

metabolic networks which can be mathematically represented based on reaction

stoichiometry. Thus, constraint-based models require little to no kinetic param-

eters, which is their major advantage. Flux balance analysis (FBA), metabolic

flux analysis (MFA), as well as convex network decomposition approaches such

as elementary modes and extreme pathways, model intracellular metabolism

under the steady state assumption. FBA, a widely used constraint-based ap-
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proach, typically formulated as a linear programming problem, has been histor-

ically successful at predicting yield, productivity, mutant behavior and growth

phenotypes. FBA is an under-determined problem which requires the use of

constraints on flux rates within the biochemical network [44]. These constraints

define an allowable solution space and are determined from reaction thermo-

dynamics, growth media constituents as well as from experimental measure-

ments. For FBA, a linear objective function is typically chosen to arrive at the

optimum solution using linear programming algorithms. For in vivo protein

synthesis, several studies have compared the performance of various objective

functions for FBA. In most cases, maximization of cellular biomass was con-

cluded to be an appropriate objective function that could describe experimen-

tally observed flux distributions [45, 46, 47]. However, Knorr and coworkers

[48] determined the most probable objective function to be minimization of re-

dox potential. Ow and coworkers [49] concluded that maximization of ATP

dissipation is the best objective function. However, for CFPS, this objective

function is set to maximize the rate of translation of protein [42]. According to

Vilkhovoy and coworkers, the FBA under this objective function, coupled with

sequence specific descriptions of TX-TL processes accurately predicted chloram-

phenicol acetyltransferase (CAT) protein and mRNA production.

More recently, constraint-based modeling has also been used for more

challenging metabolic engineering applications. For example, FBA which is

based on the assumption of optimality may not be suitable for predicting the

metabolic state of organisms after a knock-out or perturbation. Towards this,

approaches like regulatory on/off minimization (ROOM) [50] and minimization

of metabolic adjustment (MOMA) [51] have emerged that seek to appropriately

predict transient metabolic states after genetic perturbations. MOMA is de-
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signed as a quadratic programming problem which assumes that the metabolic

flux distribution immediately following a knock-out will resemble the wild type

flux distribution with minimal adjustment. It can, thus, be used for predicting

the behavior of perturbed metabolic networks, whose growth performance is in

general sub-optimal. On the other hand, ROOM finds a flux distribution that

satisfies the same constraints as FBA while minimizing the number of signifi-

cant flux changes. ROOM is shown to provide more accurate flux predictions

than FBA and MOMA for the final metabolic steady state [50]. Taken together,

constraint-based models serve as useful tools for describing and predicting phe-

notypes in a metabolic network by considering physical, enzymatic, and kinetic

constraints.
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CHAPTER 2

DEVELOPMENT OF COMPUTATIONAL SOFTWARE TOOLS FOR

CELL-FREE MODEL GENERATION

2.1 Introduction

1 Cell-free biology is an emerging technology for research, and the point of care

manufacturing of a wide array of macromolecular and small molecule prod-

ucts. A distinctive feature of cell-free systems is the absence of cellular growth

and maintenance, thereby allowing the direct allocation of carbon and energy

resources toward a product of interest. Moreover, cell-free systems are more

amenable than living systems to observation and manipulation, hence allow-

ing rapid tuning of reaction conditions. Recent advances in cell-free extract

preparation and energy regeneration mechanisms have increased the versatil-

ity and range of applications of cell-free metabolic engineering (CFME). Thus,

the cell-free platform has transformed from merely an investigative research

tool to become a promising alternative to traditionally used living systems for

biomanufacturing as well as biological research. In combination with the rise

of synthetic biology, cell-free systems today have not only taken on a new role

as a promising technology for just in time manufacturing of therapeutically im-

portant biologics and high-value small molecules, but have also been utilized

for applications such as biosensing, prototyping genetic parts, and metabolic

engineering.

1Adapted with permission from Adhikari, A.; Zhang, Z.; Murti, A.; Dammalapati, S.; Varner,
J. CellFreeModelGenerationKit.jl: A Package for the generation and analysis of Sequence Spe-
cific Cell Free Models in the Julia Programming Language. In preparation.
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2.1.1 Julia programming language

Julia is a high-level dynamic programming language specifically designed for

scientific computing applications. It creates a new approach to numerical com-

puting by combining the diverse fields of computer science and computational

science. Julia is designed to be easy and fast. It compiles code to a machine read-

able language using a just-in-time (JIT) compiler. One of the unique features of

Julia is its multiple dispatch through which methods can be dynamically dis-

patched based on the attributes of more than one of its arguments. The Julia

REPL (read–evaluate–print loop) console is an an interactive text-based inter-

face that takes an input, processes it and returns the results to the user.

The Julia ecosystem has upwards of 2,600 packages, with their functionality

ranging from machine learning and DNA sequence analysis to mathematical

modeling and simulations. Julia’s built-in package manager, Pkg handles op-

erations such as installing, updating and removing packages. Julia supports

parallel and distributed computing while also providing direct calling of C and

Fortran libraries. It also allows for importing functionality from other languages

such as Python and R directly, by using packages such as Pycall (Python) and

Rcall (R). Therefore, the code generators described in the following sections are

written in the Julia programming language to take advantage of some of these

unique features.
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2.2 Code generators

2.2.1 VLConstraintBasedModelGenerationUtilities

2VLConstraintBasedModelGenerationUtlities is a Julia package hold-

ing constraint based model generation utility functions and types. This package

includes methods to parse gene and protein sequences in standard FASTA for-

mat, and build reaction tables in four possible formats, viz., SBML, VFF, XML

and JSON.

2.2.2 VLModelParametersDB

3 VLModelParametersDB is a Julia package that wraps a SQLite database

holding transcription (TX) and translation (TL) parameters (taken from BioN-

umbers and other sources), and enzyme kinetic information taken from the

BRENDA enzyme database. This package allows for storage and manipulation

of the relevant parameters required for building biophysical models of tran-

scription and translation processes in three biological systems, namely, bacteria,

human and cell-free. This package includes methods to transform the parame-

ters from a CSV format to an intermediate dictionary and finally to a database,

which can be accessed through SQL queries. The package is also supports JSON

format so the user can generate their own database, which can be transformed

into a data frame for manipulation.

2Varnerlab. Constraint-Based Model Generation Utilities (VL-
ConstraintBasedModelGenerationUtilities). Available online at
https://github.com/varnerlab/VLConstraintBasedModelGenerationUtilities.jl.

3Varnerlab. Model Parameters Database (VLModelParametersDB). Available online at
https://github.com/varnerlab/VLModelParametersDB.jl.
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2.2.3 JUGRNModelGenerator

4 The JUGRNModelGenerator package is a code generation system that trans-

forms simple JSON descriptions of the connectivity of gene regulatory networks

into model code written in the Julia programming language. The input to the

code generator is a JSON file which describes various components of the gene

regulatory network; species present globally in the system, species involved in

the genetic circuit, as well as transcription and translation models used to de-

scribe gene regulation. In other words, the model specification file in JSON

format defines the biology of the model that gets generated. Table 2.1 describes

the files generated by JUGRNModelGenerator.

2.2.4 CellFreeModelGenerationKit

Installation and testing

5 CellFreeModelGenerationKit.jl is open source and available under

a MIT software license. CellFreeModelGenerationKit.jl requires Ju-

lia version 1.6.x and above, and can be downloaded and installed as a pack-

age from the Julia package repository. CellFreeModelGenerationKit.jl

requires the following dependencies: DataFrames, CSV, Dates, Logging,

WordTokenizers, DelimitedFiles, SQLite. The dependencies and all

other necessary packages and will be automatically installed when the code is

run for the first time.
4Varnerlab. Gene Regulatory Network Model Generator in Julia (JUGRNModelGenerator).

Available online at https://github.com/varnerlab/JUGRNModelGenerator.jl.
5Varnerlab. Cell-Free Model Generation Kit in Julia (CellFreeModelGenerationKit). Avail-

able online at https://github.com/varnerlab/CellFreeModelGenerationKit.jl.
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Table 2.1: Description of JUGRNModelGenerator generated files

Filename Description

Balances.jl Material balance equations for genes, mRNA and pro-

teins in the GRN

Control.jl Encodes the control logic described in the GRN net-

work file

Parameters.jl Encodes the model parameters e.g., initial conditions

or promoter function parameters in a Julia dictionary

Degradation.dat Stoichiometric matrix for mRNA and protein degra-

dation reactions

Driver.jl Example script that can be used to solve the continu-

ous material balance equations

Include.jl Includes all the files into the current workspace

Initialize.jl Adds all the required packages using the package

manager

Kinetics.jl Encodes the rate of transcription, translation and

degradation for mRNA and protein species

Network.dat Stoichiometric array for the transcription and transla-

tion reactions

Solve.jl Solves the material balance equations using ODE

solvers from the DifferentialEquations.jl

package
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To automate the development cycle of the CellFreeModelGenerationKit.jl

package, we implemented a continuous integration (CI) pipeline using GitHub

Actions. Therefore, every time changes are committed to version control, the

CI workflow builds and tests the software to prevent any breaking changes to

the code base. This also helps us identify and address potential issues during

various phases of software development. While continuous integration tests the

working of various modules in unison, we use Julia’s standard library Test for

unit testing or testing individual components of code. Through unit testing, we

identify the correctness of code by verifying what the code does against the re-

sults we expect to see. Unit tests are declared in the test/runtests.jl file in

the CellFreeModelGenerationKit.jl package. The package can then be

tested from the Pkg REPL mode.

2.2.5 Code generation

Presently, CellFreeModelGenerationKit.jl transforms a structured text

file (in the VFF format) into cell-free model code. The VFF format consists

of delimited record types organized into five sections BIO-TYPE-PREFIXES,

TXTL-SEQUENCE, METABOLISM, SPECIES-BOUNDS and GRN. Bio-type pre-

fixes records are used to identify and declare the types of species. TXTL-

SEQUENCE records are used to generate sequence specific transcription and

translation reactions which are appended to the end of the metabolic reac-

tions encoded in the METABOLISM section. METABOLISM records are used

to encode metabolic reactions. GRN records are used to define the biology of

the model being generated. In this section, the various types of species (pro-

moters, genes and polymerases) involved in the regulatory circuit and their
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regulatory action can be defined. Importantly, the reactions for tRNA charg-

ing, transcription, translation, and mRNA degradation, are generated from the

GRN section of the VFF file and added to the metabolism reactions. Thus,

the CellFreeModelGenerationKit.jl package reads a VFF file that de-

scribes the system in consideration with the corresponding TXTL sequence,

metabolism and GRN sections and writes model code to an output directory

specified by the user. Table 2.2 describes all the generated files. During this pro-

cess, if a TOML file with default parameter values is not provided by the user, a

Defaults.toml file is generated automatically which is populated with cell-

free biophysical parameters taken from Adhikari and coworkers [52]. Addition-

ally, the user can edit the generated Defaults.toml file with their own values.

After generating code, if a directory already exists at the user specified location,

it can be deleted or backed-up before new code is written based on user input.

Finally, the output scripts that get generated can be used to run static flux bal-

ance analysis of a cell-free system.

