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Abstract

Computational design of microbial strains for 

nongrowth-associated production of antibiotics and 

oleochemicals

Minsuk Kim

School of Chemical and Biological Engineering

The Graduated School

Seoul National University

Over the past decade, a number of genome-scale models of metabolism (GEMs) and 

computational strain optimization methods (CSOMs) have been developed to guide 

metabolic engineering of microbial strains for the production of valuable chemicals. 

In this thesis, the approach has been extended to be applicable for computational

design of microbial strains for nongrowth-associated production. Production of 

antibiotics in Streptomyces coelicolor and oleochemicals in Yarrowia lipolytica has 

been investigated using the developed computational tools.

First, antibiotics production in S. coelicolor has been studied by reconstructing a

high-quality GEM for S. coelicolor, designated iMK1208. It has been verified that 

iMK1208 can be used for designing an antibiotic overproducing strain using an 
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existing CSOM named flux scanning based on enforced objective flux. To more 

precisely design antibiotic overproducers by considering regulatory constraints 

which governing the production of antibiotics, two new CSOMs, transcriptomics-

based strain optimization tool (tSOT) and beneficial regulator targeting (BeReTa), 

have been devised. tSOT identifies metabolic gene overexpression targets by 

considering regulatory states through the integration of transcriptomic data into a 

GEM. On the other hand, BeReTa prioritizes transcriptional regulator manipulations 

for target chemical production by using transcriptional regulatory network model 

together with a GEM. Finally, tSOT and BeReTa have been successfully applied for 

designing antibiotic overproducing strains of S. coelicolor using iMK1208.

Second, to examine oleochemicals production in Y. lipolytica, environmental 

version of minimization of metabolic adjustment (eMOMA) method has been 

developed. After confirming that the eMOMA method can be used for predicting 

lipid accumulation as well as metabolic fluxes of Y. lipolytica, the method has been 

further applied to find metabolic engineering strategies for the improved lipid 

production. Using the eMOMA method, several known targets as well as novel non-

intuitive targets for lipid overproduction have been successfully identified.

In short, the GEM and CSOMs presented herein would be powerful tools for 

guiding the development of production hosts for nongrowth-associated products.

Keywords: Genome-scale model, Computational strain design, Nongrowth-

associated product, Antibiotics, Streptomyces, Oleochemicals, Yarrowia lipolytica

Student number: 2012-20934
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Chapter 1. Introduction
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1.1 Nongrowth-associated production of chemicals

Microorganisms provide a sustainable way to produce various chemicals ranging 

from natural chemicals such as amino acids and antibiotics to non-natural chemicals 

including biodegradable polymers and engineering plastics (Lee et al. 2012b). While 

diverse chemicals can be produced by native or engineered microorganisms, modes 

of microbial production of chemicals can usually be described by the Luedeking-

Piret equation (Luedeking and Piret 1959):

��  = �
�  ��

�� = � 	 
 + � (1)

where qp is specific product formation rate, X is cell concentration, P is product 

concentration, and � is specific growth rate. Depending on the values of parameters 

in Equation (1), �������	�
������������������
����������������������
������������
�����

categories (Shuler and Kargi 1992) (Fig. 1.1).

i. Growth-�������
���������
��������	���������!���������
������������

are produced simultaneously. Ethanol produced by Saccharomyces 

cerevisiae and acetone-butanol-ethanol produced by Clostridium 

acetobutylicum in anaerobic fermentative conditions are examples of 

the growth-associated products.

ii. Nongrowth-�������
���������
��������	���������!���������
�������������

in stationary phase for which the growth rate is zero. Usually secondary 

metabolites, including antibiotics, are nongrowth-associated products.

iii. Mixed-growth-�������
��� ������
�� ��� �� �	� �� �� ���� !��� ������
� ���

produced during the slow growth and stationary phase. Lactic acid and 

xanthan gum fermentation is belong to this category.
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Figure 1.1 Profiles of biomass and product formation for three production 

modes

Kinetic patterns of biomass and product formation in batch culture are shown for (A) 

growth-associated production, (B) nongrowth-associated production, and (C) mixed-

growth-associated production.
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In general, the ideal batch or fed-batch fermentation scenario that consists of rapid 

biomass accumulation phase followed by biochemical production phase with 

marginal cell growth guarantees both high productivity and yield. In other words, 

decoupling of cell growth from biochemical production is required for the optimal 

batch or fed-batch fermentation. Indeed, there have been a great deal of efforts to 

develop synthetic metabolic switches that decouple cell growth and product 

formation to improve the productivity and yield (Li et al. 2016; Soma et al. 2014).

For nongrowth-associated products which are radically suitable to be produced by 

batch or fed-batch fermentation, if the native hosts are used for the production, such 

a complex manipulation is not required as native regulation plays corresponding 

roles. Therefore, if the target chemical is natively produced by nongrowth-associated 

production mode, it would be wise to fully exploit such native properties when 

developing industrial strains.

In this thesis, production of antibiotics in Streptomyces coelicolor and 

oleochemicals in Yarrowia lipolytica has been investigated using in silico models. 

Both microorganisms produce the target chemicals in nongrowth-associated manner.

1.1.1 Streptomyces for antibiotic production

As public health is increasingly threatened by growing antibiotic resistance, the need 

for the development of new antibiotic drugs has recently been emphasized. 

Streptomyces, a group of Gram-positive soil-dwelling filamentous bacteria from a 

phylum Actinomycetes, is biotechnologically and pharmaceutically important genus 

as it serves as a rich repository of diverse bioactive secondary metabolites (Hodgson 

2000). While Streptomyces is most famous for producing variety of antibiotics which 
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are in clinical use, the palette of secondary metabolites produced by Streptomyces is 

not limited to antibiotics but also includes antifungal, antiparasitic, antitumor, and 

immunosuppressant drugs (Demain and Sanchez 2009; Procopio et al. 2012).

Unfortunately, the amount of secondary metabolites produced by the wild-type 

native host strains is often extremely low, making it difficult to test their detailed 

biological activities and to be used for industrial production (Kim et al. 2016a).

Recently, many researches which employ efficient and powerful tools of systems and 

synthetic metabolic engineering have been conducted to access such valuable 

secondary metabolites (Hwang et al. 2014; Kim et al. 2016a; O'Connor 2015) (Fig. 

1.2).

Streptomyces coelicolor, which produces two chromogenic antibiotics namely 

blue-pigmented polyketide actinorhodin (ACT) and red-pigmented 

undecylprodigiosin (RED), has long been regarded a model species of the genus 

because its phenotypic changes can be readily distinguished by color. Indeed, S.

coelicolor is the most characterized member of the genus, and its antibiotic 

production mechanisms have been highly characterized at genomic, transcriptomic, 

proteomic, and metabolomic levels (Bentley et al. 2002; Hwang et al. 2014; Jeong

et al. 2016). Furthermore, S. coelicolor has also been demonstrated as a powerful 

heterologous production host for various secondary metabolites (Gomez-Escribano 

and Bibb 2011; Gomez-Escribano and Bibb 2014; Kao et al. 1994). Therefore, S.

coelicolor has become an important model system for developing engineering 

strategies for improving secondary metabolite production.

S. coelicolor has a large (8.7 million base pairs) high G + C (72%) linear 

chromosome encoding a variety of regulatory and metabolic machineries which are

5



Figure 1.2 Systems metabolic engineering tools for engineering secondary metabolite producers

Systems metabolic engineering tools, including genome-scale metabolic modeling, provide efficient ways to engineer 

secondary metabolite producers such as Streptomyces. From (Kim et al. 2016a).
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responsible for its ability to survive in frequently changing environments with 

limited nutrients (Bentley et al. 2002). Especially, there are more than 20 gene 

clusters for the biosynthesis of different secondary metabolites, including antibiotics, 

which enable this bacterium to thrive in highly competitive growth conditions 

(Abrudan et al. 2015). From the bacterium’s point of view, production of antibiotic 

requires very high cost regarding the preparation of its biosynthetic precursors, 

biosynthetic enzymes, and resistance machineries. Therefore, biosynthesis of 

antibiotics is highly regulated by signaling cascades, transcription factors, and 

translational machineries that are encoded in its genome, and only proceeds when it 

is really needed, e.g. nutrient-limited conditions. Thus, under laboratory culture 

conditions, antibiotic production usually occurs in the stationary phase of batch 

fermentation. In other words, cell growth and antibiotic production are evolutionarily 

mutually exclusive, and a number of regulators strongly control the transition 

between the two processes and force the nongrowth-associated production of 

antibiotics. Therefore, when performing metabolic engineering of S. coelicolor, it is 

necessary to consider such regulatory constraints.

1.1.2 Yarrowia lipolytica for oleochemical production

Global warming which is believed to be caused by emission of greenhouse gases, 

primarily carbon dioxide, is increasingly threatening the life on our planet. To reduce 

the use of fossil fuels, which is a major contributor, alternative ways to produce 

transportation fuels have recently been explored (Naik et al. 2010; Sims et al. 2010).

One of the most promising solution is a use of heterotrophic oleaginous 

microorganisms to produce biofuels. Compared to other competitive strategies, the 
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use of heterotrophic oleaginous microorganisms has several advantages such as short 

process cycle, less land requirement, and robustness of process (Li et al. 2008).

Furthermore, heterotrophic oleaginous microorganisms can also be readily 

engineered to produce various value-added oleochemicals such as dicarboxylic acids 

and hydroxy fatty acids (Abghari and Chen 2014) (Fig. 1.3). Therefore, the process 

using heterologous oleaginous microorganisms for the production of oleochemicals 

has high industrialization potential.

Bacteria, yeasts, molds, and algae that can produce and accumulate lipids more 

than 20% of their biomass are called oleaginous microorganisms. They start to 

accumulate storage lipids, mainly as triacylglyceride (TAG), in response to the 

depletion of nutrients, typically nitrogen. The mechanism that leads to lipid 

accumulation is relatively well-understood in oleaginous fungi (Jin et al. 2015; 

Ratledge 2002) (Fig. 1.4). Briefly, when nitrogen is no longer available, the cells 

cannot synthesize new biomass building blocks involving nitrogen moiety, i.e. 

nucleotides and amino acids, thus the cells stop growth. As a response, the cells try 

to scavenge nitrogen from existing nucleotides or amino acids. Notably, intracellular 

level of adenosine monophosphate (AMP) decreases as a result of increased action 

of AMP deaminase. Meanwhile, even if the cell growth ceases, the cells constantly 

uptake the external carbon sources and covert it into pyruvate through glycolysis. 

Then, the pyruvate is delivered to the mitochondria and converted into citrate via 

acetyl-CoA. However, the citrate is not further metabolized because the activity of 

isocitrate dehydrogenase is greatly reduced by the decreased level of AMP, which 

acts as an allosteric regulator of isocitrate dehydrogenase. As a result, the citrate 

accumulates in the mitochondria, and eventually it is transported to cytosol mediated

8



Figure 1.3 Production of oleochemicals using oleaginous microorganisms

Oleaginous microorganisms, including Y. lipolytica, are promising platform strains 

for the production of basic and advanced biofuels as well as other oleochemicals. 

From (Abghari and Chen 2014).
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Figure 1.4 Metabolic pathways involved in lipid accumulation in oleaginous 

fungi

Mechanisms of lipid accumulation in response to nitrogen limitation are shown. Key 

regulatory nodes are highlighted in red. From (Jin et al. 2015) with permission.
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by citrate-malate antiporter. Then the cytosolic citrate is converted into cytosolic 

acetyl-CoA by ATP:citrate lyase, which is a distinct fingerprint of oleaginous fungi. 

Finally, the acetyl-CoA is used for the synthesis of TAG through acetyl-CoA 

carboxylase, fatty acid synthase, and the Kennedy pathway enzymes including 

glycerol 3-phosphate O-acyltransferase, 1-acylglycerol-3-phosphate O-

acyltransferase, phosphatidate phosphatase, and diacylglycerol O-acyltransferase.

Yarrowia lipolytica is a model oleaginous yeast and is also classified as generally 

recognized as safe (GRAS) organisms. Availability of complete genome sequence 

and efficient genetic tools have enabled testing of metabolic engineering strategies 

for the development of oleochemical production platform through this species 

(Beopoulos et al. 2009). Indeed, several proof-of-concept studies have recently been 

carried out by using Y. lipolytica to show that oleaginous yeasts can be a production 

platform for variety of oleochemicals (Xu et al. 2016). However, in the present 

situation, further improvements of productivities and yields are required to be 

industrialized.
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1.2 Constraint-based reconstruction and analysis (COBRA)

Constraint-based reconstruction and analysis (COBRA) is a collective term for 

methods that aid the reconstruction of genome-scale models of metabolism (GEMs, 

see Section 1.2.1) and enable the analysis of metabolism using GEMs for basic and 

applied uses (Lewis et al. 2012). Since the initial studies that founded the field of 

COBRA about 30 years ago, more than a hundred of COBRA methods have been 

developed for various purposes (Fig. 1.5), and about a thousand of articles that 

employed COBRA methods have been published so far (Bordbar et al. 2014; Lewis 

et al. 2012). Fundamentally, COBRA methods rely on a few concepts such as 

inference of collective perspective of all metabolic processes in a cell from a 

genomic information, imposition of physicochemical constraints deduced from 

stoichiometry of biochemical reactions, and mathematical representation of 

evolutionary objective for a cell’s behavior (Lewis et al. 2012; O'Brien et al. 2015).

Flux balance analysis, the oldest COBRA method, clearly demonstrates how these 

basic concepts lead to cellular phenotype prediction (see Section 1.2.2). In recent 

years, through the additional conceptual developments, e.g. introduction of 

regulatory constraints (see Section 1.2.3), the predictability and applicability of 

COBRA methods have been further advanced (Bordbar et al. 2014). Now, the usage 

of COBRA methods includes not only prediction of cellular phenotypes but also 

analysis of biological network properties, guidance of metabolic engineering, 

inference of evolutionary processes, and computation of interspecies interactions 

(McCloskey et al. 2013). Especially from the engineer’s point of view, the COBRA 

methods provide attractive and useful tools which enable computational exploration
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Figure 1.5 The phylogenetic tree of COBRA methods

A number of COBRA methods for various basic and applied usage have been 

developed. From (Lewis et al. 2012) with permission.
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of optimal metabolic engineering strategies (see Section 1.2.4).

1.2.1 Genome-scale model of metabolism (GEM)

GEM is a structured knowledge base of biochemical, genetic, and genomic 

knowledge for an organism which can be converted into a computational model 

through translation of the knowledge into constraints for COBRA methods 

(Schellenberger et al. 2010) (Fig. 1.6). Stoichiometric matrix, which is a key 

component of a GEM, can be reconstructed by using genomic information through 

drawing up a list of metabolic reactions for which responsible enzymes are encoded 

in the genome. COBRA methods use a stoichiometric matrix and other physiological 

constraints in a GEM to define an allowable phenotype space, and then perform 

actual tasks using the phenotype space.

Reconstruction of a GEM is not only a time-consuming and labor-intensive task 

but also a complex and comprehensive task that requires understanding of both 

biology and computer programming. To facilitate the reconstruction process, a 

standard protocol as well as a computational toolbox for generating a high-quality 

GEM has recently been published (Schellenberger et al. 2011; Thiele and Palsson 

2010). As a result, currently, more than a hundred of GEMs are available for various 

species across tree of life including S. coelicolor and Y. lipolytica (Monk et al. 2014).

1.2.2 Prediction of cellular phenotypes

Phenotype prediction methods form the basis of COBRA methods. The two most 

basic methods for predicting cellular phenotypes, flux balance analysis (FBA) and 

minimization of metabolic adjustment (MOMA) are introduced below. Many other
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Figure 1.6 Conceptual diagram of GEM and its relation to COBRA methods

Genomic information as well as biochemical and physiological knowledge is required for the reconstruction of a GEM. GEM, 

which consist of a set of constraints including stoichiometric matrix (S), together with COBRA methods can be used for 

computing metabolism of a cell.
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phenotype prediction methods including the variations of FBA and MOMA are 

available and reviewed by (Lewis et al. 2012) (Fig. 1.5).

1.2.2.1 Flux balance analysis (FBA)

FBA is the basic, but most powerful and most frequently-used method to predict 

cellular phenotypes using GEMs (Orth et al. 2010). Based on the pseudo-steady state 

and optimality assumptions, FBA identifies a flux distribution of the cells by using 

mass balance constraints, capacity constraints, and an objective function (Fig. 1.7). 

Firstly, mass balance constraints, which are imposed by a stoichiometric matrix S

derived from the list of reactions in the GEM, and capacity constraints, which are 

imposed by lower and upper flux bounds (a and b) accounting thermodynamic and 

mechanistic constraints, define an allowable solution space. The allowable solution 

space represents all possible flux distributions that the cells can retain, and should 

be further narrowed down to specify the cellular phenotype. An objective function 

which describes the cells’ evolutionary goal, e.g. maximization of growth rate, 

maximization of ATP production, or minimization of redox potential production, is 

employed to select an optimal solution which best represent the cellular phenotype. 

FBA can be formulated as a linear programming (LP) problem as follows:

max�  =  � 	 �
subject to

� 	 � = �
� � � � �

where v is the flux vector and c is the vector of objective coefficients which represent

the objective function. The solution of LP problem returns an optimal value of the
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Figure 1.7 Schematic representation of the FBA method

Firstly, the mass balances constraints and flux capacity constraints are applied to 

define an allowable solution space. Then, the objective function is maximized or 

minimized to find an optimal solution representing the cellular phenotype. From 

(Orth et al. 2010) with permission.
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objective and a flux vector which can yield the optimal value. For example, when 

maximization of growth rate is used as an objective function, the LP solution 

includes the optimal value which represents maximal specific growth rate (�max) of 

the cells for the given condition, and the flux vector which can support the maximal 

cell growth rate.

Although the optimal value is unique for the given FBA problem, there exist 

numerous flux vectors which can yield the optimal value, i.e. alternative solutions, 

due to the high degeneracy of FBA problems. To further specify the flux vector, 

parsimonious FBA (pFBA) which introduces following secondary LP problem to 

minimize the total enzyme usage is in wide use:

min� |�|
subject to

� 	 � = �
� � � � �
� 	 � = ����

where fopt is the optimal value from a FBA problem. It has been proven that pFBA 

solutions are highly consistent with the transcriptomic and proteomic data from the 

wild-type and evolved strains of Escherichia coli (Lewis et al. 2010a).

FBA (or pFBA) can be used for analyzing various metabolic characteristics of the 

organisms. For example, quantitative prediction of growth rates under various 

carbon sources can be made to find an efficient substrate for the cells. In addition, 

substrate utilization test and gene essentiality test can be performed by predicting the 

growth capability with the constraints describing relevant features. For an 
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engineering-oriented application, production capacity and pathway efficiency for a 

target product can be examined using FBA.

1.2.2.2 Minimization of metabolic adjustment (MOMA)

Despite the wide usage of FBA, it might be inappropriate to use FBA for predicting 

cellular responses following genetic or environmental perturbations for which the 

optimality is not guaranteed. MOMA is a method proposed for predicting such 

suboptimal behaviors by relieving the optimality assumption of FBA while using the 

same constraints of FBA (Segre et al. 2002). MOMA uses a quadratic objective 

function which minimizes the changes in metabolic fluxes in response to the 

perturbation. The mathematical formulation of MOMA is given as:

min� �� � �����
subject to

� 	 � = �
� � � � �

where vref is a reference flux distribution which represents phenotype of the cells 

prior to the perturbation. MOMA is widely used for predicting phenotypes of mutant 

strains.

1.2.3 Incorporation of regulatory constraints

Metabolic network is intertwined with other layers of cellular network such as 

transcriptional regulatory network and signaling network. In other words, metabolic 

network is tightly regulated by the complex regulatory systems. However, FBA and 

related methods do not account for such regulation at all. This greatly limits the 
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application of GEMs especially for the cases in which the regulation plays an 

important role. For example, FBA assumes that any metabolic reaction could carry 

a flux regardless of expression levels of relevant genes, however, some genes are not 

expressed for some conditions, and such discrepancies would results in significant 

prediction errors. To solve this problem and improve the prediction, several COBRA 

methods which incorporate such regulation through additional constraints have been 

developed. There are two major types of methods for incorporating regulatory 

constraints into GEMs. The first type of methods uses transcriptomic data to 

constrain fluxes through individual reactions based on the expression levels. On the 

other hand, the second type of methods uses integrated model of regulation and 

metabolism by building Boolean regulatory rules describing signaling, 

transcriptional regulation, and allosteric regulation.

1.2.3.1 Integration of transcriptomic data

The first way to incorporate regulatory constraints into GEMs is the use of 

expression data, preferably transcriptomic data as transcriptomics can easily cover 

genome-wide expression levels. There are more than a dozen of methods for 

integrating transcriptomic data into GEMs which differ in mathematical formalism 

as well as way to process expression data. Several recent reviews which classified 

and compared the methods are available (Blazier and Papin 2012; Hyduke et al. 2013; 

Reed 2012; Saha et al. 2014).

Some of the representative methods are illustrated in Figure 1.8. Briefly, the

methods could be further classified into two categories based on the way to process
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Figure 1.8 Methods for integrating transcriptomic data

The examples in the figure show how the methods work. From (Blazier and Papin 

2012).
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transcriptomic data. The first category includes GIMME (Becker and Palsson 2008),

iMAT (Zur et al. 2010), Oberhardt-10 (Oberhardt et al. 2010), and MADE (Jensen 

and Papin 2011), and the methods are called “switch approaches” as the methods in 

this category use discretized values of gene expression data to define on/off states of 

reactions. The gene expression data is discretized into binary (or ternary for iMAT), 

and then a portion of reactions with corresponding expression values of zero are 

inactivated (i.e. constrained to have zero flux). However, when switching off several 

reactions simultaneously, the metabolic model usually becomes non-functional. 

Therefore, each of the methods uses its own technique to re-functionalize the model 

by re-activating some of the inactivated reactions. In general, final products of the 

switch approaches are a context-specific model and corresponding flux distribution.

On the other hand, methods in the other category use continuous values of gene 

expression data. Some of the methods in this category, e.g. E-Flux (Colijn et al. 2009)

and PROM (Chandrasekaran and Price 2010), are called “valve approaches” as they 

constrain lower and upper flux bounds proportional to the corresponding gene 

expression levels. Meanwhile, other methods in this category, such as Lee-12 (Lee 

et al. 2012a) and RELATCH (Kim and Reed 2012), are called “distance approaches” 

since the methods try to minimize a distance between metabolic fluxes and gene 

expression data by directly using the expression data for the formulation of objective 

function.

Despite the existence of numerous methods for integrating transcriptomic data 

into GEMs, a recent study which performed systematic evaluation of the methods 

has concluded that none of the evaluated methods performed better than the simple

pFBA method (Machado and Herrgard 2014). However, the study used only the 
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experimental datasets from exponentially growing E. coli and yeast which are well 

suited for pFBA assumptions. Therefore, the conclusion might not hold for 

conditions which do not guarantee the optimality principle.

1.2.3.2 Integrated model of regulation and metabolism

Methods discussed above belong to top-down approaches for integrating regulation 

into GEMs. Meanwhile, there also exist bottom-up approaches for incorporating 

regulatory constraints through the use of Boolean logic representation (Faria et al. 

2014). Firstly, with the knowledge of regulatory mechanisms, transcriptional 

regulatory network as well as signaling network is translated into Boolean network 

model. Next, the Boolean network model is merged with a GEM to yield integrated 

model of regulation and metabolism. In the integrated model, the Boolean rules

determine on/off states of reactions which in turn determine an allowable solution 

space for a given condition. Then, methods such as rFBA (Covert et al. 2001), SR-

FBA (Shlomi et al. 2007), and idFBA (Lee et al. 2008), which have been extended 

from FBA to consider regulatory constraints given by the Boolean rules, are applied 

to further specify the cellular phenotype (Fig. 1.9). The integrated models together 

with the regulatory extensions of FBA have shown to provide more accurate 

prediction of cellular phenotypes than simple FBA (Covert et al. 2004). Furthermore, 

the integrated models and the simulation methods have widen the applicability of 

GEMs, for example, phenotype predictions for transcription factor mutants are 

enabled.

The bottom-up approaches have several advantages, e.g. higher prediction 

accuracy, over the top-down approaches. For instance, in contrast to the top-down
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Figure 1.9 Methods for simulating integrated model of regulation and 

metabolism

Several extensions of FBA for analyzing and simulating the integrated model of 

regulation and metabolism have been developed to produce more accurate prediction 

of cellular phenotypes. From (Faria et al. 2014) with permission.
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approaches which are only capable of a posteriori prediction of flux distribution 

based on measured transcriptomic data, the bottom-up approaches which use the 

integrated models are able to make a priori prediction of flux distribution for certain 

conditions. For example, flux distribution for a newly constructed transcription 

factor knockout mutant can be made by the bottom-up approaches but not by the top-

down approaches since transcriptomic data for the mutant is not available. However, 

the bottom-up approaches also have some significant drawbacks. Most importantly, 

the integrated models are only available for very few model organisms such as E. 

coli (Covert et al. 2004) and S. cerevisiae (Herrgard et al. 2006) due to the extensive 

information and manual work required for the reconstruction of integrated model. 

Therefore, currently, the bottom-up approaches cannot be widely applied to most of 

the other organisms.

1.2.4 Computational strain design

Among the various applications of COBRA methods, computational strain design is 

the most engineering-oriented application of COBRA methods. Based on the 

phenotype prediction methods, phenotypes of in silico engineered microbial strains 

can be explored and used for guiding metabolic engineering projects. Since the 

development of OptKnock (Burgard et al. 2003), dozens of computational strain 

optimization methods (CSOMs) have been developed to perform diverse designing 

tasks and provide non-intuitive genetic designs (Fig. 1.10).

Briefly looking back at short history of CSOMs, OptKnock, the first CSOM, 

opened the new era of computational strain design. OptKnock was proposed to find 

a set of reaction deletions which enables the coupling of target chemical production
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Figure 1.10 Summary of properties of CSOMs

Properties of CSOMs such as types of predictions, scalability, exactness, and 

relationships to other methods are summarized. From (Maia et al. 2016).
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with biomass production (Fig. 1.11). To deal with the two competing objectives, 

target chemical production and biomass production, a novel bilevel mixed-integer 

programming (MIP) problem has been formulated. Based on the OptKnock 

formalism, a branch of CSOMs have been developed to expand the palette of 

possible genetic manipulations. For example, OptStrain has added heterologous 

enzyme insertion as an option (Pharkya et al. 2004), and OptReg has enabled the 

search for gene overexpression and downregulation (Pharkya and Maranas 2006).

Furthermore, OptORF has enabled the use of integrated model of regulation and 

metabolism for strain design to consider transcription factor manipulations (Kim and 

Reed 2010). Moreover, OptSwap has been developed to consider even cofactor 

specificity modulation as an option for improving the production (King and Feist 

2013). Note that all of these methods use the bilevel MIP formalism.

On the other hand, there are another branch of CSOMs which have adopted

metaheuristic approaches to overcome the limitations of bilevel MIP formalism.

Finding a global optimal solution for a bilevel MIP problem requires substantial 

computational resources, but the metaheuristic approaches allow to find a solution 

using less computational cost even though the solution is not globally optimum.

Furthermore, methods based on the bilevel MIP formalism are highly rigid and only 

can perform the intended tasks. However, use of metaheuristics provides flexibility 

of the method that enables a convenient modification of the method to perform 

initially unintended tasks. OptGene (Patil et al. 2005), GDLS (Lun et al. 2009),

GDBB (Egen and Lun 2012), and GDMO (Costanza et al. 2012) are the examples of 

the methods which use metaheuristics to perform various designing tasks.
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Figure 1.11 Design of mutant strains for growth-coupled production of 

chemicals

Majority of CSOMs including OptKnock (Burgard et al. 2003) are searching for a 

set of genetic modifications which couples the target chemical production and cell 

growth. There are two different strengths of coupling, weak and strong, exemplified 

by the double (green) and triple (red) mutants in this example, respectively (Klamt 

and Mahadevan 2015).
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Predictions made by CSOMs are not just a theoretical exploration, but have been 

used for solving practical metabolic engineering problems (Maia et al. 2016).

CSOMs such as OptKnock, OptGene, and OptForce (Ranganathan et al. 2010) have 

been used for designing E. coli and S. cerevisiae strains for the production of various 

chemicals such as lactate, succinate, 1,4-butanediol, 2,3-butanediol, and fatty acids 

(Fong et al. 2005; Ng et al. 2012; Otero et al. 2013; Ranganathan et al. 2012; Yim et 

al. 2011). Furthermore, several patent applications and grants are recently become 

available showing the powerfulness of CSOMs (Maia et al. 2016).

It should be noted that, most of the current CSOMs are developed based on 

OptKnock as shown in Figure 1.10 (It should be considered that OptGene is also a 

metaheuristic version derivative of OptKnock). This implies that most of the CSOMs 

are only suitable for designing microbial strains for growth-associated production of 

target chemicals.
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1.3 The scope of thesis

The aim of this thesis is to maximize the utility of GEMs for biotechnologically 

important but less spotlighted microorganisms, S. coelicolor and Y. lipolytica, by 

developing appropriate CSOMs which consider the nongrowth-associated 

production mode of target chemicals. Even though the GEMs for S. coelicolor and 

Y. lipolytica have previously been developed, applications of the GEMs are greatly 

limited due to the lack of proper methods for the prediction of cellular phenotypes 

for stationary phases, and the absence of CSOMs for the design of improved strains 

for the nongrowth-associated production. Here, it has been shown that the 

phenotypes of S. coelicolor and Y. lipolytica in stationary phases can be predicted by 

repurposing the existing COBRA methods. Finally, by using the repurposed 

phenotype prediction methods or bypassing the need for phenotype prediction, novel 

CSOMs have been developed for improving nongrowth-associated production of 

antibiotics and oleochemicals.

Chapter 2 is a full reprint of paper in which a high-quality GEM for S. coelicolor

was reconstructed and shown to be useful for metabolic engineering. The new GEM 

for S. coelicolor, designated iMK1208, which accounts for recent biochemical, 

genetic, and genomic knowledge for S. coelicolor was constructed and validated. To 

prove the usefulness of the new GEM, flux scanning based on enforced objective 

flux (FSOEF) (Choi et al. 2010), an existing CSOM which is not based on the 

coupling of product formation and cell growth, was applied to iMK1208 to find 

overexpression targets for improving ACT production. The simulation results 

identified not only known targets such as actII-ORF4 and acetyl-CoA carboxylase, 
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but also novel targets such as branch-������ �-keto acid dehydrogenase (BCDH). 

BCDH overexpression mutant was constructed and shown to produce 52-fold 

increased amounts of ACT than the wild-type strain, thereby demonstrated the 

usefulness of iMK1208.

Chapter 3 is a full reprint of paper in which transcriptomics-based strain 

optimization tool (tSOT), the first CSOM which can utilize transcriptomic data to 

find genetic targets, was developed and applied for improving ACT production in S. 

coelicolor. Prior to the development of tSOT, existing methods for integrating 

transcriptomic data have been evaluated for their ability to predict secondary 

metabolic fluxes in S. coelicolor, and iMAT (Zur et al. 2010) was identified as the 

only and the best method for predicting antibiotics production in S. coelicolor. Then,

tSOT was developed using iMAT as a basis, and applied to predict overexpression 

targets for ACT overproduction. The tSOT targets, ribulose 5-phosphate 3-epimerase 

and NADP-dependent malic enzyme, were subjected to experimental test and shown 

to improve ACT production by 2 and 1.8-fold, respectively.

Chapter 4 is a full reprint of paper in which beneficial regulator targeting (BeReTa), 

the first CSOM exclusively designed for predicting transcriptional regulator (TR) 

manipulation targets, was developed. Here, by abandoning the idea that phenotype 

predictions for TR mutants are prerequisite for the development of TR target finding 

methods, BeReTa which is very efficient and widely applicable method for finding 

TR targets could be developed. BeReTa identifies TR targets by evaluating strengths 

of regulatory interactions and beneficial effects of reactions using unintegrated 

models of metabolism and regulation rather than by making exact phenotype 

predictions for TR mutants using integrated models of regulation and metabolism. 
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The usefulness and validity of BeReTa was first demonstrated by using E. coli

examples. BeReTa was able to predict both known and novel TR targets for enhanced 

production of various chemicals in E. coli. Then, BeReTa was also applied to the

problem of antibiotics production in S. coelicolor, and succeeded to identify 

interesting TR targets including AbsR1.

Chapter 5 is a full paper in which environmental version of MOMA (eMOMA) 

method was used for predicting phenotypes of Y. lipolytica in nutrient-limited 

stationary conditions and finding metabolic engineering strategies for improving 

lipid production in Y. lipolytica. Using the eMOMA method, several known 

overexpression targets for lipid overproduction such as diacylglycerol O-

acyltransferase, acetyl-CoA carboxylase, stearoyl-CoA desaturase, and ATP:citrate 

lyase were successfully identified. Furthermore, eMOMA also predicted several 

novel non-intuitive targets, and further analysis on these targets results in the 

suggestion of novel strategies for improving the lipid production in oleaginous yeasts.

The overall flow of this thesis is briefly summarized as follows. The new CSOMs 

presented in this thesis perform substantially different tasks compared to the existing 

CSOMs (Figure 1.12). Most of the existing CSOMs are basically derived from 

OptKnock as shown in Figure 1.10, and identify growth-associated production 

strategies for target chemicals. Thus, most of them cannot be used for designing 

microbial strains for nongrowth-associated production of target chemicals. Among a 

very few existing CSOMs which can be used for finding metabolic engineering 

strategies for both growth- and nongrowth-associated production, FSEOF has been 

selected to be applied to the S. coelicolor case study because it had been validated 

elsewhere (Chapter 2). Although FSEOF was shown to be effectively find gene
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Figure 1.12 Difference of the tasks performed by existing and newly developed 

CSOMs

(A) Most of the existing CSOMs search for a set of genetic manipulations which 

changes the shape of production envelope (from blue-colored line for wild-type to 

cyan-colored line for mutant) to enable growth-associated production of target 

chemicals. (B) On the other hand, the CSOMs newly developed in this study find 

genetic manipulations which can increase the target chemical production during the 

stationary phase (from red-colored circle for wild-type to cyan-colored circle for 

mutant), thereby the new CSOMs are appropriate for designing superior host for 

nongrowth-associated production of target chemicals.
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overexpression targets for nongrowth-associated production, FSEOF has several 

limitations such as inability to consider regulatory constraints which are important 

for nongrowth-associated production. To overcome the limitations of FSEOF, tSOT 

which can consider regulatory constraints through integrating transcriptomic data 

has been developed and successfully applied to the S. coelicolor case study again 

(Chapter 3). Next, as both FSEOF and tSOT can predict metabolic genes as 

metabolic engineering targets but cannot predict appropriate TR manipulation targets, 

BeReTa which can predict TR overexpression and deletion targets has been 

developed for computational identification of key TRs governing the nongrowth-

associated production (Chapter 4). After that, attempts have been made to apply 

tSOT and BeReTa to Y. lipolytica, but failed due to the limited availability of omics 

data required for tSOT and BeReTa. Therefore, the eMOMA method has been 

developed to eliminate the requirements for omics data while maintaining the 

superior functionalities over FSEOF, and it has been successfully applied to the Y. 

lipolytica case study (Chapter 5).

Altogether, the GEM and CSOMs presented in this thesis would be powerful tools 

for guiding metabolic engineering of microbial strains for the nongrowth-associated 

production of valuable chemicals.
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Chapter 2.

Reconstruction of a high-quality metabolic model enables the 

identification of gene overexpression targets for enhanced 

antibiotic production in Streptomyces coelicolor A3(2)

A full reprint of the paper published in Biotechnology Journal, 9:1185-1194 (2014)
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2.1 Abstract

Streptomycetes are industrially and pharmaceutically important bacteria that 

produce a variety of secondary metabolites including antibiotics. Streptomycetes 

have a complex metabolic network responsible for the production of secondary 

metabolites and the utilization of organic residues present in soil. In this study, we 

reconstructed a high-quality metabolic model for Streptomyces coelicolor A3(2), 

designated iMK1208, in order to understand and engineer the metabolism of this 

model species. In comparison to iIB711, the previous metabolic model for S. 

coelicolor, the predictive power of iMK1208 was enhanced by the recent insights 

that enabled the incorporation of an updated biomass equation, stoichiometric matrix, 

and energetic parameters. iMK1208 was validated by comparing predictions with 

the experimental data for growth capability in various growth media. Furthermore, 

we applied a strain-design algorithm, flux scanning based on enforced objective flux 

(FSEOF), to iMK1208 for actinorhodin overproduction. FSEOF results identified 

not only previously known gene overexpression targets such as actII-ORF4 and 

acetyl-CoA carboxylase, but also novel targets such as branched-�������-keto acid 

dehydrogenase (BCDH). We constructed and evaluated the BCDH overexpression 

mutant, which showed a 52-fold increase in actinorhodin production, validating the 

prediction power of iMK1208. Hence iMK1208 was shown to be a useful and 

valuable framework for studying the biotechnologically important Streptomyces

species using the principles of systems biology and metabolic engineering.
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2.2 Introduction

Streptomycetes are biotechnologically important bacteria, producing more than two-

thirds of naturally occurring antibiotics. Streptomycetes thrive in their natural habitat, 

soil, where they contribute to carbon recycling by degrading organic residues such 

as chitin and lignocellulose. Streptomyces coelicolor A3(2) has been studied as a 

model species of the genus because it produces two chromogenic antibiotics, 

actinorhodin (ACT) and undecylprodigiosin (RED), showing blue and red 

pigmentation, respectively. S. coelicolor has a genome larger than 8 million base 

pairs, containing versatile metabolic genes responsible for the biosynthesis of 

various secondary metabolites as well as the utilization of a variety of carbon and 

nitrogen sources (Bentley et al. 2002).

Genome-scale metabolic reconstruction provides a database of biochemical, 

genetic, and genomic knowledge for an organism, which can be converted into a 

mathematical metabolic model (Schellenberger et al. 2010). When such a metabolic 

model is available, constraint-based reconstruction and analysis (COBRA) methods 

are applied to: (i) predict cellular phenotypes; (ii) direct metabolic engineering; or 

(iii) analyze network properties (Lewis et al. 2012). Due to the usefulness of 

mathematical metabolic models in studying biological systems, there have been 

numerous efforts to reconstruct metabolism at genome-scale and as a result, 

metabolic models are now available for variety of organisms (Kim et al. 2012)

ranging from Escherichia coli (Orth et al. 2011) to humans (Thiele et al. 2013).

The first genome-scale metabolic model for S. coelicolor was published in 2005, 

and was the one of the first-generation genome-scale metabolic reconstruction for 
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bacteria (iIB711, named according to the initials of the first author and the number 

of genes included in the model) (Borodina et al. 2005). iIB711 had been used for 

various applications such as: (i) phenotype prediction (Borodina et al. 2008); (ii) 

process feed development (Khannapho et al. 2008); and (iii) biological discovery 

(Hiratsuka et al. 2008) (for a recent review see (Hwang et al. 2014)). Furthermore, 

iIB711 had been used as the basis for the reconstruction of metabolic models for a 

number of other Streptomyces species (D'Huys et al. 2012; Huang et al. 2013; Huang 

et al. 2012; Lewis et al. 2010b).

As a metabolic model enables a systems biology approach to the study of a 

specific organism, it is important to provide an accurate metabolic model which 

contains the most recent biochemical, genetic, and genomic knowledge (McCloskey 

et al. 2013; Osterlund et al. 2012). Updating the metabolic model is a crucial process 

for performing systems biology studies, even though it is often laborious and as 

difficult as reconstructing a new metabolic model (Heavner et al. 2013; Orth et al. 

2011; Thiele et al. 2013). Updated metabolic models of various microbes have been

used to provide more accurate predictions of cellular phenotypes (Gonnerman et al. 

2013; Heavner et al. 2013; Henry et al. 2009), to identify antibacterial drug targets 

(Lee et al. 2009), to investigate production capability of cell factories (Montagud et

al. 2011; Sohn et al. 2010), and to suggest new metabolic engineering strategies (Kim 

et al. 2007). The metabolic model of S. coelicolor, iIB711 was published almost a 

decade ago. Although an updated version of iIB711 was published in 2010 (i.e. 

iMA789), it was quite similar to the original with the addition of more elaborate 

antibiotics biosynthetic pathways (Alam et al. 2010). In the past decade much 

biochemical and genetic knowledge has been accumulated and COBRA methods 
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have been developed (Lewis et al. 2012), increasing the need for an updated S. 

coelicolor metabolic model.

Here, a high-quality reconstruction of S. coelicolor A3(2), iMK1208 is presented, 

which includes recently updated biochemical and genetic knowledge. iMK1208 was 

reconstructed by following a state-of-the-art protocol for the generation of a high-

quality metabolic model (Thiele and Palsson 2010). All constituents for the 

metabolic model, such as the biomass equation, stoichiometric matrix, and energetic 

parameters, have been updated. The resulting model was validated using 

experimental data and compared with previous models. Finally, iMK1208 was used 

to select targets for the metabolic engineering for ACT overproduction.
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2.3 Materials and methods

2.3.1 Metabolic model reconstruction

During the past decade, methods for genome-scale metabolic reconstruction have 

evolved and become more systematic (Lewis et al. 2012). As iIB711 was published 

about a decade ago, the quality of iIB711 is quite low compared to recent genome-

scale metabolic reconstructions for other organisms, such as E. coli (Orth et al. 2011)

and Saccharomyces cerevisiae (Heavner et al. 2013). Therefore, we reconstructed 

the metabolic model for S. coelicolor de novo rather than using iIB711 as a starting 

point. We used a standard protocol for the generation of a high-quality metabolic 

model to reconstruct a new metabolic model for S. coelicolor (Thiele and Palsson 

2010).

In brief, genome annotations from StrepDB (http://strepdb.streptomyces.org.uk), 

BioCyc (Karp et al. 2005), and Kyoto Encyclopedia of Genes and Genomes (KEGG) 

(Kanehisa and Goto 2000) were obtained to make a list of reactions and 

corresponding Gene-Protein-Reaction (GPR) associations. In the case of transport 

reactions, the information on TransportDB (Ren et al. 2007) was used. When 

necessary, BLASTP (Camacho et al. 2009) against proteins in E. coli was used to 

search or confirm gene annotations. Reaction directionality was obtained from BiGG 

database (Schellenberger et al. 2010), when such information was unavailable from 

the literature. We added references for the reactions when available, and assigned 

confidence scores for the reactions based on the criteria described in the protocol 

(Thiele and Palsson 2010). Furthermore, we assigned KEGG metabolite identifiers 

to most of the metabolites in the model. Lastly, the biomass reaction and ATP-
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maintenance reaction were revised. Gap analysis was performed, and the missing 

reactions filled in. In order to validate our model, we examined whether or not our 

model correctly predicted cell growth in several defined media. Finally, the resulting 

model was written in SBML format (Hucka et al. 2003), and called iMK1208. 

iMK1208 includes a list of reactions which are all manually curated, and completely 

mass-and charge-balanced.

Appropriate functions in COBRA Toolbox (Schellenberger et al. 2011) were used 

to complete the required steps in the genome-scale metabolic model reconstruction 

process. Therefore, iMK1208 is fully compatible with COBRA Toolbox and some 

other flux balance analysis (FBA) tools such as OptFlux (Rocha et al. 2010).

2.3.2 FBA

FBA is widely used for predicting cellular phenotypes using a genome-scale 

metabolic model (Orth et al. 2010). Briefly, FBA utilizes two types of constraints. 

One is mass-conservation constraints which are imposed by a stoichiometric matrix. 

The other is inequality constraints given by upper and lower bounds for each 

reactions. Using these constraints, a physiochemically allowable solution space for 

flux distribution can be obtained. Then, FBA requires objective functions to further 

define a phenotype among the large solution space. The most common objective 

function is maximizing biomass production when predicting growth. FBA uses a 

linear programming solver to maximize or minimize the defined objective functions 

while applying the constraints. When an optimum is found, a set of flux values used 

for obtaining the optimum is given as a steady-state flux distribution existing in a 

cell which represents the cellular phenotype.
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In this study, we used FBA for: (i) estimating energetic parameters and making a 

quantitative prediction for cell growth in glucose minimal media; (ii) predicting the 

growth capability on a variety of C and N sources; and (iii) the design of a 

recombinant strain using flux scanning based on enforced objective flux (FSEOF) 

(Choi et al. 2010). For each simulation, appropriate constraints were given by the 

functions in the COBRA Toolbox (Schellenberger et al. 2011).

To perform FBA, COBRA Toolbox v2.0 with GLPK 

(http://www.gnu.org/software/glpk) and Gurobi (Gurobi Optimization, 

http://www.gurobi.com) as the linear programming solver was used. All 

computations were performed on a 64-bit Windows 7 system with Intel® Core™ i5-

2500K CPU @ 3.30 GHz processor.

2.3.3 Bacterial strains and culture conditions

Streptomyces coelicolor A3(2) M145 strain (WT) was used to construct a mutant 

overexpressing the BCDH complex (encoded by SCO3815, SCO3816 and 

SCO3817). pSE34, a Streptomyces expression vector containing the ermE promoter 

and genes encoding resistance to ampicillin and thiostrepton, was used to express an 

additional copy of the BCDH genes. The construction of the BCDH overexpression 

mutant was conducted by following a standard procedure (Kieser et al. 2000). Details 

regarding the construction and validation of the mutant are provided in the 

Supplementary Methods.

S. coelicolor A3(2) M145 strain and the BCDH overexpression mutant were 

cultured in R5- complex media, composed of 103 g sucrose, 10 g glucose, 5 g yeast 

extract, 0.1 g Difco Casamino Acids, 10.12 g MgCl2·6H2O, 0.25 g K2SO4, 5.73 g 
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TES [N-tris(hydroxymethyl)methyl-2-aminoethanesulfonic acid] buffer, 7 mL of 1 

N NaOH and 1 mL of a trace element solution (composed of 80 mg ZnCl2, 400 mg 

FeCl3·6H2O, 20 mg CuCl2·2H2O, 20 mg MnCl2·4H2O, 20mg Na2B4O7·10H2O, and 

10mg (NH4)6Mo7O24·4H2O, in 1 L of distilled water) in 1 liter of distilled water. E. 

coli strains were cultured in Luria-Bertani Broth containing 10 g tryptone, 5 g yeast 

extract, and 10 g NaCl in 1 liter of distilled water. 1 M of appropriate antibiotics, 

ampicillin or thiostrepton, were added to the culture media at a final concentration 

of 1 mM.

2.3.4 Measurement of ACT production

The S. coelicolor A3(2) M145 strain and the BCDH overexpression mutant were 

cultured in R5- media. A 1-mL sampling of cell broth was taken for ACT 

quantification at 24 hr intervals over 7 days. The samples were treated and extracted 

with 4 N KOH (at final 1 N KOH concentration). The samples were subsequently 

shaken at 200 rpm for 15 min at room temperature. Supernatants were acquired by 

centrifugation at 4°C, 13500 rpm for 10 min. The amount of ACT in the supernatant 

was measured by UV absorbance at 630 nm using Multiskan spectrum (Thermo 

scientific, USA). All the experiments were performed in duplicate.
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2.4 Results and discussion

The newly reconstructed metabolic model for S. coelicolor designated iMK1208, 

contains 1208 genes, 1643 reactions, and 1246 unique metabolites. The number of 

genes, i.e. 1208, accounts for 15% of the total ORFs annotated in S. coelicolor A3(2) 

M145 genomes, while previous models only contain 10% of the total ORFs (Table 

2.1). Biosynthetic pathways for several secondary metabolites such as ACT, RED, 

calcium dependent antibiotic, ectoine, and germicidin were included in iMK1208. 

When iIB711 and iMK1208 were compared, 550 genes, mainly those involved in 

membrane transport, cofactor and prosthetic group biosynthesis, inorganic ion 

transport and metabolism, amino acid metabolism, and alternate carbon metabolism 

comprise those added to the new metabolic model. Conversely, 53 genes were 

removed from iIB711, since those genes are not involved in metabolic conversion, 

including some which are annotated as transcriptional regulators. Details regarding 

all the reactions, metabolites, and genes included in the model are provided in the 

Supplementary Tables A1, A2, and A3, and Supplementary Figure A2.

2.4.1 Updates to the biomass equation

The biomass equation for S. coelicolor A3(2) M145 was updated in iMK1208. Since 

no single study reported the full composition of the biomass for S. coelicolor A3(2) 

M145, the macromolecular composition of S. coelicolor was extracted from multiple 

sources in the literature (Supplementary Table A4). The macromolecular 

compositions in the biomass equation of iMK1208 were almost identical to those of 

iIB711 with the addition of glycogen and trehalose to the model. Inclusion of
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Table 2.1 A comparison of the S. coelicolor metabolic model iIB711, iMA789, 

and iMK1208

METABOLIC MODEL iIB711 iMA789 iMK1208

GENES INCLUDED 711 789 1208

REACTIONS 700 896 1643

METABOLIC REACTIONS 561 745 1443

TRANSPORT REACTIONS 139 151 200

EXCHANGE REACTIONS - - 216

GENE-PROTEIN-REACTION 

ASSOCIATIONS

GENE ASSOCIATED OR 

SPONTANEOUS
495 669 1405

NO GENE ASSOCIATED 205 227 238

METABOLITES

UNIQUE METABOLITES 500 643 1246

CYTOPLASMIC - - 1236

EXTRACELLULAR - - 200
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glycogen in the biomass equation is important as the biosynthesis of glycogen is 

known to compete with biosynthesis of various secondary metabolites (Zabala et al. 

2013).

Next, compositions of various macromolecules were estimated (Supplementary 

Tables A5-A12). While the compositions of most macromolecules are identical to 

those used in iIB711, the protein and fatty acid compositions used are quite different. 

Unfortunately, the complete protein composition of S. coelicolor was not available 

in the literatures. While iIB711 used the protein composition of E. coli instead of that 

of S. coelicolor, recent data obtained from S. tsukubaensis were used for iMK1208 

(Huang et al. 2013). Since inclusion of accurate protein composition data in a 

metabolic model is crucial for the prediction power of the model (Selvarasu et al. 

2012), a model using experimental data from the same genus would provide more 

accurate predictions than a model using data from a phylogenetically distant 

organism.

In the case of fatty acid composition, iIB711 includes only straight-chain fatty 

acids (SCFAs) as constituents for the total fatty acids of S. coelicolor (Fig. 2.1A). In 

iIB711, all the fatty acid biosynthesis reactions use acetyl-CoA or propionyl-CoA as 

a starter unit, resulting in only SCFAs. In reality, however, 74.4% of the total fatty 

acids of S. coelicolor are branched-chain fatty acids (BCFAs, Fig. 2.1A) (Li et al. 

2005). In contrast to SCFAs, BCFAs are synthesized from 3-methylbutanoyl-CoA, 

isobutyryl-CoA, or 3-methyl-2-butanoyl-CoA, derived from the degradation of 

branched-chain amino acids (BCAAs). Fates of BCAAs are complicated when 

considering growth of cells, since BCAAs are required for protein biosynthesis while 

also needing to be degraded somehow for fatty acid biosynthesis. In addition,
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Figure 2.1 Updated biochemical knowledge in iMK1208

(A) Fatty acid biosynthetic pathways in iIB711 and iMK1208. iMK1208 includes 

biosynthetic pathways for both SCFAs and BCFAs, while iIB711 only contains 

biosynthetic pathways for SCFAs. BCFAs are derived from BCAAs, and accounts 

for more than 70% of the total fatty acids in S. coelicolor. (B) Succinate 

dehydrogenase (SDH) and fumarate reductase (FRD) in iIB711 and iMK1208. 

iIB711 has three enzyme complexes for a reversible conversion of succinate to 

fumarate without a proton translocation. Meanwhile, iMK1208 has distinguished 

SDH and FRD with different proton translocation activities. FRD can be 

distinguished from SDH since FRD is expressed in microaerobic conditions with 

cytochrome bd oxidase.
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BCAAs are known to be one of the important sources of acetyl-CoA, a common 

precursor for all polyketide synthase derived biosynthesis (Stirrett et al. 2009).

Consequently, important, but delicate competitions exist between two different 

objectives (growth vs. antibiotics production), as well as between the biosynthesis 

of two distinct macromolecules (protein vs. fatty acids), both of which determine the 

fate of BCAAs. iMK1208 may provide means to systematically predict the fates of 

BCAAs. This will be further discussed in Section 2.4.5.

2.4.2 Updates to the stoichiometric matrix

The stoichiometric matrix is primarily dependent on the list of reactions contained 

in the metabolic model, but also dependent on reaction formulas, such as lists of 

metabolites and stoichiometric coefficients. Major changes and improvements in the 

stoichiometric matrix were made by the inclusion of more reactions and metabolites 

in iMK1208 than in iIB711. In addition, iMK1208 is completely mass- and charge-

balanced, which was not true of iIB711, and this difference resulted in further 

improvements in the stoichiometric matrix. Furthermore, we defined the model 

system with two compartments, i.e. 'cytosol' and 'extra-organism', and added 

transport reactions between the two compartments. Exchange reactions were also 

added to enable metabolites to enter and/or leave the system (Table 2.1). Since all of 

these factors greatly changed the geometry of the stoichiometric matrix, the key 

updates among them are summarized below.

At first, as mentioned in Section 2.4.1, the biomass equation of iMK1208 included 

BCFAs as major fatty acids. Since the biosynthetic pathways for BCFAs were 

required to ensure the growth of the cells, they were implemented (Fig. 2.1A) as for 
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those in the iBsu1103, model of Bacillus subtilis 168 which also produced BCFAs 

(Henry et al. 2009). Fatty acid biosynthetic pathways (both SCFAs and BCFAs) were 

incorporated as step-by-step reactions in the manner of the recent metabolic model 

of E. coli K-12 MG1655 (Orth et al. 2011). In contrast, iIB711 contains lumped 

reactions for fatty acid biosynthesis as in the earlier model of E. coli (Reed et al. 

2003). The additions of biosynthetic pathways for BCFAs as well as stepwise 

descriptions of the fatty acid biosynthetic pathways resulted in a dramatic increase 

in the number of reactions and metabolites described in iMK1208 (Table 2.1).

Secondly, different pools of acyl carrier proteins (ACPs) were elaborated. 

Production of fatty acids and antibiotics such as ACT (polyketide) and RED 

(prodiginine) are dependent on the presence of different ACPs. There are at least 

eight different ACPs in the genome of S. coelicolor A3(2) M145 (Bentley et al. 2002),

and each ACP is known to be specifically involved in the corresponding biosynthetic 

processes (Singh et al. 2012). To take into account this biochemical knowledge, the 

different pools of the ACPs were distinguished by giving correspondent processes or 

gene names to metabolite names of the ACPs (e.g. ACPact[c] for ACT biosynthesis 

and ACPredL[c], ACPredN[c], and ACPredQ[c] for RED biosynthesis). These 

changes in the reactions will become specific constraints for the prediction of the 

biosynthesis of the corresponding secondary metabolites, especially when 

integrating omics data such as transcriptomics or proteomics data into the model. 

The same rule was applied to the pools of peptidyl carrier proteins used for calcium-

dependent antibiotics (non-ribosomal peptide) biosynthesis.

Thirdly, an operon, SCO0922-4, previously mis-annotated as succinate 

dehydrogenase due to sequence similarity, was re-annotated as fumarate reductase. 
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According to iIB711 and the KEGG database, three isozymes responsible for a 

succinate dehydrogenase reaction, are separately encoded in the correspondent 

operons, i.e. SCO0922-4, SCO4855-8, and SCO5106-7 (Fig. 2.1B). However, one 

of the operons, SCO0922-4, was concurrently expressed and clustered together with 

cytochrome bd oxidase (SCO3945-6) when all the published transcriptomics data for 

S. coelicolor were analyzed. Considering that the cytochrome bd oxidase is known 

to be active together with fumarate reductase under microaerobic conditions while 

succinate dehydrogenase is not (Watanabe et al. 2011), the SCO0922-4 operon was 

hypothesized to encode fumarate reductase rather than succinate dehydrogenase. 

This hypothesis was confirmed by running BLASTP using protein sequences of 

SCO0922, SCO0923, and SCO0924 against E. coli proteins which returned lower 

E-values for fumarate reductase than succinate dehydrogenase. This result was 

reflected in iMK1208 (Fig. 2.1B), so that iMK1208 may make more precise 

predictions for cells in a microaerobic condition than iIB711.

Lastly, a recently discovered menaquinone biosynthetic pathway was included in 

iMK1208 (Hiratsuka et al. 2008). Streptomyces use menaquinone as a major electron 

shuttle for an electron-transport chain. However, S. coelicolor does not possess any 

of the genes in the known biosynthetic pathway for menaquinone (the so called 

classical pathway which involves men genes) (Borodina et al. 2005). Recently, an 

alternative menaquinone biosynthetic pathway (the futalosine pathway which 

involves mqn genes) was discovered in S. coelicolor (Hiratsuka et al. 2008), and has 

been included in iMK1208. However, the futalosine pathway was incompletely 

elucidated. Since there exists a missing link between 1,4-dihydroxy-6-naphthoate 

and 1,4-dihydroxy-2-naphthoate, a hypothetical reaction was inserted to fill this gap. 
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Our metabolic model pointed that further biochemical and genomic studies are 

required to complete the futalosine pathway. This is one example of the role of 

metabolic models in model-driven discovery.

2.4.3 Updates to energetic parameters

Energetic parameters such as growth-associated maintenance energy (GAM) and 

non-growth-associated maintenance energy (NGAM) were re-estimated since both 

the biomass equation and the stoichiometric matrix of iMK1208 had been updated. 

Chemostat culture data for S. coelicolor showing specific glucose uptake rates at 

seven different dilution rates obtained from glucose-minimal media were used for 

this purpose (Melzoch et al. 1997). When linear regression was performed between 

specific growth rates (Y) and specific glucose uptake rates (X) using all seven data 

points, a regression line with a negative X-intercept was obtained. However, the X-

intercept should not be negative, since biological meaning of the X-intercept is a 

minimal specific glucose uptake rate required for cell maintenance which should be 

positive. Therefore, five data points at low dilution rates (0.034 h–1 0.092 h–1)

were selected for estimating the energetic parameters while the two data points at 

high dilution rates (0.115 h–1 0.128 h–1) were ignored as they deviated from the 

trend (Fig. 2.2). To estimate NGAM, ATP consumption rate was maximized by FBA 

while constraining a specific glucose uptake rate at 0.117 mmol/g DCW/h, the X-

intercept of a solid line shown in Fig. 2.2. Then, using the estimated NGAM, the 

GAM was estimated by FBA to give the slope of the solid line in Fig. 2.2. NGAM 

and GAM were estimated to be 2.65 mmol ATP/g DCW/h and 75.7 mmol ATP/g 

DCW, respectively (Detailed procedure can be found in the Supplementary Methods).
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Figure 2.2 Model predictions of the specific growth rate compared to 

experimental data

Experimental data (circle) was obtained from the literature (Melzoch et al. 1997).

The predictions were made by FBA based on the estimated GAM and NGAM using 

the model with (solid line) and without (dashed-line) the cytochrome c oxidase 

reaction (CYO2a and CYO2b).

52



In iIB711, NGAM and GAM was 3.8 mmol ATP/g DCW/h and 47 mmol ATP/g 

DCW, respectively.

Using the estimated energetic parameters, a prediction for specific growth rates 

was made by FBA (Fig. 2.2, solid line). The two data points at high dilution rates 

(0.115 h–1 0.128 h–1) significantly deviate from the values predicted by the 

model. For these data points, higher specific growth rates were predicted than those 

observed in the reference (Melzoch et al. 1997), while the specific oxygen uptake 

rates and specific CO2 production rates were lower. This implies that the prediction 

made by conventional FBA cannot capture the phenomenon of carbon wasting due 

to low respiratory efficiency at high dilution rates. To describe and include such 

phenomenon in a metabolic model, FBA with membrane economics (FBAME) has 

been proposed by Zhuang et al. (Zhuang et al. 2011). FBAME imposes an additional 

constraint for the crowding of the cytoplasmic membrane by glucose transporters 

and cytochrome oxidases. Using FBAME, Zhuang et al. (Zhuang et al. 2011)

explained that the decrease in respiratory efficiency at high growth rates of E. coli is 

a result of the replacement of high cost efficient cytochrome o ubiquinol oxidase in 

the cytoplasmic membrane with low cost inefficient cytochrome bd oxidase, and a 

simultaneous increase in glucose transporters. To examine whether or not a similar 

replacement event involving terminal cytochrome oxidases can explain the 

discrepancy observed, a prediction for specific growth rates was made again this 

time restricting the flux through high cost efficient cytochrome c oxidase (CYO2a 

and CYO2b), and thereby forcing the flux through low cost inefficient cytochrome 

bd oxidase reactions (Fig. 2.2, dashed-line). The two experimental data points at high 

dilution rates (0.115 h–1 0.128 h–1) are much closer to the new prediction line 
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than the original prediction line with which the other five data points at low dilution 

rates (0.034 h–1 0.092 h–1) are in good agreement. These results indicate that 

cytochrome oxidases may be involved in the change of the slope of the specific 

growth rate versus specific glucose uptake rate seen in the experimental data.

In this study, FBAME could not be applied to iMK1208 due to the current lack of 

experimental data necessary for estimating membrane costs of glucose transporters 

and cytochrome oxidases. In the future, further studies using FBAME will be required 

to establish a quantitative relationship between growth rates and membrane 

occupancy of glucose transporters and cytochrome oxidases.

2.4.4 Validation of the model

Our new metabolic model was validated by comparing the growth capability 

predictions with those obtained using iIB711 as well as experimental data from the 

literature (Borodina et al. 2005). Among 64 different kinds of growth media 

examined, 58 (90.6%) were in agreement with the experimental data (Full list of the 

examined conditions is available in Supplementary Table A15). When comparing 

the predictions from iMK1208 and iIB711, iMK1208 correctly predicted utilization 

of methionine and phenylalanine as N source while iIB711 did not (Fig. 2.3A). 

Meanwhile, the cell growth predictions made by both models utilizing aspartate and 

glutamine as C sources were not in agreement with the experimental data. This might 

be due to regulatory events, as discussed previously for iIB711 (Borodina et al. 2005).

Unexpectedly, the utilization of BCAAs was correctly predicted by iIB711 and 

not by iMK1208 (Fig. 2.3A). BCAA metabolism was further examined to figure out 

why this inconsistency occurred. As shown in Fig. 2.3B, there were two enzymes
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Figure 2.3 Model predictions of growth capability in various growth media

(A) Inconsistencies between experimental data and growth predictions from iIB711 

and iMK1208. (B) Metabolism of branched-chain amino acids (BCAAs). iMK1208 

predicted that BCAA aminotransferase (ilvE) can be used as an alternative route for 

valine dehydrogenase (vdh). Dashed-line indicates alternative route for valine 

degradation through the leucine degradation pathway.
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which could convert BCAAs into branched-������ �-keto acids. According to the 

predictions from iMK1208, the cells could still use BCAAs through BCAA 

aminotransferase (ilvE) in the case of a valine dehydrogenase (vdh) knock-out 

mutant. iMK1208 also predicted that even though the valine degradation pathway 

was blocked by the deletion of methylmalonic acid semialdehyde dehydrogenase 

(msdA), valine could be degraded through a part of the leucine biosynthetic and 

degradation pathway (Fig. 2.3B, dashed-line), suggesting that cell growth should 

occur. However, these predictions are not consistent with the experimental results 

(Tang and Hutchinson 1993; Zhang et al. 1996). In both cases, the discrepancy 

between predictions and experimental data may be caused by regulatory events as in 

the case of growth on aspartate and glutamine as C sources. Meanwhile, we 

determined that the correct predictions from iIB711 for the utilization of BCAAs are 

due to errors in iIB711 that treated 3-methyl-2-oxobutanoate and 2-oxoisovalerate 

as different compounds despite the fact that they are identical. This example 

demonstrates the need for usage of metabolite identifiers in metabolic 

reconstructions, such as the KEGG metabolite identifiers used in iMK1208.

Overall, iMK1208 accurately predicted growth capabilities for a variety of growth 

media. Among the conditions examined, there were some differences between the 

predictions and the experimental data. These inconsistencies may occur due to 

regulatory events which are not accounted for in the metabolic model. Further work 

is required to build integrated regulatory and metabolic models (Herrgard et al. 2006)

or to integrate various omics data (Schmidt et al. 2013) in order to enhance the 

prediction power of the model.
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2.4.5 Strain design for antibiotic overproduction

Among the various uses of metabolic models (McCloskey et al. 2013),

computational strain designs are the most attractive application for bioengineers. 

Here, we demonstrated the usefulness of iMK1208 by predicting genetic engineering 

targets for ACT overproduction. So far, although more than 20 strain design 

algorithms have been developed (Lewis et al. 2012), most of them work in a manner 

that identifies a set of gene deletion targets which forces the coupling of product 

formation to cell growth (e.g., OptKnock (Burgard et al. 2003) and EMILiO (Yang 

et al. 2011)). However, when desired products are secondary metabolites, including 

antibiotics, in most cases product formation and cell growth are mutually exclusive. 

Therefore, most of the existing strain design algorithms are not applicable to design 

a cell factory for antibiotic production. Nevertheless, some algorithms such as 

FSEOF are not based on the coupling of product formation and cell growth (Choi et 

al. 2010), so FSEOF is still useful for the purpose of predicting targets for strain 

improvement. FSEOF identifies a list of reactions which show increased fluxes as 

the flux through product formation is gradually increased. The reactions identified 

are targets for gene overexpression to achieve higher product formation. When 

improving secondary metabolite production, it is important to identify genetic 

interventions that do not hamper cell growth (Hwang et al. 2014). With the 

assumption that gene overexpression is usually less detrimental to cell growth than 

gene deletion, FSEOF was chosen to test the performance of our model for strain 

design.

To apply FSEOF to iMK1208, we first set constraints to mimic complex media. 

We constrained the lower boundary of uptake rate for glucose as -1 mmol/g DCW/h 
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(where minus sign indicates uptake of the substrate), and for each 20 proteogenic 

amino acids as -0.05 mmol/g DCW/h based on recent batch fermentation data for S.

lividans (D'Huys et al. 2011). Then, FSEOF was run in COBRA Toolbox for 

MATLAB using an in-house implemented FSEOF (Supplementary Materials).

FSEOF predicted 92 reactions as overexpression targets (full list is available in 

Supplementary Table A16). Among them, 21 reactions were directly involved in 

ACT biosynthesis and transport. All of these 21 reactions were conducted by the 

genes in ACT biosynthetic gene cluster, and expression of this cluster was known to 

be governed by the pathway-specific regulator, actII-ORF4, a well-known 

overexpression target for ACT overproduction (Liu et al. 2013). Acetyl-CoA 

carboxylase (ACC) was also found in the list. ACC generates malonyl-CoA which is 

a key precursor of ACT biosynthesis, and the effects of ACC overexpression is also 

well understood (Ryu et al. 2006).

At least 19 reactions were involved in BCAA metabolism (FSEOF predicted only 

73 reactions as overexpression targets for growth media without BCAAs). Among 

them, the BCDH reaction appeared three times. BCDH catalyzes the second step of 

degradation of each BCAA (Fig. 2.1A), known as a key reaction for providing 

precursors for BCFAs and antibiotics (Stirrett et al. 2009). As described in the 

previous sections, the fates of BCAAs are determined by the result of competition 

between protein, BCFAs, and antibiotics biosynthesis. Since iIB711 lacks the 

biosynthetic pathways for BCFAs, only iMK1208 can accurately estimate the fate of 

BCAAs. Here, FSEOF results using iMK1208 indicate that increased flux through 

the BCAAs degradation pathways is required for ACT overproduction. We 

experimentally validated the predictions from FSEOF using iMK1208 by 
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constructing a BCDH overexpression mutant and measuring ACT production. 

Interestingly, ACT production was increased 52 fold compared to wild-type on the 

final day of the culture (Fig. 2.4) despite similar growth rates of the two strains.

The application of iMK1208 to strain design for ACT using FSEOF resulted in 

the identification of previously confirmed overexpression targets such as actII-ORF4 

and ACC, as well as some new target genes for ACT overproduction. The prediction 

for the effect of BCDH overexpression was experimentally validated, resulting in a 

strain displaying a high level of ACT overproduction.
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Figure 2.4 Actinorhodin production by wild-type and BCDH overexpression 

mutant

Actinorhodin production by wild-type (closed-circle) and BCDH overexpression 

mutant (open-circle). For the 7 days culture in R5- complex media, the BCDH 

overexpression mutant showed a 52-fold higher yield of ACT than WT. Note that 

WT cells normally produce ACT in the R5- media (Yang et al. 2012).
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2.5 Concluding remarks

In this work, a high-quality metabolic reconstruction of S. coelicolor, iMK1208, with 

updated biomass equations, stoichiometric matrix, and energetic parameters was 

produced. iMK1208 was validated by growth capability tests, in which most of the 

predictions were correct. It may be that regulatory events, not accounted for by 

iMK1208, influence growth in conditions where there were discrepancies between 

the predicted and experimental data. iMK1208 and FSEOF were used to design a 

strain for the overproduction of secondary metabolites such as ACT. FSEOF results 

identified previously known gene over-expression targets, as well as a novel target, 

BCDH. A BCDH overexpression mutant was constructed and evaluated, validating 

the prediction made using iMK1208.

iMK1208 can be used to identify other genetic interventions for the 

overproduction of secondary metabolites. Furthermore, iMK1208 can guide a high-

quality reconstruction of metabolisms for related species. Finally, iMK1208 can be 

a framework for integration of various omics data to provide more accurate 

phenotype predictions or to handle large and different datasets. Altogether, we 

envision that iMK1208 will contribute to improving the quality of systems 

biotechnology of S. coelicolor and related organisms.

61



Chapter 3.

Transcriptomics-based strain optimization tool for designing 

secondary metabolite overproducing strains of Streptomyces 

coelicolor

A full reprint of the paper published in Biotechnology and Bioengineering, 

113(3):651-660 (2016)
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3.1 Abstract

In silico model-driven analysis using genome-scale model of metabolism (GEM) has 

been recognized as a promising method for microbial strain improvement. However, 

most of the current GEM-based strain design algorithms based on flux balance 

analysis (FBA) heavily rely on the steady-state and optimality assumptions without 

considering any regulatory information. Thus, their practical usage is quite limited, 

especially in its application to secondary metabolites overproduction. In this study, 

we developed a transcriptomics-based strain optimization tool (tSOT) in order to 

overcome such limitations by integrating transcriptomic data into GEM. Initially, we 

evaluated existing algorithms for integrating transcriptomic data into GEM using 

Streptomyces coelicolor dataset, and identified iMAT algorithm as the only and the 

best algorithm for characterizing the secondary metabolism of S. coelicolor.

Subsequently, we developed tSOT platform where iMAT is adopted to predict the 

reaction states, and successfully demonstrated its applicability to secondary 

metabolites overproduction by designing actinorhodin (ACT), a polyketide 

antibiotic, overproducing strain of S. coelicolor. Mutants overexpressing tSOT 

targets such as ribulose 5-phosphate 3-epimerase and NADP-dependent malic 

enzyme showed 2 and 1.8-fold increase in ACT production, thereby validating the 

tSOT prediction. It is expected that tSOT can be used for solving other metabolic 

engineering problems which could not be addressed by current strain design 

algorithms, especially for the secondary metabolite overproductions.
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3.2 Introduction

In recent years, public health is increasingly threatened by growing antibiotics 

resistance of microbial pathogens (Berdy 2012). Such health risks raise urgent needs 

for rapid and cost-effective pipelines for developing new antibiotic drugs. However, 

the development is hampered by extremely low-level production of candidate 

secondary metabolites from microbial hosts, thus rendering it difficult to examine 

their detailed biological activities, and to produce them cost-effectively. 

Actinobacteria, especially Streptomyces, are the most relevant host strains as they 

produce approximately one half of current antibiotic drugs in the market, and also 

allow us to discover new secondary metabolites (Bibb 2013). Now, quantitatively 

and systematically characterizing such bacterial secondary metabolism is in a great 

demand in order to improve their yields and productivity (Hwang et al. 2014).

Recently, systems metabolic engineering approaches have been applied to 

Streptomyces for enhancing the production of secondary metabolites (Hwang et al. 

2014). Among them, in silico strain design approach based on genome-scale model 

of metabolism (GEM) and constraint-based modeling methods has become the most 

prominent tool for identifying non-obvious gene targets (Liu et al. 2015). For 

example, GEM-guided metabolic engineering of Streptomyces successfully 

demonstrated the increase in the production yields of daptomycin in S. roseosporus

(Huang et al. 2012), FK506 (tacrolimus) in S. tsukubaensis (Huang et al. 2013), and 

polyketide antibiotic actinorhodin (ACT) in S. coelicolor (Kim et al. 2014b). For 

these successes, in silico strain design algorithms such as necessity ratio-based 

overexpression target search (Huang et al. 2012), MOMA-based overexpression 
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target search (Boghigian et al. 2012), and FSEOF (Choi et al. 2010) have been used 

for making predictions.

All the aforementioned strain design algorithms firstly generate a reference state 

for the host strain at a certain condition using flux balance analysis (FBA) (Orth et 

al. 2010), and then find a set of gene targets which need to be manipulated for 

increasing the yield of desired product (King et al. 2015; Long et al. 2015). However, 

generating a reference state using FBA is not ideal for simulating secondary 

metabolite production (Hwang et al. 2014), since it does not obey two underlying 

assumptions of FBA, i.e., steady-state and optimality assumptions (Orth et al. 2010).

Therefore, it is highly required to develop a new strain design algorithm which 

produces a better reference state for secondary metabolite production phase.

An alternative option for generating the reference state is to incorporate high-

throughput omics data into GEM (Bordbar et al. 2014; Reed 2012; Saha et al. 2014).

In this regard, transcriptomic or proteomic data can be integrated into GEM for 

making context-specific flux prediction (Blazier and Papin 2012) which can be used 

for defining more realistic and precise reference states for strain design algorithms. 

Such improved reference states generated by using high-throughput data allow us to 

not only bypass the assumptions of FBA but also widen the applicability and enhance 

the reliability of resulting strain design algorithms. However, despite such immense 

potentials, none of the existing strain design algorithms has attempted to make use 

of transcriptomic or proteomic data.

To address this issue, herein we first evaluated the available algorithms for 

integrating transcriptomic data into GEM for better describing the secondary 

metabolism. Then, employing the best performing method, we developed a new in 
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silico strain design algorithm, transcriptomics-based strain optimization tool (tSOT), 

to identify metabolic engineering targets for the overproduction of the secondary 

metabolites from Streptomyces. Finally we applied tSOT to S. coelicolor GEM for 

identifying the gene overexpression targets which enhance the production of ACT, 

and validated the in silico predictions by constructing and evaluating the relevant 

mutants experimentally.
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3.3 Materials and methods

3.3.1 GEM and dataset used for the study

iMK1208, a recent high-quality GEM for S. coelicolor (Kim et al. 2014b) was used 

for the study. It is composed of 1208 metabolic genes, and these genes can be mapped 

through Gene-Protein-Reaction relations to 1375 gene-associated reactions among 

total 1859 reactions. Therefore, expression levels of 1375 gene-associated reactions 

can be determined from transcript levels of 1208 metabolic genes.

A comprehensive time-course dataset from the culture of S. coelicolor presented 

by Nieselt et al. (Nieselt et al. 2010) was used for (i) evaluating algorithms for 

integrating transcriptomic data into GEM, and (ii) ACT overproducer design using 

tSOT. The dataset consist of fermentation data (level of nutrients, products, and cell 

mass) and corresponding transcriptomic data. Specific growth rates, uptake rates for 

glucose and glutamate, and secretion rates for ACT, undecylprodigiosin (RED), and 

CO2 were calculated from the fermentation data. The transcriptomic data were 

obtained from Gene Expression Omnibus (GEO) database using accession number 

of GSE18489.

3.3.2 Evaluation of algorithms for integrating transcriptomic data

We adopted a recently proposed systematic evaluation method by Machado and 

Herrgard (Machado and Herrgard 2014) to find the best algorithm for predicting the 

secondary metabolism of Streptomyces by integrating transcriptomic data into GEMs. 

Seven algorithms for integrating transcriptomic data (Table 3.1) were compared for 

their abilities to predict the time-course physiology of S. coelicolor. Together with
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Table 3.1 A summary of transcriptomic data integration algorithms tested in this study

Inputs Outputs

Type of methoda Formulation RMF Threshold Flux 

distribution

Reaction 

state

Reference

pFBA Control methodb LP O No O X (Lewis et al. 2010a)

GIMME Switch approach

(on/off approach)

LP O Yes (2) O O (Becker and Palsson 2008)

iMAT MILP X Yes (3) O O (Shlomi et al. 2008)

Oberhardt-10c LP O No O O (Oberhardt et al. 2010)

E-Flux Valve approach LP O No O O (Colijn et al. 2009)

Lee-12 Distance approach LP X No O X (Lee et al. 2012a)

RELATCH QP X No O X (Kim and Reed 2012)

GX-FBA Up/down approach LP X No O X (Navid and Almaas 2012)

RMF, required metabolic functionality; LP, linear programming; MILP, mixed-integer linear programming; QP, quadratic 

programming.

aCategories for the broad classification were suggested by Saha et al. (Saha et al. 2014).

bParsimonious version of FBA (pFBA) does not use transcriptomic data for making prediction, thus selected as a control 

method.

cImplemented instead of MADE (Jensen and Papin 2011) since MADE formulation is intractable for Nieselt dataset (Nieselt 

et al. 2010) due to the problem size. Oberhardt-10 is a prototype version of MADE.
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the seven algorithms, a parsimonious version of FBA (pFBA) was also included for 

the evaluation as a control. Given the transcriptomic data (except for pFBA) and 

environmental constraints of specific uptake rates of glucose and glutamate, 

predictions for the specific growth rate and the secretion rates for ACT, RED, and 

CO2 were made using each algorithm at specified time points during the fermentation. 

Root mean square logarithmic errors (RMSLEs) between predicted and experimental 

values of specific growth rate and secretion rates for ACT, RED, and CO2 across all 

time-points were used as evaluation criteria. MATLAB codes for the evaluation were 

obtained from http://github.com/cdanielmachado/transcript2flux and modified 

accordingly to simulate S. coelicolor datasets using iMK1208. To execute the codes, 

we used COBRA Toolbox v2.0 for MATLAB (Schellenberger et al. 2011) with 

Gurobi (Gurobi Optimization, http://www.gurobi.com) as the optimization solver.

3.3.3 Transcriptomics-based strain optimization tool (tSOT)

The key idea of tSOT is to identify the gene/reaction overexpression targets by 

restoring reactions which are removed by algorithms such as iMAT while developing 

a context-specific model. To do so, we first implemented iMAT (Shlomi et al. 2008)

to determine the “on-state” (ROn) and “off-state” (ROff) reactions in GEM using 

transcriptomic data. Briefly, iMAT firstly groups model reactions (R) into three 

categories, i.e., highly (RH), moderately (RM), and lowly (RL) expressed, according 

to the expression levels of the corresponding genes. Then, following mixed-integer 

linear programming (MILP) problem is solved

max�,��,��,�! "# ($%& + $%') + # $%*%-./%-.0 1
s.t.
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where S is the stoichiometric matrix, and v is the flux vector. y+ and y� are Boolean 

variables that represent whether a specified reaction is highly active or not, indicating 

the reaction carries absolute flux value greater than positive threshold (�) or not. 

Meanwhile, y0 is a Boolean variable which represents whether a specified reaction 

is inactive or not, indicating whether the reaction carries zero flux or not. From the 

solution of MILP problem, a part of reactions in RL is classified into off-state 

reactions (ROff) if the reaction has corresponding y0
i of 1. Model reactions other than 

ROff belong to on-state reactions (ROn"=�R"@"ROff).

Once the ROn and ROff are established, tSOT then builds a “reference model” which 

is a functional context-specific model consisting only of ROn. Then, tSOT determines 

the maximal product yields from the context-specific model and global model by 

solving the following linear programming (LP) problem:

max� Y = 2ABC�DE�/2GDHG�BI�J (P1)

s.t.

� 	 � = �
2345,% � 2% � 2367,%

It should be noted that the maximal product yield calculated from the reference 

model, i.e., reference yield (Yr), is always lower than that of a generic model, i.e., 

theoretical maximum yield (Ymax), since the reference model is a subset of the generic 
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model, and thus, its solution space is also a subset of the global solution space. 

However, this difference in yield can be restored while re-introducing some of the 

reaction(s) in ROff into the reference model where such reactions can be said as the 

overexpression targets. In such a way, tSOT builds several “target upregulated 

models” for each of reaction in ROff by restoring them one at a time into the reference 

model. Subsequently, the “target upregulated yields” (Yt) from the target upregulated 

models are calculated by solving problem (P1) and the overexpression targets (Rtarget)

are identified if the corresponding Yt is greater than Yr.

To identify overexpression targets for increasing ACT production, we applied the 

tSOT to iMK1208 using the transcrip
������
����
��������
���#$"���������
�&�
����

of S. coelicolor, which corresponds to mid-time point of ACT production in wild-

type, among the Nieselt dataset. tSOT has been implemented in MATLAB with 

Gurobi optimization solver. Implementation codes of tSOT are available at: 

https://github.com/kms1041/tSOT (also provided in the Supplementary Materials).

3.3.4 Bacterial strains and culture conditions

E. coli and S. coelicolor strains used in this study are listed in Table 3.2. Standard 

procedures were used for cultivation and construction of S. coelicolor strains (Kieser 

et al. 2000). S. coelicolor A3(2) M145 strain was used to construct BG1464, BG5261, 

and BG7622 which overexpressing ribulose 5-phosphate 3-epimerase (SCO1461), 

NADP-dependent malic enzyme (SCO5261), and NAD(P) transhydrogenase 

complex (SCO7622 and SCO7623), respectively. The coding region for each gene 

including ribosome binding site was amplified with PCR using a genomic DNA of 

S. coelicolor A3(2) M145 strain, and Han-pfu DNA polymerase (Genenmed, South
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Table 3.2 Bacterial strains, plasmids, and primers used in this study

Strains, plasmids, 

and primers Relevant information

Source or 

reference

Bacterial strains

E. coli strains

*<>� F- �80lacZ M15 endA recA hsdR(rk
-mk

-)

supE thi gyrA relA ?�lacZYA-argF)U169

laboratory stock

JM110 dam-, dcm- laboratory stock

S. coelicolor

A3(2) M145 SCP1-, SCP2-, Pgl+ KCTC

BG1464 M145 carrying pJS21 this study

BG5261 M145 carrying pJS22 this study

BG7622 M145 carrying pJS23 this study

Plasmids

pIBR25 pWHM3 carrying ermE* promoter (EcoRI/KpnI)

from Saccharopolyspora erythraea

(Thuy et al. 

2005)

pJS21 pIBR25 carrying PCR product of SCO1464

from S. coelicolor

this study

pJS22 pIBR25 carrying PCR product of SCO5261

from S. coelicolor

this study

pJS23 pIBR25 carrying PCR product of SCO7622 and

SCO7623 operon from S. coelicolor

this study

Primers

1464-F ATTAT GGATCC GACCCATCCCGGCCCACC this study

1464-B ATAAT AAGCTT TCAGTGGTCGCAGGACCAGGA this study

5261-F ATTAT GGATCC CCCTCAAACCATGAACTCTTA this study

5261-B ATAAT AAGCTT TCACCGGCGCGCAACCCCCTC this study

76227623-F ATTAT GGATCC GAACCGGTCAACAACGCCTCC this study

76227623-B ATAAT AAGCTT TCACCGCACCGCCGTCGC this study
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Korea). The sequences of primers used for PCR amplification are given in Table 3.2. 

The PCR fragments were digested with BamHI/HindIII (Roche, Germany). The 

digested fragments were inserted into pIBR25 Streptomyces expression vector 

containing a strong constitutive ermE* promoter and selection markers for ampicillin 

and thiostrepton. Multiplication of the plasmids was carried out with non-

methylating E. coli JM110 strain. Then, the plasmids were introduced into S. 

coelicolor A3(2) M145 strain by protoplast transformation to yield BG1464, 

BG5261, and BG7622.

Luria-^��
���� �_^�� ���
�� ���
������� `�"�� 
�{�
���	� >"�� {���
� �|
���
	� ���� `�"��

}�~�����`"_�������
��������
�������������������
�&�
����E. coli strains. S. coelicolor

strains were grown in two different culture media, minimal media with glucose and 

glutamate (MMGG), and R5� �����|� ������ ����� ���
������ >>��"�� ������

���
��
�	�#�"���������	���#�"������4·7H2�	���$"�"�2HPO4	�$"_������������
���

minimal medium trace element solution (Kieser et al. 2000)	�����>��"_����!��`�

������������>"������4·7H2�	����"��~���4·5H2�	�##�"������4·7H2�	�̀ >�"��

MnSO4·H2�	�`�"��}�2MoO4·2H2�	���"��~�~�2·6H2�	�����>�"_����<~�����`"_�

������
��������
�������`"_�������
��������
���(Nieselt et al. 2010). pH of MMGG was 

�����
���
�������{�����
��������"}�}��<���>� �����|�����������������`��"��

�������	� `�"�� �������	� >"�� {���
� �|
���
	� ��`"�� *����� �������� �����	� `��`�"��

MgCl2·6H2�	����>"�"�2SO4	�>���"��!���������� ��<�����	� �"_����`"N NaOH and 

`"_������
����������
�����
����������������$�"����~�2	�#��"����~�3·6H2O, 

��"�� ~�~�2·2H2�	� ��"�� ��~�2·4H2�	� ��"�� }�2B4O7·10H2�	� ���� `�"��

(NH4)6Mo7O24·4H2�����`"_�������
��������
�������`"_�������
��������
����~�����
��
���

solutions of a��������
�� ��
����
���� �`"��� ����� ��� ������������� 
����
���
��� �����
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growth curves of S. coelicolor strains were monitored by measuring OD450.

3.3.5 Measurement of ACT production

�~!�������
���������������������������{����������������
��#�"��(Kieser et al. 

2000). S. coelicolor A3(2) M145 strain, BG1464, BG5261, and BG7622 were 

cultured in MMGG and R5� complex media. One milliliter of cell broths including 

cells were sampled for ACT quantification with 1 day interval for 7 days. 

~�����
��
�����<�����
�����#"}�������������
��
���������
������������`"}���<�

������
��
��������������
�{	�
�����������������������
����"�������̀ >"����
�����

temperature. The supernatants were acquired by the centrifugation of the samples at 

`�	>��"��� ���� `�"��� �
� #�~�� !���	� A640 of the supernatants was measured 

(�640"�"�>���"��1·cm�1) using Multiskan spectrum (Thermo scientific, Waltham, 

MA). All the experiments were performed in duplicates.
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3.4 Results

3.4.1 Evaluation of algorithms for integrating transcriptomic data

We first evaluated the existing algorithms which integrate transcriptomic data into 

GEM. The aim was to identify the best algorithm which can predict the secondary 

metabolic fluxes in Streptomyces reasonably well, and therefore can be served as a 

basis for our strain design algorithm development.

Using each of the eight algorithms summarized in Table 3.1, time-course 

physiology predictions were made using transcriptomic data (except for pFBA which 

is a control method), and results were compared with the experimental data (Fig. 3.1). 

For predicting specific growth rates, GIMME, iMAT, Oberhardt-10, E-Flux, and 

RELATCH performed better than pFBA while E-Flux performed the best (Fig. 3.1A 

and B). In the case of specific CO2 production rates, no method performed better 

than pFBA while Oberhardt-10, E-Flux, and iMAT followed pFBA (Fig. 3.1C and 

D). These results showed that there exist significant quantitative errors between the 

experimental data and predictions from all of the algorithms. Lee-12 and GX-FBA, 

which could not predict growth for the most of the time points, showed even more 

significant errors than other six methods which showed almost the same errors.

Notably, none of the algorithms except iMAT was able to predict antibiotic 

productions. In other words, all the algorithms except iMAT predicted zero fluxes 

through the antibiotic biosynthetic pathways for all the time points (The only 

exception was GX-�^��������
���������`��"����~!���*~�����
�##"�����������

220 folds higher than experimental value). Only iMAT was able to predict production 

of secondary metabolites (Fig. 3.1E). iMAT correctly predicted that ACT and RED
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Figure 3.1 Physiology predictions made by algorithms for integrating transcriptomic data using Nieselt dataset

Specific growth rates (A) and specific CO2 production rates (C) were predicted at different points in time by each algorithm, 

and compared to experimentally measured data (blue bars). For each algorithm, root mean square logarithmic errors (RMSLEs) 

were calculated for the time-course prediction of specific growth rates (B) and specific CO2 production rates (D). Only iMAT 

have succeed to predict antibiotics, actinorhodin (ACT) and undecylprodigiosin (RED), productions properly (E).
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production rates of ACT and RED predicted by iMAT showed large discrepancy with 

experimentally measured rates, and iMAT could not predict the changes in rates of 

ACT and RED productions. In summary, iMAT predictions for secondary metabolic 

fluxes were qualitatively succeeded but failed quantitatively, whereas all the other 

methods failed to predict the secondary metabolic fluxes.

3.4.2 Development of transcriptomics-based strain optimization tool (tSOT)

Based on the evaluation results, iMAT was selected as a basis for the new strain 

design algorithm since it was the only algorithm capable of predicting secondary 

metabolic fluxes. Figure 3.2 illustrates the workflow of new strain design algorithm, 

transcriptomics-based strain optimization tool (tSOT). Using GEM and 

transcriptomic data as inputs, tSOT employs iMAT to generate reaction state 

prediction i.e., distinguishing model reactions into on-state and off-state reactions. 

Then, it builds a reference model using the on-state reactions, and also builds target 

upregulated models by restoring each off-state reaction to the reference model. The 

product formation rates are then maximized using the reference and target 

upregulated models to obtain the reference yield (Yr) and target upregulated yields 

(Yt). Finally, tSOT determines possible candidates of overexpression targets from the 

off-state reactions based on the degree of the differences between the Yt and the Yr.

3.4.3 Application of tSOT for ACT overproducer design

tSOT was applied to iMK1208 for the design of ACT overproducing host strain (Fig. 

3.3). Starting with 1859 reactions in iMK1208, tSOT first defined 459 lowly
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Figure 3.2 Workflow of transcriptomic-based strain optimization tool (tSOT)

tSOT first runs iMAT to classify model reactions into on-state and off-state reactions 

using transcriptomic data. Then, tSOT builds reference model using all of the on-

state reactions. Subsequently, it also builds target upregulated models by restoring 

off-state reactions into reference model one by one. Then, tSOT calculates reference 

yield and target upregulated yields by maximizing production rates using the models.

Finally, tSOT identifies overexpression targets from the off-state reactions if 

corresponding target upregulated yield is higher than the reference yield.
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Figure 3.3 Application of tSOT for ACT overproducer design

tSOT reduces the number of potential overexpression targets by step by step. After 

the manual selection of the tSOT result, three reactions namely RPE, ME2, and 

THD2 were identified as overexpression targets for ACT overproduction.
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expressed reactions through the mapping of tri-level gene expression data. 

Subsequently, tSOT ran iMAT to identify a set of upregulated reactions for model 

functionalization. In this case, 131 reactions are predicted to be upregulated 

remaining 328 reactions as off-state reactions. Then, tSOT identified seven reactions 

as yield improving reactions which predicted to be effective in increasing ACT yields 

(Table 3.3).

We further reduced the number of probable overexpression targets by manual 

inspection and selection among the seven yield improving candidate reactions. 

AKGDH2, 2-oxoglutarate:ferredoxin dehydrogenase reaction, was eliminated from 

the target list since this reaction seems to be involved in anaerobic metabolism 

(Dorner and Boll 2002). ALCD2y and ALCD19y are NADP-dependent alcohol 

dehydrogenase reactions for ethanol and glycerol, respectively. When these reactions 

become on-state, it would form the thermodynamically infeasible cycles with 

ALCD2x and ALCD19x, i.e., NAD-dependent alcohol dehydrogenase reactions, to 

transfer electrons from NADH to NADP+ without any energy cost. Therefore, 

ALCD2y and ALCD19y were excluded from the target list. GLYCL, glycine 

cleavage system reaction, was also eliminated from the list since only marginal 

improvement in ACT production was predicted when GLYCL was restored. Finally, 

RPE (ribulose 5-phosphate 3-epimerase), ME2 (NADP-dependent malic enzyme), 

and THD2 (NAD(P) transhydrogenase) reactions were selected as overexpression 

targets.

