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Computational Methods for Pathway Synthesis and
Strain Optimization

Engineering and optimization of biological cells have been central to modern
biotechnology, with applications ranging from drug discovery and development to
production of commercially significant chemicals. Purely empirical approaches can
benefit greatly when paired with computer-aided design methods that allow for design space exploration and optimization. Such methods may significantly contribute
to reducing experimental efforts and expediting discoveries.
This thesis addresses two problems in metabolic engineering and synthetic biology. The first problem concerns the construction of synthetic pathways to produce
a desired metabolite within a microbial cell. We present two approaches for solving
this problem. The first approach, ProbPath, identifies non-native de novo synthesis
pathways from reactions within a database by probabilistically sampling available
reactions. ProbPath is shown effective in identifying synthesis pathways when compared to exhaustive exploration of the design space with limited path length in
terms of generating similar yield profiles. Additionally, we were able with ProbPath
to reproduce routes that were experimentally obtained for the production of several
molecules. The second approach addresses the issue when a desired target metabolite is not present in known databases. To produce a synthesis pathway or such a
metabolite, we develop a novel methodology based on identifying structural similarities between the target metabolite and existing metabolites within the database
and developing transformation operators that predict the transformation outcome
when applied to the target metabolite. To study this approach, we developed an

iv

algorithm, PROXIMAL, to construct transformation operators based on the set
of xenobiotic transformations associated with human liver enzymes. We evaluated
the prediction accuracy of PROXIMAL through case studies on two environmental
chemicals. Comparisons with published reports confirm that our predictions have
been experimentally validated in the literature.
The second problem addressed in this thesis concerns identifying optimal
gene modifications when tuning a microbial cell to maximize the production of a
desired compound. The novelty in our problem formulation lies in explicitly accounting for likely variations in flux capacities due to engineering modifications.
The thesis presents a computational framework, CCOpt, which identifies an optimal set of gene modifications. CCOpt is based on chance-constrained programming, where constraints are probabilistically met at a user-specified confidence level.
Evaluation of the approach demonstrates that CCOpt consistently finds a solution
most-frequently found when using Monte Carlo sampling, but at a fraction of a
computational cost. The CCOpt formulation is the first work to incorporate uncertainties when computing gene modifications.
Overall, the thesis contributes to and advances the state-of-the-art in design
automation tools for metabolic engineering and synthetic biology.
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Chapter 1

Introduction
Metabolic engineering of microbial hosts has shown promise in the production or
overproduction of commercially useful biomolecule, including polyesters [1], building
blocks for industrial polymers [2], biofuels [3], and therapeutic natural products
derived from isoprenoids [4, 5, 6], polyketides [7, 8], and non-ribosomal peptides [6].
One successful example is microbially produced artemisnic acid as a viable source
of antimalarial drugs [9]. Keasling’s lab, which began to look at alternative sources
for producing artemisinin in 2001, isolated genes that produce artemisinic acid from
Artemisia annua (a common type of wormwood) and transferred them into yeast.
To improve yield, productivity, and selectivity of artemisinic acid, metabolite flux
was redirected by up- and down-regulating several endogenous yeast genes. Yeast
was chosen over Escherichia coli because the latter was deemed incompatible with
expression of plant-derived genes. The outcome, which took almost two decades to
realize, allows for cheaper treatments (from $2.40 to $0.25 per dose) for malaria that
annually threatens 300-500 million people and kills more than one million people
[10]. Large-scale commercial production commenced in April 2013 through a licensed
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process to Sanofi & PATH that plans to manufacture and distribute artemisinin atcost [11].
While this example highlights the potential of microbial biosynthesis as a
production process, it also illustrates the challenges in synthesis pathway development process: A series of non-native genes must be identified and transferred into a
genetically compatible host. The host must then be tuned to maximize the production of the non-native desired product. The example also highlights the effort, cost
and time required for biological discoveries and for engineering synthetic biological
systems.
While experimental efforts have yielded successes, it is becoming clear that
tapping the full potential of biological engineering will require advances in computational methods to support and expedite the design cycle. Computing is poised to
play a critical role for several reasons. First, Moore’s law has predicted since the
1970s that transistor density doubles every two years, and has led to exponential
increases in computational power [12, 13]. Computer memory density has exhibited similar exponential growth [14]. With increased computing capabilities, design
variable search and optimization capabilities that were prohibitive a decade ago are
now possible. Second, biological data is now catalogued electronically in databases
and made available via web access. One example is the KEGG database [15, 16, 17],
which catalogues compounds, reactions, biological pathways and modules. Another
example is Ecocyc [18], a database specific to E. coli providing genomic information along with metabolic pathways and regulatory networks. The availability of
such data has already had significant impact, enabling genome-reconstruction of
metabolic networks (e.g. [19, 20]). Third, advances in computational techniques,
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including algorithms [21] and machine learning [22], can be adapted to enable the
design and optimization of biological systems.
This thesis addresses several computational techniques that promise to expedite the design and tuning of synthetic systems. The thesis develops computational
approaches for the identification and ranking of biosynthesis pathways, and for tuning the microbial hosts to achieve high yields. To solve these problems, we develop
novel algorithms, and employ well-established chance-constrained optimization technique. We also utilize knowledge catalogued in databases to inform our techniques.

1.1

Computational Challenges in Metabolic Engineering

Several issues challenge the development of computational methods that aid and
guide the design of biological systems. These challenges can be broadly classified
into two categories: model development and design-space exploration challenges.
We describe each challenge and highlight one or two recent works that have shown
great promise in addressing these challenges.

1.1.1

Modeling Challenges

Stoichiometric models that capture the steady-state constraints of a metabolic network are traditionally constructed manually, based on earlier models and in combination with reaction availability from databases. The recent availability of genome,
reaction, and organism specific databases has allowed for the automatic reconstruction of genome-scale models [23, 24]. The quality of the reconstruction, whether
obtained manually or automatically, is as comprehensive as the availability of re3

construction and experimental data, and is a function of the reconstruction procedure. The resulting models may thus be incomplete or inconsistent for the purpose
of steady-state analysis. A standalone tool that addresses model inconsistencies is
Model & Constraint Consistency Checker (MC3 ) [25], which has been developed to
perform model and constraint consistency checking. MC3 identifies model inconsistencies in the context of steady-state analysis.
Dynamic models represent changes in the metabolic concentration and reaction rates over time in a metabolic network. After determining kinetic rate expressions based on either mechanistic knowledge [26] or canonical rate expressions
[27, 28, 29, 30, 31], kinetic parameters must be fitted based on experimental measurements. Parameter estimation methods minimize the error between model predictions and experimental data. Simulated annealing (SA) is a global optimization
technique used in parameter estimation. This technique creates initial estimates
of parameters and then iteratively refines the estimates [32]. SA is a stochastic
method; it does not guarantee a global optimum. Recently, a new approach has
been developed to avoid the traditional “best-fit” model. Ensemble kinetic modeling builds an collection of allowable dynamic models that reach the same steady
state, and avoids the detailed characterization of kinetic parameters [33].
To enable cellular engineering to fully exploit computational advances, computational models must capture uncertainties inherent to biological systems due in
part to stochastic fluctuations of molecular processes. The translation and transcription machinery expressing genes fundamentally undergo a stochastic process
[34], resulting in cell-to-cell variations in mRNA and protein levels and phenotype
variations across a wide range of organisms [35]. Discrete and stochastic models have
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been proposed based on a probabilistic interpretation of reaction events. For example, Gillespie’s stochastic simulation algorithm (SSA) considers discrete amounts of
molecules, and joint probability distributions are used to express the likelihood a
particular cellular concentration at a given time [36]. While a number of modifications have been proposed to capture increasing levels of detail such as time delays
in protein synthesis and burst increases in mRNA production [37], the impact of
stochastic fluctuations in gene expression is not routinely utilized when analyzing
complex cellular metabolism mainly due to lack of consistent data sets and methods
to use the data.

1.1.2

Design-Space Exploration Challenges

Some computational problems in Metabolic Engineering are inherently difficult. One
example problem is Elementary Flux Mode (EFM) analysis [38, 39], used to find
all non-decomposable thermodynamically feasible pathways that can operate under
steady-state conditions. EFM analysis has proven useful in analyzing robustness
and regulation [38, 40, 41], microbial stress responses [42], product yield [43], and in
assessing carbon conversion efficiency in plants [44]. While useful, enumerating all
pathways is intractable, and EFM analysis is not possible for even moderate-size reconstructions. Alternate decomposition methods have emerged including samplingbased techniques [45] and finding pathways within sub-networks [46].
Computational intractability also manifests itself when optimizing design
variables. With a large design space, exhaustive analysis is computationally prohibitive. Consider the problem of identifying optimal gene knockouts within a cellular network to maximize the yield of a desired metabolite. The feasibility of

5

evaluating all possible knockouts individually, in pairs, and in groups of 3 or more
requires evaluating the resulting cellular flux 2n times, where n is the number of
genes within the network. In OptKnock [47], this problem is formulated as a bilevel optimization problem, and solved using Mixed Integer Linear Programming.
The runtime needed to solve this optimization problem grows exponentially with the
network size [48]. While runtime is often cited as prohibitive, memory use proves to
also be prohibitive. A problem arises when there are multiple options to choose from
at each step of the computation, leading to exponential growth in the number of candidate solutions. Such exponential growth will eventually strain available memory
resources and easily extend beyond reasonable processing times, severely limiting
the scope of resulting solutions. An example problem is the pathway identification
problem that will be addressed in this thesis.
While exploring the design space, it is also important to address uncertainties
in engineering interventions. Consider the problem of modifying gene expression
levels. Even the most skilled biological engineer is unable to implement an exact
fold change. A nave way of accounting for such uncertainties is band-guarding,
where worse case assumptions about the variations are assumed, and design decisions
are made conservatively. Such approaches often lead to “over-design”, and may
not lead to the best design options. Computational methods to effectively address
biological and engineering uncertainties at the design stage will become increasingly
important as biological engineering efforts progress from proof-of-principle to scaledup manufacturing.
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1.2

Thesis Overview

This thesis addresses two problems: identification of de novo synthesis pathways and
optimal tuning of microbial hosts. The following sections describe these problems
in detail.

1.2.1

Identification of De Novo Synthesis Pathways

Two different approaches are available to assemble biosynthesis pathways. The first
involves combining partial pathways from various organisms and implanting them
within a microbial host, as was demonstrated in producing artemisinic acid [9]. A
second approach removes the restriction of utilizing known pathways, and constructs
de novosynthesis pathways. Here, a series of reactions are assembled, one-by-one
and from various organisms, to create a pathway capable of producing a target
metabolite from an existing source within the host.
In some cases, a choice for the de novo pathway may be obvious. For example, there is only one known pathway for biosynthesis of 1,3-propanediol from
glycerol [2]. This pathway consists of two reactions, each catalyzed by a singular
enzyme. More generally, the number of alternative pathways for a given product
may be too large for experimental exploration, especially if the goal is to exploit
the diversity of metabolic enzymes across many different organisms. To date, more
than 1000 prokaryotic genomes have been fully sequenced and annotated. Partial or
draft genomes are available for more than 6000 species. The total number of reactions listed in the Kyoto Encyclopedia of Genes and Genomes (KEGG) [15, 17, 16]
currently exceeds 8000. In this light, computational approaches are warranted to
analyze the growing number of possible metabolic and biosynthetic enzyme combi7

nations as candidate pathways for heterologous synthesis of biomolecules.
Due to the combinatorial nature of the problem, an exhaustive search for
candidate pathways is impractical. To routinely analyze ever-growing and continuously updated genome-scale databases, an effective search strategy needs to address
several issues. Enzymes need to be selected from a large, multi-organism database
such as KEGG [15, 17, 16], MetaCyc [49] or SEED [50] to form a logical reaction
sequence, mapping the final product molecule to one or more reactant metabolites
in the host organism. This selection process needs to take into account not only
the main reactants, but also reducing equivalents and other cofactors. In the likely
event that a large number of candidate pathways have been identified, the computational analysis needs to evaluate these pathways based on a performance metric
such as maximal predicted yield. The evaluation needs to also assess whether the
introduction of the synthesis pathways will negatively impact the host organism’s
capacity for balanced growth [51].
Over the last several years, a number of heuristic approaches have been
developed to predict novel pathways for degradation of xenobiotics [52] or biosynthesis of native and non-native compounds [53, 52, 54, 55]. One such approach,
PathMiner, seeks to build pathways that minimize the biochemical transformation
cost [53]. This heuristic favors reactions involving the addition of smaller functional groups, which can select against canonical modifications such as phosphorylation. PathPred is another method to construct plausible reaction pathways based
on chemical structure transformation patterns of small molecules [52]. PathPred
specifically exploits the KEGG RPAIR database, which contains transformation
patterns for substrate-product pairs (reactant pairs) of known enzymatic reactions.
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The patterns are described by atom type changes at the reaction center atom and
its neighboring atoms. A key advantage of PathPred is that it generates plausible
pathways even when no matching compound is found for the queried molecule by
utilizing pattern matches reflecting generalized reactions shared among structurally
related compounds. The drawback is that the patterns need to be manually cured.
OptStrain uses mixed integer programming to identify stoichiometrically balanced
pathways by adding or deleting reactions to the host metabolic network [54]. A key
advantage of this approach is to couple the selection of reactions with the ranking
of the synthesis pathways in terms of theoretical yields. Success of the optimization however critically depends on thoroughly pre-processing the database, which
remains a non-trivial task.
There currently is a lack of data and consensus on the best pathway scoring
methods. The number of pathway steps does not necessarily correlate with yield
or the implementation practicality [56]. Another metric for ranking the non-native
pathway is metabolic burden which computes the reduction in the growth rate as
a result of added reactions [57]. Another ranking strategy is the thermodynamic
feasibility which tries to compute the change in the Gibbs free energy of the reaction
along the pathways by using a group contribution method [58].
To overcome shortcomings of above prior approaches, this thesis develops a
graph-based probabilistic algorithm, ProbPath, for identifying viable synthesis pathways compatible with balanced cell growth. Rather than exhaustive exploration, our
approach applies probabilistic selection of reactions to construct the pathways. The
algorithm considers not only the main reactants, but also the cofactors needed for
the biosynthesis. ProbPath ranks identified pathways based on yield. We apply the
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algorithm to synthesize pathways producing commercially useful targets using E.
coli as the host organism.
ProbPath proved effective in constructing synthesis pathways involving metabolites and reactions already catalogued in existing databases. However, some desired
metabolites are not found in databases. For example, 3-Hydroxybutyrolactone (3HBL), a key intermediate for various pharmaceuticals and a desired chemical for
producing renewable energies [59], is not catalogued in the KEGG database. To
address this problem, we take advantage of enzyme catalytic promiscuity defined
as the potential to catalyze physiologically irrelevant reactions [60, 61, 62]. Transformations catalyzed by a reaction can be catalogued, and then applied judiciously
to query molecules. We present a computational method to predict possible biotransformations of a target metabolite through a set of enzymes specified by the
user using molecular substructural similarity between the target metabolite and all
substrates of the enzymes. More specifically, we develop a method, PROXIMAL,
that computes xenobiotic transformation pathways through human liver enzymes.
The methodology used in PROXIMAL can be generalized to other sets of enzymes.

1.2.2

Optimal Tuning of Microbial Hosts

In recent years, increasingly sophisticated computational methods have been developed to identify optimal genetic modifications to achieve a desired metabolic
engineering objective. The problem of identifying optimal genetic modifications can
be expressed in terms of operating state variables such as reaction flux, and control (decision) variables such as the presence or absence of gene expression. The
optimal design “tunes” these variables such that the solution meets the engineering
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objective while satisfying several constraints reflecting physico-chemical considerations, experimental observations and assumptions about the physiology of the cell
or organism. Due to biological variability [63, 64], stochastic effects associated with
gene expression, and imprecision in engineering implementation, it is questionable
that enzyme levels can be precisely tuned to exactly match the target values calculated using computational design tools. More likely, the target enzyme levels, and
thus the corresponding reaction flux capacities, can only be achieved with a finite
degree of uncertainty. Addressing uncertainty at the design stage is a challenging
issue that has become increasingly important not only for engineering biological
systems, but also man-made systems such as electronic devices. Indeed, the past
decade has witnessed a paradigm shift in design of electronics and computational
design tools, where all modern electronic circuits are now designed to maximize tolerance to manufacturing and operational variations or to include tuning circuitry for
post-manufacturing re-calibration. As metabolic engineering efforts progress from
proof-of-principle to scaled-up manufacturing, computational methods to effectively
address biological and engineering uncertainties at the design stage will become increasingly important in ensuring the identification of the most robustly optimal gene
modifications.
The uncertainty in achieving targeted enzyme values suggests that the enzyme levels, and hence the corresponding flux carrying capacities (bounds), could
be considered statistical distributions rather than fixed value parameters. In this
statistical interpretation, a flux constraint in a conventional deterministic optimization problem represents the most conservative point in the flux capacity distribution, since a deterministic problem enforces all constraints with zero uncertainty.
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Although the deterministic approach affords relatively straightforward problem formulation and is most commonly practiced [65, 47, 48], this approach might lead
to choosing an intervention set that may be far from optimal in a statistical sense.
Alternatively, a sampling-based optimization approach (e.g. Monte Carlo sampling
[66]), with the obvious caveat of being computationally intensive, probabilistically
explores a possible space of enzyme activities, i.e. flux capacity distributions, and
solves for an optimal intervention set for each sam- pled instance of flux capacities. Repeated sampling produces multiple intervention sets and a corresponding
distribution of objective function values. Another alternative for incorporating uncertainties in an optimization problem is chance-constrained programming (CCP),
which selects an optimal solution with a user-defined degree of probabilistic confidence in meeting constraints. Chance-constrained programming was first introduced
in [67] to solve the problem of temporal planning when uncertainty is present. Since
then, CCP has been utilized in numerous applications, including circuit sizing [68],
soil conservation [69], ground water management [70], energy management [71], and
molecular property optimization [72].
Current strain optimization methods generally seek to identify combinations
of gene-level modifications that will result in an improvement of the desired cellular
objective. These modifications are commonly gene deletions, but may be also up- or
down-regulations of gene expression. A notable example of a computational method
to identify gene knockouts is OptKnock [47]. This method uses bi-level programming to identify gene deletions that satisfy the coupled objectives of metabolite
overproduction and biomass formation. Another gene deletion strategy is Genetic
Design through Local Search (GLDS) [48], which employs a heuristic and flux bal-
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ance analysis (FBA) to iteratively find sets of zero flux reactions (corresponding to
gene deletions) that would result in the maximization of the target reaction flux.
Other, related methods for large-scale problems involve metaheuristic approaches
to iteratively improve a candidate set of gene deletions by generating and selecting
variants of the candidate set via assessment of the objective function. An example
of this approach is OptGene, which uses an evolutionary algorithm to improve the
set of gene deletions with respect to an objective function [73].
Optimization methods have also been described to identify targets for gene
expression modification. OptReg [65] is a constraint-based method that uses bi-level
programming to determine which sets of genes should be amplified or down-regulated
to satisfy a coupled pair of engineering and cellular objectives. Another class of
computational strain design methods utilizes elementary mode (EM) analysis. One
recent example is Computational Approach for Strain Optimization aiming at high
Productivity (CASOP), which ranks reactions based on their contributions to the
yield of desired product [74]. Another example is Flux Design, which selects reactions for up-regulation or deletion based on their correlation with the objective flux
computed from EMs that contribute to the target product [75, 76]. Despite increasing sophistication, these and other current computational strain design methods
implicitly assume that reaction flux changes can be implemented precisely, and thus
do not consider uncertainties as part of the problem formulation.
To address this problem, we propose a computational method, CCOpt, to optimize the selection of an intervention set that consists of gene up/down-regulation
using uncertainty-aware chance-constrained optimization. CCOpt operates on both
kinetic and stoichiometric models and depending on the model type, it approxi-
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mates the distributions of flux capacities either using maximal reaction velocities
or by analyzing the enzyme control flux (ECF) [77]. In contrast to deterministic
approaches where constraints are met with 100% certainty, constraints in CCOpt
are probabilistically met at a user-specified confidence level. We investigate the
application of CCOpt to two case studies that utilize the Chinese Hamster Ovary
(CHO) cell metabolism. Our results demonstrate that CCOpt is capable of identifying optimal intervention sets without the run-time cost of a sampling based (Monte
Carlo) approach.