The static sequence specific flux balance analysis problem which can be run

from Static.jl was formulated as a linear program:

max
w

(
wX = θTw

)
(2.1)

subject to:

Sw = 0 (2.2)

Li ≤ wi ≤ Ui i = 1, 2, . . . ,R (2.3)

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.
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Table 2.2: Description of CellFreeModelGenerationKit generated
files.

Filename Description

Include.jl Includes all the generated files into the current

workspace

Static.jl Solves the FBA problem

Checks.jl Checks whether or not a file with the given name

exists in the current directory

Constraints.jl Encodes the bounds for the fluxes as well as the

species for the FBA problem

Control.jl Encodes the control logic described in the GRN net-

work file

Data.jl Encodes model parameters e.g., initial conditions or

promoter function parameters in a dictionary

Flux.jl Computes the optimal metabolic flux distribution

given the constraints using GLPK.jl

Kinetics.jl Encodes the rate of transcription, translation and

degradation for mRNA and protein species

Network.dat Stoichiometric array for the metabolism as well as

transcription and translation reactions

Solver.jl Contains the functions required for solving a static

or dynamic FBA problem

Types.jl Contains abstract and concrete data types used for

model generation and calculation

Utility.jl Encodes utility functions required for model calcu-

lation (e.g., computation of the Jacobian)
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The optimization problem can be set up by updating the body of the func-

tions present in the Constraints.jl file. The objective function can be

updated by modifying the objective coefficient array. By default, the

problem is set up as a minimization problem (min flag = true) which can

be updated as well, according to the objective. Finally, the constraints (both

species and flux bounds) for the linear program can be modified according to

the problem. If not updated, the code runs with default flux and species bounds.

2.2.6 Advanced functionalities

To extend the functionality of the code generator, advanced users can customize

certain methods or write callback functions depending on their model code re-

quirements. These methods can be used to modify the strategy of the parser or

customize the content of the scripts written to the output directory.

2.3 Future work

At present, CellFreeModelGenerationKit.jl can be used to generate

code that solves a static flux balance problem. Future developments to this

project will allow code generation for dynamic flux balance analysis as well.

This can be implemented by discretizing the problem, periodically updating

the flux bounds and dynamically calling the Static.jl. A separate script,

Dynamic.jl, which is easily customizable by the user, will be available to run

the dynamic analysis. We also plan to broaden the scope of the code genera-

tor by extending its functionality to generate cell-free model code for use with
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other programming languages, in addition to Julia. For example, by generat-

ing fully editable source code for languages like Octave and Python 3.x or a

COBRA-compatible MAT-file for MATLAB.

Finally, for future versions of CellFreeModelGenerationKit, we plan to

integrate VLModelParametersDB and VLConstraintBasedModelGenera-

tionUtlities packages into the code generation processes, which was actu-

ally the motivation for developing those packages. In that case, the VFF format

json file, which is an input to CellFreeModelGenerationKit in the current

version, will be replaced with a JSON file. This has already been implemented

in the JUGRNModelGenerator package.

2.4 Conclusions

CellFreeModelGenerationKit is a Julia package for generating model code

for performing sequence specific constraint-based simulations of cell-free ge-

netic circuits. This package and the associated dependencies are specifically

designed to bridge the gap between computational and experimental research

in biology, by generating model code based on simple descriptions of biological

systems. This will offer two significant advantages. Primarily, computational

researchers can focus their efforts on carrying out simulations and performing

data analysis instead of writing code from scratch. Secondly, it allows for more

collaborative opportunities between biologists and computational researchers

by providing a framework for model-guided experimental design.
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CHAPTER 3

INTEGRATED KINETIC CONSTRAINT-BASED MODELS OF E. COLI

CELL-FREE PROTEIN SYNTHESIS

Abstract

1 Cell-free protein expression has become a widely used research tool in sys-

tems and synthetic biology, and a promising technology for biomanufactur-

ing of proteins. Cell-free protein synthesis relies on transcription and trans-

lation machinery to produce a protein of interest. However, to fuel this pro-

cess requires biochemical enzymes and reactions that are involved in complex

metabolic pathways. In this study, we integrated kinetic parameters, enzyme

levels and metabolite data as model constraints to generate accurate flux estima-

tions. Since energy efficiency of CFPS is highly dependent on oxidative phos-

phorylation activity, we studied the effect of two different inhibitors of oxidative

phosphorylation on cell-free metabolism. First, we tested the consistency of flux

balance analysis (FBA) simulations with experimental measurements. Next, we

used minimization of metabolic adjustment (MOMA) as an alternative to FBA,

which removed the assumption of optimality of a specific biological objective.

MOMA accurately predicted the overall production of mRNA and protein along

with changes in metabolic behavior in the presence of the inhibitors. This mod-

eling approach can be used to identify possible negative effectors to improve

CFPS yields or predict the effect of adding various enzymes on CFPS perfor-

mance.
1Adapted with permission from Vilkhovoy, M.; Dammalapati, S.; Varner, J. An integrated

kinetic constraint-based model of E. coli cell-free protein synthesis. In preparation.
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3.1 Introduction

Energy generation is one of the major challenges in cell-free systems as the pro-

ductivity of cell-free protein synthesis (CFPS) appreciably depends on ATP sup-

ply. Unlike in vivo systems, energy generation in cell-free is quite expensive, of-

ten requiring the addition of external sources of energy for prolonging protein

synthesis [53, 54]. This is largely because transcription and translation (TX-TL)

processes require continuous supply of ATP equivalents for protein synthesis

and the failure to maintain this supply of energy halts productivity. Towards

this, many studies have investigated energy regeneration methods in cell-free

systems to reduce costs and maximize productivity of CFPS.

Historically, energy regeneration in cell-free systems was thought to depend

on substrate-level phosphorylation, which is known to be an inefficient pro-

cess [55, 56, 57]. Since then, several energy sources were studied as a means

for prolonging CFPS. Kim and coworkers showed that supplementing cell-free

extracts with phophoenol pyruvate (PEP) resulted in the accumulation of in-

organic phosphate which eventually halted protein synthesis [14]. They were

able to circumvent this problem when Pyruvate was used as an energy source,

which extended protein synthesis by two hours [13]. However, this system

was dependent on the exogenous supply of oxygen and pyruvate oxidase en-

zyme. The PANOx system (PEP, amino acids, NAD+, oxalic acid) addressed

this limitation and generated ATP from pyruvate by the co-addition of NAD

and CoA to the extract [15]. The addition of cofactors facilitated ATP regenera-

tion by activating the E. coli pathway involving pyruvate dehydrogenase (PDH)

and phophotransacetylase (PTA). The success with the PANOx system further

inspired the utilization of glycolytic intermediates as an energy source. For
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example, fructose 1,6-bisphosphate (FBP) and 3-phosphoglyceric acid (3PGA)

showed promising results when used as energy sources for CFPS [15, 58].

More recently, glucose has been studied as an energy source for CFPS. How-

ever, due to the subsequent accumulation of organic acids in the commercial

S30 E. coli extract, glucose was reported to be inefficient for CFPS [59]. To-

wards this, Kim and coworkers replaced S30 with the S12 E. coli extract which

contained endogenous NAD and CoA co-factors. This led to substantial im-

provement in productivity of CFPS [60]. Another approach, referred to as the

dual energy system, used two different ATP regeneration methods to prolong

the production of chloramphenicol acetyltransferase (CAT) in the S30 cell-free

E. coli extract [61]. This system produced 2-3 times more protein than methods

using a single energy source. Using the S30 cell-free E. coli extract, Jewett and

coworkers presented the Cytomim system, which co-activated central carbon

metabolism, oxidative phosphorylation, and protein synthesis [19]. In effect, the

Cytomim system attempted to mimic natural metabolism and simultaneously

activated complex enzyme systems without live cells. They hypothesized that

the inverted inner membrane vesicles (IMVs) that remain intact in the extract

could be activated to support oxidative phosphorylation for protein synthesis.

Towards this, they showed that CAT yield increased by 33% when the reaction

was augmented with 10 mM phosphate. However, it was unknown whether the

addition of phosphate enhanced oxidative phosphorylation or inhibited phos-

phatase reactions.

To better understand factors influencing energy efficiency in cell-free sys-

tems, Vilkhovoy and coworkers [42] simulated the production of CAT using

sequence-specific constraint-based modeling. They found oxygen consumption
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rate to be a critical factor controlling the energy efficiency of CFPS. The accu-

mulation of acetate and lactate during CAT production suggested that CFPS

was not operating with optimal oxidative phosphorylation activity. Moreover,

their model showed that oxidative phosphorylation must be active to simulta-

neously satisfy the metabolic and protein production constraints in the system.

These studies indicate that oxidative phosphorylation activity correlates with

improved productivity of cell-free systems. Therefore, to further understand

oxidative phosphorylation activity in CFPS to find opportunities for optimiza-

tion, we examined the effect of biochemical inhibitors of oxidative phosphoryla-

tion on the production of green fluorescent protein (GFP) using the commercial

myTXTL E. coli cell-free system [20].

In this study, we first used flux balance analysis (FBA) to predict GFP mRNA

and protein production when the cell-free extract was treated with two different

inhibitors of oxidative phosporylation- 2-4-dinitrophenol (DNP) and thenoyltri-

fluoroacetone (TTA). As with many constraint-based methods, the FBA objec-

tive function does not always lead to a unique optimal solution [42]. Therefore,

we incorporated experimental metabolite measurements into FBA to constrain

the solution towards the experimentally observed behaviors of the treatment

groups. Then, we maximized the rate of protein translation to find the optimal

flux distribution [42]. Under this objective, FBA results were consistent with

the experimentally observed levels of mRNA and protein for the wild-type (or

control) and perturbed groups (or treated groups). However, according to in

vivo studies, FBA can make inaccurate flux predictions when cells are perturbed

from their optimal wild type state by changing media conditions or gene knock-

outs. This hypothesis is based on the the fact that perturbed systems probably

do not possess a mechanism for immediate regulation of fluxes toward the op-
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timal objective [51]. Towards this, a variety of methods have emerged to predict

fluxes that are close to the unperturbed wild type flux distribution [51, 50]. Of

these, one such perturbation method called minimization of metabolic adjust-

ment (MOMA), does not assume optimality of any metabolic function. Actually,

MOMA is reported to more accurately predict flux distributions of perturbed

systems in vivo compared to FBA [62, 51]. However, there is currently no known

study that has employed MOMA to examine CFPS, specifically CFPS occurring

under abnormal conditions.

Therefore, the crux of this study explores the application of MOMA to a

cell-free system incubated with DNP and TTA. In particular, we formulated a

quadratic program which minimizes the squared difference between fluxes in

the perturbed state and the wild-type state. MOMA accurately captured the

time-course behavior of the two treatment groups by predicting GFP mRNA

and protein production. We compared the results from FBA and MOMA us-

ing two types of performance metrics, viz., energy efficiency and carbon yield.

MOMA estimated lower energy efficiency for TX-TL processes. This was ex-

pected as FBA maximized the rate of translation, which directed energy re-

sources towards TX-TL. Both approaches showed inefficiencies in energy distri-

bution with significant wastage of resources which could otherwise be directed

towards TX-TL processes. Carbon flux distributions showed variations between

FBA and MOMA model solutions, with MOMA predicting a higher percentage

of carbon flux directed towards the pentose phosphate pathway and organic

acid secretion and a lower percentage of carbon flux through glycolysis for

the treatment group. In effect, cell-free systems satisfied the MOMA objective

as their flux distributions underwent minimal adjustment post-perturbation.