To validate the tSOT predictions, RPE, ME2, and THD2 reactions were subjected 

to experimental tests. BG1464 (overexpressing sco1461 for RPE reaction), BG5261 

(overexpressing sco5261 for ME2 reaction), and BG7622 (overexpressing sco7622
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Table 3.3 Overexpression targets for increasing ACT production predicted by tSOT

Reaction 

name Reaction description Reaction formula Gene-reaction association

Predicted yield 

improvement 

(%)

AKGDH2 2-oxoglutarate:ferredoxin

dehydrogenase

akg[c] + coa[c] + nadp[c] ->

co2[c] + nadph[c] + succoa[c]

((SCO4594 and SCO4595) or (SCO6269 

and SCO6270)) and SCO0681

29.5

ALCD19y alcohol dehydrogenase

(glycerol, NADP)

glyald[c] + h[c] + nadph[c] <=>

glyc[c] + nadp[c]

SCO4945 or SCO4271 37.3

ALCD2y alcohol dehydrogenase

(ethanol, NADP)

etoh[c] + nadp[c] <=>

acald[c] + h[c] + nadph[c]

SCO4945 or SCO4271 37.3

GLYCL glycine cleavage system gly[c] + nad[c] + thf[c] ->

co2[c] + mlthf[c] + nadh[c] + nh4[c]

SCO5471 and SCO1378 and SCO5472 

and (SCO0884 or SCO2180 or SCO4919)

4.0

RPE ribulose 5-phosphate 

3-epimerase

ru5p-D[c] <=> xu5p-D[c] SCO1464 21.4

ME2 NADP-dependent

malic enzyme

mal-L[c] + nadp[c] ->

co2[c] + nadph[c] + pyr[c]

SCO5261 33.3

THD2 NAD(P) transhydrogenase nadh[c] + nadp[c] + 2 h[e] ->

2 h[c] + nad[c] + nadph[c]

SCO7622 and SCO7623 34.7
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and sco7623 for THD2 reaction) were constructed. They were cultivated in MMGG, 

the culture media used for obtaining Nieselt dataset. When the mutants were grown 

in MMGG, only BG1464 showed the increased ACT production (Fig. 3.4A), while 

all the other mutants showed significantly reduced growth and ACT production 

compared to wild-type (Fig. 3.4B). Therefore, we further examined the mutants in 

R5� complex media which were expected to provide better growth conditions for the 

mutants. In the R5� complex media, BG1464 and BG5261 showed the increase in 

ACT production by 2 and 1.8-fold compared to that of the wild-type on the seventh 

day of the culture (Fig. 3.4C). However, BG7622 still showed decrease in ACT 

production than wild-type. BG1464 showed higher growth than the wild-type, while 

BG7622 still showed slightly retarded cell growth (Fig. 3.4D). Note that BG1464 

and BG5261 also showed 31 and 59 % increase in specific productivity, respectively.
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Figure 3.4 ACT production and growth profiles for the wild-type and tSOT 

targets overexpressing mutants in MMGG and R5� media

The cells were grown for 7 days to measure ACT production profiles in MMGG (A) 

and R5� media (C). Corresponding growth curves in MMGG (B) and R5� media (D) 

were monitored by OD450. BG1464, BG5261, and BG7622 overexpress SCO1464 

for ribulose 5-phosphate 3-epimerase (RPE), SCO5261 for NADP-dependent malic 

enzyme (ME2), and SCO7622-SCO7623 for NAD(P) transhydrogenase (THD2) 

reactions, respectively.

83



3.5 Discussion

Recently, Machado and Herrgard have evaluated seven algorithms which integrate 

transcriptomic data into GEM (algorithms listed in Table 3.1, MADE instead of 

Oberhardt-10) using multi-omic dataset for E. coli and yeast (Machado and Herrgard 

2014). In their study, none of the methods has performed better than simple pFBA. 

In other words, integrating transcriptomic data into GEM does not lead to improved 

prediction for cell physiology of E. coli and yeast. However, in contrast to their 

results, our results clearly demonstrated that iMAT is the only and best algorithm for 

predicting the secondary metabolism of S. coelicolor. The previous study used 

datasets from optimally growing cells of E. coli and yeast which are well suited for 

the assumptions of FBA, and thus concluded that pFBA is the best predicting 

algorithm. However, we used a time-course dataset of S. coelicolor which includes 

microarray data even from the stationary phase for which the assumptions of pFBA 

do not hold well any more. Therefore, the current study showed that integrating 

transcriptomic data is helpful for predicting physiology of the cells in the state where 

the assumptions for pFBA do not hold any more.

Again, among all the algorithms evaluated, only iMAT was capable of predicting 

secondary metabolic fluxes in S. coelicolor. Initially, we expected that, in addition 

to iMAT, Lee-12, and RELATCH which were classified into “distance approach” 

(see Table 3.1) could also predict the secondary metabolic fluxes due to their 

formulations. Lee-12 and RELATCH minimize the distance between metabolic 

fluxes and gene expression data, meaning that highly expressed reactions should 

carry high fluxes, otherwise some penalties will be imposed on their objective 
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functions. Therefore, retaining some fluxes through secondary metabolism can be 

beneficial for optimizing objective functions when transcriptomic data from 

stationary phase is integrated into GEM. However, both algorithms failed to predict 

secondary metabolite productions, indicating that the benefit which can be obtained 

by carrying fluxes through secondary metabolism is smaller than the penalty 

obtained by reducing fluxes through other highly expressed metabolic enzymes. In 

the case of iMAT, a MILP formulation was used for maximizing the number of 

reactions which are consistent with the corresponding tri-level expression state rather 

than minimizing the distance. Therefore, iMAT forcefully imposes high benefit on 

objective function for the fluxes through secondary metabolism while merely 

imposes the penalty for reducing the fluxes through other highly expressed reactions. 

It appears that iMAT formulation is much more appropriate for forcing fluxes 

through secondary metabolism than the others.

Interestingly, all the target reactions identified by tSOT, i.e., RPE, ME2, and 

THD2, are either directly or indirectly related to the regeneration of NADPH. RPE 

is a constituent of pentose phosphate pathway which is generally associated with 

NADPH regeneration, while ME2 and THD2 directly produce NADPH. For optimal 

biosynthesis of secondary metabolites, balanced supply of both precursors for carbon 

skeleton and reducing power (e.g., NADPH) is required. In this regard, tSOT 

prediction was interpreted as that the supply of reducing power is much more limited 

than the supply of carbon skeleton precursors for the biosynthesis of ACT in the 

wild-type S. coelicolor cells. In addition, it is noteworthy to mention that no additive 

effect has been predicted for double and triple mutants which overexpress the tSOT 
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targets. This might be due to the fact that all the predicted targets are involved in the 

similar role, i.e. NADPH regeneration.

BG1464 in MMGG and R5� media and BG5261 in R5� media demonstrated the 

increased ACT production compared to the wild-type as predicted by tSOT. However, 

BG5261 in MMGG and BG7622 in MMGG and R5� media showed the decreased 

ACT production compared to the wild-type, which might be due to the reduced cell 

growth. In this study, all of the gene overexpression targets were expressed under a 

strong constitutive promoter, ermE*. Constitutive high-level expression of NADPH 

regenerating enzyme may cause cofactor imbalance which can be detrimental to the 

cell growth (Fuhrer and Sauer 2009). Furthermore, in the case of BG7622 which 

overexpresses membrane-embedded NAD(P) transhydrogenase complex, 

constitutive high-level production of membrane protein is often shown to be toxic to 

the cell and thus diminish the growth (Wagner et al. 2007; Wagner et al. 2006). Hence, 

it will be interesting to examine whether ACT production is increased or not by 

optimizing the expression of tSOT targets using stationary phase specific promoter 

with moderate strength. Unfortunately, there are no such options of promoters for 

Streptomyces at this moment, thus awaiting the construction of synthetic promoter 

library for Streptomyces to realize the in silico predictions in future.

tSOT is the first strain design algorithm which is able to use transcriptomic data 

for generating the reference state. Analogously, OptForce (Ranganathan et al. 2010)

is the only algorithm which can make use of fluxomic data as a reference state. 

OptForce have been successfully applied for designing overproducer of naringenin 

(Xu et al. 2011) and fatty acids (Ranganathan et al. 2012). However, usage of the 

OptForce is limited to the small number of organisms and few conditions for which 
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fluxomic data exists. Otherwise, the users should generate fluxomic data by 

themselves using 13C metabolic flux analysis, but the required experimental 

instruments are quite extensive. Furthermore, the coverage of the fluxomic data is 

still limited to the small number of reactions mainly involved in central carbon 

metabolism (Kim and Lun 2014; Sauer 2006). In contrast to fluxomic data, 

transcriptomic data covers genome-wide expression of mRNAs, and there exist vast 

repository of public transcriptomic data such as GEO database which have 

transcriptomic data from various organisms under various conditions. Even if desired 

transcriptomic data is not available in the public database, one can easily generate it 

by using the matured high-throughput technologies, microarray and next-generation 

sequencing. Recent advances in RNA-seq techniques have enabled more accurate 

measurement of genome-wide mRNA levels which can be used for this purpose. In 

summary, tSOT would be an easier and improved tool for solving many other 

metabolic engineering issues, especially host development for secondary metabolite 

productions.
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Chapter 4.

BeReTa: a systematic method for identifying target 

transcriptional regulators to enhance microbial production of 

chemicals

A full reprint of the paper published in Bioinformatics, 33(1):87-94 (2017)
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4.1 Abstract

Motivation: Modulation of regulatory circuits governing the metabolic processes is 

a crucial step for developing microbial cell factories. Despite the prevalence of in 

silico strain design algorithms, most of them are not capable of predicting required 

modifications in regulatory networks. Although a few algorithms may predict 

relevant targets for transcriptional regulator (TR) manipulations, they have limited 

reliability and applicability due to their high dependency on the availability of 

integrated metabolic/regulatory models.

Results: We present BeReTa (Beneficial Regulator Targeting), a new algorithm for 

prioritization of TR manipulation targets, which makes use of unintegrated network 

models. BeReTa identifies TR manipulation targets by evaluating regulatory 

strengths of interactions and beneficial effects of reactions, and subsequently 

assigning beneficial scores for the TRs. We demonstrate that BeReTa can predict 

both known and novel TR manipulation targets for enhanced production of various 

chemicals in Escherichia coli. Furthermore, through a case study of antibiotics 

production in Streptomyces coelicolor, we successfully demonstrate its wide 

applicability to even less-studied organisms. To the best of our knowledge, BeReTa 

is the first strain design algorithm exclusively designed for predicting TR 

manipulation targets.

Availability and Implementation: MATLAB code is available at 

https://github.com/kms1041/BeReTa (github). The code is also provided in the 

Supplementary Materials.
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4.2 Introduction

During the past decades, systems metabolic engineering has enabled the enhanced 

microbial production of various chemicals for the development of sustainable 

processes (Becker and Wittmann 2015). Various strategies have been suggested, and 

serially and/or iteratively applied to improve production yields, titers, and 

productivities in order to meet industrial constraints (Lee et al. 2012b). A 

modification of regulatory circuits (e.g. removal/suppression of negative feedback 

regulations and upregulation of biosynthetic pathway activators) is one of the 

important strategies for developing production strains (Lee and Kim 2015). Indeed, 

more than half of the genetic manipulations in engineered strains of Escherichia coli

and yeast belong to the modifications of regulatory networks, while most of them 

are employed by human intuitions (Winkler et al. 2015).

Interestingly, fueled by the development of constraint-based models and 

phenotype prediction methods such as flux balance analysis, a number of in silico

strain design algorithms have been developed to provide novel non-intuitive genetic 

designs (Maia et al. 2016). Since the development of OptKnock (Burgard et al. 2003)

which is the first computational strain design algorithm for predicting only gene 

deletion targets, recent methods have been evolved to perform diverse designing 

tasks in more efficient manners. For example, OptStrain (Pharkya et al. 2004) was 

developed to account for heterologous gene insertions; OptForce (Ranganathan et al. 

2010) was introduced to consider modulations of gene expression levels in addition 

to gene deletions. Most recently, such algorithms were further improved to exploit 

transcriptomic data for identifying genetic targets (Kim et al. 2016b). Showing the 
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validity and usefulness of the computational strain design algorithms, several patents 

referring to the algorithms have now become available (Maia et al. 2016).

However, despite increasing popularities of in silico strain design methods, most 

of the genetic modification targets proposed are confined to metabolic genes. 

Previously, two groups of researchers have tackled this issue by developing 

algorithms which can predict transcriptional regulator (TR) manipulation targets by 

using integrated models of metabolism and regulation (Kim and Reed 2010; Vilaca 

et al. 2011). However, the use of integrated metabolic/regulatory models has innate 

limitations. First, the integrated models are available only for few best-studied 

organisms, e.g. E. coli (Covert et al. 2004) and Saccharomyces cerevisiae (Herrgard 

et al. 2006), so that their applicability is greatly limited to those model microbes. 

Second, they assume complete on/off behavior of target genes/reactions according 

to Boolean logic representation of gene regulation in the integrated models, 

regardless of differential control strengths of TR-target interactions that exist in 

nature.

To overcome such limitations, in this study, we present an entirely new approach 

for predicting TR manipulation targets without requiring a well-defined integrated 

model of metabolism and regulation. The Beneficial Regulator Targeting (BeReTa) 

algorithm introduced herein differentiates the variable regulatory strengths of TR-

target interactions, and thus is able to rank the effects of TR manipulations on target 

chemical production. The algorithm was developed to answer the following 

questions in metabolic engineering: (i) Which TR manipulation is the most effective 

when several TRs are involved in regulations of product biosynthesis? (ii) Is it 

helpful or not to manipulate a global/pleiotropic TR that has numerous target genes? 
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Its wide applicability was successfully demonstrated via two case studies for E. coli

and Streptomyces coelicolor.
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4.3 Methods

4.3.1 BeReTa algorithm

The BeReTa algorithm calculates beneficial scores of TRs and their significance for 

the production of target chemicals as illustrated in Figure 4.1. Beneficial scores are 

calculated from the regulatory strength matrix and the flux slope vector defined 

below, using the models for the transcriptional regulatory network (TRN) and the 

genome-scale metabolic network (GSMN) (Fig. 4.1A).

4.3.1.1 Regulatory strength matrix

The regulatory strength matrix (RS) is a m"�"n matrix of regulatory strength 

coefficients for a set of m TRs in the TRN and a set of n reactions in the GSMN. To 

construct the regulatory strength matrix, structures of both TRN and GSMN are 

required, together with gene expression compendium data. Firstly, the regulatory 

strength of each TR-gene interaction (RSij denotes the interaction between TR i and 

gene j) in the TRN is defined as follows:

9K%L =  M%L 	 NO%LN (1)

where rij is Pearson’s correlation coefficient for the gene expression profiles of TR i

and gene j, and �ij �������������������
���������������
�
�� `������`�������
�&�
��������

repressing interactions, respectively. Then, the TR-gene regulatory strength (RSij) is 

mapped to generate the TR-reaction regulatory strength (RSik for TR i and reaction 

k) by using the gene–protein-reaction (GPR) association rules in the GSMN. An 

example of the GPR mapping process involving an enzyme complex is illustrated in 

Figure 4.1B. For instance, if TR i controls multiple genes (j and j’) that constitute an
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Figure 4.1 Schematic representation of BeReTa algorithm

(A) BeReTa uses models of TRN and GSMN together with expression compendium 

data to calculate beneficial scores of TRs for the production of target compounds. 

Beneficial scores can be calculated from multiplication of the regulatory strength 

matrix and the flux slope vector. (B) The regulatory strength matrix is calculated by 

the mapping of regulatory strength coefficients through the structures of TRN and 

GSMN (TR, transcriptional regulator; G, gene; E, enzyme; R, reaction). (C) The flux 

slope vector is calculated by using flux balance analysis with constraints for different 

levels of target chemical production. Linear regression is used to estimate flux slopes.

(D) A permutation test was introduced to calculate the significance of the beneficial 

scores.
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enzyme complex which catalyzes reaction k, the TR-gene regulatory strengths (RSij

and RSij’) are averaged to yield the regulatory strength coefficient for TR-reaction 

(RSik). Similarly, for a TR controlling multiple isozymes for a reaction, TR-gene 

regulatory strengths for isozymes are also averaged to yield a TR-reaction regulatory 

strength. It should be noted that considering average operator rather than minimum 

(for enzyme complexes) and maximum (for isozymes) operators, which are often 

used for mapping transcriptomic or proteomic data, is more appropriate for mapping 

regulatory strengths. First of all, a gene with minimal or maximal regulatory 

strengths cannot be regarded as decisive gene for reaction activity. In addition, all 

the regulatory effects of a TR on metabolic gene expression can be considered 

simultaneously by using average operator, still reserving any non-minimal and non-

maximal values.

Note that the regulatory strength defined herein is an overall regulatory strength 

of a TR on a gene/reaction across various nutritional and environmental conditions 

where gene expression profiling experiments were conducted. The gene expression 

datasets for diverse conditions could provide more relevant estimates of regulatory 

strengths than using the data only from specific conditions. For example, consider 

an anaerobic TR and its target genes which are all active under anaerobic conditions. 

When only examining gene expression data for anaerobic conditions, correlations 

between the TR and target genes are not evident since they are always active and not 

differentially expressed for the given datasets. However, the datasets from both 

anaerobic and aerobic conditions make the correlations evident as the expression 

patterns of the TR and target genes change together. Therefore, various data in gene 

expression compendium should be used to build the regulatory strength matrix which 
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in result does not represent condition-specific regulatory strengths of the TRs. It 

should also be noted that the interactions and hierarchies of TRs have been neglected 

for simplification. However, the effects of TR–TR interactions and hierarchies might 

be partially reflected in the regulatory strength matrix through the use of gene 

expression compendium.

4.3.1.2 Flux slope vector

The flux slope vector (qslope) is a vector of n flux slopes, which quantitatively 

describes the beneficial effects of the n reactions in the GSMN for target chemical 

production. The concept of the flux slope and its calculation procedure are adopted 

from F(V)SEOF which is an algorithm for searching metabolic gene overexpression 

targets (Choi et al. 2010; Park et al. 2012b). Firstly, the following flux balance 

analysis (Orth et al. 2010) problems, formulated as linear programming (LP) 

problems, are solved serially for different values of integer l (l"�"�	�`	��	�¡	�L):

max� P
subject to

Q 	 � = � (2)

� � � � � (3)

2ABC�DE� = R1 � S
?T 	 2ABC�DE�U%V + RS

?T 	 2ABC�DE�UIW (4)

where N is the stoichiometric matrix derived from the GSMN, v is a flux vector, a is 

a vector of lower flux bounds, and b is a vector of upper flux bounds. In the standard 

flux balance analysis, an objective function is maximized or minimized under the 

mass balance constraints given by Equation (2), together with thermodynamic and 
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mechanistic constraints in Equation (3). For calculating the flux slope, the rate of 

biomass formation (�) is maximized as an objective function with the additional 

constraint in Equation (4) which enforces a fixed flux through the product reaction 

(vproduct). The flux through the product reaction is increased from its minimal (l = 0) 

to maximal (l = L) values, so that L + 1 LP problems should be solved iteratively. 

For each LP problem, flux vectors, which satisfy the optimality, are further selected 

for parsimonious enzyme usage (Lewis et al. 2010a). Then, flux slopes are obtained 

by linear regression between absolute reaction fluxes and product fluxes from the L

+ 1 flux vectors with varying degrees of product fluxes (Fig. 4.1C). Finally, the flux 

slope vector is constructed by replacing the negative values of the flux slopes with 

zeros to only take into account of beneficial effects of reactions on target chemical 

production, and disregard negative effects of reactions on cell growth. This 

procedure is required to avoid the prediction of biased targets toward growth-

associated TRs since most of the growth-associated reactions have large negative 

flux slopes regardless of types of target products. Therefore, the negative values of 

the flux slopes should be substituted to predict relevant TR targets specific to the 

target product.

By the definition of flux slope, increasing fluxes through the reactions with high 

flux slopes is necessary, although often not sufficient, for increasing product flux. 

Note that the reactions with large flux slopes can be more beneficial for increasing 

product flux, as they are more sensitive to the enforced product flux than the

reactions with smaller flux slopes (Park et al. 2012b). In addition, it is important to 

note that the flux slope vector is condition-specific since some of the nutritional and 

environmental conditions such as substrate uptake rates and oxygen availability are 
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included in the lower and upper flux bounds, a and b, in Equation (3). Minimal and 

maximal product fluxes were calculated by flux balance analysis with objective 

functions that minimize and maximize product formation, and L = 20 was the value 

used for the study. Gurobi (Gurobi Optimization, http://www.gurobi.com) was used 

as the optimization solver for LP problems.

4.3.1.3 Beneficial score

Beneficial score (S) is defined as follows:

K% = # 9K%X 	 �Z[���,XX = \9K 	 �Z[���]% (5)

The beneficial score for TR i (Si) is the sum of the products of regulatory strengths 

(RSik) and flux slopes (qslope,k) of its target reactions. Simply, multiplication of the 

regulatory strength matrix (RS) and the flux slope vector (qslope) yields beneficial 

scores for all TRs in the TRN for target chemical production (Fig. 4.1A). Clearly, a 

TR with high regulatory strengths for its target reactions with high flux slopes will 

get high beneficial scores in Equation (5).

A transcriptional activator (repressor) which regulates at least one beneficial 

reaction, i.e. the reaction with positive flux slope, should have positive (negative) 

beneficial score, since the sign of beneficial score is only dependent on the signs of 

regulatory strengths which are all positive (negative) for transcriptional activator 

(repressor). For a dual regulator which has both activating and repressing 

interactions, beneficial score will be positive (negative) if its activating (repressing) 

effects are stronger than repressing (activating) effects. Therefore, a TR with positive 

(negative) beneficial score can be considered as an overexpression (knockout or 

downregulation) target.
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Note that manipulating TRs with large absolute beneficial scores would be more 

effective for increasing product flux than manipulating TRs with smaller scores for 

the same target product. However, comparison of beneficial scores of TRs for 

different target products is often meaningless since theoretical maximum beneficial 

scores for each chemical, a case where regulatory strengths are equal to one for all 

reactions meaning that a TR manipulation is maximally effective for increasing 

product flux, are largely different. It is also noteworthy to mention that the beneficial 

score defined herein does not have any further biologically meaningful interpretation 

as we employed correlation coefficients to define the regulatory strengths.

4.3.1.4 Permutation test

The beneficial score defined in Equation (5) is not normalized by the number of 

targets of the TR, and thus TRs with many targets, i.e. global regulators, usually 

receive higher scores than the TRs with a small number of targets. Consider two TRs, 

that one is a global TR controlling 100 target reactions among which only two 

reactions are beneficial while the other is a local TR controlling only one reaction 

which is beneficial. If the values of regulatory strengths and flux slopes are identical 

for both cases, the beneficial score of the global TR will be twice as large as that of 

the local TR. However, it is evident that the local TR is more likely to be related to 

target chemical production than the global TR. Furthermore, perturbations in the 98 

non-beneficial reactions by manipulating the global TR might induce great 

detrimental effects on cell growth and target chemical production.

To deal with this problem, a permutation test was introduced to calculate the 

significance of the beneficial scores (Fig. 4.1D). The flux slope vector (qslope) was 
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permuted 10,000 times to yield 10,000 permuted flux slope vectors (�Z[������3^��_
), and 

the corresponding 10,000 permuted beneficial scores (Spermuted) were obtained. The 

P-value was defined as the number of permuted beneficial scores greater (smaller) 

than the non-permuted beneficial score divided by the number of permutations for 

TRs with positive (negative) beneficial scores. Note that only gene-associated 

reactions were considered for permutation, i.e. exchange reactions and orphan 

reactions were excluded from the permutation.

4.3.1.5 Target criteria

We set up the following criteria for the selection of TR manipulation targets for target 

chemical production.

i. The TR should have a non-zero beneficial score.

ii. The P-value of the beneficial score should be <0.05.

iii. The TR should have two or more effective (beneficial) gene/reaction 

targets.

iv. At least 10% of the target metabolic genes of the TR should be 

beneficial, i.e. have positive flux slopes.

The third criterion was introduced to select meaningful TR manipulations which 

can simultaneously change the expression of multiple genes and reactions, and thus 

could perform better than single enzyme manipulations. The fourth criterion was 

applied to rule out TRs which regulates mostly non-beneficial reactions to prevent 

unexpected detrimental effects on cell growth and target chemical production. 

Finally, TRs with positive (negative) beneficial scores were designated as 
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overexpression (knockout/downregulation) targets if the TRs had passed all the 

criteria.

4.3.2 Network models and datasets

Using the BeReTa algorithm, we predicted TR manipulation targets for the 

production of various chemicals in E. coli, and antibiotics in S. coelicolor. The 

network models and datasets used for the predictions are summarized in Table 4.1.

4.3.2.1 Genome-scale metabolic network

The most recent version of the E. coli GSMN, iJO1366 (Orth et al. 2011), was used 

for making BeReTa predictions. To simulate the production of non-native chemicals 

in E. coli, experimentally validated heterologous pathway reactions were obtained 

from literature, and implemented into iJO1366 (Supplementary Table C1). For 

simulating antibiotics production in S. coelicolor, a recently published high-quality 

GSMN for S. coelicolor, iMK1208 (Kim et al. 2014b), was employed. The glucose 

��
������
����������
�������
��̀ �"����*~��1 h�1 to simulate chemical production 

from glucose. Additional details on the model simulations are available in 

Supplementary Table C1.

4.3.2.2 Transcriptional regulatory network

The E. coli TRN was obtained from RegulonDB (Gama-Castro et al. 2016), version 

9.0 in October 2015 (http://regulondb.ccg.unam.mx). A total of 3672 interactions 

with both strong and weak confidence levels involving 180 single TRs were used for 

the predictions. RegulonDB also provides information on the regulatory modes of
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Table 4.1 A summary of network models and expression datasets used for this 

study

E. coli S. coelicolor

GSMN iJO1366 iMK1208

Included genes (ORF coverage) 1366 (32%) 1208 (15%)

Reactions 2251 1643

Metabolic/transport 1473/778 1443/200

Gene associated/no gene

associated/spontaneous

2088/128/35 1376/238/29

Exchange reactions 332 216

Metabolites 1136 1246

TRN RegulonDB Correlation

network

Included TRs 180 389

Regulatory interactions 3672 10000

Expression compendium COLOMBOS COLOMBOS

Genes 4294 7767

Conditions 2470 371
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the interactions, such as activator, repressor, dual or unknown. For dual and unknown 

modes of interactions, regulatory modes were reassigned as activator or repressor 

according to the sign of Pearson’s correlation coefficients between the gene 

expression profiles of the TR and the target gene.

Although RegulonDB is a curated primary reference database for the regulatory 

network of the best-studied organism, such a database does not exist for S. coelicolor.

Therefore, we generated a relevance network for S. coelicolor using the expression 

compendium. The inferred TRN consists of 10,000 edges that are ranked based on 

the absolute values of Pearson’s correlation coefficients, which is a method shown 

to perform fairly well (Marbach et al. 2012). 389 TRs in total are included in the 

inferred S. coelicolor TRN.

4.3.2.3 Expression dataset

The gene expression compendia for E. coli and S. coelicolor were obtained from the 

COLOMBOS database (Meysman et al. 2014), version 2.0 in October 2015 

(http://www.colombos.net). The COLOMBOS database provides re-normalized 

cross-platform gene expression compendia which are derived from public resources 

including Gene Expression Omnibus and ArrayExpress. The sizes of the expression 

compendia are summarized in Table 4.1.
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4.4 Results

4.4.1 Production of chemicals in E. coli

E. coli is one of the most frequently employed organisms for the industrial 

production of various chemicals owing to its well-characterized metabolism and 

regulation, and ease of genetic modification and maintenance. Accordingly, E. coli

is the best option for demonstrating and validating the predictive power of the 

BeReTa algorithm, as there exist high-quality models of metabolism and regulation 

which enable the reliable prediction of TR targets, and substantial literature 

describing the metabolic engineering strategies for the validation. Using the network 

models and datasets for E. coli listed in Table 4.1, TR manipulation targets for 22 

native and 16 non-native compounds were identified by BeReTa. Four top-scoring 

TR manipulation targets for each chemical ranked by the absolute values of 

beneficial scores are shown in Figure 4.2. Detailed results including the values of 

beneficial scores and P-values are available in Supplementary Table C2.

Validating the predictions of the BeReTa algorithm, metabolic engineering 

strategies, which include the predicted TR manipulations, could be found for 12 of 

38 simulated chemicals covering both native (7 of 22) and non-native (5 of 16) 

compounds. Although the majority of validated TR targets are involved in the 

biosynthesis of amino acids and their simple derivatives, previous studies supporting 

the predictions for other classes of chemicals are also available. For example, fadR

overexpression was correctly predicted as the top-scoring strategy for fatty acid 

overproduction (Zhang et al. 2012). Furthermore, fnr deletion and arcA deletion were 

also properly suggested for the overproduction of two non-native compounds from
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Figure 4.2 BeReTa predictions for the production of various chemicals in E. coli

Four top-scoring TR manipulation targets for each chemical ranked by absolute 

values of beneficial scores are shown. TRs in green boxes are overexpression targets, 

whereas TRs in red boxes are knockout or downregulation targets. Manipulations 

validated with literature data are indicated with check marks.
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acetyl-CoA, 1-butanol and 1,4-butanediol, respectively (Atsumi et al. 2008; Yim et 

al. 2011). These examples also clearly demonstrated that BeReTa algorithm can 

appropriately evaluate the effects of manipulating global/pleiotropic TRs.

The most promising example that shows the predictive power and utility of 

BeReTa is the case study of L-arginine production. As shown in Figure 4.2, BeReTa 

identified ArgR, TdcA, ArgP, and Rob as TR manipulation targets for increasing 

arginine production. The compositions of beneficial scores for the regulators, i.e. 

associated flux slopes and regulatory strengths, along with arginine pathway 

structure are given in Supplementary Figure C1. ArgR and ArgP are directly related 

to the arginine biosynthesis as ArgR controls entire arginine biosynthetic pathway 

while ArgP controls arginine secretion and glutamate formation. Meanwhile, TdcA 

and Rob are involved in precursor supply as TdcA controls generation of acetyl-CoA, 

and Rob controls TCA cycle for providing glutamate and pentose phosphate pathway 

for NADPH supply. Interestingly, among these manipulations, argR deletion and 

argP upregulation can be found in an arginine-producing E. coli strain which was 

recently developed by Ginesy and coworkers (Ginesy et al. 2015). As wild-type E. 

coli strains do not excrete any arginine, they first constructed a base strain for 

arginine production by deleting argR and three other genes (adiA, speC and speF)

which are responsible for degrading arginine and ornithine. To further increase 

arginine production, they overexpressed feedback-resistant, thus constitutively 

active, argP and argA (N-acetylglutamate synthase) alleles, thereby engineering the 

final arginine-overproducing strain with high productivity. The comparison of these 

experimental results and our predictions shows that the BeReTa algorithm could not 

only identify multiple valid TR manipulation targets, but also assign higher scores 

106



(ranks) to more significant TR manipulations. Moreover, BeReTa provides an easier 

way to discover novel metabolic engineering strategies such as argP overexpression, 

which was originally identified through expensive and labor-intensive classical 

random mutagenesis study.

Finally, it is noteworthy to mention that the predicted TR manipulations for the 

products synthesized from the same precursors are similar. For example, TyrR 

deletion was consistently predicted for the production of shikimate-derived 

chemicals except tryptophan. Accordingly, actual metabolic designs including TyrR 

deletion or inactivation can be found for four of the chemicals, tyrosine, phenol, 

styrene, and p-hydroxystyrene (Supplementary Table C1). Likewise, ArgP 

upregulation for oxaloacetate-based chemicals and PurR deletion/inactivation for 

ribulose 5-phosphate-based chemicals were predicted. Interestingly, no TR 

manipulation targets were identified for dihydroxyacetone phosphate-derived 

chemicals, except Cra downregulation for 1,2-propanediol production.

4.4.2 Production of antibiotics in S. coelicolor

Streptomyces are biotechnologically important bacteria, as they produce various 

secondary metabolites including many of the currently used antibiotic drugs (Bentley 

et al. 2002). To examine whether BeReTa can be applied for the identification of TR 

manipulation targets in such less-studied organisms, we applied BeReTa for the 

production of antibiotics in S. coelicolor, a model species of Streptomyces. Here, it 

should be noted that the correlation network derived from the expression 

compendium data was used for making the predictions, since a high-quality TRN 

model does not exist for this organism (Table 4.1). The predicted TR targets for three 
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antibiotics produced by S. coelicolor, actinorhodin (ACT), undecylprodiginine 

(RED), and calcium-dependent antibiotic (CDA), are shown in Figure 4.3. Details 

of the predictions, including beneficial scores, P-values and lists of target reactions 

are available in Supplementary Table C3.

BeReTa identified both known and novel TR manipulation targets for increasing 

the production of antibiotics in S. coelicolor. First, cluster-situated regulators (CSRs) 

were correctly suggested as top-scoring overexpression targets. Overexpression of 

ActII-ORF (SCO5085) for ACT production and RedD (SCO5877), RedZ (SCO5881) 

for RED production were predicted. However, CdaR, a CSR for the CDA 

biosynthetic gene cluster, was not identified as a TR manipulation target for CDA 

production. Interestingly, RedD was also predicted as an overexpression target for 

increasing ACT production, which might indicate cross-regulation of CSRs across 

different secondary metabolite biosynthetic gene clusters (Huang et al. 2005).

AbsR1 (SCO6992) is a novel overexpression target predicted by BeReTa for 

increasing both ACT and RED productions. AbsR1 is a fascinating target since it can 

control both primary and secondary metabolisms (Supplementary Table C3). 

Furthermore, there is also a report describing the effects of AbsR1 deficiency on the 

reduced production of ACT and RED (Park et al. 2000). Therefore, it will be 

interesting to experimentally investigate the effects of AbsR1 overexpression as well.

4.4.3 Comparison of BeReTa with OptORF

We compared BeReTa with OptORF (Kim and Reed 2010), an existing method 

which can predict TR manipulation targets using integrated metabolic/regulatory 

models. A key difference between BeReTa and OptORF is that OptORF relies on
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Figure 4.3 BeReTa predictions for the production of antibiotics in S. coelicolor

S. coelicolor produces actinorhodin (polyketide, ACT), undecylprodiginine 

(prodiginine, RED), and calcium-dependent antibiotic (nonribosomal peptide, CDA). 

Predicted TR targets were sorted by absolute values of beneficial scores. TRs in 

green boxes are overexpression targets, whereas TRs in red boxes are knockout or 

downregulation targets.
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actual flux prediction for TR mutants by using the integrated models to find target 

genes, whereas BeReTa focuses on using statistical correlations and flux slopes as 

proxy for effects of TR manipulations instead of predicting flux distribution in TR 

mutants. As a result, BeReTa has several advantages over OptORF (Table 4.2). First, 

BeReTa has wider applicability than OptORF as it can use unintegrated models of 

metabolism and regulation while OptORF requires the integrated one. 

Reconstruction of integrated metabolic/regulatory model demands extensive manual 

work and additional information for generating a well-defined set of Boolean logical 

rules for genes in TRN (Vivek-Ananth and Samal 2016). Defining the Boolean 

logical rules is extremely difficult and time-consuming process which requires 

biochemical and genetic knowledge such as TR hierarchies, effector molecules for 

TRs, and phenotype of TR mutants. Thus, integrated models are only available for 

very few best-studied model organisms. Obviously, thus, OptORF is not applicable 

for S. coelicolor at this moment. Second, BeReTa has unique ability to predict TR 

targets for upregulation. Meanwhile, OptORF is not able to predict TR 

overexpression targets since it uses Boolean approximation which assumes only two 

states of the genes, presence and absence. Lastly, BeReTa needs far less 

computational power than OptORF as BeReTa only solves LP problems while 

OptORF solves mixed-integer linear programming (MILP) problems.

However, BeReTa also has some drawbacks compared with OptORF. First, 

BeReTa requires multiple gene expression data as an additional input. Therefore, the 

applicability of BeReTa relies on sufficient amount and good quality of data for 

inferring regulatory strengths. In addition, BeReTa is not able to provide product flux 

or yield expected for the mutant, as opposed to OptORF. Finally, BeReTa cannot
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Table 4.2 A comparison of BeReTa with OptORF

OptORF (Kim and Reed 2010) BeReTa (This study)

Requirements Integrated metabolic and regulatory model Unintegrated metabolic and regulatory model

Multiple gene expression data

Type of prediction Knockout of TRs together with knockout and

upregulation of metabolic genes

Knockout/downregulation and upregulation of TRs

Type of optimization

problem

MILP LP

Example of prediction Strategy Yield Strategy Beneficial score

Anaerobic ethanol

production in E. coli

����� ��	
 83.5 % ���	
 -0.668

��������
 ��������������
� 86.2 % ���fur 0.355

���� �������������	
��¢�edd 86.2 % ���� -0.186

���� �������������	
��������¢�edd �¢�fbp 90.4 % ����
 -0.114

����� ��������������
���������¢�edd 91.6 % ����
 -0.111

Anaerobic isobutanol

production in E. coli

����������
 ��	
 93.8 % ����
 -0.054

�������������	�����¢�edd �¢�fbp 95.5 % ����
 -0.052

The advantageous features and predicted TR targets are highlighted in bold. The gene targets for upregulation are denoted 

��
���¢���{����
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predict combined effects of manipulating multiple TRs and metabolic genes, while 

OptORF can as shown in the examples of the predictions in Table 4.2. Nevertheless, 

BeReTa provides more options for TR manipulations including TR targets for 

upregulation, whereas OptORF predicts TR targets among the set of frequently 

found TR deletion strategies (Kim and Reed 2010).

The other method (Vilaca et al. 2011), which is also able to predict TR 

manipulation targets using integrated models, is similar to OptORF while it uses 

meta-heuristics to perform the task, and has similar features to OptORF.
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4.5 Discussion

To shift the microbial metabolism towards productions of a desired chemicals, a 

system-wide engineering of regulatory and metabolic networks is required. 

Advances in modern systems biology tools, e.g. high-throughput sequencing 

techniques and automated genome annotation tools, have enabled the comprehensive 

reconstruction of biological networks for diverse microbes. Computational strain 

design algorithms were then developed to make use of such reconstructed networks 

for the system-wide identification of engineering targets. However, until now, only 

metabolic networks are commonly used by the algorithms except for a few cases 

(King et al. 2015). In this study, we devised the BeReTa algorithm to fully exploit 

both metabolic and regulatory networks for identifying important TR manipulation 

targets. Through the E. coli and S. coelicolor case studies, we demonstrated that 

BeReTa can identify both known and novel TR manipulation targets for the 

production of various chemicals. It can not only predict and rank plausible TR 

manipulation targets but also properly evaluate the effect of global/pleiotropic TR 

manipulations on the production of desired chemical. To the best of our knowledge, 

BeReTa is the first strain design algorithm exclusively designed for predicting TR 

manipulation targets. As we have identified various TR manipulation targets for a 

variety of chemicals, it will be interesting to experimentally investigate the effects 

of such manipulations.

Integrated metabolic/regulatory models together with appropriate simulation 

methods can be used for predicting beneficial genetic modifications at the regulatory 

level for metabolic engineering (Imam et al. 2015). However, integrated 
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metabolic/regulatory models are only available for very few organisms owing to the 

extensive manual work and information required to define Boolean regulatory logic 

for each regulatory interaction. Although probabilistic regulation of metabolism 

(PROM) (Chandrasekaran and Price 2010) had been developed for the automatic 

generation of integrated metabolic/regulatory models, PROM models are still not 

appropriate for simulating TR overexpression and cannot handle activating and 

repressing interactions simultaneously. Considering these limitations, BeReTa was 

designed to avoid the use of integrated metabolic/regulatory models. As a result, 

BeReTa can be widely applicable for not only the best-studied but also less-studied 

organisms as long as enough transcriptomic data do exist, and it accounts for both 

activating and repressing interactions for predicting overexpression and 

knockout/downregulation targets.

Despite the success of our new algorithm, performance of BeReTa can be further 

improved in some aspects. Firstly, regulatory strength can be defined in different 

ways rather than using Pearson’s correlation coefficients. For example, the 

connectivity strength calculated from network component analysis (Liao et al. 2003)

can be an alternative option to test. Secondly, the coupling of BeReTa and the state-

of-the-art methods for inferring TRNs (Marbach et al. 2012) would provide 

somewhat different, but improved predictions. For the best-studied organisms, use 

of the inferred TRN might provide different hypotheses that are based on novel 

inferred interactions which are not documented in primary reference databases of 

regulatory networks. On the other hand, for the less-studied organisms, using TRNs 

inferred by better inference methods would result in better predictions than the 

simple and well-performing correlation-based method used in this study. Finally, the 
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current version of BeReTa is not able to predict combinatorial effects of 

simultaneous manipulations of TR and metabolic genes, or multiple TR targets. 

Future work may enable the prediction of a set of TR and metabolic gene targets 

with a maximal combinatorial effect on target chemical production.
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Chapter 5.

Predicting metabolic engineering strategies for improved 

lipid production in Yarrowia lipolytica
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5.1 Abstract

Yarrowia lipolytica, an oleaginous yeast, is a promising platform strain for the 

production of fuels and oleochemicals as it can accumulate high level of lipids in 

response to nutrient limitation. Accordingly, many metabolic engineering efforts 

have been made to develop engineered strains of Y. lipolytica with higher lipid yields. 

Genome-scale model of metabolism (GEM) is a powerful tool for guiding metabolic 

engineering by generating non-intuitive genetic designs. Several GEMs for Y. 

lipolytica have recently been published, however, the GEMs have not been applied 

for metabolic engineering of Y. lipolytica yet. The major obstacle impeding the 

application of GEMs for Y. lipolytica is the lack of proper phenotype prediction 

method for the cells in nutrient-limited conditions. In this study, we have shown that 

the environmental version of minimization of metabolic adjustment (eMOMA) 

method can be used for predicting flux distributions of Y. lipolytica in nitrogen-

limited conditions, and determining metabolic engineering targets for improving 

lipid production in Y. lipolytica. Several known overexpression targets such as 

diglyceride acyltransferase, acetyl-CoA carboxylase, stearoyl-CoA desaturase, and 

ATP:citrate lyase have been successfully identified, thus validating the eMOMA 

method. Interestingly, the eMOMA method has suggested novel non-intuitive targets 

of which further analysis results in the suggestion of two novel strategies for 

improving the lipid production in oleaginous yeasts: (i) increase the basal fluxes for 

TCA cycle by manipulating pathways which pull out TCA cycle intermediates and 

(ii) block the futile cycles involving amino acid metabolism to save the cellular 

energy. Finally, it has been shown that the eMOMA method can also be used for 
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predicting combinatorial effects of multiple mutations. Consequently, it has been 

demonstrated that eMOMA is a powerful method for understanding and engineering 

the metabolism of oleaginous yeasts.
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5.2 Introduction

In recent years, environmental crisis caused by massive use of fossil fuels raises 

urgent needs for developing renewable ways to produce fuels and chemicals. One of 

the promising solutions is a use of heterotrophic oleaginous microorganisms to 

produce lipid feedstocks for biofuels and oleochemicals (Jin et al. 2015; Kosa and 

Ragauskas 2011). Production of lipids using heterotrophic oleaginous 

microorganisms has several advantages over competing strategies such as robustness 

of process, easiness of scaling-up, and most importantly high economic feasibility 

(Li et al. 2008). However, although oleaginous microorganisms have native ability 

to produce and accumulate high amounts of lipids, lipid production yields, titers, and 

productivities of wild-type strains cannot meet the industrial requirements. Therefore, 

improving the properties of oleaginous microorganisms becomes an interesting 

research topic, and actually there are increasing number of studies which report 

metabolic engineering of oleaginous microorganisms (Levering et al. 2015; Liang 

and Jiang 2013). Among the various oleaginous microorganisms, Yarrowia lipolytica

has drawn significant attention as a model oleaginous yeast (Beopoulos et al. 2009),

and several recent proof-of-concept studies have demonstrated that engineered Y. 

lipolitica strains can be a production platform for variety of fuels and oleochemicals 

(Xu et al. 2016).

Oleaginous yeasts including Y. lipolytica start to accumulate lipids in response to 

nutrient depletion. Typically, nitrogen-limited conditions are employed to produce 

lipids in oleaginous yeasts, and the general mechanism of how nitrogen limitation 

can lead to lipid production had been suggested a long while ago (Ratledge 2002).
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When nitrogen is no longer available in the medium, the cells cannot produce 

biomass anymore as synthesis of amino acids and nucleotides is blocked, but start to 

convert remaining carbon sources into storage lipids mainly as triacylglyceride 

(TAG). The first molecular event known to trigger this phenomenon is a decrease of 

adenosine monophosphate (AMP) level in the cells by the action of AMP deaminase 

(Evans and Ratledge 1985). Then, activity of mitochondrial isocitrate dehydrogenase, 

for which AMP is an allosteric regulator, is decreased, which in turn causes 

accumulation of citrate in the mitochondria (Botham and Ratledge 1979). The citrate 

accumulated in the mitochondria is then transported to the cytosol by citrate/malate 

antiporters, and subsequently converted into cytosolic acetyl-CoA by ATP:citrate 

lyase (Botham and Ratledge 1979; Evans and Ratledge 1985). Finally, the acetyl-

CoA is used for the biosynthesis of fatty acyl-CoAs, and the fatty acyl-CoAs are 

converted into TAG through the Kennedy pathway enzymes (Kennedy 1962).

However, it has recently been shown that the metabolic transition for lipid 

production is not confined to the above-mentioned pathway but rather involves 

global changes across whole transcriptome, proteome, metabolome, and lipidome 

(Pomraning et al. 2016; Pomraning et al. 2015; Zhu et al. 2012). Therefore, further 

understanding of the lipid production mechanism is required for sophisticated design 

and control of the process.

Systems biology provides essential tools for modern biotechnology to effectively 

design, build, test, and learn the engineered microbial strains (Lee and Kim 2015; 

Nielsen and Keasling 2016). Especially, genome-scale models of metabolism (GEMs) 

provide advanced understanding of microbial metabolism, and can be used for 

guiding metabolic engineering (Bordbar et al. 2014). Various computational strain 
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optimization algorithms (CSOMs) have been developed to find novel non-intuitive 

genetic designs for metabolic engineering, and successfully applied to solve several 

real-world problems (Maia et al. 2016). Recently, in anticipation of successful and 

extensive applications, several GEMs for oleaginous microorganisms, especially for 

Y. lipolytica, have been developed (for a recent review, see (Park et al. 2017)). 

However, currently there has been no report on the use of GEMs for metabolic 

engineering of oleaginous microorganisms. The first obstacle for this is the lack of 

CSOMs applicable to oleaginous microorganisms as most of the current CSOMs 

search for a genetic design for growth-associated production of target chemical, but 

the lipid production in the oleaginous microorganisms is a non-growth-associated 

process. Another obstacle impeding the application is the lack of proper method for 

predicting flux distributions, including lipid production rates, in nitrogen-limited 

conditions. Flux balance analysis (FBA) is the most popular method for predicting 

metabolic fluxes using GEMs by optimizing an evolutionary objective function 

(Orth et al. 2010). However, FBA is hard to be used for predicting flux distributions 

in non-growing nitrogen-limited conditions since the objective of the cell is unclear 

under such conditions.

Very recently, Tajparast and Frigon have shown that a novel objective function, 

“the maximization of the storage fluxes and the minimization of metabolic

adjustments (MOMA) with the preceding non-limited conditions”, can be used for 

predicting compositions of storage mixtures produced by Rhodococcus jostii RHA1, 

an oleaginous bacterium, in nitrogen-limited conditions (Tajparast and Frigon 2015).

MOMA is an objective function developed to find a flux distribution for a perturbed 

condition by minimizing a Euclidean distance from the reference flux distribution 
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(Segre et al. 2002). The biological hypothesis underlying MOMA is that a cell will 

try to adapt to a new condition while minimally reallocate the metabolic resources 

with respect to those in the original condition. The idea was firstly devised and 

validated for predicting phenotypes of genetic knockouts (Segre et al. 2002),

however, the idea can be extended to predict the changes in flux distributions in 

response to environmental perturbations as demonstrated by Tajparast and Frigon 

(Tajparast and Frigon 2015). Based on such reports, we hypothesized that the 

environmental version of MOMA (eMOMA) can be a proper objective function for 

predicting flux distributions of oleaginous yeasts in nitrogen-limited conditions.

In this work, it has been shown that eMOMA can be used for predicting the 

phenotypes of Y. lipolytica under nitrogen-limited conditions. Furthermore, we have 

demonstrated that eMOMA can be used for predicting both known and novel 

metabolic engineering strategies for improving the lipid production in Y. lipolytica.
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5.3 Methods

5.3.1 FBA

Prior to apply eMOMA for identifying flux distribution of the cells under nutrient-

limited conditions, FBA is first utilized to predict flux distribution of the cells under 

non-limited growth conditions which will be serve as a reference state for eMOMA. 

FBA requires an evolutionary objective function, such as maximization of biomass 

production or maximization of ATP production, to simulate flux distribution in the 

cells (Orth et al. 2010). Mathematically, FBA is formulated as follows:

���� =  max� � 	 � (1)

subject to

� 	 � = �
� � � � �

S is the stoichiometric matrix which rows represent metabolites and columns 

represent reactions, v is the flux vector, a is the vector of lower flux bounds, b is the 

vector of upper flux bounds, and c is the vector of objective coefficients representing 

the objective function, herein maximization of biomass production. By solving this 

linear programming (LP) problem, a unique optimal value (fopt) for the given 

objective function, herein maximum specific growth rate (�max), can be obtained 

while there exist a number of flux vectors which satisfy the optimality (i.e. multiple 

optima).

To further select a flux vector for the eMOMA application, FBA with 

parsimonious enzyme usage (Lewis et al. 2010a) has been adopted. The 

parsimonious FBA (pFBA) method chooses a flux vector with a minimum sum of 
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absolute fluxes, thereby minimizing the total enzyme usage, by solving a second LP 

problem:

min� |�| (2)

subject to

� 	 � = �
� � � � �
� 	 � = ����

Here, fopt is the optimal value of the objective from the previous LP problem 

(Equation (1)).

5.3.2 eMOMA

Once the flux distribution for non-limited growth conditions is obtained by pFBA, 

eMOMA can be used for predicting the flux distribution under changed 

environments, herein nutrient-limited conditions. The underlying assumption of 

eMOMA is that the cells subjected to an environmental challenge, which forces the 

cells cannot sustain the established metabolism (reference state) any longer, try to 

reallocate the metabolic resources as minimally as possible with respect to the 

reference state. To account for such behavior, eMOMA for nutrient-limited 

conditions is formulated as follows:

min� �� � ����� (3)

subject to

� 	 � = �
� � � � �
2`b,^��6c� = 0
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Here, vref is the flux vector for reference state (flux distribution for non-limited 

growth conditions) obtained by solving the previous pFBA problem (Equation (2)), 

and vLN,uptake is the flux through the uptake reaction of a growth limiting nutrient. 

Abolition of the essential nutrient uptake leads to the cells’ inability to produce 

biomass, therefore the cells should redistribute their metabolic fluxes, and Equation 

(3) searches for the minimal changes of metabolic fluxes.

5.3.3 Designing mutant strains using eMOMA

To design mutant strains for improved lipid (TAG) production, aforementioned 

optimization problems for FBA (Equation (1)), pFBA (Equation (2)), and eMOMA 

(Equation (3)) are solved again with the following additional constraints describing 

the attributes of the mutants:

2�6�e�� = f2 	 2�6�e����� , (Overexpression)
0, (knockout) (4)

Flux distributions for the mutant strains under nitrogen-limited conditions are 

calculated for each mutant by sequentially solving Equation (1), (2), and (3) with the 

new constraints in Equation (4). Then, fluxes through the TAG exchange reaction 

for wild-type and mutants are compared to find mutants with higher lipid production 

rates than wild-type. Note that, for simulating overexpression mutants, the constraint 

in Equation (4) has been applied to only Equation (1) and (2) but not Equation (3) to 

allow an adjustment of the flux through the overexpressed reaction in the nitrogen-

limited lipid production phase which could be accomplished by controlling levels of 

metabolites.

125



Depending on the role and implicated network topology of the reaction, 

manipulation of some reactions could exert severe damage to the cell growth. Since 

the fast cell growth is a prerequisite for high lipid productivity, we only seek for 

reaction manipulation which can sustain specific growth rate more than 90% of that 

of wild-type. In addition, by the default, two-fold increased fluxes are constrained 

for simulating overexpression mutants (Equation (4)), however, some reactions 

could not retain two-fold increased fluxes without harming cell growth. For such 

reactions, we adjusted the flux fold change for overexpression (between 1.1 to 2 fold) 

to meet the criteria of 90% growth rate of the wild-type. Finally, reactions which 

cannot be modulated by genetic engineering, i.e. orphan and exchange reactions, 

have been excluded from the analysis. List of candidate reactions for overexpression 

and knockout are provided in Supplementary Table D1.

At first, mutants with single reaction modification are screened to find possible 

overexpression and knockout targets for increasing lipid production. Then, to further 

examine the effects of combinatorial manipulation, flux distributions for all possible 

pairs of effective targets (which can increase the lipid production by more than 10%) 

have been calculated using eMOMA, and resulting lipid production rates and 

specific growth rates for the double mutants are analyzed.

5.3.4 Model and simulation conditions

A recent GEM for Y. lipolytica, iMK735, has been used for this study (Kavscek et al. 

2015). Although the quality of the model is reasonably fair, the model has many 

loops and lacks some important genes for the lipid production pathway which might 

lead to significant prediction errors. Therefore, we have slightly modified iMK735 
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to remove all the loops and revise several apparent errors. The MATLAB code for 

revising iMK735 is provided in Supplementary Materials.

All the simulations were performed using COBRA Toolbox v2.0 for MATLAB 

(Schellenberger et al. 2011) and in-house implementation of eMOMA (available in 

Supplementary Materials). CPLEX (IBM Inc.) through the CPLEXINT MATLAB 

interface (http://people.ee.ethz.ch/~cohysys/cplexint.php) and Gurobi (Gurobi 

Optimization) were used as the optimization solvers.
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5.4 Results and discussion

5.4.1 Predicting phenotypes of Y. lipolytica in nutrient-limited conditions

We implemented eMOMA to predict metabolic fluxes of the cells in nutrient-limited 

conditions. The procedure of eMOMA, which consists of three optimization 

problems, is schematically represented in Figure 5.1A. The first optimization 

problem, a FBA problem with growth maximization as an objective function, is 

solved to find a maximum specific growth rate (�max) of the cells under non-limited 

growth conditions. There are infinite number of flux vectors which can support the 

maximum specific growth rate due to the degeneracy of FBA solutions. As the final 

step of eMOMA requires unique flux vector as a reference state, the second 

optimization problem, pFBA which minimizes total sum of absolute fluxes (Lewis 

et al. 2010a), is introduced to select a flux vector representing flux distribution of the 

cells in the non-limited growth conditions. Then, the third optimization problem, 

which performs actual eMOMA, is formulated using the previous pFBA solution as 

a reference state. The final eMOMA solution represents an adapted metabolic flux 

distribution in response to the depletion of an essential nutrient for growth. It has 

been hypothesized that the eMOMA solution can represent the flux distribution of

the cells in the nutrient-limited conditions.

To test whether eMOMA can be used for predicting phenotypes of Y. lipolytica in 

the nutrient-limited conditions, eMOMA has been applied to previously published 

GEM for Y. lipolytica, iMK735 (Kavscek et al. 2015). Firstly, predicted exchange 

fluxes for non-limited and nitrogen-limited conditions (Fig. 5.2) are compared to the 

previous reports. Under the non-limited conditions, the cells consume balanced
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Figure 5.1 Geometric illustration of the eMOMA method

Red-colored area represents a solution space of flux vectors which can support 

maximum specific growth rate, while blue-colored area represents allowable 

solution space of flux vectors for nutrient-limited conditions. Upon nutrient 

starvation, the cells cannot retain pFBA solution and should adjust their fluxes from 

the red-colored area to the blue-colored area. eMOMA assumes that the cells try to 

minimize the metabolic adjustment in response to environmental perturbations 

(represented by the black perpendicular dotted-line). Illustrations for A) wild-type 

and B) mutant situations are provided. For the mutant situation, dashed-lines 

represent boundaries of the solution spaces for wild-type.
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Figure 5.2 Exchange fluxes for non-limited, nitrogen-limited, and phosphate-limited conditions predicted by eMOMA

Predicted exchange fluxes for non-limited, nitrogen-limited, and phosphate-limited conditions are shown by blue, red, and 

green bars, respectively. eMOMA was used for predicting fluxes for nitrogen-limited and phosphate-limited conditions while 

fluxes for the non-limited condition was calculated by pFBA. Arrows indicate the constraints specifying the limiting nutrients.
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amounts of glucose, ammonium, phosphate, sulfate, and oxygen to produce biomass. 

No byproduct except tiny amount of zymosterol and inositol production was 

predicted for the cells in the non-limited conditions. Following the nitrogen 

starvation, consumption and production profiles are predicted to be completely 

changed as the cells cannot produce biomass anymore while still consuming the 

glucose. Most strikingly, eMOMA has successfully predicted TAG and citrate as 

major products produced by Y. lipolytica during the nitrogen limitation which is a 

representative characteristic of the wild-type Y. lipolytica strains. In addition, 

production of ergosterol has been predicted for the nitrogen-limited conditions which 

is in line with some previous reports (Athenstaedt et al. 2006; Kerkhoven et al. 2016).

Furthermore, in accordance with a previous report (Kavscek et al. 2015), the 

reduction of glucose uptake rate in the nitrogen-limited conditions is predicted. 

However, although eMOMA correctly predicts the tendency of metabolic shifts in Y. 

lipolytica, there exist some quantitative discrepancies between the predicted and 

measured exchange fluxes. In the previous report, it has been shown that 54% and 

13.5% of carbon utilized during the nitrogen-limited conditions is converted into 

citrate and TAG, respectively (Kavscek et al. 2015). However, the eMOMA 

prediction was only 27% and 2.0% for citrate and TAG, respectively. In addition, the

predicted glucose uptake rate during the nitrogen limitation was much higher (3.0 

mmol/g DCW/h) than the measured value (0.35 mmol/g DCW/h) (Kavscek et al. 

2015). Nevertheless, it is quite surprising that the metabolic model which does not 

account for any regulatory information could predict the trends of metabolic shifts 

in Y. lipolytica by just using eMOMA. Such success is somewhat in accordance with 
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the reported lack of regulatory controls for lipid accumulation in Y. lipolytica

(Kerkhoven et al. 2016).

In addition to the nitrogen limitation, phosphate limitation is also known to 

effectively induce lipid accumulation in Rhodosporidium toruloides, another highly-

studied oleaginous yeast (Wu et al. 2010). Inspired by the report, we also have made 

the flux prediction for phosphate-limited conditions using eMOMA (Fig. 5.2). 

Predicted exchange fluxes for phosphate-limited conditions are somewhat different 

from that for nitrogen-limited conditions. Notably, continuous utilization of 

ammonium and subsequent production of amino acids are predicted for the 

phosphate-limited conditions even though the biomass production is blocked. In 

contrast, it has been predicted that phosphate is not further utilized in nitrogen-

limited conditions which might be due to the lack of byproducts into which 

phosphorus is incorporated. Furthermore, production of higher amount of TAG and 

significantly lesser amount of citrate compared to the nitrogen-limited conditions has 

been predicted. In addition to the fact that several raw feedstocks are adequate for 

establishing phosphate limitation (Shaw et al. 2016), the eMOMA results suggest 

that the phosphate limitation is a promising strategy for the production of lipids in Y. 

lipolytica. Finally, as the fluxes predicted for the nitrogen-limited and phosphate-

limited conditions are quite differ, eMOMA prediction is dependent on the type of 

the limited nutrients but not a result solely from the blockage of biomass formation.

To further investigate whether eMOMA can also predict intracellular fluxes of Y. 

lipolytica in the nutrient-limited conditions, we compared eMOMA-predicted fluxes 

with a reported 13C-metabolic flux analysis (MFA) results. Recently, Wasylenko et 

al. have reported the metabolic flux distribution of wild-type Y. lipolytica strain in 
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nitrogen-limited conditions by parallel labeling experiments (Wasylenko et al. 2015).

The measured 13C-MFA flux data was compared with the eMOMA-predicted fluxes 

for nitrogen-limited conditions, and the results showed significant correlation (Fig.

5.3, r = 0.86, p < 10-10). Note that only the fluxes for the reactions in the central 

metabolism were compared due to the limited coverage of 13C-MFA. As shown in 

Figure 5.3, the predicted and measured fluxes for glycolytic pathway reactions 

showed high correlation, however, the predicted fluxes for pentose phosphate 

pathway reactions were quite lower than the measured fluxes. Such inaccurate 

prediction for pentose phosphate pathway fluxes might be caused by incomplete 

description of NADPH-related pathways in the GEM as NADPH metabolism in Y. 

lipolytica is still unclear and remains controversial (Ratledge 2014; Zhang et al. 

2007b). Nevertheless, we concluded that the eMOMA method can predict 

intracellular fluxes of the cells reasonably well under the nitrogen-limited conditions 

based on the high overall correlation.

Overall, the exchange and intracellular fluxes predicted by the eMOMA method 

could represent the flux distributions of the cells under nitrogen-limited conditions 

even though there exist some quantitative discrepancies. Note that the presented 

eMOMA method consists of single eMOMA step which corresponds to sudden 

depletion of nitrogen source in the culture medium. However, when multiple-step 

eMOMA method which corresponds to gradual depletion of nitrogen had been tested, 

the final results were almost the same with the results from the presented single-step 

version of eMOMA method (Supplementary Figure D1).
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Figure 5.3 Comparison of fluxes measured by 13C-MFA and fluxes predicted by 

eMOMA

The fluxes for nitrogen-limited conditions measured by 13C-MFA (Wasylenko et al. 

2015) and predicted by eMOMA have been compared. All fluxes are normalized to 

a glucose uptake rate of 1.
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5.4.2 Predicting metabolic engineering strategies for improved lipid production

After confirming that eMOMA can be used for predicting lipid production in Y. 

lipolytica, we moved to use the method for designing mutant strains for improved 

lipid production. Figure 5.1B shows how eMOMA can be used for searching 

metabolic engineering strategies. As described in the previous section, three 

optimization problems compose the eMOMA method, and the solutions for each 

optimization problem can be changed by the application of new constraints 

describing the attributes of the mutants. In other words, the changes in the allowable 

solution spaces for maximal growth and/or nutrient-limited conditions could result 

in the changes in the eMOMA solution. As a result, the lipid production rate which 

can be found in the final eMOMA solution can be changed in some cases.

We have used brute force approach to find target reactions for overexpression or 

knockout which can increase the lipid production in Y. lipolytica under nitrogen-

limited conditions. Toward this end, we first identified candidate reactions which can 

be genetically overexpressed or deleted without significantly harming cell growth 

(see Methods). In result, 205 and 304 reactions were selected to be overexpressed 

and deleted in silico, respectively. Then, the eMOMA procedure for mutants has been 

conducted for all in silico single mutants, and mutations which were predicted to 

increase the lipid production yield have been identified. Predicted top 10 

overexpression and knockout target reactions are listed in Tables 5.1 and 5.2, 

respectively.

Interestingly, experimentally validated, well-characterized overexpression targets 

have been successfully called by the eMOMA-based design method (Table 5.1). 

Overexpression of acetyl-CoA carboxylase (ACCOACr) and diglyceride 
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Table 5.1 Overexpression targets for increasing lipid production predicted by eMOMA

Reaction 

abbreviation Reaction description EC number Genes associated

Predicted yield 

improvement (%)

CITtam Citrate/malate antiporter (mitochondrial) n/a YALI0F26323g 78.7

TRIGSY_GLC Diglyceride acyltransferase EC 2.3.1.20 (YALI0E16797g or YALI0E32769g ) 74.0

ACCOACr Acetyl-CoA carboxylase EC 6.4.1.2 YALI0C11407g 67.7

FASn0COA Fatty acyl-CoA synthase (n = 8, 10, 12, 14, 

16, 18)

EC 2.3.1.86 (YALI0B15059g and YALI0B19382g and 

YALI0C11407g and YALI0E23185g)

38.9-56.7

CSm Citrate synthase (mitochondrial) EC 2.3.3.1 (YALI0E00638g or YALI0E02684g ) 55.6

DESAT18 Stearoyl-CoA desaturase EC 1.14.19.1 YALI0C05951g 35.4

ATPCitL ATP:citrate lyase EC 2.3.3.8 (YALI0E34793g and YALI0D24431g) 27.9

HSDxi Homoserine dehydrogenase (NADH) EC 1.1.1.3 YALI0D01089g 21.0

ASADi Aspartate-semialdehyde dehydrogenase EC 1.2.1.11 YALI0D13596g 21.0

ASPKi Aspartate kinase EC 2.7.2.4 YALI0D11704g 21.0
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Table 5.2 Knockout targets for increasing lipid production predicted by eMOMA

Reaction 

abbreviation Reaction description EC number Genes associated

Predicted yield 

improvement (%)

MTHFC Methenyltetrahydrofolate cyclohydrolase EC 3.5.4.9 (YALI0F30745g and YALI0E01056g) 57.1

FTHFL Formate-tetrahydrofolate ligase EC 6.3.4.3 (YALI0E01056g and YALI0F30745g) 51.9

MTHFD Methylenetetrahydrofolate dehydrogenase (NADP+) EC 1.5.1.5 (YALI0F30745g and YALI0E01056g) 51.1

ALPHNH Allophanate hydrolase EC 3.5.1.54 YALI0E07271g 50.9

UREASE Urea carboxylase EC 6.3.4.6 YALI0E07271g 50.9

ARGN Arginase EC 3.5.3.1 YALI0E07535g 50.9

ERGSTt Ergosterol reversible transport (extracellular) n/a YALI0F17996g 48.0

GHMT2r Glycine hydroxymethyltransferase EC 2.1.2.1 (YALI0D22484g and YALI0E16346g) 15.5

IPPSm 2-isopropylmalate synthase (mitochondrial) EC 2.3.3.13 YALI0B07447g 10.7

ICDHym Isocitrate dehydrogenase (NADP+, mitochondrial) EC 1.1.1.42 YALI0F04095g 9.3
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acyltransferase (TRIGSY_GLC) has been predicted by eMOMA which is basic but 

the most powerful strategies for improving lipid production in Y. lipolytica by 

pushing and pulling metabolic fluxes toward lipid biosynthetic pathway (Tai and 

Stephanopoulos 2013). Furthermore, the eMOMA method has identified delta-9

stearoyl-CoA desaturase (DESAT18) as an overexpression target which is also 

identified as a rate limiting step of lipid biosynthesis in Y. lipolytica by a recent 

reverse engineering study (Qiao et al. 2015). In addition, ATP:citrate lyase

(ATPCitL), a distinctive enzyme which confers oleaginous characteristic, has also 

been identified as an overexpression target, and it was shown that the overexpression 

of the enzyme significantly increases the lipid production in Y. lipolytica (Zhang et 

al. 2014). Along with these experimentally validated targets, several reactions which 

are directly involved in the lipogenesis of oleaginous yeasts, such as citrate/malate 

antiporter (CITtam), fatty acyl-CoA synthase (FASn0COA), and citrate synthase 

(CSm), have been identified as overexpression targets. Although these targets seem 

to be apparent and play similar roles on the production of lipids, the eMOMA 

prediction provides an additional aspect: the predicted yield improvements for each 

target. It is interesting that the predicted yield improvements are not related to the 

distances of the reactions from the TAG node in the metabolic pathway map or basal 

flux levels of the reactions. It could be thought that the eMOMA prediction reflects 

complexity of intertwined structures of metabolic pathways. Even though it is 

unknown whether actual lipid production yields show predicted tendency at this 

moment, it is still meaningful that the eMOMA prediction can be used for deciding 

priority of conducting experiments.
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Remainders in top 10 overexpression targets, i.e. homoserine dehydrogenase 

(HSDxi), aspartate-semialdehyde dehydrogenase (ASADi), and aspartate kinase 

(ASPKi), are all involved in the threonine biosynthesis (Table 5.1). At first sight, 

prediction of these targets seems to be strange. However, predicted flux distributions 

of the mutants have suggested that overexpression of threonine biosynthetic pathway 

increases the fluxes through TCA cycle in the non-limited condition and eventually 

in the nitrogen-limited condition either. The higher activity of TCA cycle would 

provide more citrate for the generation of acetyl-CoA used for lipid biosynthesis. 

From this example, a novel strategy for improving lipid production in oleaginous 

yeasts can be suggested: increase the basal fluxes through TCA cycle by 

manipulating pathways which pull out TCA cycle intermediates, for example, 

threonine biosynthetic pathway as suggested by the eMOMA method.

For the deletion targets, reactions involved in one-carbon/methionine metabolism 

(MTHFC, methenyltetrahydrofolate cyclohydrolase; FTHFL, formate-

tetrahydrofolate ligase; MTHFD, methylenetetrahydrofolate dehydrogenase) and 

arginine metabolism (ALPHNH, allophanate hydrolase; UREASE, urea carboxylase; 

ARGN, arginase) have been predicted as top targets (Table 5.2). In the nitrogen-

limited conditions, as net inflow of nitrogen moiety is not allowed, wild-type cells 

predicted to run futile cycles of biosynthesis and degradation of methionine and 

arginine to maintain the metabolic status as close as possible to that for non-limited 

growth conditions. In a biological sense, such futile cycling is somewhat reasonable 

as maintaining the machineries for amino acids biosynthesis, even in the nitrogen-

limited conditions, would help the cells to quickly restart the growth when nitrogen 

become available again. Supporting this idea, significant upregulation of urea 
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carboxylase and arginase in nitrogen-limited conditions has been reported in a recent 

proteomic study of Y. lipolytica (Pomraning et al. 2016). However, for the purpose 

of lipid production, such futile cycling which consumes substantial energy would not 

be beneficial at all. In this respect, it seems that the knockouts of the reactions which 

are the components of the futile cycles have been predicted to block the futile cycles 

and redirect the saved energy to lipid production. It will be interesting to 

experimentally investigate the futile cycling events and their relation to lipid 

production in oleaginous yeasts as suggested by the eMOMA method.

Rest of the predicted deletion targets are also quite interesting (Table 5.2). 

Deletion of ergosterol transport reaction (ERGSTt) is predicted to redirect acetyl-

CoA and NADPH used for ergosterol biosynthesis to TAG biosynthesis. Such 

reconstitution of lipid bodies could be realized by manipulating diglyceride 

acyltransferases and steryl-ester synthases, a more realistic way than directly control 

ergosterol biosynthesis, which has been experimentally demonstrated (Gajdos et al. 

2015). Meanwhile, knockout of glycine hydroxymethyltransferase (GHMT2r) was 

predicted to activate alanine glyoxylate transaminase (AGT) as an alternative route 

to produce glycine. Use of the route involving AGT enhances fluxes through citrate 

and isocitrate in non-limited growth conditions, and results in higher fluxes through 

citrate in nitrogen-limited conditions which finally leads to improved lipid 

production. Hence, the rationale for the prediction is similar to that for the 

overexpression of reactions in threonine biosynthetic pathway. In addition, knockout 

of mitochondrial isocitrate dehydrogenase (ICDHym) has been predicted. As 

decrease of mitochondrial isocitrate dehydrogenase activity is known to play a key 

role for lipid production in oleaginous yeasts (Botham and Ratledge 1979), it will be 
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interesting to test the effect of knockout or repression of mitochondrial isocitrate 

dehydrogenase.

Finally, lipid production by in silico double mutants has been investigated for all 

possible pairs of single effective targets to examine whether eMOMA can be used 

for predicting combinatorial effects of multiple mutations (Fig. 5.4). First of all, 

growth rates for majority of the in silico double mutants were largely reduced (82% 

of the mutants), and about one third of them were not able to grow at all (26% of the 

mutants). Only 214 in silico double mutants (18% of the mutants) were predicted to 

show near-optimal growth (>90% of the wild-type growth rate). Among the mutants 

with near-optimal growth, a double mutant overexpressing acetyl-CoA carboxylase 

and diglyceride acyltransferase could be found. The double mutant is already shown 

to produce lipids in very high yield (Tai and Stephanopoulos 2013), thereby partially

validating the eMOMA predictions for double mutants. It should be noted that the 

double mutant predicted to show lipid yield improvement of 110% which is higher 

than the predicted yield improvements for corresponding single mutants (74% and 

67.7%, Table 5.1), but lower than the sum of them. As the eMOMA method predicted 

many double mutants which can perform better than the acetyl-CoA 

carboxylase/diglyceride acyltransferase double mutant, it will be interesting to test 

such mutants by experiments.
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Figure 5.4 Lipid production by in silico double mutants predicted by eMOMA

Lipid production and cell growth of in silico double mutants were predicted for all 

possible pairs of single effective targets (>10% increase of lipid yield, rightmost 

column). Only 18% of the double mutants were able to grow near-optimally (>90% 

of wild-type growth rate, cells with thick borders) while 26% of the mutant were not 

able to grow at all (cells with gray color).
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5.5 Conclusion

In this study, it has been shown that metabolic flux distributions in Y. lipolytica for 

nitrogen-limited conditions, which cannot be predicted by conventional FBA, can be 

predicted by using the eMOMA method. Then, eMOMA was used for predicting 

metabolic engineering strategies for improving lipid production in Y. lipolytica, and 

the eMOMA method successfully predicted not only known engineering targets but 

also novel targets. Through the further analysis of the predicted novel targets, we 

have suggested two non-intuitive strategies for improving lipid production in 

oleaginous yeast: (i) increase the basal level of fluxes for TCA cycle by manipulating 

pathways which pull out TCA cycle intermediates and (ii) block the futile cycles by 

knockout the genes for nitrogen scavenging pathways (e.g. amino acid degradation 

pathways) to save the cellular energy. Finally, it has also been demonstrated that the 

eMOMA method can be used for predicting combinatorial effects of multiple 

mutations. Altogether, eMOMA is the powerful method for predicting phenotypes 

and metabolic engineering strategies for oleaginous yeasts.
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Chapter 6. Concluding Remarks
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6.1 Algorithmic developments achieved in this thesis

Natively, nongrowth-associated products tend to be produced through more complex 

biosynthetic pathways than growth-associated products, and as a result, nongrowth-

associated products show high structural complexity and diverse physiological 

activities. Therefore, the nongrowth-associated products such as antibiotics and 

oleochemicals have a high added value, but it is much more difficult to develop 

industrial strains for the production of such products as there exists higher degree of 

complexity of metabolism and its regulation. To deal with such complications, there 

has been an increasing need of computational strain design tools which can facilitate 

the metabolic engineering of microbial strains for the production of nongrowth-

associated products. In this thesis, the use of genome-scale models of metabolism 

(GEMs) and constraint-based reconstruction and analysis (COBRA) methods has 

been extended by developing new computational strain optimization methods 

(CSOMs) that are applicable for designing engineered strains for the production of 

nongrowth-associated products.

Briefly, three novel CSOMs have been newly developed in this thesis: 

transcriptomics-based Strain Optimization Tool (tSOT), Beneficial Regulator 

Targeting (BeReTa), and environmental version of Minimization Of Metabolic 

Adjustment (eMOMA). Especially, tSOT and BeReTa have been devised to consider 

regulatory constraints governing the production of nongrowth-associated products: 

tSOT is the first CSOM which can use transcriptomic data to predict engineering 

targets, and BeReTa is the first CSOM exclusively designed for predicting 

transcriptional regulator manipulation targets. tSOT and BeReTa have been applied 
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to predict engineering targets for improving antibiotic production in Streptomyces 

coelicolor, while eMOMA has been used for finding engineering strategies for 

enhanced production of lipids in Yarrowia lipolytica. The validity of the new CSOMs 

has been demonstrated by experiments as well as literature data.

To clearly demonstrate the novelty and advancement of the newly developed 

CSOMs in the thesis, the new CSOMs have been compared with existing CSOMs 

(Table 6.1). As shown in Figure 1.10, most of the existing CSOMs have been 

developed based on OptKnock which can only be used to find strategies for growth-

associated production of target chemicals. Therefore, even though the existing 

CSOMs have a variety of predictive functions for strain optimization, they cannot be 

applied for the identification of metabolic engineering strategies for nongrowth-

associated production of target chemicals which is the problem addressed in this 

thesis. Nevertheless, some of the existing CSOMs, for example FSEOF, can be used 

for searching metabolic engineering targets for both growth- and nongrowth-

associated production. Indeed in Chapter 2, FSEOF has been successfully applied to 

design antibiotic overproducing strain of S. coelicolor. However, FSEOF has quite 

limited functionalities when compared to the existing OptKnock-related methods as 

shown in Table 6.1. First, FSEOF is only able to identify metabolic gene 

overexpression targets but not metabolic gene deletion, downregulation and 

transcriptional regulator manipulation targets. Moreover, FSEOF can predict list of 

engineering targets but not consequences of the engineering, for example product 

yield improvements of mutant strains. Last but not least, FSEOF considers only 

stoichiometric constraints and neglects regulatory effects which are especially 

critical for the production of nongrowth-associated products. To overcome these 
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Table 6.1 Comparison of newly developed CSOMs with existing CSOMs

Existing CSOMs (selected for comparison) New CSOMs developed in this study
OptKnock-related Others

OptKnock OptReg OptORF FSEOF tSOT BeReTa eMOMA

Applicable production mode
Growth-associated production O O O O O O

Nongrowth-associated production O O O O

Type of prediction
Metabolic gene targets

        Knockout/downregulation O O O O

        Overexpression O O O O O

Transcriptional regulator targets

        Knockout/downregulation O O

        Overexpression O

Yield improvement O O O O O

Utilization of omics data
Transcriptomic data O O

Proteomic data

Type of applied constraints
Stoichiometric constraints O O O O O O O

Regulatory constraints O O O

Related chapter of the thesis Chapter 2 Chapter 3 Chapter4 Chapter5

* More detailed comparison of BeReTa with OptORF is available in Table 4.2.
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limitations, the new CSOMs mentioned above, i.e. tSOT, BeReTa, and eMOMA, 

have been developed. All three CSOMs, while still applicable for designing 

production strains for nongrowth-associated products, have their own advantages 

over FSEOF.
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6.2 Further applications of the developed CSOMs

The main content of the thesis is the development and validation of new CSOMs 

through the case studies of model microorganisms which produce nongrowth-

associated products. However, many other applications of the developed CSOMs 

beyond the case studies are possible. Indeed, there are some ongoing studies, in 

which the new CSOMs are applied, although the results are not provided in this thesis.

First of all, the CSOMs developed in this thesis have not yet been applied to both 

antibiotic production in S. coelicolor and oleochemical production in Y. lipolytica

(for example, application of tSOT for Y. lipolytica or eMOMA for S. coelicolor). 

However, it is expected that the CSOMs will work equally well on the other issue. 

Indeed, tSOT has recently been applied for the prediction of overexpression targets 

for improved dicarboxylic acid production in Y. lipolytica (Prof. Dong-Yup Lee, 

personal communication).

Furthermore, it is highly expected that a variety of metabolic engineering 

problems can be addressed by using the new CSOMs. In fact, usage of tSOT and 

BeReTa is not restricted to the native nongrowth-associated products (Table 6.1), so 

that tSOT and BeReTa can be widely applied to solve various problems. Indeed, 

following metabolic engineering issues in our laboratory are being addressed by 

using the developed CSOMs: development of Streptomyces venezuelae as a 

heterologous expression host for pikromycin and kanamycin production, production 

of branched-chain fatty acids in S. coelicolor, de novo production of �`	�-

fucosyllactose in E. coli, and identification of key transcriptional regulators for 

lipogenesis in yeast.
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Development of a unified CSOM which has all beneficial features listed in Table 

6.1 is a desirable goal, however, it is also a great challenge due to the large 

differences in the underlying hypotheses and mathematical formulation for 

individual CSOMs. As an alternative, one can simply aggregate the independently 

predicted metabolic engineering strategies using each CSOM, however, a more 

dedicated Design-Build-Test cycle can also be proposed (Fig. 6.1). First, CSOMs 

such as FSEOF, BeReTa, and eMOMA, of which results are solely dependent on 

network structure, can be used for predicting initial metabolic engineering targets. 

Then, an iterative process involving mutant strain construction, performance 

evaluation, analysis of transcriptome (or proteome), and identification of additional 

targets could be operated. tSOT would play a key role in this cyclic process as tSOT 

can propose metabolic engineering targets for further improvements based on the 

omics data from a mutant strain. Such a combined use of the developed CSOMs 

would provide a straightforward protocol for developing industrial strains for the 

production of nongrowth-associated products.
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Figure 6.1 Design-Build-Test cycle for the development of host strains for the 

production of nongrowth-associated products

The CSOMs developed in this study could take a role in design part of Design-Build-

Test cycle for the development of production strains for the nongrowth-associated 

products. Especially, based on the omics data from mutant strains, tSOT could be 

iteratively used for finding additional genetic engineering targets which can further 

improve the production yields.
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6.3 Further algorithmic developments required in the future

In addition to the further applications of new CSOMs proposed in the previous 

section, some kinds of further algorithmic developments remain as a future work.

First of all, utilization of other types of omics data such as proteomic or translatomic 

data as an input for tSOT should be considered in the future. In this study, 

transcriptomic data has been used for the development and application of tSOT due 

to the availability and wide coverage of the data. However, considering the hierarchy 

of biological networks, it is generally believed that metabolic fluxes correlate better 

with proteomic data than transcriptomic data. Therefore, integration of proteomic 

data into GEMs would result in prediction of more accurate metabolic flux 

distribution and subsequently more reliable metabolic engineering strategies than 

using transcriptomic data. In essence, COBRA methods which use transcriptomic 

data can also use proteomic data without any modification. Thus, even now, 

proteomic data can be used as an input for tSOT to predict metabolic engineering 

targets if expression levels of all proteins in GEM are available. However, despite 

the tremendous technological improvements over the last decade, proteomics still 

has a limitation in its coverage. Therefore, to use proteomic data which does not

completely cover expression levels of whole proteins and includes many missing 

values, tSOT should be appropriately modified to deal with the missing values. 

Otherwise, translatomic data, i.e. ribosome profiling data, which has properties 

between that of transcriptomic and proteomic data could be considered as an input 

for tSOT. Ultimately, tSOT could be renovated to use multi-omics data to produce 

more robust and reliable predictions.
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Meanwhile, unbiased COBRA methods which do not require objective functions 

for optimization such as Markov chain Monte Carlo sampling and elementary mode 

analysis could be incorporated into CSOMs to deal with problems regarding 

alternative optima (Figure 1.5). Throughout the study, parsimonious version of flux 

balance analysis has been used to avoid alternative optima issues, however, use of 

unbiased approaches would provide more robust and reliable predictions by handling 

alternative optima issues. Until recently, high computational costs of unbiased

COBRA methods for large-sized networks due to their low scalability have impeded 

the wide application of the unbiased methods for developing CSOMs. However, as 

more efficient computational techniques for reducing the computational costs of the 

unbiased methods have recently been developed, the unbiased methods are likely to 

be more widely used for upgrading CSOMs in the future.
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A Supplementary Materials for Chapter 2

A.1 Supplementary Methods

Construction of branched-���	
� �-keto acid dehydrogenase (BCDH) 

overexpression mutant

Streptomyces coelicolor A3(2) M145 strain (WT) was used to construct a mutant 

overexpressing branched-������ �-keto acid dehydrogenase complex (BCDH; 

encoded by SCO3815, SCO3816 and SCO3817, Fig. A1 (A)). The coding region for 

BCDH genes including a ribosome binding site was amplified by PCR using a 

genomic DNA of the WT and Han-pfu DNA polymerase (Genenmed, South Korea). 

Sequence of the primers used for the amplification of the operon are 

ATTATGGATCCTTCCGGCGAACCCGGGGGCCG (Forward), and 

ATAATAAGCTTTCAGGCCCAGCTGATCAACCG (Reverse). The PCR 

fragments were digested with BamHI/HindIII (Roche, Germany). The digested 

fragments were inserted into pSE34 Streptomyces expression vector containing ermE

promoter and resistance genes of ampicillin and thiostrepton for antibiotic selections. 

Multiplication of the plasmid was carried out with non-methylating Escherichia coli

JM110 strain. Introduction of the plasmid was carried out according to the standard 

transformation procedure for Streptomyces (Kieser et al. 2000).

Validation of the BCDH overexpression mutant by quantitative reverse 

transcription-PCR (qRT-PCR)

BCDH overexpression mutant was validated by measuring BCDH transcript level 

with qRT-PCR. Total RNA of WT and BCDH overexpression mutant was extracted 
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from cell cultures grown in liquid R5- complex media. Sampling was made at 3, 5, 

and 7 days of the cultures. The extraction was performed with RNeasy mini kit 

(Qiagen, Germany) according to procedures provided from the manufacturer. 1 μg 

of RNA from the samples, and Reverse Transcriptase (Moloney murine leukemia 

virus, M-MLV; Mbiotech, South Korea) was used for RT-PCR to make cDNA. qPCR 

was performed with iQ5 (Bio-rad, USA) using TOPrealTM qPCR 2X PreMIX SYBR 

Green (Enzynomics, South Korea) using the cDNA. RNA levels of the first and third 

genes for the operon (i.e. bkdA1 and bkdC1) were measured (Fig. A1 (A)) using 

corresponding primer sets. Forward (GACATCACCCCCGACGAG) and reverse 

(GCGGTAGGTCGGGAAGAC) primers for bkdA1, and forward 

(AGGAGCTGAAGCA-GGACAAG) and reverse 

(GATGTTCGGGACGATCAGAC) primers for bkdC1 were used. RNA levels of 

hrdB, a major housekeeping sigma factor, we measured using corresponding primers 

(CGCAAGGTACGAGTTGATGA (forward) and CGGCTGTCACCTCTTAGGTC 

(reverse)) to normalize the data set. The experiments were conducted by following 

procedures provided from the manufacturer.

For all the assayed time points, transcript levels of bkdA1 and bkdC1 were 

increased by at least 1.3 fold in BCDH overexpression mutant when compared to 

that of WT (Fig. A1 (B)). Transcript levels increased as cells reached to stationary 

phase in BCDH overexpression mutant, while decreased in the WT.

Estimation of energetic parameters

Growth-associated maintenance energy (GAM) and non-growth-associated 

maintenance energy (NGAM) were estimated by using chemostat data (Melzoch et 
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al. 1997) which were used for the estimation of GAM and NGAM for the previous 

model (Borodina et al. 2005). Since biomass equation as well as topology of the 

network, proton and electron balance had been updated, GAM and NGAM should 

be differ from the previous one.

For these calculation, we constrained maximum theoretical P/O ratio to 1.75, 

because for most cases P/O ratio does not exceed 2 for microbial. To this end, we 

constrained the flux ratio to 1:3 through two different NADH dehydrogenase 

complex, namely nuo and ndh (Table A13).

We calculated the slope and the intercept of chemostat culture data by linear 

regression (Table A14). We used the data for dilution rate in range of 0.03 to 0.1, 

because when we include the data with higher dilution rate, it gives negative value 

for intercept and far lower value of R-squared. We obtained 0.117 mmol glucose/g 

DCW/h for intercept of specific glucose uptake rate. Using this value, we obtained 

NGAM of 2.65 mmol ATP/g DCW/h by FBA while maximizing ATP consumption 

rate. Then, we obtained GAM of 75.7 mmol ATP/g DCW by FBA to fit the slope of 

specific glucose uptake rate of 10.8 mmol glucose/g DCW.