1.3

Thesis Contributions

This dissertation contributes computationally to the area of metabolic engineering with the goal of producing valuable molecules from microorganisms. The key
contributions are:

• Developing a probabilistic search algorithm (ProbPath) to construct non-native,
viable synthesis pathways.
• Comparing ProbPath against an exhaustive search of limited depth and demonstrating that ProbPath identifies synthesis pathways with yield profiles similar
to those identified using exhaustive search at a fraction of the runtime.
• ProbPath reproduces experimentally obtained pathways reported in the literature, and predicts comparable maximum yields.
• Developing a generic methodology for predicting biotransformation pathways
for target metabolites not catalogued in databases.
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• Implementing PROXIMAL, a method for predicting xenobiotic transformations through human liver enzymes.
• Using PROXIMAL to identify derivatives of two environmental chemicals,
bisphenol A (BPA) and 4-chlorobiphenyl (PCB3). Several identified molecules
were previously reported in the literature as derivatives.
• Creating an optimization framework, CCOpt, that addresses engineering intervention uncertainties when identifying gene modifications to maximize cellular
yield.
• Comparing CCOpt with other approaches that do not address uncertainties,
and demonstrating that CCOpt identifies a more diverse set of interventions.
• Comparing CCOpt with Monte Carlo simulations, and showing that maximal
fluxes predicted by CCOpt are always in the probable range identified by
Monte Carlo simulations.

1.4

Thesis Organizations

This dissertation consists of five chapters. Chapter 2 describes a pathway construction algorithm, ProbPath, for identifying non-native viable synthesis pathways to
overproduce a target metabolite. Chapter 3 presents a new algorithm for identifying
possible biotransformation pathways when the target metabolite is not catalogued
in the database. A method, PROXIMAL, is implemented to predict xenobiotic
biotransformations through human enzymes. Chapter 4 describes an optimization
method, CCOpt, that identifies reactions for flux capacity modifications to increase
the production rate of a target metabolite. This method incorporates engineering
15

uncertainties in the optimization problem using chance-constrained programming.
Chapter 5 summarizes the thesis and outlines directions for future research.
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Chapter 2

Probabilistic Pathway
Construction
In this chapter, we present a novel method for constructing synthesis pathways using
a graph-based probabilistic-search approach. Our approach is based on searching
the KEGG database for pathways and using flux balance analysis (FBA) [78] to
rank the constructed pathways. The main challenge in this approach is to avoid
exhaustive enumeration of all possible pathways as it yields an intractable number
of pathways. Our algorithm, ProbPath, resembles backtracking algorithms that recursively explore the search space until a solution is identified [79]. Backtracking
algorithms visit every possible combination in the solution space by employing a
depth-first search scheme to build a solution incrementally. Starting from an initial
point in the search space, a backtracking algorithm makes a choice at each step to
expand the partial solution. If the partial solution cannot be expanded to a full
solution (for example, if a predefined threshold is met), the algorithm backtracks
to an earlier step and tries an alternative choice. The algorithm ends either when
17

it reaches a solution or when the search space is explored and no feasible solution
is found. Backtracking algorithms are useful in solving problems for which efficient methods are not available. One disadvantage of the standard backtracking
algorithm is repeated failure due to the try-and-error nature of the algorithm [80].
Another drawback of the backtracking algorithm is performing redundant work by
not remembering the conflicts that have already been observed during backtracking
[80]. Unlike standard backtracking algorithms, ProbPath uses random sampling to
explore the search space. At each step, ProbPath makes a random choice guided by
one of its weighting schemes to extend the partial solution. ProbPath remembers
failure routes and avoids them in subsequent steps.

2.1
2.1.1

Methods
Pathway Construction

We develop a graph-based, probabilistic search technique of the KEGG database,
called ProbPath, to identify non-native synthesis pathways for a given product
metabolite. We define a non-native synthesis pathway as a sequence of non-native
reactions beginning with any native metabolite and ending with the specified product metabolite. The product metabolite may or may not be a native metabolite.
Pathways are constructed as a graph, specifically a tree, by adding metabolite nodes
and reaction edges selected from the KEGG database. The KEGG database was
chosen for its breadth of coverage of metabolic pathways across many organisms.
Tree construction proceeds recursively, starting from the target metabolite,
i.e. synthesis product, as the root of the tree Figure 2.1. A single reaction is selected
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(a)

(b)

(c)

Host

Figure 2.1: Schematic illustration of the probabilistic search. The dashed and solid
lines show the possible routes and selected reactions, respectively. The tree expansion terminates when a metabolite found that is native to the host network: (a) all
possible reaction choices to generate a target metabolite, two reactions away from
the target; (b) only one reaction is explored in depth-first fashion and (c) recursive
exploration terminates at a metabolite within the host network.
from a list of candidate reactions in the KEGG database that involve the target
metabolite as a main product. Selection occurs probabilistically based on a weighting scheme determined by the connectivity of the candidate reactions’ metabolites
(see Section 2.1.2). The type of selection scheme is passed to the algorithm as a free
parameter. The selected reaction is then added to the tree and represented by an
edge. This edge expands the tree by attaching new nodes representing the reactant
metabolites and cofactors of the selected reaction. The construction thus proceeds
in a depth-first fashion. Each of these nodes is a new root for the recursion, unless
the corresponding metabolite or cofactor is already present in the host organism or
was previously added to the tree. Details of the algorithm are provided in Figure
2.2.
Because there is a practical limit to the number of heterologous genes that
can be inserted into a typical host organism such as E. coli [7], we set a limit on
the number of reactions that can be used to construct a pathway. The length limit
is thus used to obtain candidate pathways of practical length, rather than to rank19

Algorithm: Probabilistic Pathway Construction
procedure PROB_PATHWAY_CONSTRUCTION(in target metabolite, out pathway)
begin
Call CONSTRUCT_PATH(target metabolite, selection scheme, pathway)
Perform flux balance analysis on pathway
if the calculated yield obtained from pathway is less than that of the native pathway
pathway NULL
end if
end

procedure CONSTRUCT_PATH(in metabolite, selection scheme, out pathway)
begin
if pathway length is greater than length limit
pathway NULL
return
end if
for each reaction r in KEGG database containing metabolite
if r already exists in the pathway
rWeighting  0
else
Set rWeighting based on the selection scheme
end if
end for
Randomly select a reaction based on rWeighting
Add the selected reaction to pathway
for each reactant metabolite, m, of the selected reaction
if m is already in the host or in pathway
continue
else
Call CONSTRUCT_PATH (m, selection scheme, pathway)
end if
end for
end

Figure 2.2: Pseudo-code for the probabilistic pathway construction algorithm. Pathways are constructed recursively starting from the target metabolite which is assigned as the root node of the tree. The tree is expanded at each recursion by
adding an edge which represents a randomly selected reaction among all candidate
reactions linked to the nodal metabolite. The constructed pathway is evaluated by
calculating the maximum yield of the target metabolite using flux balance analysis.
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order or otherwise evaluate pathway quality. In the present study, the length limit
was set to 23 reactions, which reflects state-of-the-art with respect to the number
of simultaneous gene insertions [7]. When the addition of a reaction to the tree
violates this limit, the search algorithm backtracks and proceeds by adding to the
tree another reaction that has not been previously explored, effectively exploring an
alternative pathway. If none of these alternative routes satisfy the pathway length
limit, the algorithm further backtracks and continues from there. The algorithm
finishes when all permitted-length branches of the tree terminate in a metabolite
that is native to the host organism. Due to the probabilistic nature of selecting the
reactions, the completed tree does not exhaustively enumerate all possible pathways.
Rather, each tree represents a single pathway from the target metabolite to one or
more required reactant metabolites (including cofactors) that are native to the host
organism. Therefore, the search is iterated many times to explore a diverse number
of possible pathways.
As previously observed [81], a small subset of the reactions in the KEGG
database are annotated as ‘unclear’ and/or lack corresponding enzyme commission
number entries. Such reactions were excluded from the search.
To evaluate the effectiveness of ProbPath, we compare the probabilistic searches
against an exhaustive search, which constructs all possible pathways in the form of
a single tree. Tree construction proceeds recursively, similar to the probabilistic
search, except that the algorithm adds all of the possible pathways. The output
of the search is thus a set of pathways, rather than a single pathway, that satisfies
the length limit and terminates at a metabolite in the host. For the tree shown in
Fig. 1a, the exhaustive search recursively explores all possible additions to the tree.
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Due to the prohibitive computational cost associated with exhaustive search, the
pathway length limit was set to 10 reactions (as opposed to 23, which is the limit
set for the probabilistic search).

2.1.2

Probabilistic Reaction Selection

We explore three different selection schemes based on metabolite connectivity of
candidate reactions: high-degree connectivity, low-degree connectivity and uniform.
Here, degree connectivity refers to the number of reactions in which a metabolite
participates. The results of the three different selection schemes are compared based
on the likelihood of identifying the pathway with the highest predicted yield.

2.1.2.1

High-connectivity Scheme

In this scheme, we use weighted probabilities to bias the selection in favor of reactions involving high-degree metabolites. It has been observed that scale-free networks include hub nodes of high degree through which lower degree nodes connect
[82]. For example, if A, B and C are three metabolites with A having a high-degree
connectivity and B and C having low degrees of connectivity, a path from B to
C is likely to proceed through A rather than directly. To verify that the metabolites in the KEGG multi-organism database constitute the nodes of a scale-free
network, we characterized the degree distribution by counting the number of times
each metabolite participates in a distinct reaction. This analysis did not consider
the directionality of the reactions, as most of the reactions are reversible. A logscale histogram (Figure 2.3) showed that the degree distribution indeed followed a
power law similar to other evolved, scale-free networks [83] with a scaling exponent
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Figure 2.3: Degree connectivity distribution of metabolites in the KEGG database
exhibiting a power-law distribution in which the probability of finding a metabolite
with connectivity k is proportional to k 2.04 . The blue circles depict the actual
distribution and the red line represents the fitted power-law distribution.
value of 2.04. Motivated by this connectivity property of the KEGG database, we
weighted the selection probabilities of candidate reactions to favor pathways whose
intermediates are hub metabolites.
The probability of selecting a reaction is proportional to its relative weight
normalized by the sum of the weights of all candidate reactions, Ri . Mathematically put, P rob(selectingRi ) = WRi /ΣWRj . The weight of a reaction Ri , WRi , is
computed as one less than the minimum degree of all metabolites connecting to
the candidate reaction. The degree of a node (representing a metabolite) is defined
as the number of edges (representing reactions) associated with each node. As an
example, consider the hypothetical reactions shown in Figure 2.4. Metabolites B
through E have the following degree values: deg(B)=5, deg(C)=4, deg(D)=3 and
deg(E)=2. The weights for the reactions are WR1 =min(5, 4)-1=3, WR2 =3-1=2 and
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Figure 2.4: Metabolite connectivity-based weighting scheme. The nodes and edges
represent metabolites and reactions, respectively. The three reactions R1 , R2 and
R3 producing the metabolite A are defined as follows. R1 : A ⇔ B +C, R2 : A ⇔ D,
and R3 : A ⇔ B + E. Based on these definitions, the algorithm assigns weights of
3, 2 and 1 to reactions R1 , R2 and R3 , in order.
WR3 =min(5, 2)-1=1. In this example, the probabilities of selecting reactions 1, 2
and 3 are 0.5, 0.33 and 0.17, respectively.
It should be noted that a clear distinction between cofactors and main reactants is not always possible without manually inspecting the reaction definition. One
way to discriminate cofactors is based on the degree connectivity, which is generally
higher than other metabolites. Therefore, we determine the weight of a reaction
based on the metabolite with the lowest degree connectivity as calculated by the
‘min’ function in the formulas above. Also, all of the metabolites in a reaction are
and -related, i.e. different pathway branches should be constructed for all of them.

2.1.2.2

Low-connectivity Scheme

In this scheme, we bias the selection in favor of reactions involving low-degree
metabolites. The idea of identifying pathways using low-connectivity metabolites
has been used previously to infer meaningful pathways in biochemical networks. One
such pathway identification algorithm is Metabolic PathFinding, which first assigns
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metabolites a weight equal to their connectivity and then performs a search for the
path with the smallest cumulative weight, thus reducing the likelihood of including
currency metabolites such as ATP or H2O [84]. Another algorithm, MetaRoute,
assigns a modified weight to each reaction based on metabolite degree and then performs a weighted path search to compute the first k-shortest paths between two given
metabolites [81]. Metabolic PathFinding, MetaRoute, and path-pruning methods
[85] are motivated by the idea that low-connectivity metabolites define the major
pathways of carbon (or nitrogen) transfer in biochemical networks. In the present
study, the low-connectivity selection probabilities for the reactions are calculated
similar to the high-connectivity scheme, except that the inverse of one less than
the smallest metabolite degree in a reaction is used as the weight for the reaction
(1/WRi ).

2.1.2.3

Uniform Scheme

Finally, we investigate a selection scheme where each reaction is assigned the same
weight. This scheme does not favor either high- or low-degree metabolites as pathway intermediates, and thus should return the most diverse set of pathways.

2.1.3

Yield Calculation

We evaluate each pathway by calculating the maximum yield of the desired product,
subject to constraints, using flux balance analysis (FBA) [86]. FBA is a computational approach to optimize the flux (flow) through the network subject to steadystate conditions and other thermodynamic and physiological constraints. FBA is
commonly formulated as a linear optimization problem, where the objective function
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either maximizes or minimizes a desired reaction flux or a combination of desired
fluxes. In the present study, the maximum yield of the synthesis pathway is used
as an overall performance metric of the entire synthesis pathway. The yield also
takes into account several (but not all) important biochemical and biophysical constraints of the host organism. The search space can be further pruned by evaluating
thermodynamic favorability [87].
As the base model for FBA, we used a genome-scale model of E. coli metabolism
(iAF1260) [19]. Reactions selected by the search algorithm to constitute a plausible
pathway were then added to the base model to generate the modified strain model.
Upper and lower flux bounds for the added reactions were set to 1000 and 1000
mmol/gDW/h, respectively. All other constraints were kept at the same default
values of the base model as described in [19]. In brief, the glucose uptake upper and
lower bounds were 1000 and 8 mmol/gDW/h, respectively, oxygen uptake bounds
were 1000 and 18.5 mmol/gDW/h and the ATP maintenance requirement was set
to 8.39 mmol/gDW/h [19]. The FBA objective was to maximize the flux forming
the desired product subject to the constraint that the modified host strain produces
at least 80% of the wild-type biomass yield. Pathways leading to zero product fluxes
were considered non-viable. Viable pathways were rank ordered according to the
maximum product yield. For comparisons with literature values, product yields
were expressed as fluxes normalized by the corresponding glucose uptake flux or dry
cell weight (DCW).
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2.2

Results and Discussion

To analyze the effectiveness of ProbPath, we examined the synthesis of several native
and non-native metabolites, which have previously been identified as commercially
useful targets for over-production, using E. coli as the host organism. Moreover,
experimentally determined yield or titer data (the concentration of a substance in
solution) were available in the published literature, thus providing references for
comparison. The test compounds belonged to four groups: precursors for natural
products with therapeutic activity (isopentenyl diphosphate and taxa-4,11-diene);
alcohols used as building blocks for polymer synthesis and other commercial applications (1,3-propanediol and 2,3-butanediol); a complex carbohydrate precursor for
value added chemicals (myo-inositol); and lipid biofuels (fatty acid methyl and ethyl
esters and triacylglycerol).
The analysis compared the performance of the probabilistic search algorithm
for different weighting schemes (uniform, high connectivity, and low connectivity)
based on the average and maximum yields of the synthesis pathways over all yields
obtained from repeated runs. The probabilistic search with uniform weighting was
also compared against an exhaustive search in terms of sampling efficiency as reflected in the yield diversity of the pathways. This comparison also involved an
analysis of the computational cost, which showed that the run time of the exhaustive search increases exponentially with respect to the number of reactions in the
pathway, whereas the runtime of the probabilistic search scales linearly with the
number of reaction in the database. Finally, we compared the yield results calculated by the probabilistic and exhaustive searches against experimentally obtained
values reported in the literature.
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2.2.1

Yield Results for Different Weighting Schemes

Due to the probabilistic nature of ProbPath, meaningful interpretation of the search
requires a large number of iterations. To estimate the number of iterations needed
to identify viable, high-yield pathways, we executed the probabilistic search for
varying numbers of iterations ranging from 100 to 1500 and recorded the maximum
product yield obtained for each iteration number. To also determine an average
yield, we repeated this process 500 times for each iteration number. The results
of this analysis for fatty acid methyl esters are shown in Figure 2.5. The overall
maximum product yield remained constant for all iteration numbers. The average
maximum product yield increased steadily with the iteration number, and gradually
leveled off, reaching a plateau around iteration number 1500. Similar trends were
observed for all other test cases (data not shown). These trends suggest that the
likelihood of finding a pathway with the overall maximum yield increases with the
iteration number, but only up to a point. Once a sufficiently large iteration number
has been reached, the likelihood of finding a pathway with the overall maximum
yield remains essentially unchanged.
In addition to the overall maximum yield, we also recorded the standard
deviation of the maximum yields for the 500 repeats at the various iteration numbers.
To more clearly visualize the trend, we plotted the standard deviations for iteration
numbers up to 4000 (Figure 2.6). The decreasing standard deviations suggest that
increasing the iteration number improves the predictability of the search outcomes
resulting from repeated runs. Given that we calculate and record the maximum
yield for each run in a batch of repeats, the convergence in yield trends toward the
overall maximum.
28

1.1
1

Maximum yield

0.9
0.8
0.7
0.6
0.5
0.4

mean(uniform weighting)
max (uniform weighting)