Therefore, this work enables understanding of metabolic processes used for
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powering TX-TL in cell-free systems from an alternate perspective compared

to a standard FBA approach. Furthermore, future extensions of this model

will be useful for redirecting energy resources for improving the performance

of CFPS, especially CFPS using extracts prepared from genetically modified

strains. Taken together, we present a modeling framework that describes and

predicts CFPS metabolism with reasonable accuracy that can be potentially used

to identify strategies for cell-free metabolic engineering applications.

3.2 Methods

FBA was formulated as a linear programming problem:

max
v

(
Z = θTv

)
(3.1)

subject to:

(Sv − ẋ) ≥ 0 (3.2)

ẋi =
R∑
j=1

σijrj(x, ε,k) i = 1, 2, . . . ,M (3.3)

0 ≤ vj ≤ rj(x, ε,k) j = 1, 2, . . . ,R (3.4)

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. The reaction stoichiometry for TX-TL processes was based on the

model of Allen and Palsson [63]. The objective of linear programming prob-

lem maximized the rate of maltodextrin consumption, transcription initiation,

transcription, mRNA degradation, translation initiation and translation. For the

DNP case, proton leak was also maximized in addition to other reactions. The
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Figure 3.1: Schematic 2D representation of the feasible space for the wild-
type (light grey polygon) and perturbed networks (dark grey
polygon). The coordinates denote two arbitrary representative
fluxes. Point A is the optimal FBA prediction for the wild type
(or control case) and point B is the optimal FBA prediction for
the perturbed system (with DNP/ TTA treatment). Point C is
the alternative MOMA solution calculated through quadratic
programming.

linear program for dynamic flux balance analysis was solved using the GNU

Linear Programming Kit (GLPK) [64].

MOMA was formulated as a quadratic program (Figure 3.1). The MOMA

formulation used the same constraints as FBA but relaxed the assumption of

optimality of a specific biological objective.

min ‖w − v‖2
2 (3.5)

subject to:

(Sv − ẋ) ≥ 0 (3.6)

ẋi =
R∑
j=1

σijrj(x, ε,k) i = 1, 2, . . . ,M (3.7)

0 ≤ vj ≤ rj(x, ε,k) j = 1, 2, . . . ,R (3.8)
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where w is the known wild type flux vector (control case) and v is the un-

known flux vector of the perturbed system (either TTA or DNP case). The

FBA solution to the control problem was used as the wild-type flux distribu-

tion input to MOMA. The quadratic programming problem was solved using

the Convex.jl Julia package along with Gurobi optimizer [65].

The TX-TL and maltodextrin consumption reactions were captured by sat-

uration kinetics; whereas all other metabolic reactions were calculated as the

product of the turnover rate kj and enzyme abundance εj . Species abundance

in the cell-free system for species x was modeled as:

xt+∆t = xt + Sv∆t (3.9)

where ∆t is the time step and t is the current time point. Constraints were placed

on both species and flux rates. The initial maltodextrin species availability in the

extract was set to 30 mM based on literature data. The maximum rate of change

in species i was bounded by experimental metabolite data such that:

|ẋi| ≤ Bi i = 1, 2, . . . ,M (3.10)

This boundBi was determined by fitting a regression spline to the experimental

time series concentration data using the SmoothingSplines Julia package.

This included absolute measurements for 63 metabolites encompassing central

carbon metabolites, energy species and amino acids. From the regression spline,

the rate of change of species concentration at time step t was determined using

forward differences (from t to t + ∆t). For nucleotide monophosphates and

diphosphates, this upper bound was set to 0.02 mM/h to allow accumulation of

mRNA.

Flux rates were bounded by the product of the turnover rate kj and enzyme

abundance εj . These values define the maximum allowable flux rates through
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those reactions. The turnover rates for each reaction was taken from BRENDA

[66] or Adadi and coworkers [67]. The enzyme abundance was identified for

104 reactions from Garenne and coworkers [68]. The enzyme abundance for all

remaining enzymes were set to a median value of 50 nM. Based on this, the

upper bound on the flux through reaction j was modeled as:

vj ≤ vmax (3.11)

vmax,j = kjεj (3.12)

In addition, constraints were placed on TX-TL reaction rates using effective bio-

physical models, following the work of Vilkhovoy and coworkers [42]. The

upper bound on the transcription initiation rate was formulated as

rTX,init = VTX,max
G

τTXKTX + (τTX + 1)G
(3.13)

where G is the concentration of DNA plasmid in the cell-free reaction,KTX is the

transcription saturation coefficient, and τTX is the transcription time constant.

VTX,max, the maximum transcription rate was modeled as:

VTX,max = RTX
ṅTX
lG

u(κ) (3.14)

where RTX is the RNA polymerase concentration, ṅTX is the RNA polymerase

elongation rate (nt/h) and lG is the gene length (nt). u(κ) is the transcription con-

trol function for the P70a promoter taken directly from Vilkhovoy and cowork-

ers [42]. The transcription rate was formulated as:

rTX = rTX,init
∏

s∈mTX

xs
Ks,TX + xs

(3.15)

where mTX is the set of reactants (ATP, CTP, GTP, and UTP) in the transcrip-

tion reaction. Ks,TX is the saturation constant for species s. The degradation of

mRNA was modeled following first order kinetics:

rd = kmRNAd .xmRNA (3.16)
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where kd denotes the mRNA degradation rate constant and xmRNA denotes the

mRNA concentration. Similarly, the translation initiation rate as well as the

translation rate was formulated as:

rTL,init = rTL = VTL,max
xmRNA

τTLKTL + (τTL + 1)xmRNA
(3.17)

where KTL is the translation saturation coefficient, and τTL is the translation

time constant. Here, the maximum translation rate, VTL,max, was formulated as:

VTL,max = KpRTL
ṅTL
lp

(3.18)

where Kp is the polysome amplification constant, RTL is the ribosome concen-

tration, ṅTL is the ribosome elongation rate (aa/h) and lp is the number of amino

acids in the protein of interest.

All parameters used above are listed in Table A.1. Since these parameters are

taken from literature, there can be uncertainty in their values. Therefore, an en-

semble set of flux solutions was generated in each case. For this, four important

parameters, viz., RNA polymerase concentration, maximum transcription rate,

ribosome concentration and maximum were randomly sampled within physi-

ological ranges. RNA polymerase concentration levels were sampled between

0.060 and 0.075 µM, maximum transcription rates were sampled between 15

and 25 nt/s, ribosome concentration levels were sampled between 2.0 and 2.3

µM and maximum translation rates were sampled between 1 and 2 aa/s.

3.3 Results

Dynamic FBA simulations captured the time-dependent behaviour of the three

cases examined here, viz., DNP, TTA and Control (Figure 3.2). In the case of
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Control, the model failed to capture mRNA behavior at the 16 hour time point

as there was a decline in the simulated levels of CTP, GTP and UTP in the model.

However, the experimental system showed sustained mRNA levels. In the case

of DNP and TTA, mRNA levels peaked at 2 hours and then declined over the

course of the reaction. Since DNP and TTA are inhibitors of oxidative phos-

phorylation, the reduced GFP yield in their case supports our previous under-

standing that TX-TL is dependent on oxidative phosphorylation [42, 19]. TTA is

an inhibitor of succinate dehydrogenase, which works by decoupling the TCA

cycle from central carbon metabolism. On the other hand, DNP is a membrane

gradient uncoupler which inhibits oxidative phosphorylation by preventing the

proton gradient from forming across the membrane. Therefore, to capture the

effect of DNP addition in our mathematical model, we introduced a reaction

which leaked a charged proton to an uncharged proton in the metabolic net-

work. Taken together, FBA sufficiently captured GFP mRNA and protein con-

centrations in the control and perturbed systems when the rate of translation

was maximized.

However, FBA ignores the possibility that, under abnormal conditions,

metabolic networks may not immediately regulate towards the optimal objec-

tive. Therefore, we introduced the method of MOMA to better understand the

inhibitory effect of DNP and TTA on CFPS. As described earlier, the mathemat-

ical formulation of MOMA was based on the same stoichiometric constraints

as FBA, but relaxed the assumption of maximizing the rate of translation of

GFP. Additionally, we accounted for uncertainties arising from experimental

measurements of flux constraints and literature estimates of model parameters.

We also accounted for uncertainties in the control (or wild-type) FBA solution

which is provided as an input to the MOMA formulation. MOMA simulations
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Control

DNP

TTA

Figure 3.2: FBA mRNA and protein predictions for GFP in the three cases:
(A) control; (B) TTA; (C) DNP. The lines represent the mean of
the ensemble (set of 100 solutions or N=100) and the shaded
regions represent the 95% confidence interval.

(Figure 3.3) captured the experimental mRNA and protein concentration data

for both DNP and TTA, with only marginal differences between the FBA and

MOMA predictions. Compared to the FBA solution for DNP, the MOMA solu-

tion showed a gradual increase in protein accumulation between the 6 hour

and 16 hour time points. In the case of TTA, although MOMA marginally

under-predicted GFP protein concentration, the ensemble solution set captured

the experimental data points. Therefore, MOMA accurately predicted the opti-

mal GFP production in the CFPS system when oxidative phosphorylation was

29



limited by the addition of DNP and TTA. Next, to understand the differences

between the MOMA and FBA predictions, we calculated two different perfor-

mance metrics: carbon yield and energy efficiency.

Figure 3.3: MOMA mRNA and protein predictions for GFP in the two
cases: (top) DNP; (bottom) TTA. The lines represent the mean
of the ensemble (set of 100 solutions or N=100) and the shaded
regions represent the 95% confidence interval.

CFPS carbon yield was calculated for the duration of the reaction as a ra-

tio of the concentration of carbon produced to the total concentration of carbon

consumed. We observed differences in the ultimate fate of carbon in the per-

turbed systems as predicted with the FBA and MOMA objective functions (Fig-

ure 3.4). For the treatment group, MOMA predicted that the largest flux of car-

bon went towards the pentose phosphate pathway (29%, 17%, 33% for MOMA,

FBA, Control), followed by purine, pyrmidine and chorismate metabolism (the

other category; 23%, 33%, 19% for MOMA, FBA, Control), glycolysis (16%, 17%,
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Figure 3.4: Mean carbon yield across an ensemble (N=100) estimated from
FBA and MOMA simulations for (A) TTA; and (B) DNP. CFPS
carbon yield was calculated for the duration of the reaction as
a ratio of the concentration of carbon produced to the total con-
centration of carbon consumed. PPP denotes the Pentose Phos-
phate Pathway. Other includes purine, pyrimidine and choris-
mate metabolism

21% for MOMA, FBA, Control) and carbon dioxide (14%, 25%, 12% for MOMA,

FBA, Control). In the TTA case, MOMA predicted a similar carbon distribution,

except for a higher percentage of carbon yield in the pentose phophate path-

way (42%, 39%, 33% for MOMA, FBA, Control). In addition, for the treatment

group, the MOMA prediction of carbon yield for GFP protein synthesis (1.35%

and 0.70% for DNP and TTA) was marginally lower than FBA (1.46% and 0.95%

for DNP and TTA). Furthermore, MOMA predicted a reduction in the amount

of carbon secreted in the form of organic metabolites (5% and 2% for DNP and
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Figure 3.5: Mean energy efficiency across an ensemble (N=100) estimated
from FBA and MOMA simulations for (A) TTA; and (B) DNP.
Energy efficiency was calculated as a ratio for the entire dura-
tion of the reaction in terms of nucleotides triphosphates uti-
lized for the corresponding category to ATP generation.