Calculated GAM and NGAM were integrated to the model by biomass reaction 

and ATP maintenance requirement reaction respectively.
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A.2 Supplementary Tables

Table A1 List of the reactions in iMK1208
Rxn name Rxn description Formula Gene-reaction association Rev LB UB Obj
ACTS1 Malonyl-CoA-ACP transacylase (actinorhodin ACP) ACPact[c] + malcoa[c]  <=> coa[c] + malACPact[c] SCO5089 1 -1000 1000 0

ACTS10 actIII ketoacyl reductase actint1ACPact[c] + nadph[c] + h[c]  -> actint2ACPact[c] + nadp[c] SCO5086 0 0 1000 0

ACTS11 actVII aromatase actint2ACPact[c]  -> actint3ACPact[c] + 2 h2o[c] SCO5090 0 0 1000 0

ACTS12 actIV cyclase actint3ACPact[c]  -> actint4ACPact[c] + h2o[c] SCO5091 0 0 1000 0

ACTS13 hydroxylacyl-CoA dehydrogenase actint4ACPact[c] + nadph[c] + h[c]  -> actint5ACPact[c] + nadp[c] SCO5072 0 0 1000 0

ACTS14 actVI dehydratase actint5ACPact[c]  -> dnpaACPact[c] + h2o[c] (SCO5071 or SCO5072 or SCO5074) 0 0 1000 0

ACTS15 actVI oxidoreductase dnpaACPact[c] + nadph[c] + h[c]  -> ddhkACPact[c] + nadp[c] (SCO5023 or SCO5075) 0 0 1000 0

ACTS16 actVA-5/actVB monooxygenase ddhkACPact[c] + o2[c]  -> dhkACPact[c] + h2o[c] ((SCO5080 and SCO5092) or SCO5081) 0 0 1000 0
ACTS17 actVA-5/actVB monooxygenase 2 dhkACPact[c] + nadh[c] + h[c] + o2[c]  -> hdhkACPact[c] + nad[c] + h2o[c] (SCO5080 and SCO5092) 0 0 1000 0

ACTS18 hydroxylated dihydrokalafungin thioesterase hdhkACPact[c] + h2o[c]  -> hdhk[c] + h[c] + ACPact[c] 0 0 1000 0

ACTS19 hydroxylated dihydrokalafungin dimerization 2 hdhk[c] + nad[c]  -> ACT[c] + nadh[c] + h[c] 0 0 1000 0

ACTS2 polyketide chain elongation 1 accoa[c] + h[c] + malACPact[c]  -> actACPact[c] + co2[c] + coa[c] (SCO5087 and SCO5088) 0 0 1000 0

ACTS3 polyketide chain elongation 2 malcoa[c] + h[c] + actACPact[c]  -> pk6ACPact[c] + coa[c] + co2[c] (SCO5087 and SCO5088) 0 0 1000 0

ACTS4 polyketide chain elongation 3 malcoa[c] + h[c] + pk6ACPact[c]  -> pk8ACPact[c] + coa[c] + co2[c] (SCO5087 and SCO5088) 0 0 1000 0

ACTS5 polyketide chain elongation 4 malcoa[c] + h[c] + pk8ACPact[c]  -> pk10ACPact[c] + coa[c] + co2[c] (SCO5087 and SCO5088) 0 0 1000 0

ACTS6 polyketide chain elongation 5 malcoa[c] + h[c] + pk10ACPact[c]  -> pk12ACPact[c] + coa[c] + co2[c] (SCO5087 and SCO5088) 0 0 1000 0

ACTS7 polyketide chain elongation 6 malcoa[c] + h[c] + pk12ACPact[c]  -> pk14ACPact[c] + coa[c] + co2[c] (SCO5087 and SCO5088) 0 0 1000 0

ACTS8 polyketide chain elongation 7 malcoa[c] + h[c] + pk14ACPact[c]  -> pk16ACPact[c] + coa[c] + co2[c] (SCO5087 and SCO5088) 0 0 1000 0

ACTS9 actI cyclase pk16ACPact[c]  -> actint1ACPact[c] (SCO5087 and SCO5088) 0 0 1000 0

ALAD_L L-alanine dehydrogenase ala-L[c] + h2o[c] + nad[c]  -> h[c] + nadh[c] + nh4[c] + pyr[c] SCO1773 0 0 1000 0
ALAR alanine racemase ala-L[c]  <=> ala-D[c] SCO4745 1 -1000 1000 0

ALATA_L L-alanine transaminase akg[c] + ala-L[c]  <=> glu-L[c] + pyr[c] (SCO4984 or SCO6222) 1 -1000 1000 0

APAT2r 3-Aminopropanoate:2-oxoglutarate aminotransferase akg[c] + ala-B[c]  <=> glu-L[c] + msa[c] (SCO5676 or SCO7034 or SCO3622) 1 -1000 1000 0

ASNN L-asparaginase asn-L[c] + h2o[c]  -> asp-L[c] + nh4[c] 0 0 1000 0

ASNS1 asparagine synthase (glutamine-hydrolysing) asp-L[c] + atp[c] + gln-L[c] + h2o[c]  -> amp[c] + asn-L[c] + glu-L[c] + h[c] + ppi[c] SCO0386 0 0 1000 0

ASPO1 L-aspartate oxidase asp-L[c] + h2o[c] + o2[c] -> h2o2[c] + nh4[c] + oaa[c] SCO3382 0 0 1000 0

ASPTA aspartate transaminase akg[c] + asp-L[c]  <=> glu-L[c] + oaa[c] (SCO4645 or SCO3658) 1 -1000 1000 0

3OXCOAT 3-oxoadipyl-CoA thiolase coa[c] + oxadpcoa[c]  -> accoa[c] + succoa[c] (SCO6701 or SCO6967 or SCO3079 or SCO6731) 0 0 1000 0

5DGLCNR 5-dehydro-D-gluconate reductase 5dglcn[c] + h[c] + nadph[c]  <=> glcn[c] + nadp[c] SCO1681 1 -1000 1000 0

6PHBG 6-phospho-beta-glucosidase h2o[c] + salc6p[c] -> 2hymeph[c] + g6p[c] (SCO2661 or SCO6670) 0 0 1000 0

AAMYLe alpha-amylase 14glucan[e]  -> malthx[e] SCO2226 0 0 1000 0
ACM6PH N-acetylmuramate 6-phosphate hydrolase acmum6p[c] + h2o[c]  -> acgam6p[c] + lac-D[c] SCO4307 0 0 1000 0

ACS2 acetyl-CoA synthase (propionate) atp[c] + coa[c] + ppa[c]  -> amp[c] + ppi[c] + ppcoa[c] SCO3563 0 0 1000 0

ADNUC adenosine hydrolase adn[c] + h2o[c]  -> ade[c] + rib-D[c] SCO3779 0 0 1000 0

AGDC N-acetylglucosamine-6-phosphate deacetylase acgam6p[c] + h2o[c]  -> ac[c] + gam6p[c] SCO4284 0 0 1000 0

ALCD19 alcohol dehydrogenase (glycerol) glyald[c] + h[c] + nadh[c]  <=> glyc[c] + nad[c] (SCO0199 or SCO0259 or SCO5262 or SCO7362) 1 -1000 1000 0

ALCD19y alcohol dehydrogenase (glycerol, NADP) glyald[c] + h[c] + nadph[c]  <=> glyc[c] + nadp[c] (SCO4945 or SCO4271) 1 -1000 1000 0

ALDD1 aldehyde dehydrogenase (formaldehyde, NAD) fald[c] + h2o[c] + nad  -> for[c] + 2 h[c] + nadh[c] SCO4055 0 0 1000 0

ALDD19x aldehyde dehydrogenase (phenylacetaldehyde, NAD) h2o[c] + nad[c] + pacald[c]  -> 2 h[c] + nadh[c] + pac[c] SCO1612 0 0 1000 0

ALDD2x aldehyde dehydrogenase (acetaldehyde, NAD) acald[c] + h2o[c] + nad[c]  -> ac[c] + 2 h[c] + nadh[c] (SCO1174 or SCO1706 or SCO3420 or SCO4913 or

SCO5679)

0 0 1000 0

ALLTAMH allantoate amidohydrolase alltt[c] + 2 h[c] + 2 h2o[c]  -> co2[c] + 2 nh4[c] + urdglyc[c] SCO3072 0 0 1000 0

AMALT1 Amylomaltase (maltotriose) malt[c] + malttr[c]  -> glc-D[c] + maltttr[c] SCO2649 0 0 1000 0
AMALT2 Amylomaltase (maltotetraose) malt[c] + maltttr[c]  -> glc-D[c] + maltpt[c] SCO2649 0 0 1000 0

AMALT3 Amylomaltase (maltopentaose) malt[c] + maltpt[c]  -> glc-D[c] + malthx[c] SCO2649 0 0 1000 0

AMALT4 Amylomaltase (maltohexaose) malt[c] + malthx[c]  -> glc-D[c] + malthp[c] SCO2649 0 0 1000 0

ARAI L-arabinose isomerase arab-L[c]  <=> rbl-L[c] 1 -1000 1000 0

BGLU b-glucosidase (cellobiose) h2o[c] + celb[c]  -> 2 glc-D[c] (SCO0293 or SCO0458 or SCO1059 or SCO2531 or 

SCO2798 or SCO5685 or SCO6597 or SCO6604 or 

SCO7031 or SCO7558)

0 0 1000 0

CYTDH Cytidine hydrolase cytd[c] + h2o[c]  -> csn[c] + rib-D[c] SCO3779 0 0 1000 0
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DABTD D-arabinitol 4-dehydrogenase (NAD) abt-D[c] + nad[c] -> xylu-D[c] + h[c] + nadh[c] 0 0 1000 0

DCH diacetylchitobiose hydrolase chtbs[c] + h2o[c]  -> 2 acgam[c] (SCO2758 or SCO2786 or SCO2943 or SCO4860) 0 0 1000 0

DDGLK 2-dehydro-3-deoxygluconokinase 2ddglcn[c] + atp[c]  -> 2ddg6p[c] + adp[c] + h[c] (SCO0851 or SCO3474 or SCO3494) 0 0 1000 0
DHACOAH 2,3-dehydroadipyl-CoA hydratase 23dhacoa[c] + h2o[c]  <=> 3hadpcoa[c] (SCO6732 or SCO4384) 1 -1000 1000 0

DHAK dihydroxyacetone kinase atp[c] + dha[c]  -> adp[c] + dhap[c] + h[c] SCO0580 0 0 1000 0

DHDGLCD 5-dehydro-4-deoxyglucarate dehydratase 5dh4dglc[c] + h[c]  -> 25dptn[c] + h2o[c] + co2[c] (SCO1895 or SCO2543) 0 0 1000 0

DRBK Deoxyribokinase atp[c] + drib[c]  -> 2dr5p[c] + adp[c] + h[c] SCO2748 0 0 1000 0

DRPA deoxyribose-phosphate aldolase 2dr5p[c]  -> acald[c] + g3p[c] SCO4914 0 0 1000 0

DTARTD D(-)-tartrate dehydratase tartr-D[c]  -> h2o[c] + oaa[c] SCO5044 0 0 1000 0

EPMGH epimelibiose galactohydrolase epm[c] + h2o[c] -> gal[c] + man[c] (SCO0274 or SCO0541) 0 0 1000 0

FDH formate dehydrogenase for[c] + nad[c]  -> co2[c] + nadh[c] SCO6561 0 0 1000 0

FORCT Formyl-CoA Transferase forcoa[c] + oxa[c]  <=> for[c] + oxalcoa[c] SCO6583 1 -1000 1000 0

FRUK fructose-1-phosphate kinase atp[c] + f1p[c]  -> adp[c] + fdp[c] + h[c] SCO3197 0 0 1000 0

G3PD2 glycerol-3-phosphate dehydrogenase (NADP) glyc3p[c] + nadp[c]  <=> dhap[c] + h[c] + nadph[c] SCO5559 1 -1000 1000 0

G6PDA glucosamine-6-phosphate deaminase gam6p[c] + h2o[c]  -> f6p[c] + nh4[c] SCO5236 0 0 1000 0
GAL6PI galactose-6-phosphate isomerase dgal6p[c]  <=> tag6p-D[c] SCO5849 1 -1000 1000 0

GALCTND galactonate dehydratase galctn-D[c]  -> 2dh3dgal[c] + h2o[c] (SCO2401 or SCO3475) 0 0 1000 0

GALIGH 1-alpha-D-Galactosyl-myo-inositol galactohydrolase 1Dgali[c] + h2o[c] -> gal[c] + inost[c] (SCO0274 or SCO0541) 0 0 1000 0

GALKr galactokinase atp[c] + gal[c]  <=> adp[c] + gal1p[c] + h[c] SCO3136 1 -1000 1000 0

GALS3 a-galactosidase (melibiose) h2o[c] + melib[c]  -> gal[c] + glc-D[c] (SCO0274 or SCO0541) 0 0 1000 0

GGLGH galactosylglycerol galactohydrolase ggl[c] + h2o[c] -> gal[c] + glyc[c] (SCO0274 or SCO0541) 0 0 1000 0

GLCATr D-glucose O-acetyltransferase accoa[c] + glc-D[c]  <=> acglc-D[c] + coa[c] SCO7519 1 -1000 1000 0

GLCRAL 5-dehydro-4-deoxyglucarate aldolase 5dh4dglc[c]  -> 2h3oppan[c] + pyr[c] 0 0 1000 0

GLCRD glucarate dehydratase glcr[c]  -> 5dh4dglc[c] + h2o[c] SCO2542 0 0 1000 0

GLYALDDr D-Glyceraldehyde dehydrogenase glyald[c] + h2o[c] + nad[c]  <=> glyc-R[c] + 2 h[c] + nadh[c] (SCO1174 or SCO1706 or SCO3420 or SCO4913 or 

SCO5679)

1 -1000 1000 0

GLYCDx Glycerol dehydrogenase glyc[c] + nad[c]  -> dha[c] + h[c] + nadh[c] SCO6754 0 0 1000 0

GLYCTO1 Glycolate oxidase glyclt[c] + o2[c]  -> glx[c] + h2o2[c] SCO2925 0 0 1000 0

GLYCTO3 Glycolate oxidase glyclt[c] + mqn9[c]  -> glx[c] + mql9[c] SCO2925 0 0 1000 0

GLYK glycerol kinase atp[c] + glyc[c]  -> adp[c] + glyc3p[c] + h[c] (SCO0509 or SCO1660 or SCO7004) 0 0 1000 0

GNK gluconokinase atp[c] + glcn[c]  -> 6pgc[c] + adp[c] + h[c] SCO1679 0 0 1000 0

HADPCOADH3 3-hydroxyadipyl-CoA dehydrogenase (NAD+) 3hadpcoa[c] + nad[c]  <=> h[c] + nadh[c] + oxadpcoa[c] (SCO1591 or SCO3834 or SCO5385) 1 -1000 1000 0

HEX4 hexokinase (D-mannose:ATP) atp[c] + man[c]  -> adp[c] + h[c] + man6p[c] 0 0 1000 0

HEX7 hexokinase (D-fructose:ATP) atp[c] + fru[c]  -> adp[c] + f6p[c] + h[c] SCO1957 0 0 1000 0

HPYRI hydroxypyruvate isomerase hpyr[c]  <=> 2h3oppan[c] SCO6206 1 -1000 1000 0

IDOND L-idonate 5-dehydrogenase 5dglcn[c] + h[c] + nadh[c]  <=> idon-L[c] + nad[c] SCO1682 1 -1000 1000 0

IDOND2 L-idonate 5-dehydrogenase (NADP) 5dglcn[c] + h[c] + nadph[c]  -> idon-L[c] + nadp[c] SCO1682 0 0 1000 0

LACZ b-galactosidase h2o[c] + lcts[c]  -> gal[c] + glc-D[c] (SCO0766 or SCO3479 or SCO5689 or SCO6347 or 
SCO6457 or SCO7407)

0 0 1000 0

LCADi lactaldehyde dehydrogenase h2o[c] + lald-L[c] + nad[c]  -> 2 h[c] + lac-L[c] + nadh[c] SCO3486 0 0 1000 0

LYXI Lyxose isomerase lyx-L[c]  -> xylu-L[c] SCO0812 0 0 1000 0

MALT alpha-glucosidase malt[c] + h2o[c] -> 2 glc-D[c] (SCO1394 or SCO2228 or SCO3780 or SCO7010) 0 0 1000 0

MALTATr maltose O-acetyltransferase accoa[c] + malt[c]  <=> acmalt[c] + coa[c] SCO7519 1 -1000 1000 0

MAN6PI mannose-6-phosphate isomerase man6p[c]  <=> f6p[c] SCO3025 1 -1000 1000 0

MELTGH melibiitol galactohydrolase melt[c] + h2o[c] -> gal[c] + sbt-D[c] (SCO0274 or SCO0541) 0 0 1000 0

MLTG1 Maltodextrin glucosidase (maltotriose) h2o[c] + malttr[c]  -> glc-D[c] + malt[c] (SCO1394 or SCO2228 or SCO3780 or SCO7010) 0 0 1000 0

MLTG1e Maltodextrin glucosidase (maltotriose) h2o[e] + malttr[e]  -> glc-D[e] + malt[e] (SCO7019 or SCO7020) 0 0 1000 0

MLTG2 Maltodextrin glucosidase (maltotetraose) h2o[c] + maltttr[c]  -> glc-D[c] + malttr[c] (SCO1394 or SCO2228 or SCO3780 or SCO7010) 0 0 1000 0

MLTG2e Maltodextrin glucosidase (maltotetraose) h2o[e] + maltttr[e]  -> glc-D[e] + malttr[e] (SCO7019 or SCO7020) 0 0 1000 0
MLTG3 Maltodextrin glucosidase (maltopentaose) h2o[c] + maltpt[c]  -> glc-D[c] + maltttr[c] (SCO1394 or SCO2228 or SCO3780 or SCO7010) 0 0 1000 0

MLTG3e Maltodextrin glucosidase (maltopentaose) h2o[e] + maltpt[e]  -> glc-D[e] + maltttr[e] (SCO7019 or SCO7020) 0 0 1000 0

MLTG4 Maltodextrin glucosidase (maltohexaose) h2o[c] + malthx[c]  -> glc-D[c] + maltpt[c] (SCO1394 or SCO2228 or SCO3780 or SCO7010) 0 0 1000 0

MLTG4e Maltodextrin glucosidase (maltohexaose) h2o[e] + malthx[e]  -> glc-D[e] + maltpt[e] (SCO7019 or SCO7020) 0 0 1000 0

MLTG5 Maltodextrin glucosidase (maltoheptaose) h2o[c] + malthp[c]  -> glc-D[c] + malthx[c] (SCO1394 or SCO2228 or SCO3780 or SCO7010) 0 0 1000 0

MLTG5e Maltodextrin glucosidase (maltoheptaose) h2o[e] + malthp[e]  -> glc-D[e] + malthx[e] (SCO7019 or SCO7020) 0 0 1000 0

MLTP1 Maltodextrin phosphorylase (maltopentaose) maltpt[c] + pi[c]  <=> g1p[c] + maltttr[c] SCO5444 1 -1000 1000 0

MLTP2 Maltodextrin phosphorylase (maltohexaose) malthx[c] + pi[c]  <=> g1p[c] + maltpt[c] SCO5444 1 -1000 1000 0

MLTP3 Maltodextrin phosphorylase (maltoheptaose) malthp[c] + pi[c]  <=> g1p[c] + malthx[c] SCO5444 1 -1000 1000 0

MNLD mannitol 2-dehydrogenase mnl[c] + nad[c]  -> fru[c] + nadh[c] + h[c] 0 0 1000 0

MTI maltose trehalose isomerase tre[c] <=> malt[c] (SCO5442 or SCO7334) 1 -1000 1000 0

OXCDC Oxalyl-CoA decarboxylase h[c] + oxalcoa[c]  -> co2[c] + forcoa[c] SCO6584 0 0 1000 0
OXDHCOAT 3-oxo-5,6-dehydrosuberyl-CoA thiolase 3oxdhscoa[c] + coa[c]  -> 23dhacoa[c] + accoa[c] (SCO5144 and (SCO6701 or SCO6967 or SCO3079 

or SCO6731))

0 0 1000 0
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PACCOAE ring 1,2-phenylacetyl-CoA epoxidase (NADPH) h[c] + nadph[c] + o2[c] + phaccoa[c]  -> h2o[c] + nadp[c] + rephaccoa[c] (SCO7471 and SCO7472 and SCO7473 and 

SCO7474 and SCO7475)

0 0 1000 0

PACCOAL phenylacetate-CoA ligase atp[c] + coa[c] + pac[c]  -> amp[c] + phaccoa[c] + ppi[c] SCO7469 0 0 1000 0
PACCOATE phenylacetyl-CoA thioesterase phaccoa[c] + h2o[c]  -> coa[c] + pac[c] + h[c] SCO7470 0 0 1000 0

PFK_2 Phosphofructokinase atp[c] + tag6p-D[c]  -> adp[c] + h[c] + tagdp-D[c] (SCO5426 or SCO2119 or SCO1214) 0 0 1000 0

PGMT phosphoglucomutase g1p[c]  <=> g6p[c] SCO7443 1 -1000 1000 0

PMANM phosphomannomutase man1p[c]  <=> man6p[c] (SCO3028 or SCO4916 or SCO1388) 1 -1000 1000 0

PPAKr Propionate kinase adp[c] + ppap[c]  <=> atp[c] + ppa[c] SCO5424 1 -1000 1000 0

PPM phosphopentomutase r1p[c]  <=> r5p[c] SCO7443 1 -1000 1000 0

PPM2 phosphopentomutase 2 (deoxyribose) 2dr1p[c]  <=> 2dr5p[c] SCO7443 1 -1000 1000 0

PTA2 Phosphate acetyltransferase pi[c] + ppcoa[c]  -> coa[c] + ppap[c] SCO5425 0 0 1000 0

RAFGH raffinose galactohydrolase raffin[c] + h2o[c] -> gal[c] + sucr[c] (SCO0274 or SCO0541) 0 0 1000 0

RBK ribokinase atp[c] + rib-D[c]  -> adp[c] + h[c] + r5p[c] SCO2748 0 0 1000 0

RBK_L1 L-ribulokinase (L-ribulose) atp[c] + rbl-L[c]  -> adp[c] + h[c] + ru5p-L[c] 0 0 1000 0

RBP4E L-ribulose-phosphate 4-epimerase ru5p-L[c]  <=> xu5p-D[c] 1 -1000 1000 0
REPHACCOAI ring 1,2-epoxyphenylacetyl-CoA isomerase (oxepin-CoA 

forming)

rephaccoa[c]  <=> 2oxpaccoa[c] SCO5144 1 -1000 1000 0

RMI L-rhamnose isomerase rmn[c]  <=> rml[c] 1 -1000 1000 0

RMK rhamnulokinase atp[c] + rml[c]  -> adp[c] + h[c] + rml1p[c] SCO0814 0 0 1000 0

RMPA Rhamnulose-1-phosphate aldolase rml1p[c]  <=> dhap[c] + lald-L[c] 1 -1000 1000 0

SBTO D-sorbitol oxidase o2[c] + sbt-D[c]  -> fru[c] + h2o2[c] SCO6147 0 0 1000 0

SUCR sucrose hydrolyzing enzyme sucr[c] + h2o[c]  -> fru[c] + glc-D[c] (SCO1394 or SCO2228 or SCO3780 or SCO7010) 0 0 1000 0

TAUDO Taurine dioxygenase akg[c] + o2[c] + taur[c]  -> aacald[c] + co2[c] + h[c] + so3[c] + succ[c] (SCO7507 or SCO7357) 0 0 1000 0

TGBPA Tagatose-bisphosphate aldolase tagdp-D[c]  <=> dhap[c] + g3p[c] (SCO5848 and SCO5852) 1 -1000 1000 0

TRE6PP trehalose-phosphatase h2o[c] + tre6p[c]  -> pi[c] + tre[c] SCO4288 0 0 1000 0

TRE6PS alpha,alpha-trehalose-phosphate synthase (UDP-forming) g6p[c] + udpg[c]  -> h[c] + tre6p[c] + udp[c] SCO4290 0 0 1000 0
TRSARr tartronate semialdehyde reductase 2h3oppan[c] + h[c] + nadh[c]  <=> glyc-R[c] + nad[c] SCO6205 1 -1000 1000 0

UDPG4E UDPglucose 4-epimerase udpg[c]  <=> udpgal[c] (SCO2988 or SCO3137 or SCO3326 or SCO3739) 1 -1000 1000 0

UGLT UDPglucose--hexose-1-phosphate uridylyltransferase gal1p[c] + udpg[c]  <=> g1p[c] + udpgal[c] SCO3138 1 -1000 1000 0

URIH Uridine hydrolase h2o[c] + uri[c]  -> rib-D[c] + ura[c] SCO3779 0 0 1000 0

X5PL3E L-xylulose 5-phosphate 3-epimerase xu5p-L[c]  -> ru5p-L[c] 0 0 1000 0

XYLI1 xylose isomerase xyl-D[c]  <=> xylu-D[c] SCO1169 1 -1000 1000 0

XYLI2 xylose isomerase glc-D[c]  <=> fru[c] SCO1169 1 -1000 1000 0

XYLK xylulokinase atp[c] + xylu-D[c]  -> adp[c] + h[c] + xu5p-D[c] (SCO1170 or SCO2462) 0 0 1000 0

XYLK2 L-xylulokinase atp[c] + xylu-L[c]  -> adp[c] + h[c] + xu5p-L[c] 0 0 1000 0

XYLTO xylitol oxidase o2[c] + xylt[c]  -> xylu-D[c] + h2o2[c] SCO6147 0 0 1000 0

ICL Isocitrate lyase icit[c]  -> glx[c] + succ[c] SCO0982 0 0 1000 0

MALS malate synthase accoa[c] + glx[c] + h2o[c]  -> coa[c] + h[c] + mal-L[c] (SCO0983 or SCO6243) 0 0 1000 0
ME1 malic enzyme (NAD) mal-L[c] + nad[c]  -> co2[c] + nadh[c] + pyr[c] SCO2951 0 0 1000 0

ME2 malic enzyme (NADP) mal-L[c] + nadp[c]  -> co2[c] + nadph[c] + pyr[c] SCO5261 0 0 1000 0

PEPCK phosphoenolpyruvate carboxykinase (GTP) gtp[c] + oaa[c]  -> gdp[c] + co2[c] + pep[c] SCO4979 0 0 1000 0

PPA inorganic diphosphatase h2o[c] + ppi[c]  -> h[c] + 2 pi[c] SCO3409 0 0 1000 0

PPA_1 inorganic diphosphatase (one proton translocation) h2o[c] + ppi[c]  -> h[e] + 2 pi[c] SCO3547 0 0 1000 0

PPC phosphoenolpyruvate carboxylase co2[c] + h2o[c] + pep[c]  -> h[c] + oaa[c] + pi[c] SCO3127 0 0 1000 0

4HGLSD L-4-hydroxyglutamate semialdehyde dehydrogenase 4hglusa[c] + h2o[c] + nad[c]  -> e4hglu[c] + 2 h[c] + nadh[c] SCO5520 0 0 1000 0

ABTA 4-aminobutyrate transaminase 4abut[c] + akg[c]  -> glu-L[c] + sucsal[c] (SCO5676 or SCO7034) 0 0 1000 0

ABUTD Aminobutyraldehyde dehydrogenase 4abutn[c] + h2o[c] + nad[c]  -> 4abut[c] + 2 h[c] + nadh[c] (SCO5657 or SCO5666) 0 0 1000 0

ACGK acetylglutamate kinase acglu[c] + atp[c]  -> acg5p[c] + adp[c] SCO1578 0 0 1000 0

ACGS N-acetylglutamate synthase accoa[c] + glu-L[c]  -> acglu[c] + coa[c] + h[c] (SCO1579 or SCO3376) 0 0 1000 0
ACOTA acetylornithine transaminase acorn[c] + akg[c]  <=> acg5sa[c] + glu-L[c] SCO1577 1 -1000 1000 0

ADMDC adenosylmethionine decarboxylase amet[c] + h[c]  -> ametam[c] + co2[c] 0 0 1000 0

AGMD agmatine deiminase agm[c] + h2o[c]  -> cptrc[c] + nh4[c] SCO5527 0 0 1000 0

AGMT agmatinase agm[c] + h2o[c]  -> ptrc[c] + urea[c] SCO2770 0 0 1000 0

AGPR N-acetyl-g-glutamyl-phosphate reductase acg5sa[c] + nadp[c] + pi[c]  <=> acg5p[c] + h[c] + nadph[c] SCO1580 1 -1000 1000 0

AMPTASEPG aminopeptidase (pro-gly) h2o[c] + progly[c]  -> gly[c] + pro-L[c] (SCO2018 or SCO2635 or SCO2643) 0 0 1000 0

APCS aminopropylcadaverine synthase 15dap[c] + ametam[c]  -> 5mta[c] + h[c] + na15dap[c] (SCO3655 or SCO2455) 0 0 1000 0

ARGD Arginine Deiminase arg-L[c] + h2o[c]  -> citr-L[c] + nh4[c] (SCO0613 or SCO5975) 0 0 1000 0

ARGSL argininosuccinate lyase argsuc[c]  <=> arg-L[c] + fum[c] SCO1570 1 -1000 1000 0

ARGSS argininosuccinate synthase asp-L[c] + atp[c] + citr-L[c]  -> amp[c] + argsuc[c] + h[c] + ppi[c] SCO7036 0 0 1000 0

CBPS carbamoyl-phosphate synthase (glutamine-hydrolysing) 2 atp[c] + gln-L[c] + h2o[c] + hco3[c]  -> 2 adp[c] + cbp[c] + glu-L[c] + 2 h[c] + 

pi[c] 

(SCO1483 and SCO1484) 0 0 1000 0

CPTRCA N-carbamoylputrescine amidase cptrc[c] + h2o[c] + 2 h[c]  -> ptrc[c] + co2[c] + nh4[c] SCO6414 0 0 1000 0

DDPGA 2-dehydro-3-deoxy-phosphogluconate aldolase 4h2oglt[c]  <=> glx[c] + pyr[c] (SCO0852 or SCO2298 or SCO3473 or SCO3495) 1 -1000 1000 0
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EHGLAT L-erythro-4-Hydroxyglutamate:2-oxoglutarate 

aminotransferase

akg[c] + e4hglu[c]  -> 4h2oglt[c] + glu-L[c] (SCO4645 or SCO3658) 0 0 1000 0

G5SADs L-glutamate 5-semialdehyde dehydratase (spontaneous) glu5sa[c]  -> 1pyr5c[c] + h[c] + h2o[c] s0001 0 0 1000 0
G5SD glutamate-5-semialdehyde dehydrogenase glu5p[c] + h[c] + nadph[c]  -> glu5sa[c] + nadp[c] + pi[c] SCO2585 0 0 1000 0

GLU5K glutamate 5-kinase atp[c] + glu-L[c]  -> adp[c] + glu5p[c] SCO2587 0 0 1000 0

HPROb L-hydroxyproline reductase (NADP) 1p3h5c[c] + 2 h[c] + nadph[c]  -> nadp[c] + 4hpro-LT[c] SCO3337 0 0 1000 0

MTAN methylthioadenosine nucleosidase 5mta[c] + h2o[c]  -> 5mtr[c] + ade[c] SCO5431 0 0 1000 0

OCBTi ornithine carbamoyltransferase (irreversible) cbp[c] + orn[c]  -> citr-L[c] + h[c] + pi[c] SCO5976 0 0 1000 0

ORNDC Ornithine Decarboxylase h[c] + orn[c]  -> co2[c] + ptrc[c] SCO6035 0 0 1000 0

ORNTA ornithine transaminase akg[c] + orn[c]  -> glu-L[c] + glu5sa[c] SCO1223 0 0 1000 0

ORNTAC ornithine transacetylase acorn[c] + glu-L[c]  <=> acglu[c] + orn[c] SCO1579 1 -1000 1000 0

P5CD 1-pyrroline-5-carboxylate dehydrogenase 1pyr5c[c] + 2 h2o[c] + nad[c]  -> glu-L[c] + h[c] + nadh[c] SCO5520 0 0 1000 0

P5CR pyrroline-5-carboxylate reductase 1pyr5c[c] + 2 h[c] + nadph[c]  -> nadp[c] + pro-L[c] SCO3337 0 0 1000 0

PHCD L-1-pyrroline-3-hydroxy-5-carboxylate dehydrogenase 1p3h5c[c] + 2 h2o[c] + nad[c]  -> e4hglu[c] + h[c] + nadh[c] SCO5520 0 0 1000 0

PHCHGS L-1-Pyrroline-3-hydroxy-5-carboxylate spontaneous conversion 
to L-4-Hydroxyglutamate semialdehyde

1p3h5c[c] + h[c] + h2o[c]  <=> 4hglusa[c] s0001 1 -1000 1000 0

PROD2 Proline dehydrogenase fad[c] + pro-L[c]  -> 1pyr5c[c] + fadh2[c] + h[c] 0 0 1000 0

PTRCTA Putrescine Transaminase akg[c] + ptrc[c]  -> 4abutn[c] + glu-L[c] SCO1284 0 0 1000 0

PUTA3 L-Glutamate 5-semialdehyde:NAD+ oxidoreductase glu5sa[c] + h2o[c] + nad[c]  -> glu-L[c] + 2 h[c] + nadh[c] SCO5520 0 0 1000 0

SSALy succinate-semialdehyde dehydrogenase (NADP) h2o[c] + nadp[c] + sucsal[c]  -> 2 h[c] + nadph[c] + succ[c] (SCO1204 or SCO4780 or SCO7035) 0 0 1000 0

UREA urease 2 h[c] + h2o[c] + urea[c]  -> co2[c] + 2 nh4[c] ((SCO1234 and SCO1235 and SCO1236) or 

(SCO5525 and SCO5526))

0 0 1000 0

3OADPCOAT 3-oxoadipate CoA-transferase 3oxoadp[c] + succoa[c]  -> oxadpcoa[c] + succ[c] (SCO6702 and SCO6703) 0 0 1000 0

4CMLCL 4-carboxymuconolactone decarboxylase 4cml[c] + h[c]  -> 5odhf2a[c] + co2[c] (SCO6339 or SCO6697) 0 0 1000 0

MUCCY 3-carboxy-cis,cis-muconate cycloisomerase CCbuttc[c] + h[c]  -> 4cml[c] SCO6698 0 0 1000 0

OXOAEL 3-oxoadipate enol-lactone hydrolase 5odhf2a[c] + h2o[c]  -> 3oxoadp[c] + h[c] (SCO6339 or SCO6697) 0 0 1000 0
PCADYOX protocatechuate 3,4-dioxygenase 34dhbz[c] + o2[c]  -> CCbuttc[c] + 2 h[c] (SCO6699 and SCO6700) 0 0 1000 0

VNTDM vanillate:oxygen oxidoreductase (demethylating) h[c] + nadh[c] + o2[c] + vanlt[c]  -> 34dhbz[c] + fald[c] + h2o[c] + nad[c] SCO6680 0 0 1000 0

AACOATi Acetoacetyl-CoA:acetate CoA-transferase acac[c] + atp[c] + coa[c]  -> aacoa[c] + amp[c] + ppi[c] SCO1393 0 0 1000 0

BDH (R)-3-Hydroxybutanoate:NAD+ oxidoreductase bhb[c] + nad[c]  <=> acac[c] + h[c] + nadh[c] SCO1012 1 -1000 1000 0

IBMi isobutyryl-CoA mutase (irreversible) ibcoa[c]  -> btcoa[c] (SCO5415 and (SCO4800 or SCO6833)) 0 0 1000 0

CDAS1 Malonyl-CoA-ACP transacylase (calcium-dependent antibiotics 

ACP)

ACPcda[c] + malcoa[c]  <=> coa[c] + malACPcda[c] (SCO2387 and SCO3249) 1 -1000 1000 0

CDAS10 fatty-acyl-ACP hydrolase h2o[c] + hexACPcda[c]  -> ACPcda[c] + h[c] + hxa[c] 0 0 1000 0

CDAS11 acyl-CoA dehydrogenase (hexanoyl-CoA) hxcoa[c] + o2[c]  -> hx2coa[c] + h2o2[c] SCO3247 0 0 1000 0

CDAS12 hexenoyl-CoA monooxygenase hx2coa[c] + nadph[c] + h[c] + o2[c]  -> ephxcoa[c] + nadp[c] + h2o[c] SCO3245 0 0 1000 0

CDAS13 4-hydroxymandelate synthase 34hpp[c] + o2[c] -> 4hmda[c] + co2[c] SCO3229 0 0 1000 0

CDAS14a 4-hydroxymandelate oxidase 4hmda[c] + o2[c]  -> 4hpglx[c] + h2o2[c] SCO3228 0 0 1000 0
CDAS14b 4-hydroxymandelate oxidase 4hmda[c] + mqn9[c]  -> 4hpglx[c] + mql9[c] SCO3228 0 0 1000 0

CDAS15 4-hydroxyphenylglycine aminotransferase 4hpglx[c] + glu-L[c]  <=> 4hpgly[c] + akg[c] SCO3227 1 -1000 1000 0

CDAS16 glutamate-3-methyltransferase glu-L[c] + 5mthf[c]  -> meglu[c] + thf[c] + h[c] SCO3215 0 0 1000 0

CDAS17 calcium-dependent antibiotics non-ribosomal peptide synthetase ephxcoa[c] + ser-L[c]  + thr-L[c] + 2 trp-L[c] + 3 asp-L[c] + 4hpgly[c] + gly[c] + 

asn-L[c] + meglu[c] + 11 atp[c]  -> CDAint1[c] + coa[c] + 11 h[c] + 11 amp[c] + 11 

ppi[c]

(SCO3230 and SCO3231 and SCO3232) 0 0 1000 0

CDAS18 asparagine oxygenase (calcium-dependent antibiotics) CDAint1[c] + o2[c] + akg[c]  -> CDAint2[c] + succ[c] + co2[c] SCO3236 0 0 1000 0

CDAS19 3-hydroxyasparagine phosphotransferase (calcium-dependent 

antibiotics)

CDAint2[c] + atp[c]  -> CDA[c] + adp[c] + h[c] SCO3234 0 0 1000 0

CDAS2 beta-ketoacyl-ACP synthase (2) (calcium-dependent antibiotics 

ACP)

accoa[c] + h[c] + malACPcda[c]  -> actACPcda[c] + co2[c] + coa[c] (SCO3246 and SCO3249) 0 0 1000 0

CDAS3 3-oxoacyl-[acyl-carrier-protein] reductase (n-C4:0) actACPcda[c] + h[c] + nadph[c]  <=> 3haACPcda[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

CDAS4 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (n-C4:0) 3haACPcda[c]  -> but2eACPcda[c] + h2o[c] 0 0 1000 0

CDAS5x enoyl-[acyl-carrier-protein] reductase (NADH) (n-C4:0) but2eACPcda[c] + h[c] + nadh[c]  -> butACPcda[c] + nad[c] SCO1814 0 0 1000 0

CDAS5y enoyl-[acyl-carrier-protein] reductase (NADPH) (n-C4:0) but2eACPcda[c] + h[c] + nadph[c]  -> butACPcda[c] + nadp[c] SCO1814 0 0 1000 0

CDAS6 3-oxoacyl-[acyl-carrier-protein] synthase (n-C6:0) butACPcda[c] + h[c] + malACPcda[c]  -> 3ohexACPcda[c] + ACPcda[c] + co2[c] SCO3248 0 0 1000 0

CDAS7 3-oxoacyl-[acyl-carrier-protein] reductase (n-C6:0) 3ohexACPcda[c] + h[c] + nadph[c]  <=> 3hhexACPcda[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

CDAS8 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (n-C6:0) 3hhexACPcda[c]  -> h2o[c] + thex2eACPcda[c] 0 0 1000 0

CDAS9x enoyl-[acyl-carrier-protein] reductase (NADH) (n-C6:0) h[c] + nadh[c] + thex2eACPcda[c]  -> hexACPcda[c] + nad[c] SCO1814 0 0 1000 0

CDAS9y enoyl-[acyl-carrier-protein] reductase (NADPH) (n-C6:0) h[c] + nadph[c] + thex2eACPcda[c]  -> hexACPcda[c] + nadp[c] SCO1814 0 0 1000 0

3HAD100 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (n-C10:0) 3hdecACP[c]  -> h2o[c] + tdec2eACP[c] 0 0 1000 0
3HAD110 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (n-C11:0) 3hundcaACP[c]  -> h2o[c] + tundca2eACP[c] 0 0 1000 0

3HAD120 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (n-C12:0) 3hddecACP[c]  -> h2o[c] + tddec2eACP[c] 0 0 1000 0

3HAD121 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (n-C12:1) 3hcddec5eACP[c]  -> h2o[c] + t3c5ddeceACP[c] 0 0 1000 0
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3HAD130 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (n-C13:0) 3htridcaACP[c]  -> h2o[c] + ttridca2eACP[c] 0 0 1000 0

3HAD140 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (n-C14:0) 3hmrsACP[c]  -> h2o[c] + tmrs2eACP[c] 0 0 1000 0

3HAD141 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (n-C14:1) 3hcmrs7eACP[c]  -> h2o[c] + t3c7mrseACP[c] 0 0 1000 0
3HAD150 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (n-C15:0) 3hptdcaACP[c]  -> h2o[c] + tptdca2eACP[c] 0 0 1000 0

3HAD160 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (n-C16:0) 3hpalmACP[c]  -> h2o[c] + tpalm2eACP[c] 0 0 1000 0

3HAD161 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (n-C16:1) 3hcpalm9eACP[c]  -> h2o[c] + t3c9palmeACP[c] 0 0 1000 0

3HAD170 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (n-C17:0) 3hhepdcaACP[c]  -> h2o[c] + thepdca2eACP[c] 0 0 1000 0

3HAD180 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (n-C18:0) 3hoctaACP[c]  -> h2o[c] + toctd2eACP[c] 0 0 1000 0

3HAD181 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (n-C18:1) 3hcvac11eACP[c]  -> h2o[c] + t3c11vaceACP[c] 0 0 1000 0

3HAD40 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (n-C4:0) 3haACP[c]  -> but2eACP[c] + h2o[c] 0 0 1000 0

3HAD50 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (n-C5:0) 3hptnACP[c]  -> h2o[c] + tptn2eACP[c] 0 0 1000 0

3HAD60 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (n-C6:0) 3hhexACP[c]  -> h2o[c] + thex2eACP[c] 0 0 1000 0

3HAD70 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (n-C7:0) 3hhepACP[c]  -> h2o[c] + thep2eACP[c] 0 0 1000 0

3HAD80 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (n-C8:0) 3hoctACP[c]  -> h2o[c] + toct2eACP[c] 0 0 1000 0

3HAD90 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (n-C9:0) 3hnonACP[c]  -> h2o[c] + tnon2eACP[c] 0 0 1000 0
3HADai110 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (ante-iso-

C11:0)

3haiC11ACP[c]  -> h2o[c] + taiC112eACP[c] 0 0 1000 0

3HADai130 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (ante-iso-

C13:0)

3haiC13ACP[c]  -> h2o[c] + taiC132eACP[c] 0 0 1000 0

3HADai150 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (ante-iso-

C15:0)

3haiC15ACP[c]  -> h2o[c] + taiC152eACP[c] 0 0 1000 0

3HADai170 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (ante-iso-

C17:0)

3haiC17ACP[c]  -> h2o[c] + taiC172eACP[c] 0 0 1000 0

3HADai70 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (ante-iso-

C7:0)

3haiC7ACP[c]  -> h2o[c] + taiC72eACP[c] 0 0 1000 0

3HADai90 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (ante-iso-
C9:0)

3haiC9ACP[c]  -> h2o[c] + taiC92eACP[c] 0 0 1000 0

3HADi100 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (iso-C10:0) 3hiC10ACP[c]  -> h2o[c] + tiC102eACP[c] 0 0 1000 0

3HADi110 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (iso-C11:0) 3hiC11ACP[c]  -> h2o[c] + tiC112eACP[c] 0 0 1000 0

3HADi120 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (iso-C12:0) 3hiC12ACP[c]  -> h2o[c] + tiC122eACP[c] 0 0 1000 0

3HADi130 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (iso-C13:0) 3hiC13ACP[c]  -> h2o[c] + tiC132eACP[c] 0 0 1000 0

3HADi140 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (iso-C14:0) 3hiC14ACP[c]  -> h2o[c] + tiC142eACP[c] 0 0 1000 0

3HADi150 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (iso-C15:0) 3hiC15ACP[c]  -> h2o[c] + tiC152eACP[c] 0 0 1000 0

3HADi160 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (iso-C16:0) 3hiC16ACP[c]  -> h2o[c] + tiC162eACP[c] 0 0 1000 0

3HADi170 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (iso-C17:0) 3hiC17ACP[c]  -> h2o[c] + tiC172eACP[c] 0 0 1000 0

3HADi180 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (iso-C18:0) 3hiC18ACP[c]  -> h2o[c] + tiC182eACP[c] 0 0 1000 0

3HADi60 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (iso-C6:0) 3hiC6ACP[c]  -> h2o[c] + tiC62eACP[c] 0 0 1000 0

3HADi70 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (iso-C7:0) 3hiC7ACP[c]  -> h2o[c] + tiC72eACP[c] 0 0 1000 0
3HADi80 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (iso-C8:0) 3hiC8ACP[c]  -> h2o[c] + tiC82eACP[c] 0 0 1000 0

3HADi90 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (iso-C9:0) 3hiC9ACP[c]  -> h2o[c] + tiC92eACP[c] 0 0 1000 0

3OAR100 3-oxoacyl-[acyl-carrier-protein] reductase (n-C10:0) 3odecACP[c] + h[c] + nadph[c]  <=> 3hdecACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OAR110 3-oxoacyl-[acyl-carrier-protein] reductase (n-C11:0) 3oundcaACP[c] + h[c] + nadph[c]  <=> 3hundcaACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OAR120 3-oxoacyl-[acyl-carrier-protein] reductase (n-C12:0) 3oddecACP[c] + h[c] + nadph[c]  <=> 3hddecACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OAR121 3-oxoacyl-[acyl-carrier-protein] reductase (n-C12:1) 3ocddec5eACP[c] + h[c] + nadph[c]  <=> 3hcddec5eACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OAR130 3-oxoacyl-[acyl-carrier-protein] reductase (n-C13:0) 3otridcaACP[c] + h[c] + nadph[c]  <=> 3htridcaACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 
SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OAR140 3-oxoacyl-[acyl-carrier-protein] reductase (n-C14:0) 3omrsACP[c] + h[c] + nadph[c]  <=> 3hmrsACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OAR141 3-oxoacyl-[acyl-carrier-protein] reductase (n-C14:1) 3ocmrs7eACP[c] + h[c] + nadph[c]  <=> 3hcmrs7eACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OAR150 3-oxoacyl-[acyl-carrier-protein] reductase (n-C15:0) 3optdcaACP[c] + h[c] + nadph[c]  <=> 3hptdcaACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OAR160 3-oxoacyl-[acyl-carrier-protein] reductase (n-C16:0) 3opalmACP[c] + h[c] + nadph[c]  <=> 3hpalmACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OAR161 3-oxoacyl-[acyl-carrier-protein] reductase (n-C16:1) 3ocpalm9eACP[c] + h[c] + nadph[c]  <=> 3hcpalm9eACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OAR170 3-oxoacyl-[acyl-carrier-protein] reductase (n-C17:0) 3ohepdcaACP[c] + h[c] + nadph[c]  <=> 3hhepdcaACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 
SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OAR180 3-oxoacyl-[acyl-carrier-protein] reductase (n-C18:0) 3ooctdACP[c] + h[c] + nadph[c]  <=> 3hoctaACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0
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3OAR181 3-oxoacyl-[acyl-carrier-protein] reductase (n-C18:1) 3ocvac11eACP[c] + h[c] + nadph[c]  <=> 3hcvac11eACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OAR40 3-oxoacyl-[acyl-carrier-protein] reductase (n-C4:0) actACP[c] + h[c] + nadph[c]  <=> 3haACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 
SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OAR50 3-oxoacyl-[acyl-carrier-protein] reductase (n-C5:0) 3optnACP[c] + h[c] + nadph[c]  <=> 3hptnACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OAR60 3-oxoacyl-[acyl-carrier-protein] reductase (n-C6:0) 3ohexACP[c] + h[c] + nadph[c]  <=> 3hhexACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OAR70 3-oxoacyl-[acyl-carrier-protein] reductase (n-C7:0) 3ohepACP[c] + h[c] + nadph[c]  <=> 3hhepACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OAR80 3-oxoacyl-[acyl-carrier-protein] reductase (n-C8:0) 3ooctACP[c] + h[c] + nadph[c]  <=> 3hoctACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OAR90 3-oxoacyl-[acyl-carrier-protein] reductase (n-C9:0) 3ononACP[c] + h[c] + nadph[c]  <=> 3hnonACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OARai110 3-oxoacyl-[acyl-carrier-protein] reductase (ante-iso-C11:0) 3oaiC11ACP[c] + h[c] + nadph[c]  <=> 3haiC11ACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 
SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OARai130 3-oxoacyl-[acyl-carrier-protein] reductase (ante-iso-C13:0) 3oaiC13ACP[c] + h[c] + nadph[c]  <=> 3haiC13ACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OARai150 3-oxoacyl-[acyl-carrier-protein] reductase (ante-iso-C15:0) 3oaiC15ACP[c] + h[c] + nadph[c]  <=> 3haiC15ACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OARai170 3-oxoacyl-[acyl-carrier-protein] reductase (ante-iso-C17:0) 3oaiC17ACP[c] + h[c] + nadph[c]  <=> 3haiC17ACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OARai70 3-oxoacyl-[acyl-carrier-protein] reductase (ante-iso-C7:0) 3oaiC7ACP[c] + h[c] + nadph[c]  <=> 3haiC7ACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OARai90 3-oxoacyl-[acyl-carrier-protein] reductase (ante-iso-C9:0) 3oaiC9ACP[c] + h[c] + nadph[c]  <=> 3haiC9ACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OARi100 3-oxoacyl-[acyl-carrier-protein] reductase (iso-C10:0) 3oiC10ACP[c] + h[c] + nadph[c]  <=> 3hiC10ACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OARi110 3-oxoacyl-[acyl-carrier-protein] reductase (iso-C11:0) 3oiC11ACP[c] + h[c] + nadph[c]  <=> 3hiC11ACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OARi120 3-oxoacyl-[acyl-carrier-protein] reductase (iso-C12:0) 3oiC12ACP[c] + h[c] + nadph[c]  <=> 3hiC12ACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OARi130 3-oxoacyl-[acyl-carrier-protein] reductase (iso-C13:0) 3oiC13ACP[c] + h[c] + nadph[c]  <=> 3hiC13ACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OARi140 3-oxoacyl-[acyl-carrier-protein] reductase (iso-C14:0) 3oiC14ACP[c] + h[c] + nadph[c]  <=> 3hiC14ACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OARi150 3-oxoacyl-[acyl-carrier-protein] reductase (iso-C15:0) 3oiC15ACP[c] + h[c] + nadph[c]  <=> 3hiC15ACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OARi160 3-oxoacyl-[acyl-carrier-protein] reductase (iso-C16:0) 3oiC16ACP[c] + h[c] + nadph[c]  <=> 3hiC16ACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OARi170 3-oxoacyl-[acyl-carrier-protein] reductase (iso-C17:0) 3oiC17ACP[c] + h[c] + nadph[c]  <=> 3hiC17ACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OARi180 3-oxoacyl-[acyl-carrier-protein] reductase (iso-C18:0) 3oiC18ACP[c] + h[c] + nadph[c]  <=> 3hiC18ACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OARi60 3-oxoacyl-[acyl-carrier-protein] reductase (iso-C6:0) 3oiC6ACP[c] + h[c] + nadph[c]  <=> 3hiC6ACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OARi70 3-oxoacyl-[acyl-carrier-protein] reductase (iso-C7:0) 3oiC7ACP[c] + h[c] + nadph[c]  <=> 3hiC7ACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OARi80 3-oxoacyl-[acyl-carrier-protein] reductase (iso-C8:0) 3oiC8ACP[c] + h[c] + nadph[c]  <=> 3hiC8ACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 
SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OARi90 3-oxoacyl-[acyl-carrier-protein] reductase (iso-C9:0) 3oiC9ACP[c] + h[c] + nadph[c]  <=> 3hiC9ACP[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

3OAS100 3-oxoacyl-[acyl-carrier-protein] synthase (n-C10:0) h[c] + malACP[c] + ocACP[c]  -> 3odecACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

3OAS110 3-oxoacyl-[acyl-carrier-protein] synthase (n-C11:0) nonACP[c] + h[c] + malACP[c]  -> 3oundcaACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

3OAS120 3-oxoacyl-[acyl-carrier-protein] synthase (n-C12:0) dcaACP[c] + h[c] + malACP[c]  -> 3oddecACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

3OAS121 3-oxoacyl-[acyl-carrier-protein] synthase (n-C12:1) cdec3eACP[c] + h[c] + malACP[c]  -> 3ocddec5eACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

3OAS130 3-oxoacyl-[acyl-carrier-protein] synthase (n-C13:0) undcaACP[c] + h[c] + malACP[c]  -> 3otridcaACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

3OAS140 3-oxoacyl-[acyl-carrier-protein] synthase (n-C14:0) ddcaACP[c] + h[c] + malACP[c]  -> 3omrsACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

3OAS141 3-oxoacyl-[acyl-carrier-protein] synthase (n-C14:1) cddec5eACP[c] + h[c] + malACP[c]  -> 3ocmrs7eACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

3OAS150 3-oxoacyl-[acyl-carrier-protein] synthase (n-C15:0) tridcaACP[c] + h[c] + malACP[c]  -> 3optdcaACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

3OAS160 3-oxoacyl-[acyl-carrier-protein] synthase (n-C16:0) h[c] + malACP[c] + myrsACP[c]  -> 3opalmACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0
3OAS161 3-oxoacyl-[acyl-carrier-protein] synthase (n-C16:1) h[c] + malACP[c] + tdeACP[c]  -> 3ocpalm9eACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

3OAS170 3-oxoacyl-[acyl-carrier-protein] synthase (n-C17:0) ptdcaACP[c] + h[c] + malACP[c]  -> 3ohepdcaACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

3OAS180 3-oxoacyl-[acyl-carrier-protein] synthase (n-C18:0) h[c] + malACP[c] + palmACP[c]  -> 3ooctdACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0
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3OAS181 3-oxoacyl-[acyl-carrier-protein] synthase (n-C18:1) h[c] + hdeACP[c] + malACP[c]  -> 3ocvac11eACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

3OAS50 3-oxoacyl-[acyl-carrier-protein] synthase (n-C5:0) ppACP[c] + h[c] + malACP[c]  -> 3optnACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

3OAS60 3-oxoacyl-[acyl-carrier-protein] synthase (n-C6:0) butACP[c] + h[c] + malACP[c]  -> 3ohexACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0
3OAS70 3-oxoacyl-[acyl-carrier-protein] synthase (n-C7:0) ptnACP[c] + h[c] + malACP[c]  -> 3ohepACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

3OAS80 3-oxoacyl-[acyl-carrier-protein] synthase (n-C8:0) h[c] + hexACP[c] + malACP[c]  -> 3ooctACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

3OAS90 3-oxoacyl-[acyl-carrier-protein] synthase (n-C9:0) hepACP[c] + h[c] + malACP[c]  -> 3ononACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

3OASai110 3-oxoacyl-[acyl-carrier-protein] synthase (ante-iso-C11:0) aiC9ACP[c] + h[c] + malACP[c]  -> 3oaiC11ACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

3OASai130 3-oxoacyl-[acyl-carrier-protein] synthase (ante-iso-C13:0) aiC11ACP[c] + h[c] + malACP[c]  -> 3oaiC13ACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

3OASai150 3-oxoacyl-[acyl-carrier-protein] synthase (ante-iso-C15:0) aiC13ACP[c] + h[c] + malACP[c]  -> 3oaiC15ACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

3OASai170 3-oxoacyl-[acyl-carrier-protein] synthase (ante-iso-C17:0) aiC15ACP[c] + h[c] + malACP[c]  -> 3oaiC17ACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

3OASai70 3-oxoacyl-[acyl-carrier-protein] synthase (ante-iso-C7:0) 2mbACP[c] + h[c] + malACP[c]  -> 3oaiC7ACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

3OASai90 3-oxoacyl-[acyl-carrier-protein] synthase (ante-iso-C9:0) aiC7ACP[c] + h[c] + malACP[c]  -> 3oaiC9ACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

3OASi100 3-oxoacyl-[acyl-carrier-protein] synthase (iso-C10:0) h[c] + malACP[c] + iC8ACP[c]  -> 3oiC10ACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

3OASi110 3-oxoacyl-[acyl-carrier-protein] synthase (iso-C11:0) iC9ACP[c] + h[c] + malACP[c]  -> 3oiC11ACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

3OASi120 3-oxoacyl-[acyl-carrier-protein] synthase (iso-C12:0) iC10ACP[c] + h[c] + malACP[c]  -> 3oiC12ACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0
3OASi130 3-oxoacyl-[acyl-carrier-protein] synthase (iso-C13:0) iC11ACP[c] + h[c] + malACP[c]  -> 3oiC13ACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

3OASi140 3-oxoacyl-[acyl-carrier-protein] synthase (iso-C14:0) iC12ACP[c] + h[c] + malACP[c]  -> 3oiC14ACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

3OASi150 3-oxoacyl-[acyl-carrier-protein] synthase (iso-C15:0) iC13ACP[c] + h[c] + malACP[c]  -> 3oiC15ACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

3OASi160 3-oxoacyl-[acyl-carrier-protein] synthase (iso-C16:0) h[c] + malACP[c] + iC14ACP[c]  -> 3oiC16ACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

3OASi170 3-oxoacyl-[acyl-carrier-protein] synthase (iso-C17:0) iC15ACP[c] + h[c] + malACP[c]  -> 3oiC17ACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

3OASi180 3-oxoacyl-[acyl-carrier-protein] synthase (iso-C18:0) h[c] + malACP[c] + iC16ACP[c]  -> 3oiC18ACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

3OASi60 3-oxoacyl-[acyl-carrier-protein] synthase (iso-C6:0) ibACP[c] + h[c] + malACP[c]  -> 3oiC6ACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

3OASi70 3-oxoacyl-[acyl-carrier-protein] synthase (iso-C7:0) ivACP[c] + h[c] + malACP[c]  -> 3oiC7ACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

3OASi80 3-oxoacyl-[acyl-carrier-protein] synthase (iso-C8:0) h[c] + iC6ACP[c] + malACP[c]  -> 3oiC8ACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

3OASi90 3-oxoacyl-[acyl-carrier-protein] synthase (iso-C9:0) iC7ACP[c] + h[c] + malACP[c]  -> 3oiC9ACP[c] + ACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

ALAALA D-alanine-D-alanine ligase 2 ala-D[c] + atp[c]  -> adp[c] + alaala[c] + h[c] + pi[c] SCO5560 0 0 1000 0
ALAALAD D-alanine-D-alanine dipeptidase alaala[c] + h2o[c]  -> 2 ala-D[c] SCO3596 0 0 1000 0

ALALAC D-alanine-D-lactate ligase ala-D[c] + lac-D[c] + atp[c]  -> adp[c] + alalac[c] + h[c] + pi[c] SCO3595 0 0 1000 0

EAR100x enoyl-[acyl-carrier-protein] reductase (NADH) (n-C10:0) h[c] + nadh[c] + tdec2eACP[c]  -> dcaACP[c] + nad[c] SCO1814 0 0 1000 0

EAR100y enoyl-[acyl-carrier-protein] reductase (NADPH) (n-C10:0) h[c] + nadph[c] + tdec2eACP[c]  -> dcaACP[c] + nadp[c] SCO1814 0 0 1000 0

EAR110x enoyl-[acyl-carrier-protein] reductase (NADH) (n-C11:0) h[c] + nadh[c] + tundca2eACP[c]  -> undcaACP[c] + nad[c] SCO1814 0 0 1000 0

EAR110y enoyl-[acyl-carrier-protein] reductase (NADPH) (n-C11:0) h[c] + nadph[c] + tundca2eACP[c]  -> undcaACP[c] + nadp[c] SCO1814 0 0 1000 0

EAR120x enoyl-[acyl-carrier-protein] reductase (NADH) (n-C12:0) h[c] + nadh[c] + tddec2eACP[c]  -> ddcaACP[c] + nad[c] SCO1814 0 0 1000 0

EAR120y enoyl-[acyl-carrier-protein] reductase (NADPH) (n-C12:0) h[c] + nadph[c] + tddec2eACP[c]  -> ddcaACP[c] + nadp[c] SCO1814 0 0 1000 0

EAR121x enoyl-[acyl-carrier-protein] reductase (NADH) (n-C12:1) h[c] + nadh[c] + t3c5ddeceACP[c]  -> cddec5eACP[c] + nad[c] SCO1814 0 0 1000 0

EAR121y enoyl-[acyl-carrier-protein] reductase (NADPH) (n-C12:1) h[c] + nadph[c] + t3c5ddeceACP[c]  -> cddec5eACP[c] + nadp[c] SCO1814 0 0 1000 0

EAR130x enoyl-[acyl-carrier-protein] reductase (NADH) (n-C13:0) h[c] + nadh[c] + ttridca2eACP[c]  -> tridcaACP[c] + nad[c] SCO1814 0 0 1000 0

EAR130y enoyl-[acyl-carrier-protein] reductase (NADPH) (n-C13:0) h[c] + nadph[c] + ttridca2eACP[c]  -> tridcaACP[c] + nadp[c] SCO1814 0 0 1000 0
EAR140x enoyl-[acyl-carrier-protein] reductase (NADH) (n-C14:0) h[c] + nadh[c] + tmrs2eACP[c]  -> myrsACP[c] + nad[c] SCO1814 0 0 1000 0

EAR140y enoyl-[acyl-carrier-protein] reductase (NADPH) (n-C14:0) h[c] + nadph[c] + tmrs2eACP[c]  -> myrsACP[c] + nadp[c] SCO1814 0 0 1000 0

EAR141x enoyl-[acyl-carrier-protein] reductase (NADH) (n-C14:1) h[c] + nadh[c] + t3c7mrseACP[c]  -> nad[c] + tdeACP[c] SCO1814 0 0 1000 0

EAR141y enoyl-[acyl-carrier-protein] reductase (NADPH) (n-C14:1) h[c] + nadph[c] + t3c7mrseACP[c]  -> nadp[c] + tdeACP[c] SCO1814 0 0 1000 0

EAR150x enoyl-[acyl-carrier-protein] reductase (NADH) (n-C15:0) h[c] + nadh[c] + tptdca2eACP[c]  -> ptdcaACP[c] + nad[c] SCO1814 0 0 1000 0

EAR150y enoyl-[acyl-carrier-protein] reductase (NADPH) (n-C15:0) h[c] + nadph[c] + tptdca2eACP[c]  -> ptdcaACP[c] + nadp[c] SCO1814 0 0 1000 0

EAR160x enoyl-[acyl-carrier-protein] reductase (NADH) (n-C16:0) h[c] + nadh[c] + tpalm2eACP[c]  -> nad[c] + palmACP[c] SCO1814 0 0 1000 0

EAR160y enoyl-[acyl-carrier-protein] reductase (NADPH) (n-C16:0) h[c] + nadph[c] + tpalm2eACP[c]  -> nadp[c] + palmACP[c] SCO1814 0 0 1000 0

EAR161x enoyl-[acyl-carrier-protein] reductase (NADH) (n-C16:1) h[c] + nadh[c] + t3c9palmeACP[c]  -> hdeACP[c] + nad[c] SCO1814 0 0 1000 0

EAR161y enoyl-[acyl-carrier-protein] reductase (NADPH) (n-C16:1) h[c] + nadph[c] + t3c9palmeACP[c]  -> hdeACP[c] + nadp[c] SCO1814 0 0 1000 0

EAR170x enoyl-[acyl-carrier-protein] reductase (NADH) (n-C17:0) h[c] + nadh[c] + thepdca2eACP[c]  -> hepdcaACP[c] + nad[c] SCO1814 0 0 1000 0
EAR170y enoyl-[acyl-carrier-protein] reductase (NADPH) (n-C17:0) h[c] + nadph[c] + thepdca2eACP[c]  -> hepdcaACP[c] + nadp[c] SCO1814 0 0 1000 0

EAR180x enoyl-[acyl-carrier-protein] reductase (NADH) (n-C18:0) h[c] + nadh[c] + toctd2eACP[c]  -> nad[c] + ocdcaACP[c] SCO1814 0 0 1000 0

EAR180y enoyl-[acyl-carrier-protein] reductase (NADPH) (n-C18:0) h[c] + nadph[c] + toctd2eACP[c]  -> nadp[c] + ocdcaACP[c] SCO1814 0 0 1000 0

EAR181x enoyl-[acyl-carrier-protein] reductase (NADH) (n-C18:1) h[c] + nadh[c] + t3c11vaceACP[c]  -> nad[c] + octeACP[c] SCO1814 0 0 1000 0

EAR181y enoyl-[acyl-carrier-protein] reductase (NADPH) (n-C18:1) h[c] + nadph[c] + t3c11vaceACP[c]  -> nadp[c] + octeACP[c] SCO1814 0 0 1000 0

EAR40x enoyl-[acyl-carrier-protein] reductase (NADH) (n-C4:0) but2eACP[c] + h[c] + nadh[c]  -> butACP[c] + nad[c] SCO1814 0 0 1000 0

EAR40y enoyl-[acyl-carrier-protein] reductase (NADPH) (n-C4:0) but2eACP[c] + h[c] + nadph[c]  -> butACP[c] + nadp[c] SCO1814 0 0 1000 0

EAR50x enoyl-[acyl-carrier-protein] reductase (NADH) (n-C5:0) h[c] + nadh[c] + tptn2eACP[c]  -> ptnACP[c] + nad[c] SCO1814 0 0 1000 0

EAR50y enoyl-[acyl-carrier-protein] reductase (NADPH) (n-C5:0) h[c] + nadph[c] + tptn2eACP[c]  -> ptnACP[c] + nadp[c] SCO1814 0 0 1000 0

EAR60x enoyl-[acyl-carrier-protein] reductase (NADH) (n-C6:0) h[c] + nadh[c] + thex2eACP[c]  -> hexACP[c] + nad[c] SCO1814 0 0 1000 0

EAR60y enoyl-[acyl-carrier-protein] reductase (NADPH) (n-C6:0) h[c] + nadph[c] + thex2eACP[c]  -> hexACP[c] + nadp[c] SCO1814 0 0 1000 0

EAR70x enoyl-[acyl-carrier-protein] reductase (NADH) (n-C7:0) h[c] + nadh[c] + thep2eACP[c]  -> hepACP[c] + nad[c] SCO1814 0 0 1000 0
EAR70y enoyl-[acyl-carrier-protein] reductase (NADPH) (n-C7:0) h[c] + nadph[c] + thep2eACP[c]  -> hepACP[c] + nadp[c] SCO1814 0 0 1000 0

EAR80x enoyl-[acyl-carrier-protein] reductase (NADH) (n-C8:0) h[c] + nadh[c] + toct2eACP[c]  -> nad[c] + ocACP[c] SCO1814 0 0 1000 0

EAR80y enoyl-[acyl-carrier-protein] reductase (NADPH) (n-C8:0) h[c] + nadph[c] + toct2eACP[c]  -> nadp[c] + ocACP[c] SCO1814 0 0 1000 0
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EAR90x enoyl-[acyl-carrier-protein] reductase (NADH) (n-C9:0) h[c] + nadh[c] + tnon2eACP[c]  -> nonACP[c] + nad[c] SCO1814 0 0 1000 0

EAR90y enoyl-[acyl-carrier-protein] reductase (NADPH) (n-C9:0) h[c] + nadph[c] + tnon2eACP[c]  -> nonACP[c] + nadp[c] SCO1814 0 0 1000 0

EARai110x enoyl-[acyl-carrier-protein] reductase (NADH) (ante-iso-C11:0) h[c] + nadh[c] + taiC112eACP[c]  -> aiC11ACP[c] + nad[c] SCO1814 0 0 1000 0
EARai110y enoyl-[acyl-carrier-protein] reductase (NADPH) (ante-iso-

C11:0)

h[c] + nadph[c] + taiC112eACP[c]  -> aiC11ACP[c] + nadp[c] SCO1814 0 0 1000 0

EARai130x enoyl-[acyl-carrier-protein] reductase (NADH) (ante-iso-C13:0) h[c] + nadh[c] + taiC132eACP[c]  -> aiC13ACP[c] + nad[c] SCO1814 0 0 1000 0

EARai130y enoyl-[acyl-carrier-protein] reductase (NADPH) (ante-iso-

C13:0)

h[c] + nadph[c] + taiC132eACP[c]  -> aiC13ACP[c] + nadp[c] SCO1814 0 0 1000 0

EARai150x enoyl-[acyl-carrier-protein] reductase (NADH) (ante-iso-C15:0) h[c] + nadh[c] + taiC152eACP[c]  -> aiC15ACP[c] + nad[c] SCO1814 0 0 1000 0

EARai150y enoyl-[acyl-carrier-protein] reductase (NADPH) (ante-iso-

C15:0)

h[c] + nadph[c] + taiC152eACP[c]  -> aiC15ACP[c] + nadp[c] SCO1814 0 0 1000 0

EARai170x enoyl-[acyl-carrier-protein] reductase (NADH) (ante-iso-C17:0) h[c] + nadh[c] + taiC172eACP[c]  -> aiC17ACP[c] + nad[c] SCO1814 0 0 1000 0

EARai170y enoyl-[acyl-carrier-protein] reductase (NADPH) (ante-iso-

C17:0)

h[c] + nadph[c] + taiC172eACP[c]  -> aiC17ACP[c] + nadp[c] SCO1814 0 0 1000 0

EARai70x enoyl-[acyl-carrier-protein] reductase (NADH) (ante-iso-C7:0) h[c] + nadh[c] + taiC72eACP[c]  -> aiC7ACP[c] + nad[c] SCO1814 0 0 1000 0
EARai70y enoyl-[acyl-carrier-protein] reductase (NADPH) (ante-iso-C7:0) h[c] + nadph[c] + taiC72eACP[c]  -> aiC7ACP[c] + nadp[c] SCO1814 0 0 1000 0

EARai90x enoyl-[acyl-carrier-protein] reductase (NADH) (ante-iso-C9:0) h[c] + nadh[c] + taiC92eACP[c]  -> aiC9ACP[c] + nad[c] SCO1814 0 0 1000 0

EARai90y enoyl-[acyl-carrier-protein] reductase (NADPH) (ante-iso-C9:0) h[c] + nadph[c] + taiC92eACP[c]  -> aiC9ACP[c] + nadp[c] SCO1814 0 0 1000 0

EARi100x enoyl-[acyl-carrier-protein] reductase (NADH) (iso-C10:0) h[c] + nadh[c] + tiC102eACP[c]  -> iC10ACP[c] + nad[c] SCO1814 0 0 1000 0

EARi100y enoyl-[acyl-carrier-protein] reductase (NADPH) (iso-C10:0) h[c] + nadph[c] + tiC102eACP[c]  -> iC10ACP[c] + nadp[c] SCO1814 0 0 1000 0

EARi110x enoyl-[acyl-carrier-protein] reductase (NADH) (iso-C11:0) h[c] + nadh[c] + tiC112eACP[c]  -> iC11ACP[c] + nad[c] SCO1814 0 0 1000 0

EARi110y enoyl-[acyl-carrier-protein] reductase (NADPH) (iso-C11:0) h[c] + nadph[c] + tiC112eACP[c]  -> iC11ACP[c] + nadp[c] SCO1814 0 0 1000 0

EARi120x enoyl-[acyl-carrier-protein] reductase (NADH) (iso-C12:0) h[c] + nadh[c] + tiC122eACP[c]  -> iC12ACP[c] + nad[c] SCO1814 0 0 1000 0

EARi120y enoyl-[acyl-carrier-protein] reductase (NADPH) (iso-C12:0) h[c] + nadph[c] + tiC122eACP[c]  -> iC12ACP[c] + nadp[c] SCO1814 0 0 1000 0

EARi130x enoyl-[acyl-carrier-protein] reductase (NADH) (iso-C13:0) h[c] + nadh[c] + tiC132eACP[c]  -> iC13ACP[c] + nad[c] SCO1814 0 0 1000 0

EARi130y enoyl-[acyl-carrier-protein] reductase (NADPH) (iso-C13:0) h[c] + nadph[c] + tiC132eACP[c]  -> iC13ACP[c] + nadp[c] SCO1814 0 0 1000 0
EARi140x enoyl-[acyl-carrier-protein] reductase (NADH) (iso-C14:0) h[c] + nadh[c] + tiC142eACP[c]  -> iC14ACP[c] + nad[c] SCO1814 0 0 1000 0

EARi140y enoyl-[acyl-carrier-protein] reductase (NADPH) (iso-C14:0) h[c] + nadph[c] + tiC142eACP[c]  -> iC14ACP[c] + nadp[c] SCO1814 0 0 1000 0

EARi150x enoyl-[acyl-carrier-protein] reductase (NADH) (iso-C15:0) h[c] + nadh[c] + tiC152eACP[c]  -> iC15ACP[c] + nad[c] SCO1814 0 0 1000 0

EARi150y enoyl-[acyl-carrier-protein] reductase (NADPH) (iso-C15:0) h[c] + nadph[c] + tiC152eACP[c]  -> iC15ACP[c] + nadp[c] SCO1814 0 0 1000 0

EARi160x enoyl-[acyl-carrier-protein] reductase (NADH) (iso-C16:0) h[c] + nadh[c] + tiC162eACP[c]  -> nad[c] + iC16ACP[c] SCO1814 0 0 1000 0

EARi160y enoyl-[acyl-carrier-protein] reductase (NADPH) (iso-C16:0) h[c] + nadph[c] + tiC162eACP[c]  -> nadp[c] + iC16ACP[c] SCO1814 0 0 1000 0

EARi170x enoyl-[acyl-carrier-protein] reductase (NADH) (iso-C17:0) h[c] + nadh[c] + tiC172eACP[c]  -> iC17ACP[c] + nad[c] SCO1814 0 0 1000 0

EARi170y enoyl-[acyl-carrier-protein] reductase (NADPH) (iso-C17:0) h[c] + nadph[c] + tiC172eACP[c]  -> iC17ACP[c] + nadp[c] SCO1814 0 0 1000 0

EARi180x enoyl-[acyl-carrier-protein] reductase (NADH) (iso-C18:0) h[c] + nadh[c] + tiC182eACP[c]  -> nad[c] + iC18ACP[c] SCO1814 0 0 1000 0

EARi180y enoyl-[acyl-carrier-protein] reductase (NADPH) (iso-C18:0) h[c] + nadph[c] + tiC182eACP[c]  -> nadp[c] + iC18ACP[c] SCO1814 0 0 1000 0

EARi60x enoyl-[acyl-carrier-protein] reductase (NADH) (iso-C6:0) h[c] + nadh[c] + tiC62eACP[c]  -> iC6ACP[c] + nad[c] SCO1814 0 0 1000 0

EARi60y enoyl-[acyl-carrier-protein] reductase (NADPH) (iso-C6:0) h[c] + nadph[c] + tiC62eACP[c]  -> iC6ACP[c] + nadp[c] SCO1814 0 0 1000 0
EARi70x enoyl-[acyl-carrier-protein] reductase (NADH) (iso-C7:0) h[c] + nadh[c] + tiC72eACP[c]  -> iC7ACP[c] + nad[c] SCO1814 0 0 1000 0

EARi70y enoyl-[acyl-carrier-protein] reductase (NADPH) (iso-C7:0) h[c] + nadph[c] + tiC72eACP[c]  -> iC7ACP[c] + nadp[c] SCO1814 0 0 1000 0

EARi80x enoyl-[acyl-carrier-protein] reductase (NADH) (iso-C8:0) h[c] + nadh[c] + tiC82eACP[c]  -> nad[c] + iC8ACP[c] SCO1814 0 0 1000 0

EARi80y enoyl-[acyl-carrier-protein] reductase (NADPH) (iso-C8:0) h[c] + nadph[c] + tiC82eACP[c]  -> nadp[c] + iC8ACP[c] SCO1814 0 0 1000 0

EARi90x enoyl-[acyl-carrier-protein] reductase (NADH) (iso-C9:0) h[c] + nadh[c] + tiC92eACP[c]  -> iC9ACP[c] + nad[c] SCO1814 0 0 1000 0

EARi90y enoyl-[acyl-carrier-protein] reductase (NADPH) (iso-C9:0) h[c] + nadph[c] + tiC92eACP[c]  -> iC9ACP[c] + nadp[c] SCO1814 0 0 1000 0

ETHAAL Ethanolamine ammonia-lyase etha[c]  -> acald[c] + nh4[c] 0 0 1000 0

FACOAE100 fatty-acid-CoA thioesterase (decanoate) dcacoa[c] + h2o[c]  -> coa[c] + dca[c] + h[c] (SCO1153 or SCO2773) 0 0 1000 0

FACOAE120 fatty-acid-CoA thioesterase (dodecanoate) ddcacoa[c] + h2o[c]  -> coa[c] + ddca[c] + h[c] (SCO1153 or SCO2773) 0 0 1000 0

FACOAE140 fatty-acid-CoA thioesterase (tetradecanoate) h2o[c] + tdcoa[c]  -> coa[c] + h[c] + ttdca[c] (SCO1153 or SCO2773) 0 0 1000 0

FACOAE141 fatty-acid-CoA thioesterase (tetradecenoate) h2o[c] + tdecoa[c]  -> coa[c] + h[c] + ttdcea[c] (SCO1153 or SCO2773) 0 0 1000 0
FACOAE160 fatty-acid-CoA thioesterase (hexadecanoate) h2o[c] + pmtcoa[c]  -> coa[c] + h[c] + hdca[c] (SCO1153 or SCO2773) 0 0 1000 0

FACOAE161 fatty-acid-CoA thioesterase (hexadecenoate) h2o[c] + hdcoa[c]  -> coa[c] + h[c] + hdcea[c] (SCO1153 or SCO2773) 0 0 1000 0

FACOAE180 fatty-acid-CoA thioesterase (octadecanoate) h2o[c] + stcoa[c]  -> coa[c] + h[c] + ocdca[c] (SCO1153 or SCO2773) 0 0 1000 0

FACOAE181 fatty-acid-CoA thioesterase (octadecenoate) h2o[c] + odecoa[c]  -> coa[c] + h[c] + ocdcea[c] (SCO1153 or SCO2773) 0 0 1000 0

FACOAE60 fatty-acid-CoA thioesterase (hexanoate) h2o[c] + hxcoa[c]  -> coa[c] + h[c] + hxa[c] (SCO1153 or SCO2773) 0 0 1000 0

FACOAE80 fatty-acid-CoA thioesterase (octanoate) h2o[c] + occoa[c]  -> coa[c] + h[c] + octa[c] (SCO1153 or SCO2773) 0 0 1000 0

FACOAL100 fatty-acid-CoA ligase (decanoate) atp[c] + coa[c] + dca[c]  -> amp[c] + dcacoa[c] + ppi[c] (SCO6196 or SCO6195 or SCO2131 or SCO2444 or 

SCO2561 or SCO2720 or SCO3436 or SCO4006 or 

SCO5983 or SCO6552 or SCO6968 or SCO7244)

0 0 1000 0

FACOAL120 fatty-acid-CoA ligase (dodecanoate) atp[c] + coa[c] + ddca[c]  -> amp[c] + ddcacoa[c] + ppi[c] (SCO6196 or SCO6195 or SCO2131 or SCO2444 or 

SCO2561 or SCO2720 or SCO3436 or SCO4006 or 

SCO5983 or SCO6552 or SCO6968 or SCO7244)

0 0 1000 0

FACOAL140 fatty-acid-CoA ligase (tetradecanoate) atp[c] + coa[c] + ttdca[c]  -> amp[c] + ppi[c] + tdcoa[c] (SCO6196 or SCO6195 or SCO2131 or SCO2444 or 

SCO2561 or SCO2720 or SCO3436 or SCO4006 or 

SCO5983 or SCO6552 or SCO6968 or SCO7244)

0 0 1000 0
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FACOAL141 fatty-acid-CoA ligase (tetradecenoate) atp[c] + coa[c] + ttdcea[c]  -> amp[c] + ppi[c] + tdecoa[c] (SCO6196 or SCO6195 or SCO2131 or SCO2444 or 

SCO2561 or SCO2720 or SCO3436 or SCO4006 or 

SCO5983 or SCO6552 or SCO6968 or SCO7244)

0 0 1000 0

FACOAL160 fatty-acid-CoA ligase (hexadecanoate) atp[c] + coa[c] + hdca[c]  -> amp[c] + pmtcoa[c] + ppi[c] (SCO6196 or SCO6195 or SCO2131 or SCO2444 or 

SCO2561 or SCO2720 or SCO3436 or SCO4006 or 

SCO5983 or SCO6552 or SCO6968 or SCO7244)

0 0 1000 0

FACOAL161 fatty-acid-CoA ligase (hexadecenoate) atp[c] + coa[c] + hdcea[c]  -> amp[c] + hdcoa[c] + ppi[c] (SCO6196 or SCO6195 or SCO2131 or SCO2444 or 

SCO2561 or SCO2720 or SCO3436 or SCO4006 or 

SCO5983 or SCO6552 or SCO6968 or SCO7244)

0 0 1000 0

FACOAL180 fatty-acid-CoA ligase (octadecanoate) atp[c] + coa[c] + ocdca[c]  -> amp[c] + ppi[c] + stcoa[c] (SCO6196 or SCO6195 or SCO2131 or SCO2444 or 

SCO2561 or SCO2720 or SCO3436 or SCO4006 or 

SCO5983 or SCO6552 or SCO6968 or SCO7244)

0 0 1000 0

FACOAL181 fatty-acid-CoA ligase (octadecenoate) atp[c] + coa[c] + ocdcea[c]  -> amp[c] + odecoa[c] + ppi[c] (SCO6196 or SCO6195 or SCO2131 or SCO2444 or 

SCO2561 or SCO2720 or SCO3436 or SCO4006 or 

SCO5983 or SCO6552 or SCO6968 or SCO7244)

0 0 1000 0

FACOAL60 fatty-acid-CoA ligase (hexanoate) atp[c] + coa[c] + hxa[c]  -> amp[c] + hxcoa[c] + ppi[c] (SCO6196 or SCO6195 or SCO2131 or SCO2444 or 

SCO2561 or SCO2720 or SCO3436 or SCO4006 or 

SCO5983 or SCO6552 or SCO6968 or SCO7244)

0 0 1000 0

FACOAL80 fatty-acid-CoA ligase (octanoate) atp[c] + coa[c] + octa[c]  -> amp[c] + occoa[c] + ppi[c] (SCO6196 or SCO6195 or SCO2131 or SCO2444 or 

SCO2561 or SCO2720 or SCO3436 or SCO4006 or 

SCO5983 or SCO6552 or SCO6968 or SCO7244)

0 0 1000 0

G1PACT glucosamine-1-phosphate N-acetyltransferase accoa[c] + gam1p[c]  -> acgam1p[c] + coa[c] + h[c] SCO3122 0 0 1000 0

GALUi UTP-glucose-1-phosphate uridylyltransferase (irreversible) g1p[c] + h[c] + utp[c]  -> ppi[c] + udpg[c] SCO3182 0 0 1000 0

GDPMNP GDP-mannose phyrophosphatase gdpmann[c] + h2o[c]  -> gmp[c] + 2 h[c] + man1p[c] SCO0280 0 0 1000 0

GF6PTA glutamine-fructose-6-phosphate transaminase f6p[c] + gln-L[c]  -> gam6p[c] + glu-L[c] (SCO2789 or SCO4740) 0 0 1000 0

GLUR glutamate racemase glu-D[c]  <=> glu-L[c] SCO1018 1 -1000 1000 0
MAN1PT mannose-1-phosphate guanylyltransferase gtp[c] + h[c] + man1p[c]  -> gdpmann[c] + ppi[c] (SCO1388 or SCO3039) 0 0 1000 0

MI1PP myo-inositol 1-phosphatase h2o[c] + mi1p-D[c]  -> inost[c] + pi[c] SCO5860 0 0 1000 0

PAPPT3 phospho-N-acetylmuramoyl-pentapeptide-transferase (meso-

2,6-diaminopimelate)

udcpp[c] + ugmda[c]  -> uagmda[c] + ump[c] SCO2087 0 0 1000 0

PGAMT phosphoglucosamine mutase gam1p[c]  <=> gam6p[c] SCO4736 1 -1000 1000 0

T2DECAI trans-2-decenoyl-ACP isomerase tdec2eACP[c]  <=> cdec3eACP[c] 1 -1000 1000 0

TDPDRE dTDP-4-dehydrorhamnose 3,5-epimerase dtdp4d6dg[c]  -> dtdp4d6dm[c] SCO0400 0 0 1000 0

TDPDRR dTDP-4-dehydrorhamnose reductase dtdp4d6dm[c] + h[c] + nadph[c]  -> dtdprmn[c] + nadp[c] SCO7194 0 0 1000 0

TDPGDH dTDPglucose 4,6-dehydratase dtdpglu[c]  -> dtdp4d6dg[c] + h2o[c] (SCO0749 or SCO6179) 0 0 1000 0

UAAGDS UDP-N-acetylmuramoyl-L-alanyl-D-glutamyl-meso-2,6-

diaminopimelate synthetase

26dap-M[c] + atp[c] + uamag[c]  -> adp[c] + h[c] + pi[c] + ugmd[c] SCO2089 0 0 1000 0

UACMAMO UDP-N-acetyl-D-mannosamine oxidoreductase h2o[c] + 2 nad[c] + uacmam[c]  -> 3 h[c] + 2 nadh[c] + uacmamu[c] (SCO4773 or SCO5050) 0 0 1000 0
UAG2E UDP-N-acetylglucosamine 2-epimerase uacgam[c]  <=> uacmam[c] 1 -1000 1000 0

UAGCVT UDP-N-acetylglucosamine 1-carboxyvinyltransferase pep[c] + uacgam[c]  -> pi[c] + uaccg[c] (SCO2949 or SCO5998) 0 0 1000 0

UAGDP UDP-N-acetylglucosamine diphosphorylase acgam1p[c] + h[c] + utp[c]  -> ppi[c] + uacgam[c] SCO3122 0 0 1000 0

UAGPT3 UDP-N-acetylglucosamine-N-acetylmuramyl-

(pentapeptide)pyrophosphoryl-undecaprenol N-

acetylglucosamine transferase

uacgam[c] + uagmda[c]  -> h[c] + uaagmda[c] + udp[c] SCO2084 0 0 1000 0

UAMAGS UDP-N-acetylmuramoyl-L-alanyl-D-glutamate synthetase atp[c] + glu-D[c] + uama[c]  -> adp[c] + h[c] + pi[c] + uamag[c] SCO2086 0 0 1000 0

UAMAS UDP-N-acetylmuramoyl-L-alanine synthetase ala-L[c] + atp[c] + uamr[c]  -> adp[c] + h[c] + pi[c] + uama[c] SCO6060 0 0 1000 0

UAPGR UDP-N-acetylenolpyruvoylglucosamine reductase h[c] + nadph[c] + uaccg[c]  -> nadp[c] + uamr[c] SCO4643 0 0 1000 0

UDCPDP undecaprenyl-diphosphatase h2o[c] + udcpdp[c]  -> h[c] + pi[c] + udcpp[c] (SCO1326 or SCO7047) 0 0 1000 0

UDPGD UDPglucose 6-dehydrogenase h2o[c] + 2 nad[c] + udpg[c]  -> 3 h[c] + 2 nadh[c] + udpglcur[c] SCO3052 0 0 1000 0
UGMDDS UDP-N-acetylmuramoyl-L-alanyl-D-glutamyl-meso-2,6-

diaminopimeloyl-D-alanyl-D-alanine synthetase

alaala[c] + atp[c] + ugmd[c]  -> adp[c] + h[c] + pi[c] + ugmda[c] SCO2088 0 0 1000 0

ACONTa aconitase (half-reaction A, Citrate hydro-lyase) cit[c]  <=> acon-C[c] + h2o[c] SCO5999 1 -1000 1000 0

ACONTb aconitase (half-reaction B, Isocitrate hydro-lyase) acon-C[c] + h2o[c]  <=> icit[c] SCO5999 1 -1000 1000 0

AKGDH 2-Oxogluterate dehydrogenase akg[c] + coa[c] + nad[c]  -> co2[c] + nadh[c] + succoa[c] (SCO5281 and (SCO2181 or SCO7123) and 

(SCO0884 or SCO2180 or SCO4919))

0 0 1000 0

AKGDH2 2-Oxogluterate dehydrogenase (NADP via ferredoxin) akg[c] + coa[c] + nadp[c]  -> co2[c] + nadph[c] + succoa[c] (((SCO4594 and SCO4595) or (SCO6269 and 

SCO6270)) and SCO0681)

0 0 1000 0

CITL Citrate lyase cit[c]  -> ac[c] + oaa[c] (SCO2033 or SCO6471) 0 0 1000 0

CS citrate synthase accoa[c] + h2o[c] + oaa[c]  -> cit[c] + coa[c] + h[c] (SCO2736 or SCO4388 or SCO5832) 0 0 1000 0

FUM fumarase fum[c] + h2o[c]  <=> mal-L[c] (SCO5042 or SCO5044) 1 -1000 1000 0

ICDHyr isocitrate dehydrogenase (NADP) icit[c] + nadp[c]  <=> akg[c] + co2[c] + nadph[c] SCO7000 1 -1000 1000 0
MDH malate dehydrogenase mal-L[c] + nad[c]  <=> h[c] + nadh[c] + oaa[c] SCO4827 1 -1000 1000 0

SUCOAS succinyl-CoA synthetase (ADP-forming) atp[c] + coa[c] + succ[c]  <=> adp[c] + pi[c] + succoa[c] ((SCO4808 and SCO4809) or (SCO6585 and 

SCO6586))

1 -1000 1000 0
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4HTHRS 4-Hydroxy-L-threonine synthase h2o[c] + phthr[c]  -> 4hthr[c] + pi[c] (SCO4293 or SCO5355) 0 0 1000 0

5DOAN 5'-deoxyadenosine nuclosidase dad-5[c] + h2o[c]  -> 5drib[c] + ade[c] 0 0 1000 0

ACBIPGT Adenosyl cobinamide phosphate guanyltransferase adocbip[c] + gtp[c] + h[c]  -> agdpcbi[c] + ppi[c] SCO2173 0 0 1000 0
ACPpds acyl-carrier-protein phosphodiesterase ACP[c] + h2o[c]  -> apoACP[c] + h[c] + pan4p[c] SCO0046 0 0 1000 0

ACPpdsact acyl-carrier-protein phosphodiesterase (actinorhodin) ACPact[c] + h2o[c]  -> apoACPact[c] + h[c] + pan4p[c] SCO0046 0 0 1000 0

ACPpdscda acyl-carrier-protein phosphodiesterase (calcium-dependent 

antibiotics)

ACPcda[c] + h2o[c]  -> apoACPcda[c] + h[c] + pan4p[c] SCO0046 0 0 1000 0

ACPpdsredL acyl-carrier-protein phosphodiesterase (redL) ACPredL[c] + h2o[c]  -> apoACPredL[c] + h[c] + pan4p[c] SCO0046 0 0 1000 0

ACPpdsredN acyl-carrier-protein phosphodiesterase (redN) ACPredN[c] + h2o[c]  -> apoACPredN[c] + h[c] + pan4p[c] SCO0046 0 0 1000 0

ACPpdsredQ acyl-carrier-protein phosphodiesterase (redQ) ACPredQ[c] + h2o[c]  -> apoACPredQ[c] + h[c] + pan4p[c] SCO0046 0 0 1000 0

ACPS1 acyl-carrier protein synthase apoACP[c] + coa[c]  -> ACP[c] + h[c] + pap[c] SCO4744 0 0 1000 0

ACPSact acyl-carrier protein synthase (actinorhodin) apoACPact[c] + coa[c]  -> ACPact[c] + h[c] + pap[c] SCO4744 0 0 1000 0

ACPScda acyl-carrier protein synthase (calcium-dependent antibiotics) apoACPcda[c] + coa[c]  -> ACPcda[c] + h[c] + pap[c] SCO6673 0 0 1000 0

ACPSredL acyl-carrier protein synthase (redL) apoACPredL[c] + coa[c]  -> ACPredL[c] + h[c] + pap[c] SCO4744 0 0 1000 0

ACPSredN acyl-carrier protein synthase (redN) apoACPredN[c] + coa[c]  -> ACPredN[c] + h[c] + pap[c] SCO4744 0 0 1000 0
ACPSredQ acyl-carrier protein synthase (redQ) apoACPredQ[c] + coa[c]  -> ACPredQ[c] + h[c] + pap[c] SCO4744 0 0 1000 0

ADCL 4-aminobenzoate synthase 4adcho[c]  -> 4abz[c] + h[c] + pyr[c] 0 0 1000 0

ADCPS1 adenosylcobinamide-phosphate synthase adcobhex[c] + appl[c] + atp[c]  -> adocbi[c] + adp[c] + h[c] + pi[c] SCO1847 0 0 1000 0

ADCPS2 adenosylcobinamide-phosphate synthase adcobhex[c] + applp[c] + atp[c]  -> adocbip[c] + adp[c] + h[c] + pi[c] SCO1847 0 0 1000 0

ADCS 4-amino-4-deoxychorismate synthase chor[c] + gln-L[c]  -> 4adcho[c] + glu-L[c] SCO3851 0 0 1000 0

ADCYRS adenosylcobyric acid synthase (glutamine-hydrolysing) adcobdam[c] + 4 atp[c] + 4 gln-L[c] + 4 h2o[c]  -> adcobhex[c] + 4 adp[c] + 4 glu-

L[c] + 4 h[c] + 4 pi[c]

SCO1848 0 0 1000 0

ADOCBIK Adenosyl cobinamide kinase adocbi[c] + atp[c]  -> adocbip[c] + adp[c] + h[c] SCO2173 0 0 1000 0

ADOCBLS Adenosylcobalamin 5'-phosphate synthase agdpcbi[c] + rdmbzi[c]  -> adocbl[c] + gmp[c] + h[c] SCO2177 0 0 1000 0

AHMMPS 4-amino-5-hydroxymethyl-2-methylpyrimidine synthetase air[c] + 2 h[c]  -> 4ahmmp[c] + gcald[c] + pi[c] SCO3928 0 0 1000 0

AKP1 alkaline phosphatase (Dihydroneopterin) ahdt[c] + 3 h2o[c]  -> dhnpt[c] + 2 h[c] + 3 pi[c] (SCO0828 or SCO1290 or SCO2068 or SCO2286) 0 0 1000 0
ALATA_D2 D-alanine transaminase ala-D[c] + pydx5p[c]  -> pyam5p[c] + pyr[c] (SCO1087 or SCO4837 or SCO5470 or SCO5364) 0 0 1000 0

ALATA_L2 alanine transaminase ala-L[c] + pydx5p[c]  -> pyam5p[c] + pyr[c] (SCO1087 or SCO4837 or SCO5470 or SCO5364) 0 0 1000 0

AMAOTr adenosylmethionine-8-amino-7-oxononanoate transaminase 8aonn[c] + amet[c]  <=> amob[c] + dann[c] SCO1245 1 -1000 1000 0

AMMQLT9 S-adenosylmethione:2-demthylmenaquinole methyltransferase 

(menaquinone 9)

2dmmql9[c] + amet[c]  -> ahcys[c] + h[c] + mql9[c] (SCO4556 or SCO5940) 0 0 1000 0

AOXSr2 8-amino-7-oxononanoate synthase ala-L[c] + pimACP[c]  -> 8aonn[c] + ACP[c] + co2[c] (SCO1243 or SCO5890) 0 0 1000 0

APRAUR 5-amino-6-(5-phosphoribosylamino)uracil reductase 5apru[c] + h[c] + nadph[c]  -> 5aprbu[c] + nadp[c] (SCO2688 or SCO6058 or SCO4106) 0 0 1000 0

ASP1DC aspartate 1-decarboxylase asp-L[c] + h[c]  -> ala-B[c] + co2[c] (SCO0978 and SCO3416) 0 0 1000 0

ASPO5 L-aspartate oxidase asp-L[c] + fum[c]  -> h[c] + iasp[c] + succ[c] SCO3382 0 0 1000 0

ASPO6 L-aspartate oxidase asp-L[c] + o2[c]  -> h[c] + h2o2[c] + iasp[c] SCO3382 0 0 1000 0

BACCL biotin-[acetyl-CoA-carboxylase] ligase atp[c] + btn[c] + h[c]  -> btamp[c] + ppi[c] SCO4927 0 0 1000 0

BMOCOS bis-molybdenum cofactor synthase moco[c] + mptamp[c]  -> amp[c] + bmoco[c] + cu2[c] (SCO3181 or SCO3827) 0 0 1000 0
BMOGDS1 bis-molybdopterin guanine dinucleotide synthase (single GDP) bmoco[c] + gtp[c] + h[c]  -> bmoco1gdp[c] + ppi[c] SCO3828 0 0 1000 0

BMOGDS2 bis-molybdopterin guanine dinucleotide synthase bmoco1gdp[c] + gtp[c] + h[c]  -> bmocogdp[c] + ppi[c] SCO3828 0 0 1000 0

BTS5 Biotin synthase 2fe2s[c] + amet[c] + dtbt[c]  -> 2fe1s[c] + btn[c] + dad-5[c] + h[c] + met-L[c] SCO1244 0 0 1000 0

BWCOGDS1 tungsten bispterin guanine dinucleotide synthase (single GDP) bwco[c] + gtp[c] + h[c]  -> bwco1gdp[c] + ppi[c] SCO3828 0 0 1000 0

BWCOGDS2 tungsten bispterin guanine dinucleotide synthase bwco1gdp[c] + gtp[c] + h[c]  -> bwcogdp[c] + ppi[c] SCO3828 0 0 1000 0

BWCOS tungsten bispterin cofactor synthase mptamp[c] + wco[c]  -> amp[c] + bwco[c] + cu2[c] (SCO3181 or SCO3827) 0 0 1000 0

CBIAT Cobinamide adenyltransferase atp[c] + cbi[c] + h[c]  <=> adocbi[c] + pppi[c] SCO1851 1 -1000 1000 0

CBLAT cob(I)alamin adenosyltransferase atp[c] + cbl1[c] + h[c]  <=> adocbl[c] + pppi[c] 1 -1000 1000 0

CDPMEK 4-(cytidine 5'-diphospho)-2-C-methyl-D-erythritol kinase 4c2me[c] + atp[c]  -> 2p4c2me[c] + adp[c] + h[c] SCO3148 0 0 1000 0

CFL chorismate futalosine-lyase chor[c] + pep[c] + ins[c] + h[c] -> futal[c] + pyr[c] + h2o[c] + pi[c] + co2[c] SCO4506 0 0 1000 0

CIGAMS cys-1L-myo-inositol 2-deoxy-D-glucopyranoside synthase atp[c] + cys-L[c] + igam[c]  -> amp[c] + cigam[c] + 2 h[c] + ppi[c] SCO1663 0 0 1000 0
COCHL cobaltochelatase atp[c] + cobalt2[c] + h2o[c] + hgbam[c]  -> adp[c] + co2dam[c] + 2 h[c] + pi[c] SCO1849 0 0 1000 0

CPC2MT cobalt-precorrin-2 C20-methyltransferase amet[c] + copre2[c]  -> ahcys[c] + h[c] + copre3[c] SCO1853 0 0 1000 0

CPC3MT cobalt-precorrin-3B C17-methyltransferase amet[c] + copre3[c]  -> ahcys[c] + copre4[c] SCO1857 0 0 1000 0

CPC4MT cobalt-precorrin-4 C11-methyltransferase amet[c] + copre4[c]  -> ahcys[c] + h[c] + copre5[c] SCO1855 0 0 1000 0

CPC5MT cobalt-precorrin-5 C1-methyltransferase amet[c] + h2o[c] + copre5[c]  -> acald[c] + ahcys[c] + h[c] + copre6[c] SCO1857 0 0 1000 0

CPC6R cobalt-precorrin-6A reductase h[c] + nadph[c] + copre6[c]  -> nadp[c] + codhpre6[c] SCO3283 0 0 1000 0