100

300

500

700
900
1100
Number of iterations

1300

1500

Figure 2.5: Dependence of the overall and average maximum yields on the number
of iterations for the fatty acid methyl ester test case. At each iteration number,
the probabilistic search was repeated 500 times. The overall maximum refers to the
largest of the 500 maximum yields for the iteration number calculated using flux
balance analysis (FBA). The average maximum yield refers to the arithmetic mean
of the 500 FBA yields.
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Figure 2.6: Average yield (solid line) and standard deviation (error bars) vs. number
of iterations for the fatty acid methyl ester test case.
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To examine the impact of the weighting scheme on search performance, we repeated the probabilistic search with uniform, low-connectivity and high-connectivity
selection of reactions. Comparisons of overall and average maximum yields for fatty
acid ethyl esters (FAEEs) are shown in Figure 2.7. The uniform weighting scheme
consistently outperformed the connectivity-based weighting schemes, as it needed
fewer iterations to identify viable, high-yield pathways. This improvement in the
search performance suggested that the high-yield pathways involve intermediates
with both high and low metabolite connectivity. This indeed was the case for fatty
acid ethyl esters. The pathway with the highest maximum product yield (3.58
mmol/gDW/h) was identified only when the reactions were selected based on a
uniformly random probability. The connectivity values of metabolites in the reaction sequence for this pathway were 3, 8, 6, 44, 7, 24, 11, 22, 7 and 8, in order. The
maximum product yield calculated using the high-connectivity weighting scheme
was 3.37 mmol/gDW/h. The metabolite connectivity values for this reaction sequence were 3, 8, 6, 44, 7, 24, 11, 22 and 12, in order, differing only slightly from
the higher yield pathway at the end of sequence. As a consequence of its bias for
reactions involving high-degree metabolites (in this case, bias for the reaction involving a product with degree 12 over degree 7) the high-connectivity weighting
scheme favors the lower yield sequence, whereas the uniform weighting scheme is
equally likely to select either sequence.
Similar results were obtained for triacylglycerol, with greater average maximum yields calculated by the uniform weighting scheme compared to the connectivity weighting schemes (Appendix A Figure 13). In the case of fatty acid methyl
esters, the results of the low-connectivity weighting method were similar to those
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Figure 2.7: Yield comparisons for fatty acid ethyl esters obtained using connectivitybased and uniform weighting schemes.
of the uniform weighting method (Appendix A Figure 12), suggesting that there
are some highest-yielding pathways (1.065 mmol/gDW/h) that proceed through
metabolites with low-connectivity values. Since the uniform probabilistic method
is able to find not only the pathways found by the low-connectivity method but
also other pathways with the same yield, which otherwise cannot be identified using low-connectivity weighting due to some high-connectivity metabolites in them,
uniform probabilistic method outperforms the low-connectivity probabilistic search
in this case. One possible reason the uniform weighting scheme outperforms the
connectivity-based schemes could be due to interactions with the host metabolic
network. Integrating a high-connectivity pathway with the host could subject many
native pathways to competition with the non-native pathway. Likewise, a pathway
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Metabolite name

Weighting scheme

Isopentenyl diphosphate

Uniform
High-connectivity
Low-connectivity
Uniform
High-connectivity
Low-connectivity
Uniform
High-connectivity
Low-connectivity
Uniform
High-connectivity
Low-connectivity
Uniform
High-connectivity
Low-connectivity
Uniform
High-connectivity
Low-connectivity
Uniform
High-connectivity
Low-connectivity
Uniform
High-connectivity
Low-connectivity

Myo-Inositol

Taxadiene

1,3-Propanediol

2,3-Butanediol

Fatty acid ethyl esters

Fatty acid methyl esters

Triacylglycerol

Normalized average
maximum yield
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
0.64
0.60
0.58
0.77
0.69
0.76
0.40
0.38
0.38

Table 2.1: Effect of the weighting scheme on search performance. The normalized
average maximum yield was calculated by dividing the average maximum yield with
the overall maximum yield. Average and overall maximum yields were determined
for runs of 1,000 iterations repeated 50 times as described in the text.
with low-connectivity metabolites could add to the scarcity of metabolites with one
or few native routes of production.
The three weighting schemes returned similar performances for all other test
cases (Table 2.1 and Appendix A Figures 7-11), where the synthesis pathways did
not exhibit significant variations in the obtained yield.
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2.2.2

Sampling Efficiency

For every test case, the probabilistic search with the uniform weighting scheme
identified viable synthesis pathways supporting a non-zero yield of the target product
and at least 80% of the maximum wild-type biomass flux. A summary of the search
results is shown in Table 2.2. In general, the exhaustive search returned a greater
number of pathways than the probabilistic search, despite the lower length limit (10
vs. 23 reactions). Equally small numbers of pathways were identified for taxadiene
and 1,3-propanediol (2 and 1, respectively), presumably reflecting the involvement of
singular reactions. In the cases of isopentenyl diphosphate (IPP) and myo-inositol,
the number of pathways identified by the probabilistic search was greater than the
exhaustive search. In the cases of the lipids, the exhaustive search generated a larger
number of pathways than the probabilistic search, with the fold differences in the
number of pathways ranging from 30 to 58.
Despite the differences in the total number of pathways, the maximal yields
calculated by the probabilistic (uniform weighting) and exhaustive searches were
identical in all test cases, except for fatty acid methyl esters, where the difference
was less than 1%.
For the sake of completeness, we also compared the results obtained from
the uniform probabilistic and exhaustive search with length limit of 10 reactions
(Appendix A Table 1). For some of the test cases, the number of identified pathways
using the probabilistic method decreased. However, the maximum calculated fluxes
were the same, because the search found pathways with lengths less than 10 reactions
and the same highest yield (Table 2.2).
The similarity of the maximal yields suggested that the two search methods
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Metabolite
name

Native yield

Method

#
pathways

Max. yield/rate

Isopentenyl
diphodphatea

301.13
mg/gDW/h

Uniform ProbPath
Exhaustive search
Literature

11
9
NA

Myo-inositolb

0

Uniform ProbPath

71

314.24 mg/gDW/h
314.24 mg/gDW/h
27.4 g/L amorphadiene [88] (1.95
mg/gDW/h)
0.2 g/g glucose

mol/mol
glucose

Exhaustive search
Literature

42
NA

Pathway
lengths (pathways
with
yields
larger
than 95% of
the max. yield)
4, 5, 8, 10, 19
4, 5, 8, 10
NA

2, 7, 8, 9, 10,
11, 13
2, 7, 8, 9, 10
NA

0.2 g/g glucose
0.23 g/L [89] (0.08
g/g glucose)
Taxadienec
Non-native
Uniform ProbPath 2
0.06 g/g glucose
2, 5
Exhaustive search
2
0.06 g/g glucose
2, 5
Literature
NA
1.3 mg/L [90] (0.06 NA
mg/g glucose)
1,3-Propanediol Non-native
Uniform ProbPath 1
2.19 mmol/gDW/h 2
Exhaustive search
1
2.19 mmol/gDW/h 2
Literature
NA
2.3 mmol/gDW/h NA
[47]
2,3-Butanediol
Non-native
Uniform ProbPath 9
0.11 g/g glucose
2, 3, 4
Exhaustive search
9
0.11 g/g glucose
2, 3, 4
Literature
NA
0.31 g/g glucose NA
[91]
Fatty acid
Non-native
Uniform ProbPath 19
3.58 mmol/gDW/h 8, 9, 10, 11
ethyl estersd
Exhaustive search
1092
3.58 mmol/gDW/h 8, 9, 10
Literature
NA
647 mg/L [3] (0.34 NA
g/g glucose)
Fatty acid
Non-native
Uniform ProbPath 45
1.07 mmol/gDW/h 7, 8, 9
methyl esterse
Exhaustive search
1353
1.08 mmol/gDW/h 7, 8, 9
Literature
NA
0.3 g/gDW [92]
NA
Triacylglycerol
Non-native
Uniform ProbPath 51
1.65 mmol/gDW/h 8, 9
Exhaustive search
2900
1.65 mmol/gDW/h 8, 9
Literature
NA
0.06 mol/mol glu- NA
cose [93]
For comparisons with FBA calculations, the reported titer values were converted as follows:
a
IPP (27.4 g/L / 88 gDW/L) / 160hr = 1.95 mg/gDW/hr
b
Myo-inositol 10 g/L − 7 g/L = 3 g/L (glucose consumed)
0.23 g/L / 3 g/L = 0.08 g/g glucose
c
Taxadiene 1.3 mg/L / 20 g/L = 0.06 mg/g glucose (We assumed all glucose in LB medium is
consumed.)
d
FAEE 647 mg/L / 2 g/L = 0.34 g/g glucose
e
FAME The yield was reported for thraustochytrid Aurantiochytrium sp. strain T66 (as opposed to E. coli).

Table 2.2: Summary of search results obtained using uniform probabilistic and exhaustive methods. Results are shown for 1,000 iterations of the probabilistic search
and one single run of the exhaustive search for each test case. The total number of
pathways includes only those with specific productivities greater than the wild-type
organism represented by the base model. The maximal yield refers to the pathway
with the highest ratio of product flux to biomass flux. Product fluxes were calculated using FBA with the constraint that the biomass flux exceeds 80% of the
wild-type.
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Figure 2.8: Yield distributions for fatty acid methyl esters obtained using uniform
probabilistic search (a), exhaustive search (b), high-connectivity probabilistic search
(c) and low-connectivity probabilistic search (d). The histograms for the probabilistic searches represent the cumulative results of 1000 iterations. The histogram for
the exhaustive search reflects a single run.
identified at least partially overlapping sets of pathways. To evaluate the extent of
the overlap, we compared the yield distributions resulting from the two methods
for each test case (Appendix A Figures 1-6). In the case of fatty acid methyl esters
(Figures 2.8 a, b), the yield distributions were essentially identical, even though
the total number of pathways returned by the probabilistic search was less than 4%
of the total returned by the exhaustive search. Similar trends were observed for all
other test cases, suggesting that the probabilistic search representatively sampled
the space of possible pathways in the KEGG database.
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We also compared the yield distributions for fatty acid methyl esters obtained
from different weighting schemes (Figures 2.8 a, c, d). In all three cases, similar
patterns were generated, suggesting that there is no correlation between connectivity
and yield distribution. In conclusion, using uniform weighting proves superior in all
our test cases in finding highest-yielding pathways compared to other weighting
schemes.

2.2.3

Runtime Comparisons

To examine the computational efficiency of the probabilistic search, we compared
its runtime against the exhaustive search. The runtime for the exhaustive search
grew exponentially with the number of reactions used in the pathway (Figure 2.9),
rendering the algorithm intractable for longer pathways. For example, a single
run of the exhaustive search with a pathway length limit of 23 was projected to
require a runtime exceeding 400 years on a workstation with four Quad-Core 2.3
GHz processors (AMD Optron 8356) and 64 GB of physical memory. The runtime
for the probabilistic search shows a linear dependence on the number of reactions in
the KEGG database. With the identical pathway length limit of 23, 1000 iterations
of the probabilistic search required a runtime of 6 minutes on the same workstation.

2.2.4

Experimental Support

We next examined the quality of the results from the probabilistic search (uniform
weighting) by comparing the FBA calculations against published data on experimentally obtained yields. In general, direct comparisons of the predicted yields
against published values were not possible. The immediate output of FBA is spe-
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Figure 2.9: Runtimes of the exhaustive search as a function of pathway length limit.
Data shown are for the fatty acid methyl esters test case. Symbols indicate recorded
values from simulations performed on a four Quad-Core 2.3 GHz AMD Optron 8356
with 64 GB of physical memory. The dashed line extrapolates the runtimes for
length limits up to 23 reactions, which is the maximum number of steps allowed for
the probabilistic search. Extrapolation is performed based on linear regression of
log-transformed runtime data against length limit.
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cific productivity (rate of target production normalized to dry cell weight) during
balanced growth, which can then be normalized to glucose uptake or another flux.
Typically reported values are volumetric productivity (product titer and cell density) measurements obtained from shake flask or fed-batch experiments [88] [3]. In
some cases, quantitative details regarding the carbon source and other culture parameters needed to derive the specific productivity or yield were not reported. In
such cases, representative values were used based on a survey of the literature. For
example, we used the default value of 0.4 absorbance unit per gDCW/L to convert
the reported OD 600 readings into cell concentrations. The details of converting the
reported titer values varied from case to case, and are therefore described separately
for each case in the caption of Table 2.2.
In the case of IPP, the search algorithm identified 11 distinct pathways, all of
which led to higher maximal yields compared to the native pathway. Comparisons
with published data suggested that the predicted maximal yield is two orders of
magnitude greater than previously observed yields. Similarly large differences were
found between the FBA calculation and reported values for the other natural product, taxadiene. In the case of the alcohols and myo-inositol, the FBA results were of
comparable magnitude as previously achieved production rates [47] [89] [91]. In the
case of the lipids, comparisons with published values were further confounded by
the generic representation of hydrocarbon side chains and unspecified stoichiometries of the relevant reactions in the KEGG database. Computing mass yields was
especially problematic for synthesis pathways involving chain elongation reactions
catalyzed by multi-functional enzyme complexes such as fatty acid synthase.
In addition to yield, we also examined the compositions of the pathways re-
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sulting from the probabilistic search. For every test case, the computational search
is able to reconstruct viable pathways involving reactions whose insertion or overexpression has been shown to improve the yield. In the case of IPP, the search
results included the mevalonate pathway, which has been shown to be a preferred
synthesis route in E. coli [5]. Two pathways were identified for taxadiene, one
of which started with IPP, as previously shown in [90]. The other started with
farnesylfarnesylgeraniol and had the same yield. In the case of myo-inositol, several pathways started from acetyl-CoA as reported in [94]. The search also identified several other pathways that started from d-glucose-6-phosphate, acetaldehyde,
pyruvate, propanoyl-CoA or malonyl-CoA. The highest yield belonged to the pathway which started with acetyl-CoA. Other identified pathways had slightly less
yields. Only one pathway was identified for 1,3-propanediol, which started from
glycerol, consistent with the analysis in a review [2].

The synthesis pathways

for (R,R)-2,3-butanediol could begin with a variety of metabolites native to E.
coli, including (S)-2-acetolactate, 3-methyl-2-oxobutanoic acid, (R)-2,3-dihydroxy3-methylbutanoate (all three had the highest yield), thiamin diphosphate and pyruvate. Of these, the pathway starting from pyruvate has already been demonstrated
experimentally in E. coli [91]. Pathways producing fatty acid ethyl esters (FAEEs)
started with different metabolites, including 1,2-diacyl-sn-glycerol with the highest yield of 3.58 mmol/gDW/h, (3R)-3-hydroxyacyl-[acyl-carrier protein], acetylCoA, phosphatidylethanolamine, 1-acyl-sn-glycerol 3-phosphate, 2-acyl-sn-glycero3-phosphoethanolamine and phosphatidate, all with lesser yields. Depending on
the length of the desired hydrocarbon side chain, fatty acid methyl esters (FAMEs)
could be produced from various glycerolipids and phospholipids such as (3R)-3-
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hydroxyacyl-[acyl-carrier protein] with the highest yield of 1.07 mmol/gDW/h,
CDP-diacylglycerol, phosphatidylethanolamine, choline, 1,2-diacyl-sn-glycerol, phosphatidate and 1-acyl-sn-glycerol 3-phosphate. In the case of triacylglycerol, most
pathways involved acyl-CoA [95] starting with (3R)-3-hydroxyacyl-[acyl-carrier protein]
which generated the highest yield of 1.65 mmol/gDW/h, phosphatidate, phosphatidylethanolamine and 1-acyl-sn-glycerol 3-phosphate. Other pathways, which
did not involve acyl-CoA, began with CDP-diacylglycerol, choline and 1,2-diacylsn-glycerol.

2.3

Conclusion

We designed a probabilistic graph-based search algorithm to identify novel, nonnative synthesis pathways for metabolite over-production using heterologous hosts.
Importantly, the algorithm considers not only the main reactants, but also the
cofactors needed for the biosynthesis. The probabilistic search for pathways is based
on uniform weighting and the degree of metabolite connectivity determined from
the KEGG database. Results demonstrate that uniform weighting outperforms the
connectivity weighting in terms of average maximum yield with the same number of
iterations. ProbPath is much faster (minutes, independent of the pathway length)
than the exhaustive search algorithm (∼ years for the longest pathways) and takes
into account all possible pathways in a probabilistic way.
Using this method, we were able to reproduce experimentally obtained pathways reported in the literature as in the cases of IPP, myo-inositol, taxadiene,
1,3-propanediol, (R,R)-2,3-butanediol, fatty acid ethyl and methyl esters and triacylglycerol. The corresponding maximum yields are also comparable with those
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reported in the literature. We also compared the yield results of ProbPath with
those of an exhaustive search method which looks for all possible pathways leading
to the target metabolite production in a higher rate. Our calculations show that for
reasonable number of iterations (∼ 1000 with a runtime on the order of minutes)
the results of both methods are comparable.
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Chapter 3

PROXIMAL: A Method for
Prediction of Xenobiotic
Metabolism
One limitation of ProbPath, our probabilistic construction pathway algorithm, is
that it cannot identify synthesis pathways for a target metabolite not catalogued
within a database. A more general approach would accommodate any target metabolite, and allow for exploring reaction steps that are not necessarily catalogued in the
databases. To investigate this approach, we focused on the specific problem of predicting the biotransformation of xenobiotics by human enzymes. We develop a new
method, termed PROXIMAL, that analyzes Phase I and Phase II xenobiotic transformations that are cataloged in public databases (i.e. DrugBank [96, 97, 98] and
KEGG [15, 99]), and builds look-up tables linking specific molecular substructures
with matching biotransformation operations that modify these substructures. To
achieve specificity, the look-up tables take into account molecular substructures that
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consist of a reaction center and its two-level nearest neighbors. Given a query compound, PROXIMAL applies a select set of transformations from the look-up tables
at one or more matching sites, or reaction centers, of the query compound. PROXIMAL then ranks the transformation results based on the activity and abundance
of the enzymes involved in the transformations. To evaluate the predictive power
of PROXIMAL, we investigate two case studies involving bisphenol A (BPA) and
4-chlorobiphenyl (PCB3), two environmental chemicals with suspected endocrine
disrupting activity. While the presentation in this chapter is specific to predicting
xenobiotic biotransformation, the approach can be generalized to other classes of
enzymes.