TTA) compared to FBA (12% and 3% for DNP and TTA). For some metabo-

lites, the concentration profiles varied between the two models. For example,

MOMA predicted higher accumulation of lactate compared to FBA for the TTA

case, whereas the accumulation of acetate was lower for the DNP case. The dif-

ferences observed in the concentration profiles of metabolites is likely driven

by the MOMA objective to match the wild-type flux profile. In effect, MOMA

attempted to consume metabolites at wild-type levels and partially secreted

the difference when they could not be completely consumed. Taken together,

MOMA predicted a carbon flux distribution closer to the wild type model com-

pared to FBA for the treatment group.
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CFPS energy efficiency was calculated as a ratio for the entire duration of

the reaction in terms of nucleotides triphosphates utilized for the correspond-

ing category to ATP generation. For both the treatment groups, MOMA pre-

dicted lower energy efficiency for TX-TL (10% and 7% for DNP and TTA) com-

pared to FBA (15% for both DNP and TTA; Figure 3.5). This is consistent with

the mathematical requirement that FBA maximizes the rate of translation for

CFPS, therefore estimating higher energy utilization for GFP production. In

addition, MOMA predicted higher energy utilization for anaplerosis and amino

acid biosynthesis compared to FBA for both the DNP and TTA cases. Otherwise,

there were no significant differences between the FBA and MOMA solutions for

the DNP case. However, for the TTA case, MOMA predicted almost 55% energy

wasted toward degradation, much higher than the FBA prediction of 16%. This

means that FBA over-estimated the productivity of CFPS in the presence of TTA.

MOMA also predicted a much lower energy utilization in glycolysis compared

to FBA (23% and 56% for MOMA and FBA). Taken together, the simultaneous

increase in energy utilization by amino acid biosynthesis and degradation path-

ways predicted by MOMA in the case of TTA shows a greater degree of ineffi-

ciency in the distribution of energy resources across the metabolic network.

3.4 Discussion

In this study, we showed that maximizing the rate of translation can be

used as an objective function for genome-scale reconstructions of E. coli CFPS

metabolism, consistent with previous studies [42]. However, the biological rel-

evance of the selection of systemic optimality has always been questioned, es-

pecially for a system under perturbation. Based on published examples in the
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literature, there exists no method for the immediate regulation of fluxes towards

a specific biological objective following a perturbation. However, for CFPS sys-

tems, in silico models that describe metabolic perturbations have not been ex-

plored. Therefore, we used MOMA to analyze the performance of CFPS from

a different perspective. We showed that, following a perturbation, cell-free sys-

tems follow the MOMA objective, with minimal readjustment in their flux dis-

tribution. In particular, we found that MOMA accurately predicted the overall

production of mRNA and protein along with changes in metabolic behavior

in the presence of the inhibitors. For our MOMA formulation, we calculated

the wild type flux distribution by applying FBA to the control case and used

this solution as an input. However, this input does not necessarily need to be

an FBA solution. For instance, an experimentally determined wild-type flux

distribution can be used instead. Finally, a comparison of the performance met-

rics for MOMA and FBA showed differences in the distribution of carbon flux

and energy resources. The distribution of carbon yield and energy efficiency

through the network for MOMA was closer to the wild-type distribution (or

control group), since MOMA predicted fewer flux changes immediately after

the addition of inhibitors. Analysis of energy efficiency under the MOMA ob-

jective showed an increase in the wastage of energy resources in the treatment

groups through unnecessary reactions. This was also reflected by a decrease in

the utilization of energy for transcription and translation. However, in spite of

these differences in energy utilization, MOMA predictions were close to FBA

estimations that assumed optimality of a specific metabolic function (which in

our case was translation of GFP).

Our findings open several opportunities for the development of methods

that aim to improve protein yields. One possibility is through the deletion of
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enzymes that negatively affect CFPS. Cell-free extracts contain many enzymes

that reduce the efficiency and productivity of CFPS, in addition to several es-

sential enzymes that support TX-TL processes. For example, energy resources

consumed for the degradation of nucleotides can otherwise be directed toward

translation. Actually, recent CFPS studies have reported an improvement in

protein yields by the deletion of enzymes that lead to the impairment of amino

acid and nucleic acid degradation pathways. Therefore, such strategies that

have been used for decades in vivo are only beginning to be used in CFPS [196,

2, 11]. Toward this, mathematical modeling strategies that integrate -omics data

with constraint based models, as presented in this study, will reveal insights

into the best strategies for optimizing CFPS through more efficient regulation of

resources within the metabolic network. Moreover, using MOMA, the effects of

inhibitors of particular proteins on CFPS can also be studied in a similar way.

For example, these effects can be modeled by the addition of reactions that cap-

ture the effect of that specific inhibitor or by constraining the upper bounds of

their fluxes to any defined fraction of the normal flux, depending on the ex-

tents of inhibition. Taken together, the implementation of MOMA in cell-free

metabolic engineering provides an approach to analyse the effects of individual

gene deletions on CFPS, identify possible negative effectors to improve CFPS

yields, and analyse genetic interactions in synthetic circuits.
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CHAPTER 4

COMPUTATIONAL FRAMEWORK FOR MULTISTEP METABOLIC

PATHWAY DESIGN

Abstract

1In silico tools are indispensable for generating novel hypotheses and efficiently

exploring alternatives in de novo metabolic pathway design. However, while

many computational frameworks have been proposed for retrobiosynthesis,

very few successful examples of algorithm-guided xenobiotic biochemical ret-

rosynthesis have been reported in the literature. Interestingly, deep learning

has significantly improved the quality of synthesis and retrosynthesis in or-

ganic chemistry applications. Inspired by this recent progress in computational

organic chemistry, we explored the idea of combining deep learning of bio-

chemical transformations with the traditional retrobiosynthetic workflow, in the

hope of producing better in silico synthetic metabolic pathway designs. To de-

velop our computational biosynthetic pathway design framework, we assem-

bled metabolic reaction and enzymatic template data from public databases. A

data augmentation procedure, adapted from literature, was carried out to en-

rich the assembled reaction dataset with artificial metabolic reactions generated

by enzymatic reaction templates. Two neural network-based pathway ranking

models were trained as binary classifiers, by outputting a scalar quantifying the

likelihood of a 1-step/2-step pathway being plausible, to distinguish assembled

reactions from artificial counterparts. This work discusses the neural network

based 1-step pathway ranking model and how it was used to design a novel

1Adapted with permission from Zhang, Z.; Vadhin, S.; Dammalapati, S.; Varner, J. D. Com-
putational framework for multistep metabolic pathway design. In preparation.
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biosynthetic pathway for naloxone production.

4.1 Introduction

Manufacturing molecules through metabolic engineering is key to a sustain-

able society by converting renewable and widely-available starting materials

into high-value products under milder conditions [69]. There are many suc-

cessful metabolic engineering projects targeting the commercial production of

bulk chemicals or pharmaceutical ingredients, such as the production of 1,4-

butanediol (BDO) in E.coli [1] and the production of the antimalarial drug pre-

cursor artemisinic acid in engineered yeast [70]. However, with current tech-

nologies, the development of a new industrial bio-process typically costs several

years and millions of dollars [71]. Towards this, in silico biosynthetic pathway

design tools are indispensable for accelerating the design-build-test-learn cycle

in metabolic engineering as they could help efficiently explore the whole design

space and generate novel synthetic pathways [71, 69].

Given a desired compound of interest to produce, a retrobiosynthesis tool

works backward to identify a series of enzymatic transformations that can con-

struct the target from some available cellular metabolites or a biochemical feed-

stock [2, 72]. Computer-assisted retrobiosynthesis tools play an important role

in helping scientists explore the whole design space for generating novel de

novo biosynthetic pathways [2]. In analogy to chemical retrosynthesis, a gen-

eral workflow for computational retrobiosynthesis consists of two parts - net-

work generation and pathway pruning/ranking (Fig. 4.1) [1, 73, 2, 74]. The

target is used as the seed for metabolic network generation in the pipeline,
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Figure 4.1: A general retrobiosynthesis workflow consists of two parts.
Blue: target compound; orange/green/cyan: generated com-
pound; purple: available compound. (adapted from [1, 2]).

which adopts some candidate selection algorithm to choose promising inter-

mediates and applies generalized enzymatic reaction rules on those interme-

diate candidates for network expansion. This expansion continues iteratively

until it reaches some stopping criteria such as a set of designated starting com-

pounds, maximum depth of a network, or maximum allocated computational

time. Then, all generated reactions and pathways would be evaluated by some

qualitative and/or quantitative metrics. Reactions and pathways that can not

meet the set thresholds of those metrics would be removed from the gener-

ated network. All potential remaining pathways are then extracted for qualita-

tive and quantitative analyses. Such analyses may incorporate domain-specific

knowledge, like structural similarity, enzyme availability, theoretical yield in

the context of a metabolic model, and thermodynamic constraints, to analyze

the plausibility of each pathway. In the pathway ranking step, a scoring func-

tion is designed to quantify the plausibility of all remaining pathways and give

a list of ranked pathway candidates for guiding experimental design.
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Some systems have already been developed for retrobiosynthesis. Devel-

oped by Genomatica, SimPheny was part of their Biopathway Predictor frame-

work to engineer E.coli for the first direct biocatalytic synthesis of 1,4-Butanediol

(BDO) from renewable carbohydrate feedstocks [1]. Metabolic models were

used to analyze the performance of each proposed pathway, such as theoretical

yield. Built upon public database Kyoto Encyclopedia of Genes and Genomes

(KEGG) [75, 76, 77, 78, 79], the BNICE framework generated a publicly avail-

able biochemistry database ATLAS and claimed to be able to perform retro-

biosynthesis but is not publicly or commercially available [80, 81, 82, 83, 84, 85].

PathMiner provides a heuristic search method for extracting metabolic routes

from a network, although it does not involve network generation [86]. KEGG

has a built-in pathway prediction server, PathPred, using SIMCOMP program

and Reaction center-Different region-Matched region (RDM) pattern represen-

tation of reaction rules [87, 88]. RetroPath proposed a data-driven approach

to automatically extract reaction rules in SMARTS from biochemical reactions

and incorporated enzyme sequence consistency and compound similarity into

pathway ranking [89]. They then validated this framework by using RetroPath

to explore nine million possible enzyme combinations that could lead to the pro-

duction of flavonoid pinocembrin and narrow it down to 12 candidates which

were then used for experimental designs. Four out of those 12 top-ranked en-

zyme combinations proved to be able to produce the target compound with

significant yields in the E. coli chassis. RetroPathRL adopted Monte Carlo Tree

Search reinforcement learning method to explore biosynthetic space for longer

pathway design [90]. Despite the availability of these tools, the production of

1,4-butanediol (BDO) in E. coli remains to be the only example of a retrosyn-

thesis algorithm being used in a de novo pathway design for the commercial
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production of a xenobiotic compound [72].