CPC8MM cobalt-precorrin-8X methylmutase copre8[c]  <=> cobya[c] SCO3282 1 -1000 1000 0

CPMPS cyclic pyranopterin monophosphate synthase gtp[c] + h2o[c]  -> cpmp[c] + ppi[c] (SCO1821 and SCO3180) 0 0 1000 0

CPPPGO2 Oxygen Independent coproporphyrinogen-III oxidase 2 amet[c] + cpppg3[c]  -> 2 co2[c] + 2 dad-5[c] + 2 met-L[c] + pppg9[c] SCO2559 0 0 1000 0

CYRDAAT cob(I)yrinic acid a,c-diamide adenosyltransferase atp[c] + co1dam[c] + h[c]  -> adcobdam[c] + pppi[c] SCO1851 0 0 1000 0

CYRDAR cob(II)yrinic acid a,c-diamide reductase 2 co2dam[c] + nadh[c]  -> 2 co1dam[c] + h[c] + nad[c] 0 0 1000 0

CYRDAS Cob(II)yrinate a,c-diamide synthase (glutamine-hydrolysing) 2 atp[c] + cobya[c] + 2 gln-L[c] + h2o[c]  -> 2 adp[c] + co2dam[c] + 2 glu-L[c] + 
h[c] + ppi[c]

SCO1852 0 0 1000 0

DB4PS 3,4-Dihydroxy-2-butanone-4-phosphate synthase ru5p-D[c]  -> db4p[c] + for[c] + h[c] SCO1441 0 0 1000 0

DBTS dethiobiotin synthase atp[c] + co2[c] + dann[c]  -> adp[c] + dtbt[c] + 3 h[c] + pi[c] SCO1246 0 0 1000 0
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DHFR dihydrofolate reductase dhf[c] + h[c] + nadph[c]  <=> nadp[c] + thf[c] 1 -1000 1000 0

DHFS dihydrofolate synthase atp[c] + dhpt[c] + glu-L[c]  -> adp[c] + dhf[c] + h[c] + pi[c] SCO2614 0 0 1000 0

DHFUTALS de-hypoxanthine futalosine synthase dhfutal[c] + nad[c] -> cdhfutal[c] + nadh[c] + h[c] SCO4550 0 0 1000 0
DHNAI 1,4-dihydroxynaphthoate isomerization (hypothetical reaction) dh6na[c]  -> dhna[c] 0 0 1000 0

DHNANT4 1,4-dihydroxy-2-naphthoate nonaprenyltransferase dhna[c] + h[c] + nndp[c]  -> 2dmmql9[c] + co2[c] + ppi[c] 0 0 1000 0

DHNAS 1,4-dihydroxy-6-naphthoate synthase cdhfutal[c]  -> dh6na[c] + glyald[c] SCO4326 0 0 1000 0

DHNPA2r dihydroneopterin aldolase reversible dhnpt[c]  <=> 6hmhpt[c] + gcald[c] SCO3400 1 -1000 1000 0

DHNPTE Dihydroneopterin epimerase dhnpt[c]  <=> dhmpt[c] SCO3400 1 -1000 1000 0

DHPPDA2 diaminohydroxyphosphoribosylaminopryrimidine deaminase 

(25drapp)

25drapp[c] + h[c] + h2o[c]  -> 5apru[c] + nh4[c] SCO2688 0 0 1000 0

DHPS2 dihydropteroate synthase 4abz[c] + 6hmhptpp[c]  -> dhpt[c] + ppi[c] (SCO3398 or SCO5141) 0 0 1000 0

DMATT dimethylallyltranstransferase dmpp[c] + ipdp[c]  -> grdp[c] + ppi[c] (SCO0185 or SCO0565 or SCO5250 or SCO6763) 0 0 1000 0

DMBZIDS 5,6-dimethylbenzimidazole synthase fmnh2[c] + o2[c]  -> dmbzid[c] + dalua[c] + e4p[c] 0 0 1000 0

DMPPS 1-hydroxy-2-methyl-2-(E)-butenyl 4-diphosphate reductase 

(dmpp)

h[c] + h2mb4p[c] + nadh[c]  -> dmpp[c] + h2o[c] + nad[c] SCO5058 0 0 1000 0

DNADDP Deaminido NAD diphosphatase h2o[c] + dnad[c]  -> amp[c] + 2 h[c] + nicrnt[c] SCO5186 0 0 1000 0

DPCOAK dephospho-CoA kinase atp[c] + dpcoa[c]  -> adp[c] + coa[c] + h[c] SCO1996 0 0 1000 0

DPR 2-dehydropantoate 2-reductase 2dhp[c] + h[c] + nadph[c]  -> nadp[c] + pant-R[c] SCO6562 0 0 1000 0

DXPRIi 1-deoxy-D-xylulose reductoisomerase dxyl5p[c] + h[c] + nadph[c]  -> 2me4p[c] + nadp[c] SCO5694 0 0 1000 0

DXPS 1-deoxy-D-xylulose 5-phosphate synthase g3p[c] + h[c] + pyr[c]  -> co2[c] + dxyl5p[c] (SCO6013 or SCO6768) 0 0 1000 0

DXYLK 1-Deoxy-D-xylulose kinase atp[c] + dxyl[c]  -> adp[c] + dxyl5p[c] + h[c] (SCO1170 or SCO2462) 0 0 1000 0

E4PD Erythrose 4-phosphate dehydrogenase e4p[c] + h2o[c] + nad[c]  <=> 4per[c] + 2 h[c] + nadh[c] (SCO1947 or SCO7040 or SCO7511) 1 -1000 1000 0

EGMEACPR Enoylglutaryl-[ACP] methyl ester reductase egmeACP[c] + h[c] + nadph[c]  -> gmeACP[c] + nadp[c] SCO1814 0 0 1000 0

EPMEACPR Enoylpimeloyl-[ACP] methyl ester reductase epmeACP[c] + h[c] + nadph[c]  -> nadp[c] + pmeACP[c] SCO1814 0 0 1000 0

FADRx2 FAD reductase fad[c] + h[c] + nadph[c]  -> fadh2[c] + nadp[c] SCO6102 0 0 1000 0

FCLT Ferrochelatase fe2[c] + ppp9[c]  -> 2 h[c] + pheme[c] SCO5859 0 0 1000 0
FE3Ri Fe(III) reduction fadh2[c] + 2 fe3[c]  -> fad[c] + 2 fe2[c] + 2 h[c] 0 0 1000 0

FESD1s iron-sulfur cluster damage (peroxide, spontaneous) 2 4fe4s[c] + 2 h[c] + h2o2[c]  -> 2 3fe4s[c] + 2 fe3[c] + 2 h2o[c] s0001 0 0 1000 0

FESD2s iron-sulfur cluster damage (nitrous oxide, spontaneous) 2 4fe4s[c] + 2 h[c] + 2 no[c]  -> 2 3fe4s[c] + 2 fe3[c] + h2o[c] + n2o[c] s0001 0 0 1000 0

FESR iron-sulfur cluster repair 3fe4s[c] + fe2[c]  -> 4fe4s[c] 0 0 1000 0

FLVR flavin reductase h[c] + nadph[c] + ribflv[c]  -> nadp[c] + rbflvrd[c] SCO6102 0 0 1000 0

FMNAT FMN adenylyltransferase atp[c] + fmn[c] + h[c]  -> fad[c] + ppi[c] SCO5711 0 0 1000 0

FMNRx FMN reductase fmn[c] + h[c] + nadh[c]  -> fmnh2[c] + nad[c] SCO3295 0 0 1000 0

FMNRx2 FMN reductase fmn[c] + h[c] + nadph[c]  -> fmnh2[c] + nadp[c] (SCO3295 or SCO6102) 0 0 1000 0

FRTT farnesyltranstransferase frdp[c] + ipdp[c]  -> ggdp[c] + ppi[c] (SCO0185 or SCO0565 or SCO5250 or SCO6763) 0 0 1000 0

FUTALH futalosine hydrolase futal[c] + h2o[c]  -> dhfutal[c] + hxan[c] SCO4327 0 0 1000 0

G1SAT glutamate-1-semialdehyde aminotransferase glu1sa[c]  <=> 5aop[c] (SCO0401 or SCO4469) 1 -1000 1000 0

GDPDPK GDP diphosphokinase atp[c] + gdp[c]  -> amp[c] + ppgpp[c] + h[c] (SCO1513 or SCO5794) 0 0 1000 0
GDPTPDP guanosine 3'-diphosphate 5'-triphosphate 3'-diphosphatase gdptp[c] + h2o[c]  -> gtp[c] + ppi[c] (SCO1513 or SCO5794) 0 0 1000 0

GGTT geranylgeranyltranstransferase ggdp[c] + ipdp[c]  -> ppdp[c] + ppi[c] SCO4583 0 0 1000 0

GLUTRR glutamyl-tRNA reductase glutrna[c] + h[c] + nadph[c]  -> glu1sa[c] + nadp[c] + trnaglu[c] SCO3319 0 0 1000 0

GLUTRS Glutamyl-tRNA synthetase atp[c] + glu-L[c] + trnaglu[c]  -> amp[c] + glutrna[c] + ppi[c] SCO5547 0 0 1000 0

GRTT geranyltranstransferase grdp[c] + ipdp[c]  -> frdp[c] + ppi[c] (SCO0185 or SCO0565 or SCO5250 or SCO6763) 0 0 1000 0

GTHRDH glutathione hydralase gthrd[c] + h2o[c]  -> cgly[c] + glu-L[c] (SCO5945 or SCO6407 or SCO6444) 0 0 1000 0

GTPCI GTP cyclohydrolase I gtp[c] + h2o[c]  -> ahdt[c] + for[c] + h[c] SCO3403 0 0 1000 0

GTPCII2 GTP cyclohydrolase II (25drapp) gtp[c] + 3 h2o[c]  -> 25drapp[c] + for[c] + 2 h[c] + ppi[c] (SCO1441 or SCO2687) 0 0 1000 0

GTPCIII2 GTP cyclohydrolase III (2a5farapp) gtp[c] + 2 h2o[c]  -> 2a5farapp[c] + h[c] + ppi[c] SCO6655 0 0 1000 0

GTPDPDP guanosine-5'-triphosphate,3'-diphosphate diphosphatase gdptp[c] + h2o[c]  -> h[c] + pi[c] + ppgpp[c] (SCO3093 or SCO3348) 0 0 1000 0

GTPDPK GTP diphosphokinase atp[c] + gtp[c]  -> amp[c] + gdptp[c] + h[c] (SCO1513 or SCO5794) 0 0 1000 0
HBADAS hydrogenobyrinic acid a,c-diamide synthase (glutamine-

hydrolysing)

2 atp[c] + 2 gln-L[c] + h2o[c] + hgbyr[c]  -> 2 adp[c] + 2 glu-L[c] + 2 h[c] + 

hgbam[c] + ppi[c]

SCO1852 0 0 1000 0

HEMEAS Heme A synthase h2o[c] + hemeO[c]  -> 4 h[c] + hemeA_#1[c] SCO1930 0 0 1000 0

HEMEOS Heme O synthase frdp[c] + h2o[c] + pheme[c]  -> hemeO[c] + ppi[c] SCO1934 0 0 1000 0

HEPTT trans-hexaprenyltranstransferase hepdp[c] + ipdp[c] -> octdp[c] + ppi[c] SCO4583 0 0 1000 0

HEXTT trans-hexaprenyltranstransferase hexdp[c] + ipdp[c] -> hepdp[c] + ppi[c] SCO4583 0 0 1000 0

HMBS hydroxymethylbilane synthase h2o[c] + 4 ppbng[c]  -> hmbil[c] + 4 nh4[c] (SCO7343 or SCO3318) 0 0 1000 0

HMPK1 hydroxymethylpyrimidine kinase (ATP) 4ahmmp[c] + atp[c]  -> 4ampm[c] + adp[c] + h[c] SCO5563 0 0 1000 0

HMPK2 hydroxymethylpyrimidine kinase (CTP) 4ahmmp[c] + ctp[c]  -> 4ampm[c] + cdp[c] + h[c] SCO5563 0 0 1000 0

HMPK3 hydroxymethylpyrimidine kinase (UTP) 4ahmmp[c] + utp[c]  -> 4ampm[c] + udp[c] + h[c] SCO5563 0 0 1000 0

HMPK4 hydroxymethylpyrimidine kinase (GTP) 4ahmmp[c] + gtp[c]  -> 4ampm[c] + gdp[c] + h[c] SCO5563 0 0 1000 0

HPPK2 6-hydroxymethyl-dihydropterin pyrophosphokinase 6hmhpt[c] + atp[c]  -> 6hmhptpp[c] + amp[c] + h[c] SCO3401 0 0 1000 0
IACGAMS2 1L-myo-inositol 2-Acetamido-2-deoxy-D-glucopyranoside 

synthesis (UDP-GlcNAc)

uacgam[c] + mi1p-L[c] + h2o[c]  -> iacgam[c] + udp[c] + pi[c] + h[c] SCO4204 0 0 1000 0

ICYSDS ISC/NIF Cysteine desulfuration cys-L[c] + iscs[c]  -> ala-L[c] + iscssh[c] SCO5486 0 0 1000 0
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IGAMD 1L-myo-inositol 2-Acetamido-2-deoxy-D-glucopyranoside 

deacetylase

h2o[c] + iacgam[c]  -> ac[c] + igam[c] (SCO5126 or SCO4967) 0 0 1000 0

IPDDI isopentenyl-diphosphate D-isomerase ipdp[c]  <=> dmpp[c] SCO6750 1 -1000 1000 0
IPDPS 1-hydroxy-2-methyl-2-(E)-butenyl 4-diphosphate reductase 

(ipdp)

h[c] + h2mb4p[c] + nadh[c]  -> h2o[c] + ipdp[c] + nad[c] SCO5058 0 0 1000 0

LIPAMPL Lipoyl-adenylate protein ligase lipoamp[c]  -> amp[c] + lipopb[c] + h[c] SCO6423 0 0 1000 0

LIPATPT Lipoate-ATP adenylate transferase atp[c] + lipoate[c]  -> lipoamp[c] + ppi[c] SCO6423 0 0 1000 0

LIPOCT Lipoyl(octanoyl) transferase h[c] + ocACP[c]  -> ACP[c] + octapb[c] SCO2193 0 0 1000 0

LIPOS Lipoate synthase 4fe4s[c] + 2 amet[c] + nad[c] + octapb[c]  -> 2fe2s[c] + 2 dad-5[c] + 2 fe2[c] + 

lipopb[c] + 2 met-L[c] + nadh[c] 

SCO2194 0 0 1000 0

MALACPMT Malonyl-[ACP] methyltransferase amet[c] + malACP[c]  -> ahcys[c] + malACPme[c] 0 0 1000 0

MECDPDH2 2C-methyl-D-erythritol 2,4 cyclodiphosphate dehydratase 2mecdp[c] + nadh[c]  -> nad[c] + h2mb4p[c] + h2o[c] (SCO5696 or SCO6767) 0 0 1000 0

MECDPS 2-C-methyl-D-erythritol 2,4-cyclodiphosphate synthase 2p4c2me[c]  -> 2mecdp[c] + cmp[c] SCO4234 0 0 1000 0

MEPCT 2-C-methyl-D-erythritol 4-phosphate cytidylyltransferase 2me4p[c] + ctp[c] + h[c]  -> 4c2me[c] + ppi[c] SCO4233 0 0 1000 0

MOADSUx MoaD sulfuration (nadh, assumed) iscssh[c] + moadamp[c] + nadh[c]  -> amp[c] + iscs[c] + moadcosh[c] + nad[c] (SCO5486 and SCO5201) 0 0 1000 0
MOCOS molybdenum cofactor synthase 2 h[c] + mobd[c] + mptamp[c]  -> amp[c] + cu2[c] + h2o[c] + moco[c] (SCO3181 or SCO3827) 0 0 1000 0

MOGDS molybdopterin guanine dinucleotide synthase gtp[c] + h[c] + moco[c]  -> mocogdp[c] + ppi[c] SCO3828 0 0 1000 0

MOHMT 3-methyl-2-oxobutanoate hydroxymethyltransferase 3mob[c] + h2o[c] + mlthf[c]  -> 2dhp[c] + thf[c] SCO2256 0 0 1000 0

MPTAT molybdopterin adenylyltransferase atp[c] + h[c] + mpt[c]  -> mptamp[c] + ppi[c] SCO3179 0 0 1000 0

MPTS molybdopterin synthase cpmp[c] + cu2[c] + 2 moadcosh[c]  -> 5 h[c] + 2 moadcoo[c] + mpt[c] SCO5201 0 0 1000 0

MPTSS molybdopterin synthase sulfurylase atp[c] + h[c] + moadcoo[c]  -> moadamp[c] + ppi[c] SCO5178 0 0 1000 0

MSHS mycothiol synthase accoa[c] + cigam[c]  -> coa[c] + msh[c] SCO4151 0 0 1000 0

MYCTR mycothiol reductase (nadp dependent) 2 msh[c] + nadp[c]  <=> h[c] + mssg[c] + nadph[c] 1 -1000 1000 0

NADDP NAD diphosphatase h2o[c] + nad[c]  -> amp[c] + 2 h[c] + nmn[c] SCO5186 0 0 1000 0

NADK NAD kinase atp[c] + nad[c]  -> adp[c] + h[c] + nadp[c] SCO1781 0 0 1000 0

NADS1 NAD synthase (nh3) atp[c] + dnad[c] + nh4[c]  -> amp[c] + h[c] + nad[c] + ppi[c] SCO0506 0 0 1000 0
NADS2 NAD synthase (glutamine-hydrolysing) atp[c] + dnad[c] + gln-L[c] + h2o[c]  -> amp[c] + glu-L[c] + h[c] + nad[c] + ppi[c] SCO2238 0 0 1000 0

NAMNPP nicotinic acid mononucleotide pyrophosphorylase atp[c] + h2o[c] + nac[c] + prpp[c]  -> adp[c] + nicrnt[c] + pi[c] + ppi[c] (SCO0171 or SCO2917) 0 0 1000 0

NMNAT nicotinamide-nucleotide adenylyltransferase atp[c] + h[c] + nmn[c]  -> nad[c] + ppi[c] SCO2579 0 0 1000 0

NNAM nicotinamidase h2o[c] + ncam[c]  -> nac[c] + nh4[c] SCO2918 0 0 1000 0

NNDMBRT Nicotinate-nucleotide dimethylbenzimidazole 

phosphoribosyltransferase

dmbzid[c] + nicrnt[c]  -> 5prdmbz[c] + h[c] + nac[c] (SCO1554 or SCO2175) 0 0 1000 0

NNDPR nicotinate-nucleotide diphosphorylase (carboxylating) 2 h[c] + prpp[c] + quln[c]  -> co2[c] + nicrnt[c] + ppi[c] SCO3381 0 0 1000 0

OCTNLL Octanoate non-lipoylated apo domain ligase atp[c] + h[c] + octa[c]  -> amp[c] + octapb[c] + ppi[c] SCO6423 0 0 1000 0

OCTTT trans-octaprenyltranstransferase octdp[c] + ipdp[c] -> nndp[c] + ppi[c] SCO4583 0 0 1000 0

OGMEACPD 3-Oxo-glutaryl-[ACP] methyl ester dehydratase hgmeACP[c]  -> egmeACP[c] + h2o[c] 0 0 1000 0

OGMEACPR 3-Oxo-glutaryl-[ACP] methyl ester reductase h[c] + nadph[c] + ogmeACP[c]  -> hgmeACP[c] + nadp[c] (SCO0330 or SCO1345 or SCO1346 or SCO1815 or 

SCO1831 or SCO4501 or SCO4681)

0 0 1000 0

OGMEACPS2 3-Oxo-glutaryl-[ACP] methyl ester synthase h[c] + malACP[c] + malACPme[c]  -> co2[c] + ACP[c] + ogmeACP[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

OHPBAT O-Phospho-4-hydroxy-L-threonine:2-oxoglutarate 

aminotransferase

glu-L[c] + ohpb[c]  <=> akg[c] + phthr[c] SCO4366 1 -1000 1000 0

OPMEACPD 3-Oxo-pimeloyl-[ACP] methyl ester dehydratase hpmeACP[c]  -> epmeACP[c] + h2o[c] 0 0 1000 0

OPMEACPR 3-Oxo-pimeloyl-[ACP] methyl ester reductase h[c] + nadph[c] + opmeACP[c]  -> hpmeACP[c] + nadp[c] (SCO0330 or SCO1345 or SCO1346 or SCO1815 or 

SCO1831 or SCO4501 or SCO4681)

0 0 1000 0

OPMEACPS 3-Oxo-pimeloyl-[ACP] methyl ester synthase gmeACP[c] + h[c] + malACP[c]  -> ACP[c] + co2[c] + opmeACP[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

PANTS pantothenate synthase ala-B[c] + atp[c] + pant-R[c]  -> amp[c] + h[c] + pnto-R[c] + ppi[c] SCO3383 0 0 1000 0

PC11M precorrin-4 C11-methyltransferase amet[c] + pre4[c]  -> ahcys[c] + h[c] + pre5[c] SCO1855 0 0 1000 0

PC17M precorrin-3B C17-methyltransferase amet[c] + pre3b[c]  -> ahcys[c] + 3 h[c] + pre4[c] SCO1857 0 0 1000 0

PC20M precorrin-2 C20-methyltransferase amet[c] + dscl[c]  -> ahcys[c] + h[c] + pre3a[c] SCO1853 0 0 1000 0
PC3BS precorrin-3B synthase h[c] + 0.5 o2[c] + pre3a[c]  -> pre3b[c] 0 0 1000 0

PC6AR precorrin-6A reductase h[c] + nadph[c] + pre6a[c]  -> nadp[c] + pre6b[c] SCO3283 0 0 1000 0

PC6AS precorrin-6A synthase amet[c] + h2o[c] + pre5[c]  -> ac[c] + ahcys[c] + h[c] + pre6a[c] SCO6971 0 0 1000 0

PC6YM precorrin-6Y C5,15-methyltransferase (decarboxylating) 2 amet[c] + pre6b[c]  -> 2 ahcys[c] + co2[c] + 2 h[c] + pre8[c] (SCO1555 or SCO1856) 0 0 1000 0

PC8XM precorrin-8X methylmutase h[c] + pre8[c]  -> hgbyr[c] SCO3282 0 0 1000 0

PCPpdsredO peptidyl-carrier-protein phosphodiesterase (redO) PCPredO[c] + h2o[c]  -> apoPCPredO[c] + h[c] + pan4p[c] SCO0046 0 0 1000 0

PCPSredO peptidyl-carrier protein synthase (redO) apoPCPredO[c] + coa[c]  -> PCPredO[c] + h[c] + pap[c] SCO5883 0 0 1000 0

PDX5POi pyridoxine 5'-phosphate oxidase o2[c] + pdx5p[c]  -> h2o2[c] + pydx5p[c] (SCO4387 or SCO4418) 0 0 1000 0

PENTT trans-pentaprenyltranstransferase ppdp[c] + ipdp[c]  -> hexdp[c] + ppi[c] SCO4583 0 0 1000 0

PMDPHT pyrimidine phosphatase 5aprbu[c] + h2o[c]  -> 4r5au[c] + pi[c] 0 0 1000 0

PMEACPE Pimeloyl-[ACP] methyl ester esterase h2o[c] + pmeACP[c]  -> meoh[c] + pimACP[c] 0 0 1000 0

PMPK phosphomethylpyrimidine kinase 4ampm[c] + atp[c]  -> 2mahmp[c] + adp[c] SCO5563 0 0 1000 0
PNTK pantothenate kinase atp[c] + pnto-R[c]  -> 4ppan[c] + adp[c] + h[c] (SCO3380 or SCO4738) 0 0 1000 0

PPBNGS porphobilinogen synthase 2 5aop[c]  -> h[c] + 2 h2o[c] + ppbng[c] SCO3311 0 0 1000 0

PPCDC phosphopantothenoylcysteine decarboxylase 4ppcys[c] + h[c]  -> co2[c] + pan4p[c] SCO1477 0 0 1000 0
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PPGPPDP guanosine-3',5'-bis(diphosphate) 3'-diphosphatase h2o[c] + ppgpp[c]  -> gdp[c] + ppi[c] (SCO1513 or SCO5794) 0 0 1000 0

PPNCL2 phosphopantothenate-cysteine ligase 4ppan[c] + ctp[c] + cys-L[c]  -> 4ppcys[c] + cmp[c] + h[c] + ppi[c] SCO1477 0 0 1000 0

PPPGO protoporphyrinogen oxidase (aerobic) 1.5 o2[c] + pppg9[c]  -> 3 h2o[c] + ppp9[c] SCO6041 0 0 1000 0
PTPATi pantetheine-phosphate adenylyltransferase atp[c] + h[c] + pan4p[c]  -> dpcoa[c] + ppi[c] SCO5568 0 0 1000 0

PYAM5PO pyridoxamine 5'-phosphate oxidase h2o[c] + o2[c] + pyam5p[c]  -> h2o2[c] + nh4[c] + pydx5p[c] (SCO4387 or SCO4418) 0 0 1000 0

PYDAMK pyridoxamine kinase atp[c] + pydam[c]  -> adp[c] + h[c] + pyam5p[c] 0 0 1000 0

PYDXK pyridoxal kinase atp[c] + pydx[c]  -> adp[c] + h[c] + pydx5p[c] 0 0 1000 0

PYDXNK pyridoxine kinase atp[c] + pydxn[c]  -> adp[c] + h[c] + pdx5p[c] 0 0 1000 0

PYDXPS Pyridoxal 5-phosphate synthase ru5p-D[c] +  dhap[c] + gln-L[c]  -> pydx5p[c] + glu-L[c] + 3 h2o[c] + pi[c] + h[c] (SCO1522 and SCO1523) 0 0 1000 0

QULNS quinolinate synthase dhap[c] + iasp[c]  -> 2 h2o[c] + pi[c] + quln[c] SCO2162 0 0 1000 0

RBFK riboflavin kinase atp[c] + ribflv[c]  -> adp[c] + fmn[c] + h[c] SCO5711 0 0 1000 0

RBFSa riboflavin synthase 4r5au[c] + db4p[c]  -> dmlz[c] + 2 h2o[c] + pi[c] SCO1440 0 0 1000 0

RBFSb riboflavin synthase 2 dmlz[c]  -> 4r5au[c] + ribflv[c] SCO1443 0 0 1000 0

RZ5PP alpha-ribazole 5-phosphate phosphatase 5prdmbz[c] + h2o[c]  -> pi[c] + rdmbzi[c] 0 0 1000 0

S2FE2SR SUF [2Fe-2S] regeneration 2fe1s[c] + atp[c] + h2o[c] + sufbcd[c] + sufsesh[c]  -> adp[c] + 5 h[c] + pi[c] + 
sufbcd-2fe2s[c] + sufse[c] 

(SCO1925 and SCO1922 and SCO1924 and 
SCO1921)

0 0 1000 0

S2FE2SS SUF [2Fe-2S] Synthesis atp[c] + fadh2[c] + 2 fe2[c] + h2o[c] + sufbcd[c] + 2 sufsesh[c]  -> adp[c] + fad[c] + 

7 h[c] + pi[c] + sufbcd-2fe2s[c] + 2 sufse[c] 

(SCO1925 and SCO1922 and SCO1924 and 

SCO1921)

0 0 1000 0

S2FE2SS2 SUF [2Fe-2S] Synthesis II atp[c] + fadh2[c] + 2 fe2[c] + h2o[c] + sufbcd-2fe2s[c] + 2 sufsesh[c]  -> adp[c] + 

fad[c] + 7 h[c] + pi[c] + sufbcd-2fe2s2[c] + 2 sufse[c] 

(SCO1925 and SCO1922 and SCO1924 and 

SCO1921)

0 0 1000 0

S2FE2ST SUF [2Fe-2S] Transfer 4 h[c] + sufbcd-2fe2s[c]  -> 2fe2s[c] + sufbcd[c] (SCO1925 and SCO1922 and SCO1924) 0 0 1000 0

S4FE4SR SUF [4Fe-4S] Reduction fadh2[c] + 2 h[c] + sufbcd-2fe2s2[c]  -> fad[c] + sufbcd-4fe4s[c] (SCO1925 and SCO1922 and SCO1924) 0 0 1000 0

S4FE4ST SUF [4Fe-4S] Transfer 4 h[c] + sufbcd-4fe4s[c]  -> 4fe4s[c] + sufbcd[c] (SCO1925 and SCO1922 and SCO1924) 0 0 1000 0

SCYSDS SUF Cysteine desulfuration cys-L[c] + sufse[c]  -> ala-L[c] + sufsesh[c] SCO1921 0 0 1000 0

SHCHCC sirohydrochlorin cobaltochelatase cobalt2[c] + dscl[c]  -> copre2[c] + 3 h[c] SCO1858 0 0 1000 0

SHCHD2 sirohydrochlorin dehydrogenase (NAD) dscl[c] + nad[c]  -> h[c] + nadh[c] + scl[c] SCO1553 0 0 1000 0
SHCHF sirohydrochlorin ferrochelatase fe2[c] + scl[c]  -> 3 h[c] + sheme[c] SCO1553 0 0 1000 0

THRPD threonine-phosphate decarboxylase h[c] + thrp[c]  -> applp[c] + co2[c] 0 0 1000 0

THRPS threonine-phosphate synthase atp[c] + thr-L[c]  -> adp[c] + h[c] + thrp[c] 0 0 1000 0

THZPSN3 thiazole phosphate synthesis atp[c] + dhgly[c] + dxyl5p[c] + h[c] + iscssh[c] + nadph[c]  -> 4mpetz[c] + amp[c] 

+ co2[c] + 2 h2o[c] + iscs[c] + nadp[c] + ppi[c] 

(SCO5486 and SCO2108) 0 0 1000 0

TMK thiamine kinase atp[c] + thm[c]  -> adp[c] + h[c] + thmmp[c] 0 0 1000 0

TMPK thiamine-phosphate kinase atp[c] + thmmp[c]  -> adp[c] + thmpp[c] SCO5562 0 0 1000 0

TMPPP thiamine-phosphate diphosphorylase 2mahmp[c] + 4mpetz[c] + h[c]  -> ppi[c] + thmmp[c] SCO2104 0 0 1000 0

TYRL tyrosine lyase amet[c] + nadph[c] + tyr-L[c]  -> 4crsol[c] + dad-5[c] + dhgly[c] + h[c] + met-L[c] 

+ nadp[c] 

SCO2109 0 0 1000 0

UDCPDPS Undecaprenyl diphosphate synthase frdp[c] + 8 ipdp[c]  -> 8 ppi[c] + udcpdp[c] SCO2509 0 0 1000 0

UPP3MT uroporphyrinogen methyltransferase 2 amet[c] + uppg3[c]  -> 2 ahcys[c] + dscl[c] + h[c] (SCO1553 or SCO3317) 0 0 1000 0
UPP3S uroporphyrinogen-III synthase hmbil[c]  -> h2o[c] + uppg3[c] SCO3317 0 0 1000 0

UPPDC1 uroporphyrinogen decarboxylase (uroporphyrinogen III) 4 h[c] + uppg3[c]  -> 4 co2[c] + cpppg3[c] SCO6031 0 0 1000 0

WCOS tungsten pterin cofactor synthase 2 h[c] + mptamp[c] + tungs[c]  -> amp[c] + cu2[c] + h2o[c] + wco[c] (SCO3181 or SCO3827) 0 0 1000 0

ADSK adenylyl-sulfate kinase aps[c] + atp[c]  -> adp[c] + h[c] + paps[c] SCO6099 0 0 1000 0

AMPTASECG alanyl aminopeptidase (cys-gly) cgly[c] + h2o[c]  -> cys-L[c] + gly[c] (SCO2018 or SCO2635 or SCO2643) 0 0 1000 0

BPNT 3',5'-bisphosphate nucleotidase h2o[c] + pap[c]  -> amp[c] + pi[c] 0 0 1000 0

CYSDS Cysteine Desulfhydrase cys-L[c] + h2o[c]  -> h2s[c] + nh4[c] + pyr[c] (SCO0435 or SCO0731 or SCO3920) 0 0 1000 0

CYSS cysteine synthase acser[c] + h2s[c]  -> ac[c] + cys-L[c] + h[c] (SCO0992 or SCO1028 or SCO2910) 0 0 1000 0

CYSTGL cystathionine g-lyase cyst-L[c] + h2o[c]  -> 2obut[c] + cys-L[c] + nh4[c] SCO3920 0 0 1000 0

CYSTS cystathionine beta-synthase hcys-L[c] + ser-L[c]  -> cyst-L[c] + h2o[c] SCO3077 0 0 1000 0

PAPSR phosphoadenylyl-sulfate reductase (thioredoxin) paps[c] + trdrd[c]  -> 2 h[c] + pap[c] + so3[c] + trdox[c] (SCO6100 and (SCO0885 or SCO3889 or SCO5419 
or SCO5438))

0 0 1000 0

PAPSR3 phosphoadenylyl-sulfate reductase (mycothiol) 2 msh[c] + paps[c]  -> mssg[c] + 2 h[c] + pap[c] + so3[c] SCO6100 0 0 1000 0

SADT2 Sulfate adenyltransferase atp[c] + gtp[c] + h2o[c] + so4[c]  -> aps[c] + gdp[c] + pi[c] + ppi[c] (SCO6097 and SCO6098) 0 0 1000 0

SULRi sulfite reductase (NADPH2) 5 h[c] + 3 nadph[c] + so3[c]  -> 3 h2o[c] + h2s[c] + 3 nadp[c] SCO6102 0 0 1000 0

DABAACT L-2,4-diaminobutyrate acetyltransferase accoa[c] + 24dab[c]  -> coa[c] + nac24dab[c] SCO1864 0 0 1000 0

DABAAT DABA aminotransferase 24dab[c] + akg[c] + h[c]  <=> aspsa[c] + glu-L[c] (SCO1865 or SCO5799) 1 -1000 1000 0

ECTH Ectoine hydroxylase ectoine-L[c] + h[c] + nadh[c] + o2[c]  -> 5hectoine[c] + h2o[c] + nad[c] SCO1867 0 0 1000 0

ECTS L-ectoine synthase nac24dab[c]  -> ectoine-L[c] + h2o[c] + h[c] SCO1866 0 0 1000 0

Biomass_SCO S. coelicolor biomass objective function - with 75.7 GAM 

estimate

0.60978 ala-L[c] + 0.10195 arg-L[c] + 0.18343 asn-L[c] + 0.18599 asp-L[c] + 0.08069 cys-L[c] + 0.25085 glu-L[c] + 0.1418 gln-L[c] + 

0.55317 gly[c] + 0.07991 his-L[c] + 0.24831 ile-L[c] + 0.13981 leu-L[c] + 0.0708 lys-L[c] + 0.12059 met-L[c] + 0.13521 phe-L[c] + 0.37332 

pro-L[c] + 0.21339 ser-L[c] + 0.26691 thr-L[c] + 0.03275 trp-L[c] + 0.06539 tyr-L[c] + 0.22152 val-L[c] + 0.016297 datp[c] + 0.042326 

dctp[c] + 0.016297 dgtp[c] + 0.042326 dttp[c] + 75.81045 atp[c] + 0.13226 ctp[c] + 0.10035 gtp[c] + 0.17554 utp[c] + 0.000213 clpni140[c] 
+ 0.00061 clpni150[c] + 0.001055 clpnai150[c] + 0.001238 clpni160[c] + 0.000451 clpni170[c] + 0.00097 clpnai170[c] + 9.8e-005 clpn140[c] 

+ 6.1e-005 clpn150[c] + 0.000287 clpn161[c] + 0.001116 clpn160[c] + 0.000764 pei140[c] + 0.002184 pei150[c] + 0.003778 peai150[c] + 

0.004433 pei160[c] + 0.001616 pei170[c] + 0.003472 peai170[c] + 0.000349 pe140[c] + 0.000218 pe150[c] + 0.001026 pe161[c] + 0.003997 

0 0 1000 1
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pe160[c] + 5.9e-005 pii140[c] + 0.000169 pii150[c] + 0.000293 piai150[c] + 0.000344 pii160[c] + 0.000125 pii170[c] + 0.000269 piai170[c] 

+ 2.7e-005 pi140[c] + 1.7e-005 pi150[c] + 8e-005 pi161[c] + 0.00031 pi160[c] + 0.000149 pai140[c] + 0.000425 pai150[c] + 0.000735 

paai150[c] + 0.000863 pai160[c] + 0.000314 pai170[c] + 0.000676 paai170[c] + 6.8e-005 pa140[c] + 4.2e-005 pa150[c] + 0.0002 pa161[c] + 
0.000778 pa160[c] + 0.000796 tagi140[c] + 0.002273 tagi150[c] + 0.003933 tagai150[c] + 0.004614 tagi160[c] + 0.001682 tagi170[c] + 

0.003614 tagai170[c] + 0.000364 tag140[c] + 0.000227 tag150[c] + 0.001068 tag161[c] + 0.00416 tag160[c] + 0.030136 murein4px4p[c] + 

0.02984 murein4p4p[c] + 0.083227 uacgam[c] + 0.166453 udpgal[c] + 0.003536 gtca1[c] + 0.003536 gtca2[c] + 0.003536 gtca3[c] + 0.154187 

glycogen[c] + 0.087643 tre[c] + 0.00481 thmpp[c] + 0.002592 fad[c] + 0.005397 ribflv[c] + 0.003066 nad[c] + 0.003062 nadh[c] + 0.002744 

nadp[c] + 0.00274 nadph[c] + 0.00266 coa[c] + 0.008287 pydx5p[c] + 0.008349 btn[c] + 0.004309 10fthf[c] + 0.004431 5mthf[c] + 0.00446 

mlthf[c] + 0.004581 thf[c] + 0.001286 adocbl[c] + 0.00258 mql9[c] + 0.005085 amet[c] + 0.002387 hemeA_#1[c] + 0.002427 hemeO[c] + 

0.003306 pheme[c] + 0.002236 sheme[c] + 0.010787 lipopb[c] + 0.00235 mocogdp[c] + 0.001282 bmocogdp[c] + 0.002198 udcpdp[c] +

0.004185 msh[c] + 0.011698 2fe2s[c] + 0.005849 4fe4s[c] + 0.022527 ptrc[c] + 0.019494 15dap[c] + 0.013699 spmd[c] + 0.009842 sprm[c] 

+ 0.012379 nh4[c] + 0.004952 ca2[c] + 0.004952 cl[c] + 0.000024 cobalt2[c] + 0.000674 cu2[c] + 0.006388 fe2[c] + 0.007428 fe3[c] + 

0.000658 mn2[c] + 0.008253 mg2[c] + 0.000007 mobd[c] + 0.000307 ni2[c] + 0.18569 k[c] + 0.004126 so4[c] + 0.000324 zn2[c] + 71.62443 

h2o[c]  -> 75.7 adp[c] + 75.7 pi[c] + 0.635847 ppi[c] + 76.585527 h[c] + 0.24968 udp[c]

DM_2HYMEPH Sink needed to allow 2-(Hydroxymethyl)phenol to leave system 2hymeph[c]  -> 0 0 1000 0
DM_4CRSOL Sink needed to allow p-Cresol to leave system 4crsol[c]  -> 0 0 1000 0

DM_5DRIB Sink needed to allow 5'-deoxyribose to leave system 5drib[c]  -> 0 0 1000 0

DM_AACALD Sink needed to allow aminoacetaldehyde to leave system aacald[c]  -> 0 0 1000 0

DM_ACONM Sink needed to allow trans-aconitate-2-methyl ester to leave 

system (oxidative stress)

aconm[c]  -> 0 0 1000 0

DM_ACT Sink needed to allow intracellular actinorhodin to leave system ACT[c]  -> 0 0 1000 0

DM_AMOB Sink needed to allow S-Adenosyl-4-methylthio-2-oxobutanoate 

to leave system

amob[c]  -> 0 0 1000 0

DM_DALUA Sink needed to allow dialuric acid to leave system dalua[c]  -> 0 0 1000 0

DM_ECTOINE Sink needed to allow L-ectoine to leave system (osmotic stress) ectoine-L[c]  -> 0 0 1000 0

DM_GERMA Sink needed to allow intracellular germicidin A to leave system germicidinA[c]  -> 0 0 1000 0
DM_GERMB Sink needed to allow intracellular germicidin B to leave system germicidinB[c]  -> 0 0 1000 0

DM_GERMC Sink needed to allow intracellular germicidin C to leave system germicidinC[c]  -> 0 0 1000 0

DM_GERMD Sink needed to allow intracellular germicidin D to leave system germicidinD[c]  -> 0 0 1000 0

DM_MSH Sink needed to allow mycothiol to leave system (oxidative 

stress)

msh[c]  -> 0 0 1000 0

DM_RED Sink needed to allow intracellular undecylprodigiosin to leave 

system

RED[c]  -> 0 0 1000 0

EX_14glucan(e) 1,4-alpha-D-glucan exchange 14glucan[e]  <=> 1 0 1000 0

EX_15dap(e) 1,5-Diaminopentane exchange 15dap[e]  <=> 1 0 1000 0

EX_1Dgali(e) 1-alpha-D-Galactosyl-myo-inositol exchange 1Dgali[e]  <=> 1 0 1000 0

EX_23camp(e) 2',3'-Cyclic AMP exchange 23camp[e]  <=> 1 0 1000 0

EX_23ccmp(e) 2',3'-Cyclic CMP exchange 23ccmp[e]  <=> 1 0 1000 0
EX_23cgmp(e) 2',3'-Cyclic GMP exchange 23cgmp[e]  <=> 1 0 1000 0

EX_23cump(e) 2',3'-Cyclic UMP exchange 23cump[e]  <=> 1 0 1000 0

EX_26dap-M(e) meso-2,6-Diaminoheptanedioate exchange 26dap-M[e]  <=> 1 0 1000 0

EX_2ddglcn(e) 2-Dehydro-3-deoxy-D-gluconate exchange 2ddglcn[e]  <=> 1 0 1000 0

EX_3amp(e) 3'-AMP exchange 3amp[e]  <=> 1 0 1000 0

EX_3cmp(e) 3'-cmp exchange 3cmp[e]  <=> 1 0 1000 0

EX_3gmp(e) 3'-GMP exchange 3gmp[e]  <=> 1 0 1000 0

EX_3ump(e) 3'-UMP exchange 3ump[e]  <=> 1 0 1000 0

EX_4abut(e) 4-Aminobutanoate exchange 4abut[e]  <=> 1 0 1000 0

EX_5dglcn(e) 5-Dehydro-D-gluconate exchange 5dglcn[e]  <=> 1 0 1000 0

EX_5mtr(e) 5-Methylthio-D-ribose exchange 5mtr[e]  <=> 1 0 1000 0
EX_abt-D(e) D-arabinitol transport via ABC system abt-D[e]  <=> 1 0 1000 0

EX_ac(e) Acetate exchange ac[e]  <=> 1 0 1000 0

EX_acald(e) Acetaldehyde exchange acald[e]  <=> 1 0 1000 0

EX_acgam(e) N-Acetyl-D-glucosamine exchange acgam[e]  <=> 1 0 1000 0

EX_acser(e) O-Acetyl-L-serine exchange acser[e]  <=> 1 0 1000 0

EX_ade(e) Adenine exchange ade[e]  <=> 1 0 1000 0

EX_adn(e) Adenosine exchange adn[e]  <=> 1 0 1000 0

EX_agm(e) Agmatine exchange agm[e]  <=> 1 0 1000 0

EX_akg(e) 2-Oxoglutarate exchange akg[e]  <=> 1 0 1000 0

EX_alaala(e) D-Alanyl-D-alanine exchange alaala[e]  <=> 1 0 1000 0

EX_ala-B(e) beta-Alanine exchange ala-B[e]  <=> 1 0 1000 0

EX_ala-D(e) D-Alanine exchange ala-D[e]  <=> 1 0 1000 0
EX_ala-L(e) L-Alanine exchange ala-L[e]  <=> 1 0 1000 0

EX_alltn(e) Allantoin exchange alltn[e]  <=> 1 0 1000 0

EX_amp(e) AMP exchange amp[e]  <=> 1 0 1000 0
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EX_arab-L(e) L-Arabinose exchange arab-L[e]  <=> 1 0 1000 0

EX_arg-L(e) L-Arginine exchange arg-L[e]  <=> 1 0 1000 0

EX_asn-L(e) L-Asparagine exchange asn-L[e]  <=> 1 0 1000 0
EX_aso3(e) arsenite exchange aso3[e]  <=> 1 0 1000 0

EX_asp-L(e) L-Aspartate exchange asp-L[e]  <=> 1 0 1000 0

EX_bhb(e) (R)-3-Hydroxybutanoate exchange bhb[e]  <=> 1 0 1000 0

EX_btn(e) Biotin exchange btn[e]  <=> 1 0 1000 0

EX_ca2(e) Calcium exchange ca2[e]  <=> 1 -1000 1000 0

EX_cbi(e) Cobinamide exchange cbi[e]  <=> 1 0 1000 0

EX_cbl1(e) Cob(I)alamin exchange cbl1[e]  <=> 1 0 1000 0

EX_cd2(e) Cadmium exchange cd2[e]  <=> 1 0 1000 0

EX_CDA(e) calcium-dependent antibiotics 2b exchange CDA[e]  <=> 1 0 1000 0

EX_celb(e) cellobiose exchange celb[e]  <=> 1 0 1000 0

EX_chol(e) Choline exchange chol[e]  <=> 1 0 1000 0

EX_chtbs(e) chitobiose exchange chtbs[e]  <=> 1 0 1000 0
EX_cit(e) Citrate exchange cit[e]  <=> 1 0 1000 0

EX_cl(e) Chloride exchange cl[e]  <=> 1 -1000 1000 0

EX_cmp(e) CMP exchange cmp[e]  <=> 1 0 1000 0

EX_co2(e) CO2 exchange co2[e]  <=> 1 -1000 1000 0

EX_cobalt2(e) Co2+ exchange cobalt2[e]  <=> 1 -1000 1000 0

EX_coelichelin(e

)

coelichelin exchange coelichelin[e]  <=> 1 0 1000 0

EX_csn(e) Cytosine exchange csn[e]  <=> 1 0 1000 0

EX_cu(e) Cu+ exchange cu[e]  <=> 1 0 1000 0

EX_cu2(e) Cu2+ exchange cu2[e]  <=> 1 -1000 1000 0

EX_cys-L(e) L-Cysteine exchange cys-L[e]  <=> 1 0 1000 0
EX_cytd(e) Cytidine exchange cytd[e]  <=> 1 0 1000 0

EX_dad-2(e) Deoxyadenosine exchange dad-2[e]  <=> 1 0 1000 0

EX_damp(e) dAMP exchange damp[e]  <=> 1 0 1000 0

EX_dcmp(e) dCMP exchange dcmp[e]  <=> 1 0 1000 0

EX_dcyt(e) Deoxycytidine exchange dcyt[e]  <=> 1 0 1000 0

EX_desferrioxam

B(e)

desferrioxamine B exchange desferrioxamB[e]  <=> 1 0 1000 0

EX_desferrioxam

E(e)

desferrioxamine E exchange desferrioxamE[e]  <=> 1 0 1000 0

EX_dgmp(e) dGMP exchange dgmp[e]  <=> 1 0 1000 0

EX_dgsn(e) Deoxyguanosine exchange dgsn[e]  <=> 1 0 1000 0

EX_dha(e) Dihydroxyacetone exchange dha[e]  <=> 1 0 1000 0
EX_dimp(e) dIMP exchange dimp[e]  <=> 1 0 1000 0

EX_din(e) Deoxyinosine exchange din[e]  <=> 1 0 1000 0

EX_drib(e) Deoxyribose exchange drib[e]  <=> 1 0 1000 0

EX_dtmp(e) dTMP exchange dtmp[e]  <=> 1 0 1000 0

EX_dump(e) dUMP exchange dump[e]  <=> 1 0 1000 0

EX_duri(e) Deoxyuridine exchange duri[e]  <=> 1 0 1000 0

EX_epm(e) epimelibiose exchange epm[e]  <=> 1 0 1000 0

EX_etha(e) Ethanolamine exchange etha[e]  <=> 1 0 1000 0

EX_etoh(e) Ethanol exchange etoh[e]  <=> 1 0 1000 0

EX_fald(e) Formaldehyde exchange fald[e]  <=> 1 0 1000 0

EX_fe2(e) Fe2+ exchange fe2[e]  <=> 1 -1000 1000 0
EX_fe3(e) Fe3+ exchange fe3[e]  <=> 1 -1000 1000 0

EX_ferricoelichel

in(e)

ferricoelichelin exchange ferricoelichelin[e]  <=> 1 0 1000 0

EX_ferrioxamB(

e)

ferrioxamine B exchange ferrioxamB[e]  <=> 1 0 1000 0

EX_ferrioxamE(e

)

ferrioxamine E exchange ferrioxamE[e]  <=> 1 0 1000 0

EX_for(e) Formate exchange for[e]  <=> 1 0 1000 0

EX_fru(e) D-Fructose exchange fru[e]  <=> 1 0 1000 0

EX_fum(e) Fumarate exchange fum[e]  <=> 1 0 1000 0

EX_g3pc(e) sn-Glycero-3-phosphocholine exchange g3pc[e]  <=> 1 0 1000 0

EX_g3pe(e) sn-Glycero-3-phosphoethanolamine exchange g3pe[e]  <=> 1 0 1000 0
EX_g3pg(e) Glycerophosphoglycerol exchange g3pg[e]  <=> 1 0 1000 0

EX_g3pi(e) sn-Glycero-3-phospho-1-inositol exchange g3pi[e]  <=> 1 0 1000 0

EX_g3ps(e) Glycerophosphoserine exchange g3ps[e]  <=> 1 0 1000 0
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EX_gACT(e) gamma-actinorhodin exchange gACT[e]  <=> 1 0 1000 0

EX_gal(e) D-Galactose exchange gal[e]  <=> 1 0 1000 0

EX_galctn-D(e) D-Galactonate exchange galctn-D[e]  <=> 1 0 1000 0
EX_ggl(e) galactosylglycerol exchange ggl[e]  <=> 1 0 1000 0

EX_glc(e) D-Glucose exchange glc-D[e]  <=> 1 -0.8 1000 0

EX_glcn(e) D-Gluconate exchange glcn[e]  <=> 1 0 1000 0

EX_glcr(e) D-Glucarate exchange glcr[e]  <=> 1 0 1000 0

EX_gln-L(e) L-Glutamine exchange gln-L[e]  <=> 1 0 1000 0

EX_glu-L(e) L-Glutamate exchange glu-L[e]  <=> 1 0 1000 0

EX_gly(e) Glycine exchange gly[e]  <=> 1 0 1000 0

EX_glyald(e) D-Glyceraldehyde exchange glyald[e]  <=> 1 0 1000 0

EX_glyb(e) Glycine betaine exchange glyb[e]  <=> 1 0 1000 0

EX_glyc(e) Glycerol exchange glyc[e]  <=> 1 0 1000 0

EX_glyc3p(e) Glycerol 3-phosphate exchange glyc3p[e]  <=> 1 0 1000 0

EX_glyclt(e) Glycolate exchange glyclt[e]  <=> 1 0 1000 0
EX_glyc-R(e) (R)-Glycerate exchange glyc-R[e]  <=> 1 0 1000 0

EX_gmp(e) GMP exchange gmp[e]  <=> 1 0 1000 0

EX_gsn(e) Guanosine exchange gsn[e]  <=> 1 0 1000 0

EX_gua(e) Guanine exchange gua[e]  <=> 1 0 1000 0

EX_h(e) H+ exchange h[e]  <=> 1 -1000 1000 0

EX_h2o(e) H2O exchange h2o[e]  <=> 1 -1000 1000 0

EX_h2o2(e) Hydrogen peroxide exchange h2o2[e]  <=> 1 0 1000 0

EX_h2s(e) Hydrogen sulfide exchange h2s[e]  <=> 1 0 1000 0

EX_his-L(e) L-Histidine exchange his-L[e]  <=> 1 0 1000 0

EX_hom-L(e) L-Homoserine exchange hom-L[e]  <=> 1 0 1000 0

EX_idon-L(e) L-Idonate exchange idon-L[e]  <=> 1 0 1000 0
EX_ile-L(e) L-Isoleucine exchange ile-L[e]  <=> 1 0 1000 0

EX_imp(e) IMP exchange imp[e]  <=> 1 0 1000 0

EX_indole(e) Indole exchange indole[e]  <=> 1 0 1000 0

EX_inost(e) myo-Inositol exchange inost[e]  <=> 1 0 1000 0

EX_ins(e) Inosine exchange ins[e]  <=> 1 0 1000 0

EX_k(e) K+ exchange k[e]  <=> 1 -1000 1000 0

EX_lac-D(e) D-lactate exchange lac-D[e]  <=> 1 0 1000 0

EX_lac-L(e) L-Lactate exchange lac-L[e]  <=> 1 0 1000 0

EX_LalaDglu(e) L-alanine-D-glutamate exchange LalaDglu[e]  <=> 1 0 1000 0

EX_lcts(e) Lactose exchange lcts[e]  <=> 1 0 1000 0

EX_leu-L(e) L-Leucine exchange leu-L[e]  <=> 1 0 1000 0

EX_lipoate(e) Lipoate exchange lipoate[e]  <=> 1 0 1000 0
EX_lys-L(e) L-Lysine exchange lys-L[e]  <=> 1 0 1000 0

EX_lyx-L(e) L-Lyxose exchange lyx-L[e]  <=> 1 0 1000 0

EX_mal-L(e) L-Malate exchange mal-L[e]  <=> 1 0 1000 0

EX_malt(e) Maltose exchange malt[e]  <=> 1 0 1000 0

EX_malthp(e) Maltoheptaose exchange malthp[e]  <=> 1 0 1000 0

EX_malthx(e) Maltohexaose exchange malthx[e]  <=> 1 0 1000 0

EX_maltpt(e) Maltopentaose exchange maltpt[e]  <=> 1 0 1000 0

EX_malttr(e) Maltotriose exchange malttr[e]  <=> 1 0 1000 0

EX_maltttr(e) Maltotetraose exchange maltttr[e]  <=> 1 0 1000 0

EX_man(e) D-Mannose exchange man[e]  <=> 1 0 1000 0

EX_melib(e) Melibiose exchange melib[e]  <=> 1 0 1000 0
EX_melt(e) melibiitol exchange melt[e]  <=> 1 0 1000 0

EX_meoh(e) methanol exchange meoh[e]  <=> 1 0 1000 0

EX_met-L(e) L-Methionine exchange met-L[e]  <=> 1 0 1000 0

EX_mg2(e) Mg exchange mg2[e]  <=> 1 -1000 1000 0

EX_mn2(e) Mn2+ exchange mn2[e]  <=> 1 -1000 1000 0

EX_mnl(e) D-Mannitol exchange mnl[e]  <=> 1 0 1000 0

EX_mobd(e) Molybdate exchange mobd[e]  <=> 1 -1000 1000 0

EX_n2o(e) Nitrous oxide exchange n2o[e]  <=> 1 0 1000 0

EX_na1(e) Sodium exchange na1[e]  <=> 1 -1000 1000 0

EX_nac(e) Nicotinate exchange nac[e]  <=> 1 0 1000 0

EX_nh4(e) Ammonia exchange nh4[e]  <=> 1 -1000 1000 0

EX_ni2(e) Ni2+ exchange ni2[e]  <=> 1 -1000 1000 0
EX_nmn(e) NMN exchange nmn[e]  <=> 1 0 1000 0

EX_no(e) Nitric oxide exchange no[e]  <=> 1 0 1000 0

EX_no2(e) Nitrite exchange no2[e]  <=> 1 0 1000 0
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EX_no3(e) Nitrate exchange no3[e]  <=> 1 0 1000 0

EX_o2(e) O2 exchange o2[e]  <=> 1 -1000 1000 0

EX_orn(e) Ornithine exchange orn[e]  <=> 1 0 1000 0
EX_orot(e) Orotate exchange orot[e]  <=> 1 0 1000 0

EX_pacald(e) Phenylacetaldehyde exchange pacald[e]  <=> 1 0 1000 0

EX_phe-L(e) L-Phenylalanine exchange phe-L[e]  <=> 1 0 1000 0

EX_pi(e) Phosphate exchange pi[e]  <=> 1 -1000 1000 0

EX_pnto-R(e) (R)-Pantothenate exchange pnto-R[e]  <=> 1 0 1000 0

EX_ppa(e) Propionate exchange ppa[e]  <=> 1 0 1000 0

EX_pro-L(e) L-Proline exchange pro-L[e]  <=> 1 0 1000 0

EX_ptrc(e) Putrescine exchange ptrc[e]  <=> 1 0 1000 0

EX_pydam(e) Pyridoxamine exchange pydam[e]  <=> 1 0 1000 0

EX_pydx(e) Pyridoxal exchange pydx[e]  <=> 1 0 1000 0

EX_pydxn(e) Pyridoxine exchange pydxn[e]  <=> 1 0 1000 0

EX_pyr(e) Pyruvate exchange pyr[e]  <=> 1 0 1000 0
EX_raffin(e) raffinose exchange raffin[e]  <=> 1 0 1000 0

EX_rib-D(e) D-Ribose exchange rib-D[e]  <=> 1 0 1000 0

EX_rmn(e) L-Rhamnose exchange rmn[e]  <=> 1 0 1000 0

EX_salcn(e) Salicin exchange salcn[e]  <=> 1 0 1000 0

EX_sbt-D(e) D-Sorbitol exchange sbt-D[e]  <=> 1 0 1000 0

EX_ser-L(e) L-Serine exchange ser-L[e]  <=> 1 0 1000 0

EX_skm(e) Shikimate exchange skm[e]  <=> 1 0 1000 0

EX_so4(e) Sulfate exchange so4[e]  <=> 1 -1000 1000 0

EX_spmd(e) Spermidine exchange spmd[e]  <=> 1 0 1000 0

EX_succ(e) Succinate exchange succ[e]  <=> 1 0 1000 0

EX_tartr-D(e) D-tartrate exchange tartr-D[e]  <=> 1 0 1000 0
EX_taur(e) Taurine exchange taur[e]  <=> 1 0 1000 0

EX_thm(e) Thiamin exchange thm[e]  <=> 1 0 1000 0

EX_thr-L(e) L-Threonine exchange thr-L[e]  <=> 1 0 1000 0

EX_thym(e) Thymine exchange thym[e]  <=> 1 0 1000 0

EX_thymd(e) Thymidine exchange thymd[e]  <=> 1 0 1000 0

EX_tre(e) Trehalose exchange tre[e]  <=> 1 0 1000 0

EX_trp-L(e) L-Tryptophan exchange trp-L[e]  <=> 1 0 1000 0

EX_tungs(e) tungstate exchange tungs[e]  <=> 1 -1000 1000 0

EX_tyr-L(e) L-Tyrosine exchange tyr-L[e]  <=> 1 0 1000 0

EX_ump(e) UMP exchange ump[e]  <=> 1 0 1000 0

EX_ura(e) Uracil exchange ura[e]  <=> 1 0 1000 0

EX_urea(e) Urea exchange urea[e]  <=> 1 0 1000 0
EX_uri(e) Uridine exchange uri[e]  <=> 1 0 1000 0

EX_val-L(e) L-Valine exchange val-L[e]  <=> 1 0 1000 0

EX_vanlt(e) Vanillate exchange vanlt[e]  <=> 1 0 1000 0

EX_xan(e) Xanthine exchange xan[e]  <=> 1 0 1000 0

EX_xmp(e) Xanthosine 5'-phosphate exchange xmp[e]  <=> 1 0 1000 0

EX_xtsn(e) Xanthosine exchange xtsn[e]  <=> 1 0 1000 0

EX_xyl-D(e) D-Xylose exchange xyl-D[e]  <=> 1 0 1000 0

EX_xylt(e) Xylitol exchange xylt[e]  <=> 1 0 1000 0

EX_zn2(e) Zinc exchange zn2[e]  <=> 1 -1000 1000 0

FOMETRi Aminomethyltransferase 5fthf[c] + h[c]  -> h2o[c] + methf[c] SCO3183 0 0 1000 0

FTHFD formyltetrahydrofolate deformylase 10fthf[c] + h2o[c]  -> for[c] + h[c] + thf[c] SCO4403 0 0 1000 0
GCALDD Glycolaldehyde dehydrogenase gcald[c] + h2o[c] + nad[c]  -> glyclt[c] + 2 h[c] + nadh[c] SCO3486 0 0 1000 0

GLYCL Glycine Cleavage System gly[c] + nad[c] + thf[c]  -> co2[c] + mlthf[c] + nadh[c] + nh4[c] (SCO5471 and SCO1378 and SCO5472 and 

(SCO0884 or SCO2180 or SCO4919))

0 0 1000 0

MTHFC methenyltetrahydrofolate cyclohydrolase h2o[c] + methf[c]  <=> 10fthf[c] + h[c] SCO4824 1 -1000 1000 0

MTHFD methylenetetrahydrofolate dehydrogenase (NADP) mlthf[c] + nadp[c]  <=> methf[c] + nadph[c] SCO4824 1 -1000 1000 0

MTHFR2 5,10-methylenetetrahydrofolate reductase (NADH) 2 h[c] + mlthf[c] + nadh[c]  -> 5mthf[c] + nad[c] SCO2103 0 0 1000 0

THFAT Tetrahydrofolate aminomethyltransferase h2o[c] + methf[c]  -> 5fthf[c] + h[c] (SCO4837 or SCO5470 or SCO5364) 0 0 1000 0

GERMA germicidine synthase (germicidin A) 3oiC6ACP[c] + emcoa-S[c] + h[c]  -> germicidinA[c] + ACP[c] + coa[c] + co2[c] SCO7221 0 0 1000 0

GERMB germicidine synthase (germicidin B) 3oaiC7ACP[c] + mmcoa-S[c] + h[c]  -> germicidinB[c] + ACP[c] + coa[c] + co2[c] SCO7221 0 0 1000 0

GERMC germicidine synthase (germicidin C) 3oaiC7ACP[c] + emcoa-S[c] + h[c]  -> germicidinC[c] + ACP[c] + coa[c] + co2[c] SCO7221 0 0 1000 0

GERMD germicidine synthase (germicidin D) 3oiC6ACP[c] + mmcoa-S[c] + h[c]  -> germicidinD[c] + ACP[c] + coa[c] + co2[c] SCO7221 0 0 1000 0

GLUDC Glutamate Decarboxylase glu-L[c] + h[c]  -> 4abut[c] + co2[c] SCO3416 0 0 1000 0
GLUDxi glutamate dehydrogenase (NAD, irreversible) glu-L[c] + h2o[c] + nad[c]  -> akg[c] + h[c] + nadh[c] + nh4[c] SCO2999 0 0 1000 0

GLUDyi glutamate dehydrogenase (NADP, irreversible) akg[c] + h[c] + nadph[c] + nh4[c]  -> glu-L[c] + h2o[c] + nadp[c] SCO4683 0 0 1000 0

GLUN glutaminase gln-L[c] + h2o[c]  -> glu-L[c] + nh4[c] SCO7049 0 0 1000 0
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GLNS glutamine synthetase atp[c] + glu-L[c] + nh4[c]  -> adp[c] + gln-L[c] + h[c] + pi[c] (SCO2198 or SCO2210) 0 0 1000 0

GLUSx glutamate synthase (NADH2) akg[c] + gln-L[c] + h[c] + nadh[c]  -> 2 glu-L[c] + nad[c] (SCO1977 or (SCO2025 and SCO2026)) 0 0 1000 0

ACPPAT120 acyl-(acyl carrier protein):phosphate acyltransferase (C12:0) ddcaACP[c] + h[c] + pi[c]  -> ACP[c] + ddcap[c] 0 0 1000 0
ACPPAT140 acyl-(acyl carrier protein):phosphate acyltransferase (C14:0) h[c] + myrsACP[c] + pi[c]  -> ACP[c] + ttdcap[c] 0 0 1000 0

ACPPAT141 acyl-(acyl carrier protein):phosphate acyltransferase (C14:1) h[c] + pi[c] + tdeACP[c]  -> ACP[c] + ttdceap[c] 0 0 1000 0

ACPPAT150 acyl-(acyl carrier protein):phosphate acyltransferase (C15:0) h[c] + ptdcaACP[c] + pi[c]  -> ACP[c] + ptdcap[c] 0 0 1000 0

ACPPAT160 acyl-(acyl carrier protein):phosphate acyltransferase (C16:0) h[c] + palmACP[c] + pi[c]  -> ACP[c] + hdcap[c] 0 0 1000 0

ACPPAT161 acyl-(acyl carrier protein):phosphate acyltransferase (C16:1) h[c] + hdeACP[c] + pi[c]  -> ACP[c] + hdceap[c] 0 0 1000 0

ACPPAT170 acyl-(acyl carrier protein):phosphate acyltransferase (C17:0) h[c] + hepdcaACP[c] + pi[c]  -> ACP[c] + hepdcap[c] 0 0 1000 0

ACPPAT180 acyl-(acyl carrier protein):phosphate acyltransferase (C18:0) h[c] + ocdcaACP[c] + pi[c]  -> ACP[c] + ocdcap[c] 0 0 1000 0

ACPPAT181 acyl-(acyl carrier protein):phosphate acyltransferase (C18:1) h[c] + octeACP[c] + pi[c]  -> ACP[c] + ocdceap[c] 0 0 1000 0

ACPPATai150 acyl-(acyl carrier protein):phosphate acyltransferase (ante-iso-

C15:0)

h[c] + aiC15ACP[c] + pi[c]  -> ACP[c] + aiC15p[c] 0 0 1000 0

ACPPATai170 acyl-(acyl carrier protein):phosphate acyltransferase (ante-iso-

C17:0)

h[c] + aiC17ACP[c] + pi[c]  -> ACP[c] + aiC17p[c] 0 0 1000 0

ACPPATi140 acyl-(acyl carrier protein):phosphate acyltransferase (iso-C14:0) h[c] + iC14ACP[c] + pi[c]  -> ACP[c] + iC14p[c] 0 0 1000 0

ACPPATi150 acyl-(acyl carrier protein):phosphate acyltransferase (iso-C15:0) h[c] + iC15ACP[c] + pi[c]  -> ACP[c] + iC15p[c] 0 0 1000 0

ACPPATi160 acyl-(acyl carrier protein):phosphate acyltransferase (iso-C16:0) h[c] + iC16ACP[c] + pi[c]  -> ACP[c] + iC16p[c] 0 0 1000 0

ACPPATi170 acyl-(acyl carrier protein):phosphate acyltransferase (iso-C17:0) h[c] + iC17ACP[c] + pi[c]  -> ACP[c] + iC17p[c] 0 0 1000 0

ACPPATi180 acyl-(acyl carrier protein):phosphate acyltransferase (iso-C18:0) h[c] + iC18ACP[c] + pi[c]  -> ACP[c] + iC18p[c] 0 0 1000 0

AGPAT120 1-tetradecanoyl-sn-glycerol 3-phosphate O-acyltransferase (n-

C12:0)

1ddecg3p[c] + ddcaACP[c]  -> ACP[c] + pa120[c] (SCO0920 or SCO1085 or SCO1228 or SCO1566 or 

SCO1759 or SCO2122)

0 0 1000 0

AGPAT140 1-tetradecanoyl-sn-glycerol 3-phosphate O-acyltransferase (n-

C14:0)

1tdecg3p[c] + myrsACP[c]  -> ACP[c] + pa140[c] (SCO0920 or SCO1085 or SCO1228 or SCO1566 or 

SCO1759 or SCO2122)

0 0 1000 0

AGPAT141 1-tetradec-7-enoyl-sn-glycerol 3-phosphate O-acyltransferase 

(n-C14:1)

1tdec7eg3p[c] + tdeACP[c]  -> ACP[c] + pa141[c] (SCO0920 or SCO1085 or SCO1228 or SCO1566 or 

SCO1759 or SCO2122)

0 0 1000 0

AGPAT150 1-pentadecanoyl-sn-glycerol 3-phosphate O-acyltransferase (n-

C15:0)

1ptdecg3p[c] + ptdcaACP[c]  -> ACP[c] + pa150[c] (SCO0920 or SCO1085 or SCO1228 or SCO1566 or 

SCO1759 or SCO2122)

0 0 1000 0

AGPAT160 1-hexadecanoyl-sn-glycerol 3-phosphate O-acyltransferase (n-

C16:0)

1hdecg3p[c] + palmACP[c]  -> ACP[c] + pa160[c] (SCO0920 or SCO1085 or SCO1228 or SCO1566 or 

SCO1759 or SCO2122)

0 0 1000 0

AGPAT161 1-hexadec-7-enoyl-sn-glycerol 3-phosphate O-acyltransferase 

(n-C16:1)

1hdec9eg3p[c] + hdeACP[c]  -> ACP[c] + pa161[c] (SCO0920 or SCO1085 or SCO1228 or SCO1566 or 

SCO1759 or SCO2122)

0 0 1000 0

AGPAT170 1-heptadecanoyl-sn-glycerol 3-phosphate O-acyltransferase (n-

C17:0)

1hepdecg3p[c] + hepdcaACP[c]  -> ACP[c] + pa170[c] (SCO0920 or SCO1085 or SCO1228 or SCO1566 or 

SCO1759 or SCO2122)

0 0 1000 0

AGPAT180 1-octadecanoyl-sn-glycerol 3-phosphate O-acyltransferase (n-

C18:0)

1odecg3p[c] + ocdcaACP[c]  -> ACP[c] + pa180[c] (SCO0920 or SCO1085 or SCO1228 or SCO1566 or 

SCO1759 or SCO2122)

0 0 1000 0

AGPAT181 1-octadec-7-enoyl-sn-glycerol 3-phosphate O-acyltransferase 

(n-C18:1)

1odec11eg3p[c] + octeACP[c]  -> ACP[c] + pa181[c] (SCO0920 or SCO1085 or SCO1228 or SCO1566 or 

SCO1759 or SCO2122)

0 0 1000 0

AGPATai150 1-pentadecanoyl-sn-glycerol 3-phosphate O-acyltransferase 

(ante-iso-C15:0)

1aiC15g3p[c] + aiC15ACP[c]  -> ACP[c] + paai150[c] (SCO0920 or SCO1085 or SCO1228 or SCO1566 or 

SCO1759 or SCO2122)

0 0 1000 0

AGPATai170 1-heptadecanoyl-sn-glycerol 3-phosphate O-acyltransferase 

(ante-iso-C17:0)

1aiC17g3p[c] + aiC17ACP[c]  -> ACP[c] + paai170[c] (SCO0920 or SCO1085 or SCO1228 or SCO1566 or 

SCO1759 or SCO2122)

0 0 1000 0

AGPATi140 1-tetradecanoyl-sn-glycerol 3-phosphate O-acyltransferase (iso-

C14:0)

1iC14g3p[c] + iC14ACP[c]  -> ACP[c] + pai140[c] (SCO0920 or SCO1085 or SCO1228 or SCO1566 or 

SCO1759 or SCO2122)

0 0 1000 0

AGPATi150 1-pentadecanoyl-sn-glycerol 3-phosphate O-acyltransferase 

(iso-C15:0)

1iC15g3p[c] + iC15ACP[c]  -> ACP[c] + pai150[c] (SCO0920 or SCO1085 or SCO1228 or SCO1566 or 

SCO1759 or SCO2122)

0 0 1000 0

AGPATi160 1-hexadecanoyl-sn-glycerol 3-phosphate O-acyltransferase (iso-

C16:0)

1iC16g3p[c] + iC16ACP[c]  -> ACP[c] + pai160[c] (SCO0920 or SCO1085 or SCO1228 or SCO1566 or 

SCO1759 or SCO2122)

0 0 1000 0

AGPATi170 1-heptadecanoyl-sn-glycerol 3-phosphate O-acyltransferase 
(iso-C17:0)

1iC17g3p[c] + iC17ACP[c]  -> ACP[c] + pai170[c] (SCO0920 or SCO1085 or SCO1228 or SCO1566 or 
SCO1759 or SCO2122)

0 0 1000 0

AGPATi180 1-octadecanoyl-sn-glycerol 3-phosphate O-acyltransferase (iso-

C18:0)

1iC18g3p[c] + iC18ACP[c]  -> ACP[c] + pai180[c] (SCO0920 or SCO1085 or SCO1228 or SCO1566 or 

SCO1759 or SCO2122)

0 0 1000 0

APG3PAT120 acyl-phosphate:glycerol-3-phosphate acyltransferase (C12:0) ddcap[c] + glyc3p[c]  -> 1ddecg3p[c] + h[c] + pi[c] 0 0 1000 0

APG3PAT140 acyl-phosphate:glycerol-3-phosphate acyltransferase (C14:0) glyc3p[c] + ttdcap[c]  -> 1tdecg3p[c] + h[c] + pi[c] 0 0 1000 0

APG3PAT141 acyl-phosphate:glycerol-3-phosphate acyltransferase (C14:1) glyc3p[c] + ttdceap[c]  -> 1tdec7eg3p[c] + h[c] + pi[c] 0 0 1000 0

APG3PAT150 acyl-phosphate:glycerol-3-phosphate acyltransferase (C15:0) glyc3p[c] + ptdcap[c]  -> 1ptdecg3p[c] + h[c] + pi[c] 0 0 1000 0

APG3PAT160 acyl-phosphate:glycerol-3-phosphate acyltransferase (C16:0) glyc3p[c] + hdcap[c]  -> 1hdecg3p[c] + h[c] + pi[c] 0 0 1000 0

APG3PAT161 acyl-phosphate:glycerol-3-phosphate acyltransferase (C16:1) glyc3p[c] + hdceap[c]  -> 1hdec9eg3p[c] + h[c] + pi[c] 0 0 1000 0

APG3PAT170 acyl-phosphate:glycerol-3-phosphate acyltransferase (C17:0) glyc3p[c] + hepdcap[c]  -> 1hepdecg3p[c] + h[c] + pi[c] 0 0 1000 0

APG3PAT180 acyl-phosphate:glycerol-3-phosphate acyltransferase (C18:0) glyc3p[c] + ocdcap[c]  -> 1odecg3p[c] + h[c] + pi[c] 0 0 1000 0

APG3PAT181 acyl-phosphate:glycerol-3-phosphate acyltransferase (C18:1) glyc3p[c] + ocdceap[c]  -> 1odec11eg3p[c] + h[c] + pi[c] 0 0 1000 0
APG3PATai150 acyl-phosphate:glycerol-3-phosphate acyltransferase (ante-iso-

C15:0)

glyc3p[c] + aiC15p[c]  -> 1aiC15g3p[c] + h[c] + pi[c] 0 0 1000 0
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APG3PATai170 acyl-phosphate:glycerol-3-phosphate acyltransferase (ante-iso-

C17:0)

glyc3p[c] + aiC17p[c]  -> 1aiC17g3p[c] + h[c] + pi[c] 0 0 1000 0

APG3PATi140 acyl-phosphate:glycerol-3-phosphate acyltransferase (iso-
C14:0)

glyc3p[c] + iC14p[c]  -> 1iC14g3p[c] + h[c] + pi[c] 0 0 1000 0

APG3PATi150 acyl-phosphate:glycerol-3-phosphate acyltransferase (iso-

C15:0)

glyc3p[c] + iC15p[c]  -> 1iC15g3p[c] + h[c] + pi[c] 0 0 1000 0

APG3PATi160 acyl-phosphate:glycerol-3-phosphate acyltransferase (iso-

C16:0)

glyc3p[c] + iC16p[c]  -> 1iC16g3p[c] + h[c] + pi[c] 0 0 1000 0

APG3PATi170 acyl-phosphate:glycerol-3-phosphate acyltransferase (iso-

C17:0)

glyc3p[c] + iC17p[c]  -> 1iC17g3p[c] + h[c] + pi[c] 0 0 1000 0

APG3PATi180 acyl-phosphate:glycerol-3-phosphate acyltransferase (iso-

C18:0)

glyc3p[c] + iC18p[c]  -> 1iC18g3p[c] + h[c] + pi[c] 0 0 1000 0

APH120 acylphosphatase (C12:0) h2o[c] + ddcap[c]  -> 2 h[c] + pi[c] + ddca[c] SCO5576 0 0 1000 0

APH140 acylphosphatase (C14:0) h2o[c] + ttdcap[c]  -> 2 h[c] + pi[c] + ttdca[c] SCO5576 0 0 1000 0

APH141 acylphosphatase (C14:1) h2o[c] + ttdceap[c]  -> 2 h[c] + pi[c] + ttdcea[c] SCO5576 0 0 1000 0
APH150 acylphosphatase (C15:0) h2o[c] + ptdcap[c]  -> 2 h[c] + pi[c] + ptdca[c] SCO5576 0 0 1000 0

APH160 acylphosphatase (C16:0) h2o[c] + hdcap[c]  -> 2 h[c] + pi[c] + hdca[c] SCO5576 0 0 1000 0

APH161 acylphosphatase (C16:1) h2o[c] + hdceap[c]  -> 2 h[c] + pi[c] + hdcea[c] SCO5576 0 0 1000 0

APH170 acylphosphatase (C17:0) h2o[c] + hepdcap[c]  -> 2 h[c] + pi[c] + hepdca[c] SCO5576 0 0 1000 0

APH180 acylphosphatase (C18:0) h2o[c] + ocdcap[c]  -> 2 h[c] + pi[c] + ocdca[c] SCO5576 0 0 1000 0

APH181 acylphosphatase (C18:1) h2o[c] + ocdceap[c]  -> 2 h[c] + pi[c] + ocdcea[c] SCO5576 0 0 1000 0

APHai150 acylphosphatase (ante-iso-C15:0) h2o[c] + aiC15p[c]  -> 2 h[c] + pi[c] + aiC15[c] SCO5576 0 0 1000 0

APHai170 acylphosphatase (ante-iso-C17:0) h2o[c] + aiC17p[c]  -> 2 h[c] + pi[c] + aiC17[c] SCO5576 0 0 1000 0

APHi140 acylphosphatase (iso-C14:0) h2o[c] + iC14p[c]  -> 2 h[c] + pi[c] + iC14[c] SCO5576 0 0 1000 0

APHi150 acylphosphatase (iso-C15:0) h2o[c] + iC15p[c]  -> 2 h[c] + pi[c] + iC15[c] SCO5576 0 0 1000 0

APHi160 acylphosphatase (iso-C16:0) h2o[c] + iC16p[c]  -> 2 h[c] + pi[c] + iC16[c] SCO5576 0 0 1000 0
APHi170 acylphosphatase (iso-C17:0) h2o[c] + iC17p[c]  -> 2 h[c] + pi[c] + iC17[c] SCO5576 0 0 1000 0

APHi180 acylphosphatase (iso-C18:0) h2o[c] + iC18p[c]  -> 2 h[c] + pi[c] + iC18[c] SCO5576 0 0 1000 0

CLPNS120 cardiolipin synthase (n-C12:0) 2 pg120[c]  <=> clpn120[c] + glyc[c] SCO7081 1 -1000 1000 0

CLPNS140 cardiolipin synthase (n-C14:0) 2 pg140[c]  <=> clpn140[c] + glyc[c] SCO7081 1 -1000 1000 0

CLPNS141 cardiolipin synthase (n-C14:1) 2 pg141[c]  <=> clpn141[c] + glyc[c] SCO7081 1 -1000 1000 0

CLPNS150 cardiolipin synthase (n-C15:0) 2 pg150[c]  <=> clpn150[c] + glyc[c] SCO7081 1 -1000 1000 0

CLPNS160 cardiolipin synthase (n-C16:0) 2 pg160[c]  <=> clpn160[c] + glyc[c] SCO7081 1 -1000 1000 0

CLPNS161 cardiolipin synthase (n-C16:1) 2 pg161[c]  <=> clpn161[c] + glyc[c] SCO7081 1 -1000 1000 0

CLPNS170 cardiolipin synthase (n-C17:0) 2 pg170[c]  <=> clpn170[c] + glyc[c] SCO7081 1 -1000 1000 0

CLPNS180 cardiolipin synthase (n-C18:0) 2 pg180[c]  <=> clpn180[c] + glyc[c] SCO7081 1 -1000 1000 0

CLPNS181 cardiolipin synthase (n-C18:1) 2 pg181[c]  <=> clpn181[c] + glyc[c] SCO7081 1 -1000 1000 0

CLPNSai150 cardiolipin synthase (ante-iso-C15:0) 2 pgai150[c]  <=> clpnai150[c] + glyc[c] SCO7081 1 -1000 1000 0
CLPNSai170 cardiolipin synthase (ante-iso-C17:0) 2 pgai170[c]  <=> clpnai170[c] + glyc[c] SCO7081 1 -1000 1000 0

CLPNSi140 cardiolipin synthase (iso-C14:0) 2 pgi140[c]  <=> clpni140[c] + glyc[c] SCO7081 1 -1000 1000 0

CLPNSi150 cardiolipin synthase (iso-C15:0) 2 pgi150[c]  <=> clpni150[c] + glyc[c] SCO7081 1 -1000 1000 0

CLPNSi160 cardiolipin synthase (iso-C16:0) 2 pgi160[c]  <=> clpni160[c] + glyc[c] SCO7081 1 -1000 1000 0

CLPNSi170 cardiolipin synthase (iso-C17:0) 2 pgi170[c]  <=> clpni170[c] + glyc[c] SCO7081 1 -1000 1000 0

CLPNSi180 cardiolipin synthase (iso-C18:0) 2 pgi180[c]  <=> clpni180[c] + glyc[c] SCO7081 1 -1000 1000 0

CLPNSII120 cardiolipin synthase II (n-C12:0) cdpdddecg[c] + pg120[c]  -> clpn120[c] + cmp[c] + h[c] SCO1389 0 0 1000 0

CLPNSII140 cardiolipin synthase II (n-C14:0) cdpdtdecg[c] + pg140[c]  -> clpn140[c] + cmp[c] + h[c] SCO1389 0 0 1000 0

CLPNSII141 cardiolipin synthase II (n-C14:1) cdpdtdec7eg[c] + pg141[c]  -> clpn141[c] + cmp[c] + h[c] SCO1389 0 0 1000 0

CLPNSII150 cardiolipin synthase II (n-C15:0) cdpdptdecg[c] + pg150[c]  -> clpn150[c] + cmp[c] + h[c] SCO1389 0 0 1000 0

CLPNSII160 cardiolipin synthase II (n-C16:0) cdpdhdecg[c] + pg160[c]  -> clpn160[c] + cmp[c] + h[c] SCO1389 0 0 1000 0
CLPNSII161 cardiolipin synthase II (n-C16:1) cdpdhdec9eg[c] + pg161[c]  -> clpn161[c] + cmp[c] + h[c] SCO1389 0 0 1000 0

CLPNSII170 cardiolipin synthase II (n-C17:0) cdpdhepdecg[c] + pg170[c]  -> clpn170[c] + cmp[c] + h[c] SCO1389 0 0 1000 0

CLPNSII180 cardiolipin synthase II (n-C18:0) cdpdodecg[c] + pg180[c]  -> clpn180[c] + cmp[c] + h[c] SCO1389 0 0 1000 0

CLPNSII181 cardiolipin synthase II (n-C18:1) cdpdodec11eg[c] + pg181[c]  -> clpn181[c] + cmp[c] + h[c] SCO1389 0 0 1000 0

CLPNSIIai150 cardiolipin synthase II (ante-iso-C15:0) cdpdaiC15g[c] + pgai150[c]  -> clpnai150[c] + cmp[c] + h[c] SCO1389 0 0 1000 0

CLPNSIIai170 cardiolipin synthase II (ante-iso-C17:0) cdpdaiC17g[c] + pgai170[c]  -> clpnai170[c] + cmp[c] + h[c] SCO1389 0 0 1000 0

CLPNSIIi140 cardiolipin synthase II (iso-C14:0) cdpdiC14g[c] + pgi140[c]  -> clpni140[c] + cmp[c] + h[c] SCO1389 0 0 1000 0

CLPNSIIi150 cardiolipin synthase II (iso-C15:0) cdpdiC15g[c] + pgi150[c]  -> clpni150[c] + cmp[c] + h[c] SCO1389 0 0 1000 0

CLPNSIIi160 cardiolipin synthase II (iso-C16:0) cdpdiC16g[c] + pgi160[c]  -> clpni160[c] + cmp[c] + h[c] SCO1389 0 0 1000 0

CLPNSIIi170 cardiolipin synthase II (iso-C17:0) cdpdiC17g[c] + pgi170[c]  -> clpni170[c] + cmp[c] + h[c] SCO1389 0 0 1000 0

CLPNSIIi180 cardiolipin synthase II (iso-C18:0) cdpdiC18g[c] + pgi180[c]  -> clpni180[c] + cmp[c] + h[c] SCO1389 0 0 1000 0

DASYN120 CDP-diacylglycerol synthetase (n-C12:0) ctp[c] + h[c] + pa120[c]  -> cdpdddecg[c] + ppi[c] SCO5628 0 0 1000 0
DASYN140 CDP-diacylglycerol synthetase (n-C14:0) ctp[c] + h[c] + pa140[c]  -> cdpdtdecg[c] + ppi[c] SCO5628 0 0 1000 0

DASYN141 CDP-diacylglycerol synthetase (n-C14:1) ctp[c] + h[c] + pa141[c]  -> cdpdtdec7eg[c] + ppi[c] SCO5628 0 0 1000 0

DASYN150 CDP-diacylglycerol synthetase (n-C15:0) ctp[c] + h[c] + pa150[c]  -> cdpdptdecg[c] + ppi[c] SCO5628 0 0 1000 0
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DASYN160 CDP-diacylglycerol synthetase (n-C16:0) ctp[c] + h[c] + pa160[c]  -> cdpdhdecg[c] + ppi[c] SCO5628 0 0 1000 0

DASYN161 CDP-diacylglycerol synthetase (n-C16:1) ctp[c] + h[c] + pa161[c]  -> cdpdhdec9eg[c] + ppi[c] SCO5628 0 0 1000 0

DASYN170 CDP-diacylglycerol synthetase (n-C17:0) ctp[c] + h[c] + pa170[c]  -> cdpdhepdecg[c] + ppi[c] SCO5628 0 0 1000 0
DASYN180 CDP-diacylglycerol synthetase (n-C18:0) ctp[c] + h[c] + pa180[c]  -> cdpdodecg[c] + ppi[c] SCO5628 0 0 1000 0

DASYN181 CDP-diacylglycerol synthetase (n-C18:1) ctp[c] + h[c] + pa181[c]  -> cdpdodec11eg[c] + ppi[c] SCO5628 0 0 1000 0

DASYNai150 CDP-diacylglycerol synthetase (ante-iso-C15:0) ctp[c] + h[c] + paai150[c]  -> cdpdaiC15g[c] + ppi[c] SCO5628 0 0 1000 0

DASYNai170 CDP-diacylglycerol synthetase (ante-iso-C17:0) ctp[c] + h[c] + paai170[c]  -> cdpdaiC17g[c] + ppi[c] SCO5628 0 0 1000 0

DASYNi140 CDP-diacylglycerol synthetase (iso-C14:0) ctp[c] + h[c] + pai140[c]  -> cdpdiC14g[c] + ppi[c] SCO5628 0 0 1000 0

DASYNi150 CDP-diacylglycerol synthetase (iso-C15:0) ctp[c] + h[c] + pai150[c]  -> cdpdiC15g[c] + ppi[c] SCO5628 0 0 1000 0

DASYNi160 CDP-diacylglycerol synthetase (iso-C16:0) ctp[c] + h[c] + pai160[c]  -> cdpdiC16g[c] + ppi[c] SCO5628 0 0 1000 0

DASYNi170 CDP-diacylglycerol synthetase (iso-C17:0) ctp[c] + h[c] + pai170[c]  -> cdpdiC17g[c] + ppi[c] SCO5628 0 0 1000 0

DASYNi180 CDP-diacylglycerol synthetase (iso-C18:0) ctp[c] + h[c] + pai180[c]  -> cdpdiC18g[c] + ppi[c] SCO5628 0 0 1000 0

GPDDA1 Glycerophosphodiester phosphodiesterase 

(Glycerophosphocholine)

g3pc[c] + h2o[c]  -> chol[c] + glyc3p[c] + h[c] (SCO1090 or SCO1419 or SCO3976 or SCO5661) 0 0 1000 0

GPDDA1e Glycerophosphodiester phosphodiesterase 
(Glycerophosphocholine)

g3pc[e] + h2o[e]  -> chol[e] + glyc3p[e] + h[e] (SCO1565 or SCO1968 or SCO7550) 0 0 1000 0

GPDDA2 Glycerophosphodiester phosphodiesterase 

(Glycerophosphoethanolamine)

g3pe[c] + h2o[c]  -> etha[c] + glyc3p[c] + h[c] (SCO1090 or SCO1419 or SCO3976 or SCO5661) 0 0 1000 0

GPDDA2e Glycerophosphodiester phosphodiesterase 

(Glycerophosphoethanolamine)

g3pe[e] + h2o[e]  -> etha[e] + glyc3p[e] + h[e] (SCO1565 or SCO1968 or SCO7550) 0 0 1000 0

GPDDA3 Glycerophosphodiester phosphodiesterase 

(Glycerophosphoserine)

g3ps[c] + h2o[c]  -> glyc3p[c] + h[c] + ser-L[c] (SCO1090 or SCO1419 or SCO3976 or SCO5661) 0 0 1000 0

GPDDA3e Glycerophosphodiester phosphodiesterase 

(Glycerophosphoserine)

g3ps[e] + h2o[e]  -> glyc3p[e] + h[e] + ser-L[e] (SCO1565 or SCO1968 or SCO7550) 0 0 1000 0

GPDDA4 Glycerophosphodiester phosphodiesterase 

(Glycerophosphoglycerol)

g3pg[c] + h2o[c]  -> glyc[c] + glyc3p[c] + h[c] (SCO1090 or SCO1419 or SCO3976 or SCO5661) 0 0 1000 0

GPDDA4e Glycerophosphodiester phosphodiesterase 

(Glycerophosphoglycerol)

g3pg[e] + h2o[e]  -> glyc[e] + glyc3p[e] + h[e] (SCO1565 or SCO1968 or SCO7550) 0 0 1000 0

GPDDA5 Glycerophosphodiester phosphodiesterase 

(Glycerophosphoinositol)

g3pi[c] + h2o[c]  -> glyc3p[c] + h[c] + inost[c] (SCO1090 or SCO1419 or SCO3976 or SCO5661) 0 0 1000 0

GPDDA5e Glycerophosphodiester phosphodiesterase 

(Glycerophosphoinositol)

g3pi[e] + h2o[e]  -> glyc3p[e] + h[e] + inost[e] (SCO1565 or SCO1968 or SCO7550) 0 0 1000 0

PAPA120 Phosphatidate phosphatase (n-C12:0) h2o[c] + pa120[c]  -> 12dgr120[c] + pi[c] 0 0 1000 0

PAPA140 Phosphatidate phosphatase (n-C14:0) h2o[c] + pa140[c]  -> 12dgr140[c] + pi[c] 0 0 1000 0

PAPA141 Phosphatidate phosphatase (n-C14:1) h2o[c] + pa141[c]  -> 12dgr141[c] + pi[c] 0 0 1000 0

PAPA150 Phosphatidate phosphatase (n-C15:0) h2o[c] + pa150[c]  -> 12dgr150[c] + pi[c] 0 0 1000 0

PAPA160 Phosphatidate phosphatase (n-C16:0) h2o[c] + pa160[c]  -> 12dgr160[c] + pi[c] 0 0 1000 0

PAPA161 Phosphatidate phosphatase (n-C16:1) h2o[c] + pa161[c]  -> 12dgr161[c] + pi[c] 0 0 1000 0
PAPA170 Phosphatidate phosphatase (n-C17:0) h2o[c] + pa170[c]  -> 12dgr170[c] + pi[c] 0 0 1000 0

PAPA180 Phosphatidate phosphatase (n-C18:0) h2o[c] + pa180[c]  -> 12dgr180[c] + pi[c] 0 0 1000 0

PAPA181 Phosphatidate phosphatase (n-C18:1) h2o[c] + pa181[c]  -> 12dgr181[c] + pi[c] 0 0 1000 0

PAPAai150 Phosphatidate phosphatase (ante-iso-C15:0) h2o[c] + paai150[c]  -> 12dgrai150[c] + pi[c] 0 0 1000 0

PAPAai170 Phosphatidate phosphatase (ante-iso-C17:0) h2o[c] + paai170[c]  -> 12dgrai170[c] + pi[c] 0 0 1000 0

PAPAi140 Phosphatidate phosphatase (iso-C14:0) h2o[c] + pai140[c]  -> 12dgri140[c] + pi[c] 0 0 1000 0

PAPAi150 Phosphatidate phosphatase (iso-C15:0) h2o[c] + pai150[c]  -> 12dgri150[c] + pi[c] 0 0 1000 0

PAPAi160 Phosphatidate phosphatase (iso-C16:0) h2o[c] + pai160[c]  -> 12dgri160[c] + pi[c] 0 0 1000 0

PAPAi170 Phosphatidate phosphatase (iso-C17:0) h2o[c] + pai170[c]  -> 12dgri170[c] + pi[c] 0 0 1000 0

PAPAi180 Phosphatidate phosphatase (iso-C18:0) h2o[c] + pai180[c]  -> 12dgri180[c] + pi[c] 0 0 1000 0

PGSA120 Phosphatidylglycerol synthase (n-C12:0) cdpdddecg[c] + glyc3p[c]  -> cmp[c] + h[c] + pgp120[c] SCO5753 0 0 1000 0
PGSA140 Phosphatidylglycerol synthase (n-C14:0) cdpdtdecg[c] + glyc3p[c]  -> cmp[c] + h[c] + pgp140[c] SCO5753 0 0 1000 0