3.1

Background: Metabolism of Ingested Drugs and
Foreign Chemicals in Human Livers

When ingested, drugs and other foreign chemicals can be metabolized by xenobiotic
transformation enzymes, which are expressed throughout the body, in particular
the liver and intestine. In mammals, including humans, clearance of xenobiotic
chemicals from the body involves two to three phases, with the first two phases
carrying out key structural modifications. Typically, Phase I activates the chemical
by introducing a reactive and polar functional group, whereas Phase II conjugates
the activated chemical with a charged compound, increasing the molecular weight,
reducing reactivity, and improving transport properties. An additional Phase III
step can follow the conjugation step to eliminate the conjugated chemical from
the cell into the extracellular medium. The enzymes mediating these reactions
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have broad specificity, and thus are capable of generating a variety of metabolic
products. Cytochrome P450 (CYP) enzymes play an especially important role in
Phase I modification, which often involves oxidizing the substrate by introducing a
hydroxyl group or oxygen atom. Depending on the substrate, a CYP reaction can
produce a highly reactive derivative that can bind and modify other molecules in
the cell, including macromolecules, and thus pose a cytotoxicity risk [100].
In some cases, the products of xenobiotic transformation can be biologically
active, and interact with endogenous enzymes or regulator molecules to interfere
with critical physiological processes. An example where this might be a concern is
in the case of emerging contaminants. For example, diethylhexyl phthalate (DEHP)
is a widely used plasticizer that can be hydrolyzed in the body to form monoethylhexyl phthalate (MEHP). In vitro experiments using molecular and cellular assays
have shown that MEHP can selectively activate the nuclear receptor peroxisome
proliferator-activated receptor-γ (PPAR-γ) to promote adipogenesis [101], and thus
could contribute to the development of obesity. Hydroxylated derivatives of polychlorinated biphenyls (PCBs) can inhibit the sulfation of thyroid [102] and steroid
hormones [103], and thereby disrupt an important mechanism for regulating the
levels of these hormones. In the case of PCBs, hydroxylation can also enhance the
toxicity of these chemicals [104], possibly through a mechanism involving oxidative
DNA damage [105]. A similar increase in toxicity has also been reported to result
from hydroxylation of polybrominated diphenyl ethers (PBDEs) [106].
One approach for identifying endogenously formed xenobiotic transformation products is to experimentally profile bodily fluids such as blood or urine for
compounds that are structurally related to the xenobiotic chemical. For example,
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Dhakal et al. utilized mass spectrometry (MS) to identify several Phase I and Phase
II derivatives of a PCB in urine and fecal samples from mice [107]. This metabolite
profiling study utilized selective ion monitoring, a MS method for targeted analysis.
While this targeted approach affords quantitative analysis, it may not be comprehensive. By definition, targeted analysis requires a priori knowledge of the chemicals
of interest, and consequently limited in its potential for discovery. Ideally, investigation of xenobiotic transformation is sufficiently comprehensive to characterize
the breadth of metabolic products that can be derived from a chemical of interest,
while also focused enough to robustly identify and quantitate the products. To this
end, complementing experimental analysis with computational prediction of transformation products could be a powerful strategy to enhance the discovery potential
of quantitative analytical experiments.
Several computational approaches have been developed to predict xenobiotic
transformations that result in structural modifications to the chemical. Examples
of well-known approaches are UM-PPS [108, 109, 110], Meta [111, 112, 113] and
Meteor [114, 115, 116]. The University of Minnesota Pathway Prediction System
(UM-PPS) [108, 109, 110] is a rule-based method specifically developed to predict
microbial catabolism of organic compounds. Based on curated information on microbial reactions cataloged in the University of Minnesota Biocatalysis/Biodegredation
Database (UM-BBD) [117] and documented in the published literature, UM-PPS
generates a set of rules that specify how predefined functional groups may be modified through a metabolic reaction. These rules are ranked based on their thermodynamic feasibility and applied to the matching functional groups in the query
compound to predict the compound’s metabolic products. Meta, another rule-

46

based method, predicts xenobiotic transformations in mammals by generating rules
compiled from reviews and textbooks [111, 113]. Given a query compound, Meta
searches for a molecular fragment in the compound that is recognized by a specific
enzyme and transforms it into a product fragment. Meta uses a genetic algorithm
to optimize the rules based on experimental observations to improve the predictions [112]. For a given metabolite, Meteor predicts the possible transformation
steps using a reasoning engine that has a knowledge base composed of generic rules
[115, 116]. Several hundred (841) rules are derived from 217 known biotransformation reactions. The rules are assigned a rank according to the lipophilicity and
molecular weight of the query metabolite [114]. Kirchmair et al. provide a comprehensive review of computational approaches for predicting outcomes of xenobiotic
transformations [118]. A drawback of rule-based approaches is that they rely heavily
on generic transformation rules, leading to a large number of predictions that may
be difficult to evaluate and interpret.

3.2

Methods

The PROXIMAL method has three steps. The first step catalogs known xenobiotic
transformation reactions (enzymes, substrates and products) recorded in databases.
In this study, we focused on CYP enzymes (Phase I enzymes) and transferases
(Phase II enzymes), which account for the bulk of xenobiotic chemical modifications and conjugations in mammals. The cataloged information is used to build
look-up tables that associate a particular molecular substructure with a specific
pattern of modification or conjugation. The second step uses the look-up tables to
apply a select set of transformations to a matching substructure within the chemical
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Figure 3.1: A flowchart illustrating PROXIMAL’s inputs, outputs and steps.
of interest. Depending on the chemical, this step may generate a large number of
possible transformation products due to the number of sites available for modification. The third step ranks the predicted transformation products using available
data on the activity and abundance of the enzymes associated with the transformations. Figure 3.1 shows PROXIMAL’s steps, inputs and outputs. The inputs to
PROXIMAL are a user-specified set of enzymes and a query molecule. The outputs
are predicted products for the query molecule and their relative ranks.

3.2.1

Step 1: Generating Look-up Tables

To generate the look-up tables, we cataloged CYP oxidoreductases as representative enzymes responsible for Phase I modifications. We also cataloged several
transferases that play a major role in Phase II conjugations of drug chemicals.
These Phase II enzymes are: UDP-glucuronosyltransferase (UGT; EC 2.4.1.17),
sulfotransferase (SULT; EC 2.8.2.1), N-acetyltransferase (NAT; EC 2.3.1.5), glutathione S-transferase (GST; EC 2.5.1.18), thiopurine S-methyl transferase (TPMT;
EC 2.1.1.67) and catechol O-methyl transferase (COMT; EC 2.1.1.6) [119]. We used
two publicly accessible databases, DrugBank [96, 97, 98] and KEGG [120, 99], to

48

obtain the reaction data for these enzymes. At the time of completion of this work,
DrugBank reported reaction data on 409 CYP enzymes and 70 transferases associated with Phase II drug metabolism, whereas KEGG listed reaction data on 154
and 61 Phase I and II enzymes, respectively. These two databases were mined to
identify a master list of reactant-product pairs for reactions catalyzed by Phase I
oxidoreductases or Phase II transferases. PROXIMAL accepts the list as an input and downloads the .mol files from the databases. Next, PROXIMAL aligns the
structures of the reactant and product in each reaction using SIMCOMP [121], finds
structural similarities and differences. SIMCOMP is based on a graph comparison
algorithm to search for the maximal common subgraph from two chemical graphs.
This problem can be reduced to finding maximal clique in the corresponding association graph [121]. The key ideas in SIMCOMP algorithm are labeling nodes
by their chemical environments and weighing the edges in the association graph to
allow for partial matching. SIMCOMP improves the clique finding algorithm by
stopping the calculation of clique finding after a reasonable number of recursion
steps and extending only large simply connected common subgraphs. SIMCOMP
also generates a list of matched atoms for the reactant-product pair. Each atom
in the list is represented by an atom number and a KEGG atom type [122], where
the atom type describes the chemical element of the atom and its adjacent atoms
(i.e. neighbors) in the molecule. Rows that contain different KEGG atom types
for the reactant and product represent potential reaction centers. From the list of
potential reaction centers, PROXIMAL removes those that are not directly connected to a functional group that is absent or new in the product. PROXIMAL
then generates a list of reaction centers and their adjacent and distant neighbors to
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construct the look-up tables. An adjacent neighbor of an atom x is directly connected to atom x by a covalent bond. A distant neighbor of atom x is an adjacent
neighbor of any one of atom x’s adjacent neighbors. The look-up table stores information as a ‘key’ and ‘value’ pair. The ‘key’ consists of the information for the
reaction center, its adjacent neighbors, and distant neighbors. The ‘value’ part of
the look-up table holds the information for the changes to the atoms comprising
the keys, including any added functional groups. We illustrate the construction of
a look-up table using a Phase I modification of the drug antipyrine as an example
(Figure 3.2). In this example, the cataloged CYP reaction hydroxylates the drug to
form 3-hydroxymethylantipyrine (Figure 3.2a). Based on the .mol files for the drug
and its transformation product, PROXIMAL represents the atoms in KEGG atom
types, compares the reactant and product structures using SIMCOMP, and finds the
reaction center, its adjacent neighbors, and distant neighbors. Reactant atoms that
correspond to matching product atoms are arranged into a table such that each row
contains a matching pair of reactant and product atom types (Figure 3.2b). The
ordering of the rows is determined by the atom order (numbering) in the reactant
.mol file. Reactant atoms corresponding to rows that contain different reactant and
product atom types are marked as reaction centers. In the present example, the 9th
row has different atom types (C1a changes to C1b). Therefore, C1a is the atom type
of the reaction center. This reaction center has only one adjacent neighbor, atom
number 4, which has atom type C8y. The distant neighbors are atom numbers 3,
7, and 9. The set of distant neighbors always includes the reaction center. Atoms
3 and 7 are type N4y and C8x, respectively. The reaction center (shown in red in
Figure 3.2a), its adjacent atom (shown in blue), and distant neighbors (shown in
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Figure 3.2: Schematic illustration of look-up table construction (PROXIMAL step 1).
(a) A CYP reaction transforms the drug antipyrine to 3hydroxymethylantipyrine, both represented in KEGG atom type format. Red, blue
and green atoms are the reaction centers, adjacent neighbors and distant neighbors,
respectively. The .mol files were downloaded from DrugBank. (b) List of matched
atoms for the reactant and product. (c) The transformation look-up table has two
parts, consisting of a key that specifies the modified reactant substructure and a
corresponding value that describes the modifications resulting in the product.
green) together comprise the substructure where the CYP-mediated chemical modification occurs. This substructure forms the ‘key’ of a look-up table (Figure 3.2c).
The corresponding ‘value’ is O1a, which is the atom type added to the reactant
through the CYP reaction. In the case where there are additional reaction centers,
the corresponding rows in the alignment table (Figure 3.2b) are processed similarly
to generate additional keys and values. The same process is also used to construct
look-up tables for substructures around reaction centers identified in the substrates
of the Phase II enzymes.
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3.2.2

Step 2: Generating Potential Products

Given a chemical of interest, PROXIMAL applies the transformation patterns represented in the look-up tables to generate possible products of Phase I and/or Phase
II reactions. The chemical of interest is specified using an input .mol file. PROXIMAL processes this input file to represent the chemical in KEGG atom type format
(Kanehisa et al., 2004) using the KEGG API (Application Programming Interface).
PROXIMAL treats all atoms in the chemical as possible reaction centers, and builds
corresponding lists of adjacent and distant neighbors. A query is performed to identify any substructures that match to a key in the look-up tables. If there is a match,
then the key’s value is applied to generate a biotransformation product. Depending on the number of matches, PROXIMAL may generate multiple products for a
given chemical. The use of the look-up table in predicting xenobiotic transformation
products is illustrated through an example involving acetaminophen (Figure 3.3).
After converting the drug’s .mol file to the KEGG atom type format (Figure 3.3a),
PROXIMAL generates a list of potential reaction center atoms and their neighbors
(Figure 3.3b). Some reaction centers (9-11) have one adjacent neighbor, others have
two adjacent neighbors (2-6), and some have three adjacent neighbors (1, 7 and 8).
Each reaction center in the list is compared with keys in the Phase I and II look-up
tables. In this example, we find matching keys for the 11th row (reaction center:
O1a; adjacent neighbor: C8y; distant neighbors: C8x, C8x, O1a). Applying the corresponding value from the Phase I look-up table generates N-acetyl-p-benzoquinone
imine. Applying the values from the Phase II look-up table generates two additional
products, acetaminophen glucuronide and acetaminophen sulfate. All three predicted products have been experimentally confirmed in published studies [123, 124].
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Figure 3.3: Schematic illustration of generating the transformation products
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list of atoms comprising acetaminophen and their adjacent and distant neighbors.
(c) The products predicted to result from modifications of the reaction center at
atom number 11 are N-acetyl-p-benzoquinone imine, acetaminophen glucuronide
and acetaminophen sulfate.
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3.2.3

Step 3: Ranking the Predicted Metabolites

Several factors influence the likelihood that a particular transformation occurs. Two
important, related factors are the enzyme’s (catalytic) activity and abundance [125].
Another factor is whether multiple enzymes can catalyze the same transformation.
In ranking the predicted products, we assume that a transformation is more likely to
occur if there are many different enzymes that can catalyze the reaction, and if the
enzymes are highly abundant and active. Based on this assumption, we compute
the following score for each predicted transformation product.

score =

X

(average activity)(average abundance)

(3.1)

k

Equation (3.1) sums the product of average activity and abundance for each
enzyme that can catalyze the formation of the transformation product, with the relevant enzymes (index k) determined from the look-up tables. Values for average activity and abundance were obtained by analyzing published data. For this analysis, we
focused on a subset of major Phase I (CYP) enzymes, as they play a quantitatively
dominant role in human drug metabolism [126, 127, 128]. Specifically, we collected
data on the following 9 CYP enzymes expressed in the human liver: 1A2, 2A6, 2B6,
2C8, 2C9, 2C19, 2D6, 2E1, and 3A4. Both abundance [126, 129, 128, 130, 131] and
activity [132, 133, 134, 135, 136] data were obtained from multiple studies involving
primary hepatocytes from human donors. The studies were carefully selected such
that the substrates used to characterize activity were similar in structure (Appendix
B Table 1). To afford quantitative comparisons of data taken from different studies,
we accounted for missing values and normalized the data as follows. The activity
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and abundance datasets were each organized into a matrix, with rows corresponding
to enzymes and columns corresponding to studies. All activity data were expressed
in terms of pmol substrate converted/min/mg protein, and all abundance data were
expressed in terms of pmol CYP/mg protein. In the case a study did not report the
abundance or activity of an enzyme, the missing value was imputed based on the
row average for the enzyme. As the imputed value affects the average, this value
was later iteratively recalculated during our normalization routine until it converged
within a reasonable tolerance (0.1%). After estimating initial values for the missing
data, each column in the activity or abundance matrix was scaled to vary from 0 to
1 by subtracting the minimum value from each column entry and dividing by the
maximal range in the column.

anew =

aij − aj,min
aj,max − aj,min

(3.2)

In equation (3.2), anew is the scaled activity or abundance, and the subscripts
i and j refer to the enzyme and referenced study, respectively. Next, quantile
normalization was performed on both abundance and activity matrices to normalize
the distribution of data across studies. An iterative procedure was then applied using
the results of the quantile normalization to recalculate the missing values initially
estimated by averaging the values reported in the different studies. Once the values
converged, a final value for CYP abundance or activity was calculated by taking a
row average. These final, averaged values for each CYP were then normalized with
respect to the sum of the final activity or abundance values for all 9 CYPs.
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Abundance

Activity

CYP
Average min

max

Average min

max

1A2

0.0895

0.0089 0.1232 0.0414

0.0000 0.0773

2A6

0.1245

0.0906 0.1888 0.1393

0.1189 0.1664

2B6

0.0177

0.0000 0.0906 0.0814

0.0450 0.0976

2C8

0.1003

0.0906 0.1232 0.1441

0.0976 0.1664

2C9

0.2226

0.1888 0.2498 0.1198

0.0000 0.1541

2C19 0.0114

0.0000 0.0154 0.0580

0.0000 0.1541

2D6

0.0069

0.0000 0.0154 0.0985

0.0450 0.1664

2E1

0.1898

0.0994 0.2498 0.1669

0.1389 0.2018

3A4

0.2374

0.1888 0.2498 0.1506

0.0000 0.2018

Table 3.1: Abundance and activity values for CYP subfamilies after normalization.
Columns 2, 3 and 4 represent the normalized average, minimum and maximum
CYP abundance values estimated from experimental data across multiple studies
[126, 129, 128, 130, 131]. Columns 5, 6, and 7 represent the normalized average,
minimum and maximum CYP activities estimated from experimental data across
multiple studies [132, 133, 134, 135, 136]
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3.3

Results

To evaluate the effectiveness of PROXIMAL in predicting xenobiotic metabolism,
we investigated two test cases involving the environmental chemicals bisphenol A
(BPA) and 4-chrolobiphenyl (PCB3). BPA is a synthetic chemical that has been
widely used as a plasticizer, and is present in numerous commercial and household
products. The primary exposure route for humans is through ingestion of food and
drink, as BPA leaches from plastic containers [137].PCB3 is a persistent organic
pollutant found in old electronic equipment, paints, plastics, glues and pesticides.
Humans can be exposed to PCB3 through air, water or soil since the degradation rate
in the environment is slow. Both chemicals can elicit biological effects in mammals
that could pose potential health risks [102, 103, 105, 138]. However, it is an open
question whether the observed effects are due to the parent chemical or the metabolic
derivatives.

3.3.1

BPA Transformations

PROXIMAL identified a total of 17 molecular substructures in BPA (Figure 3.4a).
Due to the symmetries present in the molecule, only seven of these substructures
are unique (Figure 3.4b). For example, the substructure surrounding atom number
1 up to 2-level nearest neighbors is exactly the same as atom number 3. All seven
of these substructures have matching keys in the look-up tables generated using
the Phase I and II reaction data from DrugBank and KEGG. Figure 3.5 shows
the predicted transformation products. Five of the predicted derivatives (5-hydroxy
BPA, BPA glucuronide, BPA sulfate, epoxide BPA, and bisphenol-o-quinone) have
been experimentally verified in published reports.
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C1a, C1a,
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O1a
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C8x, C8y,
O1a

8

C1d

C1a

C1d

C1a

C1d
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C1a

C1a

C1a, C8y,
C8y
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O1a

C8y

C8y

C1d,
C8x, C8x

C8y

C1d, C8x,
C8x

Figure 3.4: (a) Representation of BPA in KEGG atom type format. Each atom
is represented by a number, which corresponds to the atom order in the .mol file
(downloaded from KEGG), and its KEGG atom type. (b) Unique BPA atoms and
their adjacent and distant neighbors are listed. Each atom of BPA is considered a
reaction center, which can have up to four adjacent neighbors.
Four of the seven predicted BPA derivatives result from modifications of the
reaction center at atom 1 (first molecular substructure listed in Figure 3.4b). This
substructure consists of a reaction center in the aromatic ring (atom type C8x) and
its neighbors (atom types C8x and C8y). Applying the matching key and value
adds a hydroxyl group to the reaction center (Figure 3.5, BP AI(1) ). Studies by
Schmidt et al. [139] and Jaeg et al. [140] detected the presence of 5-hydroxy BPA in
liver microsomes and S9 fractions prepared from mice fed BPA. Applying matching
Phase II transformations to the hydroxyl group reaction center resulting from the
Phase I modification generates two additional derivatives (Figure 3.5, BP AII
(3) and
BP AII
(4) ). In addition to hydroxylation, another matching value adds an oxygen
atom into the aromatic ring (Figure 3.5, BP AI(3) ). The resulting arene epoxide is
essentially identical to a previously reported BPA derivative [139], except for the
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position of the epoxide group.
Another molecular substructure recognized as a key is the hydroxyl group
(atom number 7) attached to the aromatic ring (5th molecular substructure listed
in Figure 3.4b). This key has one value in the Phase I look-up table. The modification specified by this value is to change the hydroxyl group into a carbonyl group
(Figure 3.5 BP AI(2) ). The resulting derivative is similar to a previously detected
quinol product [141], only differing by a missing hydroxyl group on the ipso carbon. Applying Phase II transformations directly on the hydroxyl group generates
two conjugation products, BPA glucuronide and sulfate (Figure 3.5, BP AII
(1) and
BP AII
(2) ). Several studies have shown that BPA extensively metabolizes into BPA
glucuronide and BPA sulfate in humans, rats, and mice [142, 143, 144, 145].
After identifying the possible transformation products, we rank each predicted metabolite by computing a score that reflects the number of different enzymes that can carry out the predicted transformation as well as published data
on the activity and abundance of these enzymes. As published data were more
extensive for CYP enzymes compared to conjugation enzymes, we restricted the
analysis to ranking only the Phase I products. The enzyme activity and abundance values used for this analysis are shown in Table 3.1. The scores and rankings
for the Phase I derivatives of BPA are shown in Table 3.2. The first and second
columns of the table show the names of the derivatives using the nomenclature
from Figure 3.5 and the CYP enzyme families responsible for the transformation.
We demonstrate the score calculation with an example. The transformation to 5hydroxy BPA (BP AI(1) ) can be catalyzed by any one of four CYP enzymes, namely
1A1, 1A2, 1B1, and 3A4. The average scores for the enzyme activity of 1A2 and
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BPAI(3) †*

BPAII(1) †

BPA

BPAI(2) †*

BPAII(2) †

BPAI(1) †

BPAII(4)

BPAII(3)

Figure 3.5: Predicted biotransformation products for BPA. The solid and dashed
lines represent biotransformation through Phase I and Phase II, respectively. The
symbol † indicates that the exact predicted compound has been verified by experimental data, whereas the symbol ∗ indicates the predicted compound is similar to
but not exactly the same as the structure reported in literature.
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Metabolites
BP AI(1)
BP AI(2)
BP AI(3)

CYPs
1A1x , 1A2, 1B1x ,3A4
1A2, 2D6, 2E1
2E1

Score
0.0395
0.0361
0.0317

Rank
1
2
3

Literature
[140, 139]
[141]∗
[139]∗

Table 3.2: Score and ranking for the predicted products of Phase I biotransformation
of BPA. The first column shows the predicted compounds resulting from Phase I
biotransformation. The notation is same as in Figure 3.5. The second column
indicates the CYP families responsible for the biotransformations. The superscript x
is added to enzymes for which activity/abundance data in human liver samples were
unavailable, and the enzymes were thus not included in the score calculation. The
3rd and 4th columns show the calculated scores and rank. The last column lists the
references reporting the predicted compound. The superscript ∗ indicates that the
predicted compound is similar to but not exactly the same as the reported structure.
3A4 are 0.0414 and 0.1506, respectively (Table 3.1). Their corresponding enzyme
abundance scores are 0.0895 and 0.2374. We calculated the score for BP AI(1) as
(0.0414 × 0.0895 + 0.1506 × 0.2374) = 0.0395. We did not include CYP 1A1 and
1B1 in the calculation since data for these enzymes were unavailable. The scores in
Table 3.2 indicate that hydroxylated BPA should be the dominant derivative. This
ranking is consistent with a human subjects study by Schmidt et al. [139], which
found that hydroxylated forms of BPA were the most abundant in liver microsomes.