Due to its ability to learn knowledge representation from large amounts of

data, deep learning is becoming popular in promoting chemical (retro)synthesis

[91, 72]. Wei and coworkers combined convolutional neural network generated

molecular fingerprints with a neural network for reaction type prediction to

predict likely chemical reaction products given a set of reagents and reactants

[92, 93]. Coley and coworkers introduced neural network based scoring func-

tion into reaction template based forward enumeration framework for predict-

ing organic reaction outcomes and achieved 71.8% accuracy in rank 1 candi-

date [94]. The accuracy was improved to 85.6% later by a template-free graph-

convolutional neural network model [95, 96]. Segler and coworkers designed

a chemical retrosynthesis system (3N-MCTS) with Monte Carlo tree search and

three different neural networks and achieved faster and better performance than

all traditional computer-aided search methods [73].

Thereforem, inspired by the recent progress in computational organic chem-

istry, we explored the idea of combining deep learning of biochemical transfor-

mations with the traditional retrobiosynthetic workflow, in hope of producing

better in silico designs for synthetic metabolic pathways.

4.2 Results

We adopted backward template-based enumeration for network expansion, and

used deep learning based ranking models for network pruning and candidate

ranking. To develop our computational biosynthetic pathway design frame-

work, we assembled metabolic reaction and enzymatic template data from pub-
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lic databases. A data augmentation procedure, adapted from literature, was

carried out to enrich the assembled reaction dataset with artificial metabolic

reactions generated by enzymatic reaction templates [97]. Two neural network-

based pathway ranking models were trained as binary classifiers, by outputting

a scalar quantifying the likelihood of a 1-step or 2-step pathway being plausi-

ble, to distinguish assembled reactions from artificial counterparts. Combining

these two models with enzymatic templates, we built a multistep retrobiosyn-

thesis pipeline and validated it by reproducing some natural and non-natural

pathways computationally. However, this work is limited to the results and dis-

cussion of the neural network based 1-step pathway ranking model. The model

was first validated with the glycolysis and BDO pathway, and was finally used

to design a pathway for naloxone production.

4.2.1 Neural network based 1-step pathway ranking model

(NN1PR)

A multilayer perceptron (MLP) model, consisting of 1 hidden layer with 256

neurons and a dropout layer, was trained as a binary classifier to distinguish

assembled reactions from their generated counterparts (Fig. 4.2). The input to

the network was the concatenation of ECFPs of target molecule and precursor

candidate. The final scalar output from the trained model was then used as a

quantitative likelihood measure of a reaction being plausible. For comparison,

we developed a baseline model based on Tanimoto similarity [98]. The score for

each target-precursor pair was given by the Tanimoto similarity between the tar-

get and proposed precursor. Both the baseline model and NN1PR model were
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Figure 4.2: Schematic of the neural network based 1-step pathway ranking
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Figure 4.3: Performance comparison between NN1PR and its baseline on
testing data.

used to rank positive reactions, which were one-step metabolic reactions from

KEGG, among their corresponding negative counterparts generated through a

data augmentation procedure. About 10% assembled KEGG reaction data were

reserved for performance comparison. Assembled data were randomly shuf-

fled before training/testing split to guarantee a fair coverage in both training

and testing datasets. NN1PR outperformed its baseline model by a significant

42



Target
T

Apply n backward 
reaction templates

NN1PR
Reaction Candidates

T R1

T Ri

T Rn
⋮T Rj

⋮
⋮

Ranked Candidates

T R1
T Ri

T Rn

⋮

T Rj⋮
⋮

Backward Enumeration Candidate Ranking

Figure 4.4: Schematic showing the one-step retrosynthesis framework that
combines template based backward enumeration with neural
network based 1-step pathway ranking (NN1PR) model.

margin (Fig.4.3). About 55% samples were ranked among top 10 by NN1PR,

comparing to only 3% by the Tanimoto baseline. Top-100 candidates by NN1PR

covered about 72% samples, which demonstrated a big room for improvement.

4.2.2 One-step pathway design framework with NN1PR

Combining template based backward enumeration with NN1PR, we built a

pipeline for one-step retrosynthetic reaction design (Fig.4.4) [97]. In the back-

ward enumeration, selected template set was applied on the given target for

retrobiosynthesis to generate precursor candidates (R1, Ri, Rj, Rn in Fig.4.4). To-

gether with the target T , they formed target-precursor pairs (T −R1, T −Ri, T −

Rj, T −Rn in Fig.4.4), that were then fed to NN1PR which would assign a scalar

score in unit range to each pair. All candidates were then ranked based on

their scores. For the purpose of multistep design, this one-step pathway de-

sign framework can be applied to design a pathway step-by-step or analyze a

pathway proposed by human experts.
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Figure 4.5: Ranks assigned by NN1PR to BDO pathway reported in [1] in
a backward manner. Each step was annotated with a rank and
corresponding EC number. Only the BNICE rule set (116 tem-
plates in total) was used in backward enumeration step to pro-
duce results here.

Computational validation with BDO pathway

We demonstrated designing a multistep pathway with this one-step pathway

design framework by reproducing the BDO pathway reported by Yim et. et.

[1]. Given the target, 1,4-Butanediol (BDO), for biosynthesis, we applied the
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framework with BNICE rule set [99, 100] and found the desired precursor 4-

Hydroxybutyraldehyde with EC 1.1.1.− at rank 9 out of 9 candidates (Fig.4.5).

For the next step, the pipeline expanded on 4-Hydroxybutyraldehyde to gener-

ate precursors and found 4-Hydroxybutyryl CoA with EC 3.1. − 2.− and was

ranked as 1 out of 23 alternatives. The network expansion went on for another

4 times to completely reproduce the reported BDO pathway. Note that BDO

pathway is a non-natural pathway designed by human experts. Being able to re-

produce BDO pathway demonstrated that this framework, although developed

based on natural metabolic data, is capable of generating non-natural ones with

pretty high ranks.

The performance of our framework remained quite good even if way more

templates were included in candidate generation. The BNICE rule set only con-

tained 116 rules which were quite small and limited in coverage. To see how

our framework would perform as the size of the template set scales up, we

added another 234384 templates and reran our pipeline on reproducing BOD

pathway. The number of templates jumped up by about 2021 times, from

116 to 234500, and number of candidates increased by 71 times on average,

but the absolute rank was at most 4 times worse (rank of 1,4-butanediol to 4-

hydroxybutyraldehyde increased from 9 to 32). This comparison demonstrated

that this framework performed reasonably well as the size of template set scaled

up.

Computational validation with glycolysis pathway

We also demonstrated the application of this one-step pathway design frame-

work on designing natural pathways by reproducing the glycolysis pathway.
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Given the target, Pyruvate, for biosynthesis, we applied the framework with

BNICE and Retro rule set [101] and found the desired precursor phospho-

enolpyruvate with EC 2.7.1.40, as reported in KEGG, at rank 65 out of 1500

candidates (Fig.4.6). The network expansion went on repeatedly for another

8 times to completely reproduce the well-known glycolysis pathway. For 7

steps in this reproduction, the recorded ECs in KEGG were included in the best

ranked candidates found by the pipeline. While for the other two steps (fructose

1,6-bisphosphate to fructose 6-phosphate and glucose 6-phosphate to glucose),

the recorded ECs were included in other alternative candidates.

Computational evaluation of naloxone producing pathway

Presently, there is no known complete biosynthetic pathway for the produc-

tion of the opioid antagonist naloxone. Toward this end, we used the one-step

pathway design framework to design a novel biosynthetic pathway that pro-

duces naloxone with morphine as the precursor (4.7). Some steps had multiple

matched candidates, while others only had one. Only the best ranks and cor-

responding EC numbers are shown here. The ranks evaluated by the pipeline

could provide a quantitative understanding of the difficulty in achieving each

step, and the corresponding EC numbers help in the identification of pathway

enzymes.

4.3 Discussion

The pipeline proposed here provides a way of leveraging big-data in

metabolism to facilitate metabolic pathway design by combining template-
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based backward enumeration with deep learning based ranking models. There

are some limitations with the framework and many further developments could

be pursued to improve the efficiency, capability, and bio-feasibility of this

pipeline.

The capability depends on the quality of templates. The performance of

this pipeline depends heavily on the quality of its template set, but there is no

standard way of quantifying the quality of such a dataset. Also, pre-selecting

a template set for designing an unknown pathway is challenging. It would be

better if the template set was not assembled from literature, like in our cur-

rent pipeline. Instead, inserting a module that could extract templates from

metabolic reactions could truly automate the pipeline further. Although this

practice has been adopted for chemical synthesis [94, 97, 73], template extraction

is much harder in biochemistry because many reactions in public databases are

usually not atom balanced. Falon et al. reported extracting enzymatic templates

but their methodology was too constrained, resulting in very conservative tem-

plates [100].

Runtime as more templates involved. Runtime is yet another concern with

this framework. The capability of a pipeline could be significantly improved if

there is a flexible template extraction module, but the runtime would be a se-

rious issue as more templates become available. One potentially effective way

of reducing running time is to develop a template selection model to screen all

templates and select only the most suitable ones to apply on a target. Template

selection models should guarantee faster screening for each template than run-

ning it on the target. Otherwise, the runtime benefit may not be great. Segler

and Waller developed such a model using neural networks, although details
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(like the runtime) of this model are unknown [73]. However, generally speak-

ing, neural network models are quite fast with predictions, which should make

them a good choice for a template selection model [102].

Better extension to multiple-step design. The demonstrated application on

multiple-step design only utilized a one-step ranking model which did not take

more available information into consideration. For better performance, neural

network based n-step pathway ranking (NNnPR) models could be developed to

rank n-step pathways. Knowledge from metabolism should be incorporated to

rule out some popular and/or common precursor candidates at early stages, so

that the pipeline could focus more on exploring the unknown world. The num-

ber of precursor candidates generated for each given target could be reduced so

as to improve the efficiency of the pipeline. Many candidates differ from each

other only by a trivial co-substrate that does not impact further backward ex-

ploration biologically. Henceforth, the pipeline should be improved by merging

those candidates together to focus backward enumeration on main substrates.

A handy way to achieve this design is to create several knowledge-based lists of

equivalent substrates and use these lists to rule out equivalent candidates in net-

work generation. Monte-Carlo tree search could also be explored for generating

longer pathways if available metabolites are also given [90].

Other deep learning architectures promising better performance. A

promising way of getting rid of both capability and runtime issues is to adopt

template-free methods [95, 96]. Instead of using templates, this type of frame-

work tries to predict what bonds and atoms in a target are going to change in a

reaction, and then enumerate all possible outcomes. Jin and Coley developed a

graph-convolutional neural network model that had comparable performance
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with template-based models [96]. Transfer learning has been proved to be an ef-

fective way of knowledge learning when large datasets are not available [103].

Considering the published literature on chemical synthesis, it is worthwhile ex-

ploring transfer learning for boosting biochemical synthesis. One possibility

is to adapt learnt fingerprint models using convolutional networks to generate

better fingerprints for biochemical compounds [104, 105, 92].

Incorporating more knowledge and addressing more biological concerns.