PGSA141 Phosphatidylglycerol synthase (n-C14:1) cdpdtdec7eg[c] + glyc3p[c]  -> cmp[c] + h[c] + pgp141[c] SCO5753 0 0 1000 0

PGSA150 Phosphatidylglycerol synthase (n-C15:0) cdpdptdecg[c] + glyc3p[c]  -> cmp[c] + h[c] + pgp150[c] SCO5753 0 0 1000 0

PGSA160 Phosphatidylglycerol synthase (n-C16:0) cdpdhdecg[c] + glyc3p[c]  -> cmp[c] + h[c] + pgp160[c] SCO5753 0 0 1000 0

PGSA161 Phosphatidylglycerol synthase (n-C16:1) cdpdhdec9eg[c] + glyc3p[c]  -> cmp[c] + h[c] + pgp161[c] SCO5753 0 0 1000 0

PGSA170 Phosphatidylglycerol synthase (n-C17:0) cdpdhepdecg[c] + glyc3p[c]  -> cmp[c] + h[c] + pgp170[c] SCO5753 0 0 1000 0

PGSA180 Phosphatidylglycerol synthase (n-C18:0) cdpdodecg[c] + glyc3p[c]  -> cmp[c] + h[c] + pgp180[c] SCO5753 0 0 1000 0

PGSA181 Phosphatidylglycerol synthase (n-C18:1) cdpdodec11eg[c] + glyc3p[c]  -> cmp[c] + h[c] + pgp181[c] SCO5753 0 0 1000 0

PGSAai150 Phosphatidylglycerol synthase (ante-iso-C15:0) cdpdaiC15g[c] + glyc3p[c]  -> cmp[c] + h[c] + pgpai150[c] SCO5753 0 0 1000 0

PGSAai170 Phosphatidylglycerol synthase (ante-iso-C17:0) cdpdaiC17g[c] + glyc3p[c]  -> cmp[c] + h[c] + pgpai170[c] SCO5753 0 0 1000 0

PGSAi140 Phosphatidylglycerol synthase (iso-C14:0) cdpdiC14g[c] + glyc3p[c]  -> cmp[c] + h[c] + pgpi140[c] SCO5753 0 0 1000 0

PGSAi150 Phosphatidylglycerol synthase (iso-C15:0) cdpdiC15g[c] + glyc3p[c]  -> cmp[c] + h[c] + pgpi150[c] SCO5753 0 0 1000 0
PGSAi160 Phosphatidylglycerol synthase (iso-C16:0) cdpdiC16g[c] + glyc3p[c]  -> cmp[c] + h[c] + pgpi160[c] SCO5753 0 0 1000 0

PGSAi170 Phosphatidylglycerol synthase (iso-C17:0) cdpdiC17g[c] + glyc3p[c]  -> cmp[c] + h[c] + pgpi170[c] SCO5753 0 0 1000 0

PGSAi180 Phosphatidylglycerol synthase (iso-C18:0) cdpdiC18g[c] + glyc3p[c]  -> cmp[c] + h[c] + pgpi180[c] SCO5753 0 0 1000 0
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PINOS120 Phosphatidylinositol synthase (n-C12:0) cdpdddecg[c] + inost[c]  -> cmp[c] + h[c] + pi120[c] SCO1527 0 0 1000 0

PINOS140 Phosphatidylinositol synthase (n-C14:0) cdpdtdecg[c] + inost[c]  -> cmp[c] + h[c] + pi140[c] SCO1527 0 0 1000 0

PINOS141 Phosphatidylinositol synthase (n-C14:1) cdpdtdec7eg[c] + inost[c]  -> cmp[c] + h[c] + pi141[c] SCO1527 0 0 1000 0
PINOS150 Phosphatidylinositol synthase (n-C15:0) cdpdptdecg[c] + inost[c]  -> cmp[c] + h[c] + pi150[c] SCO1527 0 0 1000 0

PINOS160 Phosphatidylinositol synthase (n-C16:0) cdpdhdecg[c] + inost[c]  -> cmp[c] + h[c] + pi160[c] SCO1527 0 0 1000 0

PINOS161 Phosphatidylinositol synthase (n-C16:1) cdpdhdec9eg[c] + inost[c]  -> cmp[c] + h[c] + pi161[c] SCO1527 0 0 1000 0

PINOS170 Phosphatidylinositol synthase (n-C17:0) cdpdhepdecg[c] + inost[c]  -> cmp[c] + h[c] + pi170[c] SCO1527 0 0 1000 0

PINOS180 Phosphatidylinositol synthase (n-C18:0) cdpdodecg[c] + inost[c]  -> cmp[c] + h[c] + pi180[c] SCO1527 0 0 1000 0

PINOS181 Phosphatidylinositol synthase (n-C18:1) cdpdodec11eg[c] + inost[c]  -> cmp[c] + h[c] + pi181[c] SCO1527 0 0 1000 0

PINOSai150 Phosphatidylinositol synthase (ante-iso-C15:0) cdpdaiC15g[c] + inost[c]  -> cmp[c] + h[c] + piai150[c] SCO1527 0 0 1000 0

PINOSai170 Phosphatidylinositol synthase (ante-iso-C17:0) cdpdaiC17g[c] + inost[c]  -> cmp[c] + h[c] + piai170[c] SCO1527 0 0 1000 0

PINOSi140 Phosphatidylinositol synthase (iso-C14:0) cdpdiC14g[c] + inost[c]  -> cmp[c] + h[c] + pii140[c] SCO1527 0 0 1000 0

PINOSi150 Phosphatidylinositol synthase (iso-C15:0) cdpdiC15g[c] + inost[c]  -> cmp[c] + h[c] + pii150[c] SCO1527 0 0 1000 0

PINOSi160 Phosphatidylinositol synthase (iso-C16:0) cdpdiC16g[c] + inost[c]  -> cmp[c] + h[c] + pii160[c] SCO1527 0 0 1000 0

PINOSi170 Phosphatidylinositol synthase (iso-C17:0) cdpdiC17g[c] + inost[c]  -> cmp[c] + h[c] + pii170[c] SCO1527 0 0 1000 0
PINOSi180 Phosphatidylinositol synthase (iso-C18:0) cdpdiC18g[c] + inost[c]  -> cmp[c] + h[c] + pii180[c] SCO1527 0 0 1000 0

PSD120 Phosphatidylserine decarboxylase (n-C12:0) h[c] + ps120[c]  -> co2[c] + pe120[c] SCO6468 0 0 1000 0

PSD140 Phosphatidylserine decarboxylase (n-C14:0) h[c] + ps140[c]  -> co2[c] + pe140[c] SCO6468 0 0 1000 0

PSD141 Phosphatidylserine decarboxylase (n-C14:1) h[c] + ps141[c]  -> co2[c] + pe141[c] SCO6468 0 0 1000 0

PSD150 Phosphatidylserine decarboxylase (n-C15:0) h[c] + ps150[c]  -> co2[c] + pe150[c] SCO6468 0 0 1000 0

PSD160 Phosphatidylserine decarboxylase (n-C16:0) h[c] + ps160[c]  -> co2[c] + pe160[c] SCO6468 0 0 1000 0

PSD161 Phosphatidylserine decarboxylase (n-C16:1) h[c] + ps161[c]  -> co2[c] + pe161[c] SCO6468 0 0 1000 0

PSD170 Phosphatidylserine decarboxylase (n-C17:0) h[c] + ps170[c]  -> co2[c] + pe170[c] SCO6468 0 0 1000 0

PSD180 Phosphatidylserine decarboxylase (n-C18:0) h[c] + ps180[c]  -> co2[c] + pe180[c] SCO6468 0 0 1000 0

PSD181 Phosphatidylserine decarboxylase (n-C18:1) h[c] + ps181[c]  -> co2[c] + pe181[c] SCO6468 0 0 1000 0

PSDai150 Phosphatidylserine decarboxylase (ante-iso-C15:0) h[c] + psai150[c]  -> co2[c] + peai150[c] SCO6468 0 0 1000 0
PSDai170 Phosphatidylserine decarboxylase (ante-iso-C17:0) h[c] + psai170[c]  -> co2[c] + peai170[c] SCO6468 0 0 1000 0

PSDi140 Phosphatidylserine decarboxylase (iso-C14:0) h[c] + psi140[c]  -> co2[c] + pei140[c] SCO6468 0 0 1000 0

PSDi150 Phosphatidylserine decarboxylase (iso-C15:0) h[c] + psi150[c]  -> co2[c] + pei150[c] SCO6468 0 0 1000 0

PSDi160 Phosphatidylserine decarboxylase (iso-C16:0) h[c] + psi160[c]  -> co2[c] + pei160[c] SCO6468 0 0 1000 0

PSDi170 Phosphatidylserine decarboxylase (iso-C17:0) h[c] + psi170[c]  -> co2[c] + pei170[c] SCO6468 0 0 1000 0

PSDi180 Phosphatidylserine decarboxylase (iso-C18:0) h[c] + psi180[c]  -> co2[c] + pei180[c] SCO6468 0 0 1000 0

PSSA120 Phosphatidylserine syntase (n-C12:0) cdpdddecg[c] + ser-L[c]  -> cmp[c] + h[c] + ps120[c] SCO6467 0 0 1000 0

PSSA140 Phosphatidylserine syntase (n-C14:0) cdpdtdecg[c] + ser-L[c]  -> cmp[c] + h[c] + ps140[c] SCO6467 0 0 1000 0

PSSA141 Phosphatidylserine syntase (n-C14:1) cdpdtdec7eg[c] + ser-L[c]  -> cmp[c] + h[c] + ps141[c] SCO6467 0 0 1000 0

PSSA150 Phosphatidylserine syntase (n-C15:0) cdpdptdecg[c] + ser-L[c]  -> cmp[c] + h[c] + ps150[c] SCO6467 0 0 1000 0

PSSA160 Phosphatidylserine syntase (n-C16:0) cdpdhdecg[c] + ser-L[c]  -> cmp[c] + h[c] + ps160[c] SCO6467 0 0 1000 0

PSSA161 Phosphatidylserine syntase (n-C16:1) cdpdhdec9eg[c] + ser-L[c]  -> cmp[c] + h[c] + ps161[c] SCO6467 0 0 1000 0
PSSA170 Phosphatidylserine syntase (n-C17:0) cdpdhepdecg[c] + ser-L[c]  -> cmp[c] + h[c] + ps170[c] SCO6467 0 0 1000 0

PSSA180 Phosphatidylserine syntase (n-C18:0) cdpdodecg[c] + ser-L[c]  -> cmp[c] + h[c] + ps180[c] SCO6467 0 0 1000 0

PSSA181 Phosphatidylserine syntase (n-C18:1) cdpdodec11eg[c] + ser-L[c]  -> cmp[c] + h[c] + ps181[c] SCO6467 0 0 1000 0

PSSAai150 Phosphatidylserine syntase (ante-iso-C15:0) cdpdaiC15g[c] + ser-L[c]  -> cmp[c] + h[c] + psai150[c] SCO6467 0 0 1000 0

PSSAai170 Phosphatidylserine syntase (ante-iso-C17:0) cdpdaiC17g[c] + ser-L[c]  -> cmp[c] + h[c] + psai170[c] SCO6467 0 0 1000 0

PSSAi140 Phosphatidylserine syntase (iso-C14:0) cdpdiC14g[c] + ser-L[c]  -> cmp[c] + h[c] + psi140[c] SCO6467 0 0 1000 0

PSSAi150 Phosphatidylserine syntase (iso-C15:0) cdpdiC15g[c] + ser-L[c]  -> cmp[c] + h[c] + psi150[c] SCO6467 0 0 1000 0

PSSAi160 Phosphatidylserine syntase (iso-C16:0) cdpdiC16g[c] + ser-L[c]  -> cmp[c] + h[c] + psi160[c] SCO6467 0 0 1000 0

PSSAi170 Phosphatidylserine syntase (iso-C17:0) cdpdiC17g[c] + ser-L[c]  -> cmp[c] + h[c] + psi170[c] SCO6467 0 0 1000 0

PSSAi180 Phosphatidylserine syntase (iso-C18:0) cdpdiC18g[c] + ser-L[c]  -> cmp[c] + h[c] + psi180[c] SCO6467 0 0 1000 0

TAGS120 Triacylglycerol synthase (n-C12:0) 12dgr120[c] + ddcaACP[c]  -> ACP[c] + tag120[c] 0 0 1000 0
TAGS140 Triacylglycerol synthase (n-C14:0) 12dgr140[c] + myrsACP[c]  -> ACP[c] + tag140[c] 0 0 1000 0

TAGS141 Triacylglycerol synthase (n-C14:1) 12dgr141[c] + tdeACP[c]  -> ACP[c] + tag141[c] 0 0 1000 0

TAGS150 Triacylglycerol synthase (n-C15:0) 12dgr150[c] + ptdcaACP[c]  -> ACP[c] + tag150[c] 0 0 1000 0

TAGS160 Triacylglycerol synthase (n-C16:0) 12dgr160[c] + palmACP[c]  -> ACP[c] + tag160[c] 0 0 1000 0

TAGS161 Triacylglycerol synthase (n-C16:1) 12dgr161[c] + hdeACP[c]  -> ACP[c] + tag161[c] 0 0 1000 0

TAGS170 Triacylglycerol synthase (n-C17:0) 12dgr170[c] + hepdcaACP[c]  -> ACP[c] + tag170[c] 0 0 1000 0

TAGS180 Triacylglycerol synthase (n-C18:0) 12dgr180[c] + ocdcaACP[c]  -> ACP[c] + tag180[c] 0 0 1000 0

TAGS181 Triacylglycerol synthase (n-C18:1) 12dgr181[c] + octeACP[c]  -> ACP[c] + tag181[c] 0 0 1000 0

TAGSai150 Triacylglycerol synthase (ante-iso-C15:0) 12dgrai150[c] + aiC15ACP[c]  -> ACP[c] + tagai150[c] 0 0 1000 0

TAGSai170 Triacylglycerol synthase (ante-iso-C17:0) 12dgrai170[c] + aiC17ACP[c]  -> ACP[c] + tagai170[c] 0 0 1000 0

TAGSi140 Triacylglycerol synthase (iso-C14:0) 12dgri140[c] + iC14ACP[c]  -> ACP[c] + tagi140[c] 0 0 1000 0

TAGSi150 Triacylglycerol synthase (iso-C15:0) 12dgri150[c] + iC15ACP[c]  -> ACP[c] + tagi150[c] 0 0 1000 0
TAGSi160 Triacylglycerol synthase (iso-C16:0) 12dgri160[c] + iC16ACP[c]  -> ACP[c] + tagi160[c] 0 0 1000 0

TAGSi170 Triacylglycerol synthase (iso-C17:0) 12dgri170[c] + iC17ACP[c]  -> ACP[c] + tagi170[c] 0 0 1000 0

TAGSi180 Triacylglycerol synthase (iso-C18:0) 12dgri180[c] + iC18ACP[c]  -> ACP[c] + tagi180[c] 0 0 1000 0
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GHMT2 glycine hydroxymethyltransferase ser-L[c] + thf[c]  -> gly[c] + h2o[c] + mlthf[c] (SCO4837 or SCO5470 or SCO5364) 0 0 1000 0

GLYAT glycine C-acetyltransferase accoa[c] + gly[c]  <=> 2aobut[c] + coa[c] SCO6800 1 -1000 1000 0

GLYCK2 glycerate kinase atp[c] + glyc-R[c]  -> 2pg[c] + adp[c] + h[c] (SCO2145 or SCO6466) 0 0 1000 0
PGCD phosphoglycerate dehydrogenase 3pg[c] + nad[c]  -> 3php[c] + h[c] + nadh[c] SCO5515 0 0 1000 0

PSERT phosphoserine transaminase 3php[c] + glu-L[c]  -> akg[c] + pser-L[c] SCO4366 0 0 1000 0

PSP_L phosphoserine phosphatase (L-serine) h2o[c] + pser-L[c]  -> pi[c] + ser-L[c] SCO1808 0 0 1000 0

SERD_L L-serine deaminase ser-L[c]  -> nh4[c] + pyr[c] (SCO0821 or SCO4962 or SCO5469) 0 0 1000 0

THRD L-threonine dehydrogenase nad[c] + thr-L[c]  -> 2aobut[c] + h[c] + nadh[c] SCO6799 0 0 1000 0

ENO enolase 2pg[c]  <=> h2o[c] + pep[c] (SCO3096 or SCO7638) 1 -1000 1000 0

FBA fructose-bisphosphate aldolase fdp[c]  <=> dhap[c] + g3p[c] SCO3649 1 -1000 1000 0

FBA2 D-Fructose 1-phosphate D-glyceraldehyde-3-phosphate-lyase f1p[c]  <=> dhap[c] + glyald[c] SCO3649 1 -1000 1000 0

FBP fructose-bisphosphatase fdp[c] + h2o[c]  -> f6p[c] + pi[c] SCO5047 0 0 1000 0

GAPD glyceraldehyde-3-phosphate dehydrogenase g3p[c] + nad[c] + pi[c]  <=> 13dpg[c] + h[c] + nadh[c] (SCO1947 or SCO7040 or SCO7511) 1 -1000 1000 0

GLBRAN2 1,4-alpha-glucan branching enzyme (glycogen -> bglycogen) glycogen[c]  -> bglycogen[c] (SCO5440 or SCO7332) 0 0 1000 0

GLCP glycogen phosphorylase glycogen[c] + pi[c]  -> g1p[c] SCO5444 0 0 1000 0
GLCP2 glycogen phosphorylase bglycogen[c] + pi[c]  -> g1p[c] SCO5444 0 0 1000 0

GLCS1 glycogen synthase (ADPGlc) adpglc[c]  -> adp[c] + glycogen[c] + h[c] SCO0962 0 0 1000 0

GLDBRAN2 glycogen debranching enzyme (bglycogen -> glycogen) bglycogen[c]  -> glycogen[c] (SCO7338 or SCO5456 or SCO6082) 0 0 1000 0

GLGC glucose-1-phosphate adenylyltransferase atp[c] + g1p[c] + h[c]  -> adpglc[c] + ppi[c] SCO0961 0 0 1000 0

GLGCc glucose-1-phosphate cytidylyltransferase ctp[c] + g1p[c] + h[c]  -> cdpglc[c] + ppi[c] SCO0393 0 0 1000 0

HEX1 glucokinase (D-glucose:ATP) atp[c] + glc-D[c]  -> adp[c] + g6p[c] + h[c] (SCO2126 or SCO6260 or SCO1077 or (SCO4145 

and SCO5059))

0 0 1000 0

PDH pyruvate dehydrogenase coa[c] + nad[c] + pyr[c]  -> accoa[c] + co2[c] + nadh[c] ((SCO2183 or SCO2371 or SCO7124 or (SCO1269 

and SCO1270)) and (SCO3815 or SCO3829) and 

(SCO0884 or SCO2180 or SCO4919))

0 0 1000 0

PFK phosphofructokinase atp[c] + f6p[c]  -> adp[c] + fdp[c] + h[c] (SCO5426 or SCO2119 or SCO1214) 0 0 1000 0
PGI glucose-6-phosphate isomerase g6p[c]  <=> f6p[c] (SCO1942 or SCO6659) 1 -1000 1000 0

PGK phosphoglycerate kinase 3pg[c] + atp[c]  <=> 13dpg[c] + adp[c] SCO1946 1 -1000 1000 0

PGM phosphoglycerate mutase 2pg[c]  <=> 3pg[c] (SCO2576 or SCO4209 or SCO6818) 1 -1000 1000 0

PPDK Pyruvate,phosphate dikinase atp[c] + pi[c] + pyr[c]  -> amp[c] + h[c] + pep[c] + ppi[c] (SCO0208 or SCO2494) 0 0 1000 0

PYK pyruvate kinase adp[c] + h[c] + pep[c]  -> atp[c] + pyr[c] (SCO2014 or SCO5423) 0 0 1000 0

TPI triose-phosphate isomerase dhap[c]  <=> g3p[c] (SCO0578 or SCO1945) 1 -1000 1000 0

GLXCL glyoxalate carboligase 2 glx[c] + h[c]  -> 2h3oppan[c] + co2[c] SCO6201 0 0 1000 0

GLYCK glycerate kinase atp[c] + glyc-R[c]  -> 3pg[c] + adp[c] + h[c] (SCO2145 or SCO6466) 0 0 1000 0

ATPPRT ATP phosphoribosyltransferase atp[c] + prpp[c]  -> ppi[c] + prbatp[c] SCO1438 0 0 1000 0

FGLU formimidoylglutamase forglu[c] + h[c] + h2o[c]  -> frmd[c] + glu-L[c] 0 0 1000 0

FORAMD formamidase frmd[c] + h2o[c]  -> for[c] + nh4[c] 0 0 1000 0

HISD histidase his-L[c]  -> nh4[c] + urcan[c] SCO4932 0 0 1000 0
HISTD histidinol dehydrogenase h2o[c] + histd[c] + 2 nad[c]  -> 3 h[c] + his-L[c] + 2 nadh[c] SCO2054 0 0 1000 0

HISTP histidinol-phosphatase h2o[c] + hisp[c]  -> histd[c] + pi[c] SCO5208 0 0 1000 0

HSTPT histidinol-phosphate transaminase glu-L[c] + imacp[c]  -> akg[c] + hisp[c] (SCO1859 or SCO2053 or SCO3944) 0 0 1000 0

IG3PS Imidazole-glycerol-3-phosphate synthase gln-L[c] + prlp[c]  -> aicar[c] + eig3p[c] + glu-L[c] + h[c] (SCO2048 and SCO2051) 0 0 1000 0

IGPDH imidazoleglycerol-phosphate dehydratase eig3p[c]  -> h2o[c] + imacp[c] SCO2052 0 0 1000 0

IZPN imidazolonepropionase 4izp[c] + h2o[c]  -> forglu[c] + h[c] SCO3070 0 0 1000 0

PRAMPC phosphoribosyl-AMP cyclohydrolase h2o[c] + prbamp[c]  -> prfp[c] SCO2044 0 0 1000 0

PRATPP phosphoribosyl-ATP pyrophosphatase h2o[c] + prbatp[c]  -> h[c] + ppi[c] + prbamp[c] SCO1439 0 0 1000 0

PRMICIi 1-(5-phosphoribosyl)-5-[(5-

phosphoribosylamino)methylideneamino)imidazole-4-

carboxamide isomerase (irreversible)

prfp[c]  -> prlp[c] SCO2050 0 0 1000 0

PRPPS phosphoribosylpyrophosphate synthetase atp[c] + r5p[c]  <=> amp[c] + h[c] + prpp[c] (SCO0782 or SCO3123) 1 -1000 1000 0

URCN urocanase urcan[c] + h2o[c]  -> 4izp[c] SCO3073 0 0 1000 0

ASR arsenate reductase aso4[c] + 2 msh[c]  -> aso3[c] + mssg[c] + h2o[c] (SCO2206 or SCO6835) 0 0 1000 0

CA2t4 calcium (Ca+2) transport in/out via proton antiport ca2[c] + h[e]  <=> h[c] + ca2[e] SCO1962 1 -1000 1000 0

CD2abc Cadmium (Cd+2) ABC transporter atp[c] + cd2[c] + h2o[c]  -> adp[c] + h[c] + pi[c] + cd2[e] SCO6460 0 0 1000 0

CD2t4 cadmium (Cd+2) transport in/out via proton antiport cd2[c] + h[e]  <=> h[c] + cd2[e] (SCO0776 or SCO1310 or SCO2772 or SCO6751) 1 -1000 1000 0

CLt3_2 chloride transport out via proton antiport (2:1) h[c] + 2 cl[e]  -> 2 cl[c] + h[e] (SCO5964 or SCO6320) 0 0 1000 0

COBALT2t cobalt transport in via permease (no H+) cobalt2[e]  -> cobalt2[c] (SCO1667 or SCO5157) 0 0 1000 0

COBALT2t3 cobalt (Co+2) transport out via proton antiport cobalt2[c] + h[e]  -> h[c] + cobalt2[e] (SCO0776 or SCO1310 or SCO2772 or SCO6751) 0 0 1000 0

COELICHELINa

bc

ferricoelichelin transport via ABC system atp[c] + h2o[c] + ferricoelichelin[e]  -> adp[c] + ferricoelichelin[c] + h[c] + pi[c] ((SCO0495 and SCO0496 and SCO0497 and 

SCO0494) or (SCO7398 and SCO7399 and 

SCO7400))

0 0 1000 0

COELICHELINe

xs

coelichelin Fe-loading reaction (spontaneaous) fe3[e] + coelichelin[e]  -> ferricoelichelin[e] s0001 0 0 1000 0

179



COELICHELIN

R1

ferricoelichelin reductase fadh2[c] + 2 ferricoelichelin[c]  -> fad[c] + 2 fe2[c] + 2 coelichelin[c] + 2 h[c] 0 0 1000 0

COELICHELIN
R2

ferricoelichelin reductase 2 ferricoelichelin[c] + fmnh2[c]  -> 2 fe2[c] + 2 coelichelin[c] + fmn[c] + 2 h[c] 0 0 1000 0

COELICHELIN

R3

ferricoelichelin reductase 2 ferricoelichelin[c] + rbflvrd[c]  -> 2 fe2[c] + 2 coelichelin[c] + 2 h[c] + ribflv[c] 0 0 1000 0

COELICHELIN

Ut

coelichelin secretion coelichelin[c] + h[e]  -> h[c] + coelichelin[e] (SCO0491 and SCO0493) 0 0 1000 0

CU1abc Copper (Cu +1) ABC transporter atp[c] + cu[c] + h2o[c]  -> adp[c] + h[c] + pi[c] + cu[e] (SCO1046 or SCO2731) 0 0 1000 0

CU1O Cuprous Oxidase (Cu+1) 4 cu[c] + 4 h[c] + o2[c]  -> 4 cu2[c] + 2 h2o[c] ((SCO3439 and SCO3440) and SCO6712) 0 0 1000 0

CU2abc Copper (Cu+2) ABC transporter atp[c] + cu2[c] + h2o[c]  -> adp[c] + h[c] + pi[c] + cu2[e] SCO6460 0 0 1000 0

CU2t copper transport in via permease (no H+) cu2[e]  -> cu2[c] 0 0 1000 0

CUt3 copper transport in via proton antiport cu[e] + h[c]  -> h[e] + cu[c] 0 0 1000 0

FE2t2 iron (II) transport in via proton symport fe2[e] + h[e]  -> fe2[c] + h[c] SCO4993 0 0 1000 0

FE2t3 iron (Fe+2) transport out via proton antiport fe2[c] + h[e]  -> h[c] + fe2[e] (SCO0776 or SCO1310 or SCO2772 or SCO6751) 0 0 1000 0
FE3abc iron (III) transport via ABC system atp[c] + h2o[c] + fe3[e]  -> adp[c] + fe3[c] + h[c] + pi[c] (SCO5923 and SCO5924 and SCO5925) 0 0 1000 0

FEOXAMBabc ferrioxamine B transport via ABC system atp[c] + h2o[c] + ferrioxamB[e]  -> adp[c] + ferrioxamB[c] + h[c] + pi[c] ((SCO7398 and SCO7399 and SCO7400) or 

SCO2780)

0 0 1000 0

FEOXAMBexs desferrioxamine B Fe-loading reaction (spontaneaous) fe3[e] + desferrioxamB[e]  -> ferrioxamB[e] s0001 0 0 1000 0

FEOXAMBR1 ferrioxamine B reductase fadh2[c] + 2 ferrioxamB[c]  -> fad[c] + 2 fe2[c] + 2 desferrioxamB[c] + 2 h[c] 0 0 1000 0

FEOXAMBR2 ferrioxamine B reductase 2 ferrioxamB[c] + fmnh2[c]  -> 2 fe2[c] + 2 desferrioxamB[c] + fmn[c] + 2 h[c] 0 0 1000 0

FEOXAMBR3 ferrioxamine B reductase 2 ferrioxamB[c] + rbflvrd[c]  -> 2 fe2[c] + 2 desferrioxamB[c] + 2 h[c] + ribflv[c] 0 0 1000 0

FEOXAMBUt desferrioxamine B secretion desferrioxamB[c] + h[e]  -> h[c] + desferrioxamB[e] 0 0 1000 0

FEOXAMEabc ferrioxamine E transport via ABC system atp[c] + h2o[c] + ferrioxamE[e]  -> adp[c] + ferrioxamE[c] + h[c] + pi[c] SCO2780 0 0 1000 0

FEOXAMEexs desferrioxamine E Fe-loading reaction (spontaneaous) fe3[e] + desferrioxamE[e]  -> ferrioxamE[e] s0001 0 0 1000 0

FEOXAMER1 ferrioxamine E reductase fadh2[c] + 2 ferrioxamE[c]  -> fad[c] + 2 fe2[c] + 2 desferrioxamE[c] + 2 h[c] 0 0 1000 0
FEOXAMER2 ferrioxamine E reductase 2 ferrioxamE[c] + fmnh2[c]  -> 2 fe2[c] + 2 desferrioxamE[c] + fmn[c] + 2 h[c] 0 0 1000 0

FEOXAMER3 ferrioxamine E reductase 2 ferrioxamE[c] + rbflvrd[c]  -> 2 fe2[c] + 2 desferrioxamE[c] + 2 h[c] + ribflv[c] 0 0 1000 0

FEOXAMEUt desferrioxamine E secretion desferrioxamE[c] + h[e]  -> h[c] + desferrioxamE[e] 0 0 1000 0

FERO ferroxidase 4 fe2[c] + 4 h[c] + o2[c]  -> 4 fe3[c] + 2 h2o[c] ((SCO3439 and SCO3440) and SCO6712) 0 0 1000 0

H2SO Hydrogen sulfide oxidation h2s[c] + 2 o2[c]  -> 2 h[c] + so4[c] s0001 0 0 1000 0

Kabc Potassium ABC transporter atp[c] + h2o[c] + k[e]  -> adp[c] + h[c] + k[c] + pi[c] (SCO3716 and SCO3717 and SCO3718) 0 0 1000 0

Kt2 potassium transport in via proton symport h[e] + k[e]  -> h[c] + k[c] SCO3826 0 0 1000 0

Kt3 potassium transport out via proton antiport k[c] + h[e]  -> h[c] + k[e] SCO1962 0 0 1000 0

MG2t magnesium (+2) transport in via diffusion mg2[e]  -> mg2[c] (SCO1667 or SCO5157) 0 0 1000 0

MG2uabc Magnesium (Mg+2) ABC transporter  (uptake) atp[c] + h2o[c] + mg2[e]  -> adp[c] + h[c] + mg2[c] + pi[c] SCO2499 0 0 1000 0

MN2t3 manganese (Mn+2) transport out via proton antiport mn2[c] + h[e]  -> h[c] + mn2[e] (SCO0776 or SCO1310 or SCO2772 or SCO6751) 0 0 1000 0

MOBDabc molybdate transport via ABC system atp[c] + h2o[c] + mobd[e]  -> adp[c] + h[c] + mobd[c] + pi[c] (SCO3706 and SCO3705 and SCO3704) 0 0 1000 0
NAt3 sodium transport out via proton antiport na1[c] + h[e]  -> h[c] + na1[e] SCO1962 0 0 1000 0

NAt3_2 sodium proton antiporter (H:NA is 2) na1[c] + 2 h[e]  -> 2 h[c] + na1[e] (SCO0015 or SCO0285 or SCO3564 or SCO7832) 0 0 1000 0

NH4t ammonia reversible transport nh4[e]  <=> nh4[c] (SCO5583 or s0001) 1 -1000 1000 0

NI2t nickel (+2) transport in via permease (no H+) ni2[e]  -> ni2[c] (SCO1667 or SCO5157) 0 0 1000 0

NI2t3 nickle (Ni+2) transport out via proton antiport ni2[c] + h[e]  -> h[c] + ni2[e] (SCO0776 or SCO1310 or SCO2772 or SCO6751) 0 0 1000 0

NI2uabc nickel transport via ABC system (uptake) atp[c] + h2o[c] + ni2[e]  -> adp[c] + h[c] + ni2[c] + pi[c] ((SCO6454 and SCO6452 and SCO6453 and 

SCO6451) or SCO2499)

0 0 1000 0

NO2t2r nitrite transport in via proton symport, reversible h[e] + no2[e]  <=> h[c] + no2[c] (SCO2959 or SCO0213) 1 -1000 1000 0

NO3t7 nitrate transport in via nitrite antiport no2[c] + no3[e]  -> no3[c] + no2[e] (SCO2959 or SCO0213) 0 0 1000 0

NOt NO transport (diffusion) no[e]  <=> no[c] s0001 1 -1000 1000 0

O2t o2 transport via diffusion o2[e]  <=> o2[c] s0001 1 -1000 1000 0
PIt2r phosphate reversible transport via symport h[e] + pi[e]  <=> h[c] + pi[c] (SCO4138 or SCO1845) 1 -1000 1000 0

Piuabc phosphate transport via ABC system (uptake) atp[c] + h2o[c] + pi[e]  -> adp[c] + h[c] + 2 pi[c] ((SCO4139 and SCO4140 and SCO4141 and 

SCO4142) or SCO2428 or (SCO6814 and SCO6815 

and SCO6816))

0 0 1000 0

SO4t2 sulfate transport in via proton symport h[e] + so4[e]  -> h[c] + so4[c] SCO3276 0 0 1000 0

SULabc sulfate transport via ABC system atp[c] + h2o[c] + so4[e]  -> adp[c] + h[c] + pi[c] + so4[c] (SCO3706 and SCO3705 and SCO3704) 0 0 1000 0

TUNGSabc tungstate transport via ABC system atp[c] + h2o[c] + tungs[e]  -> adp[c] + h[c] + pi[c] + tungs[c] (SCO3706 and SCO3705 and SCO3704) 0 0 1000 0

ZN2t3 zinc (Zn+2) transport out via proton antiport zn2[c] + h[e]  -> h[c] + zn2[e] (SCO0776 or SCO1310 or SCO2772 or SCO6751) 0 0 1000 0

ZNabc zinc (Zn+2) transport via ABC system atp[c] + h2o[c] + zn2[e]  -> adp[c] + h[c] + pi[c] + zn2[c] ((SCO0476 and SCO0475 and SCO0473) or 

(SCO2506 and SCO2507 and SCO2505))

0 0 1000 0

DDGK 5-dehydro-2-deoxygluconokinase 5ddglcn[c] + atp[c]  -> 5ddg6p[c] + adp[c] + h[c] SCO6978 0 0 1000 0

DDPGA2 5-dehydro-2-deoxyphosphogluconate aldolase 5ddg6p[c]  <=> dhap[c] + msa[c] 1 -1000 1000 0
DGI 5-Deoxy glucuronate isomerase 5doglcn[c]  <=> 5ddglcn[c] SCO6976 1 -1000 1000 0

INS2D inositol 2-dehydrogenase inost[c] + nad[c]  -> 2ins[c] + h[c] + nadh[c] (SCO6255 or SCO6984 or SCO7254) 0 0 1000 0

INSDH inosose 2,3-dehydratase 2ins[c]  <=> thchd[c] + h2o[c] SCO6982 1 -1000 1000 0
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MI1PS myo-Inositol-1-phosphate synthase g6p[c]  -> mi1p-D[c] (SCO3243 or SCO3899 or SCO6573) 0 0 1000 0

MI1PS2 myo-Inositol-1-phosphate synthase g6p[c]  -> mi1p-L[c] (SCO3243 or SCO3899 or SCO6573) 0 0 1000 0

THCHDH 3D-(3,5/4)-trihydroxycyclohexane-1,2-dione hydrolase thchd[c] + h2o[c]  <=> 5doglcn[c] + h[c] SCO6975 1 -1000 1000 0
2MBCOATA 2-Methyl-butanoyl-CoA-ACP transacylase ACP[c] + 2mbcoa[c]  <=> coa[c] + 2mbACP[c] ((SCO1271 or SCO2388 or SCO6564) and (SCO2389 

or SCO0549 or SCO1267 or SCO1272))

1 -1000 1000 0

ACACT1r acetyl-CoA C-acetyltransferase 2 accoa[c]  <=> aacoa[c] + coa[c] (SCO5399 or SCO6788 or SCO1324 or SCO4502 or 

SCO6027)

1 -1000 1000 0

ACACT2r acetyl-CoA C-acyltransferase (butanoyl-CoA) (r) accoa[c] + btcoa[c]  <=> 3ohcoa[c] + coa[c] (SCO6788 or SCO1324 or SCO4502 or SCO6027) 1 -1000 1000 0

ACACT3r acetyl-CoA C-acyltransferase (hexanoyl-CoA) (r) accoa[c] + hxcoa[c]  <=> 3oocoa[c] + coa[c] (SCO6788 or SCO1324 or SCO4502 or SCO6027) 1 -1000 1000 0

ACACT4r acetyl-CoA C-acyltransferase (octanoyl-CoA) (r) accoa[c] + occoa[c]  <=> 3odcoa[c] + coa[c] (SCO6788 or SCO1324 or SCO4502 or SCO6027) 1 -1000 1000 0

ACACT5r acetyl-CoA C-acyltransferase (decanoyl-CoA) (r) accoa[c] + dcacoa[c]  <=> 3oddcoa[c] + coa[c] (SCO6788 or SCO1324 or SCO4502 or SCO6027) 1 -1000 1000 0

ACACT6r acetyl-CoA C-acyltransferase (dodecanoyl-CoA) (r) accoa[c] + ddcacoa[c]  <=> 3otdcoa[c] + coa[c] (SCO6788 or SCO1324 or SCO4502 or SCO6027) 1 -1000 1000 0

ACACT7r acetyl-CoA C-acyltransferase (tetradecanoyl-CoA) (r) accoa[c] + tdcoa[c]  <=> 3ohdcoa[c] + coa[c] (SCO6788 or SCO1324 or SCO4502 or SCO6027) 1 -1000 1000 0

ACACT8r acetyl-CoA acyltransferase (hexadecanoyl-CoA) (r) 3oodcoa[c] + coa[c]  <=> accoa[c] + pmtcoa[c] (SCO6788 or SCO1324 or SCO4502 or SCO6027) 1 -1000 1000 0

ACCOAC acetyl-CoA carboxylase accoa[c] + atp[c] + hco3[c]  -> adp[c] + h[c] + malcoa[c] + pi[c] ((SCO2445 or (SCO5535 and SCO5536)) and 
(SCO2777 or SCO4921 or SCO6271))

0 0 1000 0

ACOAD1f acyl-CoA dehydrogenase (butanoyl-CoA) btcoa[c] + fad[c]  <=> b2coa[c] + fadh2[c] (SCO1690 or SCO2774 or SCO6787 or SCO2779) 1 -1000 1000 0

ACOAD2f acyl-CoA dehydrogenase (hexanoyl-CoA) fad[c] + hxcoa[c]  <=> fadh2[c] + hx2coa[c] (SCO1690 or SCO2774 or SCO6787 or SCO2779) 1 -1000 1000 0

ACOAD3f acyl-CoA dehydrogenase (octanoyl-CoA) fad[c] + occoa[c]  <=> fadh2[c] + oc2coa[c] (SCO1690 or SCO2774 or SCO6787) 1 -1000 1000 0

ACOAD4f acyl-CoA dehydrogenase (decanoyl-CoA) dcacoa[c] + fad[c]  <=> dc2coa[c] + fadh2[c] (SCO1690 or SCO2774 or SCO6787) 1 -1000 1000 0

ACOAD5f acyl-CoA dehydrogenase (dodecanoyl-CoA) ddcacoa[c] + fad[c]  <=> dd2coa[c] + fadh2[c] (SCO1690 or SCO2774 or SCO6787) 1 -1000 1000 0

ACOAD6f acyl-CoA dehydrogenase (tetradecanoyl-CoA) fad[c] + tdcoa[c]  <=> fadh2[c] + td2coa[c] (SCO1690 or SCO2774 or SCO6787) 1 -1000 1000 0

ACOAD7f acyl-CoA dehydrogenase (hexadecanoyl-CoA) fad[c] + pmtcoa[c]  <=> fadh2[c] + hdd2coa[c] (SCO1690 or SCO2774 or SCO6787) 1 -1000 1000 0

ACOAD8f acyl-CoA dehydrogenase (octadecanoyl-CoA) fad[c] + stcoa[c]  <=> fadh2[c] + od2coa[c] (SCO1690 or SCO2774 or SCO6787) 1 -1000 1000 0

ACOATA Acetyl-CoA ACP transacylase ACP[c] + accoa[c]  <=> acACP[c] + coa[c] ((SCO1271 or SCO2388 or SCO6564) and (SCO2389 

or SCO0549 or SCO1267 or SCO1272))

1 -1000 1000 0

BCOATA Butyryl-CoA-ACP transacylase ACP[c] + btcoa[c]  <=> coa[c] + butACP[c] ((SCO1271 or SCO2388 or SCO6564) and (SCO2389 

or SCO0549 or SCO1267 or SCO1272))

1 -1000 1000 0

CTECOAI6 3-cis-2-trans-enoyl-CoA isomerase tdecoa[c]  <=> td2coa[c] SCO6732 1 -1000 1000 0

CTECOAI7 3-cis-2-trans-enoyl-CoA isomerase hdcoa[c]  <=> hdd2coa[c] SCO6732 1 -1000 1000 0

CTECOAI8 3-cis-2-trans-enoyl-CoA isomerase odecoa[c]  <=> od2coa[c] SCO6732 1 -1000 1000 0

ECOAH2 3-hydroxyacyl-CoA dehydratase (3-hydroxyhexanoyl-CoA) 3hhcoa[c]  <=> h2o[c] + hx2coa[c] (SCO6732 or SCO4384) 1 -1000 1000 0

ECOAH3 3-hydroxyacyl-CoA dehydratase (3-hydroxyoctanoyl-CoA) 3hocoa[c]  <=> h2o[c] + oc2coa[c] (SCO6732 or SCO4384) 1 -1000 1000 0

ECOAH4 3-hydroxyacyl-CoA dehydratase (3-hydroxydecanoyl-CoA) 3hdcoa[c]  <=> dc2coa[c] + h2o[c] (SCO6732 or SCO4384) 1 -1000 1000 0

ECOAH5 3-hydroxyacyl-CoA dehydratase (3-hydroxydodecanoyl-CoA) 3hddcoa[c]  <=> dd2coa[c] + h2o[c] (SCO6732 or SCO4384) 1 -1000 1000 0

ECOAH6 3-hydroxyacyl-CoA dehydratase (3-hydroxytetradecanoyl-

CoA)

3htdcoa[c]  <=> h2o[c] + td2coa[c] (SCO6732 or SCO4384) 1 -1000 1000 0

ECOAH7 3-hydroxyacyl-CoA dehydratase (3-hydroxyhexadecanoyl-
CoA)

3hhdcoa[c]  <=> h2o[c] + hdd2coa[c] (SCO6732 or SCO4384) 1 -1000 1000 0

ECOAH8 3-hydroxyacyl-CoA dehydratase (3-hydroxyoctadecanoyl-CoA) 3hodcoa[c]  <=> h2o[c] + od2coa[c] (SCO6732 or SCO4384) 1 -1000 1000 0

HACD1 3-hydroxyacyl-CoA dehydrogenase (acetoacetyl-CoA) aacoa[c] + h[c] + nadh[c]  <=> 3hbcoa[c] + nad[c] SCO6732 1 -1000 1000 0

HACD2 3-hydroxyacyl-CoA dehydrogenase (3-oxohexanoyl-CoA) 3ohcoa[c] + h[c] + nadh[c]  <=> 3hhcoa[c] + nad[c] SCO6732 1 -1000 1000 0

HACD3 3-hydroxyacyl-CoA dehydrogenase (3-oxooctanoyl-CoA) 3oocoa[c] + h[c] + nadh[c]  <=> 3hocoa[c] + nad[c] SCO6732 1 -1000 1000 0

HACD4 3-hydroxyacyl-CoA dehydrogenase (3-oxodecanoyl-CoA) 3odcoa[c] + h[c] + nadh[c]  <=> 3hdcoa[c] + nad[c] SCO6732 1 -1000 1000 0

HACD5 3-hydroxyacyl-CoA dehydrogenase (3-oxododecanoyl-CoA) 3oddcoa[c] + h[c] + nadh[c]  <=> 3hddcoa[c] + nad[c] SCO6732 1 -1000 1000 0

HACD6 3-hydroxyacyl-CoA dehydrogenase (3-oxotetradecanoyl-CoA) 3otdcoa[c] + h[c] + nadh[c]  <=> 3htdcoa[c] + nad[c] SCO6732 1 -1000 1000 0

HACD7 3-hydroxyacyl-CoA dehydrogenase (3-oxohexadecanoyl-CoA) 3ohdcoa[c] + h[c] + nadh[c]  <=> 3hhdcoa[c] + nad[c] SCO6732 1 -1000 1000 0

HACD8 3-hydroxyacyl-CoA dehydrogenase (3-oxooctadecanoyl-CoA) 3oodcoa[c] + h[c] + nadh[c]  <=> 3hodcoa[c] + nad[c] SCO6732 1 -1000 1000 0

IBCOATA Isobutiryl-CoA-ACP transacylase ACP[c] + ibcoa[c]  <=> coa[c] + ibACP[c] ((SCO1271 or SCO2388 or SCO6564) and (SCO2389 
or SCO0549 or SCO1267 or SCO1272))

1 -1000 1000 0

IVCOATA Isovaleryl-CoA-ACP transacylase ACP[c] + ivcoa[c]  <=> coa[c] + ivACP[c] ((SCO1271 or SCO2388 or SCO6564) and (SCO2389 

or SCO0549 or SCO1267 or SCO1272))

1 -1000 1000 0

KAS14 beta-ketoacyl-ACP synthase acACP[c] + h[c] + malACP[c]  -> ACP[c] + actACP[c] + co2[c] (SCO0548 or (SCO2390 or SCO1266)) 0 0 1000 0

KAS15 beta-ketoacyl-ACP synthase (2) accoa[c] + h[c] + malACP[c]  -> actACP[c] + co2[c] + coa[c] ((SCO1271 or SCO2388 or SCO6564) and (SCO2389 

or SCO0549 or SCO1267 or SCO1272))

0 0 1000 0

MACPD Malonyl-ACP decarboxylase h[c] + malACP[c]  -> acACP[c] + co2[c] SCO0548 0 0 1000 0

MCOATA Malonyl-CoA-ACP transacylase ACP[c] + malcoa[c]  <=> coa[c] + malACP[c] (SCO2387 and (SCO2389 or SCO0549 or SCO1267 

or SCO1272))

1 -1000 1000 0

PCOATA Propionyl-CoA-ACP transacylase ACP[c] + ppcoa[c]  <=> coa[c] + ppACP[c] ((SCO1271 or SCO2388 or SCO6564) and (SCO2389 

or SCO0549 or SCO1267 or SCO1272))

1 -1000 1000 0

AHC adenosylhomocysteinase ahcys[c] + h2o[c]  <=> adn[c] + hcys-L[c] SCO3023 1 -1000 1000 0
AHSERL2r O-acetylhomoserine (thiol)-lyase achms[c] + h2s[c]  <=> ac[c] + h[c] + hcys-L[c] (SCO1294 or SCO4958) 1 -1000 1000 0

CYSTL cystathionine b-lyase cyst-L[c] + h2o[c]  -> hcys-L[c] + nh4[c] + pyr[c] (SCO0435 or SCO0731) 0 0 1000 0

HCYSMT homocysteine S-methyltransferase amet[c] + hcys-L[c]  -> ahcys[c] + h[c] + met-L[c] SCO6137 0 0 1000 0
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HSST homoserine O-succinyltransferase hom-L[c] + succoa[c]  -> coa[c] + suchms[c] 0 0 1000 0

METAT methionine adenosyltransferase atp[c] + h2o[c] + met-L[c]  -> amet[c] + pi[c] + ppi[c] SCO1476 0 0 1000 0

METB1r cystathionine gamma-synthase achms[c] + cys-L[c]  <=> ac[c] + cyst-L[c] + h[c] (SCO1294 or SCO4958) 1 -1000 1000 0
METOX1s methionine oxidation (spontaneous) h2o2[c] + met-L[c]  -> h2o[c] + metsox-S-L[c] s0001 0 0 1000 0

METOX2s methionine oxidation 2 (spontaneous) h2o2[c] + met-L[c]  -> h2o[c] + metsox-R-L[c] s0001 0 0 1000 0

METS methionine synthase 5mthf[c] + hcys-L[c]  -> h[c] + met-L[c] + thf[c] SCO1657 0 0 1000 0

METSOXR1 L-methionine-S-oxide reductase metsox-S-L[c] + trdrd[c]  -> h2o[c] + met-L[c] + trdox[c] (SCO4956 and (SCO0885 or SCO3889 or SCO5419 

or SCO5438))

0 0 1000 0

METSOXR2 L-methionine-R-sulfoxide reductase metsox-R-L[c] + trdrd[c]  -> h2o[c] + met-L[c] + trdox[c] (SCO6061 and (SCO0885 or SCO3889 or SCO5419 

or SCO5438))

0 0 1000 0

MHPGLUT 5-methyltetrahydropteroyltriglutamate-homocysteine S-

methyltransferase

hcys-L[c] + mhpglu[c]  -> hpglu[c] + met-L[c] SCO0985 0 0 1000 0

MTAP 5'-methylthioadenosine phosphorylase 5mta[c] + pi[c]  -> 5mdr1p[c] + ade[c] SCO3188 0 0 1000 0

MTRI 5-methylthioribose-1-phosphate isomerase 5mdr1p[c]  <=> 5mdru1p[c] SCO3014 1 -1000 1000 0

SHSL1 O-succinylhomoserine lyase (L-cysteine) cys-L[c] + suchms[c]  -> cyst-L[c] + h[c] + succ[c] (SCO1294 or SCO4958) 0 0 1000 0
SHSL2 O-succinylhomoserine lyase (H2S) h2s[c] + suchms[c]  -> hcys-L[c] + h[c] + succ[c] (SCO1294 or SCO4958) 0 0 1000 0

SHSL4 O-succinylhomoserine lyase (elimination) h2o[c] + suchms[c]  -> 2obut[c] + h[c] + succ[c] + nh4[c] (SCO1294 or SCO4958) 0 0 1000 0

SPMS spermidine synthase ametam[c] + ptrc[c]  -> 5mta[c] + h[c] + spmd[c] (SCO3655 or SCO2455) 0 0 1000 0

SPRMS spermine synthase ametam[c] + spmd[c] -> 5mta[c] + h[c] + sprm[c] (SCO3655 or SCO2455) 0 0 1000 0

MCTP1A murein crosslinking transpeptidase 1A:(A2pm->D-ala) murein5p5p[c]  -> ala-D[c] + murein5px4p[c] (SCO3847 or SCO5301 or SCO2608 or SCO2090) 0 0 1000 0

MCTP1B murein crosslinking transpeptidase 1B:(A2pm->A2pm) murein5p5p[c]  -> alaala[c] + murein5px3p[c] (SCO3847 or SCO5301) 0 0 1000 0

MCTP2A murein crosslinking transpeptidase 1A:(A2pm->D-ala) murein5p5p5p[c]  -> 2 ala-D[c] + murein5px4px4p[c] (SCO3847 or SCO5301 or SCO2608 or SCO2090) 0 0 1000 0

MDDCP1 murein D,D-carboxypeptidase (murein5px4p) h2o[c] + murein5px4p[c]  -> ala-D[c] + murein4px4p[c] (SCO3408 or SCO3811 or SCO4847 or SCO6131) 0 0 1000 0

MDDCP2 murein D,D-carboxypeptidase (murein5px4px4p) h2o[c] + murein5px4px4p[c]  -> ala-D[c] + murein4px4px4p[c] (SCO3408 or SCO3811 or SCO4847 or SCO6131) 0 0 1000 0

MDDCP3 murein D,D-carboxypeptidase (murein5p5p) h2o[c] + murein5p5p[c]  -> ala-D[c] + murein5p4p[c] (SCO3408 or SCO3811 or SCO4847 or SCO6131) 0 0 1000 0

MDDCP4 murein D,D-carboxypeptidase (murein5p4p) h2o[c] + murein5p4p[c]  -> ala-D[c] + murein4p4p[c] (SCO3408 or SCO3811 or SCO4847 or SCO6131) 0 0 1000 0
MDDCP5 murein D,D-carboxypeptidase (murein5p3p) h2o[c] + murein5p3p[c]  -> ala-D[c] + murein4p3p[c] (SCO3408 or SCO3811 or SCO4847 or SCO6131) 0 0 1000 0

MPTG murein polymerizing transglycosylase 2 uaagmda[c]  -> 2 h[c] + 2 udcpdp[c] + murein5p5p[c] ((SCO3847 or SCO5301) and (SCO2709 or 

SCO3894))

0 0 1000 0

MPTG2 murein polymerizing transglycosylase 2 (three linked units) uaagmda[c] + murein5p5p[c]  -> h[c] + udcpdp[c] + murein5p5p5p[c] ((SCO3847 or SCO5301) and (SCO2709 or 

SCO3894))

0 0 1000 0

4PCP tetrapeptide L,D-carboxypeptidase LalaDgluMdapDala[c] + h2o[c]  -> LalaDgluMdap[c] + ala-D[c] SCO6489 0 0 1000 0

ACGAMK N-acetylglucosamine kinase acgam[c] + atp[c]  -> acgam6p[c] + adp[c] + h[c] SCO4285 0 0 1000 0

AGM4PCP N-Acetyl-D-glucosamine(anhydrous)N-Acetylmuramyl-

tetrapeptide L,D-carboxypeptidase

anhgm4p[c] + h2o[c]  -> ala-D[c] + anhgm3p[c] SCO6489 0 0 1000 0

AM4PCP anhydrous-N-Acetylmuramyl-tetrapeptide L,D-

carboxypeptidase

anhm4p[c] + h2o[c]  -> ala-D[c] + anhm3p[c] SCO6489 0 0 1000 0

ANHMK 1,6-anhydrous-N-Acetylmuramate kinase anhm[c] + atp[c] + h2o[c]  -> acmum6p[c] + adp[c] + h[c] SCO7595 0 0 1000 0
LADGMDH L-alanyl-gamma-D-glutamyl-meso-diaminopimelate hydrolase LalaDgluMdap[c] + h2o[c]  -> 26dap-M[c] + LalaDglu[c] SCO1948 0 0 1000 0

MDDEP1 murein D,D-endopeptidase (murein4px4p) h2o[c] + murein4px4p[c]  -> murein4p4p[c] (SCO6131 or SCO4439) 0 0 1000 0

MDDEP2 murein D,D-endopeptidase (murein3px4p) h2o[c] + murein3px4p[c]  -> murein4p3p[c] (SCO6131 or SCO4439) 0 0 1000 0

MDDEP3 murein D,D-endopeptidase (murein5px4p) h2o[c] + murein5px4p[c]  -> murein5p4p[c] (SCO6131 or SCO4439) 0 0 1000 0

MDDEP4 murein D,D-endopeptidase (murein4px4px4p) h2o[c] + murein4px4px4p[c]  -> murein4px4p4p[c] (SCO6131 or SCO4439) 0 0 1000 0

UM4PCP UDP-N-acetylmuramoyl-L-alanyl-D-gamma-glutamyl-meso-

2,6-diaminopimelate-D-alanine L,D-carboxypeptidase

h2o[c] + um4p[c]  -> ala-D[c] + ugmd[c] SCO6489 0 0 1000 0

ALLTAH allantoicase alltt[c] + h2o[c] -> urdglyc[c] + urea[c] SCO6248 0 0 1000 0

ALLTN allantoinase alltn[c] + h2o[c]  -> alltt[c] + h[c] SCO6247 0 0 1000 0

NO3R2 Nitrate reductase (menaquinol-9) 2 h[c] + no3[c] + mql9[c]  -> h2o[c] + no2[c] + mqn9[c] + 2 h[e] ((SCO0216 and SCO0217 and SCO0218 and 

SCO0219) or (SCO4947 and SCO4948 and SCO4949 
and SCO4950) or (SCO6532 and SCO6533 and 

SCO6534 and SCO6535) or SCO2473)

0 0 1000 0

NODOx nitric oxide dioxygenase nadh[c] + 2 no[c] + 2 o2[c]  -> h[c] + nad[c] + 2 no3[c] (SCO7428 or SCO7094) 0 0 1000 0

NODOy nitric oxide dioxygenase nadph[c] + 2 no[c] + 2 o2[c]  -> h[c] + nadp[c] + 2 no3[c] (SCO7428 or SCO7094) 0 0 1000 0

UGLYCH Ureidoglycolate hydrolase 2 h[c] + h2o[c] + urdglyc[c]  -> co2[c] + glx[c] + 2 nh4[c] 0 0 1000 0

23PDE2e 2',3'-cyclic-nucleotide phosphodiesterase (UMP) 23cump[e] + h2o[e]  -> 3ump[e] + h[e] SCO2015 0 0 1000 0

23PDE4e 2',3'-cyclic-nucleotide phosphodiesterase (CMP) 23ccmp[e] + h2o[e]  -> 3cmp[e] + h[e] SCO2015 0 0 1000 0

23PDE7e 2',3'-cyclic-nucleotide phosphodiesterase (AMP) 23camp[e] + h2o[e]  -> 3amp[e] + h[e] SCO2015 0 0 1000 0

23PDE9e 2',3'-cyclic-nucleotide phosphodiesterase (GMP) 23cgmp[e] + h2o[e]  -> 3gmp[e] + h[e] SCO2015 0 0 1000 0

3NTD2e 3'-nucleotidase (UMP) 3ump[e] + h2o[e]  -> pi[e] + uri[e] SCO2015 0 0 1000 0

3NTD4e 3'-nucleotidase (CMP) 3cmp[e] + h2o[e]  -> cytd[e] + pi[e] SCO2015 0 0 1000 0

3NTD7e 3'-nucleotidase (AMP) 3amp[e] + h2o[e]  -> adn[e] + pi[e] SCO2015 0 0 1000 0
3NTD9e 3'-nucleotidase (GMP) 3gmp[e] + h2o[e]  -> gsn[e] + pi[e] SCO2015 0 0 1000 0

ADA Adenosine deaminase adn[c] + h[c] + h2o[c]  -> ins[c] + nh4[c] (SCO2546 or SCO4644 or SCO4901 or SCO5662 or 

SCO7268)

0 0 1000 0
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ADK1 adenylate kinase amp[c] + atp[c]  <=> 2 adp[c] SCO4723 1 -1000 1000 0

ADK2i adenylate kinase (Inorganic triphosphate, irreversible) amp[c] + pppi[c]  -> adp[c] + ppi[c] SCO4723 0 0 1000 0

ADK3i adentylate kinase (GTP, irreversible) amp[c] + gtp[c]  -> adp[c] + gdp[c] SCO4723 0 0 1000 0
ADK4i adentylate kinase (ITP, irreversible) amp[c] + itp[c]  -> adp[c] + idp[c] SCO4723 0 0 1000 0

ADNCYC adenylate cyclase atp[c]  -> camp[c] + ppi[c] SCO4928 0 0 1000 0

ADNK1 adenosine kinase adn[c] + atp[c]  -> adp[c] + amp[c] + h[c] SCO2158 0 0 1000 0

ADPRDP ADPribose diphosphatase adprib[c] + h2o[c]  -> amp[c] + 2 h[c] + r5p[c] SCO1775 0 0 1000 0

ADPT adenine phosphoribosyltransferase ade[c] + prpp[c]  -> amp[c] + ppi[c] SCO1514 0 0 1000 0

ATPHs ATP amine hydrolysis (spontaneous) atp[c] + h[c] + h2o[c]  -> itp[c] + nh4[c] s0001 0 0 1000 0

CSND Cytosine deaminase csn[c] + h[c] + h2o[c]  -> nh4[c] + ura[c] SCO4634 0 0 1000 0

CYTD cytidine deaminase cytd[c] + h[c] + h2o[c]  -> nh4[c] + uri[c] (SCO4889 or SCO5680) 0 0 1000 0

CYTK1 cytidylate kinase (CMP) atp[c] + cmp[c]  <=> adp[c] + cdp[c] SCO1760 1 -1000 1000 0

CYTK2 cytidylate kinase (dCMP) atp[c] + dcmp[c]  <=> adp[c] + dcdp[c] SCO1760 1 -1000 1000 0

DADA Deoxyadenosine deaminase dad-2[c] + h[c] + h2o[c]  -> din[c] + nh4[c] (SCO2546 or SCO4644 or SCO4901 or SCO5662 or 

SCO7268)

0 0 1000 0

DADK deoxyadenylate kinase atp[c] + damp[c]  <=> adp[c] + dadp[c] SCO4723 1 -1000 1000 0

DATPHs dATP amine hydrolysis (spontaneous) datp[c] + h[c] + h2o[c]  -> ditp[c] + nh4[c] s0001 0 0 1000 0

DCTPD dCTP deaminase dctp[c] + h[c] + h2o[c]  -> dutp[c] + nh4[c] SCO3678 0 0 1000 0

DCTPD2 dCTP deaminase ctp[c] + h[c] + h2o[c]  -> utp[c] + nh4[c] SCO3678 0 0 1000 0

DCYTD deoxycytidine deaminase dcyt[c] + h[c] + h2o[c]  -> duri[c] + nh4[c] (SCO4889 or SCO5680) 0 0 1000 0

DGK1 deoxyguanylate kinase (dGMP:ATP) atp[c] + dgmp[c]  <=> adp[c] + dgdp[c] SCO1479 1 -1000 1000 0

DTMPK dTMP kinase atp[c] + dtmp[c]  <=> adp[c] + dtdp[c] 1 -1000 1000 0

DURIK1 deoxyuridine kinase (ATP:Deoxyuridine) atp[c] + duri[c]  -> adp[c] + dump[c] + h[c] SCO5845 0 0 1000 0

DURIPP deoxyuridine phosphorylase duri[c] + pi[c]  <=> 2dr1p[c] + ura[c] SCO4890 1 -1000 1000 0

DUTPDP dUTP diphosphatase dutp[c] + h2o[c]  -> dump[c] + h[c] + ppi[c] SCO5868 0 0 1000 0

GK1i guanylate kinase (GMP:ATP, irreversible) atp[c] + gmp[c]  -> adp[c] + gdp[c] SCO1479 0 0 1000 0
GK2i guanylate kinase (GMP:dATP, irreversible) datp[c] + gmp[c]  -> dadp[c] + gdp[c] SCO1479 0 0 1000 0

GTPHs GTP amine hydrolysis (spontaneous) gtp[c] + h[c] + h2o[c]  -> nh4[c] + xtp[c] s0001 0 0 1000 0

GUACYC guanylate cyclase gtp[c]  -> 35cgmp[c] + ppi[c] SCO4928 0 0 1000 0

GUAPRT guanine phosphoribosyltransferase gua[c] + prpp[c]  -> gmp[c] + ppi[c] SCO3405 0 0 1000 0

HXAND hypoxanthine dehydrogenase h2o[c] + hxan[c] + nad[c]  -> h[c] + nadh[c] + xan[c] ((SCO4971 and SCO4972) or (SCO0689 and 

SCO0690 and SCO0691) or (SCO1132 and SCO1133 

and SCO1134))

0 0 1000 0

HXPRT hypoxanthine phosphoribosyltransferase (Hypoxanthine) hxan[c] + prpp[c]  -> imp[c] + ppi[c] SCO3405 0 0 1000 0

INSH Inosine hydrolase h2o[c] + ins[c]  -> hxan[c] + rib-D[c] SCO3779 0 0 1000 0

NDPK1 nucleoside-diphosphate kinase (ATP:GDP) atp[c] + gdp[c]  <=> adp[c] + gtp[c] SCO2612 1 -1000 1000 0

NDPK2 nucleoside-diphosphate kinase (ATP:UDP) atp[c] + udp[c]  <=> adp[c] + utp[c] SCO2612 1 -1000 1000 0

NDPK3 nucleoside-diphosphate kinase (ATP:CDP) atp[c] + cdp[c]  <=> adp[c] + ctp[c] SCO2612 1 -1000 1000 0
NDPK4 nucleoside-diphosphate kinase (ATP:dTDP) atp[c] + dtdp[c]  <=> adp[c] + dttp[c] SCO2612 1 -1000 1000 0

NDPK5 nucleoside-diphosphate kinase (ATP:dGDP) atp[c] + dgdp[c]  <=> adp[c] + dgtp[c] SCO2612 1 -1000 1000 0

NDPK6 nucleoside-diphosphate kinase (ATP:dUDP) atp[c] + dudp[c]  <=> adp[c] + dutp[c] SCO2612 1 -1000 1000 0

NDPK7 nucleoside-diphosphate kinase (ATP:dCDP) atp[c] + dcdp[c]  <=> adp[c] + dctp[c] SCO2612 1 -1000 1000 0

NDPK8 nucleoside-diphosphate kinase (ATP:dADP) atp[c] + dadp[c]  <=> adp[c] + datp[c] SCO2612 1 -1000 1000 0

NDPK9 nucleoside-diphosphate kinase (ATP:IDP) atp[c] + idp[c]  <=> adp[c] + itp[c] SCO2612 1 -1000 1000 0

NNAT nicotinate-nucleotide adenylyltransferase atp[c] + h[c] + nicrnt[c]  -> dnad[c] + ppi[c] SCO2579 0 0 1000 0

NTD10e 5'-nucleotidase (XMP) h2o[e] + xmp[e]  -> pi[e] + xtsn[e] SCO4152 0 0 1000 0

NTD11e 5'-nucleotidase (IMP) h2o[e] + imp[e]  -> ins[e] + pi[e] SCO4152 0 0 1000 0

NTD12e 5'-nucleotidase (dIMP) dimp[e] + h2o[e]  -> din[e] + pi[e] SCO4152 0 0 1000 0

NTD1e 5'-nucleotidase (dUMP) dump[e] + h2o[e]  -> duri[e] + pi[e] SCO4152 0 0 1000 0
NTD2e 5'-nucleotidase (UMP) h2o[e] + ump[e]  -> pi[e] + uri[e] SCO4152 0 0 1000 0

NTD3e 5'-nucleotidase (dCMP) dcmp[e] + h2o[e]  -> dcyt[e] + pi[e] SCO4152 0 0 1000 0

NTD4e 5'-nucleotidase (CMP) cmp[e] + h2o[e]  -> cytd[e] + pi[e] SCO4152 0 0 1000 0

NTD5e 5'-nucleotidase (dTMP) dtmp[e] + h2o[e]  -> pi[e] + thymd[e] SCO4152 0 0 1000 0

NTD6e 5'-nucleotidase (dAMP) damp[e] + h2o[e]  -> dad-2[e] + pi[e] SCO4152 0 0 1000 0

NTD7e 5'-nucleotidase (AMP) amp[e] + h2o[e]  -> adn[e] + pi[e] SCO4152 0 0 1000 0

NTD8e 5'-nucleotidase (dGMP) dgmp[e] + h2o[e]  -> dgsn[e] + pi[e] SCO4152 0 0 1000 0

NTD9e 5'-nucleotidase (GMP) gmp[e] + h2o[e]  -> gsn[e] + pi[e] SCO4152 0 0 1000 0

NTP1 nucleoside-triphosphatase (ATP) atp[c] + h2o[c]  -> adp[c] + h[c] + pi[c] SCO6149 0 0 1000 0

NTP10 nucleoside-triphosphatase (ITP) h2o[c] + itp[c]  -> h[c] + idp[c] + pi[c] SCO6149 0 0 1000 0

NTP3 nucleoside-triphosphatase (GTP) gtp[c] + h2o[c]  -> gdp[c] + h[c] + pi[c] SCO6149 0 0 1000 0

NTP5 nucleoside-triphosphatase (CTP) ctp[c] + h2o[c]  -> cdp[c] + h[c] + pi[c] SCO6149 0 0 1000 0
NTPP1 Nucleoside triphosphate pyrophosphorylase (dgtp) dgtp[c] + h2o[c]  -> dgmp[c] + h[c] + ppi[c] SCO3100 0 0 1000 0

NTPP10 Nucleoside triphosphate pyrophosphorylase (ditp) ditp[c] + h2o[c]  -> dimp[c] + h[c] + ppi[c] SCO2902 0 0 1000 0

NTPP11 Nucleoside triphosphate pyrophosphorylase (xtp) h2o[c] + xtp[c]  -> h[c] + ppi[c] + xmp[c] SCO2902 0 0 1000 0
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NTPP2 Nucleoside triphosphate pyrophosphorylase (gtp) gtp[c] + h2o[c]  -> gmp[c] + h[c] + ppi[c] SCO3100 0 0 1000 0

NTPP3 Nucleoside triphosphate pyrophosphorylase (dctp) dctp[c] + h2o[c]  -> dcmp[c] + h[c] + ppi[c] SCO3100 0 0 1000 0

NTPP4 Nucleoside triphosphate pyrophosphorylase (ctp) ctp[c] + h2o[c]  -> cmp[c] + h[c] + ppi[c] SCO3100 0 0 1000 0
NTPP5 Nucleoside triphosphate pyrophosphorylase (datp) datp[c] + h2o[c]  -> damp[c] + h[c] + ppi[c] SCO3100 0 0 1000 0

NTPP6 Nucleoside triphosphate pyrophosphorylase (atp) atp[c] + h2o[c]  -> amp[c] + h[c] + ppi[c] SCO3100 0 0 1000 0

NTPP7 Nucleoside triphosphate pyrophosphorylase (dttp) dttp[c] + h2o[c]  -> dtmp[c] + h[c] + ppi[c] SCO3100 0 0 1000 0

NTPP8 Nucleoside triphosphate pyrophosphorylase (utp) h2o[c] + utp[c]  -> h[c] + ppi[c] + ump[c] SCO3100 0 0 1000 0

NTPP9 Nucleoside triphosphate pyrophosphorylase (itp) h2o[c] + itp[c]  -> h[c] + imp[c] + ppi[c] SCO2902 0 0 1000 0

NTPTP1 Nucleoside triphosphate tripolyhydrolase dgtp[c] + h2o[c]  -> dgsn[c] + pppi[c] SCO2470 0 0 1000 0

NTPTP2 Nucleoside triphosphate tripolyhydrolase gtp[c] + h2o[c]  -> gsn[c] + pppi[c] SCO2470 0 0 1000 0

PDE1 3',5'-cyclic-nucleotide phosphodiesterase camp[c] + h2o[c]  -> amp[c] + h[c] SCO6075 0 0 1000 0

PDE4 3',5'-cyclic-nucleotide phosphodiesterase 35cgmp[c] + h2o[c]  -> gmp[c] + h[c] SCO6075 0 0 1000 0

PUNP1 purine-nucleoside phosphorylase (Adenosine) adn[c] + pi[c]  <=> ade[c] + r1p[c] SCO4917 1 -1000 1000 0

PUNP2 purine-nucleoside phosphorylase (Deoxyadenosine) dad-2[c] + pi[c]  <=> 2dr1p[c] + ade[c] SCO4917 1 -1000 1000 0

PUNP3 purine-nucleoside phosphorylase (Guanosine) gsn[c] + pi[c]  <=> gua[c] + r1p[c] SCO4917 1 -1000 1000 0
PUNP4 purine-nucleoside phosphorylase (Deoxyguanosine) dgsn[c] + pi[c]  <=> 2dr1p[c] + gua[c] SCO4917 1 -1000 1000 0

PUNP5 purine-nucleoside phosphorylase (Inosine) ins[c] + pi[c]  <=> hxan[c] + r1p[c] SCO4917 1 -1000 1000 0

PUNP6 purine-nucleoside phosphorylase (Deoxyinosine) din[c] + pi[c]  <=> 2dr1p[c] + hxan[c] SCO4917 1 -1000 1000 0

PUNP7 purine-nucleoside phosphorylase (Xanthosine) xtsn[c] + pi[c]  <=> xan[c] + r1p[c] SCO4917 1 -1000 1000 0

RNDR1 ribonucleoside-diphosphate reductase (ADP) adp[c] + trdrd[c]  -> dadp[c] + h2o[c] + trdox[c] (((SCO5225 and SCO5226) or SCO5805) and 

(SCO0885 or SCO3889 or SCO5419 or SCO5438))

0 0 1000 0

RNDR1c ribonucleoside-diphosphate reductase (ADP) (mycothiol) adp[c] + 2 msh[c]  -> dadp[c] + mssg[c] + h2o[c] ((SCO5225 and SCO5226) or SCO5805) 0 0 1000 0

RNDR2 ribonucleoside-diphosphate reductase (GDP) gdp[c] + trdrd[c]  -> dgdp[c] + h2o[c] + trdox[c] (((SCO5225 and SCO5226) or SCO5805) and 

(SCO0885 or SCO3889 or SCO5419 or SCO5438))

0 0 1000 0

RNDR2c ribonucleoside-diphosphate reductase (GDP) (mycothiol) gdp[c] + 2 msh[c]  -> dgdp[c] + mssg[c] + h2o[c] ((SCO5225 and SCO5226) or SCO5805) 0 0 1000 0

RNDR3 ribonucleoside-diphosphate reductase (CDP) cdp[c] + trdrd[c]  -> dcdp[c] + h2o[c] + trdox[c] (((SCO5225 and SCO5226) or SCO5805) and 
(SCO0885 or SCO3889 or SCO5419 or SCO5438))

0 0 1000 0

RNDR3c ribonucleoside-diphosphate reductase (CDP) (mycothiol) cdp[c] + 2 msh[c]  -> dcdp[c] + mssg[c] + h2o[c] ((SCO5225 and SCO5226) or SCO5805) 0 0 1000 0

RNDR4 ribonucleoside-diphosphate reductase (UDP) trdrd[c] + udp[c]  -> dudp[c] + h2o[c] + trdox[c] (((SCO5225 and SCO5226) or SCO5805) and 

(SCO0885 or SCO3889 or SCO5419 or SCO5438))

0 0 1000 0

RNDR4c ribonucleoside-diphosphate reductase (UDP) (mycothiol) 2 msh[c] + udp[c]  -> dudp[c] + mssg[c] + h2o[c] ((SCO5225 and SCO5226) or SCO5805) 0 0 1000 0

TMDK1 thymidine kinase (ATP:thymidine) atp[c] + thymd[c]  -> adp[c] + dtmp[c] + h[c] SCO5845 0 0 1000 0

TMDPP thymidine phosphorylase pi[c] + thymd[c]  <=> 2dr1p[c] + thym[c] SCO4890 1 -1000 1000 0

TMDSf thymidylate synthase (Flavin-dependent) dump[c] + fmnh2[c] + mlthf[c]  -> fmn[c] + thf[c] + dtmp[c] SCO5743 0 0 1000 0

UMPK UMP kinase atp[c] + ump[c]  <=> adp[c] + udp[c] SCO5626 or SCO1760 1 -1000 1000 0

UPPRT uracil phosphoribosyltransferase prpp[c] + ura[c]  -> ppi[c] + ump[c] (SCO1488 or SCO4041) 0 0 1000 0

XAND xanthine dehydrogenase h2o[c] + nad[c] + xan[c]  -> h[c] + nadh[c] + urate[c] ((SCO4971 and SCO4972) or (SCO0690 and 

SCO0691))

0 0 1000 0

XTSNH Xanthosine hydrolase h2o[c] + xtsn[c]  -> rib-D[c] + xan[c] SCO3779 0 0 1000 0

ATPS4r ATP synthase (four protons for one ATP) adp[c] + pi[c] + 4 h[e]  <=> atp[c] + 3 h[c] + h2o[c] (((SCO5369 and SCO5368 and SCO5367) and 

(SCO5374 and SCO5373 and SCO5372 and 

SCO5371 and SCO5370) and SCO5366) or 

((SCO5369 and SCO5368 and SCO5367) and 

(SCO5374 and SCO5373 and SCO5372 and 

SCO5371 and SCO5370)))

1 -1000 1000 0

CYO2a cytochrome bc1c complex (reductase, menaquinol: 2 protons) 2 ficytc[c] + 6 h[c] + mql9[c]  -> 2 focytc[c] + 6 h[e] + mqn9[c] (SCO2150 and SCO2149 and (SCO7236 or SCO2148 

or SCO7120))

0 0 1000 0

CYO2b cytochrome aa3 oxidase (2 protons) 2 focytc[c] + 0.5 o2[c]  -> 2 ficytc[c] + h2o[c] (SCO1934 and SCO2156 and (SCO7234 or 

SCO2155) and SCO2151 and SCO1930)

0 0 1000 0

CYTBD2 cytochrome oxidase bd (menaquinol-9: 2 protons) 2 h[c] + mql9[c] + 0.5 o2[c]  -> h2o[c] + mqn9[c] + 2 h[e] (SCO3945 and SCO3946) 0 0 1000 0

FRD8 fumarate reductase (menaquione-9) fum[c] + mql9[c]  -> mqn9[c] + succ[c] (SCO0923 and SCO0922 and SCO0924) 0 0 1000 0

G3PD6 glycerol-3-phosphate dehydrogenase (menaquinone-9) glyc3p[c] + mqn9[c]  -> dhap[c] + mql9[c] (SCO0670 or SCO1661 or SCO4774 or (SCO7005 

and SCO7006))

0 0 1000 0

L-LACD4 L-Lactate dehydrogenase (menaquinone) lac-L[c] + mqn9[c]  -> mql9[c] + pyr[c] (SCO0763 or (SCO0815 and SCO0816 and 

SCO0817))

0 0 1000 0

NADH10 NADH dehydrogenase (menaquinone-9 & 0 protons) h[c] + mqn9[c] + nadh[c]  -> mql9[c] + nad[c] (SCO3092 or SCO7101 or SCO7319 or SCO6496 or 

SCO0158 or SCO4119)

0 0 1000 0

NADH17 NADH dehydrogenase (menaquinone-9 & 3 protons) 4 h[c] + mqn9[c] + nadh[c]  -> 3 h[e] + mql9[c] + nad[c] ((SCO4562 or SCO4599) and (SCO4563 or 

SCO4600) and SCO4564 and (SCO3392 or 

SCO4565) and SCO4566 and (SCO4567 or 

SCO6560) and SCO4568 and (SCO4569 or 
SCO4602) and (SCO4570 or SCO4603) and 

(SCO4571 or SCO4604) and (SCO4572 or SCO4605) 

and (SCO4573 or SCO4606 or SCO6954) and 

0 0 1000 0
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(SCO4574 or SCO4607) and (SCO4575 or 

SCO4608))

NADTRHD NAD transhydrogenase nad[c] + nadph[c]  -> nadh[c] + nadp[c] (SCO7622 and SCO7623) 0 0 1000 0
NTRIR2x nitrite Reductase (NADH) 5 h[c] + 3 nadh[c] + no2[c]  -> 2 h2o[c] + 3 nad[c] + nh4[c] (SCO2487 and SCO2488) 0 0 1000 0

POX3 pyruvate oxidase h2o[c] + pyr[c] + fad[c]  -> ac[c] + co2[c] + fadh2[c] (SCO6155 or SCO7412) 0 0 1000 0

PPK2r polyphosphate kinase atp[c] + ppi[c]  <=> adp[c] + pppi[c] SCO4145 1 -1000 1000 0

QMO3 quinol monooxygenase (menaquinol 9) mql9[c] + 2 o2[c]  -> 2 h[c] + mqn9[c] + 2 o2s[c] s0001 0 0 1000 0

SUCD3 succinate dehydrogenase (menaquione-9) mqn9[c] + succ[c] + 2 h[e]  -> fum[c] + mql9[c] + 2 h[c] ((SCO4856 or SCO5107 or SCO7109) and (SCO4855 

or SCO5106) and SCO4858 and SCO4857)

0 0 1000 0

THD2 NAD(P) transhydrogenase nadh[c] + nadp[c] + 2 h[e]  -> 2 h[c] + nad[c] + nadph[c] (SCO7622 and SCO7623) 0 0 1000 0

TRDR thioredoxin reductase (NADPH) h[c] + nadph[c] + trdox[c]  -> nadp[c] + trdrd[c] ((SCO3890 or SCO6834 or SCO7298) and (SCO0885 

or SCO3889 or SCO5419 or SCO5438))

0 0 1000 0

EDA 2-dehydro-3-deoxy-phosphogluconate aldolase 2ddg6p[c]  -> g3p[c] + pyr[c] (SCO0852 or SCO2298 or SCO3473 or SCO3495) 0 0 1000 0

FBA3 Sedoheptulose 1,7-bisphosphate D-glyceraldehyde-3-

phosphate-lyase

s17bp[c]  <=> dhap[c] + e4p[c] SCO3649 1 -1000 1000 0

G1DH glucose 1-dehydrogenase glc-D[c] + nad[c]  -> g15l[c] + nadh[c] + h[c] SCO1335 0 0 1000 0

G6PDH2 glucose 6-phosphate dehydrogenase g6p[c] + nadp[c]  -> 6pgl[c] + h[c] + nadph[c] (SCO1937 or SCO6661) 0 0 1000 0

GLNLASE gluconolactonase g15l[c] + h2o[c]  <=> glcn[c] + h[c] SCO0524 1 -1000 1000 0

GND phosphogluconate dehydrogenase (NADP) 6pgc[c] + nadp[c]  -> co2[c] + nadph[c] + ru5p-D[c] (SCO0975 or SCO3877 or SCO6658) 0 0 0 0

GND2 phosphogluconate dehydrogenase (NAD) 6pgc[c] + nad[c]  -> co2[c] + nadh[c] + ru5p-D[c] (SCO0975 or SCO3877 or SCO6658) 0 0 1000 0

PFK_3 phosphofructokinase (s7p) atp[c] + s7p[c]  -> adp[c] + h[c] + s17bp[c] (SCO5426 or SCO2119 or SCO1214) 0 0 1000 0

PGL 6-phosphogluconolactonase 6pgl[c] + h2o[c]  -> 6pgc[c] + h[c] SCO1939 0 0 1000 0

PKT phosphoketolase xu5p-D[c] + pi[c]  -> actp[c] + g3p[c] + h2o[c] SCO0617 0 0 1000 0

RPE ribulose 5-phosphate 3-epimerase ru5p-D[c]  <=> xu5p-D[c] SCO1464 1 -1000 1000 0

RPI ribose-5-phosphate isomerase r5p[c]  <=> ru5p-D[c] (SCO0579 or SCO1224 or SCO2627) 1 -1000 1000 0

TALA transaldolase g3p[c] + s7p[c]  <=> e4p[c] + f6p[c] (SCO1936 or SCO6662) 1 -1000 1000 0
TKT1 transketolase r5p[c] + xu5p-D[c]  <=> g3p[c] + s7p[c] (SCO1935 or SCO6497 or SCO6663) 1 -1000 1000 0

TKT2 transketolase e4p[c] + xu5p-D[c]  <=> f6p[c] + g3p[c] (SCO1935 or SCO6497 or SCO6663) 1 -1000 1000 0

MME methylmalonyl-CoA epimerase mmcoa-R[c]  <=> mmcoa-S[c] SCO5398 1 -1000 1000 0

MMM methylmalonyl-CoA mutase succoa[c]  <=> mmcoa-R[c] (SCO6832 or SCO4869) 1 -1000 1000 0

MMSAD3 methylmalonate-semialdehyde dehydrogenase (malonic 

semialdehyde)

msa[c] + coa[c] + nad[c]  -> accoa[c] + co2[c] + nadh[c] SCO2726 0 0 1000 0

MMSAD4 methylmalonate-semialdehyde dehydrogenase (methymalonate 

semialdehyde)

mmtsa[c] + coa[c] + nad[c]  -> ppcoa[c] + co2[c] + nadh[c] SCO2726 0 0 1000 0

MMSAD5 methylmalonate-semialdehyde dehydrogenase (methymalonate 

semialdehyde, non-decarboxylating)

mmtsa[c] + coa[c] + nad[c]  -> h[c] + nadh[c] + mmcoa-R[c] SCO2726 0 0 1000 0

PPCOAC propionyl-CoA carboxylase ppcoa[c] + atp[c] + hco3[c]  -> adp[c] + h[c] + mmcoa-S[c] + pi[c] ((SCO2776 and SCO2777) or (SCO4380 and 

SCO4381) or ((SCO4921 or SCO6271) and 
(SCO4925 and SCO4926)))

0 0 1000 0

ADSL1r adenylsuccinate lyase dcamp[c]  <=> amp[c] + fum[c] SCO1254 1 -1000 1000 0

ADSL2r adenylosuccinate lyase 25aics[c]  <=> aicar[c] + fum[c] SCO1254 1 -1000 1000 0

ADSS adenylosuccinate synthase asp-L[c] + gtp[c] + imp[c]  -> dcamp[c] + gdp[c] + 2 h[c] + pi[c] SCO3629 0 0 1000 0

AICART phosphoribosylaminoimidazolecarboxamide formyltransferase 10fthf[c] + aicar[c]  <=> fprica[c] + thf[c] SCO4814 1 -1000 1000 0

AIRCr phosphoribosylaminoimidazole carboxylase air[c] + co2[c] <=> 5aizc[c] + h[c] (SCO3059 and SCO3060) 1 -1000 1000 0

ASPCT aspartate carbamoyltransferase asp-L[c] + cbp[c]  -> cbasp[c] + h[c] + pi[c] SCO1487 0 0 1000 0

CTPS1 CTP synthase (NH3) atp[c] + nh4[c] + utp[c]  -> adp[c] + ctp[c] + 2 h[c] + pi[c] SCO1776 0 0 1000 0

CTPS2 CTP synthase (glutamine) atp[c] + gln-L[c] + h2o[c] + utp[c]  -> adp[c] + ctp[c] + glu-L[c] + 2 h[c] + pi[c] SCO1776 0 0 1000 0

DHORD5 dihydroorotic acid (menaquinone-9) dhor-S[c] + mqn9[c]  -> mql9[c] + orot[c] SCO1482 0 0 1000 0

DHORTS dihydroorotase dhor-S[c] + h2o[c]  <=> cbasp[c] + h[c] SCO1486 1 -1000 1000 0
GARFT phosphoribosylglycinamide formyltransferase 10fthf[c] + gar[c]  <=> fgam[c] + h[c] + thf[c] SCO4813 1 -1000 1000 0

GLUPRT glutamine phosphoribosyldiphosphate amidotransferase gln-L[c] + h2o[c] + prpp[c]  -> glu-L[c] + ppi[c] + pram[c] SCO4086 0 0 1000 0

GMPS2 GMP synthase atp[c] + gln-L[c] + h2o[c] + xmp[c]  -> amp[c] + glu-L[c] + gmp[c] + 2 h[c] + ppi[c] SCO4785 0 0 1000 0

IMPC IMP cyclohydrolase h2o[c] + imp[c]  <=> fprica[c] SCO4814 1 -1000 1000 0

IMPD IMP dehydrogenase h2o[c] + imp[c] + nad[c]  -> h[c] + nadh[c] + xmp[c] ((SCO4770 and SCO4771) or SCO1461) 0 0 1000 0

OMPDC orotidine-5'-phosphate decarboxylase h[c] + orot5p[c]  -> co2[c] + ump[c] SCO1481 0 0 1000 0

ORPT orotate phosphoribosyltransferase orot5p[c] + ppi[c]  <=> orot[c] + prpp[c] SCO3650 1 -1000 1000 0

PRAGSr phosphoribosylglycinamide synthase atp[c] + gly[c] + pram[c]  <=> adp[c] + gar[c] + h[c] + pi[c] SCO4068 1 -1000 1000 0

PRAIS phosphoribosylaminoimidazole synthase atp[c] + fpram[c]  -> adp[c] + air[c] + 2 h[c] + pi[c] SCO4087 0 0 1000 0

PRASCSi phosphoribosylaminoimidazolesuccinocarboxamide synthase 5aizc[c] + asp-L[c] + atp[c]  -> 25aics[c] + adp[c] + h[c] + pi[c] SCO4071 0 0 1000 0

PRFGS phosphoribosylformylglycinamidine synthase atp[c] + fgam[c] + gln-L[c] + h2o[c]  -> adp[c] + fpram[c] + glu-L[c] + h[c] + pi[c] (SCO4077 and SCO4078 and SCO4079) 0 0 1000 0

ACKr acetate kinase ac[c] + atp[c]  <=> actp[c] + adp[c] SCO5424 1 -1000 1000 0
ACS acetyl-CoA synthetase ac[c] + atp[c] + coa[c]  -> accoa[c] + amp[c] + ppi[c] SCO3563 0 0 1000 0

ALCD2x alcohol dehydrogenase (ethanol) etoh[c] + nad[c]  <=> acald[c] + h[c] + nadh[c] (SCO0199 or SCO0259 or SCO5262 or SCO7362) 1 -1000 1000 0

ALCD2y alcohol dehydrogenase (ethanol, NADP) etoh[c] + nadp[c]  <=> acald[c] + h[c] + nadph[c] (SCO4945 or SCO4271) 1 -1000 1000 0
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LDH_D D-lactate dehydrogenase lac-D[c] + nad[c]  <=> h[c] + nadh[c] + pyr[c] (SCO2118 or SCO3594) 1 -1000 1000 0

PC pyruvate carboxylase pyr[c] + atp[c] + hco3[c] -> adp[c] + h[c] + oaa[c] + pi[c] SCO0546 0 0 1000 0

PTAr phosphotransacetylase accoa[c] + pi[c]  <=> actp[c] + coa[c] SCO5425 1 -1000 1000 0
G3PCT glycerol-3-phosphate cytidylyltransferase ctp[c] + glyc3p[c] + h[c] -> cdpglyc[c] + ppi[c] 0 0 1000 0

TAGO Tag O reaction for initiation of teichoic acid 2 h2o[c] + uacgam[c]  -> acgam[c] + 2 h[c] + pi[c] + ump[c] 0 0 1000 0

TECA1S glycerol teichoic acid synthesis (no sub, n=25) acgam[c] + 25 cdpglyc[c] + uacmam[c]  -> 25 cmp[c] + gtca1[c] + 26 h[c] + udp[c] 0 0 1000 0

TECA2S glycerol techoic acid synthesis (D-ala, n=25) acgam[c] + 25 ala-D[c] + 25 atp[c] + 25 cdpglyc[c] + uacmam[c]  -> 25 amp[c] + 25 cmp[c] + gtca2[c] + 26 h[c] + 25 ppi[c] + udp[c] 0 0 1000 0

TECA3S glycerol teichoic acid synthesis (n=25, glucose sub) acgam[c] + 25 cdpglyc[c] + uacmam[c] + 25 udpg[c]  -> 25 cmp[c] + gtca3[c] + 51 h[c] + 26 udp[c] 0 0 1000 0

2OXOADOX 2-Oxoadipate:lipoamde 2-oxidoreductase(decarboxylating and 

acceptor-succinylating)

2oxoadp[c] + coa[c] + nad[c]  -> co2[c] + glutcoa[c] + nadh[c] (SCO5281 and (SCO2181 or SCO7123) and 

(SCO0884 or SCO2180 or SCO4919))

0 0 1000 0

AOBUTDs L-2-amino-3-oxobutanoate decarboxylation (spontaneous) 2aobut[c] + h[c]  -> aact[c] + co2[c] s0001 0 0 1000 0

APTNAT 5-aminopentanoate:2-oxoglutarate aminotransferase 5aptn[c] + akg[c]  <=> glu-L[c] + oxptn[c] 1 -1000 1000 0

ASAD aspartate-semialdehyde dehydrogenase aspsa[c] + nadp[c] + pi[c]  <=> 4pasp[c] + h[c] + nadph[c] (SCO2640 or SCO3614) 1 -1000 1000 0

ASPK aspartate kinase asp-L[c] + atp[c]  <=> 4pasp[c] + adp[c] SCO3615 1 -1000 1000 0

DAPAT Cadaverine aminotranferase 15dap[c] + akg[c]  -> glu-L[c] + h[c] + h2o[c] + pprdn[c] 0 0 1000 0
DAPDC diaminopimelate decarboxylase 26dap-M[c] + h[c]  -> co2[c] + lys-L[c] (SCO5353 or SCO6438) 0 0 1000 0

DAPE diaminopimelate epimerase 26dap-LL[c]  <=> 26dap-M[c] SCO5793 1 -1000 1000 0

DHDPRy dihydrodipicolinate reductase (NADPH) 23dhdp[c] + h[c] + nadph[c]  -> nadp[c] + thdp[c] SCO5739 0 0 1000 0

DHDPS dihydrodipicolinate synthase aspsa[c] + pyr[c]  -> 23dhdp[c] + h[c] + 2 h2o[c] (SCO1889 or SCO1912 or SCO5744 or SCO6292) 0 0 1000 0

ECOAH1 3-hydroxyacyl-CoA dehydratase (3-hydroxybutanoyl-CoA) 3hbcoa[c]  <=> b2coa[c] + h2o[c] (SCO6732 or SCO4384) 1 -1000 1000 0

GLCOAS glutaryl-CoA synthetase atp[c] + coa[c] + glutar[c]  -> adp[c] + glutcoa[c] + pi[c] 0 0 1000 0

GLUTCOADHc glutaryl-CoA dehydrogenase (citosol) fad[c] + glutcoa[c] + h[c]  -> b2coa[c] + co2[c] + fadh2[c] SCO1750 0 0 1000 0

HSDy homoserine dehydrogenase (NADPH) hom-L[c] + nadp[c]  <=> aspsa[c] + h[c] + nadph[c] (SCO0420 or SCO5354) 1 -1000 1000 0

HSK homoserine kinase atp[c] + hom-L[c]  -> adp[c] + h[c] + phom[c] SCO5356 0 0 1000 0

LYSDC lysine decarboxylase h[c] + lys-L[c]  -> 15dap[c] + co2[c] SCO7311 0 0 1000 0

OXPTNDH glutarate-semialdehyde:NAD+ oxidoreductase h2o[c] + nad[c] + oxptn[c]  <=> glutar[c] + 2 h[c] + nadh[c] 1 -1000 1000 0
PPRDNDH Piperideine dehydrogenase 2 h2o[c] + nad[c] + pprdn[c]  -> 5aptn[c] + h[c] + nadh[c] 0 0 1000 0