3.3.2

PCB3 Transformations

The second case study analyzed the modification and conjugation of PCB3 via Phase
I and II reactions. Figure 3.6 shows the atom numbers and atom types for PCB3.
PROXIMAL identifies a total of 13 molecular substructures in PCB3 where only
8 of these substructures are unique. In total, PROXIMAL predicts 26 derivatives
(Figure 3.7).
Four of predicted PCB3 derivatives result from modifications of the substructure around atom number 12 (Figure 3.6), which consists of a reaction cen-
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Figure 3.6: PCB3 representation in KEGG atom type format. Each atom is represented by a number, which corresponds to the atom order in the .mol file (from
KEGG), and its KEGG atom type.
ter in the aromatic ring (atom type C8x) and its neighbors (atom types C8x and
I ), 3,4-dihydroxyC8x). The derivatives are 4-hydroxy-PCB3 (Figure 3.7, P CB(2)
I ), epoxide PCB3 (P CB I ) and cis-3,4-dihydro-3,4-dihydroxy-PCB3
PCB3 (P CB(5)
(6)
I ). Each of these derivatives can be further transformed by applying match(P CB(8)

ing conjugation steps identified from the Phase II look-up table. The hydroxyl
group reaction center added via Phase I modification in 4-hydroxy-PCB3 (Figure 3.7
I ) generates 4-PCB3-sulfate (P CB II ) and 4-PCB3-glucuronide (P CB II ).
P CB(2)
(3)
(4)
I ) include its glucuronated (P CB II )
Phase II derivatives of 3,4-diOH-PCB3 (P CB(5)
(9)
II ). The epoxide group on the non-chlorinated
and methylated conjugates (P CB(8)
I ) can be reduced and conjugated through Phase II
aromatic ring of PCB3 (P CB(6)
II and P CB II ). Applying a
enzymes to form PCB3 glutathione (Figure 3.7 P CB(10)
(11)
I )
Phase II transformation to cis-3,4-dihydro-3,4-dihydroxy-PCB3 (Figure 3.7 P CB(8)

generates a glucuronic acid conjugate.
Another major reaction center is one of the aromatic ring carbons (atom number 9). Applying Phase I modifications on this substructure generates an arene oxide
I ) and 3-hydroxy-PCB3 (Figure 3.7 P CB I ). Like 4-hydroxy-PCB3
PCB3 (P CB(1)
(4)
I ), 3-hydroxy-PCB3 can be further conjugated with a sulfate (P CB II ) or
(P CB(2)
(6)
II ). Similarly, the arene oxide product (P CB I ) can also
glucuronide group (P CB(7)
(1)
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II and P CB II ) through Phase II enzymes.
be conjugated with glutathione (P CB(1)
(2)

The third Phase I reaction center is located at atom number 7. Modification
I )
of the corresponding substructure again produces a hydroxylated PCB3 (P CB(7)
I ). Phase II transformation of the hydroxas well as 3,4-dichlorobiphenyl (P CB(9)
II ) or mono-glucuronide conylated derivative can generate a methylated (P CB(12)
II ). The remaining Phase I transformation products, an epoxide
jugate (P CB(13)
I ) and 2-hydroxy-PCB3 (P CB I ), derive from modifications of reaction
(P CB(3)
(10)

centers at atom numbers 3 and 5. The corresponding Phase II derivatives include a
II ), glucuronide (P CB II ) and methylated conjugate (P CB II ).
glutathione (P CB(5)
(15)
(16)

In corroborating our predictions on PCB transformations with published
reports, we expanded the literature search to include studies involving rodents, as
there have been only few studies involving primary human liver cells. A recent study
by Dhakal et al. [107] examined the metabolism and toxicity of PCB3 in male rats
by analyzing urine samples collected following a bolus intra-peritoneal injection of
the chemical. Using MS analysis, the authors identified several Phase I and Phase
II products, including 2-, 3-, 4-hydroxy-PCB3, and their corresponding sulfate and
glucuronide conjugates. With the exception of 2-PCB3-sulfate, these derivatives
were also identified by our prediction method (Figure 3.7). The same study [107]
I ) in the urine
also reported the amount of 4-hydroxy-PCB3 (Figure 3.7, P CB(2)
I ). A
samples was approximately 10 times greater than 3-hydroxy PCB3 (P CB(4)

separate study analyzing the distribution of hydroxylated PCB3 derivatives in rat
liver microsomes found that the most abundant forms were, in decreasing order,
4-OH-PCB3, 3-OH-PCB3, and 2-OH-PCB3 [146]. This is in good agreement with
the relative ranking of these three derivatives computed from enzyme activity and
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PCB3II(1) †
PCB3I(1) †

PCB3II(2) †
PCB3II(3) †

PCB3I(2) †

PCB3II(4) †
PCB3I(3)

PCB3II(5)

PCB3II(6) †

PCB3I(4) †

PCB3II(7) †
PCB3II(8)

PCB3I(5) †

PCB3

PCB3II(9)
PCB3II(10) †

PCB3I(6) †

PCB3II(11) †
PCB3II(12)

PCB3I(7)

PCB3II(13)
PCB3I(8) †

PCB3II(14) †

PCB3I(9)

PCB3II(15) †
PCB3I(10) †

PCB3II(16)

Figure 3.7: Predicted biotransformation products for PCB3. The solid and dashed
lines represent the biotransformation reactions mediated by Phase I and Phase II
enzymes, respectively. The symbol † indicates that the exact compound has been
experimentally observed.
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abundance data (Table 3.3).
Additional derivatives predicted by PROXIMAL and experimentally conI ),
firmed in the study by Dhakal et al. include dihydrodiol (Figure 3.7, P CB(8)
II ) and 3,4-dihydroxy-PCB3 (P CB I ). Dhakal et
dihydrodiol glucuronide (P CB(14)
(5)

al. also reported detecting molecules with mass signatures that correspond to the
I and P CB I ) and their glutathione
arene epoxide derivatives (Figure 3.7, P CB(1)
(6)
II , P CB II , P CB II and P CB II ) predicted by PROXIMAL;
conjugates (P CB(1)
(2)
(10)
(11)

however, these compounds could not be confirmed due to lack of pure chemical
standards. In a separate study involving rat livers, Lehmann et al. [147] showed
that PCB3 can be transformed into several active electrophiles, including arene oxides, which may bind to DNA, RNA and/or hemoglobin to cause cellular damage
and increase the frequency of mutations. Transformation of PCB3 into arene oxide
derivatives has also been observed in a study by McLean et al. [146] involving rat
liver microsomes. Altogether, we were able to confirm 17 out of the 26 predicted
PCB3 derivatives based on experimental data published in other studies.

3.4

Discussion

In this work, we present a computational method, termed PROXIMAL, for predicting the transformation of xenobiotic chemicals by human CYP oxidoreductases
and transferases. We evaluated the predictive power of the method by investigating
case studies involving two prevalent environmental contaminants, BPA and PCB3,
which are increasingly associated with developmental disorders and metabolic diseases. Overall, we found strong corroborating evidences in the literature for the
predicted transformations of these two chemicals. In the case of BPA, we could
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Metabolites
I
P CB(1)
I
P CB(2)
I
P CB(3)
I
P CB(4)
I
P CB(5)
I
P CB(6)
I
P CB(7)
I
P CB(8)
I
P CB(9)
I
P CB(10)

CYPs
1A1x , 1B1x , 1A2, 2A6, 2B6,
2C9, 2C19, 2E1, 3A4
1B1x , 2B6, 2C8, 2C9, 2C18x ,
2C19, 2D6, 2E1, 3A4, 3A5x
1A1x , 1B1x , 2C8, 2C9, 2E1,
3A4
2B6, 3A4
3A4
2E1
2E1
2C9, 2C19
1A2
2D6

Score
0.1172

Rank
1

Literature
[107, 147, 146]

0.1113

2

[107, 146]

0.1086

3

0.0372
0.0358
0.0317
0.0317
0.0273
0.0037
0.0007

4
5
6
7
8
9
10

[107, 146]
[107]
[107, 147, 146]
[107]
[107, 146]

Table 3.3: Score and ranking for the predicted products of Phase I biotransformation
of PCB3. The first column shows the predicted compounds resulting from Phase I
biotransformation. The notation is the same as in Figure 3.7. The second column
indicates the CYP families responsible for the biotransformations. The superscript x
is added to enzymes for which activity/abundance data in human liver samples were
unavailable, and the enzymes were thus not included in the score calculation. The
3rd and 4th columns show the calculated scores and rank. The last column lists the
references reporting the predicted compound.
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confirm five of the seven predicted derivatives. In the case of PCB3, we confirmed
17 out of the 26 predictive derivatives, although we should note that the literature
comparisons were based on studies that used animal models. Additional studies on
PCB3 transformations in humans would be needed to further validate the predictions.
It is important to point out that the lack of literature evidence does not
necessarily imply that a prediction is false. It is possible that certain metabolic
transformations of BPA and PCB3 have not yet been observed due to the instability of the products or some other difficulty in detecting these derivatives. Another
reason could be that these products were outside the scope of a targeted analysis.
One way to more comprehensively validate computational predictions on xenobiotic
transformation is to perform untargeted metabolomics studies, for example using
high-resolution MS. However, assigning a chemical identity to every ion detected in
a full-scan MS experiment remains a difficult task. In this regard, pairing experimental investigation of xenobiotic transformation with computational exploration would
be extremely useful, especially for processing complex MS data generated through
untargeted analysis. The predicted chemical structures can be used to calculate
the expected mass signatures (accurate masses), which then can be queried against
spectral data from a high-resolution MS experiment. This type of informed search
streamlines the data processing, and could help avoid false negatives that result
from relying on metabolite databases that likely contain only a small, known subset
of xenobiotic transformation products. The predicted chemical structures can also
be used to calculate isotope patterns and MS/MS fragmentation patterns, which
are crucial in confirming the identity of detected ions, particularly when high-purity
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standards are unavailable for the chemicals of interest. Furthermore, having a priori
knowledge of the expected derivatives can guide the experimental workflow, including the choice of solvent for sample extraction and the method for chromatographic
separation.
The present study focused on environmental pollutants to illustrate and evaluate our prediction method. In addition to organic pollutants, PROXIMAL could
also be used for predicting transformations of other types of chemicals that contain
substructures recognizable by Phase I and Phase II enzymes. Examples include
drugs as well as various phytochemicals, e.g. phenolic compounds. Drug toxicity
often arises from metabolic activation; i.e. the derivatives of a drug can be more
toxic than the drug [148]. In this light, PROXIMAL could be used in conjunction
with toxicity prediction software such as ADMET Predictor and Derek Nexus to
assess the toxic potential of a drug compound’s possible derivatives that could form
endogenously following the drug’s administration. Prospectively, this type of analysis could become part of an in silico screen designed to ultimately reduce the chance
of drug-induced liver injury, which is a leading concern during drug development
and testing [149, 150].
In addition to predicting the chemical structures of potential biotransformation products, PROXIMAL also provides a relative ranking of these products
in terms of their likely occurrence. The ability to predict quantitatively dominant
derivatives for a given chemical could complement experimental approaches, for example by informing the selection of metabolites for targeted analysis. For the two
chemicals examined in our study, the predicted products with the highest ranking
were also the derivatives that were frequently reported in the literature. This sug-
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gests that our ranking scheme could be biologically relevant. The caveat here is
that the literature reports could reflect not only the prevalence of these derivatives,
but also the level of interest in these compounds by the researchers. Clearly, a
more thorough validation, for example using untargeted analysis, will be needed to
evaluate the accuracy of the rankings.
An implicit assumption of our ranking scheme is that the likelihood of forming a particular derivative depends primarily on the kinetics of the biotransformation. We further assumed that the kinetics depends on the total abundance and
activity of the enzymes involved. For example, we predicted that the hydroxylated
forms of BPA are more likely to occur compared to other derivative forms. This result reflects the relatively large number (hence total abundance and activity) of CYP
enzymes that can mediate the hydroxylation reaction. This prediction is consistent
with experimental measurements on microsomes collected from pooled human liver
samples [139].
Our ranking scheme does not take into account whether a particular transformation reaction is energetically more favorable, i.e. yields a more negative change in
free energy, than other possible transformation reactions. Consequently, derivatives
that are formed by the same set of enzymes will have the same rank. In contrast,
derivatives formed by different sets of enzymes, including structural isomers, will
have different rank. For example, our ranking scheme predicted that different hydroxyl isomers of PCB3 would be formed with different likelihoods. Specifically,
we predicted that 4-OH-PCB3 is the most abundant derivative, followed by 3-OHPCB3 and 2-OH-PCB3, in order. Interestingly, this prediction is consistent with
experimental data [107, 146]. As shown in Table 3.3, CYP1B1 can catalyze the for-
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I ) but not the formation of 3-OH-PCB3 (P CB I ),
mation of 4-OH-PCB3 (P CB(2)
(4)

whereas CYP3A4 can catalyze the formation of both isoforms. These differences between the two CYP enzymes reflect the reaction pattern information in the lookup
tables, and imply that the extent of substrate flexibility varies from one CYP enzymes to another. It has been shown that CYP3A4 exhibits a large degree of flexibility, and can add a hydroxyl group to several different carbon atoms in a substrate
molecule [151].
A limitation of our ranking method is that it does not include Phase II products. This was primarily due to insufficient information regarding Phase II enzymes.
After an extensive literature search, we found only one study [133] that reported
the specific activities of all six conjugation enzymes considered in the present work.
As data become available, a ranking analysis could be performed based on relative
enzyme activity and abundance similar to the analysis of Phase I enzymes. An
additional factor to consider is that formation of the conjugation products depends
on Phase I modification, as the atoms introduced in this step form the reaction
centers for Phase II conjugation. As such, Phase I rankings may also need to be
considered in ranking conjugation products. Yet another factor to consider is the
availability of cofactors and conjugation substrates. For example, glutathione is a
major antioxidant in the liver, and can become a limiting reactant under oxidative
stress conditions.
Lastly, our ranking scheme did not include regulatory effects such as induction or inhibition of CYPs by the xenobiotic chemicals. It is well known that BPA
can selectively induce or inhibit metabolic activity of certain CYPs. For example,
Cannon et al. [110] reported on both inhibition and induction of BPA on CYP
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activity in human liver S9 fractions. One way to improve our ranking scheme is
to include enzyme regulation would be to introduce an activity adjustment factor.
For a given xenobiotic of interest, this factor would adjust the baseline CYP activities used in the present study to account for the inhibitory or inducing effects of
the xenobiotic and its predicted derivatives. Clearly, this approach would require
a substantial amount of additional information on the regulatory effects of xenobiotic chemicals. For the present study, we did not find sufficient data to confidently
determine the inhibitory or inducing effects of BPA or PCB3 on the relevant CYP
enzymes. As is the case for predicting the structural modifications resulting from
biotransformation, a purely experimental approach will likely be intractable to determine the regulatory effects of xenobiotic chemicals on CYP enzymes, which may
be mediated by ligand-activated nuclear receptors [152] controlling the expression of
the enzymes. In this regard, computational approaches are warranted, for example
to identify patterns in the chemical structures of known ligands for the regulatory
molecules.
In summary, we present in this chapter a method to predict xenobiotic
metabolism.

To demonstrate the method, we applied the method to two case

studies of endocrine disrupting environmental chemicals, and successfully predicted
biotransformation products reported in the literature. We found experimental evidence for 71 and 65% of the predicted BPA and PCB3 metabolites, respectively.
Our method uses known chemical modifications found in reaction databases such as
DrugBank and KEGG in conjunction with SIMCOMP to predict xenobiotic transformations for a given compound of interest. A novel aspect is the ability to rank
the predicted metabolites based on available information regarding the activity and
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abundance of the transformation enzymes. While the scope of this ranking was limited, we found good agreement between the predictions and findings reported in the
published literature. In the discussion, we identify several limitations of the present
prediction method that reflect the relative scarcity of information on Phase II enzymes and the regulation of xenobiotic transformation enzymes. Further studies,
preferably in human cells, are warranted to further improve the predictive power
and physiological relevance of PROXIMAL.