In this work, only substructure information encoding as fingerprints was incor-

porated for ranking. However, there are more quantitative structure-attribute

relations that should be considered. More importantly, metabolic reactions hap-

pen inside a chassis that contains complicated biological environment, includ-

ing pH and other substrates. All of these factors do more or less impact the

progress of each reaction, but have not been incorporated into the pipeline. To

make this kind of a model more helpful in metabolic pathway design for human

experts, more information on enzyme design and genome sequence should be

considered [69]. Models for evaluating the synthesizability and toxicity of a

molecule can be incorporated in network generation to prune out some unde-

sirable molecules [106, 107]. Thermodynamic constraints, like Gibbs free energy,

should be considered for evaluating a reaction candidate [1]. Pathway yield and

compatibility in a chassis can be analyzed for pathway selection if a chassis is

specified [89].
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4.4 Conclusions

Combining backward template-based enumeration with neural network based

ranking models, we developed a new framework for computer-aided metabolic

pathway retrosynthesis. The deep learning ranking model, trained on KEGG

metabolic reactions, outperformed the Tanimoto similarity-based method by a

significant margin. The framework was demonstrated to be suitable for mul-

tistep pathway design by reproducing one natural and one non-natural path-

way. In addition, the framework was used to design a pathway for Naloxone

production. However, the pipeline was not without its flaws. Several limita-

tions, especially dependence on the quality of templates and runtime concern,

were discussed. While the experimental validation of our prediction with the

glycolysis pathway is still work in progress, many directions are under consid-

eration for improving the accuracy, capability, and efficiency of our multistep

computational pipeline. In general, this work demonstrated the applicability

and advantage of introducing deep learning into metabolic pathway design.

4.5 Materials and Methods

In the work, we developed a new framework for de novo metabolic pathway

design by leveraging tools developed by cheminformaticians and the power

endowed by deep learning. Given a target compound of interest for produc-

tion through metabolic engineering, one has to first design a metabolic path-

way that connects the target to some available metabolite(s) in chassis before

any further experiments could be carried out. The basic idea here was to use

backward reaction template-based enumeration to generate possible precursor
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candidates and use neural network based ranking models to pick out high-rank

candidates for next step expansion. Deep-learning based ranking models were

trained on KEGG metabolic reactions to learn the underlying connections be-

tween metabolic reactants and products. Then the probability score generated

by the trained neural network-based pathway ranking model (NN1PR) given

any reactant-product pair was used for pruning and ranking all candidates.

Given a target compound, for the first-step reaction, some backward reaction

templates were applied to generate potential candidates that were represented

as three light orange circles in the figure. Then NN1PR assigned each candidate

a score in unit interval, which was used to rank those candidates. Depending

on computational time requirement or user’s settings, only a portion of high-

ranked candidates would be chosen for designing the second-step reaction. In

the illustrating schematic, only the first 2 candidates were chosen for next step

expansion which yielded 6 possible candidates as represented by green circles.

And again, NN1PR was used to prune some candidates (2 in the example) and

rank the rest (ranks 1 to 4 in the figure). The process went on and on until fin-

ishing preset number of steps. Generated pathways would then be analyzed to

see if any could lead to known cellular metabolites. If that is the case, at least

one synthetic pathway can be reconstructed through backtracking.

Dataset assembly.

The backward reaction templates and metabolic reactions were assembled from

literature [99, 101, 100] and public databases [108, 109, 80].
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Metabolic reaction dataset.

KEGG (Kyoto Encyclopedia of Genes and Genomes) is a computerized resource

for understanding high-level functions and utilities of the biological system

[108, 75, 76, 110, 77, 111, 112, 113, 114, 115, 78, 116, 117, 118, 119, 79] It is a

collection of databases dealing with many aspects of information in biology, in-

cluding biological pathways and chemical substances [108, 120]. We assembled

11475 reactions from KEGG Reaction Database and 323 pathways from KEGG

Module Database. Each reaction has its unique KEGG reaction ID, correspond-

ing enzyme as EC number, and compound names as KEGG compound ID. The

size of this dataset was not significant, but our purpose here was to build a

working pipeline as a proof-of-concept study. We expect that incorporation of

additional training data will improve the performance of the pipeline developed

here. A better way to resolve this issue would be to assemble additional data

directly from various databases like ChEBI [121], XTMS [122], Rhea [123, 124],

and MINEs.

Backward reaction templates dataset.

Building a pipeline for reaction template extraction was not a trivial task. There-

fore, we assembled the backward reaction templates dataset from literature. The

Faulon group published multiple sets of reaction rules based on metabolic re-

action database MetaNetX v3.0 [100, 125, 126, 127, 128]. We used their reaction

rules dataset which handles hydrogen explicit, with a template diameter from 2

to 16 [101]. The dataset had around 350k templates, including both forward and

backward ones. Among them, there were 234k backward templates, referred to

as ’RetroRule’ rule set. We also used a dataset reported by Henry [99] consisting
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of 116 backward rules referred to as the ’BNICE’ rule set in this paper.

Data preprocessing.

Querying KEGG for SMILES of each compound in metabolic reaction

dataset.

As mentioned in section Dataset assembly, compounds in the metabolic reaction

dataset were in KEGG compound IDs which follow KEGG nomenclature but

do not contain any cheminformatic information directly. To get SMILES of each

compound, we queried KEGG for its compound list which had 18749 entries

in total. We set up a pipeline in Python to automatically query KEGG for the

SMILES string of each KEGG compound listed.

Process reactions into mono-product reactions.

The backward reaction templates dataset we assembled were mono-product

templates. In order to use this template dataset, we had to process our metabolic

reactions dataset into mono-product reactions. For each multiple-product reac-

tion, we split it into multiple children reactions sharing the same reactants but

each just inherited one product from their parent reaction. With this processing,

the original 11475 reactions were expanded into 21848 single-product reactions

with 7105 unique products.
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Figure 4.8: Distribution of number of negative examples of 17551 com-
pounds. The number varied in a wide range from 0 to over
2000. Totally, there were 113336477 negative reactions, about
760 for each positive one on average.

Data augmentation.

In our metabolic reaction dataset, there were only reactions that already exist

in nature (also called positive reactions in this paper). While to build a ma-

chine learning model, one also needs negative metabolic reactions which are

not favored or do not exist in nature so as to train a model to distinguish pos-

itive ones from negative counterparts. To create negative metabolic reactions,

we adapted a data augmentation procedure reported by Coley et. al. [94].

We applied all reaction templates - both forward and backward - on all unique

SMILES strings, totally 18058 cases, to generate hypothetical precursors for each

compound. This augmentation process - applying hundreds of thousands of

reaction templates on thousands of targets one-by-one - was very time con-

suming, taking several hours in our implementation. For each mono-product

reaction, the set of hypothetical precursors of its product was used to gener-

ated negative reactions by simply linking each hypothetical precursor with the

product by ‘>>’ to form a valid reaction SMILES. The original precursors were

removed from hypothetical precursors beforehand. To guarantee that all hy-
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pothetical precursors were hypothetical but not found in nature, a strict check

was carried out to remove all positive cases from generated counterparts. There

were 200 compounds that couldn’t be modified by any templates, and most of

them were small molecules. After this augmentation step, some compounds

had more than 2000 augmented precursor sets, but it was about 760 cases for

each compound on average (Fig.4.8). The statistics here signaled the impor-

tance of a well-performed ranking model which would be tasked to rank the

positive ones as high as possible among hundreds of candidates. Overall, we

got 113M negative reactions.

Reaction fingerprints.

Most of existing machine learning models require input data to be in tensor

format [129, 102, 130], so our datasets in SMILES and SMARTS had to be vec-

torized for using machine learning model. As briefly mentioned in Section

Manipulation molecules in cheminformatics, molecular fingerprints [131], such

as Extended-connectivity fingerprints (ECFPs) [132] that were derived from

the Morgan Algorithm [133] and learned fingerprints [104, 134], have been

widely used to convert molecules in SMILES into vectors. Although some re-

searchers had developed machine learning models that used SMILES/SMARTS

sequences as input directly, such as in Liu’s work [135]. Reaction fingerprints

can be derived from the concatenation of reactant and product fingerprints [92],

the difference between reactant and product fingerprints [136], or many other

ways [137, 138]. In this work, we used an implementation of ECPFs in RDKit

to generate molecular fingerprints, and represented each reaction as the con-

catenation of its reactant and product fingerprints. Each group of reactants or
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products were represented as a 512-bit vector and henceforth each reaction was

a 1024-bit vector. Each bit represented a feature and took value 1 if correspond-

ing feature existed, otherwise 0.

Baseline model.

We developed a baseline model on top of Tanimoto similarity metric as men-

tioned in section Pathway ranking. Two backward rule sets, RetroPath and

BNICE, were applied on product(s) of each positive reaction to generate neg-

ative derivatives, and then Tanimoto scores were calculated with each reaction

represented as a 1024-bit vector, as discussed in Reaction fingerprints. The final

ranks of positive reactions were solely based on Tanimoto scores.

Deep learning model.

Neural network based 1-step pathway ranking model (NN1PR).

The dataset had 113M negative examples but only 21848 positive counterparts,

which was very unbalanced. For balanced training, we randomly shuffled neg-

ative examples and used the top 30% of these for training. The deep learning

model was a feedforward neural network consisting of one hidden dense layer

with ’relu’ as the activation function [102] (Fig.4.9). The hidden layer had 256

neurons, followed by a dropout layer to regulate overfitting. The output layer

was a dense layer with 1 neuron using ’sigmoid’ as the activation function, so

as to represent the probability of a reaction being a positive one. The input layer

was a trivial one that didn’t have any parameters. The optimizer was Adam,
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Input ECFP4: 1024 

Dense: 256, ReLU

Dropout: 0.5

Dense: 1, sigmoid

Input ECFP4: 1536  

Dense: 512, ReLU

Dropout: 0.3

Dense: 128, ReLU

Dropout: 0.2

Dense: 1, sigmoid
Figure 4.9: Architecture of the neural network based one-step ranking

model (NN1PR). The model had 1 hidden layer and a dropout
layer. The output layer was a dense layer with ’sigmoid’ as
the activation function. The input layer was a trivial one that
didn’t have any parameters.

which is a stochastic gradient descent method that is based on adaptive estima-

tion of first-order and second-order moments, with a learning rate of 0.001 [139].

The loss function was the built-in ’binary crossentropy’ in TensorFlow. During

the training, we also monitored classification accuracy. The model was trained

for 50 epochs with a batch size of 128. The performance based on either loss

or classification accuracy improved significantly in the first 10 epochs and then

improved very slowly afterwards. Based on observation, 30 epochs was a good

place to stop training. We observed that the training curves would vary a bit at

the beginning in different runs, but all reached similar final performance. The

difference could be explained by the random initialization of model parameters.

NN1PR was trained as a binary classifier, so we tested its capability of clas-

sifying reactions on reserved positive reactions and other unused negative re-

actions. The probability distributions showed that NN1PR was able to assign

low scores to the vast majority of negative reactions while most positive ones

got very high scores. Both the baseline model and the machine learning model
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Figure 4.10: Performance of baseline model on ranking testing samples.
Top: the distribution of ranks of 4796 testing samples by the
baseline. Bottom: the distribution of ranks in percentage of all
testing samples by the baseline.

were then used to ranking positive reactions together with negative reactions.