SDPDS succinyl-diaminopimelate desuccinylase h2o[c] + sl26da[c]  -> 26dap-LL[c] + succ[c] SCO5139 0 0 1000 0

SDPTA succinyldiaminopimelate transaminase akg[c] + sl26da[c]  <=> glu-L[c] + sl2a6o[c] SCO1577 1 -1000 1000 0

THDPS tetrahydrodipicolinate succinylase h2o[c] + succoa[c] + thdp[c]  -> coa[c] + sl2a6o[c] SCO1916 0 0 1000 0

THRA2i L-allo-Threonine Aldolase athr-L[c]  -> acald[c] + gly[c] (SCO1087 or SCO4837 or SCO5470 or SCO5364) 0 0 1000 0

THRAi Threonine aldolase thr-L[c]  -> acald[c] + gly[c] (SCO1087 or SCO4837 or SCO5470 or SCO5364) 0 0 1000 0

THRS threonine synthase h2o[c] + phom[c]  -> pi[c] + thr-L[c] (SCO4293 or SCO5355) 0 0 1000 0

14GLUCANabc 1,4-alpha-D-glucan transport via ABC system atp[c] + h2o[c] + 14glucan[e]  -> 14glucan[c] + adp[c] + h[c] + pi[c] (SCO2229 and SCO2230 and SCO2231 and 

SCO4240)

0 0 1000 0

5DGLCNt2r 5-Dehydro-D-gluconate transport via proton symport, reversible 5dglcn[e] + h[e]  <=> 5dglcn[c] + h[c] (SCO1680 or SCO4991) 1 -1000 1000 0

5MTRt 5-Methylthio-D-ribose transport via proton symport 5mtr[c] + h[c]  -> 5mtr[e] + h[e] 0 0 1000 0

ABTabc D-arabinitol transport via ABC system atp[c] + h2o[c] + abt-D[e]  -> adp[c] + h[c] + pi[c] + abt-D[c] (SCO1899 and SCO1900 and SCO1898 and 
SCO4240)

0 0 1000 0

ABUTt2 4-aminobutyrate transport in via proton symport 4abut[e] + h[e]  -> 4abut[c] + h[c] (SCO2628 or SCO2631) 0 0 1000 0

ACALDt acetaldehyde reversible transport acald[e]  <=> acald[c] s0001 1 -1000 1000 0

ACGApts N-Acetyl-D-glucosamine transport via PEP:Pyr PTS pep[c] + acgam[e]  -> acgam6p[c] + pyr[c] (SCO2905 and SCO2906 and SCO2907 and 

SCO1391 and SCO5841)

0 0 1000 0

ACSERt O-Acetyl-L-serine transport via facilitated transport acser[c]  <=> acser[e] SCO2756 1 -1000 1000 0

ACt4 Na+/Acetate symport ac[e] + na1[e]  -> ac[c] + na1[c] SCO1822 0 0 1000 0

ACTt actinorhodin transport via facilitated transport ACT[c] + 2 nad[c]  -> gACT[e] + 2 nadh[c] (SCO5083 and SCO5084) 0 0 1000 0

ADEt2r adenine transport via proton symport (reversible) ade[e] + h[e]  <=> ade[c] + h[c] (SCO6212 or SCO6214 or SCO4334 or SCO6173) 1 -1000 1000 0

ADNt2r adenosine transport in via proton symport, reversible adn[e] + h[e]  <=> adn[c] + h[c] 1 -1000 1000 0

AKGt2r 2-oxoglutarate reversible transport via symport akg[e] + h[e]  <=> akg[c] + h[c] SCO6690 1 -1000 1000 0
ALAabc L-alanine transport via ABC system atp[c] + h2o[c] + ala-L[e]  -> adp[c] + ala-L[c] + h[c] + pi[c] ((SCO0709 and SCO0710 and SCO0707 and 

SCO0708 and SCO0706) or (SCO2011 and SCO2012 

and SCO2009 and SCO2010 and SCO2008) or 

(SCO7181 and SCO7182 and SCO7183 and 

SCO7184 and SCO7185))

0 0 1000 0

ALAALAabc D-alanyl-D-alanine (DalaDala) transport via ABC system atp[c] + h2o[c] + alaala[e]  -> adp[c] + alaala[c] + h[c] + pi[c] ((SCO5115 and SCO5112 and SCO5114 and 

SCO5110 and SCO5113) or (SCO5120 and SCO5121 

and SCO5118 and SCO5119 and SCO5117) or 

(SCO5712 and SCO5713 and SCO5714 and 

SCO5716))

0 0 1000 0

ALAt2r L-alanine reversible transport via proton symport ala-L[e] + h[e]  <=> ala-L[c] + h[c] SCO2914 1 -1000 1000 0

ALAt4 L-alanine transport in via sodium symport ala-L[e] + na1[e]  -> ala-L[c] + na1[c] SCO7197 0 0 1000 0
ALLTNt2r allantoin transport in via proton symport alltn[e] + h[e]  <=> alltn[c] + h[c] (SCO6417 or SCO7500) 1 -1000 1000 0

ARBabc L-arabinose transport via ABC system atp[c] + h2o[c] + arab-L[e]  -> adp[c] + arab-L[c] + h[c] + pi[c] (SCO6567 and SCO6568 and SCO6569) 0 0 1000 0
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ARGabc L-arginine transport via ABC system atp[c] + h2o[c] + arg-L[e]  -> adp[c] + arg-L[c] + h[c] + pi[c] (SCO2831 and SCO2829 and SCO2830 and 

SCO2828)

0 0 1000 0

ARGAGMt7 Arginine/agmatine antiport agm[c] + arg-L[e]  <=> arg-L[c] + agm[e] SCO6528 1 -1000 1000 0
ARGt3 L-arginine transport out via proton antiport arg-L[c] + h[e]  -> h[c] + arg-L[e] SCO7308 0 0 1000 0

ASNt2r L-asparagine reversible transport via proton symport asn-L[e] + h[e]  <=> asn-L[c] + h[c] SCO6734 1 -1000 1000 0

ASO3t8 arsenite efflux via ATP hydrolysis aso3[c] + atp[c] + h2o[c]  -> adp[c] + h[c] + pi[c] + aso3[e] (SCO7367 or SCO3577 or SCO3578) 0 0 1000 0

ASPabc L-aspartate transport via ABC system atp[c] + h2o[c] + asp-L[e]  -> adp[c] + asp-L[c] + h[c] + pi[c] (SCO5777 and SCO5774 and SCO5775 and 

SCO5776)

0 0 1000 0

ASPt2 L-aspartate transport in via proton symport asp-L[e] + h[e]  -> asp-L[c] + h[c] SCO4498 0 0 1000 0

ASPt2_2 Aspartate transport via proton symport (2 H) asp-L[e] + 2 h[e]  -> asp-L[c] + 2 h[c] SCO5436 0 0 1000 0

BALAt2 beta-alanine transport in via proton symport ala-B[e] + h[e]  -> ala-B[c] + h[c] SCO2914 0 0 1000 0

BHBt (R)-3-Hydroxybutanoate transport via proton symport bhb[e] + h[e]  <=> bhb[c] + h[c] 1 -1000 1000 0

BTNt2i Biotin transport via proton symport btn[e] + h[e]  -> btn[c] + h[c] 0 0 1000 0

CADVt Lysine/Cadaverine antiporter 15dap[c] + h[e] + lys-L[e]  -> h[c] + lys-L[c] + 15dap[e] 0 0 1000 0

CBIuabc Cobinamide transport via ABC system (uptake) atp[c] + h2o[c] + cbi[e]  -> adp[c] + cbi[c] + h[c] + pi[c] 0 0 1000 0
CBL1abc Cob(1)alamin transport via ABC system atp[c] + h2o[c] + cbl1[e]  -> adp[c] + cbl1[c] + h[c] + pi[c] 0 0 1000 0

CDAabc calcium-dependent antibiotics 2b transport via ABC system atp[c] + h2o[c] + CDA[c]  -> adp[c] + CDA[e] + h[c] + pi[c] ((SCO3223 and SCO3224) or SCO3235) 0 0 1000 0

CELBabc cellobiose transport via ABC system atp[c] + h2o[c] + celb[e]  -> adp[c] + celb[c] + h[c] + pi[c] ((SCO2796 and SCO2797 and SCO2795 and 

SCO4240) or (SCO7556 and SCO7557 and SCO7555 

and SCO4240))

0 0 1000 0

CHLabc choline transport via ABC system atp[c] + h2o[c] + chol[e]  -> adp[c] + chol[c] + h[c] + pi[c] ((SCO2931 and SCO2930 and SCO2932 and 

SCO2933) or (SCO6062 and SCO6063 and SCO6064

and SCO6065))

0 0 1000 0

CHLt2 choline transport via proton symport chol[e] + h[e]  -> chol[c] + h[c] SCO6739 0 0 1000 0

CHTBSabc chitobiose transport via ABC system atp[c] + h2o[c] + chtbs[e]  -> adp[c] + chtbs[c] + h[c] + pi[c] ((SCO5232 and SCO5233 and SCO5234 and 

SCO4240) or (SCO6005 and SCO6006 and SCO6007 
and SCO4240))

0 0 1000 0

CITt3 citrate transport out via proton antiport cit[c] + h[e]  -> h[c] + cit[e] 0 0 1000 0

CITt7 Citrate transport via succinate antiport succ[c] + cit[e]  -> cit[c] + succ[e] SCO2144 0 0 1000 0

CO2t CO2 transporter via diffusion co2[e]  <=> co2[c] s0001 1 -1000 1000 0

CSNt2 cytosine transport in via proton symport csn[e] + h[e]  -> csn[c] + h[c] SCO0572 0 0 1000 0

CSNt2r cytosine transport in via proton symport, reversible csn[e] + h[e]  <=> csn[c] + h[c] (SCO5524 or SCO5579) 1 -1000 1000 0

CYSabc L-cysteine uptake via ABC system atp[c] + h2o[c] + cys-L[e]  -> adp[c] + cys-L[c] + h[c] + pi[c] SCO3947 0 0 1000 0

CYSabc2 L-cysteine export via ABC system atp[c] + cys-L[c] + h2o[c]  -> adp[c] + h[c] + pi[c] + cys-L[e] SCO3947 0 0 1000 0

CYSt L-cysteine export via facilitated transport cys-L[c]  -> cys-L[e] SCO2756 0 0 1000 0

CYTDt2r cytidine transport in via proton symport, reversible cytd[e] + h[e]  <=> cytd[c] + h[c] 1 -1000 1000 0

DADNt2 deoxyadenosine transport in via proton symport dad-2[e] + h[e]  -> dad-2[c] + h[c] 0 0 1000 0

DALAt2 D-alanine transport in via proton symport ala-D[e] + h[e]  -> ala-D[c] + h[c] SCO2914 0 0 1000 0
DAPabc M-diaminopimelic acid ABC transport atp[c] + h2o[c] + 26dap-M[e]  -> 26dap-M[c] + adp[c] + h[c] + pi[c] 0 0 1000 0

DCYTt2 deoxycytidine transport in via proton symport dcyt[e] + h[e]  -> dcyt[c] + h[c] 0 0 1000 0

DDGLCNt2r 2-dehydro-3-deoxy-D-gluconate transport via proton symport, 

reversible

2ddglcn[e] + h[e]  <=> 2ddglcn[c] + h[c] 1 -1000 1000 0

DGSNt2 deoxyguanosine transport in via proton symport dgsn[e] + h[e]  -> dgsn[c] + h[c] 0 0 1000 0

DHAt Dihydroxyacetone transport via facilitated diffusion dha[e]  <=> dha[c] 1 -1000 1000 0

DINSt2 deoxyinosine transport in via proton symport din[e] + h[e]  -> din[c] + h[c] 0 0 1000 0

D-LACt2 D-lactate transport via proton symport h[e] + lac-D[e]  <=> h[c] + lac-D[c] SCO3029 1 -1000 1000 0

DRIBt deoxyribose transport via diffusion drib[e]  <=> drib[c] 1 -1000 1000 0

DURIt2 deoxyuridine transport in via proton symport duri[e] + h[e]  -> duri[c] + h[c] 0 0 1000 0

EPMt2 epimelibiose transport in via symport h[e] + epm[e]  -> h[c] + epm[c] 0 0 1000 0
ETHAt2 ethanolamine transport in via proton symport etha[e] + h[e]  -> etha[c] + h[c] 0 0 1000 0

ETOHtr ethanol reversible transport via diffusion etoh[e]  <=> etoh[c] s0001 1 -1000 1000 0

FALDt formaldehyde transport via diffusion fald[e]  <=> fald[c] s0001 1 -1000 1000 0

FORti formate transport via diffusion for[c]  -> for[e] s0001 0 0 1000 0

FRUpts D-fructose transport via PEP:Pyr PTS pep[c] + fru[e]  -> f1p[c] + pyr[c] (SCO3196 and SCO1391 and SCO5841) 0 0 1000 0

FUMt2_2 Fumarate transport via proton symport (2 H) fum[e] + 2 h[e]  -> fum[c] + 2 h[c] SCO5436 0 0 1000 0

GALCTNt2 D-galactonate transport via proton symport galctn-D[e] + h[e]  -> galctn-D[c] + h[c] SCO0313 0 0 1000 0

GALIt2 1-alpha-D-Galactosyl-myo-inositol transport in via symport h[e] + 1Dgali[e]  -> h[c] + 1Dgali[c] 0 0 1000 0

GALt4 galactose transport via sodium symport gal[e] + na1[e]  -> gal[c] + na1[c] SCO3139 0 0 1000 0

GGLt2 galactosylglycerol transport in via symport h[e] + ggl[e]  -> h[c] + ggl[c] 0 0 1000 0

GLCNt2r D-gluconate transport via proton symport, reversible glcn[e] + h[e]  <=> glcn[c] + h[c] (SCO1680 or SCO4991) 1 -1000 1000 0

GLCRt2r D-glucarate transport via proton symport, reversible glcr[e] + h[e]  <=> glcr[c] + h[c] SCO2541 1 -1000 1000 0
GLCt2 D-glucose transport in via proton symport glc-D[e] + h[e]  -> glc-D[c] + h[c] (SCO5578 or SCO7153) 0 0 1000 0

GLNabc L-glutamine transport via ABC system atp[c] + h2o[c] + gln-L[e]  -> adp[c] + gln-L[c] + h[c] + pi[c] (SCO5258 and SCO5259 and SCO5260) 0 0 1000 0
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GLUabc L-glutamate transport via ABC system atp[c] + h2o[c] + glu-L[e]  -> adp[c] + glu-L[c] + h[c] + pi[c] (SCO5777 and SCO5774 and SCO5775 and 

SCO5776)

0 0 1000 0

GLUt2r L-glutamate transport via proton symport, reversible glu-L[e] + h[e]  <=> glu-L[c] + h[c] SCO4498 1 -1000 1000 0
GLYALDt Glyceraldehyde facilitated diffusion glyald[e]  <=> glyald[c] (SCO1659 or SCO4057) 1 -1000 1000 0

GLYBabc Glycine betaine transport via ABC system atp[c] + h2o[c] + glyb[e]  -> adp[c] + glyb[c] + h[c] + pi[c] ((SCO2931 and SCO2930 and SCO2932 and 

SCO2933) or (SCO6062 and SCO6063 and SCO6064 

and SCO6065))

0 0 1000 0

GLYBt2 Glycine betaine transport via proton symport glyb[e] + h[e]  -> glyb[c] + h[c] (SCO1225 or SCO2336 or SCO7395) 0 0 1000 0

GLYCAt2r D-glycerate transport via proton symport, reversible glyc-R[e] + h[e]  <=> glyc-R[c] + h[c] SCO2541 1 -1000 1000 0

GLYCLTt2i glycolate transport via proton symport (irreversible) glyclt[e] + h[e]  -> glyclt[c] + h[c] SCO3029 0 0 1000 0

GLYCLTt4 glycolate transport via sodium symport glyclt[e] + na1[e]  -> glyclt[c] + na1[c] SCO1822 0 0 1000 0

GLYCt glycerol transport via channel glyc[c]  <=> glyc[e] (SCO1659 or SCO4057) 1 -1000 1000 0

GLYt2r glycine reversible transport via proton symport gly[e] + h[e]  <=> gly[c] + h[c] SCO2914 1 -1000 1000 0

GLYt4 glycine transport in via sodium symport gly[e] + na1[e]  -> gly[c] + na1[c] SCO7197 0 0 1000 0

GSNt2 guanosine transport in via proton symport gsn[e] + h[e]  -> gsn[c] + h[c] 0 0 1000 0
GUAt Guanine transport via diffusion gua[e]  <=> gua[c] 1 -1000 1000 0

GUAt2 guanine transport in via proton symport gua[e] + h[e]  -> gua[c] + h[c] (SCO6212 or SCO6214) 0 0 1000 0

H2O2t hydrogen peroxide transport via diffusion h2o2[e]  <=> h2o2[c] s0001 1 -1000 1000 0

H2Ot H2O transport via diffusion h2o[e]  <=> h2o[c] s0001 1 -1000 1000 0

H2St1 h2s transport h2s[e]  <=> h2s[c] s0001 1 -1000 1000 0

HISt2r L-histidine reversible transport via proton symport h[e] + his-L[e]  <=> h[c] + his-L[c] SCO2914 1 -1000 1000 0

HOMt2 L-homoserineserine efflux via proton symport hom-L[c] + h[e]  -> h[c] + hom-L[e] (SCO4374 or SCO3362) 0 0 1000 0

IDONt2r L-idonate transport via proton symport, reversible h[e] + idon-L[e]  <=> h[c] + idon-L[c] (SCO1680 or SCO4991) 1 -1000 1000 0

ILEabc L-isoleucine transport via ABC system atp[c] + h2o[c] + ile-L[e]  -> adp[c] + h[c] + ile-L[c] + pi[c] ((SCO0709 and SCO0710 and SCO0707 and 

SCO0708 and SCO0706) or (SCO2011 and SCO2012 

and SCO2009 and SCO2010 and SCO2008) or 
(SCO7181 and SCO7182 and SCO7183 and 

SCO7184 and SCO7185))

0 0 1000 0

INDOLEt2r Indole transport via proton symport, reversible h[e] + indole[e]  <=> h[c] + indole[c] 1 -1000 1000 0

INOSTt4 Na+/myo-inositol symporter inost[e] + na1[e]  -> inost[c] + na1[c] SCO3139 0 0 1000 0

INSt2r inosine transport in via proton symport, reversible h[e] + ins[e]  <=> h[c] + ins[c] 1 -1000 1000 0

LALADGLUt L-alanyl-D-glutamate transport in via proton symport LalaDglu[e] + h[e]  -> LalaDglu[c] + h[c] SCO3064 0 0 1000 0

LCTSabc Lactose transport via ABC system atp[c] + h2o[c] + lcts[e]  -> adp[c] + lcts[c] + h[c] + pi[c] (SCO7409 and SCO7410 and SCO7408) 0 0 1000 0

LEUabc L-leucine transport via ABC system atp[c] + h2o[c] + leu-L[e]  -> adp[c] + h[c] + leu-L[c] + pi[c] ((SCO0709 and SCO0710 and SCO0707 and 

SCO0708 and SCO0706) or (SCO2011 and SCO2012 

and SCO2009 and SCO2010 and SCO2008) or 

(SCO7181 and SCO7182 and SCO7183 and 

SCO7184 and SCO7185))

0 0 1000 0

LIPOt2 Lipoate transport via proton symport h[e] + lipoate[e]  -> h[c] + lipoate[c] 0 0 1000 0

L-LACt2r L-lactate reversible transport via proton symport h[e] + lac-L[e]  <=> h[c] + lac-L[c] SCO3029 1 -1000 1000 0

LYSabc L-lysine transport via ABC system atp[c] + h2o[c] + lys-L[e]  -> adp[c] + h[c] + lys-L[c] + pi[c] (SCO2831 and SCO2829 and SCO2830 and 

SCO2828)

0 0 1000 0

LYSt2 L-lysine transport in via proton symport h[e] + lys-L[e]  -> h[c] + lys-L[c] SCO2914 0 0 1000 0

LYSt3 L-lysine transport out via proton antiport lys-L[c] + h[e]  -> h[c] + lys-L[e] SCO7308 0 0 1000 0

LYXt2 L-Lyxose transport via proton symport h[e] + lyx-L[e]  -> h[c] + lyx-L[c] 0 0 1000 0

MALt2_2 Malate transport via proton symport (2 H) 2 h[e] + mal-L[e]  -> 2 h[c] + mal-L[c] SCO5436 0 0 1000 0

MALt3 L-malate transport out via proton antiport mal-L[c] + h[e]  -> h[c] + mal-L[e] 0 0 1000 0

MALTabc maltose transport via ABC system atp[c] + h2o[c] + malt[e]  -> adp[c] + h[c] + malt[c] + pi[c] (SCO2229 and SCO2230 and SCO2231 and 

SCO4240)

0 0 1000 0

MALTHXabc maltohexaose transport via ABC system atp[c] + h2o[c] + malthx[e]  -> adp[c] + h[c] + malthx[c] + pi[c] (SCO2229 and SCO2230 and SCO2231 and 

SCO4240)

0 0 1000 0

MALTPTabc maltopentaose transport via ABC system atp[c] + h2o[c] + maltpt[e]  -> adp[c] + h[c] + maltpt[c] + pi[c] (SCO2229 and SCO2230 and SCO2231 and 

SCO4240)

0 0 1000 0

MALTTRabc Maltotriose transport via ABC system atp[c] + h2o[c] + malttr[e]  -> adp[c] + h[c] + malttr[c] + pi[c] (SCO2229 and SCO2230 and SCO2231 and 

SCO4240)

0 0 1000 0

MALTTTRabc maltotetraose transport via ABC system atp[c] + h2o[c] + maltttr[e]  -> adp[c] + h[c] + maltttr[c] + pi[c] (SCO2229 and SCO2230 and SCO2231 and 

SCO4240)

0 0 1000 0

MANt2 D-mannose transport in via proton symport man[e] + h[e]  -> h[c] + man[c] 0 0 1000 0

MELIBt2 melibiose transport in via symport h[e] + melib[e]  -> h[c] + melib[c] 0 0 1000 0

MELTt2 melibiitol transport in via symport h[e] + melt[e]  -> h[c] + melt[c] 0 0 1000 0

MEOHtr Methanol reversible transport via diffusion meoh[e]  <=> meoh[c] s0001 1 -1000 1000 0
METabc L-methionine transport via ABC system atp[c] + h2o[c] + met-L[e]  -> adp[c] + h[c] + met-L[c] + pi[c] (SCO1559 and SCO1558 and SCO1557) 0 0 1000 0

MNLabc mannitol transport via ABC system atp[c] + h2o[c] + mnl[e]  -> adp[c] + h[c] + pi[c] + mnl[c] (SCO1899 and SCO1900 and SCO1898 and 

SCO4240)

0 0 1000 0
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MNt2 manganese (Mn+2) transport in via proton symport h[e] + mn2[e]  -> h[c] + mn2[c] SCO4993 0 0 1000 0

N2Ot nitrious oxide transport via diffusion n2o[e]  <=> n2o[c] s0001 1 -1000 1000 0

NACt Nicotinic acid uptake nac[e]  -> nac[c] 0 0 1000 0
NMNPt NMN permease nmn[e]  -> nmn[c] SCO1442 0 0 1000 0

ORNabc ornithine transport via ABC system atp[c] + h2o[c] + orn[e]  -> adp[c] + h[c] + orn[c] + pi[c] (SCO2831 and SCO2829 and SCO2830 and 

SCO2828)

0 0 1000 0

OROTt2_2 Orotate transport via proton symport (2 H) 2 h[e] + orot[e]  -> 2 h[c] + orot[c] SCO5436 0 0 1000 0

PACALDt2r phenylacetaldehyde reversible transport via proton symport h[e] + pacald[e]  <=> h[c] + pacald[c] 1 -1000 1000 0

PHEt2r L-phenylalanine reversible transport via proton symport h[e] + phe-L[e]  <=> h[c] + phe-L[c] SCO2914 1 -1000 1000 0

PNTOt4 Pantothenate sodium symporter na1[e] + pnto-R[e]  -> na1[c] + pnto-R[c] SCO5229 0 0 1000 0

PPAt4 Na+/Propionate symporter na1[e] + ppa[e]  -> na1[c] + ppa[c] SCO5229 0 0 1000 0

PROabc L-proline transport via ABC system atp[c] + h2o[c] + pro-L[e]  -> adp[c] + h[c] + pi[c] + pro-L[c] ((SCO4830 and SCO4831 and SCO4832) or 

(SCO1621 and SCO1620))

0 0 1000 0

PROt2r L-proline reversible transport via proton symport h[e] + pro-L[e]  <=> h[c] + pro-L[c] (SCO1225 or SCO2336 or SCO7395) 1 -1000 1000 0

PROt4 Na+/Proline-L symporter na1[e] + pro-L[e]  -> na1[c] + pro-L[c] SCO5229 0 0 1000 0
PTRCabc putrescine transport via ABC system atp[c] + h2o[c] + ptrc[e]  -> adp[c] + h[c] + pi[c] + ptrc[c] (SCO5668 and SCO5669 and SCO5670 and 

SCO5658 and SCO5667)

0 0 1000 0

PTRCt2 putrescine transport in via proton symport h[e] + ptrc[e]  -> h[c] + ptrc[c] SCO5057 0 0 1000 0

PYDAMt pyridoxamine import pydam[e]  -> pydam[c] 0 0 1000 0

PYDXNt pyridoxine import pydxn[e]  -> pydxn[c] 0 0 1000 0

PYDXt pyridoxal import pydx[e]  -> pydx[c] 0 0 1000 0

PYRt2r pyruvate reversible transport via proton symport h[e] + pyr[e]  <=> h[c] + pyr[c] 1 -1000 1000 0

RAFt2 raffinose transport in via symport h[e] + raffin[e]  -> h[c] + raffin[c] 0 0 1000 0

RIBabc D-ribose transport via ABC system atp[c] + h2o[c] + rib-D[e]  -> adp[c] + h[c] + pi[c] + rib-D[c] ((SCO2746 and SCO2747 and SCO2749) or 

(SCO6259 and SCO6258 and SCO6257))

0 0 1000 0

RMNabc L-rhamnose transport via ABC system atp[c] + h2o[c] + rmn[e]  -> adp[c] + h[c] + pi[c] + rmn[c] (SCO0809 and SCO0810 and SCO0808 and 
SCO0811)

0 0 1000 0

SALCpts salicin transport via PEP:Pyr PTS pep[c] + salcn[e]  -> pyr[c] + salc6p[c] 0 0 1000 0

SBTabc D-sorbitol transport via ABC system atp[c] + h2o[c] + sbt-D[e]  -> adp[c] + h[c] + pi[c] + sbt-D[c] (SCO1899 and SCO1900 and SCO1898 and 

SCO4240)

0 0 1000 0

SERt2r L-serine reversible transport via proton symport h[e] + ser-L[e]  <=> h[c] + ser-L[c] 1 -1000 1000 0

SKMt2 shikimate transport in via proton symport h[e] + skm[e]  -> h[c] + skm[c] SCO1010 0 0 1000 0

SPMDabc spermidine transport via ABC system atp[c] + h2o[c] + spmd[e]  -> adp[c] + h[c] + pi[c] + spmd[c] (SCO5668 and SCO5669 and SCO5670 and 

SCO5658 and SCO5667)

0 0 1000 0

SPMDt3 spermidine transport out via proton antiport spmd[c] + h[e]  -> h[c] + spmd[e] SCO1918 0 0 1000 0

SUCCt2_2 succinate transport via proton symport (2 H) 2 h[e] + succ[e]  -> 2 h[c] + succ[c] SCO5436 0 0 1000 0

TARTt2_3 D-tartrate transport via proton symport (3 H) 3 h[e] + tartr-D[e]  -> 3 h[c] + tartr-D[c] 0 0 1000 0

TAURabc taurine transport via ABC system atp[c] + h2o[c] + taur[e]  -> adp[c] + h[c] + pi[c] + taur[c] (SCO7544 and SCO7545 and SCO7546) 0 0 1000 0
THMabc thiamine transport via ABC system atp[c] + h2o[c] + thm[e]  -> adp[c] + h[c] + pi[c] + thm[c] (SCO5648 and SCO5647 and SCO5646) 0 0 1000 0

THMDt2r thymidine transport in via proton symport, reversible h[e] + thymd[e]  <=> h[c] + thymd[c] 1 -1000 1000 0

THRabc L-threonine transport via ABC system atp[c] + h2o[c] + thr-L[e]  -> adp[c] + h[c] + pi[c] + thr-L[c] ((SCO0709 and SCO0710 and SCO0707 and 

SCO0708 and SCO0706) or (SCO2011 and SCO2012 

and SCO2009 and SCO2010 and SCO2008) or 

(SCO7181 and SCO7182 and SCO7183 and 

SCO7184 and SCO7185))

0 0 1000 0

THRt2 L-threonine efflux transport via proton antiport thr-L[c] + h[e]  -> h[c] + thr-L[e] (SCO4374 or SCO3362) 0 0 1000 0

THYMt3r thymine transport out via proton antiport, reversible thym[c] + h[e]  <=> h[c] + thym[e] 1 -1000 1000 0

TREabc trehalose transport via ABC system atp[c] + h2o[c] + tre[e]  -> adp[c] + h[c] + pi[c] + tre[c] ((SCO1886 and SCO1887 and SCO1882) or 

(SCO6602 and SCO6603 and SCO6601))

0 0 1000 0

TRPt2r L-tryptophan reversible transport via proton symport h[e] + trp-L[e]  <=> h[c] + trp-L[c] SCO2914 1 -1000 1000 0

TYRt2r L-tyrosine reversible transport via proton symport h[e] + tyr-L[e]  <=> h[c] + tyr-L[c] SCO2914 1 -1000 1000 0

URAt2r uracil transport in via proton symport, reversible h[e] + ura[e]  <=> h[c] + ura[c] SCO1450 1 -1000 1000 0

UREAt Urea transport via facilitate diffusion urea[e]  <=> urea[c] (SCO1659 or SCO4057) 1 -1000 1000 0

URIt2r uridine transport in via proton symport, reversible h[e] + uri[e]  <=> h[c] + uri[c] 1 -1000 1000 0

VALabc L-valine transport via ABC system atp[c] + h2o[c] + val-L[e]  -> adp[c] + h[c] + pi[c] + val-L[c] ((SCO0709 and SCO0710 and SCO0707 and 

SCO0708 and SCO0706) or (SCO2011 and SCO2012 

and SCO2009 and SCO2010 and SCO2008) or 

(SCO7181 and SCO7182 and SCO7183 and 

SCO7184 and SCO7185))

0 0 1000 0

VANK Vanillate/proton symport transport h[e] + vanlt[e]  <=> h[c] + vanlt[c] 1 -1000 1000 0

XANt2 xanthine transport in via proton symport h[e] + xan[e]  -> h[c] + xan[c] (SCO6212 or SCO6214) 0 0 1000 0
XTSNt2r Xanthosine transport via proton symport h[e] + xtsn[e]  <=> h[c] + xtsn[c] 1 -1000 1000 0

XYLabc D-xylose transport via ABC system atp[c] + h2o[c] + xyl-D[e]  -> adp[c] + h[c] + pi[c] + xyl-D[c] (SCO6010 and SCO6011 and SCO6009) 0 0 1000 0
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XYLTabc xylitol transport via ABC system atp[c] + h2o[c] + xylt[e]  -> adp[c] + h[c] + pi[c] + xylt[c] (SCO1899 and SCO1900 and SCO1898 and 

SCO4240)

0 0 1000 0

ALATRS Alanyl-tRNA synthetase ala-L[c] + atp[c] + trnaala[c]  -> alatrna[c] + amp[c] + ppi[c] SCO1501 0 0 1000 0
ARGTRS Arginyl-tRNA synthetase arg-L[c] + atp[c] + trnaarg[c]  -> amp[c] + argtrna[c] + ppi[c] (SCO3304 or SCO5352) 0 0 1000 0

ASNTRS Asparaginyl-tRNA synthetase asn-L[c] + atp[c] + trnaasn[c]  -> amp[c] + asntrna[c] + ppi[c] 0 0 1000 0

ASPTRS Aspartyl-tRNA synthetase asp-L[c] + atp[c] + trnaasp[c]  -> amp[c] + asptrna[c] + ppi[c] SCO3795 0 0 1000 0

CYSTRS Cysteinyl-tRNA synthetase atp[c] + cys-L[c] + trnacys[c]  -> amp[c] + cystrna[c] + ppi[c] SCO4235 0 0 1000 0

FMETTRS Methionyl-tRNA formyltransferase 10fthf[c] + mettrna[c]  -> fmettrna[c] + h[c] + thf[c] SCO1473 0 0 1000 0

GLNTRS Glutaminyl-tRNA synthetase atp[c] + gln-L[c] + trnagln[c]  -> amp[c] + glntrna[c] + ppi[c] 0 0 1000 0

GLYTRS Glycyl-tRNA synthetase atp[c] + gly[c] + trnagly[c]  -> amp[c] + glytrna[c] + ppi[c] SCO2504 0 0 1000 0

HISTRS Histidyl-tRNA synthetase atp[c] + his-L[c] + trnahis[c]  -> amp[c] + histrna[c] + ppi[c] SCO1508 0 0 1000 0

ILETRS Isoleucyl-tRNA synthetase atp[c] + ile-L[c] + trnaile[c]  -> amp[c] + iletrna[c] + ppi[c] SCO2076 0 0 1000 0

LEUTRS Leucyl-tRNA synthetase atp[c] + leu-L[c] + trnaleu[c]  -> amp[c] + leutrna[c] + ppi[c] SCO2571 0 0 1000 0

LYSTRS Lysyl-tRNA synthetase atp[c] + lys-L[c] + trnalys[c]  -> amp[c] + lystrna[c] + ppi[c] (SCO3303 or SCO3397 or SCO6384) 0 0 1000 0

METTRS Methionyl-tRNA synthetase atp[c] + met-L[c] + trnamet[c]  -> amp[c] + mettrna[c] + ppi[c] (SCO3792 or SCO6436) 0 0 1000 0
PHETRS Phenylalanyl-tRNA synthetase atp[c] + phe-L[c] + trnaphe[c]  -> amp[c] + phetrna[c] + ppi[c] (SCO1594 and SCO1595) 0 0 1000 0

PROTRS Prolyl-tRNA synthetase atp[c] + pro-L[c] + trnapro[c]  -> amp[c] + ppi[c] + protrna[c] SCO5699 0 0 1000 0

SERTRS Seryl-tRNA synthetase atp[c] + ser-L[c] + trnaser[c]  -> amp[c] + ppi[c] + sertrna[c] SCO3961 0 0 1000 0

THRTRS Threonyl-tRNA synthetase atp[c] + thr-L[c] + trnathr[c]  -> amp[c] + ppi[c] + thrtrna[c] (SCO1531 or SCO3778) 0 0 1000 0

TRPTRS Tryptophanyl-tRNA synthetase atp[c] + trnatrp[c] + trp-L[c]  -> amp[c] + ppi[c] + trptrna[c] (SCO3334 or SCO4839) 0 0 1000 0

TYRTRS tyrosyl-tRNA synthetase atp[c] + trnatyr[c] + tyr-L[c]  -> amp[c] + ppi[c] + tyrtrna[c] SCO1818 0 0 1000 0

VALTRS Valyl-tRNA synthetase atp[c] + trnaval[c] + val-L[c]  -> amp[c] + ppi[c] + valtrna[c] SCO2615 0 0 1000 0

34HPPOR 4-Hydroxyphenylpyruvate:oxygen oxidoreductase 34hpp[c] + o2[c]  -> co2[c] + hgentis[c] SCO2927 0 0 1000 0

ANPRT anthranilate phosphoribosyltransferase anth[c] + prpp[c]  -> ppi[c] + pran[c] (SCO2147 or SCO3212) 0 0 1000 0

ANS anthranilate synthase chor[c] + gln-L[c]  -> anth[c] + glu-L[c] + h[c] + pyr[c] ((SCO3213 and SCO3214) or SCO2043 or SCO2117) 0 0 1000 0

CHORM chorismate mutase chor[c]  -> pphn[c] (SCO2019 or SCO1762) 0 0 1000 0
CHORS chorismate synthase 3psme[c]  -> chor[c] + pi[c] SCO1496 0 0 1000 0

DDPA 3-deoxy-D-arabino-heptulosonate 7-phosphate synthetase e4p[c] + h2o[c] + pep[c]  -> 2dda7p[c] + pi[c] (SCO2115 or SCO3210) 0 0 1000 0

DHQS 3-dehydroquinate synthase 2dda7p[c]  -> 3dhq[c] + pi[c] SCO1494 0 0 1000 0

DHQTi 3-dehydroquinate dehydratase, irreversible 3dhq[c]  -> 3dhsk[c] + h2o[c] SCO1961 0 0 1000 0

FANH N-Formylanthranilate amidohydrolase nformanth[c] + h2o[c]  -> anth[c] + for[c] + h[c] SCO3644 0 0 1000 0

FKYNH N-Formyl-L-kynurenine amidohydrolase Lfmkynr[c] + h2o[c]  -> Lkynr[c] + for[c] + h[c] SCO3644 0 0 1000 0

FUMAC fumarylacetoacetase 4fumacac[c] + h2o[c]  -> acac[c] + fum[c] + h[c] SCO4580 0 0 1000 0

HGNTOR Homogentisate:oxygen 1,2-oxidoreductase (decyclizing) hgentis[c] + o2[c]  -> 4mlacac[c] + h[c] SCO1715 0 0 1000 0

HKYNH 3-Hydroxy-L-kynurenine hydrolase h2o[c] + hLkynr[c]  -> 3hanthrn[c] + ala-L[c] SCO3645 0 0 1000 0

IGPS indole-3-glycerol-phosphate synthase 2cpr5p[c] + h[c]  -> 3ig3p[c] + co2[c] + h2o[c] (SCO2039 or SCO3211) 0 0 1000 0

KYN kynureninase Lkynr[c] + h2o[c]  -> ala-L[c] + anth[c] + h[c] SCO3645 0 0 1000 0

LFORKYNHYD L-Formylkynurenine hydrolase Lfmkynr[c] + h2o[c]  -> ala-L[c] + h[c] + nformanth[c] SCO3645 0 0 1000 0
MACACI maleylacetoacetate isomerase 4mlacac[c]  -> 4fumacac[c] 0 0 1000 0

PEAMNO Phenethylamine oxidase h2o[c] + o2[c] + peamn[c]  -> h2o2[c] + nh4[c] + pacald[c] 0 0 1000 0

PHETA1 phenylalanine transaminase akg[c] + phe-L[c]  <=> glu-L[c] + phpyr[c] (SCO1859 or SCO2053 or SCO3944 or SCO4645 or 

SCO3658)

1 -1000 1000 0

PHYCBOXL L-Phenylalanine carboxy-lyase h[c] + phe-L[c]  -> co2[c] + peamn[c] 0 0 1000 0

PPND prephenate dehydrogenase nad[c] + pphn[c]  -> 34hpp[c] + co2[c] + nadh[c] (SCO1761 or SCO3221) 0 0 1000 0

PPNDH prephenate dehydratase h[c] + pphn[c]  -> co2[c] + h2o[c] + phpyr[c] SCO3962 0 0 1000 0

PRAIi phosphoribosylanthranilate isomerase (irreversible) pran[c]  -> 2cpr5p[c] SCO2050 0 0 1000 0

PSCVT 3-phosphoshikimate 1-carboxyvinyltransferase pep[c] + skm5p[c]  <=> 3psme[c] + pi[c] (SCO5212 or SCO6819) 1 -1000 1000 0

SHK3Dr shikimate dehydrogenase 3dhsk[c] + h[c] + nadph[c]  <=> nadp[c] + skm[c] SCO1498 1 -1000 1000 0

SHKK shikimate kinase atp[c] + skm[c]  -> adp[c] + h[c] + skm5p[c] SCO1495 0 0 1000 0
TRPO2 L-Tryptophan:oxygen 2,3-oxidoreductase (decyclizing) o2[c] + trp-L[c]  -> Lfmkynr[c] SCO3646 0 0 1000 0

TRPS1 tryptophan synthase (indoleglycerol phosphate) 3ig3p[c] + ser-L[c]  -> g3p[c] + h2o[c] + trp-L[c] (SCO2036 and SCO2037) 0 0 1000 0

TRPS2 tryptophan synthase (indole) indole[c] + ser-L[c]  -> h2o[c] + trp-L[c] (SCO2036 and SCO2037) 0 0 1000 0

TRPS3 tryptophan synthase (indoleglycerol phosphate) 3ig3p[c]  -> g3p[c] + indole[c] (SCO2036 and SCO2037) 0 0 1000 0

TYRTA tyrosine transaminase akg[c] + tyr-L[c]  <=> 34hpp[c] + glu-L[c] (SCO1859 or SCO2053 or SCO3944 or SCO4645 or 

SCO3658)

1 -1000 1000 0

ACONIs aconitate isomerase (spontaneous) acon-T[c]  <=> acon-C[c] s0001 1 -1000 1000 0

ACONMT Trans-aconitate methyltransferase acon-T[c] + amet[c]  -> aconm[c] + ahcys[c] SCO3132 0 0 1000 0

ATPM ATP maintenance requirement atp[c] + h2o[c]  -> adp[c] + h[c] + pi[c] 0 2.65 1000 0

BETALDHx betaine-aldehyde dehydrogenase betald[c] + h2o[c] + nad[c]  -> glyb[c] + 2 h[c] + nadh[c] SCO4828 0 0 1000 0

BETALDHy betaine-aldehyde dehydrogenase betald[c] + h2o[c] + nadp[c]  -> glyb[c] + 2 h[c] + nadph[c] SCO4828 0 0 1000 0

CAT catalase 2 h2o2[c]  -> 2 h2o[c] + o2[c] (SCO0379 or SCO0560 or (SCO0666 and SCO2529) 
or SCO6204 or SCO7590)

0 0 1000 0

CCCR crotonyl-CoA carboxylase/reductase b2coa[c] + co2[c] + nadph[c]  -> emcoa-S[c] + nadp[c] SCO6473 0 0 1000 0

CHOLD choline dehydrogenase chol[c] + nad[c]  -> betald[c] + h[c] + nadh[c] SCO4829 0 0 1000 0
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EMCCCM (2R)-ethylmalonyl-CoA CoA-carbonylmutase emcoa-R[c]  <=> mscoa-S[c] SCO6472 1 -1000 1000 0

EME ethylmalonyl-CoA epimerase emcoa-S[c]  <=> emcoa-R[c] SCO5398 1 -1000 1000 0

GTHPi glutathione peridoxase 2 gthrd[c] + h2o2[c]  -> gthox[c] + 2 h2o[c] SCO4444 0 0 1000 0
HCO3E HCO3 equilibration reaction co2[c] + h2o[c]  <=> h[c] + hco3[c] (SCO2093 or SCO3562 or SCO3721 or SCO6055) 1 -1000 1000 0

PRDX Peroxidase (multiple substrates) h2o2[c] + meoh[c] -> fald[c] + 2 h2o[c] SCO0560 0 0 1000 0

SPODM superoxide dismutase 2 h[c] + 2 o2s[c]  -> h2o2[c] + o2[c] (SCO0999 or SCO2633 or SCO5254) 0 0 1000 0

THIORDXi hydrogen peroxide reductase (thioredoxin) h2o2[c] + trdrd[c]  -> 2 h2o[c] + trdox[c] (((SCO2901 or SCO7353) and (SCO0885 or 

SCO3889 or SCO5419 or SCO5438)) or SCO4444)

0 0 1000 0

URIC uricase 2 h2o[c] + o2[c] + urate[c]  -> alltn[c] + co2[c] + h2o2[c] (SCO6210 and SCO6211) 0 0 1000 0

REDS1 Malonyl-CoA-ACP transacylase (undecylprodigiosin ACP 

(redQ))

ACPredQ[c] + malcoa[c]  <=> coa[c] + malACPredQ[c] (SCO2387 and SCO5887) 1 -1000 1000 0

REDS10 3-oxoacyl-[acyl-carrier-protein] synthase (n-C8:0) h[c] + hexACPredQ[c] + malACPredQ[c]  -> 3ooctACPredQ[c] + ACPredQ[c] + 

co2[c] 

SCO5886 0 0 1000 0

REDS11 3-oxoacyl-[acyl-carrier-protein] reductase (n-C8:0) 3ooctACPredQ[c] + h[c] + nadph[c]  <=> 3hoctACPredQ[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

REDS12 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (n-C8:0) 3hoctACPredQ[c]  -> h2o[c] + toct2eACPredQ[c] 0 0 1000 0

REDS13x enoyl-[acyl-carrier-protein] reductase (NADH) (n-C8:0) h[c] + nadh[c] + toct2eACPredQ[c]  -> nad[c] + ocACPredQ[c] SCO1814 0 0 1000 0

REDS13y enoyl-[acyl-carrier-protein] reductase (NADPH) (n-C8:0) h[c] + nadph[c] + toct2eACPredQ[c]  -> nadp[c] + ocACPredQ[c] SCO1814 0 0 1000 0

REDS14 3-oxoacyl-[acyl-carrier-protein] synthase (n-C10:0) h[c] + malACPredQ[c] + ocACPredQ[c]  -> 3odecACPredQ[c] + ACPredQ[c] + 

co2[c] 

SCO5886 0 0 1000 0

REDS15 3-oxoacyl-[acyl-carrier-protein] reductase (n-C10:0) 3odecACPredQ[c] + h[c] + nadph[c]  <=> 3hdecACPredQ[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

REDS16 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (n-C10:0) 3hdecACPredQ[c]  -> h2o[c] + tdec2eACPredQ[c] 0 0 1000 0

REDS17x enoyl-[acyl-carrier-protein] reductase (NADH) (n-C10:0) h[c] + nadh[c] + tdec2eACPredQ[c]  -> dcaACPredQ[c] + nad[c] SCO1814 0 0 1000 0

REDS17y enoyl-[acyl-carrier-protein] reductase (NADPH) (n-C10:0) h[c] + nadph[c] + tdec2eACPredQ[c]  -> dcaACPredQ[c] + nadp[c] SCO1814 0 0 1000 0

REDS18 3-oxoacyl-[acyl-carrier-protein] synthase (n-C12:0) dcaACPredQ[c] + h[c] + malACPredQ[c]  -> 3oddecACPredQ[c] + ACPredQ[c] + 
co2[c] 

SCO5886 0 0 1000 0

REDS19 3-oxoacyl-[acyl-carrier-protein] reductase (n-C12:0) 3oddecACPredQ[c] + h[c] + nadph[c]  <=> 3hddecACPredQ[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

REDS2 beta-ketoacyl-ACP synthase (2) (undecylprodigiosin ACP) accoa[c] + h[c] + malACPredQ[c]  -> actACPredQ[c] + co2[c] + coa[c] (SCO5888 and SCO5887) 0 0 1000 0

REDS20 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (n-C12:0) 3hddecACPredQ[c]  -> h2o[c] + tddec2eACPredQ[c] 0 0 1000 0

REDS21x enoyl-[acyl-carrier-protein] reductase (NADH) (n-C12:0) h[c] + nadh[c] + tddec2eACPredQ[c]  -> ddcaACPredQ[c] + nad[c] SCO1814 0 0 1000 0

REDS21y enoyl-[acyl-carrier-protein] reductase (NADPH) (n-C12:0) h[c] + nadph[c] + tddec2eACPredQ[c]  -> ddcaACPredQ[c] + nadp[c] SCO1814 0 0 1000 0

REDS22 dodecanoyl-redQ thioesterase ddcaACPredQ[c] + h2o[c]  -> ddca[c] + h[c] + ACPredQ[c] SCO5894 0 0 1000 0

REDS23 acyl-[acyl-carrier-protein] synthetase  (n-C12:0) ACPredL[c] + atp[c] + ddca[c]  -> amp[c] + ddcaACPredL[c] + ppi[c] SCO5892 0 0 1000 0

REDS24 dodecanoyl imtermediate transferase ddcaACPredQ[c] + ACPredL[c] -> ACPredQ[c] + ddcaACPredL[c] SCO5892 0 0 1000 0

REDS25 3-oxoacyl-[acyl-carrier-protein] synthase (n-C14:0) ddcaACPredL[c] + h[c] + malcoa[c] -> 3omrsACPredL[c] + co2[c] + coa[c] SCO5892 0 0 1000 0

REDS26 glycine acyltransferase/alpha-oxoamine synthase 3omrsACPredL[c] + gly[c]  -> upn[c] + ACPredL[c] + h2o[c] + co2[c] SCO5892 0 0 1000 0
REDS27 2-undecyl-4-pyrrolinone reductase/dehydratase upn[c] + nadh[c] + h[c]  -> up[c] + nad[c] + h2o[c] SCO5893 0 0 1000 0

REDS28 L-prolyladenylate synthase atp[c] + h[c] + pro-L[c]  -> proamp[c] + ppi[c] SCO5891 0 0 1000 0

REDS29 L-prolyladenylate-PCP transaminoacylase proamp[c] + PCPredO[c]  -> proPCPredO[c] + amp[c] + h[c] SCO5889 0 0 1000 0

REDS3 3-oxoacyl-[acyl-carrier-protein] reductase (n-C4:0) actACPredQ[c] + h[c] + nadph[c]  <=> 3haACPredQ[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

REDS30 L-prolyl-RedO oxidase proPCPredO[c] + 2 fad[c]  -> pyrPCPredO[c] + 2 fadh2[c] + h[c] SCO5879 0 0 1000 0

REDS31 pyrrole-2-carboxyl intermediate transferase pyrPCPredO[c] + KSredX[c] -> PCPredO[c] + pyrKSredX[c] SCO5878 0 0 1000 0

REDS32 Malonyl-CoA-ACP transacylase (undecylprodigiosin ACP 

(redN))

ACPredN[c] + malcoa[c]  <=> coa[c] + malACPredN[c] (SCO2387 and SCO5890) 1 -1000 1000 0

REDS33 beta-keto-beta-pyrrolyl-propanoyl-[acyl-carrier-protein] 

synthase

pyrKSredX[c] + h[c] + malACPredN[c]  -> KSredX[c] + kppACPredN[c] + co2[c] (SCO5878 and SCO5890) 0 0 1000 0

REDS34 L-serine acyltransferase/alpha-oxoamine synthase kppACPredN[c] + ser-L[c] -> hbm[c] + ACPredN[c] + h2o[c] + co2[c] SCO5890 0 0 1000 0

REDS35 4-hydroxy-2,2'-bipyrrole-5-methanol methyltransferase hbm[c] + amet[c]  -> mbm[c] + ahcys[c] + h[c] SCO5895 0 0 1000 0

REDS36 4-methoxy-2,2'-bipyrrole-5-methanol dehydrogenase mbm[c] + nad[c]  -> mbc[c] + nadh[c] + h[c] 0 0 1000 0

REDS37 undecylprodigiosin synthase up[c] + mbc[c] + atp[c] + h2o[c]  -> RED[c] + amp[c] + 2 pi[c] + 2 h[c] SCO5896 0 0 1000 0

REDS4 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (n-C4:0) 3haACPredQ[c]  -> but2eACPredQ[c] + h2o[c] 0 0 1000 0

REDS5x enoyl-[acyl-carrier-protein] reductase (NADH) (n-C4:0) but2eACPredQ[c] + h[c] + nadh[c]  -> butACPredQ[c] + nad[c] SCO1814 0 0 1000 0

REDS5y enoyl-[acyl-carrier-protein] reductase (NADPH) (n-C4:0) but2eACPredQ[c] + h[c] + nadph[c]  -> butACPredQ[c] + nadp[c] SCO1814 0 0 1000 0

REDS6 3-oxoacyl-[acyl-carrier-protein] synthase (n-C6:0) butACPredQ[c] + h[c] + malACPredQ[c]  -> 3ohexACPredQ[c] + ACPredQ[c] + 

co2[c] 

SCO5886 0 0 1000 0

REDS7 3-oxoacyl-[acyl-carrier-protein] reductase (n-C6:0) 3ohexACPredQ[c] + h[c] + nadph[c]  <=> 3hhexACPredQ[c] + nadp[c] (SCO1815 or SCO1345 or SCO1346 or SCO4501 or 

SCO1831 or SCO4681 or SCO0330)

1 -1000 1000 0

REDS8 3-hydroxyacyl-[acyl-carrier-protein] dehydratase (n-C6:0) 3hhexACPredQ[c]  -> h2o[c] + thex2eACPredQ[c] 0 0 1000 0
REDS9x enoyl-[acyl-carrier-protein] reductase (NADH) (n-C6:0) h[c] + nadh[c] + thex2eACPredQ[c]  -> hexACPredQ[c] + nad[c] SCO1814 0 0 1000 0

REDS9y enoyl-[acyl-carrier-protein] reductase (NADPH) (n-C6:0) h[c] + nadph[c] + thex2eACPredQ[c]  -> hexACPredQ[c] + nadp[c] SCO1814 0 0 1000 0

3HBCOAHL 3-hydroxyisobutyryl-CoA hydrolase 3hibutcoa[c] + h2o[c]  -> 3hmp[c] + coa[c] + h[c] 0 0 0 0
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ACACT10r acetyl-CoA C-acetyltransferase 2maacoa[c] + coa[c] <=> accoa[c] + ppcoa[c] (SCO6788 or SCO1324 or SCO4502 or SCO6027) 1 -1000 1000 0

ACHBS 2-aceto-2-hydroxybutanoate synthase 2obut[c] + h[c] + pyr[c]  -> 2ahbut[c] + co2[c] ((SCO5512 and SCO5513) or SCO2769) 0 0 1000 0

ACLS acetolactate synthase h[c] + 2 pyr[c]  -> alac-S[c] + co2[c] ((SCO5512 and SCO5513) or SCO2769) 0 0 1000 0
ACOAD8 acyl-CoA dehydrogenase (Isovaleryl-CoA) ivcoa[c] + fad[c]  -> 3mb2coa[c] + fadh2[c] SCO2779 0 0 1000 0

ACOAD9 acyl-CoA dehydrogenase (Isobutiryl-CoA) ibcoa[c] + fad[c]  -> 2mp2coa[c] + fadh2[c] SCO2779 0 0 1000 0

ACOADH1 acyl-CoA dehydrogenase (2-Methyl-butanoyl-CoA) 2mbcoa[c] + fad[c]  -> 2mb2coa[c] + fadh2[c] SCO2779 0 0 1000 0

DHAD1 dihydroxy-acid dehydratase (2,3-dihydroxy-3-methylbutanoate) 23dhmb[c]  -> 3mob[c] + h2o[c] (SCO1176 or SCO1888 or SCO3345) 0 0 1000 0

DHAD2 Dihydroxy-acid dehydratase (2,3-dihydroxy-3-

methylpentanoate)

23dhmp[c]  -> 3mop[c] + h2o[c] (SCO1176 or SCO1888 or SCO3345) 0 0 1000 0

ECOAH12 3-hydroxyacyl-CoA dehydratase (3-hydroxyisobutyryl-CoA) 2mp2coa[c] + h2o[c]  -> 3hibutcoa[c] SCO6732 0 0 1000 0

ECOAH9ir 2-Methylprop-2-enoyl-CoA (2-Methylbut-2-enoyl-CoA) 2mb2coa[c] + h2o[c]  -> 3hmbcoa[c] SCO6732 0 0 1000 0

HACD9 3-hydroxyacyl-CoA dehydrogenase (2-Methylacetoacetyl-CoA) 3hmbcoa[c] + nad[c]  <=> 2maacoa[c] + h[c] + nadh[c] SCO6732 1 -1000 1000 0

HIBD 3-hydroxyisobutyrate dehydrogenase 3hmp[c] + nad[c]  <=> h[c] + mmtsa[c] + nadh[c] SCO0907 1 -1000 1000 0

HMGL hydroxymethylglutaryl-CoA lyase hmgcoa[c]  -> acac[c] + accoa[c] SCO2778 0 0 1000 0

ILEDxi isoleucine dehydrogenase (NAD, irreversible) ile-L[c] + h2o[c] + nad[c]  -> 3mop[c] + h[c] + nadh[c] + nh4[c] SCO4089 0 0 1000 0
ILETA isoleucine transaminase akg[c] + ile-L[c]  <=> 3mop[c] + glu-L[c] (SCO1546 or SCO5523) 1 -1000 1000 0

IPMD 3-isopropylmalate dehydrogenase 3c2hmp[c] + nad[c]  -> 3c4mop[c] + h[c] + nadh[c] SCO5522 0 0 1000 0

IPPMIa 3-isopropylmalate dehydratase 3c2hmp[c]  <=> 2ippm[c] + h2o[c] (SCO5553 and SCO5554) 1 -1000 1000 0

IPPMIb 2-isopropylmalate hydratase 2ippm[c] + h2o[c]  <=> 3c3hmp[c] (SCO5553 and SCO5554) 1 -1000 1000 0

IPPS 2-isopropylmalate synthase 3mob[c] + accoa[c] + h2o[c]  -> 3c3hmp[c] + coa[c] + h[c] (SCO2528 or SCO5529) 0 0 1000 0

KARA1i acetohydroxy acid isomeroreductase alac-S[c] + h[c] + nadph[c] -> 23dhmb[c] + nadp[c] (SCO5514 or SCO7154) 0 0 1000 0

KARA2i ketol-acid reductoisomerase (2-Aceto-2-hydroxybutanoate) 2ahbut[c] + h[c] + nadph[c]  -> 23dhmp[c] + nadp[c] (SCO5514 or SCO7154) 0 0 1000 0

LEUTA leucine transaminase akg[c] + leu-L[c] <=> 4mop[c] + glu-L[c] (SCO1546 or SCO5523) 1 -1000 1000 0

MCCC methylcrotonoyl-CoA carboxylase 3mb2coa[c] + atp[c] + hco3[c]  -> 3mgcoa[c] + adp[c] + h[c] + pi[c] (SCO2776 and SCO2777) 0 0 1000 0

MGCH methylglutaconyl-CoA hydratase 3mgcoa[c] + h2o[c]  <=> hmgcoa[c] 1 -1000 1000 0

OCOAT1 3-oxoacid CoA-transferase (Succinyl-CoA: acetoacetate) acac[c] + succoa[c]  -> aacoa[c] + succ[c] (SCO6702 and SCO6703) 0 0 1000 0
OIVD1 2-oxoisovalerate dehydrogenase (acylating; 4-methyl-2-

oxopentaoate)

4mop[c] + coa[c] + nad[c]  -> co2[c] + ivcoa[c] + nadh[c] (((SCO3816 and SCO3817) or (SCO3830 and 

SCO3831)) and (SCO3815 or SCO3829) and 

(SCO0884 or SCO2180 or SCO4919))

0 0 1000 0

OIVD2 2-oxoisovalerate dehydrogenase (acylating; 3-methyl-2-

oxobutanoate)

3mob[c] + coa[c] + nad[c]  -> co2[c] + ibcoa[c] + nadh[c] (((SCO3816 and SCO3817) or (SCO3830 and 

SCO3831)) and (SCO3815 or SCO3829) and 

(SCO0884 or SCO2180 or SCO4919))

0 0 1000 0

OIVD3 2-oxoisovalerate dehydrogenase (acylating; 3-methyl-2-

oxopentanoate)

3mop[c] + coa[c] + nad[c]  -> co2[c] + 2mbcoa[c] + nadh[c] (((SCO3816 and SCO3817) or (SCO3830 and 

SCO3831)) and (SCO3815 or SCO3829) and 

(SCO0884 or SCO2180 or SCO4919))

0 0 1000 0

OMCDC 2-Oxo-4-methyl-3-carboxypentanoate decarboxylation 3c4mop[c] + h[c]  -> 4mop[c] + co2[c] s0001 0 0 1000 0

THRD_L L-threonine deaminase thr-L[c]  -> 2obut[c] + nh4[c] (SCO0821 or SCO4962) 0 0 1000 0

VALDxi valine dehydrogenase (NAD, irreversible) val-L[c] + h2o[c] + nad[c]  -> 3mob[c] + h[c] + nadh[c] + nh4[c] SCO4089 0 0 1000 0
VALTA valine transaminase akg[c] + val-L[c]  <=> 3mob[c] + glu-L[c] (SCO1546 or SCO5523) 1 -1000 1000 0
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Table A2 List of the metabolites in iMK1208
Metabolite name Metabolite description Neutral

metabolite formula
Charged
metabolite formula

Metabolite
charge

Metabolite
KeggID

10fthf[c] 10-Formyltetrahydrofolate C20H23N7O7 C20H21N7O7 -2 C00234

12dgr120[c] 1,2-Diacyl-sn-glycerol (didodecanoyl, n-C12:0) C27H52O5 C27H52O5 0 C00641

12dgr140[c] 1,2-Diacyl-sn-glycerol (ditetradecanoyl, n-C14:0) C31H60O5 C31H60O5 0 C00641

12dgr141[c] 1,2-Diacyl-sn-glycerol (ditetradec-7-enoyl, n-C14:1) C31H56O5 C31H56O5 0 C00641

12dgr150[c] 1,2-Diacyl-sn-glycerol (dipentadecanoyl, n-C15:0) C33H64O5 C33H64O5 0 C00641

12dgr160[c] 1,2-Diacyl-sn-glycerol (dihexadecanoyl, n-C16:0) C35H68O5 C35H68O5 0 C00641
12dgr161[c] 1,2-Diacyl-sn-glycerol (dihexadec-9-enoyl, n-C16:1) C35H64O5 C35H64O5 0 C00641

12dgr170[c] 1,2-Diacyl-sn-glycerol (diheptadecanoyl, n-C17:0) C37H72O5 C37H72O5 0 C00641

12dgr180[c] 1,2-Diacyl-sn-glycerol (dioctadecanoyl, n-C18:0) C39H76O5 C39H76O5 0 C00641

12dgr181[c] 1,2-Diacyl-sn-glycerol (dioctadec-11-enoyl, n-C18:1) C39H72O5 C39H72O5 0 C00641

12dgrai150[c] 1,2-Diacyl-sn-glycerol (diante-isopentadecanoyl, ante-iso-

C15:0)

C33H64O5 C33H64O5 0 C00641

12dgrai170[c] 1,2-Diacyl-sn-glycerol (diante-isoheptadecanoyl, ante-iso-

C17:0)

C37H72O5 C37H72O5 0 C00641

12dgri140[c] 1,2-Diacyl-sn-glycerol (diisotetradecanoyl, iso-C14:0) C31H60O5 C31H60O5 0 C00641

12dgri150[c] 1,2-Diacyl-sn-glycerol (diisopentadecanoyl, iso-C15:0) C33H64O5 C33H64O5 0 C00641

12dgri160[c] 1,2-Diacyl-sn-glycerol (diisohexadecanoyl, iso-C16:0) C35H68O5 C35H68O5 0 C00641
12dgri170[c] 1,2-Diacyl-sn-glycerol (diisoheptadecanoyl, iso-C17:0) C37H72O5 C37H72O5 0 C00641

12dgri180[c] 1,2-Diacyl-sn-glycerol (diisooctadecanoyl, iso-C18:0) C39H76O5 C39H76O5 0 C00641

13dpg[c] 3-Phospho-D-glyceroyl phosphate C3H8O10P2 C3H4O10P2 -4 C00236

14glucan[c] 1,4-alpha-D-glucan C36H62O31 C36H62O31 0 C00718

15dap[c] 1,5-Diaminopentane C5H14N2 C5H16N2 2 C01672

1aiC15g3p[c] 1-ante-isopentadecanoyl-sn-glycerol 3-phosphate C18H37O7P1 C18H35O7P1 -2 C00681

1aiC17g3p[c] 1-ante-isoheptadecanoyl-sn-glycerol 3-phosphate C20H41O7P1 C20H39O7P1 -2 C00681

1ddecg3p[c] 1-dodecanoyl-sn-glycerol 3-phosphate C15H31O7P1 C15H29O7P1 -2 C00681

1Dgali[c] 1-alpha-D-Galactosyl-myo-inositol C12H22O11 C12H22O11 0 C01235

1hdec9eg3p[c] 1-hexadec-9-enoyl-sn-glycerol 3-phosphate C19H37O7P1 C19H35O7P1 -2 C00681

1hdecg3p[c] 1-hexadecanoyl-sn-glycerol 3-phosphate C19H39O7P1 C19H37O7P1 -2 C00681

1hepdecg3p[c] 1-heptadecanoyl-sn-glycerol 3-phosphate C20H41O7P1 C20H39O7P1 -2 C00681
1iC14g3p[c] 1-isotetradecanoyl-sn-glycerol 3-phosphate C17H35O7P1 C17H33O7P1 -2 C00681

1iC15g3p[c] 1-isopentadecanoyl-sn-glycerol 3-phosphate C18H37O7P1 C18H35O7P1 -2 C00681

1iC16g3p[c] 1-isohexadecanoyl-sn-glycerol 3-phosphate C19H39O7P1 C19H37O7P1 -2 C00681

1iC17g3p[c] 1-isoheptadecanoyl-sn-glycerol 3-phosphate C20H41O7P1 C20H39O7P1 -2 C00681

1iC18g3p[c] 1-isooctadecanoyl-sn-glycerol 3-phosphate C21H43O7P1 C21H41O7P1 -2 C00681

1odec11eg3p[c] 1-octadec-11-enoyl-sn-glycerol 3-phosphate C21H41O7P1 C21H39O7P1 -2 C00681

1odecg3p[c] 1-octadecanoyl-sn-glycerol 3-phosphate C21H43O7P1 C21H41O7P1 -2 C00681

1p3h5c[c] L-1-Pyrroline-3-hydroxy-5-carboxylate C5H7NO3 C5H6NO3 -1 C04281

1ptdecg3p[c] 1-pentadecanoyl-sn-glycerol 3-phosphate C18H37O7P1 C18H35O7P1 -2 C00681

1pyr5c[c] 1-Pyrroline-5-carboxylate C5H7NO2 C5H6NO2 -1 C03912

1tdec7eg3p[c] 1-tetradec-7-enoyl-sn-glycerol 3-phosphate C17H33O7P1 C17H31O7P1 -2 C00681
1tdecg3p[c] 1-tetradecanoyl-sn-glycerol 3-phosphate C17H35O7P1 C17H33O7P1 -2 C00681

23dhacoa[c] 2,3-dehydroadipyl-CoA C27H42N7O19P3S C27H37N7O19P3S -5 C14144

23dhdp[c] 2,3-Dihydrodipicolinate C7H7NO4 C7H5NO4 -2 C03340

23dhmb[c] (R)-2,3-Dihydroxy-3-methylbutanoate C5H10O4 C5H9O4 -1 C04272

23dhmp[c] (R)-2,3-Dihydroxy-3-methylpentanoate C6H12O4 C6H11O4 -1 C06007

24dab[c] L-2,4-Diaminobutanoate C4H10N2O2 C4H10N2O2 0 C03283

25aics[c] (S)-2-[5-Amino-1-(5-phospho-D-ribosyl)imidazole-4-

carboxamido]succinate

C13H19N4O12P C13H15N4O12P -4 C04823

25dptn[c] 2,5-Dioxopentanoate C5H6O4 C5H5O4 -1 C00433

25drapp[c] 2,5-Diamino-6-(ribosylamino)-4-(3H)-pyrimidinone 5'-

phosphate

C9H16N5O8P C9H14N5O8P -2 C01304

26dap-LL[c] LL-2,6-Diaminoheptanedioate C7H14N2O4 C7H14N2O4 0 C00666
26dap-M[c] meso-2,6-Diaminoheptanedioate C7H14N2O4 C7H14N2O4 0 C00680

2a5farapp[c] 2-Amino-5-formylamino-6-(5-phospho-D-

ribosylamino)pyrimidin-4(3H)-one

C10H16N5O9P C10H14N5O9P -2 C15563

2ahbut[c] (S)-2-Aceto-2-hydroxybutanoate C6H10O4 C6H9O4 -1 C06006

2aobut[c] L-2-Amino-3-oxobutanoate C4H7NO3 C4H7NO3 0 C03508

2cpr5p[c] 1-(2-Carboxyphenylamino)-1-deoxy-D-ribulose 5-phosphate C12H16NO9P C12H13NO9P -3 C01302

2dda7p[c] 2-Dehydro-3-deoxy-D-arabino-heptonate 7-phosphate C7H13O10P C7H10O10P -3 C04691

2ddg6p[c] 2-Dehydro-3-deoxy-D-gluconate 6-phosphate C6H11O9P C6H8O9P -3 C04442

2ddglcn[c] 2-Dehydro-3-deoxy-D-gluconate C6H10O6 C6H9O6 -1 C00204

2dh3dgal[c] 2-Dehydro-3-deoxy-D-galactonate C6H10O6 C6H9O6 -1 C01216

2dhp[c] 2-Dehydropantoate C6H10O4 C6H9O4 -1 C00966
2dmmql9[c] 2-Demethylmenaquinol 9 C55H80O2 C55H80O2 0

2dr1p[c] 2-Deoxy-D-ribose 1-phosphate C5H11O7P C5H9O7P -2 C00672

2dr5p[c] 2-Deoxy-D-ribose 5-phosphate C5H11O7P C5H9O7P -2 C00673

2fe1s[c] [2Fe-1S] desulfurated iron-sulfur cluster SFe2 SFe2 2

2fe2s[c] [2Fe-2S] iron-sulfur cluster S2Fe2 S2Fe2 2

2h3oppan[c] 2-Hydroxy-3-oxopropanoate C3H4O4 C3H3O4 -1 C01146

2hymeph[c] 2-(Hydroxymethyl)phenol C7H8O2 C7H8O2 0 C06191

2ins[c] 2-Inosose C6H10O6 C6H10O6 0 C00691

2ippm[c] 2-Isopropylmaleate C7H10O4 C7H8O4 -2 C02631

2maacoa[c] 2-Methyl-3-acetoacetyl-CoA C26H42N7O18P3S C26H38N7O18P3S -4 C03344

2mahmp[c] 2-Methyl-4-amino-5-hydroxymethylpyrimidine diphosphate C6H11N3O7P2 C6H8N3O7P2 -3 C04752

2mb2coa[c] trans-2-Methylbut-2-enoyl-CoA C26H42N7O17P3S C26H38N7O17P3S -4 C03345
2mbACP[c] Ante-isovaleryl-ACP (ante-iso-C5:0ACP) C16H30N2O8PRS C16H29N2O8PRS -1

2mbcoa[c] 2-Methylbutanoyl-CoA C26H44N7O17P3S C26H40N7O17P3S -4 C01033

2me4p[c] 2-C-methyl-D-erythritol 4-phosphate C5H13O7P C5H11O7P -2 C11434

2mecdp[c] 2-C-methyl-D-erythritol 2,4-cyclodiphosphate C5H12O9P2 C5H10O9P2 -2 C11453

2mp2coa[c] 2-Methylprop-2-enoyl-CoA C25H40N7O17P3S C25H36N7O17P3S -4 C03460

2obut[c] 2-Oxobutanoate C4H6O3 C4H5O3 -1 C00109

2oxoadp[c] 2-Oxoadipate C6H8O5 C6H6O5 -2 C00322

2oxpaccoa[c] 2-oxepin-2(3H)-ylideneacetyl-CoA C29H42N7O18P3S C29H38N7O18P3S -4

2p4c2me[c] 2-phospho-4-(cytidine 5'-diphospho)-2-C-methyl-D-erythritol C14H26N3O17P3 C14H22N3O17P3 -4 C11436

2pg[c] D-Glycerate 2-phosphate C3H7O7P C3H4O7P -3 C00631

34dhbz[c] 3,4-Dihydroxybenzoate C7H6O4 C7H5O4 -1 C00230
34hpp[c] 3-(4-Hydroxyphenyl)pyruvate C9H8O4 C9H7O4 -1 C01179

35cgmp[c] 3',5'-Cyclic GMP C10H12N5O7P C10H11N5O7P -1 C00942

3c2hmp[c] 3-Carboxy-2-hydroxy-4-methylpentanoate C7H12O5 C7H10O5 -2 C04411

3c3hmp[c] 3-Carboxy-3-hydroxy-4-methylpentanoate C7H12O5 C7H10O5 -2 C02504
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3c4mop[c] 3-Carboxy-4-methyl-2-oxopentanoate C7H10O5 C7H8O5 -2 C04236

3dhq[c] 3-Dehydroquinate C7H10O6 C7H9O6 -1 C00944

3dhsk[c] 3-Dehydroshikimate C7H8O5 C7H7O5 -1 C02637

3fe4s[c] [3Fe-4S] damaged iron-sulfur cluster S4Fe3 S4Fe3 0

3haACP[c] (3R)-3-Hydroxyacyl-[acyl-carrier protein] C15H28N2O9PRS C15H27N2O9PRS -1 C01271

3haACPcda[c] (3R)-3-Hydroxyacyl-[acyl-carrier protein] C15H28N2O9PRS C15H27N2O9PRS -1 C01271

3haACPredQ[c] (3R)-3-Hydroxyacyl-[acyl-carrier protein] C15H28N2O9PRS C15H27N2O9PRS -1 C01271
3hadpcoa[c] (3S)-3-Hydroxyadipyl-CoA C27H44N7O20P3S C27H39N7O20P3S -5 C14145

3haiC11ACP[c] (R)-3-Hydroxyante-isoundecanoyl-[acyl-carrier protein] C22H42N2O9PRS C22H41N2O9PRS -1

3haiC13ACP[c] (R)-3-Hydroxyante-isotridecanoyl-[acyl-carrier protein] C24H46N2O9PRS C24H45N2O9PRS -1

3haiC15ACP[c] (R)-3-Hydroxyante-isopentadecanoyl-[acyl-carrier protein] C26H48N2O9PRS C26H49N2O9PRS -1

3haiC17ACP[c] (R)-3-Hydroxyante-isoheptadecanoyl-[acyl-carrier protein] C28H52N2O9PRS C28H53N2O9PRS -1

3haiC7ACP[c] (R)-3-Hydroxyante-isoheptanoyl-[acyl-carrier protein] C18H34N2O9PRS C18H33N2O9PRS -1

3haiC9ACP[c] (R)-3-Hydroxyante-isononanoyl-[acyl-carrier protein] C20H38N2O9PRS C20H37N2O9PRS -1

3hanthrn[c] 3-Hydroxyanthranilate C7H7NO3 C7H7NO3 0 C00632

3hbcoa[c] (S)-3-Hydroxybutanoyl-CoA C25H42N7O18P3S C25H38N7O18P3S -4 C01144

3hcddec5eACP[c] (R)-3-hydroxy-cis-dodec-5-enoyl-[acyl-carrier protein] C23H42N2O9PRS C23H41N2O9PRS -1

3hcmrs7eACP[c] (R)-3-hydroxy-cis-myristol-7-eoyl-[acyl-carrier protein] C25H46N2O9PRS C25H45N2O9PRS -1

3hcpalm9eACP[c] (R)-3-hydroxy-cis-palm-9-eoyl-[acyl-carrier protein] C27H50N2O9PRS C27H49N2O9PRS -1
3hcvac11eACP[c] (R)-3-hydroxy-cis-vacc-11-enoyl-[acyl-carrier protein] C29H54N2O9PRS C29H53N2O9PRS -1

3hdcoa[c] (S)-3-Hydroxydecanoyl-CoA C31H54N7O18P3S C31H50N7O18P3S -4 C05264

3hddcoa[c] (S)-3-Hydroxydodecanoyl-CoA C33H58N7O18P3S C33H54N7O18P3S -4 C05262

3hddecACP[c] (R)-3-Hydroxydodecanoyl-[acyl-carrier protein] C23H44N2O9PRS C23H43N2O9PRS -1 C05757

3hddecACPredQ[c] (R)-3-Hydroxydodecanoyl-[acyl-carrier protein] C23H44N2O9PRS C23H43N2O9PRS -1 C05757

3hdecACP[c] (R)-3-Hydroxydecanoyl-[acyl-carrier protein] C21H40N2O9PRS C21H39N2O9PRS -1 C04619

3hdecACPredQ[c] (R)-3-Hydroxydecanoyl-[acyl-carrier protein] C21H40N2O9PRS C21H39N2O9PRS -1 C04619

3hhcoa[c] (S)-3-Hydroxyhexanoyl-CoA C27H46N7O18P3S C27H42N7O18P3S -4 C05268

3hhdcoa[c] (S)-3-Hydroxyhexadecanoyl-CoA C37H66N7O18P3S C37H62N7O18P3S -4 C05258

3hhepACP[c] (R)-3-Hydroxyheptanoyl-[acyl-carrier protein] C18H34N2O9PRS C18H33N2O9PRS -1

3hhepdcaACP[c] (R)-3-Hydroxyheptadecanoyl-[acyl-carrier protein] C28H54N2O9PRS C28H53N2O9PRS -1
3hhexACP[c] (R)-3-Hydroxyhexanoyl-[acyl-carrier protein] C17H32N2O9PRS C17H31N2O9PRS -1 C05747

3hhexACPcda[c] (R)-3-Hydroxyhexanoyl-[acyl-carrier protein] C17H32N2O9PRS C17H31N2O9PRS -1 C05747

3hhexACPredQ[c] (R)-3-Hydroxyhexanoyl-[acyl-carrier protein] C17H32N2O9PRS C17H31N2O9PRS -1 C05747

3hibutcoa[c] (S)-3-Hydroxyisobutyryl-CoA C25H42N7O18P3S C25H38N7O18P3S -4 C06000

3hiC10ACP[c] (R)-3-Hydroxyisodecanoyl-[acyl-carrier protein] C21H40N2O9PRS C21H39N2O9PRS -1

3hiC11ACP[c] (R)-3-Hydroxyisoundecanoyl-[acyl-carrier protein] C22H42N2O9PRS C22H41N2O9PRS -1

3hiC12ACP[c] (R)-3-Hydroxyisododecanoyl-[acyl-carrier protein] C23H44N2O9PRS C23H43N2O9PRS -1

3hiC13ACP[c] (R)-3-Hydroxyisotridecanoyl-[acyl-carrier protein] C24H46N2O9PRS C24H45N2O9PRS -1

3hiC14ACP[c] (R)-3-Hydroxyisotetradecanoyl-[acyl-carrier protein] C25H48N2O9PRS C25H47N2O9PRS -1

3hiC15ACP[c] (R)-3-Hydroxyisopentadecanoyl-[acyl-carrier protein] C26H50N2O9PRS C26H49N2O9PRS -1

3hiC16ACP[c] R-3-hydroxyisopalmitoyl-[acyl-carrier protein] C27H52N2O9PRS C27H51N2O9PRS -1
3hiC17ACP[c] (R)-3-Hydroxyisoheptadecanoyl-[acyl-carrier protein] C28H54N2O9PRS C28H53N2O9PRS -1

3hiC18ACP[c] (R)-3-Hydroxyisooctadecanoyl-[acyl-carrier protein] C29H56N2O9PRS C29H55N2O9PRS -1

3hiC6ACP[c] (R)-3-Hydroxyisohexanoyl-[acyl-carrier protein] C17H32N2O9PRS C17H31N2O9PRS -1

3hiC7ACP[c] (R)-3-Hydroxyisoheptanoyl-[acyl-carrier protein] C18H34N2O9PRS C18H33N2O9PRS -1

3hiC8ACP[c] (R)-3-Hydroxyisooctanoyl-[acyl-carrier protein] C19H36N2O9PRS C19H35N2O9PRS -1

3hiC9ACP[c] (R)-3-Hydroxyisononanoyl-[acyl-carrier protein] C20H38N2O9PRS C20H37N2O9PRS -1

3hmbcoa[c] (S)-3-Hydroxy-2-methylbutyryl-CoA C26H44N7O18P3S C26H40N7O18P3S -4 C04405

3hmp[c] 3-Hydroxy-2-methylpropanoate C4H8O3 C4H7O3 -1 C01188

3hmrsACP[c] (R)-3-Hydroxytetradecanoyl-[acyl-carrier protein] C25H48N2O9PRS C25H47N2O9PRS -1 C04688

3hnonACP[c] (R)-3-Hydroxynonanoyl-[acyl-carrier protein] C20H38N2O9PRS C20H37N2O9PRS -1

3hocoa[c] (S)-3-Hydroxyoctanoyl-CoA C29H50N7O18P3S C29H46N7O18P3S -4 C05266

3hoctaACP[c] (R)-3-Hydroxyoctadecanoyl-[acyl-carrier protein] C29H56N2O9PRS C29H55N2O9PRS -1 C16220
3hoctACP[c] (R)-3-Hydroxyoctanoyl-[acyl-carrier protein] C19H36N2O9PRS C19H35N2O9PRS -1 C04620

3hoctACPredQ[c] (R)-3-Hydroxyoctanoyl-[acyl-carrier protein] C19H36N2O9PRS C19H35N2O9PRS -1 C04620

3hodcoa[c] (S)-3-Hydroxyoctadecanoyl-CoA C39H70N7O18P3S C39H66N7O18P3S -4 C16217

3hpalmACP[c] R-3-hydroxypalmitoyl-[acyl-carrier protein] C27H52N2O9PRS C27H51N2O9PRS -1 C04633

3hptdcaACP[c] (R)-3-Hydroxypentadecanoyl-[acyl-carrier protein] C26H50N2O9PRS C26H49N2O9PRS -1

3hptnACP[c] (R)-3-Hydroxypentanoyl-[acyl-carrier protein] C16H30N2O9PRS C16H29N2O9PRS -1

3htdcoa[c] (S)-3-Hydroxytetradecanoyl-CoA C35H62N7O18P3S C35H58N7O18P3S -4 C05260

3htridcaACP[c] (R)-3-Hydroxytridecanoyl-[acyl-carrier protein] C24H46N2O9PRS C24H45N2O9PRS -1

3hundcaACP[c] (R)-3-Hydroxyundecanoyl-[acyl-carrier protein] C22H42N2O9PRS C22H41N2O9PRS -1

3ig3p[c] C'-(3-Indolyl)-glycerol 3-phosphate C11H14NO6P C11H12NO6P -2 C03506

3mb2coa[c] 3-Methylbut-2-enoyl-CoA C26H42N7O17P3S C26H38N7O17P3S -4 C03069
3mgcoa[c] 3-Methylglutaconyl-CoA C27H42N7O19P3S C27H37N7O19P3S -5 C03231

3mob[c] 3-Methyl-2-oxobutanoate C5H8O3 C5H7O3 -1 C00141

3mop[c] (S)-3-Methyl-2-oxopentanoate C6H10O3 C6H9O3 -1 C00671

3oaiC11ACP[c] 3-Oxoante-isoundecanoyl-[acyl-carrier protein] C22H40N2O9PRS C22H39N2O9PRS -1

3oaiC13ACP[c] 3-Oxoante-isotridecanoyl-[acyl-carrier protein] C24H44N2O9PRS C24H43N2O9PRS -1

3oaiC15ACP[c] 3-Oxoante-isopentadecanoyl-[acyl-carrier protein] C26H48N2O9PRS C26H47N2O9PRS -1

3oaiC17ACP[c] 3-Oxoante-isoheptadecanoyl-[acyl-carrier protein] C28H52N2O9PRS C28H51N2O9PRS -1

3oaiC7ACP[c] 3-Oxoante-isoheptanoyl-[acyl-carrier protein] C18H32N2O9PRS C18H31N2O9PRS -1

3oaiC9ACP[c] 3-Oxoante-isononanoyl-[acyl-carrier protein] C20H36N2O9PRS C20H35N2O9PRS -1

3ocddec5eACP[c] 3-oxo-cis-dodec-5-enoyl-[acyl-carrier protein] C23H40N2O9PRS C23H39N2O9PRS -1

3ocmrs7eACP[c] 3-oxo-cis-myristol-7-eoyl-[acyl-carrier protein] C25H44N2O9PRS C25H43N2O9PRS -1

3ocpalm9eACP[c] 3-oxo-cis-palm-9-eoyl-[acyl-carrier protein] C27H48N2O9PRS C27H47N2O9PRS -1
3ocvac11eACP[c] 3-oxo-cis-vacc-11-enoyl-[acyl-carrier protein] C29H52N2O9PRS C29H51N2O9PRS -1

3odcoa[c] 3-Oxodecanoyl-CoA C31H52N7O18P3S C31H48N7O18P3S -4 C05265

3oddcoa[c] 3-Oxododecanoyl-CoA C33H56N7O18P3S C33H52N7O18P3S -4 C05263

3oddecACP[c] 3-Oxododecanoyl-[acyl-carrier protein] C23H42N2O9PRS C23H41N2O9PRS -1 C05756

3oddecACPredQ[c] 3-Oxododecanoyl-[acyl-carrier protein] C23H42N2O9PRS C23H41N2O9PRS -1 C05756

3odecACP[c] 3-Oxodecanoyl-[acyl-carrier protein] C21H38N2O9PRS C21H37N2O9PRS -1 C05753

3odecACPredQ[c] 3-Oxodecanoyl-[acyl-carrier protein] C21H38N2O9PRS C21H37N2O9PRS -1 C05753

3ohcoa[c] 3-Oxohexanoyl-CoA C27H44N7O18P3S C27H40N7O18P3S -4 C05269

3ohdcoa[c] 3-Oxohexadecanoyl-CoA C37H64N7O18P3S C37H60N7O18P3S -4 C05259

3ohepACP[c] 3-Oxoheptanoyl-[acyl-carrier protein] C18H32N2O9PRS C18H31N2O9PRS -1

3ohepdcaACP[c] 3-Oxoheptadecanoyl-[acyl-carrier protein] C28H52N2O9PRS C28H51N2O9PRS -1
3ohexACP[c] 3-Oxohexanoyl-[acyl-carrier protein] C17H30N2O9PRS C17H29N2O9PRS -1 C05746

3ohexACPcda[c] 3-Oxohexanoyl-[acyl-carrier protein] C17H30N2O9PRS C17H29N2O9PRS -1 C05746

3ohexACPredQ[c] 3-Oxohexanoyl-[acyl-carrier protein] C17H30N2O9PRS C17H29N2O9PRS -1 C05746

3oiC10ACP[c] 3-Oxoisodecanoyl-[acyl-carrier protein] C21H38N2O9PRS C21H37N2O9PRS -1

3oiC11ACP[c] 3-Oxoisoundecanoyl-[acyl-carrier protein] C22H40N2O9PRS C22H39N2O9PRS -1

3oiC12ACP[c] 3-Oxoisododecanoyl-[acyl-carrier protein] C23H42N2O9PRS C23H41N2O9PRS -1

3oiC13ACP[c] 3-Oxoisotridecanoyl-[acyl-carrier protein] C24H44N2O9PRS C24H43N2O9PRS -1

3oiC14ACP[c] 3-Oxoisotetradecanoyl-[acyl-carrier protein] C25H46N2O9PRS C25H45N2O9PRS -1

3oiC15ACP[c] 3-Oxoisopentadecanoyl-[acyl-carrier protein] C26H48N2O9PRS C26H47N2O9PRS -1
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3oiC16ACP[c] 3-Oxoisohexadecanoyl-[acyl-carrier protein] C27H50N2O9PRS C27H49N2O9PRS -1

3oiC17ACP[c] 3-Oxoisoheptadecanoyl-[acyl-carrier protein] C28H52N2O9PRS C28H51N2O9PRS -1

3oiC18ACP[c] 3-Oxoisooctadecanoyl-[acyl-carrier protein] C29H54N2O9PRS C29H53N2O9PRS -1

3oiC6ACP[c] 3-Oxoisohexanoyl-[acyl-carrier protein] C17H30N2O9PRS C17H29N2O9PRS -1

3oiC7ACP[c] 3-Oxoisoheptanoyl-[acyl-carrier protein] C18H32N2O9PRS C18H31N2O9PRS -1

3oiC8ACP[c] 3-Oxoisooctanoyl-[acyl-carrier protein] C19H34N2O9PRS C19H33N2O9PRS -1

3oiC9ACP[c] 3-Oxoisononanoyl-[acyl-carrier protein] C20H36N2O9PRS C20H35N2O9PRS -1
3omrsACP[c] 3-Oxotetradecanoyl-[acyl-carrier protein] C25H46N2O9PRS C25H45N2O9PRS -1 C05759

3omrsACPredL[c] 3-Oxotetradecanoyl-[acyl-carrier protein] C25H46N2O9PRS C25H45N2O9PRS -1 C05759

3ononACP[c] 3-Oxononanoyl-[acyl-carrier protein] C20H36N2O9PRS C20H35N2O9PRS -1

3oocoa[c] 3-Oxooctanoyl-CoA C29H48N7O18P3S C29H44N7O18P3S -4 C05267

3ooctACP[c] 3-Oxooctanoyl-[acyl-carrier protein] C19H34N2O9PRS C19H33N2O9PRS -1 C05750

3ooctACPredQ[c] 3-Oxooctanoyl-[acyl-carrier protein] C19H34N2O9PRS C19H33N2O9PRS -1 C05750

3ooctdACP[c] 3-Oxooctadecanoyl-[acyl-carrier protein] C29H54N2O9PRS C29H53N2O9PRS -1 C16219

3oodcoa[c] 3-Oxooctadecanoyl-CoA C39H68N7O18P3S C39H64N7O18P3S -4 C16216

3opalmACP[c] 3-Oxohexadecanoyl-[acyl-carrier protein] C27H50N2O9PRS C27H49N2O9PRS -1 C05762

3optdcaACP[c] 3-Oxopentadecanoyl-[acyl-carrier protein] C26H48N2O9PRS C26H47N2O9PRS -1

3optnACP[c] 3-Oxopentanoyl-[acyl-carrier protein] C16H28N2O9PRS C16H27N2O9PRS -1

3otdcoa[c] 3-Oxotetradecanoyl-CoA C35H60N7O18P3S C35H56N7O18P3S -4 C05261
3otridcaACP[c] 3-Oxotridecanoyl-[acyl-carrier protein] C24H44N2O9PRS C24H43N2O9PRS -1

3oundcaACP[c] 3-Oxoundecanoyl-[acyl-carrier protein] C22H40N2O9PRS C22H39N2O9PRS -1

3oxdhscoa[c] 3-oxo-5,6-dehydrosuberyl-CoA C29H44N7O20P3S C29H39N7O20P3S -5

3oxoadp[c] 3-Oxoadipate C6H8O5 C6H6O5 -2 C00846

3pg[c] 3-Phospho-D-glycerate C3H7O7P C3H4O7P -3 C00197

3php[c] 3-Phosphohydroxypyruvate C3H5O7P C3H2O7P -3 C03232

3psme[c] 5-O-(1-Carboxyvinyl)-3-phosphoshikimate C10H13O10P C10H9O10P -4 C01269

4abut[c] 4-Aminobutanoate C4H9NO2 C4H9NO2 0 C00334

4abutn[c] 4-Aminobutanal C4H9NO C4H10NO 1 C00555

4abz[c] 4-Aminobenzoate C7H7NO2 C7H6NO2 -1 C00568

4adcho[c] 4-amino-4-deoxychorismate C10H11NO5 C10H10NO5 -1 C11355
4ahmmp[c] 4-Amino-5-hydroxymethyl-2-methylpyrimidine C6H9N3O C6H9N3O 0 C01279

4ampm[c] 4-Amino-2-methyl-5-phosphomethylpyrimidine C6H10N3O4P C6H8N3O4P -2 C04556

4c2me[c] 4-(cytidine 5'-diphospho)-2-C-methyl-D-erythritol C14H25N3O14P2 C14H23N3O14P2 -2 C11435

4cml[c] 4-Carboxymuconolactone C7H6O6 C7H4O6 -2

4crsol[c] p-Cresol C7H8O C7H8O 0 C01468

4fe4s[c] [4Fe-4S] iron-sulfur cluster S4Fe4 S4Fe4 2

4fumacac[c] 4-Fumarylacetoacetate C8H8O6 C8H6O6 -2 C01061

4h2oglt[c] 4-Hydroxy-2-oxoglutarate C5H6O6 C5H4O6 -2 C01127

4hglusa[c] L-4-Hydroxyglutamate semialdehyde C5H9NO4 C5H9NO4 0 C05938

4hmda[c] 4-Hydroxymandelate C8H8O4 C8H7O4 -1 C11527

4hpglx[c] 4-Hydroxyphenylglyoxylate C8H6O4 C8H5O4 -1 C03590
4hpgly[c] L-4-Hydroxyphenylglycine C8H9NO3 C8H9NO3 0 C12323

4hpro-LT[c] trans-4-Hydroxy-L-proline C5H9NO3 C5H9NO3 0 C01157

4hthr[c] 4-Hydroxy-L-threonine C4H9NO4 C4H9NO4 0 C06056

4izp[c] 4-Imidazolone-5-propanoate C6H8N2O3 C6H7N2O3 -1 C03680

4mlacac[c] 4-Maleylacetoacetate C8H8O6 C8H6O6 -2 C01036

4mop[c] 4-Methyl-2-oxopentanoate C6H10O3 C6H9O3 -1 C00233

4mpetz[c] 4-Methyl-5-(2-phosphoethyl)-thiazole C6H10NO4PS C6H8NO4PS -2 C04327

4pasp[c] 4-Phospho-L-aspartate C4H8NO7P C4H6NO7P -2 C03082

4per[c] 4-Phospho-D-erythronate C4H9O8P C4H6O8P -3 C03393

4ppan[c] D-4'-Phosphopantothenate C9H18NO8P C9H15NO8P -3 C03492

4ppcys[c] N-((R)-4-Phosphopantothenoyl)-L-cysteine C12H23N2O9PS C12H20N2O9PS -3 C04352