3.5

Conclusion

We presented in this chapter a new method, PROXIMAL, for predicting the biotransformation of xenobiotics by human enzymes. PROXIMAL analyzes Phase
I and Phase II xenobiotic transformations that are cataloged in public databases
(i.e. DrugBank [96, 97, 98] and KEGG [15, 99]), and builds look-up tables linking
specific molecular substructures with matching biotransformation operations that
modify these substructures. To achieve specificity, the look-up tables take into account molecular substructures that consist of a reaction center and its two-level
nearest neighbors. Given a query compound, PROXIMAL applies a select set of
transformations from the look-up tables at one or more matching sites, or reaction
centers, of the query compound. PROXIMAL then ranks the transformation results
based on the activity and abundance of the enzymes involved in the transformations. To evaluate the predictive power of PROXIMAL, we investigated two case
studies involving bisphenol A (BPA) and 4-chlorobiphenyl (PCB3), two environmental chemicals with suspected endocrine disrupting activity. Our findings were
corroborated with evidence from the literature. Importantly, the approach underly72

ing PROXIMAL is general, and can be applied to construct synthesis pathways for
other classes of metabolites that are not catalogued in current databases.
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Chapter 4

Probabilistic Strain
Optimization under Constraint
Uncertainty
While the methods in previous chapter concern the construction of synthesis pathways, this chapter focuses on tuning the host to maximize the production of a
desired native or non-native metabolite. An important step in this process is to
identify reactions whose activities should be modified to achieve the desired cellular
objective. Preferably, these reactions are identified systematically, as the number of
possible combinations of reaction modifications could be very large. Over the last
several years, a number of computational methods have been described for identifying combinations of reaction modifications. However, none of these methods
explicitly address uncertainties in implementing the reaction activity modifications.
In this chapter, we model the uncertainties as probability distributions in the flux
carrying capacities of reactions. Based on this model, we develop an optimization
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method that identifies reactions for flux capacity modifications to predict outcomes
with high statistical likelihood.

4.1

Methods

We investigate three computational methods to address uncertainty in strain optimization. Specifically, we compare two probabilistic methods, CCP based optimization (CCOpt) and sampling based optimization (MCOpt), against deterministic optimization (DetOpt). The performance of each method is tested on two metabolic
models for which enzyme level changes and corresponding flux capacity distributions
are estimated either from kinetic parameters or steady-state flux data. The performance of the solutions, i.e. predicted target fluxes and corresponding intervention
sets, is evaluated using Monte Carlo simulations (MCEval) designed to simulate the
variable outcomes resulting from experimental implementation of the modifications
specified by the optimization solutions.

4.1.1

Chance-Constrained Optimization (CCOpt)

Figure 4.1 illustrates the difference between a deterministic and probabilistic interpretation of an uncertain upper-bound constraint on the flux of reaction j. In
the deterministic interpretation, the value of flux vj of any feasible solution is enforced to be strictly less than all of the values in the upper-bound (flux-capacity)
distribution Capuj . This yields the constraint:

P rob{vj < Capuj } = 1
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(4.1)

Cap uj

vj

Cap uj

vj


Deterministic

Chance-constrained

Figure 4.1: Deterministic and chance-constrained interpretation of an upper bound
on reaction flux. The dotted lines represent the upper bound for the flux of a reaction
j in a deterministic (left panel) and chance-constrained interpretation (right panel).
The arrows show the flux ranges. If the upper bound is a random variable, the
deterministic interpretation forces the flux vj below the lowest value in the upper
bound distribution. The chance-constrained interpretation allows vj to exceed the
lowest value in the upper bound distribution by some probability specified by the
parameter .
In the probabilistic interpretation, the constraint is not always satisfied, i.e.
there is a nonzero probability that flux vj will be equal to or larger than some of
the values in the distribution Capuj . In the case of CCP, the constraint is relaxed
by introducing a parameter , which reflects the confidence level for the probability
that the solution satisfies the constraint:

P rob{vj < Capuj } ≥ 1 − 

(4.2)

To generalize the previous inequality to also consider the effects of up- or
down-regulating the activity of an enzyme (e.g. through an adjustment in the expression of the gene that encodes the enzyme), we introduce two sets of binary decision
variables yju and yjd . In this chapter, we use the phrasing “up- or down-regulation”
to describe engineering modifications that result in expression level changes of enzymes or groups of enzymes regardless of the method. A value of 1 indicates that
the corresponding enzyme is up- or down-regulated, whereas a value of 0 indicates
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the corresponding enzyme expression is unchanged.

P rob{vj ≤ (1−yju ).(1−yjd ).SSUj +yju .(1−yjd ).Capuj +yjd .(1−yju ).Capdj } ≥ 1− (4.3)

In equation (4.3), SSUj denotes the reference (unmodified) state upper
bound for reaction j. The fact that there are two random variables (Capuj and
Capdj ) does not pose a challenge in solving such an inequality, as at most one of
them will have a nonzero coefficient at a time. Mathematically, the sum of the two
decision variables must be less than or equal to one (yju + yjd ≤ 1), which simplifies
the above inequality into the following:

P rob{vj ≤ SSUj + yju .(Capuj − SSUj ) + yjd .(Capdj − SSUj )} ≥ 1 − 

(4.4)

A graphical illustration of the probabilistic constraints is shown in Figure
4.2. Down-regulating a reaction decreases the upper bound, or the flux capacity. It
could also decrease the lower bound to zero. The capacity change could leave the
flux unchanged or decrease it below the level of the reference (unmodified) state
lower bound. Up-regulating a reaction increases the flux capacity, but does not
affect the lower bound. The flux value could remain the same or rise above the
reference state upper bound. In this study, we model the capacity change resulting
from a gene expression modification as a probabilistic (rather than deterministic)
event, which leads to a flux capacity distribution (dashed red lines).
Various approaches have been developed to solve CCP problems based on
properties such as the distribution of random variables, linearity, and type (individual or joint) of the chance constraints [71]. One method to solve a CCP problem is
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Distribution of flux capacity if
the reaction is down-regulated
Steady state
lower bound

Distribution of flux capacity if
the reaction is up-regulated

Steady state
upper bound
Loose
upper
bound

0

c

a
b

Steady state region - Unmodified
Flux range if the reaction is up-regulated

Flux range if the reaction is down-regulated

Figure 4.2: Chance-constrained reaction flux bounds with or without enzyme level
changes. (a) When there is no modification in the enzyme level, the flux for reaction
j lies within the reference state range. (b) When the reaction is up-regulated, the
upper bound distribution shifts above the reference state upper bound. (c) When the
reaction is down-regulated, the upper bound distribution shifts below the reference
state upper bound and the new (modified state) lower bound may also shift below
the reference state lower bound. The red dashed lines in (b) and (c) show the range
of possible flux capacity values equaling the spread of the capacity distributions.
to convert the probabilistic constraints (here, equation (4.4)) into their deterministic
equivalents at their specified confidence level . This approach requires that the random variables of the problem are independent, and appear only in an exclusive linear
form, such that the coefficients of all but one are always zero [153]. Our formulation meets all of these conditions; therefore, the chance constraints can be converted
into their deterministic equivalents. Using the inverse of the cumulative distribution
functions (CDF) for Capuj and Capdj , inequality (4.4) can be reformulated as:

−1
−1
vj ≤ SSUj + yju .(Fj,u
() − SSUj ) + yjd .(Fj,d
() − SSUj )

(4.5)

−1
−1
where Fj,u
() and Fj,d
() denote the inverse CDFs of Capuj and Capdj re-

spectively, which can be numerically calculated if needed.
Recasting the chance constraints into the equivalent deterministic constraints,
the uncertain optimization problem of maximizing the flux of a desired product
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Variable
name
vtarget
vj
max
vbiomass
yju
yjd
SSUj
SSLj
−1
Fj,u
−1
Fj,d
Capuj
Capdj

α
L
Sij
M
N

Definition
Flux variable for the target reaction
Flux variable for reaction j
Theoretical maximum growth of the wild-type (unmodified) organism
Binary variable for reaction j (1 if up-regulated, 0 otherwise)
Binary variable for reaction j (1 if down-regulated, 0 otherwise)
Reference (unmodified) state upper bound for reaction j
Reference (unmodified) state lower bound for reaction j
Inverse CDF of Capuj
Inverse CDF of Capdj
Random variable for flux capacity of reaction j when up-regulated
Random variable for flux capacity of reaction j when down-regulated
Confidence level desired by the user
Small penalty for each added intervention
Maximum number of allowed interventions
Stoichiometric coefficient for metabolite i and reaction j
Reaction set
Metabolite set
Table 4.1: CCOpt variables and their definitions.

through gene up/down-regulation operations can be formulated for a system of arbitrary size consisting of N metabolites and M reactions. Without loss of generality,
reversible reactions are split into forward and backward components such that the
reaction set comprises only irreversible reactions. In this formulation, the inputs
are the stoichiometric matrix, S, a small penalty for each added intervention, α,
theoretical maximum biomass of the wild-type organism, steady-state boundaries,
and inverse CDF of capacity distributions for each reaction. The outputs are a
maximum target flux value and an intervention set. Table 4.1 defines the optimization variables. The chance-constrained cell optimization problem has the following
constraints:

maximize(vtarget − α.

|M |
X
j=1
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(yju + yjd ))

(4.6)

s.t.
|M |
X

Sij vj = 0, ∀i ∈ N

(4.7)

j=1
max
vbiomass ≥ (0.01).vbiomass

−1
−1
vj ≤ SSUj + yju .(Fj,u
() − SSUj ) + yjd .(Fj,d
() − SSUj ), ∀j ∈ M

vj ≥ SSLj .(1 − yjd ), ∀j ∈ M
|M |
X

(yju + yjd ) ≤ L

(4.8)

(4.9)

(4.10)

(4.11)

j=1

yju + yjd ≤ 1, ∀j ∈ M
yjd + ykd ≤ 1, yju + yku ≤ 1, ∀j ∈ M, k = j’s backward counterpart
yju ∈ {0, 1}, yjd ∈ {0, 1}, ∀j ∈ M

(4.12)

(4.13)

(4.14)

The main objective of the problem is to maximize the target reaction flux
vtarget . It is expected that the optimal value of vtarget will increase monotonically
with the number of allowed interventions (enzyme up/down-regulation operations)
L. On the other hand, the engineering cost is also expected to increase with the
number of interventions. Therefore, the objective function in (4.6) also includes the
term −α.

|M
P|

(yju + yjd ), which imposes a small penalty for each added intervention,

j=1

and balances the optimal flux of the target reaction against the number of required
interventions. Matrix S in (4.7) is a stoichiometric matrix of a biochemical network
where each entry in the matrix represents the stoichiometric coefficient of a compound participating in a particular reaction. Each column describes a reaction. A
column entry is zero if the compound does not participate in the reaction, positive
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if the compound is a product and negative if the compound is a reactant. Each row
in S specifies the mass balance relationship for a particular metabolite. fConstraint
(4.7) represents the steady state assumption that the rate of production of each
intracellular metabolite is equal to its rate of consumption. Constraint (4.8) guarantees a minimal growth rate equaling at least 1% of the theoretical maximum of
the wild-type (unmodified) organism. A minimal growth rate constraint is required
to guarantee that the cell remains viable. This parameter can be adjusted by the
user based on the metabolic model, available data and expectations for cell viability, which does not alter the optimization algorithm. To maximize the growth rate
while simultaneously maximizing a certain target metabolite, a bi-level optimization
with two objectives (maximizing biomass and a target flux) can be applied in place
of the constraints (4.6) and (4.8). However, linear bi-level programs are NP-hard
[154] and there are no efficient algorithms to solve large-scale problems [155]. Constraint (4.9) sets the upper bound flux capacity for each reaction j. SSUj shows
−1
−1
the reference state upper bound for reaction j. Fj,u
and Fj,d
denote the inverse

CDFs of Capuj (the capacity distribution for reaction j if up-regulated) and Capdj
(the capacity distribution for reaction j if down-regulated) respectively. Constraint
(4.10) sets the lower bound flux for each reaction j to SSLj (an observed reference
state lower bound, if the observation data is available) or zero, based on the value
of the binary variable yjd . Constraint (4.11) sets an upper bound on the number of
allowed interventions to L, a constant value. Inequality (4.12) ensures that enzyme
manipulations are exclusive, i.e. a reaction can be either up- or down-regulated in a
solution, but not both. Similarly, constraint (4.13) guarantees that the forward and
backward directions of a reversible reaction are not both up- and down-regulated at
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the same time. Constraint (4.14) specifies that the decision variables yju and yjd can
only be 0 or 1.

4.1.2

Deterministic Optimization (DetOpt)

The deterministic formulation (DetOpt) can be derived from the CCP formulation
by setting  = 0 in (4.9), i.e. vj is strictly less than all possible values the random
variables Capuj or Capdj can take.

4.1.3

Monte Carlo-based Optimization (MCOpt)

Chance-constrained optimization can be emulated by repeatedly solving the fixed
constraint (deterministic) optimization problem in which the constraint parameters
(Capuj or Capdj ) are set to randomly drawn values using a MC sampling procedure for
each instance of the problem. The MC sampling requires a priori knowledge of the
distributions for the flux capacities (Capuj /Capdj ). The procedure for computing the
distributions is described below. Using the randomly drawn set of flux capacities, the
capacity constraints become fixed constraints. Effectively, we replace the inequality
in (4.9) with the constraint below:

vj ≤ SSUj + yju .(Xju − SSUj ) + yjd .(Xjd − SSUj ), ∀j ∈ M

(4.15)

where Xju and Xjd are the randomly drawn set of flux capacities. Each MC
sample, i.e. set of randomly drawn flux capacities, defines an instance of an optimization problem. The solution to this optimization problem is a set of interventions
and a corresponding optimal flux value for the target reaction. Repeating the process (sampling and optimization) many times, we obtain a distribution of optimal
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target flux values.

4.1.4

Computing Capacity Distributions

Traditionally, a gene up/down-regulation operation has been modeled as a deterministic event leading to a fold-change in the level of the corresponding enzyme,
and hence a fold-change in the flux capacity of the reaction catalyzed by the enzyme. Here, we model enzyme level modification as an uncertain event using a
probability distribution. We assume a normal distribution [156] with an average
fold-change of µ = 6 following gene up-regulation and a spread of δ = 6σ = 8,
where σ denotes the standard deviation. The average fold-change value reflects
experimental data reported in gene over-expression studies involving mammalian
cells, specifically adipocytes [157]. We note that the average fold-change value is
a user-specified parameter that can be adjusted to reflect different cell types and
experimental data, and thus does not lead to loss of generality. The spread δ is
chosen so that µ − δ/2 > 1, which ensures that the flux capacity after up-regulating
the enzyme level is higher than the unmodified state. A decrease in enzyme level,
and hence reaction flux capacity, is modeled by a normal distribution Nd (µ, σ 2 ) with
an average fold-change of µ = 0.5 and a spread of δ = 1.
Based on the probabilistic interpretation of fold-changes in enzyme levels resulting from gene modifications, we also estimate the resulting reaction flux capacities as probability distributions. We use two different estimation methods depending
on whether the model is kinetic or stoichiometric. In the case of a kinetic model,
a fold-change in enzyme level is assumed to directly correlate with a fold-change in
the maximal reaction velocity (vj,max ). Here, the maximal reaction velocity has the
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same units as reaction flux. Therefore, flux capacity distributions were calculated by
simply multiplying the enzyme fold-change distributions with vj,max . In the case of
a stoichiometric model, the distributions of flux capacities are approximated using
enzyme control flux (ECF) analysis [77]. Briefly, ECF analysis calculates the effect
of enzyme level changes on flux distribution based on elementary mode analysis [158]
and a power law model for the relationship between reaction flux and enzyme activity. Typically, the ECF problem is underdetermined, and the solution is obtained
as a range of minimal and maximal flux for each reaction. We use the maximal
flux value as the corresponding reaction flux capacity. The maximal flux values,
calculated using sample points from the distributions of enzyme level modifications
(Nu (µ, σ 2 ) and Nd (µ, σ 2 )), form a capacity distribution.

4.1.5

Monte Carlo-based Evaluation (MCEval) Framework

We evaluate CCOpt, DetOpt, and MCOpt using Monte Carlo (MCEval) simulations designed to mimic the expected variations in outcomes when the intervention
sets identified by the three different optimization methods are experimentally implemented. For CCOpt and DetOpt, each solution is a single optimal flux of the
target reaction and a corresponding set of interventions. The MCOpt solution comprises a distribution of maximal fluxes and their corresponding sets of interventions.
To compare these solutions, we perform separate MCEval simulations using the interventions obtained from CCOpt, DetOpt, and MCOpt, and apply flux balance
analysis (FBA) [78] with the objective function of maximizing the target flux.

maximize(vtarget )
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(4.16)

s.t.
|M |
X

Sij vj = 0, ∀i ∈ N

(4.17)

j=1
max
vbiomass ≥ (0.01).vbiomass







SSUj





vj ≤ X u
j









X d
j

vj ≥

(4.18)

if reaction j is unmodified
if reaction j is up-regulated

∀j ∈ M

(4.19)

if reaction j is down-regulated






SSLj

if reaction j is up-regulated or unmodified





0

if reaction j is down-regulated

∀j ∈ M

(4.20)

In the FBA problem, the flux capacity constraints are drawn from the capacity distributions (Xju and Xjd in equation (4.19)) if the corresponding reaction
(enzyme) belongs to the optimized set of interventions. Otherwise, the capacity
constraints are set to maximal steady state value (SSUj ) calculated for the unmodified reference state. Similar to MCOpt, MCEval repeatedly solves a series
of optimization problems to generate a distribution of optimal target flux values.
Unlike MCOpt, MCEval does not seek to identify an intervention set reflecting decisions on enzyme activity modification. Rather, each instance of MCEval simply
solves for the optimal flux and the corresponding flux distribution based on capacity constraints specified by the CCOpt, DetOpt, or MCOpt solution that is to be
evaluated.
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4.2

Results and Discussion

To assess the benefits and limitations of the optimization methods, we compare their
performance using test cases involving both a kinetic and a stoichiometric model.
The kinetic model describes the metabolism of Chinese hamster ovary (CHO) cells
in fed-batch culture [159]. The stoichiometric model describes the metabolism of
adipocytes undergoing differentiation and growth [160].