Each positive reaction was mixed with its negative counterparts and two mod-

els were used to rank all reactions. For machine learning model, most cases were

rank within 700 (Fig.4.11), and almost all positive reactions had ranks within

2000. While for the baseline model, some reactions were ranked higher than

10000 (Fig.4.10). Machine learning model outperformed baseline model by a

significant margin (Fig.4.3). More than 50% samples were ranked in top-10 by

the deep learning model and more than 70% were within rank 100. While for

the baseline, only about 23% were within top-100.
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Figure 4.11: Performance of NN1PR on ranking testing samples. Top: the
distribution of ranks of 4796 testing samples by NN1PR. Bot-
tom: the distribution of ranks in percentage of all testing sam-
ples by NN1PR.

Computational tools.

All scripts were written in Python. RDKit was used for manipulating molecules

and reactions and accomplishing various cheminformatics calculations [140].

Keras [141, 129] using the Tensorflow 2 [142, 143] backend was used for building

the machine learning models.
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CHAPTER 5

MODELING THE EXPRESSION OF MORPHINE DEHYDROGENASE IN

AN E. COLI CELL-FREE SYSTEM

Abstract

Opioids are a class of drugs highly valued for their potent analgesic properties;

however, their misuse can lead to addiction, overdose incidents, and death. Al-

though the opioid antagonist naloxone has been used in emergency medicine

for over 50 years to reverse the effects of an overdose, access to this life-saving

antidote is still limited due to its high cost and restricted availability. To ad-

dress this issue, we propose a novel biosynthetic pathway for the production

of naloxone, using morphine as a precursor. To experimentally validate the

first step of the proposed pathway, we produced morphine dehydrogenase - an

enzyme that catalyzes the oxidation of morphine to morphinone - by cell-free

protein synthesis (CFPS), taking advantage of the speed of CFPS compared to

cell-based culture. In this work, we formulated a mathematical model to sim-

ulate the sigma factor 70 induced expression of morphine dehydrogenase. We

used experimental protein concentration data to estimate unknown model pa-

rameters by minimizing the difference between simulated and experimentally

measured protein concentrations. Then, we used global sensitivity analysis for

a detailed insight into the influence of individual model parameters on the ex-

pression dynamics of the system. Taken together, we have developed an effec-

tive model for the expression of an enzyme that could serve as the first enzyme

in a novel biosynthetic pathway for the production of naloxone. Ultimately, this

model can be adapted for the expression of other pathway enzymes as well.
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5.1 Introduction

Opioids, including the illegal drug heroin, are a class of highly potent drugs

known for their pain-relieving properties. Opioids work by blocking pain sig-

nals between the brain and body, which produces a feeling of relaxation. How-

ever, due to its highly addictive nature, opioid usage often leads to abuse, over-

dose and eventually, death. According to the Centers for Disease Control and

Prevention (CDC), nearly 500,000 Americans died from an opioid-overdose be-

tween 1999–2019, including prescription opioids and illicit drugs [144]. Since

its approval in 1971, the opiate antagonist naloxone, commonly sold under the

brand name Narcan®, is used in emergency situations to reverse the effects

caused by overdoses of heroin, morphine or other opioids. However, despite an

increase in naloxone prescription in recent years, CDC reports that not enough

naloxone is being dispensed in many areas of the country that need it the most

[145]. The recent price increase of the naloxone auto-injector, Evzio, marked

by its market exclusivity, further restricts access to this life-saving medication

[146]; a two-dose Evzio package priced at $690 in 2014 is $4,500 today, which is

a price increase of more than 500% [147]. Therefore, to address such limitations,

accessible point-of-care manufacturing of naloxone is needed considering the

severity of the opioid crisis. Toward this need, we propose the development of

a biosynthetic route for naloxone production.

Naloxone is usually semisynthesized from naturally derived opiates, such as

morphine, thebaine, or oripavine, but there is currently no known fully biosyn-

thetic pathway for naloxone production [148]. Towards this opportunity, we

designed a biosynthetic pathway in silico for the production of naloxone (Fig-

ure 4.7, and predicted various enzymes involved in the biotransformation of
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morphine to naloxone; however, the experimental validation of this pathway is

still underway. We chose morphine as our starting compound because it is the

major degradation product of heroin in the human body [149]. In this work, we

focused on morphine dehydrogenase (mdh), an enzyme which catalyzes the con-

version of morphine to morphinone, that could serve as the first step towards a

novel opioid detoxification pathway.

In order to support experimental efforts and model guided optimization, we

developed a mathematical model based on the work of Adhikari and cowork-

ers [52], to simulate expression of mdh in a cell-free system. Cell-free systems

have undergone several advancements since the mid 1990s, and ever since its

introduction, CFPS has been used to formulate the central dogma, probe tran-

scription and translation, and construct systems level metabolic models [32].

Here, we used a CFPS based platform to take advantage of its speed compared

to cell cultures. We used sigma-factor based gene regulation for the expression

of mdh (Figure 5.1). Model parameters not available in literature were estimated

by minimizing the difference between simulated and experimentally measured

protein concentrations. The model predicted mRNA concentration during the

course of the reaction. In order to provide a detailed insight into the influence

of individual model parameters on the expression dynamics of the system, we

performed Morris sensitivity analysis. While we only considered the expression

of mdh in this study, the model presented here can be adapted for the expression

of other pathway enzymes as well.
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P70 MDH

Figure 5.1: Schematic of the cell-free gene expression circuit used in this
study for sigma factor 70 (σ70) induced expression of mdh

.

5.2 Methods

A mechanistic model for TX-TL was constructed based on the previous work

of Adhikari et al. [52], where mRNA and protein balances for gene j (Gj) were

formulated as:

dmj

dt
= rX,juj − θmj

mj (5.1)

dpj
dt

= rL,jwj − θpjpj (5.2)

Here, mj and pj represent mRNA and protein concentrations respectively, and

rX,juj and rL,jwj denote the rate of transcription (X) and translation (L) of gene

j. θmj
mj and θpjpj denote the degradation rate of mRNA and protein. The rate

of transcription rX,juj was modeled as the product of a kinetic limit, rX,j , and

a control term uj ∈ [0, 1]. The kinetic limit of transcription was derived from

elementary reactions leading to the formation of mj , similar to McClure [150]:

rX,j = V max
X,j

(
Gj

τX,jKX,j + (τX,j + 1)Gj

)
(5.3)

where τX,j denotes the time constant for transcription andKX,j denotes the tran-

scription saturation constant. The maximum transcription rate, V max
X,j , was given
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by:

V max
X,j =

[
RX

(
v̇X
lG,j

)]
(5.4)

whereRX denotes the RNA polymerase concentration, v̇X denotes the transcrip-

tion elongation rate and lG,j denotes the gene length. The control function u (. . .)

describes transcriptional regulation and is the fraction of all possible configura-

tions that lead to expression. u (. . .) was formulated as:

u (. . .)j =

∑
i∈{X}

Wifi (. . .)

∑
j∈Cj

Wjfj (. . .)

−1

(5.5)

where Wi (dimensionless) denotes the weight of configuration i, while fi (· · · )

(dimensionless) is a binding function which describes the fraction of bound ac-

tivator/inhibitor for configuration i. Similar to Ackers and coworkers [151], Wi

is modeled as the Gibbs energy of configuration i: Wi = exp (−∆Gi/RT ) where

∆Gi denotes the molar Gibbs free energy for configuration i,R denotes the ideal

gas constant, and T denotes the system temperature.

By analogy, the kinetic limit of translation was formulated as:

rL,j = V max
L,j

(
xmRNA

τL,jKL,j + (τL,j + 1)xmRNA

)
(5.6)

where xmRNA denotes the mRNA concentration, τL,j denotes the time constant

for translation andKL,j denotes the translation saturation constant. V max
L,j , which

denotes the maximum translation rate, was formulated as:

V max
L,j =

[
KPRL

(
v̇L
lP,j

)]
(5.7)

whereRL denotes the total ribosome pool, v̇X denotes the translation elongation

rate,Kp denotes the polysome amplification constant and lP,j denotes the length

of protein.
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The model equations, written in the Julia programming language, were gen-

erated automatically using the JUGRNModelGenerator package from the Varn-

erlab GitHub repository1. The model equations were solved numerically us-

ing the DifferentialEquations.jl Julia package. Known model param-

eters for cell-free gene regulation were taken directly from the literature (Ta-

ble A.2). Unknown model parameters that influence mdh gene expression were

determined from protein concentration measurements using the POETS.jl Ju-

lia package. POETS.jl is an implementation of the Pareto Optimal Ensemble

Technique in the Julia programming language (JuPOETs). The objective func-

tion calculated the squared difference between the model simulations and ex-

perimental data for MDH protein concentration at time index i. Thus, the objec-

tive function was formulated as:

Z(k) =
N∑
i=1

(
M̂i − ŷi(k)

)2

(5.8)

which was subjected to constraints derived from model equations, initial condi-

tions and parameter bounds. JuPOETs was run for 10 generations and in each

generation, all parameter sets with a Pareto rank less than or equal to two were

collected. A total of 11 unknown parameters were estimated including time

constants, degradation modifiers, translation half-life and translation saturation

constant.

To understand the effect of parameters on model performance, Morris sen-

sitivity analysis or Morris’s one at a time (OAT) method was used. The

DiffEqSensitivity.jl Julia package was used for Morris Sensitivity Anal-

ysis. Morris sensitivity analysis is considered a global method because the final

1Varnerlab. Gene Regulatory Network Model Generator in Julia (JUGRNModelGenerator).
Available online at https://github.com/varnerlab/JUGRNModelGenerator.jl.
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measure is obtained by averaging elementary effects. Elementary effects are lo-

cal sensitivity measures which are calculated by measuring perturbation in the

output of the model on changing one input parameter. Therefore, elementary

effects (or local measures) are computed at different points, such that, a wide

range of the input parameter space is explored for analysis.

EEi =
f(x1, x2, ..xi + δ, .., xn)− y

δ
(5.9)

Finally, to account for uncertainty in the parameters taken directly from lit-

erature (Table A.2), parameter values were sampled within physiological limits

to generate the ensemble solution set. RNA polymerase concentration levels

were sampled between 0.060 and 0.075 µM, maximum transcription rates were

sampled between 15 and 25 nt/s, ribosome concentration levels were sampled

between 2 and 2.3 µM and maximum translation rates were sampled between 1

and 2 aa/s.

5.3 Results

The model simulations adequately captured the dynamics of σ70-induced mdh

protein expression (Figure 5.2). An ensemble set (N=100) of 11 unknown param-

eters was estimated using experimental mdh protein training data. The means

and standard deviations of the estimate parameters are summarized in Table

A.3. mdh protein concentration increased almost linearly for the first 6 h of the

reaction, after which it began saturating, reaching a concentration value of ∼25

µM at 10 h. The mean half-life of mdh protein was estimated to be roughly 3.5

days, close to previously reported values; Adhikari et al. [52] reported a half-life

value of 11 days for the expression of dual emission green fluorescent protein
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(deGFP) using an E. coli based myTXTL cell-free system, whereas Horvath et

al. [152] reported a value of 6 days for the expression of chloramphenical acetyl

transferase (CAT) using a modified version of the PANOxSP protocol. The mean

half-life of translational capacity τL,1/2, which quantified the decrease in the rate

of protein production over time, was estimated to be 6 h. The decrease in trans-

lation capacity can be attributed to the depletion of metabolic resources in the

system essential for supporting translation, among other factors. On the other

hand, transcription of mRNA was predicted by the model. The mRNA concen-

tration was observed to increase sharply to a value of 1200 nM within the first

1 h of the reaction, after which it remained steady. The mean mRNA half-life

was estimated to be 4.4 min. Therefore, in this case, the cell-free reaction was

observed to have continuous transcriptional activity.