4r5au[c] 4-(1-D-Ribitylamino)-5-aminouracil C9H16N4O6 C9H16N4O6 0 C04732
5aizc[c] 5-amino-1-(5-phospho-D-ribosyl)imidazole-4-carboxylate C9H14N3O9P C9H11N3O9P -3 C04751

5aop[c] 5-Amino-4-oxopentanoate C5H9NO3 C5H9NO3 0 C00430

5aprbu[c] 5-Amino-6-(5'-phosphoribitylamino)uracil C9H17N4O9P C9H15N4O9P -2 C04454

5apru[c] 5-Amino-6-(5'-phosphoribosylamino)uracil C9H15N4O9P C9H13N4O9P -2 C01268

5aptn[c] 5-Aminopentanoate C5H11NO2 C5H11NO2 0 C00431

5ddg6p[c] 5-dehydro-2-deoxy-D-gluconate 6-phosphate C6H11O9P C6H8O9P -3 C06893

5ddglcn[c] 2-Deoxy-5-keto-D-gluconic acid C6H10O6 C6H9O6 -1 C06892

5dglcn[c] 5-Dehydro-D-gluconate C6H10O7 C6H9O7 -1 C01062

5dh4dglc[c] 5-Dehydro-4-deoxy-D-glucarate C6H8O7 C6H6O7 -2 C00679

5doglcn[c] 5-Deoxy glucuronic acid C6H10O6 C6H9O6 -1 C16737

5drib[c] 5'-deoxyribose C5H10O4 C5H10O4 0
5fthf[c] 5-Formyltetrahydrofolate C20H23N7O7 C20H21N7O7 -2 C03479

5hectoine[c] 5-hydroxyectoine C6H10N2O3 C6H9N2O3 -1 C16432

5mdr1p[c] 5-Methylthio-5-deoxy-D-ribose 1-phosphate C6H13O7PS C6H11O7PS -2 C04188

5mdru1p[c] 5-Methylthio-5-deoxy-D-ribulose 1-phosphate C6H13O7PS C6H11O7PS -2 C04582

5mta[c] 5-Methylthioadenosine C11H15N5O3S C11H15N5O3S 0 C00170

5mthf[c] 5-Methyltetrahydrofolate C20H25N7O6 C20H24N7O6 -1 C00440

5mtr[c] 5-Methylthio-D-ribose C6H12O4S C6H12O4S 0 C03089

5odhf2a[c] 5-Oxo-4,5-dihydrofuran-2-acetate C6H6O4 C6H5O4 -1 C03586

5prdmbz[c] N1-(5-Phospho-alpha-D-ribosyl)-5,6-dimethylbenzimidazole C14H19N2O7P C14H17N2O7P -2 C04778

6hmhpt[c] 6-hydroxymethyl dihydropterin C7H9N5O2 C7H9N5O2 0

6hmhptpp[c] 6-hydroxymethyl-dihydropterin pyrophosphate C7H11N5O8P2 C7H8N5O8P2 -3

6pgc[c] 6-Phospho-D-gluconate C6H13O10P C6H10O10P -3 C00345
6pgl[c] 6-phospho-D-glucono-1,5-lactone C6H11O9P C6H9O9P -2 C01236

8aonn[c] 8-Amino-7-oxononanoate C9H17NO3 C9H17NO3 0 C01092

aacald[c] Aminoacetaldehyde C2H5NO C2H6NO 1 C06735

aacoa[c] Acetoacetyl-CoA C25H40N7O18P3S C25H36N7O18P3S -4 C00332

aact[c] Aminoacetone C3H7NO C3H8NO 1 C01888

abt-D[c] D-Arabinitol C5H12O5 C5H12O5 0 C01904

ac[c] Acetate C2H4O2 C2H3O2 -1 C00033

acac[c] Acetoacetate C4H6O3 C4H5O3 -1 C00164

acACP[c] Acetyl-ACP C13H24N2O8PRS C13H23N2O8PRS -1 C03939

acald[c] Acetaldehyde C2H4O C2H4O 0 C00084

accoa[c] Acetyl-CoA C23H38N7O17P3S C23H34N7O17P3S -4 C00024
acg5p[c] N-Acetyl-L-glutamyl 5-phosphate C7H12NO8P C7H9NO8P -3 C04133

acg5sa[c] N-Acetyl-L-glutamate 5-semialdehyde C7H11NO4 C7H10NO4 -1 C01250

acgam[c] N-Acetyl-D-glucosamine C8H15NO6 C8H15NO6 0 C00140

acgam1p[c] N-Acetyl-D-glucosamine 1-phosphate C8H16NO9P C8H14NO9P -2 C04256

acgam6p[c] N-Acetyl-D-glucosamine 6-phosphate C8H16NO9P C8H14NO9P -2 C00357

acglc-D[c] 6-Acetyl-D-glucose C8H14O7 C8H14O7 0 C02655

acglu[c] N-Acetyl-L-glutamate C7H11NO5 C7H9NO5 -2 C00624

achms[c] O-Acetyl-L-homoserine C6H11NO4 C6H11NO4 0 C01077

acmalt[c] Acetyl-maltose C14H24O12 C14H24O12 0 C02130
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acmum6p[c] N-acetylmuramate 6-phosphate C11H20NO11P C11H17NO11P -3 C16698

acon-C[c] cis-Aconitate C6H6O6 C6H3O6 -3 C00417

aconm[c] E-3-carboxy-2-pentenedioate 6-methyl ester C7H8O6 C7H6O6 -2 C11514

acon-T[c] trans-Aconitate C6H6O6 C6H3O6 -3 C02341

acorn[c] N2-Acetyl-L-ornithine C7H14N2O3 C7H14N2O3 0 C00437

ACP[c] acyl carrier protein C11H22N2O7PRS C11H21N2O7PRS -1 C00229

ACPact[c] acyl carrier protein (specific to actinorhodin PKS) C11H22N2O7PRS C11H21N2O7PRS -1 C00229
ACPcda[c] acyl carrier protein (specific to CDA) C11H22N2O7PRS C11H21N2O7PRS -1 C00229

ACPredL[c] acyl carrier protein (specific to RED(redL)) C11H22N2O7PRS C11H21N2O7PRS -1 C00229

ACPredN[c] acyl carrier protein (specific to RED(redN)) C11H22N2O7PRS C11H21N2O7PRS -1 C00229

ACPredQ[c] acyl carrier protein (specific to RED(redQ)) C11H22N2O7PRS C11H21N2O7PRS -1 C00229

acser[c] O-Acetyl-L-serine C5H9NO4 C5H9NO4 0 C00979

ACT[c] Actinorhodin C32H26O14 C32H24O14 -2 C06691

actACP[c] Acetoacetyl-ACP C15H26N2O9PRS C15H25N2O9PRS -1 C05744

actACPact[c] Acetoacetyl-ACP (specific to actinorhodin PKS) C15H26N2O9PRS C15H25N2O9PRS -1 C05744

actACPcda[c] Acetoacetyl-ACP (specific to CDA) C15H26N2O9PRS C15H25N2O9PRS -1 C05744

actACPredQ[c] Acetoacetyl-ACP (specific to RED(redQ)) C15H26N2O9PRS C15H25N2O9PRS -1 C05744

actint1ACPact[c] 7,9,12-Octaketide intermediate 1-[acp] C27H38N2O15PRS C27H37N2O15PRS -1

actint2ACPact[c] 7,9,12-Octaketide intermediate 2-[acp] C27H40N2O15PRS C27H39N2O15PRS -1
actint3ACPact[c] 7,9,12-Octaketide intermediate 3-[acp] C27H36N2O13PRS C27H35N2O13PRS -1

actint4ACPact[c] Octaketide bicyclic intermediate-[acp] C27H34N2O12PRS C27H33N2O12PRS -1

actint5ACPact[c] Octaketide tricyclic intermediate-[acp] ((S)-Hemiketal) C27H36N2O12PRS C27H35N2O12PRS -1

actp[c] Acetyl phosphate C2H5O5P C2H3O5P -2 C00227

adcobdam[c] Adenosyl cobyrinate diamide C55H73CoN11O15 C55H68CoN11O15 -4 C06506

adcobhex[c] adenosyl-cobyric acid C55H76CoN15O11 C55H76CoN15O11 0 C06507

ade[c] Adenine C5H5N5 C5H5N5 0 C00147

adn[c] Adenosine C10H13N5O4 C10H13N5O4 0 C00212

adocbi[c] Adenosyl cobinamide C58H83CoN16O11 C58H84CoN16O11 1 C06508

adocbip[c] Adenosyl cobinamide phosphate C58H84CoN16O14P C58H83CoN16O14P -1 C06509

adocbl[c] Adenosylcobalamin C72H100CoN18O17P C72H100CoN18O17P 0 C00194
adp[c] ADP C10H15N5O10P2 C10H12N5O10P2 -3 C00008

adpglc[c] ADPglucose C16H25N5O15P2 C16H23N5O15P2 -2 C00498

adprib[c] ADPribose C15H23N5O14P2 C15H21N5O14P2 -2 C00301

agdpcbi[c] Adenosine-GDP-cobinamide C68H96CoN21O21P2 C68H95CoN21O21P2 -1 C06510

agm[c] Agmatine C5H14N4 C5H16N4 2 C00179

ahcys[c] S-Adenosyl-L-homocysteine C14H20N6O5S C14H20N6O5S 0 C00021

ahdt[c] 2-Amino-4-hydroxy-6-(erythro-1,2,3-

trihydroxypropyl)dihydropteridine triphosphate

C9H16N5O13P3 C9H12N5O13P3 -4 C04895

aiC11ACP[c] Ante-isoundecanoyl-ACP (ante-iso-C11:0ACP) C22H42N2O8PRS C22H41N2O8PRS -1

aiC13ACP[c] Ante-isotridecanoyl-ACP (ante-iso-C13:0ACP) C24H46N2O8PRS C24H45N2O8PRS -1

aiC15[c] Ante-isopentadecanoate (ante-iso-C15:0) C15H30O2 C15H29O2 -1
aiC15ACP[c] Ante-isopentadecanoyl-ACP (ante-iso-C15:0ACP) C26H50N2O8PRS C26H49N2O8PRS -1

aiC15p[c] Ante-isopentadecanoyl-phosphate (ante-iso-C15:0) C15H31O5P C15H30O5P -1

aiC17[c] Ante-isoheptadecanoate (ante-iso-C17:0) C17H34O2 C17H33O2 -1

aiC17ACP[c] Ante-isoheptadecanoyl-ACP (ante-iso-C17:0ACP) C28H544N2O8PRS C28H53N2O8PRS -1

aiC17p[c] Ante-isoheptadecanoyl-phosphate (ante-iso-C17:0) C17H35O5P C17H34O5P -1

aiC7ACP[c] Ante-isoheptanoyl-ACP (ante-iso-C7:0ACP) C18H34N2O8PRS C18H33N2O8PRS -1

aiC9ACP[c] Ante-isononanoyl-ACP (ante-iso-C9:0ACP) C20H38N2O8PRS C20H37N2O8PRS -1

aicar[c] 5-Amino-1-(5-Phospho-D-ribosyl)imidazole-4-carboxamide C9H15N4O8P C9H13N4O8P -2 C04677

air[c] 5-amino-1-(5-phospho-D-ribosyl)imidazole C8H14N3O7P C8H12N3O7P -2 C03373

akg[c] 2-Oxoglutarate C5H6O5 C5H4O5 -2 C00026

alaala[c] D-Alanyl-D-alanine C6H12N2O3 C6H12N2O3 0 C00993

ala-B[c] beta-Alanine C3H7NO2 C3H7NO2 0 C00099
alac-S[c] (S)-2-Acetolactate C5H8O4 C5H7O4 -1 C06010

ala-D[c] D-Alanine C3H7NO2 C3H7NO2 0 C00133

ala-L[c] L-Alanine C3H7NO2 C3H7NO2 0 C00041

alalac[c] D-Alanyl-D-lactate C6H11NO4 C6H10NO4 -1 C19694

alatrna[c] L-Alanyl-tRNA(Ala) C3H5NOR C3H6NOR 1 C00886

alltn[c] Allantoin C4H6N4O3 C4H6N4O3 0 C01551

alltt[c] Allantoate C4H8N4O4 C4H7N4O4 -1 C00499

amet[c] S-Adenosyl-L-methionine C15H23N6O5S C15H23N6O5S 1 C00019

ametam[c] S-Adenosylmethioninamine C14H22N6O3S C14H24N6O3S 2 C01137

amob[c] S-Adenosyl-4-methylthio-2-oxobutanoate C15H20N5O6S C15H19N5O6S 0 C04425

amp[c] AMP C10H14N5O7P C10H12N5O7P -2 C00020
anhgm3p[c] N-Acetyl-D-glucosamine(anhydrous)N-Acetylmuramyl-

tripeptide

C34H54N6O19 C34H52N6O19 -2

anhgm4p[c] N-Acetyl-D-glucosamine(anhydrous)N-Acetylmuramyl-

tetrapeptide

C37H59N7O20 C37H57N7O20 -2

anhm[c] 1,6-anhydrous-N-Acetylmuramate C11H17NO7 C11H16NO7 -1

anhm3p[c] 1,6-anhydrous-N-Acetylmuramyl-tripeptide C26H41N5O14 C26H39N5O14 -2

anhm4p[c] 1,6-anhydrous-N-Acetylmuramyl-tetrapeptide C29H46N6O15 C29H44N6O15 -2

anth[c] Anthranilate C7H7NO2 C7H6NO2 -1 C00108

apoACP[c] apoprotein [acyl carrier protein] RHO RHO 0 C03688

apoACPact[c] apoprotein [acyl carrier protein] (ACT) RHO RHO 0 C03688

apoACPcda[c] apoprotein [acyl carrier protein] (CDA) RHO RHO 0 C03688

apoACPredL[c] apoprotein [acyl carrier protein] (RED - redL) RHO RHO 0 C03688
apoACPredN[c] apoprotein [acyl carrier protein] (RED - redN) RHO RHO 0 C03688

apoACPredQ[c] apoprotein [acyl carrier protein] (RED - redQ) RHO RHO 0 C03688

apoPCPredO[c] apoprotein [acyl carrier protein] RHO RHO 0

appl[c] 1-Aminopropan-2-ol C3H9NO C3H10NO 1 C05771

applp[c] D-1-Aminopropan-2-ol O-phosphate C3H10NO4P C3H9NO4P -1 C04122

aps[c] Adenosine 5'-phosphosulfate C10H14N5O10PS C10H12N5O10PS -2 C00224

arab-L[c] L-Arabinose C5H10O5 C5H10O5 0 C00259

arg-L[c] L-Arginine C6H14N4O2 C6H15N4O2 1 C00062

argsuc[c] N(omega)-(L-Arginino)succinate C10H18N4O6 C10H17N4O6 -1 C03406

argtrna[c] L-Arginyl-tRNA(Arg) C6H12N4OR C6H14N4OR 2 C02163

asn-L[c] L-Asparagine C4H8N2O3 C4H8N2O3 0 C00152
asntrna[c] L-Asparaginyl-tRNA(Asn) C14H23N2O12PR2 C14H24N2O12PR2 1 C03402

aso3[c] arsenite H3AsO3 AsO3 -3 C06697

aso4[c] arsenate H3AsO4 AsO4 -3 C01478

asp-L[c] L-Aspartate C4H7NO4 C4H6NO4 -1 C00049

aspsa[c] L-Aspartate 4-semialdehyde C4H7NO3 C4H7NO3 0 C00441

asptrna[c] L-Aspartyl-tRNA(Asp) C4H5NO3R C4H5NO3R 0 C02984

athr-L[c] L-Allo-threonine C4H9NO3 C4H9NO3 0 C05519

atp[c] ATP C10H16N5O13P3 C10H12N5O13P3 -4 C00002

b2coa[c] Crotonoyl-CoA C25H40N7O17P3S C25H36N7O17P3S -4 C00877
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betald[c] Betaine aldehyde C5H11NO C5H12NO 1 C00576

bglycogen[c] branching glycogen C6H10O5 C6H10O5 0

bhb[c] (R)-3-Hydroxybutanoate C4H8O3 C4H7O3 -1 C01089

bmoco[c] bis-molybdenum cofactor C20H24N10O13P2S4Mo C20H20N10O13P2S4Mo -4

bmoco1gdp[c] bis-molybdopterin mono-guanine dinucleotide C30H36N15O20P3S4Mo C30H32N15O20P3S4Mo -4

bmocogdp[c] bis-molybdopterin guanine dinucleotide C40H48N20O27P4S4Mo C40H44N20O27P4S4Mo -4

btamp[c] Biotinyl-5'-AMP C20H28N7O9PS C20H27N7O9PS -1 C05921
btcoa[c] Butanoyl-CoA C25H42N7O17P3S C25H38N7O17P3S -4 C00136

btn[c] Biotin C10H16N2O3S C10H15N2O3S -1 C00120

but2eACP[c] But-2-enoyl-[acyl-carrier protein] C15H26N2O8PRS C15H25N2O8PRS -1 C04246

but2eACPcda[c] But-2-enoyl-[acyl-carrier protein] C15H26N2O8PRS C15H25N2O8PRS -1 C04246

but2eACPredQ[c] But-2-enoyl-[acyl-carrier protein] C15H26N2O8PRS C15H25N2O8PRS -1 C04246

butACP[c] Butyryl-ACP (n-C4:0ACP) C15H28N2O8PRS C15H27N2O8PRS -1 C05745

butACPcda[c] Butyryl-ACP (n-C4:0ACP) C15H28N2O8PRS C15H27N2O8PRS -1 C05745

butACPredQ[c] Butyryl-ACP (n-C4:0ACP) C15H28N2O8PRS C15H27N2O8PRS -1 C05745

bwco[c] tungsten bispterin cofactor C20H24N10O13P2S4W C20H20N10O13P2S4W -4

bwco1gdp[c] tungsten bispterin cofactor mono-guanine dinucleotide C30H36N15O20P3S4W C30H32N15O20P3S4W -4

bwcogdp[c] tungsten bispterin cofactor guanine dinucleotide C40H44N20O27P4S4W C40H44N20O27P4S4W -4

ca2[c] Calcium Ca Ca 2 C00076
camp[c] cAMP C10H12N5O6P C10H11N5O6P -1 C00575

cbasp[c] N-Carbamoyl-L-aspartate C5H8N2O5 C5H6N2O5 -2 C00438

cbi[c] Cobinamide C48H72CoN11O8 C48H72CoN11O8 0 C05774

cbl1[c] Cob(I)alamin C62H89CoN13O14P C62H88CoN13O14P -1 C00853

cbp[c] Carbamoyl phosphate CH4NO5P CH2NO5P -2 C00169

CCbuttc[c] cis,cis-Butadiene-1,2,4-tricarboxylate C7H6O6 C7H3O6 -3 C01163

cd2[c] Cadmium Cd Cd 2 C01413

CDA[c] calcium-dependent antibiotics 2b C67H81N14O29P C67H75N14O29P -6

CDAint1[c] calcium-dependent antibiotics intermediate 1 C67H80N14O25 C67H76N14O25 -4

CDAint2[c] calcium-dependent antibiotics intermediate 2 C67H80N14O26 C67H76N14O26 -4 C12024

cddec5eACP[c] cis-dodec-5-enoyl-[acyl-carrier protein] (n-C12:1) C23H42N2O8PRS C23H41N2O8PRS -1
cdec3eACP[c] cis-dec-3-enoyl-[acyl-carrier protein] (n-C10:1) C21H38N2O8PRS C21H37N2O8PRS -1

cdhfutal[c] Cyclic de-hypoxanthine futalosine C14H14O7 C14H13O7 -1 C17017

cdp[c] CDP C9H15N3O11P2 C9H12N3O11P2 -3 C00112

cdpdaiC15g[c] CDP-1,2-diante-isopentadecanoylglycerol C42H77N3O15P2 C42H75N3O15P2 -2 C00269

cdpdaiC17g[c] CDP-1,2-diante-isoheptadecanoylglycerol C46H85N3O15P2 C46H83N3O15P2 -2 C00269

cdpdddecg[c] CDP-1,2-didodecanoylglycerol C36H65N3O15P2 C36H63N3O15P2 -2 C00269

cdpdhdec9eg[c] CDP-1,2-dihexadec-9-enoylglycerol C44H77N3O15P2 C44H75N3O15P2 -2 C00269

cdpdhdecg[c] CDP-1,2-dihexadecanoylglycerol C44H81N3O15P2 C44H79N3O15P2 -2 C00269

cdpdhepdecg[c] CDP-1,2-diheptadecanoylglycerol C46H85N3O15P2 C46H83N3O15P2 -2 C00269

cdpdiC14g[c] CDP-1,2-diisotetradecanoylglycerol C40H73N3O15P2 C40H71N3O15P2 -2 C00269

cdpdiC15g[c] CDP-1,2-diisopentadecanoylglycerol C42H77N3O15P2 C42H75N3O15P2 -2 C00269
cdpdiC16g[c] CDP-1,2-diisohexadecanoylglycerol C44H81N3O15P2 C44H79N3O15P2 -2 C00269

cdpdiC17g[c] CDP-1,2-diisoheptadecanoylglycerol C46H85N3O15P2 C46H83N3O15P2 -2 C00269

cdpdiC18g[c] CDP-1,2-diisooctadecanoylglycerol C48H89N3O15P2 C48H87N3O15P2 -2 C00269

cdpdodec11eg[c] CDP-1,2-dioctadec-11-enoylglycerol C48H85N3O15P2 C48H83N3O15P2 -2 C00269

cdpdodecg[c] CDP-1,2-dioctadecanoylglycerol C48H89N3O15P2 C48H87N3O15P2 -2 C00269

cdpdptdecg[c] CDP-1,2-dipentadecanoylglycerol C42H77N3O15P2 C42H75N3O15P2 -2 C00269

cdpdtdec7eg[c] CDP-1,2-ditetradec-7-enoylglycerol C40H69N3O15P2 C40H67N3O15P2 -2 C00269

cdpdtdecg[c] CDP-1,2-ditetradecanoylglycerol C40H73N3O15P2 C40H71N3O15P2 -2 C00269

cdpglc[c] CDP-glucose C15H25N3O16P2 C15H23N3O16P2 -2 C00501

cdpglyc[c] CDPglycerol C12H21N3O13P2 C12H19N3O13P2 -2 C00513

celb[c] Cellobiose C12H22O11 C12H22O11 0 C00185

cgly[c] Cys-Gly C5H10N2O3S C5H10N2O3S 0 C01419
chol[c] Choline C5H13NO C5H14NO 1 C00114

chor[c] chorismate C10H10O6 C10H8O6 -2 C00251

chtbs[c] N,N'-diacetylchitobiose C16H28N2O11 C16H28N2O11 0 C01674

cigam[c] cys-1D-myo-inositol 2-deoxy-D-glucopyranoside C15H28N2O11S C15H28N2O11S 0

cit[c] Citrate C6H8O7 C6H5O7 -3 C00158

citr-L[c] L-Citrulline C6H13N3O3 C6H13N3O3 0 C00327

cl[c] Chloride Cl Cl -1 C00698

clpn120[c] cardiolipin (tetradodecanoyl, n-C12:0) C57H110O17P2 C57H108O17P2 -2 C05980

clpn140[c] cardiolipin (tetratetradecanoyl, n-C14:0) C65H126O17P2 C65H124O17P2 -2 C05980

clpn141[c] cardiolipin (tetratetradec-7-enoyl, n-C14:1) C65H118O17P2 C65H116O17P2 -2 C05980

clpn150[c] cardiolipin (tetrapentadecanoyl, n-C15:0) C69H134O17P2 C69H132O17P2 -2 C05980
clpn160[c] cardiolipin (tetrahexadecanoyl, n-C16:0) C73H142O17P2 C73H140O17P2 -2 C05980

clpn161[c] cardiolipin (tetrahexadec-9-enoyl, n-C16:1) C73H134O17P2 C73H132O17P2 -2 C05980

clpn170[c] cardiolipin (tetraheptadecanoyl, n-C17:0) C77H150O17P2 C77H148O17P2 -2 C05980

clpn180[c] cardiolipin (tetraoctadecanoyl, n-C18:0) C81H158O17P2 C81H156O17P2 -2 C05980

clpn181[c] cardiolipin (tetraoctadec-11-enoyl, n-C18:1) C81H150O17P2 C81H148O17P2 -2 C05980

clpnai150[c] cardiolipin (ante-isotetrapentadecanoyl, ante-iso-C15:0) C69H134O17P2 C69H132O17P2 -2 C05980

clpnai170[c] cardiolipin (ante-isotetraheptadecanoyl, ante-iso-C17:0) C77H150O17P2 C77H148O17P2 -2 C05980

clpni140[c] cardiolipin (isotetratetradecanoyl, iso-C14:0) C65H126O17P2 C65H124O17P2 -2 C05980

clpni150[c] cardiolipin (isotetrapentadecanoyl, iso-C15:0) C69H134O17P2 C69H132O17P2 -2 C05980

clpni160[c] cardiolipin (isotetrahexadecanoyl, iso-C16:0) C73H142O17P2 C73H140O17P2 -2 C05980

clpni170[c] cardiolipin (isotetraheptadecanoyl, iso-C17:0) C77H150O17P2 C77H148O17P2 -2 C05980

clpni180[c] cardiolipin (isotetraoctadecanoyl, iso-C18:0) C81H158O17P2 C81H156O17P2 -2 C05980
cmp[c] CMP C9H14N3O8P C9H12N3O8P -2 C00055

co1dam[c] Cob(I)yrinate a,c diamide C45H61CoN6O12 C45H56CoN6O12 -5 C06505

co2[c] CO2 CO2 CO2 0 C00011

co2dam[c] Cob(II)yrinate a,c diamide C45H61CoN6O12 C45H56CoN6O12 -4 C06504

coa[c] Coenzyme A C21H36N7O16P3S C21H32N7O16P3S -4 C00010

cobalt2[c] Co2+ Co Co 2 C00175

cobya[c] Cobyrinic acid C45H59CoN4O14 C45H52N4O14Co -6 C05773

codhpre6[c] cobalt-dihydro-precorrin 6 C44H55CoN4O16 C44H47N4O16Co -7 C11543

coelichelin[c] Coelichelin (unloaded) C21H39N7O11 C21H36N7O11 -3 C15719

copre2[c] cobalt-precorrin 2 C42H44CoN4O16 C42H38N4O16Co -8 C11538

copre3[c] cobalt-precorrin 3 C43H48CoN4O16 C43H40N4O16Co -8 C11539
copre4[c] cobalt-precorrin 4 C44H50CoN4O16 C44H43N4O16Co -7 C11540

copre5[c] cobalt-precorrin 5 C45H53CoN4O16 C45H45N4O16Co -7 C11541

copre6[c] cobalt-precorrin 6 C44H53CoN4O16 C44H45N4O16Co -7 C11542

copre8[c] cobalt-precorrin 8 C45H59CoN4O14 C45H52N4O14Co -6 C11545

cpmp[c] cyclic pyranopterin monophosphate C10H14N5O8P C10H13N5O8P -1 C18239

cpppg3[c] Coproporphyrinogen III C36H44N4O8 C36H40N4O8 -4 C03263

cptrc[c] N-Carbamoylputrescine C5H13N3O C5H14N3O 1 C00436

csn[c] Cytosine C4H5N3O C4H5N3O 0 C00380

ctp[c] CTP C9H16N3O14P3 C9H12N3O14P3 -4 C00063
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cu[c] Cu+ Cu Cu 1 C00070

cu2[c] Cu2+ Cu Cu 2 C00070

cys-L[c] L-Cysteine C3H7NO2S C3H7NO2S 0 C00097

cyst-L[c] L-Cystathionine C7H14N2O4S C7H14N2O4S 0 C02291

cystrna[c] L-Cysteinyl-tRNA(Cys) C3H5NOSR C3H6NOSR 1 C03125

cytd[c] Cytidine C9H13N3O5 C9H13N3O5 0 C00475

dad-2[c] Deoxyadenosine C10H13N5O3 C10H13N5O3 0 C00559
dad-5[c] 5'-Deoxyadenosine C10H13N5O3 C10H13N5O3 0 C05198

dadp[c] dADP C10H15N5O9P2 C10H12N5O9P2 -3 C00206

dalua[c] Dialuric acid C4H4N2O4 C4H4N2O4 0

damp[c] dAMP C10H14N5O6P C10H12N5O6P -2 C00360

dann[c] 7,8-Diaminononanoate C9H20N2O2 C9H21N2O2 1 C01037

datp[c] dATP C10H16N5O12P3 C10H12N5O12P3 -4 C00131

db4p[c] 3,4-dihydroxy-2-butanone 4-phosphate C4H9O6P C4H7O6P -2 C15556

dc2coa[c] trans-Dec-2-enoyl-CoA C31H52N7O17P3S C31H48N7O17P3S -4 C05275

dca[c] Decanoate (n-C10:0) C10H20O2 C10H19O2 -1 C01571

dcaACP[c] Decanoyl-ACP (n-C10:0ACP) C21H40N2O8PRS C21H39N2O8PRS -1 C05755

dcaACPredQ[c] Decanoyl-ACP (n-C10:0ACP) C21H40N2O8PRS C21H39N2O8PRS -1 C05755

dcacoa[c] Decanoyl-CoA (n-C10:0CoA) C31H54N7O17P3S C31H50N7O17P3S -4 C05274
dcamp[c] N6-(1,2-Dicarboxyethyl)-AMP C14H18N5O11P C14H14N5O11P -4 C03794

dcdp[c] dCDP C9H15N3O10P2 C9H12N3O10P2 -3 C00705

dcmp[c] dCMP C9H14N3O7P C9H12N3O7P -2 C00239

dctp[c] dCTP C9H16N3O13P3 C9H12N3O13P3 -4 C00458

dcyt[c] Deoxycytidine C9H13N3O4 C9H13N3O4 0 C00881

dd2coa[c] trans-Dodec-2-enoyl-CoA C33H56N7O17P3S C33H52N7O17P3S -4 C03221

ddca[c] Dodecanoate (n-C12:0) C12H24O2 C12H23O2 -1 C02679

ddcaACP[c] Dodecanoyl-ACP (n-C12:0ACP) C23H44N2O8PRS C23H43N2O8PRS -1 C05223

ddcaACPredL[c] Dodecanoyl-ACP (n-C12:0ACP) (redL) C23H44N2O8PRS C23H43N2O8PRS -1 C05223

ddcaACPredQ[c] Dodecanoyl-ACP (n-C12:0ACP) (redQ) C23H44N2O8PRS C23H43N2O8PRS -1 C05223

ddcacoa[c] Dodecanoyl-CoA (n-C12:0CoA) C33H58N7O17P3S C33H54N7O17P3S -4 C01832
ddcap[c] Dodecanoly-phosphate (n-C12:0) C12H25O5P1 C12H24O5P1 -1

ddhkACPact[c] 6-Deoxydihydrokalafungin-[acp] C27H36N2O11PRS C27H35N2O11PRS -1

desferrioxamB[c] Ferrioxamine B (unloaded) C25H48N6O8 C25H45N6O8 -3 C07597

desferrioxamE[c] Ferrioxamine E (unloaded) C25H48N6O8 C25H45N6O8 -3 C07597

dgal6p[c] D-Galactose 6-phosphate C6H13O9P C6H11O9P -2 C01113

dgdp[c] dGDP C10H15N5O10P2 C10H12N5O10P2 -3 C00361

dgmp[c] dGMP C10H14N5O7P C10H12N5O7P -2 C00362

dgsn[c] Deoxyguanosine C10H13N5O4 C10H13N5O4 0 C00330

dgtp[c] dGTP C10H16N5O13P3 C10H12N5O13P3 -4 C00286

dh6na[c] 1,4-Dihydroxy-6-naphthoate C11H8O4 C11H7O4 -1 C17018

dha[c] Dihydroxyacetone C3H6O3 C3H6O3 0 C00184
dhap[c] Dihydroxyacetone phosphate C3H7O6P C3H5O6P -2 C00111

dhf[c] 7,8-Dihydrofolate C19H21N7O6 C19H19N7O6 -2 C00415

dhfutal[c] de-Hypoxanthine futalosine C14H16O7 C14H15O7 -1 C17010

dhgly[c] dehydroglycine C2H3NO2 C2H2NO2 -1 C15809

dhkACPact[c] Dihydrokalafungin-[acp] C27H34N2O12PRS C27H33N2O12PRS -1

dhmpt[c] Dihydromonapterin C9H13N5O4 C9H13N5O4 0

dhna[c] 1,4-Dihydroxy-2-naphthoate C11H8O4 C11H7O4 -1 C03657

dhnpt[c] Dihydroneopterin C9H13N5O4 C9H13N5O4 0 C04874

dhor-S[c] (S)-Dihydroorotate C5H6N2O4 C5H5N2O4 -1 C00337

dhpt[c] Dihydropteroate C14H14N6O3 C14H13N6O3 -1 C00921

dimp[c] dIMP C10H13N4O7P C10H11N4O7P -2 C06196

din[c] Deoxyinosine C10H12N4O4 C10H12N4O4 0 C05512
ditp[c] dITP C10H15N4O13P3 C10H11N4O13P3 -4 C01345

dmbzid[c] 5,6-Dimethylbenzimidazole C9H10N2 C9H10N2 0 C03114

dmlz[c] 6,7-Dimethyl-8-(1-D-ribityl)lumazine C13H18N4O6 C13H18N4O6 0 C04332

dmpp[c] Dimethylallyl diphosphate C5H12O7P2 C5H9O7P2 -3 C00235

dnad[c] Deamino-NAD+ C21H27N6O15P2 C21H24N6O15P2 -2 C00857

dnpaACPact[c] 4-Dihydro-9-hydroxy-1-methyl-10-oxo-3-H-naphtho[2,3-

c]pyran-3-acetic acid-[acp]

C27H34N2O11PRS C27H33N2O11PRS -1

dpcoa[c] Dephospho-CoA C21H35N7O13P2S C21H33N7O13P2S -2 C00882

drib[c] Deoxyribose C5H10O4 C5H10O4 0 C01801

dscl[c] dihydrosirohydrochlorin C42H48N4O16 C42H41N4O16 -7 C02463

dtbt[c] Dethiobiotin C10H18N2O3 C10H17N2O3 -1 C01909
dtdp[c] dTDP C10H16N2O11P2 C10H13N2O11P2 -3 C00363

dtdp4d6dg[c] dTDP-4-dehydro-6-deoxy-D-glucose C16H24N2O15P2 C16H22N2O15P2 -2 C00687

dtdp4d6dm[c] dTDP-4-dehydro-6-deoxy-L-mannose C16H24N2O15P2 C16H22N2O15P2 -2 C00688

dtdpglu[c] dTDPglucose C16H26N2O16P2 C16H24N2O16P2 -2 C00842

dtdprmn[c] dTDP-L-rhamnose C16H26N2O15P2 C16H24N2O15P2 -2 C03319

dtmp[c] dTMP C10H15N2O8P C10H13N2O8P -2 C00364

dttp[c] dTTP C10H17N2O14P3 C10H13N2O14P3 -4 C00459

dudp[c] dUDP C9H14N2O11P2 C9H11N2O11P2 -3 C01346

dump[c] dUMP C9H13N2O8P C9H11N2O8P -2 C00365

duri[c] Deoxyuridine C9H12N2O5 C9H12N2O5 0 C00526

dutp[c] dUTP C9H15N2O14P3 C9H11N2O14P3 -4 C00460

dxyl[c] 1-deoxy-D-xylulose C5H10O4 C5H10O4 0 C06257
dxyl5p[c] 1-deoxy-D-xylulose 5-phosphate C5H11O7P C5H9O7P -2 C11437

e4hglu[c] L-erythro-4-Hydroxyglutamate C5H9NO5 C5H8NO5 -1 C05947

e4p[c] D-Erythrose 4-phosphate C4H9O7P C4H7O7P -2 C00279

ectoine-L[c] L-ectoine C6H10N2O2 C6H9N2O2 -1 C06231

egmeACP[c] Enoylglutaryl-[acyl-carrier protein] methyl ester C6H7O3R C17H27N2O10PRS -1

eig3p[c] D-erythro-1-(Imidazol-4-yl)glycerol 3-phosphate C6H11N2O6P C6H9N2O6P -2 C04666

emcoa-R[c] (2R)-ethylmalonyl-CoA C26H42N7O19P3S C26H37N7O19P3S -5 C20238

emcoa-S[c] (2S)-ethylmalonyl-CoA C26H42N7O19P3S C26H37N7O19P3S -5 C18026

ephxcoa[c] trans-2,3-epoxyhexanoyl-CoA C27H44N7O18P3S C27H40N7O18P3S -4

epm[c] Epimelibiose C12H22O11 C12H22O11 0 C05400

epmeACP[c] Enoylpimeloyl-[acyl-carrier protein] methyl ester C8H11O3R C19H31N2O10PRS -1
etha[c] Ethanolamine C2H7NO C2H8NO 1 C00189

etoh[c] Ethanol C2H6O C2H6O 0 C00469

f1p[c] D-Fructose 1-phosphate C6H13O9P C6H11O9P -2 C02976

f6p[c] D-Fructose 6-phosphate C6H13O9P C6H11O9P -2 C00085

fad[c] Flavin adenine dinucleotide oxidized C27H33N9O15P2 C27H31N9O15P2 -2 C00016

fadh2[c] Flavin adenine dinucleotide reduced C27H35N9O15P2 C27H33N9O15P2 -2 C01352

fald[c] Formaldehyde CH2O CH2O 0 C00067

fdp[c] D-Fructose 1,6-bisphosphate C6H14O12P2 C6H10O12P2 -4 C00354

fe2[c] Fe2+ Fe Fe 2 C00023
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fe3[c] Fe3+ Fe Fe 3 C14819

ferricoelichelin[c] Ferricoelichelin C21H36N7O11Fe C21H36N7O11Fe 0

ferrioxamB[c] Ferrioxamine B C25H45FeN6O8 C25H45FeN6O8 0 C07597

ferrioxamE[c] Ferrioxamine E C25H45FeN6O8 C25H45FeN6O8 0 C07597

fgam[c] N2-Formyl-N1-(5-phospho-D-ribosyl)glycinamide C8H15N2O9P C8H13N2O9P -2 C04376

ficytc[c] Ferricytochrome c C42H44FeN8O8S2R4 C42H52FeN8O6S2 1 C00125

fmettrna[c] N-Formylmethionyl-tRNA C6H9NO2SR C6H9NO2SR 0 C03294
fmn[c] FMN C17H21N4O9P C17H19N4O9P -2 C00061

fmnh2[c] Reduced FMN C17H23N4O9P C17H21N4O9P -2 C01847

focytc[c] Ferrocytochrome c C42H44FeN8O8S2R4 C42H53FeN8O6S2 1 C00126

for[c] Formate CH2O2 CH1O2 -1 C00058

forcoa[c] Formyl-CoA C22H36N7O17P3S C22H32N7O17P3S -4 C00798

forglu[c] N-Formimidoyl-L-glutamate C6H10N2O4 C6H8N2O4 -2 C00439

fpram[c] 2-(Formamido)-N1-(5-phospho-D-ribosyl)acetamidine C8H16N3O8P C8H15N3O8P -1 C04640

fprica[c] 5-Formamido-1-(5-phospho-D-ribosyl)imidazole-4-

carboxamide

C10H15N4O9P C10H13N4O9P -2 C04734

frdp[c] Farnesyl diphosphate C15H28O7P2 C15H25O7P2 -3 C00448

frmd[c] Formamide CH3NO CH3NO 0 C00488

fru[c] D-Fructose C6H12O6 C6H12O6 0 C00095
fum[c] Fumarate C4H4O4 C4H2O4 -2 C00122

futal[c] futalosine C19H18N4O7 C19H17N4O7 -1 C16999

g15l[c] D-Glucono-1,5-lactone C6H10O6 C6H10O6 0 C00198

g1p[c] D-Glucose 1-phosphate C6H13O9P C6H11O9P -2 C00103

g3p[c] Glyceraldehyde 3-phosphate C3H7O6P C3H5O6P -2 C00661

g3pc[c] sn-Glycero-3-phosphocholine C8H20NO6P C8H20NO6P 0 C00670

g3pe[c] sn-Glycero-3-phosphoethanolamine C5H14NO6P C5H14NO6P 0 C01233

g3pg[c] Glycerophosphoglycerol C6H15O8P C6H14O8P -1 C03274

g3pi[c] sn-Glycero-3-phospho-1-inositol C9H19O11P C9H18O11P -1 C01225

g3ps[c] Glycerophosphoserine C6H14NO8P C6H13NO8P -1

g6p[c] D-Glucose 6-phosphate C6H13O9P C6H11O9P -2 C00092
gal[c] D-Galactose C6H12O6 C6H12O6 0 C00124

gal1p[c] alpha-D-Galactose 1-phosphate C6H13O9P C6H11O9P -2 C00446

galctn-D[c] D-Galactonate C6H12O7 C6H11O7 -1 C00880

gam1p[c] D-Glucosamine 1-phosphate C6H14NO8P C6H13NO8P -1 C06156

gam6p[c] D-Glucosamine 6-phosphate C6H14NO8P C6H13NO8P -1 C00352

gar[c] N1-(5-Phospho-D-ribosyl)glycinamide C7H15N2O8P C7H14N2O8P -1 C03838

gcald[c] Glycolaldehyde C2H4O2 C2H4O2 0 C00266

gdp[c] GDP C10H15N5O11P2 C10H12N5O11P2 -3 C00035

gdpmann[c] GDP-D-mannose C16H25N5O16P2 C16H23N5O16P2 -2 C00096

gdptp[c] Guanosine 3'-diphosphate 5'-triphosphate C10H18N5O20P5 C10H11N5O20P5 -7 C04494

germicidinA[c] germicidin A C10H14O3 C10H14O3 0
germicidinB[c] germicidin B C10H14O3 C10H14O3 0

germicidinC[c] germicidin C C11H16O3 C11H16O3 0

germicidinD[c] germicidin D C9H12O3 C9H12O3 0

ggdp[c] Geranylgeranyl diphosphate C20H36O7P2 C20H33O7P2 -3 C00353

ggl[c] Galactosylglycerol C9H18O8 C9H18O8 0 C05401

glc-D[c] D-Glucose C6H12O6 C6H12O6 0 C00031

glcn[c] D-Gluconate C6H12O7 C6H11O7 -1 C00257

glcr[c] D-Glucarate C6H10O8 C6H8O8 -2 C00818

gln-L[c] L-Glutamine C5H10N2O3 C5H10N2O3 0 C00064

glntrna[c] L-Glutaminyl-tRNA(Gln) C5H8N2O2R C5H9N2O2R 1 C02282

glu1sa[c] L-Glutamate 1-semialdehyde C5H9NO3 C5H9NO3 0 C03741

glu5p[c] L-Glutamate 5-phosphate C5H10NO7P C5H8NO7P -2 C03287
glu5sa[c] L-Glutamate 5-semialdehyde C5H9NO3 C5H9NO3 0 C01165

glu-D[c] D-Glutamate C5H9NO4 C5H8NO4 -1 C00217

glu-L[c] L-Glutamate C5H9NO4 C5H8NO4 -1 C00025

glutar[c] Glutarate C5H8O4 C5H6O4 -2 C00489

glutcoa[c] Glutaryl-CoA C26H42N7O19P3S C26H37N7O19P3S -5 C00527

glutrna[c] L-Glutamyl-tRNA(Glu) C5H7NO3R C5H7NO3R 0 C02987

glx[c] Glyoxylate C2H2O3 C2H1O3 -1 C00048

gly[c] Glycine C2H5NO2 C2H5NO2 0 C00037

glyald[c] D-Glyceraldehyde C3H6O3 C3H6O3 0 C00577

glyb[c] Glycine betaine C5H11NO2 C5H11NO2 0 C00719

glyc[c] Glycerol C3H8O3 C3H8O3 0 C00116
glyc3p[c] Glycerol 3-phosphate C3H9O6P C3H7O6P -2 C00093

glyclt[c] Glycolate C2H4O3 C2H3O3 -1 C00160

glycogen[c] glycogen C6H10O5 C6H10O5 0 C00182

glyc-R[c] (R)-Glycerate C3H6O4 C3H5O4 -1 C00258

glytrna[c] Glycyl-tRNA(Gly) C2H3NOR C2H4NOR 1 C02412

gmeACP[c] Glutaryl-[acyl-carrier protein] methyl ester C6H9O3R C17H29N2O10PRS -1

gmp[c] GMP C10H14N5O8P C10H12N5O8P -2 C00144

grdp[c] Geranyl diphosphate C10H20O7P2 C10H17O7P2 -3 C00341

gsn[c] Guanosine C10H13N5O5 C10H13N5O5 0 C00387

gtca1[c] glycerol teichoic acid (n=25), unlinked, unsubstituted C91H203N2O136P25 C91H178N2O136P25 -25

gtca2[c] glycerol teichoic acid (n=25), unlinked, D-ala substituted C166H328N27O161P25 C166H328N27O161P25 0

gtca3[c] glycerol teichoic acid (n=25), unlinked, glucose substituted C241H453N2O261P25 C241H428N2O261P25 -25
gthox[c] Oxidized glutathione C20H32N6O12S2 C20H30N6O12S2 -2 C00127

gthrd[c] Reduced glutathione C10H17N3O6S C10H16N3O6S -1 C00051

gtp[c] GTP C10H16N5O14P3 C10H12N5O14P3 -4 C00044

gua[c] Guanine C5H5N5O C5H5N5O 0 C00242

h[c] H+ H H 1 C00080

h2mb4p[c] 1-hydroxy-2-methyl-2-(E)-butenyl 4-diphosphate C5H12O8P2 C5H9O8P2 -3 C11811

h2o[c] H2O H2O H2O 0 C00001

h2o2[c] Hydrogen peroxide H2O2 H2O2 0 C00027

h2s[c] Hydrogen sulfide H2S H2S 0 C00283

hbm[c] 4-hydroxy-2,2'-bipyrrole-5-methanol C9H10N2O2 C9H10N2O2 0

hco3[c] Bicarbonate CH2O3 CHO3 -1 C00288
hcys-L[c] L-Homocysteine C4H9NO2S C4H9NO2S 0 C00155

hdca[c] Hexadecanoate (n-C16:0) C16H32O2 C16H31O2 -1 C00249

hdcap[c] Hexadecanoyl-phosphate (n-C16:0) C16H33O5P C16H32O5P -1

hdcea[c] Hexadecenoate (n-C16:1) C16H30O2 C16H29O2 -1 C08362

hdceap[c] Hexadecanoyl-phosphate (n-C16:1) C16H31O5P C16H30O5P -1

hdcoa[c] Hexadecenoyl-CoA (n-C16:1CoA) C37H64N7O17P3S C37H60N7O17P3S -4 C05272

hdd2coa[c] trans-Hexadec-2-enoyl-CoA C37H64N7O17P3S C37H60N7O17P3S -4 C05272

hdeACP[c] cis-hexadec-9-enoyl-[acyl-carrier protein] (n-C16:1) C27H50N2O8PRS C27H49N2O8PRS -1

hdhk[c] Hydroxylated dihydrokalafungin C16H14O7 C16H13O7 -1 C18358
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hdhkACPact[c] Hydroxylated dihydrokalafungin-[acp] C27H34N2O13PRS C27H33N2O13PRS -1

hemeA_#1[c] Heme A C49H56FeN4O6 C49H54FeN4O6 -6

hemeO[c] Heme O C49H58FeN4O5 C49H56FeN4O5 -2 C15672

hepACP[c] Heptanoyl-ACP (n-C7:0ACP) C18H34N2O8PRS C18H33N2O8PRS -1

hepdca[c] heptadecanoate (n-C17:0) C17H34O2 C17H33O2 -1

hepdcaACP[c] Heptadecanoyl-ACP (n-C17:0ACP) C28H54N2O8PRS C28H53N2O8PRS -1

hepdcap[c] heptadecanoyl-phosphate (n-C17:0) C17H35O5P C17H34O5P -1
hepdp[c] all-trans-Heptaprenyl diphosphate C35H60O7P2 C35H57O7P2 -3 C04216

hexACP[c] Hexanoyl-ACP (n-C6:0ACP) C17H32N2O8PRS C17H31N2O8PRS -1 C05749

hexACPcda[c] Hexanoyl-ACP (n-C6:0ACP) C17H32N2O8PRS C17H31N2O8PRS -1 C05749

hexACPredQ[c] Hexanoyl-ACP (n-C6:0ACP) C17H32N2O8PRS C17H31N2O8PRS -1 C05749

hexdp[c] all-trans-Hexaprenyl diphosphate C30H52O7P2 C30H49O7P2 -3 C01230

hgbam[c] Hydrogenobyrinate a,c diamide C45H62N6O12 C45H57N6O12 -5 C06503

hgbyr[c] Hydrogenobyrinate C45H60N4O14 C45H54N4O14 -6 C06399

hgentis[c] Homogentisate C8H8O4 C8H7O4 -1 C00544

hgmeACP[c] 3-Hydroxyglutaryl-[acyl-carrier protein] methyl ester C6H9O4R C17H29N2O11PRS -1

his-L[c] L-Histidine C6H9N3O2 C6H9N3O2 0 C00135

hisp[c] L-Histidinol phosphate C6H12N3O4P C6H11N3O4P -1 C01100

histd[c] L-Histidinol C6H11N3O C6H12N3O 1 C00860
histrna[c] L-Histidyl-tRNA(His) C6H7N3OR C6H8N3OR 1 C02988

hLkynr[c] 3-Hydroxy-L-kynurenine C10H12N2O4 C10H12N2O4 0 C03227

hmbil[c] Hydroxymethylbilane C40H46N4O17 C40H38N4O17 -8 C01024

hmgcoa[c] Hydroxymethylglutaryl-CoA C27H44N7O20P3S C27H39N7O20P3S -5 C00356

hom-L[c] L-Homoserine C4H9NO3 C4H9NO3 0 C00263

hpglu[c] Tetrahydropteroyltri-L-glutamate C24H34N8O12 C24H34N8O12 0 C04144

hpmeACP[c] 3-Hydroxypimeloyl-[acyl-carrier protein] methyl ester C8H13O4R C19H33N2O11PRS -1

hpyr[c] Hydroxypyruvate C3H4O4 C3H3O4 -1 C00168

hx2coa[c] trans-Hex-2-enoyl-CoA C27H44N7O17P3S C27H40N7O17P3S -4 C05271

hxa[c] Hexanoate (n-C6:0) C6H12O2 C6H11O2 -1 C01585

hxan[c] Hypoxanthine C5H4N4O C5H4N4O 0 C00262
hxcoa[c] Hexanoyl-CoA (n-C6:0CoA) C27H46N7O18P3S C27H42N7O17P3S -4 C05270

iacgam[c] 1D-myo-inositol 2-Acetamido-2-deoxy-D-glucopyranoside C14H25NO11 C14H25NO11 0

iasp[c] Iminoaspartate C4H5NO4 C4H3NO4 -2 C05840

ibACP[c] Isobutyryl-ACP (iso-C4:0ACP) C15H28N2O8PRS C15H27N2O8PRS -1

ibcoa[c] Isobutyryl-CoA C25H42N7O17P3S C25H38N7O17P3S -4 C00630

iC10ACP[c] Isodecanoyl-ACP (iso-C10:0ACP) C21H40N2O8PRS C21H39N2O8PRS -1

iC11ACP[c] Isoundecanoyl-ACP (iso-C11:0ACP) C22H42N2O8PRS C22H41N2O8PRS -1

iC12ACP[c] Isododecanoyl-ACP (iso-C12:0ACP) C23H44N2O8PRS C23H43N2O8PRS -1

iC13ACP[c] Isotridecanoyl-ACP (iso-C13:0ACP) C24H46N2O8PRS C24H45N2O8PRS -1

iC14[c] Isotetradecanoate (iso-C14:0) C14H28O2 C14H27O2 -1

iC14ACP[c] Isomyristoyl-ACP (iso-C14:0ACP) C25H48N2O8PRS C25H47N2O8PRS -1
iC14p[c] Isotetradecanoyl-phosphate (iso-C14:0) C14H29O5P C14H28O5P -1

iC15[c] Isopentadecanoate (iso-C15:0) C15H30O2 C15H29O2 -1

iC15ACP[c] Isopentadecanoyl-ACP (iso-C15:0ACP) C26H50N2O8PRS C26H49N2O8PRS -1

iC15p[c] Isopentadecanoyl-phosphate (iso-C15:0) C15H31O5P C15H30O5P -1

iC16[c] Isohexadecanoate (n-C16:0) C16H32O2 C16H31O2 -1

iC16ACP[c] Isopalmitoyl-ACP (iso-C16:0ACP) C27H52N2O8PRS C27H51N2O8PRS -1

iC16p[c] Isohexadecanoyl-phosphate (n-C16:0) C16H33O5P C16H32O5P -1

iC17[c] Isoheptadecanoate (iso-C17:0) C17H34O2 C17H33O2 -1

iC17ACP[c] Isoheptadecanoyl-ACP (iso-C17:0ACP) C28H54N2O8PRS C28H53N2O8PRS -1

iC17p[c] Isoheptadecanoyl-phosphate (iso-C17:0) C17H35O5P C17H34O5P -1

iC18[c] Isooctadecanoate (n-C18:0) C18H36O2 C18H35O2 -1

iC18ACP[c] Isooctadecanoyl-ACP (iso-C18:0ACP) C29H56N2O8PRS C29H55N2O8PRS -1
iC18p[c] Isooctadecanoyl-phosphate (n-C18:0) C18H37O5P C18H36O5P -1

iC6ACP[c] Isohexanoyl-ACP (iso-C6:0ACP) C17H32N2O8PRS C17H31N2O8PRS -1

iC7ACP[c] Isoheptanoyl-ACP (iso-C7:0ACP) C18H34N2O8PRS C18H33N2O8PRS -1

iC8ACP[c] Isooctanoyl-ACP (iso-C8:0ACP) C19H36N2O8PRS C19H35N2O8PRS -1

iC9ACP[c] Isononanoyl-ACP (iso-C9:0ACP) C20H38N2O8PRS C20H37N2O8PRS -1

icit[c] Isocitrate C6H8O7 C6H5O7 -3 C00311

idon-L[c] L-Idonate C6H12O7 C6H11O7 -1 C00770

idp[c] IDP C10H14N4O11P2 C10H11N4O11P2 -3 C00104

igam[c] 1D-myo-inositol 2-deoxy-D-glucopyranoside C12H23NO10 C12H24NO10 1

ile-L[c] L-Isoleucine C6H13NO2 C6H13NO2 0 C00407

iletrna[c] L-Isoleucyl-tRNA(Ile) C6H11NOR C6H12NOR 1 C03127
imacp[c] 3-(Imidazol-4-yl)-2-oxopropyl phosphate C6H9N2O5P C6H7N2O5P -2 C01267

imp[c] IMP C10H13N4O8P C10H11N4O8P -2 C00130

indole[c] Indole C8H7N C8H7N 0 C00463

inost[c] myo-Inositol C6H12O6 C6H12O6 0 C00137

ins[c] Inosine C10H12N4O5 C10H12N4O5 0 C00294

ipdp[c] Isopentenyl diphosphate C5H12O7P2 C5H9O7P2 -3 C00129

iscs[c] IscS sulfur acceptor protein HSR HSR 0

iscssh[c] IscS with bound sulfur HS2R HS2R 0

itp[c] ITP C10H15N4O14P3 C10H11N4O14P3 -4 C00081

ivACP[c] Isovaleryl-ACP (iso-C5:0ACP) C16H30N2O8PRS C16H29N2O8PRS -1

ivcoa[c] Isovaleryl-CoA C26H44N7O17P3S C26H40N7O17P3S -4 C02939

k[c] potassium K K 1 C00238
kppACPredN[c] beta-keto-beta-pyrrolyl-propanoyl-[acyl-carrier-protein] (redN) C18H26N3O9PRS C18H26N3O9PRS -1

KSredX[c] redX-ketoacyl synthases domain HRS HRS 0

lac-D[c] D-Lactate C3H6O3 C3H5O3 -1 C00256

lac-L[c] L-Lactate C3H6O3 C3H5O3 -1 C00186

LalaDglu[c] L-alanine-D-glutamate C8H14N2O5 C8H13N2O5 -1

LalaDgluMdap[c] L-alanine-D-glutamate-meso-2,6-diaminoheptanedioate C15H26N4O8 C15H25N4O8 -1

LalaDgluMdapDala[

c]

L-alanine-D-glutamate-meso-2,6-diaminoheptanedioate-D-

alanine

C18H31N5O9 C18H30N5O9 -1

lald-L[c] L-Lactaldehyde C3H6O2 C3H6O2 0 C00424

lcts[c] Lactose C12H22O11 C12H22O11 0 C00243

leu-L[c] L-Leucine C6H13NO2 C6H13NO2 0 C00123
leutrna[c] L-Leucyl-tRNA(Leu) C6H11NOR C6H12NOR 1 C02047

Lfmkynr[c] L-Formylkynurenine C11H12N2O4 C11H12N2O4 0 C02700

lipoamp[c] lipoyl-AMP C18H26N5O8PS2 C18H25N5O8PS2 -1 C16238

lipoate[c] Lipoate C8H14O2S2 C8H14O2S2 0 C00725

lipopb[c] lipoate (protein bound) C8H13OS2 C8H12OS2 1

Lkynr[c] L-Kynurenine C10H12N2O3 C10H12N2O3 0 C00328

lys-L[c] L-Lysine C6H14N2O2 C6H15N2O2 1 C00047

lystrna[c] L-Lysine-tRNA (Lys) C6H12N2OR C6H14N2OR 2 C01931

lyx-L[c] L-Lyxose C5H10O5 C5H10O5 0 C01508
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malACP[c] Malonyl-[acyl-carrier protein] C3H3O3R C14H22N2O10PRS -2 C01209

malACPact[c] Malonyl-[acyl-carrier protein] (specific to actinorhodin PKS) C3H3O3R C14H22N2O10PRS -2 C01209

malACPcda[c] Malonyl-[acyl-carrier protein] (specific to CDA) C3H3O3R C14H22N2O10PRS -2 C01209

malACPme[c] Malonyl-[acyl-carrier protein] methyl ester C4H5O3R C15H25N2O10PRS -1

malACPredN[c] Malonyl-[acyl-carrier protein] (specific to RED(redN)) C3H3O3R C14H22N2O10PRS -2 C01209

malACPredQ[c] Malonyl-[acyl-carrier protein] (specific to RED(redQ)) C3H3O3R C14H22N2O10PRS -2 C01209

malcoa[c] Malonyl-CoA C24H38N7O19P3S C24H33N7O19P3S -5 C00083
mal-L[c] L-Malate C4H6O5 C4H4O5 -2 C00149

malt[c] Maltose C12H22O11 C12H22O11 0 C00208

malthp[c] Maltoheptaose C42H72O36 C42H72O36 0

malthx[c] Maltohexaose C36H62O31 C36H62O31 0 C01936

maltpt[c] Maltopentaose C30H52O26 C30H52O26 0

malttr[c] Maltotriose C18H32O16 C18H32O16 0 C01835

maltttr[c] Maltotetraose C24H42O21 C24H42O21 0 C02052

man[c] D-Mannose C6H12O6 C6H12O6 0 C00159

man1p[c] D-Mannose 1-phosphate C6H13O9P C6H11O9P -2 C00636

man6p[c] D-Mannose 6-phosphate C6H13O9P C6H11O9P -2 C00275

mbc[c] 4-methoxy-2,2'-bipyrrole-5-carboxaldehyde C10H10N2O2 C10H10N2O2 0

mbm[c] 4-methoxy-2,2'-bipyrrole-5-methanol C10H12N2O2 C10H12N2O2 0
meglu[c] L-3-methylglutamic acid C6H11NO4 C6H10NO4 -1

melib[c] Melibiose C12H22O11 C12H22O11 0 C05402

melt[c] Melibiitol C12H24O11 C12H24O11 0 C05399

meoh[c] Methanol CH4O1 CH4O1 0 C00132

methf[c] 5,10-Methenyltetrahydrofolate C20H22N7O6 C20H20N7O6 -1 C00445

met-L[c] L-Methionine C5H11NO2S C5H11NO2S 0 C00073

metsox-R-L[c] L-methionine-R-sulfoxide C5H11NO3S C5H11NO3S 0 C15998

metsox-S-L[c] L-Methionine Sulfoxide C5H11NO3S C5H11NO3S 0 C02989

mettrna[c] L-Methionyl-tRNA (Met) C5H9NOSR C5H10NOSR 1 C02430

mg2[c] magnesium Mg Mg 2 C00305

mhpglu[c] 5-Methyltetrahydropteroyltri-L-glutamate C25H36N8O12 C25H36N8O12 0 C04489
mi1p-D[c] 1D-myo-Inositol 1-phosphate C6H13O9P C6H11O9P -2 C01177

mi1p-L[c] 1L-myo-Inositol 1-phosphate C6H13O9P C6H11O9P -2 C04006

mlthf[c] 5,10-Methylenetetrahydrofolate C20H23N7O6 C20H21N7O6 -2 C00143

mmcoa-R[c] (R)-Methylmalonyl-CoA C25H40N7O19P3S C25H35N7O19P3S -5 C01213

mmcoa-S[c] (S)-Methylmalonyl-CoA C25H40N7O19P3S C25H35N7O19P3S -5 C00683

mmtsa[c] (S)-Methylmalonate semialdehyde C4H6O3 C4H5O3 -1 C06002

mn2[c] Mn2+ Mn Mn 2 C00034

mnl[c] D-Mannitol C6H14O6 C6H14O6 0 C00392

moadamp[c] MoaD Protein with bound AMP C11H13N5O8P1X C11H12N5O8P1X -1

moadcoo[c] MoaD Protein with carboxylate C1O2H1X C1O2X -1

moadcosh[c] MoaD Protein with thiocarboxylate C1H1O1S1X C1H1O1S1X 0
mobd[c] Molybdate H2MoO4 MoO4 -2 C06232

moco[c] molybdenum cofactor C10H12N5O8PS2Mo C10H10N5O8PS2Mo -2 C18237

mocogdp[c] molybdopterin guanine dinucleotide C20H24N10O15P2S2Mo C20H22N10O15P2S2Mo -2

mpt[c] molybdopterin C10H12N5O6PS2Cu C10H10N5O6PS2Cu -2 C05924

mptamp[c] adenylated molybdopterin C20H24N10O12P2S2Cu C20H22N10O12P2S2Cu -2

mql9[c] Menaquinol 9 C56H82O2 C56H82O2 0 C05819

mqn9[c] Menaquinone 9 C56H80O2 C56H80O2 0 C00828

msa[c] Malonate semialdehyde C3H4O3 C3H3O3 -1 C00222

mscoa-S[c] (2S)-methylsuccinyl-CoA C26H42N7O19P3S C26H37N7O19P3S -5 C18324

msh[c] mycothiol (reduced) C17H30N2O12S C17H30N2O12S 0 C06717

mssg[c] mycothiol (oxidized - dimer) C34H58N4O24S2 C34H58N4O24S2 0

murein3px4p[c] two disacharide linked murein units, tripeptide crosslinked 
tetrapeptide (A2pm->D-ala) (middle of chain)

C71H111N13O38 C71H107N13O38 -4

murein4p3p[c] two linked disacharide tetrapeptide and tripeptide murein units 

(uncrosslinked, middle of chain)

C71H113N13O39 C71H109N13O39 -4

murein4p4p[c] two linked disacharide tetrapeptide murein units (uncrosslinked, 

middle of chain)

C74H118N14O40 C74H114N14O40 -4

murein4px4p[c] two disacharide linked murein units, tetrapeptide corsslinked 

tetrapeptide (A2pm->D-ala) (middle of chain)

C74H116N14O39 C74H112N14O39 -4

murein4px4p4p[c] three disacharide linked murein units (tetrapeptide crosslinked 

tetrapeptide (A2pm->D-ala), one uncrosslinked tetrapaptide) 

(middle of chain)

C111H175N21O59 C111H169N21O59 -6

murein4px4px4p[c] three disacharide linked murein units (tetrapeptide crosslinked 
tetrapeptide (A2pm->D-ala) & tetrapeptide corsslinked 

tetrapeptide (A2pm->D-ala)) (middle of chain)

C111H173N21O58 C111H167N21O58 -6

murein5p3p[c] two linked disacharide pentapeptide and tripeptide murein units 

(uncrosslinked, middle of chain)

C74H118N14O40 C74H114N14O40 -4

murein5p4p[c] two linked disacharide pentapeptide and tetrapeptide murein 

units (uncrosslinked, middle of chain)

C77H123N15O41 C77H119N15O41 -4

murein5p5p[c] two linked disacharide pentapeptide murein units 

(uncrosslinked, middle of chain)

C80H128N16O42 C80H124N16O42 -4

murein5p5p5p[c] three linked disacharide pentapeptide murein units 

(uncrosslinked, middle of chain)

C120H192N24O63 C120H186N24O63 -6

murein5px3p[c] two disacharide linked murein units, pentapeptide corsslinked 

tripeptide (A2pm->A2pm) (middle of chain)

C74H116N14O39 C74H112N14O39 -4

murein5px4p[c] two disacharide linked murein units, pentapeptide crosslinked 

tetrapeptide (A2pm->D-ala) (middle of chain)

C77H121N15O40 C77H117N15O40 -4

murein5px4px4p[c] three disacharide linked murein units (pentapeptide crosslinked 

tetrapeptide (A2pm->D-ala) tetrapeptide corsslinked 

tetrapeptide (A2pm->D-ala)) (middle of chain)

C114H178N22O59 C114H172N22O59 -6

myrsACP[c] Myristoyl-ACP (n-C14:0ACP) C25H48N2O8PRS C25H47N2O8PRS -1 C05761

n2o[c] Nitrous oxide N2O N2O 0 C00887

na1[c] Sodium Na Na 1 C01330

na15dap[c] N-3-aminopropyl-1,5-diaminopentane C8H21N3 C8H24N3 3 C16565

nac[c] Nicotinate C6H5NO2 C6H4NO2 -1 C00253

nac24dab[c] N4-acetyl-L-2.4-diaminobutanoate C6H12N2O3 C6H12N2O3 0
nad[c] Nicotinamide adenine dinucleotide C21H28N7O14P2 C21H26N7O14P2 -1 C00003

nadh[c] Nicotinamide adenine dinucleotide - reduced C21H29N7O14P2 C21H27N7O14P2 -2 C00004

nadp[c] Nicotinamide adenine dinucleotide phosphate C21H28N7O17P3 C21H25N7O17P3 -3 C00006

nadph[c] Nicotinamide adenine dinucleotide phosphate - reduced C21H30N7O17P3 C21H26N7O17P3 -4 C00005

ncam[c] Nicotinamide C6H6N2O C6H6N2O 0 C00153

nformanth[c] N-Formylanthranilate C8H7NO3 C8H6NO3 -1 C05653

nh4[c] Ammonium H3N H4N 1 C01342

ni2[c] nickel Ni Ni 2 C00291

nicrnt[c] Nicotinate D-ribonucleotide C11H15NO9P C11H12NO9P -2 C01185
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nmn[c] NMN C11H15N2O8P C11H14N2O8P -1 C00455

nndp[c] all-trans-Nonaprenyl diphosphate C45H76O7P2 C45H73O7P2 -3 C04145

no[c] Nitric oxide NO NO 0 C00533

no2[c] Nitrite HNO2 NO2 -1 C00088

no3[c] Nitrate HNO3 NO3 -1 C00244

nonACP[c] Nonanoyl-ACP (n-C9:0ACP) C20H38N2O8PRS C20H37N2O8PRS -1

o2[c] O2 O2 O2 0 C00007
o2s[c] Superoxide anion O2 O2 -1 C00704

oaa[c] Oxaloacetate C4H4O5 C4H2O5 -2 C00036

oc2coa[c] trans-Oct-2-enoyl-CoA C29H48N7O18P3S C29H44N7O17P3S -4 C05276

ocACP[c] Octanoyl-ACP (n-C8:0ACP) C19H36N2O8PRS C19H35N2O8PRS -1 C05752

ocACPredQ[c] Octanoyl-ACP (n-C8:0ACP) C19H36N2O8PRS C19H35N2O8PRS -1 C05752

occoa[c] Octanoyl-CoA (n-C8:0CoA) C29H50N7O17P3S C29H46N7O17P3S -4 C01944

ocdca[c] octadecanoate (n-C18:0) C18H36O2 C18H35O2 -1 C01530

ocdcaACP[c] Octadecanoyl-ACP (n-C18:0ACP) C29H56N2O8PRS C29H55N2O8PRS -1 C04088

ocdcap[c] Octadecanoyl-phosphate (n-C18:0) C18H37O5P C18H36O5P -1

ocdcea[c] octadecenoate (n-C18:1) C18H34O2 C18H33O2 -1 C00712

ocdceap[c] Octadecanoyl-phosphate (n-C18:1) C18H35O5P C18H34O5P -1

octa[c] octanoate (n-C8:0) C8H16O2 C8H15O2 -1 C06423
octapb[c] octanoate (protein bound) C8H14O C8H15O 1

octdp[c] all-trans-Octaprenyl diphosphate C40H68O7P2 C40H65O7P2 -3 C04146

octeACP[c] cis-octadec-11-enoyl-[acyl-carrier protein] (n-C18:1) C29H54N2O8PRS C29H53N2O8PRS -1

od2coa[c] trans-Octadec-2-enoyl-CoA C39H68N7O17P3S C39H64N7O17P3S -4 C16218

odecoa[c] Octadecenoyl-CoA (n-C18:1CoA) C39H68N7O17P3S C39H64N7O17P3S -4 C00510

ogmeACP[c] 3-Oxo-glutaryl-[acyl-carrier protein] methyl ester C6H7O4R C17H27N2O11PRS -1

ohpb[c] 2-Oxo-3-hydroxy-4-phosphobutanoate C4H7O8P C4H4O8P -3 C06054

opmeACP[c] 3-Oxo-pimeloyl-[acyl-carrier protein] methyl ester C8H11O4R C19H31N2O11PRS -1

orn[c] Ornithine C5H12N2O2 C5H13N2O2 1 C01602

orot[c] Orotate C5H4N2O4 C5H3N2O4 -1 C00295

orot5p[c] Orotidine 5'-phosphate C10H13N2O11P C10H10N2O11P -3 C01103
oxa[c] Oxalate C2H2O4 C2O4 -2 C00209

oxadpcoa[c] 3-Oxoadipyl-CoA C27H42N7O20P3S C27H37N7O20P3S -5 C02232

oxalcoa[c] Oxalyl-CoA C23H36N7O19P3S C23H31N7O19P3S -5 C00313

oxptn[c] 5-Oxopentanoate C5H8O3 C5H7O3 -1 C03273

pa120[c] 1,2-didodecanoyl-sn-glycerol 3-phosphate C27H53O8P1 C27H51O8P1 -2 C00416

pa140[c] 1,2-ditetradecanoyl-sn-glycerol 3-phosphate C31H61O8P1 C31H59O8P1 -2 C00416

pa141[c] 1,2-ditetradec-7-enoyl-sn-glycerol 3-phosphate C31H57O8P1 C31H55O8P1 -2 C00416

pa150[c] 1,2-dipentadecanoyl-sn-glycerol 3-phosphate C33H65O8P1 C33H63O8P1 -2 C00416

pa160[c] 1,2-dihexadecanoyl-sn-glycerol 3-phosphate C35H69O8P1 C35H67O8P1 -2 C00416

pa161[c] 1,2-dihexadec-9-enoyl-sn-glycerol 3-phosphate C35H65O8P1 C35H63O8P1 -2 C00416

pa170[c] 1,2-diheptadecanoyl-sn-glycerol 3-phosphate C37H73O8P1 C37H71O8P1 -2 C00416
pa180[c] 1,2-dioctadecanoyl-sn-glycerol 3-phosphate C39H77O8P1 C39H75O8P1 -2 C00416

pa181[c] 1,2-dioctadec-11-enoyl-sn-glycerol 3-phosphate C39H73O8P1 C39H71O8P1 -2 C00416

paai150[c] 1,2-diante-isopentadecanoyl-sn-glycerol 3-phosphate C33H65O8P1 C33H63O8P1 -2 C00416

paai170[c] 1,2-diante-isoheptadecanoyl-sn-glycerol 3-phosphate C37H73O8P1 C37H71O8P1 -2 C00416

pac[c] Phenylacetic acid C8H8O2 C8H7O2 -1 C07086

pacald[c] Phenylacetaldehyde C8H8O C8H8O 0 C00601

pai140[c] 1,2-diisotetradecanoyl-sn-glycerol 3-phosphate C31H61O8P1 C31H59O8P1 -2 C00416

pai150[c] 1,2-diisopentadecanoyl-sn-glycerol 3-phosphate C33H65O8P1 C33H63O8P1 -2 C00416

pai160[c] 1,2-diisohexadecanoyl-sn-glycerol 3-phosphate C35H69O8P1 C35H67O8P1 -2 C00416

pai170[c] 1,2-diisoheptadecanoyl-sn-glycerol 3-phosphate C37H73O8P1 C37H71O8P1 -2 C00416

pai180[c] 1,2-diisooctadecanoyl-sn-glycerol 3-phosphate C39H77O8P1 C39H75O8P1 -2 C00416

palmACP[c] Palmitoyl-ACP (n-C16:0ACP) C27H52N2O8PRS C27H51N2O8PRS -1 C05764
pan4p[c] Pantetheine 4'-phosphate C11H23N2O7PS C11H21N2O7PS -2 C01134

pant-R[c] (R)-Pantoate C6H12O4 C6H11O4 -1 C00522

pap[c] Adenosine 3',5'-bisphosphate C10H15N5O10P2 C10H11N5O10P2 -4 C00054

paps[c] 3'-Phosphoadenylyl sulfate C10H15N5O13P2S C10H11N5O13P2S -4 C00053

PCPredO[c] peptidyl carrier protein (redO) C11H22N2O7PRS C11H21N2O7PRS -1

pdx5p[c] Pyridoxine 5'-phosphate C8H12NO6P C8H10NO6P -2 C00627

pe120[c] phosphatidylethanolamine (didodecanoyl, n-C12:0) C29H58N1O8P1 C29H58N1O8P1 0 C00350

pe140[c] phosphatidylethanolamine (ditetradecanoyl, n-C14:0) C33H66N1O8P1 C33H66N1O8P1 0 C00350

pe141[c] phosphatidylethanolamine (ditetradec-7-enoyl, n-C14:1) C33H62N1O8P1 C33H62N1O8P1 0 C00350

pe150[c] phosphatidylethanolamine (dipentadecanoyl, n-C15:0) C35H70N1O8P1 C35H70N1O8P1 0 C00350

pe160[c] phosphatidylethanolamine (dihexadecanoyl, n-C16:0) C37H74N1O8P1 C37H74N1O8P1 0 C00350
pe161[c] phosphatidylethanolamine (dihexadec-9enoyl, n-C16:1) C37H70N1O8P1 C37H70N1O8P1 0 C00350

pe170[c] phosphatidylethanolamine (diheptadecanoyl, n-C17:0) C39H78N1O8P1 C39H78N1O8P1 0 C00350

pe180[c] phosphatidylethanolamine (dioctadecanoyl, n-C18:0) C41H82N1O8P1 C41H82N1O8P1 0 C00350

pe181[c] phosphatidylethanolamine (dioctadec-11-enoyl, n-C18:1) C41H78N1O8P1 C41H78N1O8P1 0 C00350

peai150[c] phosphatidylethanolamine (diante-isopentadecanoyl, ante-iso-

C15:0)

C35H70N1O8P1 C35H70N1O8P1 0 C00350

peai170[c] phosphatidylethanolamine (diante-isoheptadecanoyl, ante-iso-

C17:0)

C39H78N1O8P1 C39H78N1O8P1 0 C00350

peamn[c] Phenethylamine C8H11N C8H12N 1 C05332

pei140[c] phosphatidylethanolamine (diisotetradecanoyl, iso-C14:0) C33H66N1O8P1 C33H66N1O8P1 0 C00350

pei150[c] phosphatidylethanolamine (diisopentadecanoyl, iso-C15:0) C35H70N1O8P1 C35H70N1O8P1 0 C00350

pei160[c] phosphatidylethanolamine (diisohexadecanoyl, iso-C16:0) C37H74N1O8P1 C37H74N1O8P1 0 C00350
pei170[c] phosphatidylethanolamine (diisoheptadecanoyl, iso-C17:0) C39H78N1O8P1 C39H78N1O8P1 0 C00350

pei180[c] phosphatidylethanolamine (diisooctadecanoyl, iso-C18:0) C41H82N1O8P1 C41H82N1O8P1 0 C00350

pep[c] Phosphoenolpyruvate C3H5O6P C3H2O6P -3 C00074

pg120[c] Phosphatidylglycerol (didodecanoyl, n-C12:0) C30H59O10P1 C30H58O10P1 -1 C00344

pg140[c] Phosphatidylglycerol (ditetradecanoyl, n-C14:0) C34H67O10P1 C34H66O10P1 -1 C00344

pg141[c] Phosphatidylglycerol (ditetradec-7-enoyl, n-C14:1) C34H63O10P1 C34H62O10P1 -1 C00344

pg150[c] Phosphatidylglycerol (dipentadecanoyl, n-C15:0) C36H71O10P1 C36H70O10P1 -1 C00344

pg160[c] Phosphatidylglycerol (dihexadecanoyl, n-C16:0) C38H75O10P1 C38H74O10P1 -1 C00344

pg161[c] Phosphatidylglycerol (dihexadec-9-enoyl, n-C16:1) C38H71O10P1 C38H70O10P1 -1 C00344

pg170[c] Phosphatidylglycerol (diheptadecanoyl, n-C17:0) C40H79O10P1 C40H78O10P1 -1 C00344

pg180[c] Phosphatidylglycerol (dioctadecanoyl, n-C18:0) C42H83O10P1 C42H82O10P1 -1 C00344
pg181[c] Phosphatidylglycerol (dioctadec-11-enoyl, n-C18:1) C42H79O10P1 C42H78O10P1 -1 C00344

pgai150[c] Phosphatidylglycerol (diante-isopentadecanoyl, ante-iso-C15:0) C36H71O10P1 C36H70O10P1 -1 C00344

pgai170[c] Phosphatidylglycerol (diante-isoheptadecanoyl, ante-iso-C17:0) C40H79O10P1 C40H78O10P1 -1 C00344

pgi140[c] Phosphatidylglycerol (diisotetradecanoyl, iso-C14:0) C34H67O10P1 C34H66O10P1 -1 C00344

pgi150[c] Phosphatidylglycerol (diisopentadecanoyl, iso-C15:0) C36H71O10P1 C36H70O10P1 -1 C00344

pgi160[c] Phosphatidylglycerol (diisohexadecanoyl, iso-C16:0) C38H75O10P1 C38H74O10P1 -1 C00344

pgi170[c] Phosphatidylglycerol (diisoheptadecanoyl, iso-C17:0) C40H79O10P1 C40H78O10P1 -1 C00344

pgi180[c] Phosphatidylglycerol (diisooctadecanoyl, iso-C18:0) C42H83O10P1 C42H82O10P1 -1 C00344

pgp120[c] Phosphatidylglycerophosphate (didodecanoyl, n-C12:0) C30H60O13P2 C30H57O13P2 -3 C03892
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pgp140[c] Phosphatidylglycerophosphate (ditetradecanoyl, n-C14:0) C34H68O13P2 C34H65O13P2 -3 C03892

pgp141[c] Phosphatidylglycerophosphate (ditetradec-7-enoyl, n-C14:1) C34H64O13P2 C34H61O13P2 -3 C03892

pgp150[c] Phosphatidylglycerophosphate (dipentadecanoyl, n-C15:0) C36H72O13P2 C36H69O13P2 -3 C03892

pgp160[c] Phosphatidylglycerophosphate (dihexadecanoyl, n-C16:0) C38H76O13P2 C38H73O13P2 -3 C03892

pgp161[c] Phosphatidylglycerophosphate (dihexadec-9-enoyl, n-C16:1) C38H72O13P2 C38H69O13P2 -3 C03892

pgp170[c] Phosphatidylglycerophosphate (diheptadecanoyl, n-C17:0) C40H80O13P2 C40H77O13P2 -3 C03892

pgp180[c] Phosphatidylglycerophosphate (dioctadecanoyl, n-C18:0) C42H84O13P2 C42H81O13P2 -3 C03892
pgp181[c] Phosphatidylglycerophosphate (dioctadec-11-enoyl, n-C18:1) C42H80O13P2 C42H77O13P2 -3 C03892

pgpai150[c] Phosphatidylglycerophosphate (diante-isopentadecanoyl, ante-

iso-C15:0)

C36H72O13P2 C36H69O13P2 -3 C03892

pgpai170[c] Phosphatidylglycerophosphate (diante-isoheptadecanoyl, ante-

iso-C17:0)

C40H80O13P2 C40H77O13P2 -3 C03892

pgpi140[c] Phosphatidylglycerophosphate (diisotetradecanoyl, iso-C14:0) C34H68O13P2 C34H65O13P2 -3 C03892

pgpi150[c] Phosphatidylglycerophosphate (diisopentadecanoyl, iso-C15:0) C36H72O13P2 C36H69O13P2 -3 C03892

pgpi160[c] Phosphatidylglycerophosphate (diisohexadecanoyl, iso-C16:0) C38H76O13P2 C38H73O13P2 -3 C03892

pgpi170[c] Phosphatidylglycerophosphate (diisoheptadecanoyl, iso-C17:0) C40H80O13P2 C40H77O13P2 -3 C03892

pgpi180[c] Phosphatidylglycerophosphate (diisooctadecanoyl, iso-C18:0) C42H84O13P2 C42H81O13P2 -3 C03892

phaccoa[c] Phenylacetyl-CoA C29H42N7O17P3S C29H38N7O17P3S -4 C00582

phe-L[c] L-Phenylalanine C9H11NO2 C9H11NO2 0 C00079
pheme[c] Protoheme C34H32FeN4O4 C34H30FeN4O4 -2 C00032

phetrna[c] L-Phenylalanyl-tRNA(Phe) C9H9NOR C9H10NOR 1 C03511

phom[c] O-Phospho-L-homoserine C4H10NO6P C4H8NO6P -2 C01102

phpyr[c] Phenylpyruvate C9H8O3 C9H7O3 -1 C00166

phthr[c] O-Phospho-4-hydroxy-L-threonine C4H10NO7P C4H8NO7P -2 C06055

pi[c] Phosphate H3O4P HO4P -2 C00009

pi120[c] phosphatidylinositol (didodecanoyl, n-C12:0) C33H63O13P1 C33H62O13P1 -1 C01194

pi140[c] phosphatidylinositol (ditetradecanoyl, n-C14:0) C37H71O13P1 C37H70O13P1 -1 C01194

pi141[c] phosphatidylinositol (ditetradec-7-enoyl, n-C14:1) C37H67O13P1 C37H66O13P1 -1 C01194

pi150[c] phosphatidylinositol (dipentadecanoyl, n-C15:0) C39H75O13P1 C39H74O13P1 -1 C01194

pi160[c] phosphatidylinositol (dihexadecanoyl, n-C16:0) C41H79O13P1 C41H78O13P1 -1 C01194
pi161[c] phosphatidylinositol (dihexadec-9enoyl, n-C16:1) C41H75O13P1 C41H74O13P1 -1 C01194

pi170[c] phosphatidylinositol (diheptadecanoyl, n-C17:0) C43H83O13P1 C43H82O13P1 -1 C01194

pi180[c] phosphatidylinositol (dioctadecanoyl, n-C18:0) C45H87O13P1 C45H86O13P1 -1 C01194

pi181[c] phosphatidylinositol (dioctadec-11-enoyl, n-C18:1) C45H83O13P1 C45H82O13P1 -1 C01194

piai150[c] phosphatidylinositol (diante-isopentadecanoyl, ante-iso-C15:0) C39H75O13P1 C39H74O13P1 -1 C01194

piai170[c] phosphatidylinositol (diante-isoheptadecanoyl, ante-iso-C17:0) C43H83O13P1 C43H82O13P1 -1 C01194

pii140[c] phosphatidylinositol (diisotetradecanoyl, iso-C14:0) C37H71O13P1 C37H70O13P1 -1 C01194

pii150[c] phosphatidylinositol (diisopentadecanoyl, iso-C15:0) C39H75O13P1 C39H74O13P1 -1 C01194

pii160[c] phosphatidylinositol (diisohexadecanoyl, iso-C16:0) C41H79O13P1 C41H78O13P1 -1 C01194

pii170[c] phosphatidylinositol (diisoheptadecanoyl, iso-C17:0) C43H83O13P1 C43H82O13P1 -1 C01194

pii180[c] phosphatidylinositol (diisooctadecanoyl, iso-C18:0) C45H87O13P1 C45H86O13P1 -1 C01194
pimACP[c] Pimeloyl-[acyl-carrier protein] C7H10O3R C18H31N2O10PRS -1

pk10ACPact[c] 3,5,7,9-Tetraoxo-decanoyl-[acp] C21H32N2O12PRS C21H31N2O12PRS -1

pk12ACPact[c] 3,5,7,9,11-Pentaoxo-dodecanoyl-[acp] C23H34N2O13PRS C23H33N2O13PRS -1

pk14ACPact[c] 3,5,7,9,11,13-Hexaoxo-tetradecanoyl-[acp] C25H36N2O14PRS C25H35N2O14PRS -1

pk16ACPact[c] 3,5,7,9,11,13,15-Heptaoxo-hexadecanoyl-[acp] C27H38N2O15PRS C27H37N2O15PRS -1

pk6ACPact[c] 3,5-Dioxo-hexanoyl-[acp] C17H28N2O10PRS C17H27N2O10PRS -1

pk8ACPact[c] 3,5,7-Trioxo-octanoyl-[acp] C19H30N2O11PRS C19H29N2O11PRS -1

pmeACP[c] Pimeloyl-[acyl-carrier protein] methyl ester C8H13O3R C19H33N2O10PRS -1

pmtcoa[c] Palmitoyl-CoA (n-C16:0CoA) C37H66N7O17P3S C37H62N7O17P3S -4 C00154

pnto-R[c] (R)-Pantothenate C9H17NO5 C9H16NO5 -1 C00864

ppa[c] Propionate (n-C3:0) C3H6O2 C3H5O2 -1 C00163

ppACP[c] Propionyl-ACP (n-C3:0ACP) C14H26N2O8PRS C14H25N2O8PRS -1
ppap[c] Propanoyl phosphate C3H7O5P C3H5O5P -2 C02876

ppbng[c] Porphobilinogen C10H14N2O4 C10H13N2O4 -1 C00931

ppcoa[c] Propanoyl-CoA C24H40N7O17P3S C24H36N7O17P3S -4 C00100

ppdp[c] all-trans-Pentaprenyl diphosphate C25H44O7P2 C25H41O7P2 -3 C04217

ppgpp[c] Guanosine 3',5'-bis(diphosphate) C10H17N5O17P4 C10H11N5O17P4 -6 C01228

pphn[c] Prephenate C10H10O6 C10H8O6 -2 C00254

ppi[c] Diphosphate H4O7P2 HO7P2 -3 C00013

ppp9[c] Protoporphyrin C34H34N4O4 C34H32N4O4 -2 C02191

pppg9[c] Protoporphyrinogen IX C34H40N4O4 C34H38N4O4 -2 C01079

pppi[c] Inorganic triphosphate H5O10P3 HO10P3 -4 C00536

pprdn[c] Piperideine C5H9N C5H9N 0 C06181
pram[c] 5-Phospho-beta-D-ribosylamine C5H12NO7P C5H11NO7P -1 C03090

pran[c] N-(5-Phospho-D-ribosyl)anthranilate C12H16NO9P C12H13NO9P -3 C04302

prbamp[c] 1-(5-Phosphoribosyl)-AMP C15H23N5O14P2 C15H19N5O14P2 -4 C02741

prbatp[c] 1-(5-Phosphoribosyl)-ATP C15H25N5O20P4 C15H19N5O20P4 -6 C02739

pre3a[c] Precorrin 3A C43H50N4O16 C43H43N4O16 -7 C05772

pre3b[c] Precorrin 3B C43H50N4O17 C43H44N4O17 -6 C06406

pre4[c] Precorrin 4 C44H52N4O17 C44H44N4O17 -8 C06407

pre5[c] Precorrin 5 C45H54N4O17 C45H46N4O17 -8 C06416

pre6a[c] Precorrin 6A C44H54N4O16 C44H47N4O16 -7 C06320

pre6b[c] Precorrin 6B C44H56N4O16 C44H49N4O16 -7 C06319

pre8[c] Precorrin 8 C45H60N4O14 C45H53N4O14 -7 C06408

prfp[c] 1-(5-Phosphoribosyl)-5-[(5-
phosphoribosylamino)methylideneamino]imidazole-4-

carboxamide

C15H25N5O15P2 C15H21N5O15P2 -4 C04896

prlp[c] 5-[(5-phospho-1-deoxyribulos-1-ylamino)methylideneamino]-

1-(5-phosphoribosyl)imidazole-4-carboxamide

C15H25N5O15P2 C15H21N5O15P2 -4 C04916

proamp[c] L-prolyl-AMP C15H21N6O8P C15H21N6O8P 0

progly[c] L-Prolinylglycine C7H12N2O3 C7H12N2O3 0

pro-L[c] L-Proline C5H9NO2 C5H9NO2 0 C00148

proPCPredO[c] L-prolyl-[peptidyl carrier protein] (redO) C16H29N3O8PRS C16H29N3O8PRS 0

protrna[c] L-Prolyl-tRNA(Pro) C5H9NOR C5H8NOR 1 C02702

prpp[c] 5-Phospho-alpha-D-ribose 1-diphosphate C5H13O14P3 C5H8O14P3 -5 C00119

ps120[c] phosphatidylserine (didodecanoyl, n-C12:0) C30H58N1O10P1 C30H57N1O10P1 -1 C02737
ps140[c] phosphatidylserine (ditetradecanoyl, n-C14:0) C34H66N1O10P1 C34H65N1O10P1 -1 C02737

ps141[c] phosphatidylserine (ditetradec-7-enoyl, n-C14:1) C34H62N1O10P1 C34H61N1O10P1 -1 C02737

ps150[c] phosphatidylserine (dipentadecanoyl, n-C15:0) C36H70N1O10P1 C36H69N1O10P1 -1 C02737

ps160[c] phosphatidylserine (dihexadecanoyl, n-C16:0) C38H74N1O10P1 C38H73N1O10P1 -1 C02737

ps161[c] phosphatidylserine (dihexadec-9-enoyl, n-C16:1) C38H70N1O10P1 C38H69N1O10P1 -1 C02737

ps170[c] phosphatidylserine (diheptadecanoyl, n-C17:0) C40H78N1O10P1 C40H77N1O10P1 -1 C02737

ps180[c] phosphatidylserine (dioctadecanoyl, n-C18:0) C42H82N1O10P1 C42H81N1O10P1 -1 C02737

ps181[c] phosphatidylserine (dioctadec-11-enoyl, n-C18:1) C42H78N1O10P1 C42H77N1O10P1 -1 C02737

psai150[c] phosphatidylserine (diante-isopentadecanoyl, ante-iso-C15:0) C36H70N1O10P1 C36H69N1O10P1 -1 C02737
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psai170[c] phosphatidylserine (diante-isoheptadecanoyl, ante-iso-C17:0) C40H78N1O10P1 C40H77N1O10P1 -1 C02737

pser-L[c] O-Phospho-L-serine C3H8NO6P C3H6NO6P -2 C01005

psi140[c] phosphatidylserine (diisotetradecanoyl, iso-C14:0) C34H66N1O10P1 C34H65N1O10P1 -1 C02737

psi150[c] phosphatidylserine (diisopentadecanoyl, iso-C15:0) C36H70N1O10P1 C36H69N1O10P1 -1 C02737

psi160[c] phosphatidylserine (diisohexadecanoyl, iso-C16:0) C38H74N1O10P1 C38H73N1O10P1 -1 C02737

psi170[c] phosphatidylserine (diisoheptadecanoyl, iso-C17:0) C40H78N1O10P1 C40H77N1O10P1 -1 C02737

psi180[c] phosphatidylserine (diisooctadecanoyl, iso-C18:0) C42H82N1O10P1 C42H81N1O10P1 -1 C02737
ptdca[c] Pentadecanoate (n-C15:0) C15H30O2 C15H29O2 -1 C16537

ptdcaACP[c] Pentadecanoyl-ACP (n-C15:0ACP) C26H50N2O8PRS C26H49N2O8PRS -1

ptdcap[c] Pentadecanoyl-phosphate (n-C15:0) C15H31O5P C15H30O5P -1

ptnACP[c] Pentanoyl-ACP (n-C5:0ACP) C16H30N2O8PRS C16H29N2O8PRS -1

ptrc[c] Putrescine C4H12N2 C4H14N2 2 C00134

pyam5p[c] Pyridoxamine 5'-phosphate C8H13N2O5P C8H12N2O5P -1 C00647

pydam[c] Pyridoxamine C8H12N2O2 C8H13N2O2 1 C00534

pydx[c] Pyridoxal C8H9NO3 C8H9NO3 0 C00250

pydx5p[c] Pyridoxal 5'-phosphate C8H10NO6P C8H8NO6P -2 C00018

pydxn[c] Pyridoxine C8H11NO3 C8H11NO3 0 C00314

pyr[c] Pyruvate C3H4O3 C3H3O3 -1 C00022

pyrKSredX[c] L-pyrrolyl-redX-ketoacyl synthases domain C5H4NORS C5H4NORS 0
pyrPCPredO[c] L-pyrrolyl-[peptidyl carrier protein] (redO) C16H24N3O8PRS C16H24N3O8PRS -1

quln[c] Quinolinate C7H5NO4 C7H3NO4 -2 C03722

r1p[c] alpha-D-Ribose 1-phosphate C5H11O8P C5H9O8P -2 C00442

r5p[c] alpha-D-Ribose 5-phosphate C5H11O8P C5H9O8P -2 C00117

raffin[c] Raffinose C18H32O16 C18H32O16 0 C00492

rbflvrd[c] Reduced riboflavin C17H22N4O6 C17H22N4O6 0 C01007

rbl-L[c] L-Ribulose C5H10O5 C5H10O5 0 C00508

rdmbzi[c] N1-(alpha-D-ribosyl)-5,6-dimethylbenzimidazole C14H18N2O4 C14H18N2O4 0 C05775