4.2.1

CHO Cell Model

The CHO cell model comprises 24 metabolites and 47 irreversible reactions. The
kinetic parameters of the model were previously estimated by fitting the model
equations to experimentally obtained metabolite time course data [159]. These parameters are used to estimate the effects of enzyme activity increases and decreases
on the corresponding reaction flux capacity distributions. The flux capacity distributions for the adipocyte model are estimated from steady state metabolic flux
data obtained in previous studies [161]. Additional details of the model including
reaction definitions are provided in Appendix C. The test objective is the synthesis
of a recombinant protein product, a therapeutic antibody.
We first estimate the steady state flux values of a nominal reference state and
the corresponding capacity distributions. The reference state fluxes (SSU , SSL)
are estimated through a linear programming formulation that maximizes/minimizes
each reaction flux subject to

S.V = 0, 0 ≤ vj ≤ vj,max , vj = vjmeas , j ∈ M easuredData
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(4.21)

where vj,max is the maximal velocity of reaction j and M easuredData is a
set of measured exchange flux values for glucose, glutamine, glycine, glutamate and
ammonia. The maximal velocities (vj,max ) are reported in [159] for only 16 of the
47 reactions in the model that explicitly defined with rate expressions. To calculate
the vj,max values for the remaining reactions, we solve a series of flux maximization
problems subject to the 16 pre-defined maximum velocities. The capacities reflecting
up/down-regulations of enzyme activities Capuj /Capdj are obtained by multiplying
the maximum velocities with the assumed enzyme activity distributions:

u/d

Capj

= vj,max .Nu/d (µ, σ 2 )

(4.22)

We compare the intervention sets obtained from CCOpt with  = 0.1 and
 = 0.25 (representing two choices of conservative and relaxed confidence levels respectively) and those from DetOpt, and evaluate the intervention sets using Monte
Carlo simulations (MCEval). In Figure 4.3, the intervention sets (U for the upregulation set) identified by each optimization method are shown above their corresponding optimal target flux values. Empty sets represent no identified interventions. For L = 1, DetOpt and CCOpt at  = 0.1 and  = 0.25 all select reaction
17, which is the lumped antibody synthesis reaction. For L = 2, CCOpt adds reaction 13 to form an intervention set of {13, 17}. Up-regulating reaction 13 increases
the synthesis of cysteine, which could be a limiting reactant. As reported in [162],
one of the rate-limiting steps of antibody production in CHO cells is the folding
and assembly of polypeptides in the endoplasmic reticulum, which requires cysteine
residues. For L = 3, CCOpt further adds reaction 1, which lumps together several
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steps in glycolysis. Up-regulating the flux through glycolysis increase the supply of
pyruvate for oxidation in the tricarboxylic acid (TCA) cycle, which in turn could
provide additional energy for antibody synthesis [163]. For L = 4, CCOpt adds reaction 2, which acts to balance the cytosolic redox by oxidizing NADH and possibly
relieves feedback inhibition of glycolysis.
Compared to CCOpt, DetOpt predicts smaller maximal antibody synthesis
rates (∼ 1000nmol/106 cells/day) due to the conservative choice of reaction flux capacities. The maximal synthesis rate predicted using CCOpt is more than twice the
flux predicted by DetOpt (∼ 2200nmol/106 cells/day). The intervention set identified by DetOpt consists of only a single reaction even when the maximal number
allowed interventions is raised, indicating that the deterministic method does fully
utilize the degree of freedom available in the problem.
Figure 4.4 shows the distribution of maximum antibody production rates
obtained using MCEval for the intervention sets reported in Figure 4.3. In all
cases, the maximum flux predicted by DetOpt falls outside the probable (5th to 95th
percentile) range calculated by MCEval, whereas the maximal flux predicted by
CCOpt falls within this range. When only one intervention is allowed (L = 1), the
selected reaction is the same for CCOpt and DetOpt. However, the flux predicted by
CCOpt is higher, and is also more reliable in a probabilistic sense. When the degree
of freedom is higher (L = 2, 3 and 4), and different intervention sets are selected,
MCEval calculates higher probable ranges for the intervention sets identified by
CCOpt compared to DetOpt. For example, for L = 4, the probable range for
CCOpt lies between 1805 and 2870nmol/106 cells/day whereas both the 5th and
95th percentile values for DetOpt are at 1079.
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Figure 4.3: Maximum antibody production rate and intervention sets obtained by
CCOpt and DetOpt using the CHO cell model. The reactions selected for modification for each intervention set are shown above each data point. The maximum
production rates obtained by CCOpt with,  = 0.25, CCOpt with  = 0.1, and
DetOpt are shown as blue and red circles and black triangles, respectively. Set U
refers to the reactions that need to be up-regulated.
Figure 4.5 shows the distribution of solutions resulting from 106 iterations
of the Monte Carlo optimization method (MCOpt). For L = 1 and L = 2, MCOpt
generates the same solutions as CCOpt and DetOpt. For L = 3, MCOpt identifies
four sets of interventions: {1, 13, 17}, {5, 13, 17}, {13, 17}, and {17}. The first set
is dominant at a frequency of 99.86%, and matches the CCOpt solution. For L = 4,
the trend is the same as L = 3, with one dominant solution (frequency > 99%)
that matches the corresponding CCOpt solution. This set also corresponds to the
highest predicted target flux among all intervention sets comprising four reactions.
In the case of L = 4, the aggregate effect of uncertainties in flux capacities is
to result in a normally distributed target flux. However, this is not the case for L < 4,
where the dominant target flux values generated by MCOpt distribute narrowly with
nearly zero spread. Moreover, the mean target flux values rise only incrementally
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Figure 4.4: Monte Carlo sampling based flux balance analysis (FBA) simulations of
the intervention sets identified by CCOpt and DetOpt for antibody production using
the CHO cell model. Each panel shows a Monte Carlo distribution of FBA optimized target flux values, with the rows and columns corresponding to different caps
on the number of interventions (L) and different optimization methods/settings,
respectively. The x-axis represents the maximum antibody production rate in units
of nmol/106 cells/day. The y-axis represents the sampled frequency of an FBA solution. The dashed lines denote the 5th and 95th percentile values, defined as the
values below and above which 5% of the data fall, respectively. A single dashed line
indicates that these two percentile values are the same. The solid lines indicate the
maximum production rates obtained using CCOpt or DetOpt.
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Figure 4.5: Monte Carlo sampling based optimization (MCOpt) of antibody production using the CHO cell model. Each panel shows a MCOpt calculated distribution
of target flux values, with the rows and columns corresponding to different caps on
the number of interventions (L) and different intervention sets, respectively. For
L = 1 or 2, MCOpt identified only one intervention set. The x-axis represents the
maximum antibody production rate in units of nmol/106 cells/day. The dashed
lines denote the 5th and 95th percentile values. The selection frequency of an intervention set as a fraction of the total pool of MCOpt solutions for a given L is shown
as a percentile value at the top of each panel.
from L = 1 to 3, suggesting that the probabilistic outcomes accumulate at the lower
bound of the probable range due to one or more bottlenecks in the network that are
not relieved until all 4 reaction flux capacity modifications are introduced.
Similar to the CCOpt and DetOpt solutions, the MCOpt solutions are evaluated using MCEval (Figure 4.6). The MCEval results for L = 1 and 2 are identical
to the MCOpt results for L = 1 and 2 shown in Figure 4.5, respectively. For L = 3,
MCOpt generates two sets of interventions, where one dominant set is identified with
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Figure 4.6: Monte Carlo sampling based flux balance analysis (FBA) simulations
identified by MCOpt for antibody production using the CHO cell model. Each panel
shows a Monte Carlo distribution of FBA optimized target flux values, with the
rows and columns corresponding to different caps on the number of interventions
(L) and different intervention sets, respectively. Results are shown only for L =
3 and 4. The x-axis represents the maximum antibody production rate in units
of nmol/106 cells/day. The y-axis represents the sampled frequency of an FBA
solution. The dashed lines denote the 5th and 95th percentile values. A single
dashed line indicates that these two percentile values are the same.
99.9% frequency. Results of MCEval confirm that this solution ({1, 13, 17}) indeed
has a higher probable target flux value. A similar trend is observed for L = 4. The
set with the highest probable target flux values is identical to the CCOpt solution
and the dominant (most frequently identified) MCOpt solution. The probable ranges
(5th and 95th percentile values) calculated by MCEval for the MCOpt intervention
sets {1, 2, 13, 17}, {4, 13, 14, 17} and {13, 17} are (1805, 2870), (1375, 1389) and
(1175, 1175) nmol/106 cells/day, respectively. The MCEval simulations produce a
normal distribution of target fluxes only for the solution {1, 2, 13, 17}, presumably
because only this set of interventions sufficiently relieves the flux capacity bottlenecks in the network. The results of these evaluations indicate that CCOpt and
MCOpt essentially identify the same best intervention sets, where CCOpt arrives at
the results without requiring the sampling run-time cost of MCOpt.
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4.2.2

Adipocyte Model

In the second case study on the adipocyte model [160], we maximize the production
of tripalmitoylglycerol as a representative triacylglycerol (TAG) in adipocyte lipid
droplets [164]. This model includes 66 irreversible reactions and 38 metabolites. The
details of the model are provided in Appendix C. Unlike the CHO cell case study, we
did not use vj,max values to estimate the flux capacities and reference state fluxes.
Instead, the reference state flux values are calculated by maximizing each reaction
subject to a set of measured untreated control data reported in [161]. To estimate
the flux capacity distributions, enzyme control flux (ECF) analysis [77] is used,
where the analysis calculates the impact of a change in an enzyme’s activity on the
steady state flux distribution of the metabolic network. The first step in calculating
the distributions is to generate all elementary modes (EMs). For the base adipocyte
model, 16,818 EMs were identified using efmtool [165]. In the second step, EM
coefficients (EMCs) are calculated through an iterative process. The third step is
to estimate the EMCs for a change in enzyme activity. An increase or decrease
in enzyme activity is modeled by a normal distribution Nu (µ, σ 2 ) or Nd (µ, σ 2 ) as
described in Methods (see Section 4.1.4). The fourth step is to calculate the flux
distributions using the adjusted EMC vectors. Since the enzyme activity change
is described by a distribution, multiple flux distributions are calculated. For each
reaction in the network, the reaction flux capacity is the set to the maximal flux
value of the reaction from the flux distributions. Repeating the third and fourth
steps for all reactions generates a statistical distribution of flux capacities for the
network. The maximum TG production rate and intervention sets obtained from
CCOpt and DetOpt are shown in Figure 4.7. For both CCOpt and DetOpt, the
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maximal predicted target flux increases with the number of allowed interventions.
As was the case for the CHO cell model, CCOpt predicts a larger maximal flux and
generates a more diverse set of solutions compared to DetOpt. In general, DetOpt
underutilizes the degrees of freedom available at larger L values. For example,
the DetOpt solution comprises only 2 interventions when up to 3 interventions are
allowed, whereas the CCOpt solution utilizes all 3 allowed interventions. A second
general trend is that the smaller sets of interventions are subsets of the larger sets.
An interesting observation is that a single intervention (L = 1) yields no change in
the predicted maximal flux. This is expected, as reactions 17 and 24 are in series,
and both are required for TG synthesis. A change in one without a change in the
other merely shifts the limiting capacity to the unchanged reaction.
Reaction 17 is a part of the TCA cycle. Reactions 24 and 26 are palmitate
biosynthesis and tripalmitoylglycerol biosynthesis, respectively. All three reactions
directly impact synthesis of TG, which is formed from esterification of palmitate
with glycerol phosphate, with the latter derived from glycerone phosphate. Previous reports [166], including our own work [161], have shown that the addition
of long-chain fatty acids stimulates cellular TG accumulation. At first glance, the
intervention targets selected by CCOpt appear trivially intuitive. However, other,
equally intuitive alternatives also exist, which were not selected. For example, another intuitive intervention to increase net TG accumulation is to down-regulate
lipolysis (reaction 27). This intervention was not selected, because the reference
(unmodified) state lower bound for reaction 27 is already zero, and a further reduction would have no impact on TG production. In this regard, the optimization
results depend not only on the model, but also on the observed reference state.
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Figure 4.7: Maximum tripalmitoylglycerol production rate and intervention sets
obtained by CCOpt and DetOpt using the adipocyte model. The reactions selected
for modification for each intervention set are shown above each data point. The
maximum production rates obtained by CCOpt with  = 0.25, CCOpt with  = 0.1,
and DetOpt are shown as blue and red circles and black triangles, respectively.
As was the case for the CHO cell model, the results of CCOpt more closely
match the results of MCEval simulations compared to DetOpt (Figure 4.8). Since
neither DetOpt nor CCOpt identified any solutions for L = 1, MCEval simulations
are not shown. For L = 2 and 3, the maximal fluxes predicted by DetOpt (13
mmol/g − DN A/2days, shown as solid lines) lie at the lower end of the distributions generated by MCEval. In contrast, the maximal fluxes predicted by CCOpt
consistently fall in the probable (5th − 95th percentile) range (shown as dashed lines)
of the MCEval distributions. For L = 3, the 95th percentile value obtained from
MCEval simulations of the CCOpt intervention set is significantly larger than the
95th percentile value obtained from MCEval simulations of the DetOpt intervention
set. Additionally, the flux values predicted by CCOpt with and are both in the
probable range as calculated by MCEval.
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Figure 4.8: Monte Carlo sampling based flux balance analysis (FBA) simulations of
the intervention sets identified by CCOpt and DetOpt for tripalmitoylglycerol production using the adipocyte model. Each panel shows a Monte Carlo distribution
of FBA optimized target flux values, with the rows and columns corresponding to
different caps on the number of interventions (L) and different optimization methods/settings, respectively. Results are shown only for L = 2 and 3, as setting L = 1
failed to produce any solutions (empty sets in Figure 4.7). The x-axis represents
the maximum production rate in units of mmol/g − DN A/2days. The y-axis represents the sampled frequency of an FBA solution. The dashed lines denote the 5th
and 95th percentile values. The solid lines indicate the maximum production rates
obtained using CCOpt or DetOpt.
Applying MCOpt to the adipocyte model generates one solution for L = 1
and 2 and two solutions for L = 3 (Figure 4.9). The solutions with the highest
frequency are identical to the CCOpt solutions. These solutions are {}, {17, 24}
and {17, 24, 26} for L = 1, 2, and 3, respectively, and occur with 100%, 100% and
89.2% frequency. Of the two MCOpt solutions for L = 3, the dominant solution
has the higher probable target flux values, which is consistent with the results of
MCEval simulations (Figure 4.10).

4.2.3

Computational Complexity and Scalability of Methods

Our optimization problems (CCOpt, MCOpt and DetOpt) are formulated as mixed
integer linear programming (MILP). A MILP problem requires a subset of variables
to take on integer values, while the other variables can take on non-integer values.
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Figure 4.9: Monte Carlo sampling based optimization (MCOpt) of tripalmitoylglycerol (TG) synthesis using the adipocyte model. Each panel shows a MCOpt
calculated distribution of target flux values, with the rows and columns corresponding to different caps on the number of interventions (L) and different intervention
sets, respectively. For L = 1 or 2, MCOpt identified only one intervention set. The
x-axis represents the maximum TG synthesis rate. The dashed lines denote the
5th and 95th percentile values. The selection frequency of an intervention set as a
fraction of the total pool of MCOpt solutions for a given L is shown as a percentile
value at the top of each panel.
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Figure 4.10: Monte Carlo sampling based flux balance analysis (FBA) simulations of
the intervention sets identified by MCOpt for tripalmitoylglycerol production using
the adipocyte model. Each panel shows a Monte Carlo distribution of FBA optimized target flux values, with the rows and columns corresponding to different caps
on the number of interventions (L) and different intervention sets, respectively. The
x-axis represents the maximum production rate in units of mmol/g − DN A/2days.
The y-axis represents the sampled frequency of an FBA solution.
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This problem is NP-hard [167], and thus it is unlikely that there exists an efficient
(polynomial-time in the size of the model) algorithm to obtain a globally optimal
solution. In the present study, we implemented our optimization methods (CCOpt,
MCOpt and DetOpt) using the GNU Linear Programming Kit (GLPK) [168] in
MATLAB. The runtime of our computational experiments solving the MILP problems was on the order of a few seconds on a Core i5 2.53 GHz CPU for both CHO
and adipocyte models.
In addition to the scalability issue inherent to MILP problems, another computational challenge lies in estimating the flux capacity distributions. For the stoichiometric model of this study, we used enzyme control flux analysis (ECF) [77]
to obtain these distributions. The ECF method in turn relies on elementary mode
(EM) analysis, which can be applied to metabolic models comprising <∼ 100 reactions, but remains intractable for genome-scale models. An alternative strategy
is to model the fold-change in flux capacity, i.e. enzyme activity, resulting from a
gene expression modification using a probability distribution, e.g. a normal distribution. This strategy requires knowledge of maximal enzyme velocities (vmax ). If
these parameters are not known, they may be estimated from FBA, which has been
demonstrated on genome-scale models.
These types of limitations, while not trivial, are comparable to other computational strain design methods. For example, bi-level optimization, used in OptKnock [47], is also NP-hard [169], and thus can be intractable for large-scale
problems.

As an NP-hard problem, the runtime grows exponentially with the

number of allowed reaction modifications [48]. Methods that rely on EM analysis [74, 75, 76, 170] face a similar limitation as our capacity estimation problem, as
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the analysis is generally only practical for small to mid-scale models. Methods based
on local search [48] or metaheuristics [73, 171] are computationally less prohibitive
than MILP, and likely offer the best alternative for large-scale problems. On the
other hand, these methods cannot guarantee global solution optimality, and may
arrive at solutions that are far from exact.

4.3

Conclusion

This study investigates three distinct ways of capturing uncertainty about parameter
values when formulating an optimization problem with the objective of identifying
targets for enzyme activity adjustments that maximize the production of a desired
molecule. The three approaches are chance-constrained programming (CCOpt),
Monte Carlo sampling-based solution of the uncertain problem (MCOpt), and deterministic optimization based on worst-case assumptions (DetOpt). Evaluation of
the approaches for two test cases (CHO cell and adipocyte models) using Monte
Carlo simulations (MCEval) shows that a more sophisticated probabilistic approach
such as CCOpt has several advantages compared to a conservative conventional
approach like DetOpt. Chance-constrained programming explores a larger portion
of the solution space and is able to find a more diverse set of options. Additionally, CCOpt consistently outperforms DetOpt in terms of predicting the more likely
maximum of the objective function value. Comparisons of the intervention sets
from CCOpt and DetOpt using MCEval shows that the maximal fluxes predicted
by CCOpt was always in the probable (5th − 95th percentile) range calculated by
MCEval, whereas the maximal fluxes predicted by DetOpt typically lies outside of
this range. When compared to the sampling-based optimization approach (MCOpt),
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CCOpt consistently finds the solution most frequently selected by MCOpt, but at
a fraction of the computational cost (seconds vs. days).
The CCOpt formulation can be readily extended to capture other types of
uncertainties, such as biological variability in measured data and cell transfection
efficiency, making CCOpt an effective technique for probabilistic strain optimization.
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Chapter 5

Conclusions and Future
Directions
Current metabolic engineering practices rely heavily on domain knowledge and laboratory experimentation. Computational methods in the form of design automation
tools promise to play an important role in guiding discovery and speeding experimentation. Such tools have proven effective across many engineering disciplines
including electronics and automotive design. In the future, it may be possible to
redesign an organism in silico without resorting to repeated experimentations. This
thesis presented three algorithmic approaches that can play a critical role in identifying optimal synthesis routes and in tuning microbial hosts.
A central theme in this thesis is the use of probabilistic approaches during
optimization and discovery. In realizing synthesis pathways, ProbPath probabilistically selects reactions among available reactions in the KEGG database. Exploring
various probabilistic selection approaches allowed the important realization that
pathway selection algorithms should not bias the solution space towards low- or
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high-connected metabolites. PROXIMAL provided transformation predictions and
ranked them based on available biological data. Enzyme abundance and activity provided weightings for possible outcomes. Our robust optimization method,
CCOpt, to identify gene interventions was probabilistic in guaranteeing that the
constraints are met with some desired confidence. Our results showed that chanceconstrained programming expanded the solution space, identifying a more diverse
set of design options. Additionally, we showed that this approach consistently outperformed a deterministic approach in terms of predicting the more likely maximum
of the objective function value.