Figure 5.2: Model simulations for σ70 induced mdh expression. Left: Sim-
ulated and measured mdh protein concentration versus time.
B: Simulated and measured mdh mRNA concentration versus
time. An ensemble set of solutions (N=100) was generated.

The importance of model parameters was quantified using Morris sensitivity

analysis, a global sensitivity analysis method (Figure 5.3). The Morris method
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computes the influence of each parameter on the system dynamics. This in-

fluence is calculated as an elementary effect on a specified model performance

function. In this case, the performance function was defined as the integrated

area under the curve (AUC) for each mRNA and protein species in their respec-

tive timeplots. The mean of the elementary effect represents the direct affect

of the parameter on the specified species; a higher mean implicates a higher

influence of the parameter. Meanwhile, variance represents the effect of the pa-

rameter; a higher variance implies that the effects are non-linear or the result of

interactions with other parameters.

The Morris sensitivity measures (mean and variance) were binned into cate-

gories based upon their relative magnitudes, from no influence (white) to high

influence (black). The translation saturation coefficient KL, translational capac-

ity half-life τL,1/2, translation time constant τL, and protein degradation constant

θp,mdh, influenced only the protein concentration. Among these parameters, the

translation saturation coefficient and translation time constant had the smallest

and largest effects respectively, on protein level. The σ70 degradation constant

θp,σ70, mRNA degradation constant θm,mdh and mRNA time constant modifier τX

influenced both transcription and translation, although their influence on tran-

scription was only marginal. Therefore, the parameters which directly affected

the transcription of mRNA also indirectly affected the downstream translation

process. Taken together, Morris sensitivity analysis highlighted the coupled na-

ture of the transcription and translation processes, also showing the global im-

portance of experimentally tunable parameters like the mRNA time constant

and degradation modifiers.
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Figure 5.3: Global sensitivity analysis of the estimated parameters using
the Morris method. Morris sensitivity coefficients were calcu-
lated for the unknown model parameters, where the range for
each parameter was established from the ensemble.

5.4 Discussion

A mechanistic model was developed to simulate the expression of mdh in a cell-

free system. The model captured the dynamics of the system using only mdh

protein concentration data, which showed an accumulation of protein in the

reaction system. All of our parameter estimates were in the same order of mag-

nitude as those obtained by Adhikari et al.; their study used the same cell-free

reaction system for σ70 induced deGFP expression. Surprisingly for us, certain

parameters like the binding dissociation constant K and cooperativity param-

eter n which appear in the transcriptional control function were not influential

on the system. It is possible that incorporating mRNA training data into the ob-

jective function would provide more accurate parameter estimates, especially

for transcription. In that case, we also expect K and n to have a more significant

effect on the system.
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As a preliminary study, we have only accounted for the expression of mdh

to catalyze the conversion of morphine to morphinone. This method can be

adapted for other pathway enzymes involved in the production of naloxone.

Future experiments directed towards the expression and quantification of other

enzymes will provide us with additional training data for modeling the com-

plete pathway. In that case, training objectives can be formulated to estimate

other model parameters using multi-objective optimization or JuPOETs [153].

In that case, the parameter estimates determined from this study can be used to

constrain the parameter search space for the larger network.

Finally, in this study, we have neglected the role of metabolism. CFPS re-

lies on central carbon metabolism for energy generation and therefore, TX-TL

models are more descriptive when integrated with metabolism. Although more

recent studies have explored this idea in cell-free systems [152, 42], these models

are not as comprehensive as the model presented here. Therefore, a future ex-

tension of this study could consider coupling this description of TX-TL with

the availability of metabolic resources in the CFPS reaction, following a se-

quence specific based approach. Towards this, metabolite values for different

time points could be determined and used in metabolic modeling to optimize

reaction conditions [154].

Therefore, this work takes us one step closer towards a more descriptive,

systems level metabolic model. With subsequent developments, though the in-

clusion of other pathway enzymes and descriptions of metabolism, the resul-

tant model will aid in model guided development of a CFPS platform for the

production of naloxone at a therapeutically relevant level. Ultimately, the ex-

pressed enzymes will work to sequentially catalyze the conversion of heroin, or
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its degradation products, to produce the opioid antidote naloxone. Taken to-

gether, future adaptations of this model can then be used to optimize reaction

conditions to achieve better CFPS yields and make this anti-opioid technology

a feasible point-of-care solution.
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CHAPTER 6

CONCLUSIONS AND FUTURE DIRECTIONS

Metabolism is the set of chemical reactions occurring in cells which allow

them to grow, reproduce and respond to their environment. To perform these

diverse functions, cells arrange chemical reactions in highly interconnected and

complex metabolic networks. As a result, metabolic modeling emerged as a

tool to better understand various cellular processes and how they can be ma-

nipulated to increase productivity and efficiency. For instance, today, through

the identification of pathways controlling a specific phenotype, cells can be ar-

tificially reprogrammed to produce valuable therapeutics and vaccines, among

other products. Currently, various cell-based culture systems are used for large-

scale production; however, transportation and storage at low temperatures

makes their distribution expensive and problematic, especially for applications

in remote locations. To this end, cell-free protein synthesis (CFPS) has paved

the way for the development of point-of-care technologies that enable immedi-

ate and accessible protein production at or near the patient’s bedside.

Since the mid-1990s, the advantages of CFPS have enabled numerous ap-

plications; CFPS was used to formulate the central dogma, probe transcription

and translation, and construct systems level metabolic models. In particular, the

lack of a living cell allows us to direct resources towards the product of interest.

In 2018, Vilkhovoy et al. published a constraint-based model integrating tran-

scription and translation with metabolism that identified translation rate and

oxidative phosphorylation as the key factors in productivity and energy effi-

ciency, respectively. Therefore, to gather more insights into energy efficiency of

CFPS, we expanded this model by integrating experimental measurements of 63
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metabolites along with kinetic parameters, enzyme levels, and enzyme activity

assays. First, flux balance analysis (FBA), a widely used constraint-based model,

was used to simulate the metabolic state of the system with two different oxida-

tive phosphorylation inhibitors. Then, we tested the objective of minimization

of metabolic adjustment (MOMA) for CFPS, which is based on the premise that

there is no method for immediate regulation of fluxes towards a specific biolog-

ical objective, following a perturbation. We found MOMA to accurately predict

the overall production of mRNA and protein along with changes in metabolic

behavior in the presence of the inhibitors.

Next, we proposed CFPS as a platform for producing naloxone, an opioid

overdose antitode, taking advantage of its potential to rapidly express bioac-

tive recombinant DNA (rDNA) proteins. Considering the ongoing opioid cri-

sis, paired with the insufficient availability and high cost of naloxone, we de-

veloped a novel biosynthetic pathway for the production of naloxone and pre-

dicted possible enzymes that could catalyze various steps of the proposed path-

way. Future work will experimentally validate this pathway, followed by char-

acterization and quantification of the enzymes involved. We also developed a

mathematical model, accounting for transcription and translation, to simulate

the cell-free expression of morphine dehydrogenase, the first enzyme of the de-

signed pathway. This model can be adapted for the expression of other pathway

enzymes as well. A future extension of this study could consider coupling this

description of transcription and translation with the availability of metabolic

resources in the CFPS reaction. Towards this, metabolite values for different

time points could be determined and used in metabolic modeling to optimize

reaction conditions.
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Based on our findings, MOMA opens several directions for future work. One

possible way would be to adapt this MOMA formulation to the naloxone path-

way we designed. In particular, MOMA can be used to predict the perturba-

tion effect of adding various pathway enzymes identified for the synthesis of

naloxone. In addition, MOMA can help in the development of strategies that

improve protein yields by the deletion of enzymes that negatively affect CFPS.

For example, energy resources consumed for the degradation of nucleotides can

otherwise be directed toward translation. Thus, MOMA can reveal insights into

the best strategies for optimizing CFPS through more efficient regulation of en-

ergy resources within the metabolic network.

Taken together, we have developed a strategy for the point-of-care produc-

tion of naloxone using cell-free metabolic engineering, pending further exper-

imental validation and enzyme characterization. We have also validated the

approach of MOMA for model guided development and optimization of this

proposed platform. Finally, MOMA can be used to engineer strains with im-

proved CFPS performance, thus extending the scope of its application to cell-

free metabolic engineering.
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APPENDIX A

APPENDIX

Table A.1: Parameters for sequence specific flux balance analysis and min-
imization of metabolic adjustment

Parameter Value

RNA polymerase concentration (RTL) 60-75 nM [20]

Ribosome concentration (RTX) 2-2.3 µM [20]

Transcription elongation rate (ṅTX) 15-25 nt/s [20]

Translation elongation rate (ṅTL) 1-2 aa/s/ribosome [20]

Transcription time constant (τTX) 0.021 - 0.05 (calculated)

Translation time constant (τTL) 0.063 - 0.126 (calculated)

Transcription saturation coefficient (KTX) 0.3 µM [150]

Translation saturation coefficient (KTL) 600.0 µM (estimated)

Polysome number (KP ) 10 (estimated)

mRNA degradation rate constant (kmRNAd ) 2.38 h−1 [20]

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 (estimated)

Weight bound RNAP-σ70 P70a (K2) 10 (estimated)

σ70 concentration (σ70) 35 nM [20]

σ70 dissociation constant (KD) 130 nM [155]

σ70 hill coefficient (n) 1 [155]

Gene concentration (G) 5 nM (experiment)
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Table A.2: Literature parameters used for TX-TL model equations.

Parameter Value Reference

RNA Polymerase concentration, RX 0.06-0.07 µM [20]

Ribosome concentration, RL <2.3 µM [20]

σ70 concentration, σ70 <35 nM [20]

Transcription elongation rate, v̇X 12-30 nt/s [20]

Translation elongation rate, v̇L 1-2 aa/s [20]

Transcription saturation coefficient, KX 0.036 µM [150]

Polysome amplification constant, KP 1.0 [52]

Transcription initiation time, kinit,X 22 s [150]

Translation initiation time, kinit,L 1.5 s [52]
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Table A.3: Estimated parameters for mdh gene regulation

Description Parameter Value (µ± σ)

Translation saturation coefficient KL 312.79 ± 3.16 µM

Half-life translation τL,1/2 5.87 ± 0.06 h−1

Time constants

mdh transcription τX 0.612 ± 0.006

mdh translation τL 0.0502 ± 0.0005

mRNA and protein half life

mRNA mdh ln(2)/θm,mdh 4.37 ± 0.04 min

Protein mdh ln(2)/θp,mdh 3.527 ± 0.035 days

Protein σ70 ln(2)/θp,σ70 2.182 ± 0.021 days

Binding energies

RNAP + mdh gene ∆Gmdh,RX 45.967 ± 0.464 kJmol−1

RNAP + σ70 + mdh gene ∆Gmdh,σ70 -20.012 ± 0.201 kJmol−1

Binding parameters

Hill coefficient n 1.118 ± 0.011

Dissociation constant K 7.350 ± 0.074
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