5.1

Research Summary

We presented a pathway construction algorithm, ProbPath, for identifying viable
synthesis pathways compatible with balanced cell growth. Rather than exhaustive exploration, we utilized probabilistic selection of reactions to construct the
pathways. Three different schemes were investigated for the selection of reactions:
high metabolite connectivity, low connectivity and uniformly random. For all case
studies, which involved a diverse set of target metabolites, the uniformly random
selection scheme predicted the highest average maximum yield. When compared
to an exhaustive search enumerating all possible reaction routes, our probabilistic
algorithm returned nearly identical distributions of yields, while requiring far less
computing time (minutes vs. years). The pathways identified by our algorithm have
previously been confirmed in the literature as viable, high-yield synthesis routes.
Prospectively, our algorithm could facilitate the design of novel, non-native synthesis routes by efficiently exploring the diversity of biochemical transformations in
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nature.
Our algorithm, ProbPath, is useful in identifying biosynthesis pathways when
the target metabolite and its corresponding reactions are catalogued in databases.
If this information is unavailable, however, other approaches are needed. We presented a new method for predicting possible transformation routes for uncatalogued
target metabolites. The method was specifically developed in the context of discovering biotransformations routes for xenobiotics under human liver enzymes, but can
be generalized to discover synthesis pathways that utilize metabolites and reactions
not catalogued in databases. The method can be further generalized to other problems such as constructing selection pathways for the directed evolution of enzymes.
Using reaction data from DrugBank and KEGG, our tool, PROXIMAL, builds lookup tables that catalogue the sites and types of substructural modifications possible
for a given group of enzymes. For a compound of interest, PROXIMAL searches
for substructures that match the sites catalogued in the look-up tables, applies the
corresponding modifications to generate a panel of possible transformation products, and ranks the products based on the activity and abundance of the enzymes
involved. Unlike other prediction methods that apply generic rules, PROXIMAL
generates transformations that are specific for the compound of interest by analyzing the compound’s substructures. We assessed our tool by predicting the possible
transformations of xenobiotic chemicals through phase I and phase II human enzymes. We evaluated the accuracy of PROXIMAL’s predictions through case studies on two environmental chemicals with suspected endocrine disrupting activity,
bisphenol A (BPA) and 4-chlorobiphenyl (PCB3). Comparisons with published reports confirm 5 out of 7 and 17 out of 26 of the predicted derivatives for BPA and
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PCB3, respectively.
In addition to identifying synthesis pathways, strain optimization methods
allow tuning of design variable to meet engineering objectives. We addressed in this
thesis uncertainties in achieving targeted enzyme values when up or down regulating
reactions. We modeled the uncertainties as probability distributions in the flux
carrying capacities of reactions. Based on this model, we developed an optimization
method that identifies reactions for flux capacity modifications to predict outcomes
with high statistical likelihood. We compared three optimization methods that select
an intervention set comprising up- or down- regulation of reaction flux capacity:
CCOpt (Chance constrained optimization), DetOpt (Deterministic optimization),
and MCOpt (Monte Carlo-based optimization). We evaluated the methods using
a Monte Carlo simulation-based method, MCEval (Monte Carlo Evaluations). We
presented two case studies analyzing a CHO cell and an adipocyte model. The
flux capacity distributions required for our methods were estimated from maximal
reaction velocities or elementary mode analysis. The intervention set selected by
CCOpt consistently outperforms the intervention set selected by DetOpt in terms of
tolerance to flux capacity variations. MCEval showed that the optimal flux predicted
based on the CCOpt intervention set is more likely to be obtained, in a probabilistic
sense, than the flux predicted by DetOpt. The intervention sets identified by CCOpt
and MCOpt were similar; however, the exhaustive sampling required by MCOpt
incurred significantly greater computational cost.
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5.2

Future Research Directions

While this thesis advanced computational methods for pathway synthesis and strain
optimization, there are still many improvements required to bridge the gap between
computational predictions and experimental outcomes. Computational methods
must provide support for a holistic design flow based on accurate and more detailed
modeling. In this section, we describe some future directions.
ProbPath currently ranks pathways solely on metabolic objectives (e.g. yield,
length of synthesis pathway). ProbPath does not take into consideration the potential genetic compatibility of the genes along the synthesis pathway with the host.
Integration of a heterologous gene with the host can be investigated in two ways:
how likely is it for the non-native genes to be expressed in the host and whether it
disrupts the host function. Feature research can consider the gene expression and
solubility of proteins as a ranking metric. Each gene in the pathway can be classified with high/low expression/solubility with features such as the DNA/protein
sequences, protein secondary structures, molecular weights, hydrophilicity, and hydrophobicity. To detect the disruption potential of the non-native pathways, the
toxicity of intermediate metabolites can be investigated.
In this thesis, PROXIMAL is presented as a special case for constructing
biotransformation routes in the context of a specific set of human liver enzymes for
xenobiotic transformations. Based on enzyme promiscuity, this approach can be
generalized to take as input an arbitrary set of enzymes and generate all biotransformations for any target molecule. PROXIMAL can also be used to recursively
generate all possible pathways starting with the target metabolite and ending with
a metabolite in the host. ProbPath can be used to sample this space to identify
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viable synthesis pathways.
PROXIMAL ranks the predicted xenobiotic transformations based on the
activity and abundance of involved enzymes. Although biologically relevant, this
scheme may be limiting in practice as this information might be unavailable for some
enzymes. The current ranking scheme can be augmented with a confidence level,
where each transformation in the look-up table is associated with a confidence level
calculated reflecting confidence in the biological data. The PROXIMAL ranking
method can be improved by also taking into account the energetic favorability of
transformation reactions.
CCOpt identifies a set of interventions to over-produce metabolites in a host
while considering uncertainties in the parameters. However, CCOpt only considers
up or down regulation as possible genetic modifications, but does not determine
an optimal fold change in the gene expression. Future research can apply simulated annealing and mixed-integer linear programming for identifying optimal fold
changes, or fold ranges, while considering practical limitations on realizing gene
modifications. The CCOpt formulation can also be extended to capture other types
of uncertainties such as biological variability in measured data.
Our current work does not take into account the impact of gene capacity
modifications on steady-state boundaries of fluxes in the network, which may result in conservative estimates of flux calculations. Dynamically recalculating the
steady-state boundaries based on the selected intervention set can fix this problem. Candidate methods that allow for dynamic constraint considerations include
iterative heuristics such as simulated annealing.
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Appendix A

Supplementary Material for
Chapter 2
In this appendix, we present yield distribution plots for all test cases for different
weighting schemes (uniform, low and high connectivity, and exhaustive). We then
show the yield results of different weighting schemes (uniform, low and high connectivity). Finally, we provide a table comparing the result of uniform probabilistic
and exhaustive search with the same length limit.

A.1

Yield Distributions

The following figures show supplementary yield distributions for different test case
metabolites comparing the results of uniform, high-connectivity, low-connectivity
probabilistic and exhaustive methods. As evident from the figures, the yield distributions obtained from the uniform probabilistic method have similar patterns to
those obtained using the exhaustive method, which suggests that the uniform prob-
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Figure A.1: Yield distribution histograms for isopentenyl diphosphate obtained using uniform (a), exhaustive (b), high-connectivity (c) and low-connectivity probabilistic (d) methods. The x-axis shows the number of pathways obtained by a single
run of the exhaustive method with maximum 10 reactions in the pathway (b), 1000
iterations of the probabilistic methods (a, c, d).
abilistic method is capable of producing different potential high-yield pathways that
other weighting schemes ignore. The similarity between generated patterns using
different weighting schemes suggests that there is no correlation between connectivity and yield distribution.

A.2

Uniform vs. Connectivity Weightings

In the following figures we compare the search performance between the uniform,
high-connectivity and low-connectivity weightings for different test case metabolites.
We ran each method 50 times for different number of iterations and saved the
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Figure A.2: Yield distribution histograms for myo-Inositol obtained using uniform (a), exhaustive (b), high-connectivity (c) and low-connectivity probabilistic
(d) methods.
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Figure A.3: Yield distribution histograms for taxadiene obtained using uniform (a),
exhaustive (b), high-connectivity (c) and low-connectivity probabilistic (d) methods.
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Figure A.4: Yield distribution histograms for (R,R),2-3, butanediol obtained using
uniform (a), exhaustive (b), high-connectivity (c) and low-connectivity probabilistic
(d) methods.
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Figure A.5: Distribution histograms for fatty acid ethyl esters (FAEEs) obtained
using uniform (a), exhaustive (b), high-connectivity (c) and low-connectivity probabilistic (d) methods.
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Figure A.6: Distribution histograms for triacylglycerol obtained using uniform (a),
exhaustive (b), high-connectivity (c) and low-connectivity probabilistic (d) methods.
maximum obtained yield for each run. We plotted the average and maximum of the
stored yields.

A.3

Uniform ProbPath vs. Exhaustive Search

The following table summarizes the maximum yields and the number of pathways
obtained using 1,000 iterations of the probabilistic search and one single run of the
exhaustive search with the same length limit.
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Figure A.7: Comparing uniform, high-connectivity and low-connectivity weighting
schemes for IPP using different number of iterations ranging from 100 to 1500.
The x-axis shows number of iterations and y-axis shows the maximum obtained
yield. The blue, green and red curves indicate the results of high-connectivity, lowconnectivity and uniform weightings respectively. The maximums are shown with
squares and the means are indicated by circles.
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Figure A.8: Comparing uniform, high-connectivity and low-connectivity weighting
schemes for myo-Inositol.
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Figure A.9: Comparing uniform, high-connectivity and low-connectivity weighting
schemes for taxadiene.
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Figure A.10: Comparing uniform, high-connectivity and low-connectivity weighting
schemes for 1,3-propanediol.
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Figure A.11: Comparing uniform, high-connectivity and low-connectivity weighting
schemes for (R,R),2-3, butanediol.
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Figure A.12: Comparing uniform, high-connectivity and low-connectivity weighting
schemes for fatty acid methyl esters (FAMEs).
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Figure A.13: Comparing uniform, high-connectivity and low-connectivity weighting
schemes for triacylglycerol.
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Metabolite name

Method

# pathways

Isopentenyl diphosphate

Uniform ProbPath
Exhaustive search
Uniform ProbPath
Exhaustive search
Uniform ProbPath
Exhaustive search
Uniform ProbPath
Exhaustive search
Uniform ProbPath
Exhaustive search
Uniform ProbPath
Exhaustive search
Uniform ProbPath
Exhaustive search
Uniform ProbPath
Exhaustive search

9
9
31
42
2
2
1
1
9
9
16
1092
38
1353
56
2900

Myo-Inositol
Taxadiene
1,3-Propanediol
2,3-Butanediol
Fatty acid ethyl esters
Fatty acid methyl esters
Triacylglycerol

Maximum Flux
mmol/gDW/h
1.28
1.28
1.58
1.58
0.32
0.32
2.19
2.19
1.79
1.79
3.58
3.58
1.07
1.08
1.65
1.65

Table A.1: Summary of search results obtained using uniform probabilistic and
exhaustive methods with the length limit of 10.
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Phenacetin

Phenacetin

substrate
Phenacetin

Phenacetin, Resazurin
Coumarin
Bupropion,
Mephenytoin
Paclitaxel
Diclofenac
S-mephenytoin

Table B.1: Substrates included in estimating cytochrome P450 activity.

7ethoxycoumarin
2A6
Coumarin
Coumarin
Coumarin
2B6
Bupropion
Bupropion
7ethoxycoumarin
2C8
Amdiaquine
Amdiaquine
Paclitaxel
2C9
Tolbutamide
Diclofenac
Diclofenac
S-warfarin
2C19
S-mephenytoin
S-mephenytoin
S-mephenytoin
Smephenytoin
2D6
Dextromethorphan
Dextromethorphan Dextromethorphan Dextromethorphan Bufuralol
2E1
Chlorozoxazone
Chlorozoxazone
Chlorozoxazone
Chlorozoxazone
7ethoxycoumarin
3A4
Midazolan
Testosterone Testosterone, Mi- Testosterone, Mi- Testosterone, Mi- Testosterone
dazolan
dazolan
dazolan
Referenced [132]
[134]
[135](200 donor [135](50
donor [135](16
donor [136]
Study
pool)
pool)
pool)

CYP
1A2

[133]

Testosterone

Tolbutamide
Smephenytoin
Bufuralol
Paranitrophenol

Caffeine
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Supplementary Material for
Chapter 4
C.1

CHO Cell Model

RXN

Reactions

1

G6P → 2P Y R + 3AT P + 2N ADHc

2

P Y R + N ADHc → LAC

3

P Y R + GLU → ALA + AKG

4

P Y R + OXA → AKG + 2CO2 + 2N ADH

5

AKG → M AL + CO2 + N ADH + F ADH2 + AT P

6

M AL → OXA + N ADH

7

M AL → P Y R + CO2 + N ADP H

8

GLN → GLU + N H3 + AT P

9

AKG + N H3 + N ADH → GLU

10

ASN → ASP + N H3
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11

ASP + AKG → OXA + GLU

12

SER + CO2 + N H3 + N ADHc → 2GLY

13

C C + N ADHc → 2CY S

14

N ADH + 0.5O2 → 2.5AT P

15

F ADH2 + 0.5O2 → 1.5AT P

16

0.084ALA + 0.041ASN + 0.080ASP + 3.755AT P + 0.026CY S +
0.452G6P + 0.087GLN + 0.056GLY + 0.427OXA + 0.096SER →
BIOM + 0.004F ADH2 + 0.008GLU + 0.445M AL + 0.639N ADH +
0.209P Y R

17

0.061ALA + 0.034ASN + 0.039ASP + 4.000AT P + 0.024CY S +
0.048GLU + 0.045GLN + 0.072GLY + 0.126SER → AN T I

18

BIOM → BIOM

19

AN T I → ANTI

20

GLC + AT P → G6P

21

LAC → LAC

22

ALA → ALA

23

ASN → ASN

24

ASP → ASP

25

C C + GLU → C C + GLU

26

GLN → GLN

27

GLY → GLY

28

SER → SER

29

N H3 → NH3

30

O2 → O2
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31

CO2 → CO2

32

2CY S + O2 → C C

33

GLU → GLU

34

N ADHc → 0.5N ADH + 0.5F ADH2

35

LAC → P Y R + N ADHc

36

ALA + AKG → P Y R + GLU

37

GLU + N H3 + AT P → GLN

38

GLU → AKG + N H3 + N ADH

39

ASP + N H3 → ASN

40

2GLY → SER + CO2 + N H3 + N ADHc

41

LAC → LAC

42

ALA → ALA

43

ASP → ASP

44

GLN → GLN

45

GLY → GLY

46

NH3 → N H3

47

GLU → GLU

*Extracellular metabolites are shown in bold.

C.2

Adipocyte Model

RXN

Reactions

1

Glucose + AT P → Glucose6 P + ADP

2

Glucose6 P → F ructose6 P
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3

F ructose6 P + AT P → Glyceraldehyde3 P + Glycerone P + ADP

4

Glycerone P → Glyceraldehyde3 P

5

Glyceraldehyde3 P + N AD+ + ADP + P i → P Enolpyruvate + AT P +
H2 O

6

P Enolpyruvate + ADP + H+ → P yruvate + AT P

7

P yruvate + N ADH + H + → Lactate + N AD+

8

Glucose6 P + 2N ADP + + H2 O → Ribulose5 P + CO2 + 2N ADP H +
2H +

9

3Ribulose5 P → 2F ructose6 P + Glyceraldehyde3 P

10

Pyruvate + Oxaloacetate + N AD+ + H2 O → Citrate + CO2 +
N ADH + H +

11

Pyruvate + HCO3− + AT P → Oxaloacetate + ADP + P i

12

Citrate + N AD+ → 2 Oxoglutarate + CO2 + N ADH + H +

13

2 Oxoglutarate + N AD + +CoA → Succinyl CoA + CO2 + N ADH

14

Succinyl CoA + F AD + P i + ADP → Fumarate + F ADH2 + AT P +
CoA

15

Fumarate + H2 O → Malate

16

Malate + N AD+ → Oxaloacetate + N ADH + H +

17

Citrate + CoA + AT P → Acetyl CoA + Oxaloacetate + ADP + P i

18

Oxaloacetate + N ADH + H + → M alate + N AD+

19

M alate + N ADP + → P yruvate + CO2 + N ADP H

20

Citrate + N ADP + → 2 Oxoglutarate + CO2 + N ADP H + H +

21

Oxaloacetate + AT P → P Enolpyruvate + CO2 + ADP

22

N ADH + 0.5O2 + 3ADP + 3P i + 4H+ → N AD + +3AT P + 4H2 O
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23

F ADH2 + 0.5O2 + 2ADP + 2P i + 3H+ → F AD + 2AT P + 3H2 O

24

8Acetyl CoA + 14N ADP H + 7AT P + 7HCO3− + 14H+ → P almitate +
14N ADP + +8CoA + 7ADP + 7P i + 7CO2 + 6H2 O

25

T ripalmitoylglycerol → Tripalmitoylglycerol

26

Glycerone P + 3P almitate + N ADH + 3AT P + H2 O + H + →
T ripalmitoylglycerol + N AD+ + P i + 3AM P + 3P P i

27

T ripalmitoylglycerol + 3H2 O → Glycerol + 3P almitate

28

2Acetyl CoA → Acetoacetate + 2CoA

29

Acetoacetyl CoA → Acetoacetate + CoA

30

Acetoacetate + N ADH → 3 Hydroxybutyrate

31

P yruvate + N H4+ + N ADP H → Alanine

32

Aspartate + N H4+ → Asparagine

33

Aspartate → Oxaloacetate + N H4+ + N ADH

34

Cysteine → P yruvate + N H4+ + N ADH

35

Glutamate → 2 Oxoglutarate + N H4+ + N ADH

36

Glutamine → Glutamate + N H4+ + AT P

37

Serine + T HF → Glycine

38

Histidine + T HF → Glutamate + N H4+

39

Isoleucine + 2CoA → Succinyl CoA + Acetyl CoA + N H4+ +
F ADH2 + 2N ADH

40

Leucine+CoA+CO2 +AT P → Acetoacetate +Acetyl CoA+N H4+ +
F ADH2 + 2N ADH

41

Lysine → 2 Oxoadipate + 2N H4+ + 3N ADH

42

2 Oxoadipate+CoA → Acetoacetyl CoA+2CO2 +F ADH2+2N ADH
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43

Methionine + Serine + AT P + CoA + T HF → Succinyl CoA +
Cysteine + N H4+ + N ADH

44

Phenylalanine + O2 + N ADH → T yrosine

45

Glutamate + AT P + 2N ADP H → Proline

46

Serine → P yruvate + N H4+

47

Threonine + CoA → Glycine + Acetyl CoA + N ADH

48

Tryptophan + 3O2 + N ADP H → 2 Oxoadipate + Alanine + CO2 +
N H4+

49

T yrosine+2O2 → Acetoacetate +Fumarate +CO2 +N H4+ +N ADH

50

Valine + CoA → Succinyl CoA + CO2 + 4N ADH + F ADH2 + N H4+

51

P almitate → Palmitate

52

Acetoacetate → Acetoacetate

53

Alanine → Alanine

54

Aspartate → Aspartate

55

Cysteine → Cysteine

56

Glutamate → Glutamate

57

Glycine → Glycine

58

Serine → Serine

59

Tyrosine → T yrosine

60

O2 → O2

61

CO2 → CO2

62

N H4+ → NH+
4

63

P yruvate → Pyruvate

64

Citrate + M alate → Citrate + Malate
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65

2 Oxoglutarate + Malate → 2 Oxoglutarate + M alate

66

Malate + P i → M alate + Pi

*Extracellular metabolites are shown in bold. Mitochondrial metabolites are indicated in bold italics.
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