RED[c] undecylprodigiosin C25H35N3O C25H35N3O 0 C12023

rephaccoa[c] Ring 1,2-epoxyphenylacetyl-CoA C29H42N7O18P3S C29H38N7O18P3S -4

rib-D[c] D-Ribose C5H10O5 C5H10O5 0 C00121
ribflv[c] Riboflavin C17H20N4O6 C17H20N4O6 0 C00255

rml[c] L-Rhamnulose C6H12O5 C6H12O5 0 C00861

rml1p[c] L-Rhamnulose 1-phosphate C6H13O8P C6H11O8P -2 C01131

rmn[c] L-Rhamnose C6H12O5 C6H12O5 0 C00507

ru5p-D[c] D-Ribulose 5-phosphate C5H11O8P C5H9O8P -2 C00199

ru5p-L[c] L-Ribulose 5-phosphate C5H11O8P C5H9O8P -2 C01101

s17bp[c] Sedoheptulose 1,7-bisphosphate C7H16O13P2 C7H12O13P2 -4 C00447

s7p[c] Sedoheptulose 7-phosphate C7H15O10P C7H13O10P -2 C05382

salc6p[c] Salicin 6-phosphate C13H19O10P C13H17O10P -2 C06188

sbt-D[c] D-Sorbitol C6H14O6 C6H14O6 0 C00794

scl[c] sirohydrochlorin C42H46N4O16 C42H39N4O16 -7 C05778
ser-L[c] L-Serine C3H7NO3 C3H7NO3 0 C00065

sertrna[c] L-Seryl-tRNA(Ser) C3H5NO2R C3H6NO2R 1 C02553

sheme[c] Siroheme C42H46FeN4O16 C42H36FeN4O16 -8 C00748

skm[c] Shikimate C7H10O5 C7H9O5 -1 C00493

skm5p[c] Shikimate 5-phosphate C7H11O8P C7H8O8P -3 C03175

sl26da[c] N-Succinyl-LL-2,6-diaminoheptanedioate C11H18N2O7 C11H16N2O7 -2 C04421

sl2a6o[c] N-Succinyl-2-L-amino-6-oxoheptanedioate C11H15NO8 C11H12NO8 -3 C04462

so3[c] Sulfite H2O3S O3S -2 C00094

so4[c] Sulfate H2O4S O4S -2 C00059

spmd[c] Spermidine C7H19N3 C7H22N3 3 C00315

sprm[c] Spermine C10H26N4 C10H30N4 4 C00750

stcoa[c] Stearoyl-CoA (n-C18:0CoA) C39H70N7O17P3S C39H66N7O17P3S -4 C00412
succ[c] Succinate C4H6O4 C4H4O4 -2 C00042

succoa[c] Succinyl-CoA C25H40N7O19P3S C25H35N7O19P3S -5 C00091

suchms[c] O-Succinyl-L-homoserine C8H13NO6 C8H12NO6 -1 C01118

sucr[c] Sucrose C12H22O11 C12H22O11 0 C00089

sucsal[c] Succinic semialdehyde C4H6O3 C4H5O3 -1 C00232

sufbcd[c] SufBCD scaffold complex H8O2S6R H8O2S6R 0

sufbcd-2fe2s[c] SufBCD with bound [2Fe-2S] cluster H6O2S8Fe2R H4O2S8Fe2R -2

sufbcd-2fe2s2[c] SufBCD with two bound [2Fe-2S] clusters H4O2S10Fe4R O2S10Fe4R -4

sufbcd-4fe4s[c] SufBCD with bound [4Fe-4S] cluster H6O2S10Fe4R H4O2S10Fe4R -2

sufse[c] SufSE sulfur acceptor complex HSR HSR 0

sufsesh[c] SufSE with bound sulfur HS2R HS2R 0
t3c11vaceACP[c] trans-3-cis-11-vacceoyl-[acyl-carrier protein] C29H52N2O8PRS C29H51N2O8PRS -1

t3c5ddeceACP[c] trans-3-cis-5-dodecenoyl-[acyl-carrier protein] C23H40N2O8PRS C23H39N2O8PRS -1

t3c7mrseACP[c] trans-3-cis-7-myristoleoyl-[acyl-carrier protein] C25H44N2O8PRS C25H43N2O8PRS -1

t3c9palmeACP[c] trans-3-cis-9-palmitoleoyl-[acyl-carrier protein] C27H48N2O8PRS C27H47N2O8PRS -1

tag120[c] Triacylglycerol (tridodecanoyl, n-C12:0) C39H74O6 C39H74O6 0 C00422

tag140[c] Triacylglycerol (tritetradecanoyl, n-C14:0) C45H86O6 C45H86O6 0 C00422

tag141[c] Triacylglycerol (tritetradec-7-enoyl, n-C14:1) C45H80O6 C45H80O6 0 C00422

tag150[c] Triacylglycerol (tripentadecanoyl, n-C15:0) C48H92O6 C48H92O6 0 C00422

tag160[c] Triacylglycerol (trihexadecanoyl, n-C16:0) C51H98O6 C51H98O6 0 C00422

tag161[c] Triacylglycerol (trihexadec-9-enoyl, n-C16:1) C51H92O6 C51H92O6 0 C00422

tag170[c] Triacylglycerol (triheptadecanoyl, n-C17:0) C54H104O6 C54H104O6 0 C00422

tag180[c] Triacylglycerol (trioctadecanoyl, n-C18:0) C57H110O6 C57H110O6 0 C00422
tag181[c] Triacylglycerol (trioctadec-11-enoyl, n-C18:1) C57H104O6 C57H104O6 0 C00422

tag6p-D[c] D-Tagatose 6-phosphate C6H13O9P C6H11O9P -2 C01097

tagai150[c] Triacylglycerol (triante-isopentadecanoyl, ante-iso-C15:0) C48H92O6 C48H92O6 0 C00422

tagai170[c] Triacylglycerol (triante-isoheptadecanoyl, ante-iso-C17:0) C54H104O6 C54H104O6 0 C00422

tagdp-D[c] D-Tagatose 1,6-biphosphate C6H14O12P2 C6H10O12P2 -4 C03785

tagi140[c] Triacylglycerol (triisotetradecanoyl, iso-C14:0) C45H86O6 C45H86O6 0 C00422

tagi150[c] Triacylglycerol (triisopentadecanoyl, iso-C15:0) C48H92O6 C48H92O6 0 C00422

tagi160[c] Triacylglycerol (triisohexadecanoyl, iso-C16:0) C51H98O6 C51H98O6 0 C00422

tagi170[c] Triacylglycerol (triisoheptadecanoyl, iso-C17:0) C54H104O6 C54H104O6 0 C00422

tagi180[c] Triacylglycerol (triisooctadecanoyl, iso-C18:0) C57H110O6 C57H110O6 0 C00422

taiC112eACP[c] trans-ante-isoundec-2-enoyl-[acyl-carrier protein] C22H40N2O8PRS C22H39N2O8PRS -1
taiC132eACP[c] trans-ante-isotridec-2-enoyl-[acyl-carrier protein] C24H44N2O8PRS C24H43N2O8PRS -1

taiC152eACP[c] trans-ante-isopentadec-2-enoyl-[acyl-carrier protein] C26H48N2O8PRS C26H47N2O8PRS -1

taiC172eACP[c] trans-ante-isoheptadec-2-enoyl-[acyl-carrier protein] C28H52N2O8PRS C28H51N2O8PRS -1

taiC72eACP[c] trans-ante-isohep-2-enoyl-[acyl-carrier protein] C18H32N2O8PRS C18H31N2O8PRS -1

taiC92eACP[c] trans-ante-isonon-2-enoyl-[acyl-carrier protein] C20H36N2O8PRS C20H35N2O8PRS -1

tartr-D[c] D-tartrate C4H6O6 C4H4O6 -2 C02107

taur[c] Taurine C2H7NO3S C2H7NO3S 0 C00245

td2coa[c] trans-Tetradec-2-enoyl-CoA C35H60N7O17P3S C35H56N7O17P3S -4 C05273

tdcoa[c] Tetradecanoyl-CoA (n-C14:0CoA) C35H62N7O17P3S C35H58N7O17P3S -4 C02593
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tddec2eACP[c] trans-Dodec-2-enoyl-[acyl-carrier protein] C23H42N2O8PRS C23H41N2O8PRS -1 C05758

tddec2eACPredQ[c] trans-Dodec-2-enoyl-[acyl-carrier protein] C23H42N2O8PRS C23H41N2O8PRS -1 C05758

tdeACP[c] cis-tetradec-7-enoyl-[acyl-carrier protein] (n-C14:1) C25H46N2O8PRS C25H45N2O8PRS -1

tdec2eACP[c] trans-Dec-2-enoyl-[acyl-carrier protein] C21H38N2O8PRS C21H37N2O8PRS -1 C05754

tdec2eACPredQ[c] trans-Dec-2-enoyl-[acyl-carrier protein] C21H38N2O8PRS C21H37N2O8PRS -1 C05754

tdecoa[c] Tetradecenoyl-CoA (n-C14:1CoA) C35H60N7O17P3S C35H56N7O17P3S -4

thchd[c] 3,5/4-trihydroxycyclohexa-1,2-dione C6H8O5 C6H8O5 0 C04287
thdp[c] 2,3,4,5-Tetrahydrodipicolinate C7H9NO4 C7H7NO4 -2 C03972

thep2eACP[c] trans-hep-2-enoyl-[acyl-carrier protein] C18H32N2O8PRS C18H31N2O8PRS -1

thepdca2eACP[c] trans-heptadec-2-enoyl-[acyl-carrier protein] C28H52N2O8PRS C28H51N2O8PRS -1

thex2eACP[c] trans-Hex-2-enoyl-[acyl-carrier protein] C17H30N2O8PRS C17H29N2O8PRS -1 C05748

thex2eACPcda[c] trans-Hex-2-enoyl-[acyl-carrier protein] C17H30N2O8PRS C17H29N2O8PRS -1 C05748

thex2eACPredQ[c] trans-Hex-2-enoyl-[acyl-carrier protein] C17H30N2O8PRS C17H29N2O8PRS -1 C05748

thf[c] 5,6,7,8-Tetrahydrofolate C19H23N7O6 C19H21N7O6 -2 C00101

thm[c] Thiamin C12H17N4OS C12H17N4OS 1 C00378

thmmp[c] Thiamin monophosphate C12H17N4O4PS C12H16N4O4PS -1 C01081

thmpp[c] Thiamine diphosphate C12H19N4O7P2S C12H16N4O7P2S -2 C00068

thr-L[c] L-Threonine C4H9NO3 C4H9NO3 0 C00188

thrp[c] L-Threonine O-3-phosphate C4H10NO6P C4H8NO6P -2 C12147
thrtrna[c] L-Threonyl-tRNA(Thr) C4H7NO2R C4H8NO2R 1 C02992

thym[c] Thymine C5H6N2O2 C5H6N2O2 0 C00178

thymd[c] Thymidine C10H14N2O5 C10H14N2O5 0 C00214

tiC102eACP[c] trans-isodec-2-enoyl-[acyl-carrier protein] C21H38N2O8PRS C21H37N2O8PRS -1

tiC112eACP[c] trans-isoundec-2-enoyl-[acyl-carrier protein] C22H40N2O8PRS C22H39N2O8PRS -1

tiC122eACP[c] trans-isododec-2-enoyl-[acyl-carrier protein] C23H42N2O8PRS C23H41N2O8PRS -1

tiC132eACP[c] trans-isotridec-2-enoyl-[acyl-carrier protein] C24H44N2O8PRS C24H43N2O8PRS -1

tiC142eACP[c] trans-isoetradec-2-enoyl-[acyl-carrier protein] C25H46N2O8PRS C25H45N2O8PRS -1

tiC152eACP[c] trans-isopentadec-2-enoyl-[acyl-carrier protein] C26H48N2O8PRS C26H47N2O8PRS -1

tiC162eACP[c] trans-isohexadec-2-enoyl-[acyl-carrier protein] C27H50N2O8PRS C27H49N2O8PRS -1

tiC172eACP[c] trans-isoheptadec-2-enoyl-[acyl-carrier protein] C28H52N2O8PRS C28H51N2O8PRS -1
tiC182eACP[c] trans-isooctadec-2-enoyl-[acyl-carrier protein] C29H54N2O8PRS C29H53N2O8PRS -1

tiC62eACP[c] trans-isohex-2-enoyl-[acyl-carrier protein] C17H30N2O8PRS C17H29N2O8PRS -1

tiC72eACP[c] trans-isohep-2-enoyl-[acyl-carrier protein] C18H32N2O8PRS C18H31N2O8PRS -1

tiC82eACP[c] trans-isooct-2-enoyl-[acyl-carrier protein] C19H34N2O8PRS C19H33N2O8PRS -1

tiC92eACP[c] trans-isonon-2-enoyl-[acyl-carrier protein] C20H36N2O8PRS C20H35N2O8PRS -1

tmrs2eACP[c] trans-Tetradec-2-enoyl-[acyl-carrier protein] C25H46N2O8PRS C25H45N2O8PRS -1 C05760

tnon2eACP[c] trans-non-2-enoyl-[acyl-carrier protein] C20H36N2O8PRS C20H35N2O8PRS -1

toct2eACP[c] trans-Oct-2-enoyl-[acyl-carrier protein] C19H34N2O8PRS C19H33N2O8PRS -1 C05751

toct2eACPredQ[c] trans-Oct-2-enoyl-[acyl-carrier protein] C19H34N2O8PRS C19H33N2O8PRS -1 C05751

toctd2eACP[c] trans-octadec-2-enoyl-[acyl-carrier protein] C29H54N2O8PRS C29H53N2O8PRS -1 C16221

tpalm2eACP[c] trans-Hexadec-2-enoyl-[acyl-carrier protein] C27H50N2O8PRS C27H49N2O8PRS -1 C05763
tptdca2eACP[c] trans-pentadec-2-enoyl-[acyl-carrier protein] C26H48N2O8PRS C26H47N2O8PRS -1

tptn2eACP[c] trans-pent-2-enoyl-[acyl-carrier protein] C16H28N2O8PRS C16H27N2O8PRS -1

trdox[c] Oxidized thioredoxin X X 0 C00343

trdrd[c] Reduced thioredoxin XH2 XH2 0 C00342

tre[c] Trehalose C12H22O11 C12H22O11 0 C01083

tre6p[c] alpha,alpha'-Trehalose 6-phosphate C12H23O14P C12H21O14P -2 C00689

tridcaACP[c] Tridecanoyl-ACP (n-C13:0ACP) C24H46N2O8PRS C24H45N2O8PRS -1

trnaala[c] tRNA(Ala) R R 0 C01635

trnaarg[c] tRNA(Arg) R R 0 C01636

trnaasn[c] tRNA(Asn) C10H17O10PR2 C10H17O10PR2 0 C01637

trnaasp[c] tRNA(Asp) R R 0 C01638

trnacys[c] tRNA(Cys) R R 0 C01639
trnagln[c] tRNA(Gln) R R 0 C01640

trnaglu[c] tRNA (Glu) R R 0 C01641

trnagly[c] tRNA(Gly) R R 0 C01642

trnahis[c] tRNA(His) R R 0 C01643

trnaile[c] tRNA(Ile) R R 0 C01644

trnaleu[c] tRNA(Leu) R R 0 C01645

trnalys[c] tRNA(Lys) R R 0 C01646

trnamet[c] tRNA(Met) R R 0 C01647

trnaphe[c] tRNA(Phe) R R 0 C01648

trnapro[c] tRNA(Pro) R R 0 C01649

trnaser[c] tRNA(Ser) R R 0 C01650
trnathr[c] tRNA(Thr) R R 0 C01651

trnatrp[c] tRNA(Trp) R R 0 C01652

trnatyr[c] tRNA(Tyr) R R 0 C00787

trnaval[c] tRNA(Val) R R 0 C01653

trp-L[c] L-Tryptophan C11H12N2O2 C11H12N2O2 0 C00078

trptrna[c] L-Tryptophanyl-tRNA(Trp) C11H10N2OR C11H11N2OR 1 C03512

ttdca[c] tetradecanoate (n-C14:0) C14H28O2 C14H27O2 -1 C06424

ttdcap[c] Tetradecanoyl-phosphate (n-C14:0) C14H29O5P C14H28O5P -1

ttdcea[c] tetradecenoate (n-C14:1) C14H26O2 C14H25O2 -1

ttdceap[c] Tetradecanoyl-phosphate (n-C14:1) C14H27O5P C14H26O5P -1

ttridca2eACP[c] trans-tridec-2-enoyl-[acyl-carrier protein] C24H44N2O8PRS C24H43N2O8PRS -1

tundca2eACP[c] trans-undec-2-enoyl-[acyl-carrier protein] C22H40N2O8PRS C22H39N2O8PRS -1
tungs[c] tungstate H2O4W1 O4W1 -2

tyr-L[c] L-Tyrosine C9H11NO3 C9H11NO3 0 C00082

tyrtrna[c] L-Tyrosyl-tRNA(Tyr) C9H9NO2R C9H10NO2R 1 C02839

uaagmda[c] Undecaprenyl-diphospho-N-acetylmuramoyl-(N-

acetylglucosamine)-L-ala-D-glu-meso-2,6-diaminopimeloyl-D-

ala-D-ala

C95H156N8O28P2 C95H152N8O28P2 -4 C05898

uaccg[c] UDP-N-acetyl-3-O-(1-carboxyvinyl)-D-glucosamine C20H29N3O19P2 C20H26N3O19P2 -3 C04631

uacgam[c] UDP-N-acetyl-D-glucosamine C17H27N3O17P2 C17H25N3O17P2 -2 C00043

uacmam[c] UDP-N-acetyl-D-mannosamine C17H27N3O17P2 C17H25N3O17P2 -2 C01170

uacmamu[c] UDP-N-acetyl-D-mannosaminouronate C17H25N3O18P2 C17H22N3O18P2 -3 C06240

uagmda[c] Undecaprenyl-diphospho-N-acetylmuramoyl-L-alanyl-D-
glutamyl-meso-2,6-diaminopimeloyl-D-alanyl-D-alanine

C87H143N7O23P2 C87H139N7O23P2 -4 C05897

uama[c] UDP-N-acetylmuramoyl-L-alanine C23H36N4O20P2 C23H33N4O20P2 -3 C01212

uamag[c] UDP-N-acetylmuramoyl-L-alanyl-D-glutamate C28H43N5O23P2 C28H39N5O23P2 -4 C00692

uamr[c] UDP-N-acetylmuramate C20H31N3O19P2 C20H28N3O19P2 -3 C01050

udcpdp[c] Undecaprenyl diphosphate C55H92O7P2 C55H89O7P2 -3 C04574

udcpp[c] Undecaprenyl phosphate C55H91O4P C55H89O4P -2 C00348

udp[c] UDP C9H14N2O12P2 C9H11N2O12P2 -3 C00015

udpg[c] UDPglucose C15H24N2O17P2 C15H22N2O17P2 -2 C00029

udpgal[c] UDPgalactose C15H24N2O17P2 C15H22N2O17P2 -2 C00052
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udpglcur[c] UDP-D-glucuronate C15H22N2O18P2 C15H19N2O18P2 -3 C00167

ugmd[c] UDP-N-acetylmuramoyl-L-alanyl-D-gamma-glutamyl-meso-

2,6-diaminopimelate

C35H55N7O26P2 C35H51N7O26P2 -4 C04877

ugmda[c] UDP-N-acetylmuramoyl-L-alanyl-D-glutamyl-meso-2,6-

diaminopimeloyl-D-alanyl-D-alanine

C41H65N9O28P2 C41H61N9O28P2 -4 C04882

um4p[c] UDP-N-acetylmuramoyl-L-alanyl-D-gamma-glutamyl-meso-

2,6-diaminopimelate-D-alanine

C38H60N8O27P2 C38H56N8O27P2 -4 C04804

ump[c] UMP C9H13N2O9P C9H11N2O9P -2 C00105

undcaACP[c] Undecanoyl-ACP (n-C11:0ACP) C22H42N2O8PRS C22H41N2O8PRS -1

up[c] 2-undecylpyrrole C15H27N C15H27N 0

upn[c] 2-undecyl-4-pyrrolinone C15H27NO C15H27NO 0

uppg3[c] Uroporphyrinogen III C40H44N4O16 C40H36N4O16 -8 C01051

ura[c] Uracil C4H4N2O2 C4H4N2O2 0 C00106

urate[c] Urate C5H4N4O3 C5H4N4O3 0 C00366

urcan[c] Urocanate C6H6N2O2 C6H5N2O2 -1 C00785

urdglyc[c] (-)-Ureidoglycolate C3H5N2O4 C3H5N2O4 -1 C00603

urea[c] Urea CH4N2O CH4N2O 0 C00086

uri[c] Uridine C9H12N2O6 C9H12N2O6 0 C00299

utp[c] UTP C9H15N2O15P3 C9H11N2O15P3 -4 C00075
val-L[c] L-Valine C5H11NO2 C5H11NO2 0 C00183

valtrna[c] L-Valyl-tRNA(Val) C5H9NOR C5H10NOR 1 C02554

vanlt[c] Vanillate C8H8O4 C8H7O4 -1 C06672

wco[c] tungsten binding cofactor C10H12N5O8PS2W C10H10N5O8PS2W -2

xan[c] Xanthine C5H4N4O2 C5H4N4O2 0 C00385

xmp[c] Xanthosine 5'-phosphate C10H13N4O9P C10H11N4O9P -2 C00655

xtp[c] XTP C10H15N4O15P3 C10H11N4O15P3 -4 C00700

xtsn[c] Xanthosine C10H12N4O6 C10H12N4O6 0 C01762

xu5p-D[c] D-Xylulose 5-phosphate C5H11O8P C5H9O8P -2 C00231

xu5p-L[c] L-Xylulose 5-phosphate C5H11O8P C5H9O8P -2 C03291

xyl-D[c] D-Xylose C5H10O5 C5H10O5 0 C00181
xylt[c] Xylitol C5H12O5 C5H12O5 0 C00379

xylu-D[c] D-Xylulose C5H10O5 C5H10O5 0 C00310

xylu-L[c] L-Xylulose C5H10O5 C5H10O5 0 C00312

zn2[c] Zinc Zn Zn 2 C00038

14glucan[e] 1,4-alpha-D-glucan C36H62O31 C36H62O31 0 C00718

15dap[e] 1,5-Diaminopentane C5H14N2 C5H16N2 2 C01672

1Dgali[e] 1-alpha-D-Galactosyl-myo-inositol C12H22O11 C12H22O11 0 C01235

23camp[e] 2',3'-Cyclic AMP C10H12N5O6P C10H11N5O6P -1 C02353

23ccmp[e] 2',3'-Cyclic CMP C9H12N3O7P C9H11N3O7P -1 C02354

23cgmp[e] 2',3'-Cyclic GMP C10H12N5O7P C10H11N5O7P -1 C06194

23cump[e] 2',3'-Cyclic UMP C9H11N2O8P C9H10N2O8P -1 C02355
26dap-M[e] meso-2,6-Diaminoheptanedioate C7H14N2O4 C7H14N2O4 0 C00680

2ddglcn[e] 2-Dehydro-3-deoxy-D-gluconate C6H10O6 C6H9O6 -1 C00204

3amp[e] 3'-AMP C10H14N5O7P C10H12N5O7P -2 C01367

3cmp[e] 3'-cmp C9H14N3O8P C9H12N3O8P -2 C05822

3gmp[e] 3'-GMP C10H14N5O8P C10H12N5O8P -2 C06193

3ump[e] 3'-UMP C9H13N2O9P C9H11N2O9P -2 C01368

4abut[e] 4-Aminobutanoate C4H9NO2 C4H9NO2 0 C00334

5dglcn[e] 5-Dehydro-D-gluconate C6H10O7 C6H9O7 -1 C01062

5mtr[e] 5-Methylthio-D-ribose C6H12O4S C6H12O4S 0 C03089

abt-D[e] D-Arabinitol C5H12O5 C5H12O5 0 C01904

ac[e] Acetate C2H4O2 C2H3O2 -1 C00033

acald[e] Acetaldehyde C2H4O C2H4O 0 C00084
acgam[e] N-Acetyl-D-glucosamine C8H15NO6 C8H15NO6 0 C00140

acser[e] O-Acetyl-L-serine C5H9NO4 C5H9NO4 0 C00979

ade[e] Adenine C5H5N5 C5H5N5 0 C00147

adn[e] Adenosine C10H13N5O4 C10H13N5O4 0 C00212

agm[e] Agmatine C5H14N4 C5H16N4 2 C00179

akg[e] 2-Oxoglutarate C5H6O5 C5H4O5 -2 C00026

alaala[e] D-Alanyl-D-alanine C6H12N2O3 C6H12N2O3 0 C00993

ala-B[e] beta-Alanine C3H7NO2 C3H7NO2 0 C00099

ala-D[e] D-Alanine C3H7NO2 C3H7NO2 0 C00133

ala-L[e] L-Alanine C3H7NO2 C3H7NO2 0 C00041

alltn[e] Allantoin C4H6N4O3 C4H6N4O3 0 C01551
amp[e] AMP C10H14N5O7P C10H12N5O7P -2 C00020

arab-L[e] L-Arabinose C5H10O5 C5H10O5 0 C00259

arg-L[e] L-Arginine C6H14N4O2 C6H15N4O2 1 C00062

asn-L[e] L-Asparagine C4H8N2O3 C4H8N2O3 0 C00152

aso3[e] arsenite H3AsO3 AsO3 -3 C06697

asp-L[e] L-Aspartate C4H7NO4 C4H6NO4 -1 C00049

bhb[e] (R)-3-Hydroxybutanoate C4H8O3 C4H7O3 -1 C01089

btn[e] Biotin C10H16N2O3S C10H15N2O3S -1 C00120

ca2[e] Calcium Ca Ca 2 C00076

cbi[e] Cobinamide C48H72CoN11O8 C48H72CoN11O8 0 C05774

cbl1[e] Cob(I)alamin C62H89CoN13O14P C62H88CoN13O14P -1 C00853

cd2[e] Cadmium Cd Cd 2 C01413
CDA[e] calcium-dependent antibiotics 2b C67H81N14O29P C67H75N14O29P -6

celb[e] Cellobiose C12H22O11 C12H22O11 0 C00185

chol[e] Choline C5H13NO C5H14NO 1 C00114

chtbs[e] N,N'-diacetylchitobiose C16H28N2O11 C16H28N2O11 0 C01674

cit[e] Citrate C6H8O7 C6H5O7 -3 C00158

cl[e] Chloride Cl Cl -1 C00698

cmp[e] CMP C9H14N3O8P C9H12N3O8P -2 C00055

co2[e] CO2 CO2 CO2 0 C00011

cobalt2[e] Co2+ Co Co 2 C00175

coelichelin[e] Coelichelin (unloaded) C21H39N7O11 C21H36N7O11 -3 C15719

csn[e] Cytosine C4H5N3O C4H5N3O 0 C00380
cu[e] Cu+ Cu Cu 1 C00070

cu2[e] Cu2+ Cu Cu 2 C00070

cys-L[e] L-Cysteine C3H7NO2S C3H7NO2S 0 C00097

cytd[e] Cytidine C9H13N3O5 C9H13N3O5 0 C00475

dad-2[e] Deoxyadenosine C10H13N5O3 C10H13N5O3 0 C00559

damp[e] dAMP C10H14N5O6P C10H12N5O6P -2 C00360

dcmp[e] dCMP C9H14N3O7P C9H12N3O7P -2 C00239

dcyt[e] Deoxycytidine C9H13N3O4 C9H13N3O4 0 C00881

desferrioxamB[e] Ferrioxamine B (unloaded) C25H48N6O8 C25H45N6O8 -3 C07597
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desferrioxamE[e] Ferrioxamine E (unloaded) C25H48N6O8 C25H45N6O8 -3 C07597

dgmp[e] dGMP C10H14N5O7P C10H12N5O7P -2 C00362

dgsn[e] Deoxyguanosine C10H13N5O4 C10H13N5O4 0 C00330

dha[e] Dihydroxyacetone C3H6O3 C3H6O3 0 C00184

dimp[e] dIMP C10H13N4O7P C10H11N4O7P -2 C06196

din[e] Deoxyinosine C10H12N4O4 C10H12N4O4 0 C05512

drib[e] Deoxyribose C5H10O4 C5H10O4 0 C01801
dtmp[e] dTMP C10H15N2O8P C10H13N2O8P -2 C00364

dump[e] dUMP C9H13N2O8P C9H11N2O8P -2 C00365

duri[e] Deoxyuridine C9H12N2O5 C9H12N2O5 0 C00526

epm[e] Epimelibiose C12H22O11 C12H22O11 0 C05400

etha[e] Ethanolamine C2H7NO C2H8NO 1 C00189

etoh[e] Ethanol C2H6O C2H6O 0 C00469

fald[e] Formaldehyde CH2O CH2O 0 C00067

fe2[e] Fe2+ Fe Fe 2 C00023

fe3[e] Fe3+ Fe Fe 3 C14819

ferricoelichelin[e] Ferricoelichelin C21H36N7O11Fe C21H36N7O11Fe 0

ferrioxamB[e] Ferrioxamine B C25H45FeN6O8 C25H45FeN6O8 0 C07597

ferrioxamE[e] Ferrioxamine E C25H45FeN6O8 C25H45FeN6O8 0 C07597
for[e] Formate CH2O2 CH1O2 -1 C00058

fru[e] D-Fructose C6H12O6 C6H12O6 0 C00095

fum[e] Fumarate C4H4O4 C4H2O4 -2 C00122

g3pc[e] sn-Glycero-3-phosphocholine C8H20NO6P C8H20NO6P 0 C00670

g3pe[e] sn-Glycero-3-phosphoethanolamine C5H14NO6P C5H14NO6P 0 C01233

g3pg[e] Glycerophosphoglycerol C6H15O8P C6H14O8P -1 C03274

g3pi[e] sn-Glycero-3-phospho-1-inositol C9H19O11P C9H18O11P -1 C01225

g3ps[e] Glycerophosphoserine C6H14NO8P C6H13NO8P -1

gACT[e] gamma-actinorhodin C32H22O14 C32H22O14 0 C06691

gal[e] D-Galactose C6H12O6 C6H12O6 0 C00124

galctn-D[e] D-Galactonate C6H12O7 C6H11O7 -1 C00880
ggl[e] Galactosylglycerol C9H18O8 C9H18O8 0 C05401

glc-D[e] D-Glucose C6H12O6 C6H12O6 0 C00031

glcn[e] D-Gluconate C6H12O7 C6H11O7 -1 C00257

glcr[e] D-Glucarate C6H10O8 C6H8O8 -2 C00818

gln-L[e] L-Glutamine C5H10N2O3 C5H10N2O3 0 C00064

glu-L[e] L-Glutamate C5H9NO4 C5H8NO4 -1 C00025

gly[e] Glycine C2H5NO2 C2H5NO2 0 C00037

glyald[e] D-Glyceraldehyde C3H6O3 C3H6O3 0 C00577

glyb[e] Glycine betaine C5H11NO2 C5H11NO2 0 C00719

glyc[e] Glycerol C3H8O3 C3H8O3 0 C00116

glyc3p[e] Glycerol 3-phosphate C3H9O6P C3H7O6P -2 C00093
glyclt[e] Glycolate C2H4O3 C2H3O3 -1 C00160

glyc-R[e] (R)-Glycerate C3H6O4 C3H5O4 -1 C00258

gmp[e] GMP C10H14N5O8P C10H12N5O8P -2 C00144

gsn[e] Guanosine C10H13N5O5 C10H13N5O5 0 C00387

gua[e] Guanine C5H5N5O C5H5N5O 0 C00242

h[e] H+ H H 1 C00080

h2o[e] H2O H2O H2O 0 C00001

h2o2[e] Hydrogen peroxide H2O2 H2O2 0 C00027

h2s[e] Hydrogen sulfide H2S H2S 0 C00283

his-L[e] L-Histidine C6H9N3O2 C6H9N3O2 0 C00135

hom-L[e] L-Homoserine C4H9NO3 C4H9NO3 0 C00263

idon-L[e] L-Idonate C6H12O7 C6H11O7 -1 C00770
ile-L[e] L-Isoleucine C6H13NO2 C6H13NO2 0 C00407

imp[e] IMP C10H13N4O8P C10H11N4O8P -2 C00130

indole[e] Indole C8H7N C8H7N 0 C00463

inost[e] myo-Inositol C6H12O6 C6H12O6 0 C00137

ins[e] Inosine C10H12N4O5 C10H12N4O5 0 C00294

k[e] potassium K K 1 C00238

lac-D[e] D-Lactate C3H6O3 C3H5O3 -1 C00256

lac-L[e] L-Lactate C3H6O3 C3H5O3 -1 C00186

LalaDglu[e] L-alanine-D-glutamate C8H14N2O5 C8H13N2O5 -1

lcts[e] Lactose C12H22O11 C12H22O11 0 C00243

leu-L[e] L-Leucine C6H13NO2 C6H13NO2 0 C00123
lipoate[e] Lipoate C8H14O2S2 C8H14O2S2 0 C00725

lys-L[e] L-Lysine C6H14N2O2 C6H15N2O2 1 C00047

lyx-L[e] L-Lyxose C5H10O5 C5H10O5 0 C01508

mal-L[e] L-Malate C4H6O5 C4H4O5 -2 C00149

malt[e] Maltose C12H22O11 C12H22O11 0 C00208

malthp[e] Maltoheptaose C42H72O36 C42H72O36 0

malthx[e] Maltohexaose C36H62O31 C36H62O31 0 C01936

maltpt[e] Maltopentaose C30H52O26 C30H52O26 0

malttr[e] Maltotriose C18H32O16 C18H32O16 0 C01835

maltttr[e] Maltotetraose C24H42O21 C24H42O21 0 C02052

man[e] D-Mannose C6H12O6 C6H12O6 0 C00159

melib[e] Melibiose C12H22O11 C12H22O11 0 C05402
melt[e] Melibiitol C12H24O11 C12H24O11 0 C05399

meoh[e] Methanol CH4O1 CH4O1 0 C00132

met-L[e] L-Methionine C5H11NO2S C5H11NO2S 0 C00073

mg2[e] magnesium Mg Mg 2 C00305

mn2[e] Mn2+ Mn Mn 2 C00034

mnl[e] D-Mannitol C6H14O6 C6H14O6 0 C00392

mobd[e] Molybdate H2MoO4 MoO4 -2 C06232

n2o[e] Nitrous oxide N2O N2O 0 C00887

na1[e] Sodium Na Na 1 C01330

nac[e] Nicotinate C6H5NO2 C6H4NO2 -1 C00253

nh4[e] Ammonium H3N H4N 1 C01342
ni2[e] nickel Ni Ni 2 C00291

nmn[e] NMN C11H15N2O8P C11H14N2O8P -1 C00455

no[e] Nitric oxide NO NO 0 C00533

no2[e] Nitrite HNO2 NO2 -1 C00088

no3[e] Nitrate HNO3 NO3 -1 C00244

o2[e] O2 O2 O2 0 C00007

orn[e] Ornithine C5H12N2O2 C5H13N2O2 1 C01602

orot[e] Orotate C5H4N2O4 C5H3N2O4 -1 C00295

pacald[e] Phenylacetaldehyde C8H8O C8H8O 0 C00601

207



phe-L[e] L-Phenylalanine C9H11NO2 C9H11NO2 0 C00079

pi[e] Phosphate H3O4P HO4P -2 C00009

pnto-R[e] (R)-Pantothenate C9H17NO5 C9H16NO5 -1 C00864

ppa[e] Propionate (n-C3:0) C3H6O2 C3H5O2 -1 C00163

pro-L[e] L-Proline C5H9NO2 C5H9NO2 0 C00148

ptrc[e] Putrescine C4H12N2 C4H14N2 2 C00134

pydam[e] Pyridoxamine C8H12N2O2 C8H13N2O2 1 C00534
pydx[e] Pyridoxal C8H9NO3 C8H9NO3 0 C00250

pydxn[e] Pyridoxine C8H11NO3 C8H11NO3 0 C00314

pyr[e] Pyruvate C3H4O3 C3H3O3 -1 C00022

raffin[e] Raffinose C18H32O16 C18H32O16 0 C00492

rib-D[e] D-Ribose C5H10O5 C5H10O5 0 C00121

rmn[e] L-Rhamnose C6H12O5 C6H12O5 0 C00507

salcn[e] Salicin C13H18O7 C13H18O7 0 C01451

sbt-D[e] D-Sorbitol C6H14O6 C6H14O6 0 C00794

ser-L[e] L-Serine C3H7NO3 C3H7NO3 0 C00065

skm[e] Shikimate C7H10O5 C7H9O5 -1 C00493

so4[e] Sulfate H2O4S O4S -2 C00059

spmd[e] Spermidine C7H19N3 C7H22N3 3 C00315
succ[e] Succinate C4H6O4 C4H4O4 -2 C00042

tartr-D[e] D-tartrate C4H6O6 C4H4O6 -2 C02107

taur[e] Taurine C2H7NO3S C2H7NO3S 0 C00245

thm[e] Thiamin C12H17N4OS C12H17N4OS 1 C00378

thr-L[e] L-Threonine C4H9NO3 C4H9NO3 0 C00188

thym[e] Thymine C5H6N2O2 C5H6N2O2 0 C00178

thymd[e] Thymidine C10H14N2O5 C10H14N2O5 0 C00214

tre[e] Trehalose C12H22O11 C12H22O11 0 C01083

trp-L[e] L-Tryptophan C11H12N2O2 C11H12N2O2 0 C00078

tungs[e] tungstate H2O4W1 O4W1 -2

tyr-L[e] L-Tyrosine C9H11NO3 C9H11NO3 0 C00082
ump[e] UMP C9H13N2O9P C9H11N2O9P -2 C00105

ura[e] Uracil C4H4N2O2 C4H4N2O2 0 C00106

urea[e] Urea CH4N2O CH4N2O 0 C00086

uri[e] Uridine C9H12N2O6 C9H12N2O6 0 C00299

val-L[e] L-Valine C5H11NO2 C5H11NO2 0 C00183

vanlt[e] Vanillate C8H8O4 C8H7O4 -1 C06672

xan[e] Xanthine C5H4N4O2 C5H4N4O2 0 C00385

xmp[e] Xanthosine 5'-phosphate C10H13N4O9P C10H11N4O9P -2 C00655

xtsn[e] Xanthosine C10H12N4O6 C10H12N4O6 0 C01762

xyl-D[e] D-Xylose C5H10O5 C5H10O5 0 C00181

xylt[e] Xylitol C5H12O5 C5H12O5 0 C00379
zn2[e] Zinc Zn Zn 2 C00038
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Table A3 Comparison of gene contents between iMK1208 and iIB711

550 genes in iMK1208, but not in iIB711
SCO0015, SCO0158, SCO0185, SCO0213, SCO0259, SCO0274, SCO0280, SCO0285, 

SCO0313, SCO0393, SCO0400, SCO0401, SCO0420, SCO0435, SCO0473, SCO0475, 

SCO0476, SCO0491, SCO0493, SCO0494, SCO0495, SCO0496, SCO0497, SCO0565, 

SCO0578, SCO0580, SCO0617, SCO0689, SCO0690, SCO0691, SCO0706, SCO0707, 

SCO0708, SCO0709, SCO0710, SCO0731, SCO0749, SCO0763, SCO0766, SCO0776, 

SCO0808, SCO0809, SCO0810, SCO0811, SCO0815, SCO0816, SCO0817, SCO0821, 

SCO0885, SCO0920, SCO0961, SCO0962, SCO0992, SCO0999, SCO1010, SCO1046, 

SCO1085, SCO1090, SCO1132, SCO1133, SCO1134, SCO1153, SCO1225, SCO1243, 

SCO1244, SCO1245, SCO1272, SCO1290, SCO1310, SCO1335, SCO1345, SCO1346, 

SCO1419, SCO1442, SCO1450, SCO1477, SCO1522, SCO1523, SCO1553, SCO1554, 

SCO1555, SCO1557, SCO1558, SCO1559, SCO1565, SCO1620, SCO1621, SCO1667, 

SCO1681, SCO1682, SCO1750, SCO1759, SCO1775, SCO1821, SCO1822, SCO1845, 

SCO1847, SCO1848, SCO1849, SCO1851, SCO1852, SCO1853, SCO1855, SCO1856, 

SCO1857, SCO1858, SCO1864, SCO1865, SCO1866, SCO1867, SCO1882, SCO1886, 

SCO1887, SCO1889, SCO1895, SCO1898, SCO1899, SCO1900, SCO1918, SCO1921, 

SCO1922, SCO1924, SCO1925, SCO1948, SCO1962, SCO1968, SCO2008, SCO2009, 

SCO2010, SCO2011, SCO2012, SCO2015, SCO2018, SCO2048, SCO2068, SCO2090, 

SCO2093, SCO2104, SCO2108, SCO2109, SCO2117, SCO2131, SCO2158, SCO2173, 

SCO2175, SCO2177, SCO2193, SCO2194, SCO2206, SCO2226, SCO2286, SCO2336, 

SCO2401, SCO2428, SCO2444, SCO2462, SCO2499, SCO2505, SCO2506, SCO2507, 

SCO2509, SCO2529, SCO2541, SCO2542, SCO2543, SCO2559, SCO2561, SCO2608, 

SCO2628, SCO2631, SCO2633, SCO2635, SCO2643, SCO2649, SCO2709, SCO2720, 

SCO2731, SCO2746, SCO2747, SCO2749, SCO2756, SCO2758, SCO2770, SCO2772, 

SCO2773, SCO2780, SCO2786, SCO2795, SCO2828, SCO2829, SCO2830, SCO2831, 

SCO2901, SCO2902, SCO2905, SCO2914, SCO2917, SCO2930, SCO2931, SCO2932, 

SCO2933, SCO2943, SCO2959, SCO2999, SCO3014, SCO3064, SCO3092, SCO3093, 

SCO3100, SCO3122, SCO3132, SCO3179, SCO3180, SCO3181, SCO3183, SCO3188, 

SCO3223, SCO3224, SCO3234, SCO3235, SCO3276, SCO3282, SCO3283, SCO3295, 

SCO3303, SCO3311, SCO3317, SCO3318, SCO3319, SCO3334, SCO3348, SCO3362, 
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SCO3376, SCO3380, SCO3397, SCO3408, SCO3436, SCO3439, SCO3440, SCO3475, 

SCO3562, SCO3577, SCO3578, SCO3594, SCO3595, SCO3596, SCO3622, SCO3644, 

SCO3645, SCO3646, SCO3655, SCO3704, SCO3705, SCO3706, SCO3716, SCO3717, 

SCO3718, SCO3721, SCO3739, SCO3778, SCO3779, SCO3811, SCO3826, SCO3827, 

SCO3828, SCO3847, SCO3889, SCO3894, SCO3899, SCO3928, SCO3947, SCO3976, 

SCO4006, SCO4055, SCO4057, SCO4119, SCO4151, SCO4152, SCO4204, SCO4271, 

SCO4284, SCO4285, SCO4290, SCO4307, SCO4326, SCO4327, SCO4334, SCO4374, 

SCO4384, SCO4387, SCO4403, SCO4418, SCO4439, SCO4444, SCO4469, SCO4498, 

SCO4501, SCO4506, SCO4550, SCO4556, SCO4634, SCO4773, SCO4828, SCO4829, 

SCO4830, SCO4831, SCO4832, SCO4847, SCO4860, SCO4889, SCO4925, SCO4927, 

SCO4956, SCO4967, SCO4991, SCO4993, SCO5023, SCO5050, SCO5057, SCO5071, 

SCO5072, SCO5074, SCO5075, SCO5110, SCO5112, SCO5113, SCO5114, SCO5115, 

SCO5117, SCO5118, SCO5119, SCO5120, SCO5121, SCO5126, SCO5157, SCO5178, 

SCO5186, SCO5201, SCO5208, SCO5229, SCO5232, SCO5233, SCO5234, SCO5254, 

SCO5258, SCO5259, SCO5260, SCO5301, SCO5352, SCO5364, SCO5398, SCO5419, 

SCO5431, SCO5436, SCO5438, SCO5440, SCO5442, SCO5444, SCO5456, SCO5471, 

SCO5486, SCO5524, SCO5527, SCO5536, SCO5562, SCO5563, SCO5578, SCO5579, 

SCO5583, SCO5626, SCO5646, SCO5647, SCO5648, SCO5657, SCO5658, SCO5661, 

SCO5666, SCO5667, SCO5668, SCO5669, SCO5670, SCO5680, SCO5712, SCO5713, 

SCO5714, SCO5716, SCO5774, SCO5799, SCO5848, SCO5849, SCO5852, SCO5859, 

SCO5860, SCO5878, SCO5883, SCO5890, SCO5892, SCO5893, SCO5894, SCO5895, 

SCO5896, SCO5923, SCO5924, SCO5925, SCO5940, SCO5945, SCO5964, SCO5998, 

SCO6005, SCO6006, SCO6007, SCO6009, SCO6010, SCO6011, SCO6013, SCO6027, 

SCO6031, SCO6041, SCO6055, SCO6061, SCO6062, SCO6063, SCO6064, SCO6065, 

SCO6082, SCO6131, SCO6137, SCO6147, SCO6149, SCO6173, SCO6179, SCO6196, 

SCO6210, SCO6211, SCO6212, SCO6214, SCO6255, SCO6257, SCO6258, SCO6259, 

SCO6271, SCO6320, SCO6339, SCO6384, SCO6407, SCO6414, SCO6417, SCO6423, 

SCO6436, SCO6444, SCO6451, SCO6452, SCO6453, SCO6454, SCO6460, SCO6473, 

SCO6489, SCO6496, SCO6528, SCO6552, SCO6567, SCO6568, SCO6569, SCO6573, 

SCO6583, SCO6584, SCO6597, SCO6601, SCO6602, SCO6603, SCO6604, SCO6673, 

SCO6680, SCO6690, SCO6697, SCO6698, SCO6699, SCO6700, SCO6712, SCO6739, 
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SCO6751, SCO6754, SCO6814, SCO6815, SCO6816, SCO6835, SCO6968, SCO6971, 

SCO6975, SCO6976, SCO6978, SCO6982, SCO6984, SCO7019, SCO7020, SCO7034, 

SCO7035, SCO7081, SCO7094, SCO7101, SCO7153, SCO7181, SCO7182, SCO7183, 

SCO7184, SCO7185, SCO7194, SCO7197, SCO7221, SCO7244, SCO7254, SCO7298, 

SCO7308, SCO7319, SCO7332, SCO7334, SCO7338, SCO7343, SCO7353, SCO7357, 

SCO7362, SCO7367, SCO7395, SCO7398, SCO7399, SCO7400, SCO7408, SCO7409, 

SCO7410, SCO7412, SCO7428, SCO7469, SCO7470, SCO7471, SCO7472, SCO7473, 

SCO7474, SCO7475, SCO7500, SCO7507, SCO7519, SCO7544, SCO7545, SCO7546, 

SCO7550, SCO7555, SCO7556, SCO7557, SCO7595, SCO7832

53 genes in iIB711, but not in iMK1208
SCO0136, SCO0364, SCO0434, SCO0984, SCO1081, SCO1082, SCO1083, SCO1231, 

SCO1232, SCO1233, SCO1380, SCO1390, SCO1478, SCO1560, SCO1613, SCO1724, 

SCO1827, SCO2003, SCO2073, SCO2241, SCO2346, SCO2393, SCO2407, SCO2486, 

SCO2564, SCO3071, SCO3185, SCO3541, SCO3603, SCO3878, SCO4067, SCO4280, 

SCO4495, SCO4654, SCO4729, SCO4930, SCO5076, SCO5077, SCO5078, SCO5079, 

SCO5082, SCO5085, SCO5136, SCO5184, SCO5188, SCO5246, SCO5321, SCO5877, 

SCO6084, SCO6284, SCO6297, SCO6640, SCO6789
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Table A4 Macromolecular composition used for biomass equation in iMK1208

Component g/g DCW Comments

Protein 0.4120 Protein, DNA, and RNA composition is obtained from chemostat culture data of S. coelicolor (Shahab 

et al. 1996). Cells grown at 0.109 h-1 dilution rate.DNA 0.0360

RNA 0.1670

Lipids 60% of the cellular lipid in S. coelicolor was phospholipid (Hoischen et al. 1997). Others were assumed 

to be triacylglycerol.Phospholipid 0.0273

Triacylglycerol 0.0182

Cell wall Peptidoglycan was assumed to consist 50% of cell wall of S. coelicolor. 40% of the other was assumed 

to be carbohydrate, and the rest was assumed to be teichoic acid. Assumptions were made based on 

data for S. antibioticus (Zaretskaia and Polin 1987).

Peptidoglycan 0.1098

Carbohydrate 0.0439

Teichoic acid 0.0658

Glycogen 0.0250 Accumulation of glycogen and trehalose in S. coelicolor was evidenced by the several literature (Martin 

et al. 1997; Schneider et al. 2000). Exact amounts of those component for S. coelicolor were unknown, 

thus data was taken from those of S. antibioticus (Brana et al. 1986).

Trehalose 0.0300

Small molecules 0.0650 The rest of biomass was assumed to be a mixture of various small molecules (cofactors, polyamines 

etc.).

Total 1.0000
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Table A5 Protein composition used for biomass equation in iMK1208

Amino acid %, g/g protein Met. Abbr. mmol/g DCW
Alanine 10.52 ala-L[c] 0.60978

Arginine 3.89 arg-L[c] 0.10195

Asparagine 5.08 asn-L[c] 0.18343

Aspartate 5.15 asp-L[c] 0.18599

Cysteine 2.02 cys-L[c] 0.08069

Glutamate 7.80 glu-L[c] 0.25085

Glutamine 4.41 gln-L[c] 0.14180

Glycine 7.66 gly[c] 0.55317

Histidine 2.66 his-L[c] 0.07991

Isoleucine 6.82 ile-L[c] 0.24831

Leucine 3.84 leu-L[c] 0.13981

Lysine 2.22 lys-L[c] 0.07080

Methionine 3.84 met-L[c] 0.12059

Phenylalanine 4.83 phe-L[c] 0.13521

Proline 8.80 pro-L[c] 0.37332

Serine 4.51 ser-L[c] 0.21339

Threonine 6.55 thr-L[c] 0.26691

Tryptophan 1.48 trp-L[c] 0.03275

Tyrosine 2.59 tyr-L[c] 0.06539

Valine 5.33 val-L[c] 0.22152

Total 100 4.07557

Eqn: 0.60978 ala-L[c] + 0.10195 arg-L[c] + 0.18343 asn-L[c] + 0.18599 asp-L[c] + 

0.08069 cys-L[c] + 0.25085 glu-L[c] + 0.1418 gln-L[c] + 0.55317 gly[c] + 0.07991 

his-L[c] + 0.24831 ile-L[c] + 0.13981 leu-L[c] + 0.0708 lys-L[c] + 0.12059 met-L[c] 

+ 0.13521 phe-L[c] + 0.37332 pro-L[c] + 0.21339 ser-L[c] + 0.26691 thr-L[c] + 

0.03275 trp-L[c] + 0.06539 tyr-L[c] + 0.22152 val-L[c]  -> 4.07557 h2o[c]

* Complete protein composition of S. coelicolor was not available in the literature.

Thus, it was assumed that protein composition of S. coelicolor is same with S.

tsukubaensis (Huang et al. 2013).
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Table A6 DNA composition used for biomass equation in iMK1208

Nucleotide %, mol/mol DNA Met. Abbr. mmol/g DCW

dATP 13.9 datp[c] 0.016297

dCTP 36.1 dctp[c] 0.042326

dTTP 13.9 dgtp[c] 0.016297

dGTP 36.1 dttp[c] 0.042326

Total 100 0.117247

Eqn: 0.016297 datp[c] + 0.042326 dctp[c] + 0.016297 dgtp[c] + 0.042326 dttp[c]  

-> 0.117247 ppi[c] + 0.117247 h[c]

* DNA composition was calculated based on the genome sequence of S. coelicolor.

This data is obtained from CMR database (http://cmr.jcvi.org/tigr-

scripts/CMR/CmrHomePage.cgi).
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Table A7 RNA composition used for biomass equation in iMK1208

Nucleotide
% mol/mol RNA %, mol/mol 

RNA
Met. Abbr. mmol/g DCW

mRNA, 5% rRNA, 75% tRNA, 20%

ATP 14.08 22.71 17.82 21.30 atp[c] 0.11045

CTP 37.41 23.81 28.89 25.50 ctp[c] 0.13226

UTP 13.45 19.54 20.11 19.35 gtp[c] 0.10035

GTP 35.06 33.95 33.18 33.85 utp[c] 0.17554

Total 100 100 100 100 0.51860

Eqn: 0.11045 atp[c] + 0.13226 ctp[c] + 0.10035 gtp[c] + 0.17554 utp[c]  -> 0.5186 ppi[c] + 0.5186 h[c]

* We assumed RNA consist of 5% mRNA, 75% rRNA, and 20% tRNA in molar ratio. Composition of the mRNA was 

calculated from codon usage of S. coelicolor (data were obtained from CMR database). Meanwhile, composition of rRNA and 

tRNA was calculated from sequence information of rRNA and tRNA coding genes. Sequence information were obtained from 

StrepDB (http://strepdb.streptomyces.org.uk/).
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Table A8 Phospholipid composition used for biomass equation in iMK1208

Constituent %, g/g PL

Cardiolipin (CL) 30

Phosphatidylethanolamine (PE) 55

Phosphatidylinositol (PI) 5

Phosphatidic acid (PA) 10

Total 100

*Although there was a reference for amounts of cardiolipon (30% of phospholipid) 

in S. coelicolor (Sandoval-Calderon et al. 2009), complete phospholipid composition 

was not available in the literature. Therefore, data for S. hygroscopicus was used 

instead of data for S. coelicolor (Hoischen et al. 1997). In fact, 

phosphatidylinositolmannoside constitute 5% of phospholipid in S. coelicolor,

however, almost nothing is known about phosphatidylinositolmannoside in 

Streptomyces. Therefore, we replaced phosphatidylinositolmannoside with 

phosphatidylinositol, since S. coelicolor also has phosphatidylinositol for their lipids 

(Sandoval-Calderon et al. 2009). Note that, S. coelicolor does not accumulate 

phosphatidylglycerol (Sandoval-Calderon et al. 2009).
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Table A9 Fatty acid composition used for biomass equation in iMK1208

Fatty acid(FA) %, mol/mol FA
Cardiolipin Phosphatidylethanolamine

Met. Abbr. mmol/g DCW Met. Abbr. mmol/g DCW

Total BCFA 74.4

    Isomyristate(i14:0) 3.5 clpni140[c] 0.000213 pei140[c] 0.000764

    Isopentadecanoate(i15:0) 10.0 clpni150[c] 0.000610 pei150[c] 0.002184

    Anteisopentadecanoate(ai15:0) 17.3 clpnai150[c] 0.001055 peai150[c] 0.003778

    Isopalmitate(i16:0) 20.3 clpni160[c] 0.001238 pei160[c] 0.004433

    Isoheptadecanoate(i17:0) 7.4 clpni170[c] 0.000451 pei170[c] 0.001616

    Anteisoheptadecanoate(ai17:0) 15.9 clpnai170[c] 0.000970 peai170[c] 0.003472

Total SCFA 25.6

    Myristiate(n14:0) 1.6 clpn140[c] 9.8E-05 pe140[c] 0.000349

    Pentadecanoate(n15:0) 1.0 clpn150[c] 6.1E-05 pe150[c] 0.000218

    Palmitoleate(n16:1) 4.7 clpn161[c] 0.000287 pe161[c] 0.001026

    Palmitate(n16:0) 18.3 clpn160[c] 0.001116 pe160[c] 0.003997

Total 100 0.006099 0.021839

Fatty acid(FA)
Phosphatidylinositol Phosphatidic acid Triacylglycerol

Met. Abbr. mmol/g DCW Met. Abbr. mmol/g DCW Met. Abbr. mmol/g DCW

Total BCFA

    Isomyristate(i14:0) pii140[c] 5.9E-05 pai140[c] 0.000149 tagi140[c] 0.000796

    Isopentadecanoate(i15:0) pii150[c] 0.000169 pai150[c] 0.000425 tagi150[c] 0.002273

    Anteisopentadecanoate(ai15:0) piai150[c] 0.000293 paai150[c] 0.000735 tagai150[c] 0.003933

    Isopalmitate(i16:0) pii160[c] 0.000344 pai160[c] 0.000863 tagi160[c] 0.004614

    Isoheptadecanoate(i17:0) pii170[c] 0.000125 pai170[c] 0.000314 tagi170[c] 0.001682

    Anteisoheptadecanoate(ai17:0) piai170[c] 0.000269 paai170[c] 0.000676 tagai170[c] 0.003614

Total SCFA
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    Myristiate(n14:0) pi140[c] 2.7E-05 pa140[c] 6.8E-05 tag140[c] 0.000364

    Pentadecanoate(n15:0) pi150[c] 1.7E-05 pa150[c] 4.2E-05 tag150[c] 0.000227

    Palmitoleate(n16:1) pi161[c] 8.0E-05 pa161[c] 0.000200 tag161[c] 0.001068

    Palmitate(n16:0) pi160[c] 0.000310 pa160[c] 0.000778 tag160[c] 0.004160

Total 0.001694 0.004249 0.022731

Eqn: 0.000213 clpni140[c] + 0.00061 clpni150[c] + 0.001055 clpnai150[c] + 0.001238 clpni160[c] + 0.000451 clpni170[c] + 

0.00097 clpnai170[c] + 9.8e-005 clpn140[c] + 6.1e-005 clpn150[c] + 0.000287 clpn161[c] + 0.001116 clpn160[c] + 0.000764 

pei140[c] + 0.002184 pei150[c] + 0.003778 peai150[c] + 0.004433 pei160[c] + 0.001616 pei170[c] + 0.003472 peai170[c] + 

0.000349 pe140[c] + 0.000218 pe150[c] + 0.001026 pe161[c] + 0.003997 pe160[c] + 5.9e-005 pii140[c] + 0.000169 pii150[c] 

+ 0.000293 piai150[c] + 0.000344 pii160[c] + 0.000125 pii170[c] + 0.000269 piai170[c] + 2.7e-005 pi140[c] + 1.7e-005

pi150[c] + 8e-005 pi161[c] + 0.00031 pi160[c] + 0.000149 pai140[c] + 0.000425 pai150[c] + 0.000735 paai150[c] + 0.000863 

pai160[c] + 0.000314 pai170[c] + 0.000676 paai170[c] + 6.8e-005 pa140[c] + 4.2e-005 pa150[c] + 0.0002 pa161[c] + 0.000778 

pa160[c] + 0.000796 tagi140[c] + 0.002273 tagi150[c] + 0.003933 tagai150[c] + 0.004614 tagi160[c] + 0.001682 tagi170[c] 

+ 0.003614 tagai170[c] + 0.000364 tag140[c] + 0.000227 tag150[c] + 0.001068 tag161[c] + 0.00416 tag160[c]  ->

* Composition of fatty acids in lipids was obtained from S. coelicolor M511/pSE34 strain (non-ACT producing strain) (Li et 

al. 2005). Data obtained by Li et al. was not able to distinguish isoheptadecanoate and anteisoheptadecanoate. Ratio between 

isoheptadecanoate and anteisoheptadecanoate was assume to be 1:2.15 as in the case of S. cinnamonensis and S. collinus

(Wallace et al. 1995).
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Table A10 Cell wall composition used for biomass equation in iMK1208

Constituent g/g DCW Met. Abbr. mmol/g DCW

Peptidoglycan 0.1098
murein4px4p[c] 0.030136

murein4p4p[c] 0.029840

Carbohydrate 0.0439
uacgam[c] 0.083227

udpgal[c] 0.166453

Teichoic acid 0.0658

gtca1[c] 0.003536

gtca2[c] 0.003536

gtca3[c] 0.003536

Eqn: 0.030136 murein4px4p[c] + 0.02984 murein4p4p[c] + 0.083227 uacgam[c] + 

0.166453 udpgal[c] + 0.003536 gtca1[c] + 0.003536 gtca2[c] + 0.003536 gtca3[c]  

-> 0.24968 udp[c] + 0.24968 h[c]

* Cell wall composition used in this study is similar to the previous one (Borodina 

et al. 2005). To shortly explain that, peptidoglycan in S. coelicolor was assumed to 

be equimolar polymer of N-acetylmuramic acid, N-acetylglucosamine, D-alanine, 

L-alanine, diaminopimelinic acid, D-glutamate as in other Streptomyces species. 

Thus, we assumed that peptidoglycan in S. coelicolor consist of the same amount 

(wt/wt) of murein4px4p and murein4p4p. The carbohydrate in the cell wall of S.

coelicolor was assumed to be same with S. antibioticus (Zaretskaia and Polin 1987).

Carbohydrate was assumed to be consisted with N-acetylglucosamine and galactose 

in molar ratio of 1:2. UDP-activated precursor was used in biomass equation. 

Composition of teichoic acids in S. coelicolor had not been studied in details. Thus, 

we assumed that the composition of teichoic acids in S. coelicolor is identical to 

Staphylococcus aureus. We bring the biosynthesis reactions and compositions about 

teichoic acids form iSB619, the metabolic model of Staphylococcus aureus (Becker 

and Palsson 2005).
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Table A11 Glycogen and trehalose composition used for biomass equation in 

iMK1208

Constituent g/g DCW Met. Abbr. mmol/g DCW

Glycogen 0.0250 glycogen[c] 0.154187

Trehalose 0.0300 tre[c] 0.087643

Eqn: 0.154187 glycogen[c] + 0.087643 tre[c]  ->
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Table A12 Small molecules pool composition used for biomass equation in 

iMK1208

Constituent g/g DCW Met. Abbr. mmol/g DCW
Vitamines

Thiamine diphosphate 0.002031 thmpp[c] 0.004810

FAD 0.002031 fad[c] 0.002592

Riboflavin 0.002031 ribflv[c] 0.005397

NAD 0.002031 nad[c] 0.003066

NADH 0.002031 nadh[c] 0.003062

NADP 0.002031 nadp[c] 0.002744

NADPH 0.002031 nadph[c] 0.002740

Coenzyme A 0.002031 coa[c] 0.002660

Pyridoxal 5'-phosphate 0.002031 pydx5p[c] 0.008287

Biotin 0.002031 btn[c] 0.008349

10-Formyltetrahydrofolate 0.002031 10fthf[c] 0.004309

5-Methyltetrahydrofolate 0.002031 5mthf[c] 0.004431

5,10-Methylenetetrahydrofolate 0.002031 mlthf[c] 0.004460

5,6,7,8-Tetrahydrofolate 0.002031 thf[c] 0.004581

Adenosylcobalamin 0.002031 adocbl[c] 0.001286

Menaquinol 9 0.002031 mql9[c] 0.002580

Other cofactors

S-Adenosyl-L-methionine 0.002031 amet[c] 0.005085

Heme A 0.002031
hemeA_#1[c

]
0.002387

Heme O 0.002031 hemeO[c] 0.002427

Protoheme 0.002031 pheme[c] 0.003306

Siroheme 0.002031 sheme[c] 0.002236

Lipoate 0.002031 lipopb[c] 0.010787

Molybdopterin guanine dinucleotide 0.002031 mocogdp[c] 0.002350

Bis-molybdopterin GDP 0.002031 bmocogdp[c] 0.001282

Undecaprenyl diphosphate 0.002031 udcpdp[c] 0.002198

Mycothiol 0.002031 msh[c] 0.004185

[2Fe-2S] iron-sulfur cluster 0.002031 2fe2s[c] 0.011698

[4Fe-4S] iron-sulfur cluster 0.002031 4fe4s[c] 0.005849

Polyamines

Putrescine 0.002031 ptrc[c] 0.022527

Cadaverine 0.002031 15dap[c] 0.019494

Spermidine 0.002031 spmd[c] 0.013699

Spermine 0.002031 sprm[c] 0.009842

Inorganic ions
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Ammonium - nh4[c] 0.012379

Calcium(II) - ca2[c] 0.004952

Chloride - cl[c] 0.004952

Cobalt(II) - cobalt2[c] 0.000024

Copper(II) - cu2[c] 0.000674

Iron(II) - fe2[c] 0.006388

Iron(III) - fe3[c] 0.007428

Magnesium - mn2[c] 0.000658

Magnesium(II) - mg2[c] 0.008253

Molybdate - mobd[c] 0.000007

Nickel(II) - ni2[c] 0.000307

Potassium - k[c] 0.185690

Sulfate - so4[c] 0.004126

Zinc(II) - zn2[c] 0.000324

Total 0.0650

Eqn: 0.00481 thmpp[c] + 0.002592 fad[c] + 0.005397 ribflv[c] + 0.003066 nad[c] 

+ 0.003062 nadh[c] + 0.002744 nadp[c] + 0.00274 nadph[c] + 0.00266 coa[c] + 

0.008287 pydx5p[c] + 0.008349 btn[c] + 0.004309 10fthf[c] + 0.004431 5mthf[c] + 

0.00446 mlthf[c] + 0.004581 thf[c] + 0.001286 adocbl[c] + 0.00258 mql9[c] + 

0.005085 amet[c] + 0.002387 hemeA_#1[c] + 0.002427 hemeO[c] + 0.003306 

pheme[c] + 0.002236 sheme[c] + 0.010787 lipopb[c] + 0.00235 mocogdp[c] + 

0.001282 bmocogdp[c] + 0.002198 udcpdp[c] + 0.004185 msh[c] + 0.011698 

2fe2s[c] + 0.005849 4fe4s[c] + 0.022527 ptrc[c] + 0.019494 15dap[c] + 0.013699 

spmd[c] + 0.009842 sprm[c] + 0.012379 nh4[c] + 0.004952 ca2[c] + 0.004952 cl[c] 

+ 0.000024 cobalt2[c] + 0.000674 cu2[c] + 0.006388 fe2[c] + 0.007428 fe3[c] + 

0.000658 mn2[c] + 0.008253 mg2[c] + 0.000007 mobd[c] + 0.000307 ni2[c] + 

0.18569 k[c] + 0.004126 so4[c] + 0.000324 zn2[c] ->

* Small molecules represent various vitamins, cofactors, polyamines and inorganic 

ions which are components of the biomass. Putrescine, cadavarine, spermidine and 

spermine were present as components of polyamines in S. coelicolor (Hamana and 

Matsuzaki 1987). Selected small molecules were assumed to be present in equal 

amounts (wt/wt) except inorganic ions for the simplicity. Ion contents was assumed 

to be identical with the iJO1366, a recent metabolic model of Escherichia coli (Orth 

et al. 2011).
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Table A13 Stoichiometry of proton translocation and maximum theoretical P/O 

ratio

Rxn name Protein complex Proton translocation Max P/O Flux ratio

NADH17 nuo 10H+/2e- 4+6 2.5 1

NADH10 ndh 6H+/2e- 0+6 1.5 3

Overall Max P/O 1.75

* Maximal P/O ratios for each NADH dehydrogenase was calculated by assuming 

that the H+/ATP stoichiometry of the ATP synthase is 4 for S. coelicolor (setting by 

ATPS reaction). By splitting flux through two different NADH dehydrogenase 

complex in ratio of 1:3, we constrained the overall maximal P/O ratio to 1.75.
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Table A14 Slope and intercept inferred from chemostat culture data

Specific rate
Dilution rate of range in 0.034 to 0.092 Dilution rate of range in 0.034 to 0.128

Slope Intercept R-squared Slope Intercept R-squared

Glucose 10.8 0.117 0.9878 17.5 -0.248 0.9451

Oxygen 22.4 1.066 0.9550 60.0 -0.971 0.8674

Carbon dioxide 23.5 1.024 0.9752 58.7 -0.872 0.8747

* The slope and the intercept for specific uptake rates of glucose and oxygen and specific production rates of carbon dioxide

were obtained by linear regression using chemostat culture data for S. coelicolor (Melzoch et al. 1997). Note that not all the 

data was used, because data at high dilution rate does not follow the trend obtained from the data at low dilution rate.
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Table A15 Growth capability predictions for model validation

WT Mutant strain

C source N-source C source

Substrate Exchange Rxn Growth Substrate Exchange Rxn Growth Strain Substrate Exchange Rxn Growth

acetate EX_ac(e) + L-asparagine EX_asn-L(e) + ����� propionate EX_ppa(e) +

cellobiose EX_celb(e) + L-aspartate EX_asp-L(e) + �	��� L-glutamine EX_gln-L(e) +

citrate EX_cit(e) + L-glutamate EX_glu-L(e) + ����� L-valine EX_val-L(e) + (in vivo, iIB711: -)

D-arabinotol EX_abt-D(e) + L-glutamine EX_gln-L(e) + ����� maltose EX_malt(e) -

D-fructose EX_fru(e) + L-isoleucine EX_ile-L(e) +

D-galactose EX_gal(e) + L-leucine EX_leu-L(e) + N-source

D-gluconate EX_glcn(e) + L-lysine EX_lys-L(e) + Strain Substrate Exchange Rxn Growth

D-glucose EX_glc(e) + L-methionine EX_met-L(e) + (iIB711: -) ���� L-isoleucine EX_ile-L(e) + (in vivo, iIB711: -)

D-mannitol EX_mnl(e) + L-phenylalanine EX_phe-L(e) + (iIB711: -) ���� L-leucine EX_leu-L(e) + (in vivo, iIB711: -)

D-mannose EX_man(e) + L-proline EX_pro-L(e) + ���� L-valine EX_val-L(e) + (in vivo, iIB711: -)

D-ribose EX_rib-D(e) + L-valine EX_val-L(e) +

D-tartrate EX_tartr-D(e) +

D-xylose EX_xyl-D(e) +

glycerol EX_glyc(e) +

glycine EX_gly(e) +

lactose EX_lcts(e) +

L-alanine EX_ala-L(e) +

L-arabinose EX_arab-L(e) +

L-arginine EX_arg-L(e) -

L-asparagine EX_asn-L(e) +

L-aspartate EX_asp-L(e) + (in vivo: -)

L-glutamate EX_glu-L(e) + (in vivo: -)

L-glutamine EX_gln-L(e) +

L-histidine EX_his-L(e) +

L-isoleucine EX_ile-L(e) +
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L-lactate EX_lac-L(e) +

L-leucine EX_leu-L(e) +

L-lysine EX_lys-L(e) +

L-malate EX_mal-L(e) +

L-methionine EX_met-L(e) -

L-phenylalanine EX_phe-L(e) -

L-proline EX_pro-L(e) +

L-rhamnose EX_rmn(e) +

L-serine EX_ser-L(e) +

L-threonine EX_thr-L(e) +

L-tryptophan EX_trp-L(e) +

L-valine EX_val-L(e) +

maltose EX_malt(e) +

melibiose EX_melib(e) +

propionate EX_ppa(e) +

pyruvate EX_pyr(e) +

salicin EX_salcn(e) +

succinate EX_succ(e) +

sucrose EX_suc(e) -

trehalose EX_tre(e) +

xylitol EX_xylt(e) +

* For validation of the model, 64 conditions of growth media were tested with iMK1208 and compared with the experimental 

data and the result of previous model (Borodina et al. 2005). Before simulating optimal growth, we constrained glucose uptake 

rate or ammonium ion uptake rate to 0 for C source and N source validation, respectively, and lower bound of uptake rate of 

corresponding sources to -1 mmol/g DCW/h. In case of mutant strain, we deleted reactions associated with the gene and went 

through the same procedure. 91% of the prediction (58 out of 64) agreed with the experimental data. Predictions which differ 

from experimental data or prediction from iIB711 are shown inside the brackets.
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Table A16 FSEOF results using computational complex media

Rxm name Rxn description Formula Gene-reaction association

34HPPOR 4-Hydroxyphenylpyruvate:oxygen oxidoreductase 34hpp[c] + o2[c]  -> co2[c] + hgentis[c] SCO2927

ACACT10r acetyl-CoA C-acetyltransferase 2maacoa[c] + coa[c] <=> accoa[c] + ppcoa[c] (SCO6788 or SCO1324 or SCO4502 or 

SCO6027)

ACACT1r acetyl-CoA C-acetyltransferase 2 accoa[c]  <=> aacoa[c] + coa[c] (SCO5399 or SCO6788 or SCO1324 or 

SCO4502 or SCO6027)

ACCOAC acetyl-CoA carboxylase accoa[c] + atp[c] + hco3[c]  -> adp[c] + h[c] + malcoa[c] + pi[c] ((SCO2445 or (SCO5535 and SCO5536)) 

and (SCO2777 or SCO4921 or SCO6271))

ACOAD1f acyl-CoA dehydrogenase (butanoyl-CoA) btcoa[c] + fad[c]  <=> b2coa[c] + fadh2[c] (SCO1690 or SCO2774 or SCO6787 or 

SCO2779)

ACOAD8 acyl-CoA dehydrogenase (Isovaleryl-CoA) ivcoa[c] + fad[c]  -> 3mb2coa[c] + fadh2[c] SCO2779

ACOADH1 acyl-CoA dehydrogenase (2-Methyl-butanoyl-CoA) 2mbcoa[c] + fad[c]  -> 2mb2coa[c] + fadh2[c] SCO2779

ACTS1 Malonyl-CoA-ACP transacylase (actinorhodin ACP) ACPact[c] + malcoa[c]  <=> coa[c] + malACPact[c] SCO5089

ACTS10 actIII ketoacyl reductase actint1ACPact[c] + nadph[c] + h[c]  -> actint2ACPact[c] + nadp[c] SCO5086

ACTS11 actVII aromatase actint2ACPact[c]  -> actint3ACPact[c] + 2 h2o[c] SCO5090

ACTS12 actIV cyclase actint3ACPact[c]  -> actint4ACPact[c] + h2o[c] SCO5091

ACTS13 hydroxylacyl-CoA dehydrogenase actint4ACPact[c] + nadph[c] + h[c]  -> actint5ACPact[c] + nadp[c] SCO5072

ACTS14 actVI dehydratase actint5ACPact[c]  -> dnpaACPact[c] + h2o[c] (SCO5071 or SCO5072 or SCO5074)

ACTS15 actVI oxidoreductase dnpaACPact[c] + nadph[c] + h[c]  -> ddhkACPact[c] + nadp[c] (SCO5023 or SCO5075)

ACTS16 actVA-5/actVB monooxygenase ddhkACPact[c] + o2[c]  -> dhkACPact[c] + h2o[c] ((SCO5080 and SCO5092) or SCO5081)

ACTS17 actVA-5/actVB monooxygenase 2 dhkACPact[c] + nadh[c] + h[c] + o2[c] -> hdhkACPact[c] + nad[c] 

+ h2o[c]

(SCO5080 and SCO5092)

ACTS18 hydroxylated dihydrokalafungin thioesterase hdhkACPact[c] + h2o[c]  -> hdhk[c] + h[c] + ACPact[c]

ACTS19 hydroxylated dihydrokalafungin dimerization 2 hdhk[c] + nad[c]  -> ACT[c] + nadh[c] + h[c]

ACTS2 polyketide chain elongation 1 accoa[c] + h[c] + malACPact[c]  -> actACPact[c] + co2[c] + coa[c] (SCO5087 and SCO5088)

ACTS3 polyketide chain elongation 2 malcoa[c] + h[c] + actACPact[c]  -> pk6ACPact[c] + coa[c] + 

co2[c]

(SCO5087 and SCO5088)
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ACTS4 polyketide chain elongation 3 malcoa[c] + h[c] + pk6ACPact[c]  -> pk8ACPact[c] + coa[c] + 

co2[c]

(SCO5087 and SCO5088)

ACTS5 polyketide chain elongation 4 malcoa[c] + h[c] + pk8ACPact[c]  -> pk10ACPact[c] + coa[c] + 

co2[c]

(SCO5087 and SCO5088)

ACTS6 polyketide chain elongation 5 malcoa[c] + h[c] + pk10ACPact[c]  -> pk12ACPact[c] + coa[c] + 

co2[c]

(SCO5087 and SCO5088)

ACTS7 polyketide chain elongation 6 malcoa[c] + h[c] + pk12ACPact[c]  -> pk14ACPact[c] + coa[c] + 

co2[c]

(SCO5087 and SCO5088)

ACTS8 polyketide chain elongation 7 malcoa[c] + h[c] + pk14ACPact[c]  -> pk16ACPact[c] + coa[c] + 

co2[c]

(SCO5087 and SCO5088)

ACTS9 actI cyclase pk16ACPact[c]  -> actint1ACPact[c] (SCO5087 and SCO5088)

ACTt actinorhodin transport via facilitated transport ACT[c] + 2 nad[c]  -> gACT[e] + 2 nadh[c] (SCO5083 and SCO5084)

ALAD_L L-alanine dehydrogenase ala-L[c] + h2o[c] + nad[c]  -> h[c] + nadh[c] + nh4[c] + pyr[c] SCO1773

ANPRT anthranilate phosphoribosyltransferase anth[c] + prpp[c]  -> ppi[c] + pran[c] (SCO2147 or SCO3212)

APTNAT 5-aminopentanoate:2-oxoglutarate aminotransferase 5aptn[c] + akg[c]  <=> glu-L[c] + oxptn[c]

ASNN L-asparaginase asn-L[c] + h2o[c]  -> asp-L[c] + nh4[c] 

CAT catalase 2 h2o2[c]  -> 2 h2o[c] + o2[c] (SCO0379 or SCO0560 or (SCO0666 and 

SCO2529) or SCO6204 or SCO7590)

CITL Citrate lyase cit[c]  -> ac[c] + oaa[c] (SCO2033 or SCO6471)

CYSDS Cysteine Desulfhydrase cys-L[c] + h2o[c]  -> h2s[c] + nh4[c] + pyr[c] (SCO0435 or SCO0731 or SCO3920)

DAPAT Cadaverine aminotranferase 15dap[c] + akg[c]  -> glu-L[c] + h[c] + h2o[c] + pprdn[c]

ECOAH1 3-hydroxyacyl-CoA dehydratase (3-hydroxybutanoyl-

CoA)

3hbcoa[c]  <=> b2coa[c] + h2o[c] (SCO6732 or SCO4384)

ECOAH9ir 2-Methylprop-2-enoyl-CoA (2-Methylbut-2-enoyl-

CoA)

2mb2coa[c] + h2o[c]  -> 3hmbcoa[c] SCO6732

EX_gACT(e) gamma-actinorhodin exchange gACT[e]  <=> 

EX_h2s(e) Hydrogen sulfide exchange h2s[e]  <=> 

EX_indole(e) Indole exchange indole[e]  <=> 

EX_pacald(e) Phenylacetaldehyde exchange pacald[e]  <=> 

FBP fructose-bisphosphatase fdp[c] + h2o[c]  -> f6p[c] + pi[c] SCO5047
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FE3Ri Fe(III) reduction fadh2[c] + 2 fe3[c]  -> fad[c] + 2 fe2[c] + 2 h[c] 

FERO ferroxidase 4 fe2[c] + 4 h[c] + o2[c]  -> 4 fe3[c] + 2 h2o[c] ((SCO3439 and SCO3440) and SCO6712)

FGLU formimidoylglutamase forglu[c] + h[c] + h2o[c]  -> frmd[c] + glu-L[c]

FKYNH N-Formyl-L-kynurenine amidohydrolase Lfmkynr[c] + h2o[c]  -> Lkynr[c] + for[c] + h[c] SCO3644

FORAMD formamidase frmd[c] + h2o[c]  -> for[c] + nh4[c]

FUMAC fumarylacetoacetase 4fumacac[c] + h2o[c]  -> acac[c] + fum[c] + h[c] SCO4580

GLCOAS glutaryl-CoA synthetase atp[c] + coa[c] + glutar[c]  -> adp[c] + glutcoa[c] + pi[c]

GLUDxi glutamate dehydrogenase (NAD, irreversible) glu-L[c] + h2o[c] + nad[c]  -> akg[c] + h[c] + nadh[c] + nh4[c] SCO2999

GLUN glutaminase gln-L[c] + h2o[c]  -> glu-L[c] + nh4[c] SCO7049

GLUTCOADHc glutaryl-CoA dehydrogenase (citosol) fad[c] + glutcoa[c] + h[c]  -> b2coa[c] + co2[c] + fadh2[c] SCO1750

GLYAT glycine C-acetyltransferase accoa[c] + gly[c]  <=> 2aobut[c] + coa[c] SCO6800

H2St1 h2s transport h2s[e]  <=> h2s[c] s0001 

HACD1 3-hydroxyacyl-CoA dehydrogenase (acetoacetyl-

CoA)

aacoa[c] + h[c] + nadh[c]  <=> 3hbcoa[c] + nad[c] SCO6732

HACD9 3-hydroxyacyl-CoA dehydrogenase (2-

Methylacetoacetyl-CoA)

3hmbcoa[c] + nad[c]  <=> 2maacoa[c] + h[c] + nadh[c] SCO6732

HCO3E HCO3 equilibration reaction co2[c] + h2o[c]  <=> h[c] + hco3[c] (SCO2093 or SCO3562 or SCO3721 or 

SCO6055)

HGNTOR Homogentisate:oxygen 1,2-oxidoreductase 

(decyclizing)

hgentis[c] + o2[c]  -> 4mlacac[c] + h[c] SCO1715

HISD histidase his-L[c]  -> nh4[c] + urcan[c] SCO4932

HMGL hydroxymethylglutaryl-CoA lyase hmgcoa[c]  -> acac[c] + accoa[c] SCO2778

IBMi isobutyryl-CoA mutase (irreversible) ibcoa[c]  -> btcoa[c] (SCO5415 and (SCO4800 or SCO6833))

IGPS indole-3-glycerol-phosphate synthase 2cpr5p[c] + h[c]  -> 3ig3p[c] + co2[c] + h2o[c] (SCO2039 or SCO3211)

INDOLEt2r Indole transport via proton symport, reversible h[e] + indole[e]  <=> h[c] + indole[c] 

IZPN imidazolonepropionase 4izp[c] + h2o[c]  -> forglu[c] + h[c] SCO3070

KYN kynureninase Lkynr[c] + h2o[c]  -> ala-L[c] + anth[c] + h[c] SCO3645

LEUTA leucine transaminase akg[c] + leu-L[c] <=> 4mop[c] + glu-L[c] (SCO1546 or SCO5523)

LYSDC lysine decarboxylase h[c] + lys-L[c]  -> 15dap[c] + co2[c] SCO7311

MACACI maleylacetoacetate isomerase 4mlacac[c]  -> 4fumacac[c]

229



MCCC methylcrotonoyl-CoA carboxylase 3mb2coa[c] + atp[c] + hco3[c]  -> 3mgcoa[c] + adp[c] + h[c] + pi[c] (SCO2776 and SCO2777)

MGCH methylglutaconyl-CoA hydratase 3mgcoa[c] + h2o[c]  <=> hmgcoa[c]

MME methylmalonyl-CoA epimerase mmcoa-R[c]  <=> mmcoa-S[c] SCO5398

MMM methylmalonyl-CoA mutase succoa[c]  <=> mmcoa-R[c] (SCO6832 or SCO4869)

OCOAT1 3-oxoacid CoA-transferase (Succinyl-CoA: 

acetoacetate)

acac[c] + succoa[c]  -> aacoa[c] + succ[c] (SCO6702 and SCO6703)

OIVD1 2-oxoisovalerate dehydrogenase (acylating; 4-methyl-

2-oxopentaoate)

4mop[c] + coa[c] + nad[c]  -> co2[c] + ivcoa[c] + nadh[c] (((SCO3816 and SCO3817) or (SCO3830 

and SCO3831)) and (SCO3815 or 

SCO3829) and (SCO0884 or SCO2180 or 

SCO4919))

OIVD2 2-oxoisovalerate dehydrogenase (acylating; 3-methyl-

2-oxobutanoate)

3mob[c] + coa[c] + nad[c]  -> co2[c] + ibcoa[c] + nadh[c] (((SCO3816 and SCO3817) or (SCO3830 

and SCO3831)) and (SCO3815 or 

SCO3829) and (SCO0884 or SCO2180 or 

SCO4919))

OIVD3 2-oxoisovalerate dehydrogenase (acylating; 3-methyl-

2-oxopentanoate)

3mop[c] + coa[c] + nad[c]  -> co2[c] + 2mbcoa[c] + nadh[c] (((SCO3816 and SCO3817) or (SCO3830 

and SCO3831)) and (SCO3815 or 

SCO3829) and (SCO0884 or SCO2180 or 

SCO4919))

OXPTNDH glutarate-semialdehyde:NAD+ oxidoreductase h2o[c] + nad[c] + oxptn[c]  <=> glutar[c] + 2 h[c] + nadh[c]

P5CD 1-pyrroline-5-carboxylate dehydrogenase 1pyr5c[c] + 2 h2o[c] + nad[c]  -> glu-L[c] + h[c] + nadh[c] SCO5520

PACALDt2r phenylacetaldehyde reversible transport via proton 

symport

h[e] + pacald[e]  <=> h[c] + pacald[c] 

PEAMNO Phenethylamine oxidase h2o[c] + o2[c] + peamn[c]  -> h2o2[c] + nh4[c] + pacald[c] 

PHYCBOXL L-Phenylalanine carboxy-lyase h[c] + phe-L[c]  -> co2[c] + peamn[c]

PKT phosphoketolase xu5p-D[c] + pi[c]  -> actp[c] + g3p[c] + h2o[c] SCO0617

PPCOAC propionyl-CoA carboxylase ppcoa[c] + atp[c] + hco3[c]  -> adp[c] + h[c] + mmcoa-S[c] + pi[c] ((SCO2776 and SCO2777) or (SCO4380 

and SCO4381) or ((SCO4921 or SCO6271) 

and (SCO4925 and SCO4926)))

PPRDNDH Piperideine dehydrogenase 2 h2o[c] + nad[c] + pprdn[c]  -> 5aptn[c] + h[c] + nadh[c]

PRAIi phosphoribosylanthranilate isomerase (irreversible) pran[c]  -> 2cpr5p[c] SCO2050
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PROD2 Proline dehydrogenase fad[c] + pro-L[c]  -> 1pyr5c[c] + fadh2[c] + h[c] 

SERD_L L-serine deaminase ser-L[c]  -> nh4[c] + pyr[c] (SCO0821 or SCO4962 or SCO5469)

THRD L-threonine dehydrogenase nad[c] + thr-L[c]  -> 2aobut[c] + h[c] + nadh[c] SCO6799

TRPO2 L-Tryptophan:oxygen 2,3-oxidoreductase 

(decyclizing)

o2[c] + trp-L[c]  -> Lfmkynr[c] SCO3646

TRPS3 tryptophan synthase (indoleglycerol phosphate) 3ig3p[c]  -> g3p[c] + indole[c] (SCO2036 and SCO2037)

TYRTA tyrosine transaminase akg[c] + tyr-L[c]  <=> 34hpp[c] + glu-L[c] (SCO1859 or SCO2053 or SCO3944 or 

SCO4645 or SCO3658)

URCN urocanase urcan[c] + h2o[c]  -> 4izp[c] SCO3073

* FSEOF results using computational complex media based on the batch fermentation data for S. lividans (D'Huys et al. 2011).

92 reactions were predicted as overexpression targets for increasing actinorhodin production. FSEOF result using the growth 

media missing BCAAs predicted 73 reactions as overexpression targets, excluding 19 grayed reactions from the primary 

FSEOF result. Therefore, at least 19 reactions are involved in branched-chain amino acids metabolism.
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A.3 Supplementary Figures

Figure A1 Validation of the BCDH overexpression mutant by measuring the 

transcript levels

(A) Structure of the operon coding for three subunits of BCDH complex. Transcript 

levels of bkdA1 and bkdC1 were measured for validating BCDH overexpression. The

measured regions for each genes with qPCR are indicated by red solid lines. (B) 

Transcript levels of bkdA1 and bkdC1 for WT and BCDH overexpression mutant at 

3, 5, and 7 day of the cultures.
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Figure A2 Roles of newly added genes in iMK1208

550 genes are newly added when comparing iIB711 and iMK1208. Mainly, the new 

genes are involved in transport, cofactor and prosthetic group biosynthesis, inorganic 

ion metabolism, amino acid metabolism, and alternative carbon metabolism.
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A.4 MATLAB codes used for the study

MATLAB codes for flux scanning based on enforced objective flux (FSEOF)

function [targetRxns, fluxPatterns] = FSEOF(model, 
productRxn, typeResult, numSteps)
%FSEOF identifies gene overexpression targets.

%INPUTS
%  model        Structure containing all necessary variables to 
describe a stoichiometric model.
%               Objective function should be set to biomass 
equation.
%  productRxn   Name of the exchange reaction for the desired 
product.
%
%OPTIONAL INPUTS
%  typeResult   True to include the rxns with oscillating flux 
patterns in the result.
%               (It is based on the algorithm used in the 
paper. (Choi et al., 2010))
%               False to remove the rxns with oscillating flux 
patterns from the result. (default = false)
%  numSteps     Number of intervals between initial product 
flux and maximized product flux. (default = 20)
%
%OUTPUTS
%  targetRxns   A list of reactions to be overexpressed to 
overproduce the desired product.
%  fluxPatterns Flux patterns for targetRxns.
%
%Reference: Hyung Seok Choi et al., Appl. Environ. Microbiol. 
(2010)
%
%Implemented by Minsuk Kim 09/07/13
%Ask to kms1041@snu.ac.kr
%
%EXAMPLE
%   [targetRxns, fluxPatterns] = FSEOF(model, 'EX_etoh(e)', 
false, 15)

if (nargin <3)
typeResult = false;

end
if (nargin <4)

numSteps   = 20;
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end

% Calculate initial and maximum flux of product Rxn.
notEnforcedSolution        = optimizeCbModel(model); %(model, 
'max', 1)
productRxnNum              = ismember(model.rxns, productRxn);
initialProductFlux         = 
notEnforcedSolution.x(productRxnNum);
modelProduct               = changeObjective(model, 
productRxn);
theoreticalMaximumSolution = 
optimizeCbModel(modelProduct); %(model, 'max', 1)

[rowNumRxns, colNumRxns]   = size(model.rxns);
allFluxPatterns            = zeros(rowNumRxns, numSteps);

% Recalculate all the flux with the enforced flux of product 
Rxn.
for i = 1:numSteps

enforcedProductFlux    = initialProductFlux + 
(theoreticalMaximumSolution.f - initialProductFlux) * ((i-
1)/numSteps);

modelEnforced          = changeRxnBounds(model, productRxn, 
enforcedProductFlux, 'b');

enforcedSolution       = optimizeCbModel(modelEnforced, 
'max', 'one'); %(model, 'max', 1)

allFluxPatterns(:,i) = enforcedSolution.x;
end

targetRxns = {};
fluxPatterns =[];
allFluxMaximum = (max(allFluxPatterns'))';
allFluxMinimum = (min(allFluxPatterns'))';

for i = 1:rowNumRxns
if typeResult  % Result may include the rxns with 

oscillating flux patterns.
        if (max(abs(allFluxMaximum(i)), 
abs(allFluxMinimum(i))) > abs(allFluxPatterns(i,1))) && 
(allFluxMaximum(i)*allFluxMinimum(i) >= 0)
            targetRxns   = [targetRxns; model.rxns(i)];
            fluxPatterns = [fluxPatterns; 
allFluxPatterns(i,:)];
        end

else           % Result without the rxns with oscillating 
flux patterns.
        increaseCount = 0;
        for j = 1:(numSteps - 1)
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            if abs(allFluxPatterns(i,j)) <= 
abs(allFluxPatterns(i,j+1))
                increaseCount = increaseCount + 1;
            end
        end
        if (increaseCount == numSteps - 1) && 
abs(allFluxPatterns(i,1)) < abs(allFluxPatterns(i,(numSteps -
1)))
            targetRxns   = [targetRxns; model.rxns(i)];
            fluxPatterns = [fluxPatterns;
allFluxPatterns(i,:)];
        end

end
end
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B Supplementary Materials for Chapter 3

B.1 Supplementary Results

Sensitivity of the predicted tSOT targets and corresponding yield improvements 

to changes in low expression threshold in tSOT

The results of tSOT can vary depending on the expression threshold used for 

discretizing expression values, as in iMAT. The results of tSOT, including predicted 

target reactions and accompanying yield improvements, for different values of low 

expression threshold in iMAT have been shown in Figure B1. Low expression 

threshold of 50th percentile of the given transcriptomic data has been used for 

making predictions in main text (Table 3.3). Six of the seven reactions in Table 3.3 

namely AKGDH2, ALCD19y, ALCD2y, ME2, RPE, and THD2 are consistently 

identified as overexpression targets for increasing actinorhodin production, while 

predicted yield improvements are varying significantly. Note that low expression 

thresholds over 55th percentile cannot be tested using Gurobi optimization solver 

due to the occurrence of intractably high number of integer variables.
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B.2 Supplementary Figures

Figure B1 Sensitivity of the predicted tSOT targets and accompanying yield 

improvements to changes in low expression threshold in iMAT

Predicted yield improvements for seven target reactions listed in Table 3.3 are shown 

in solid lines, while that for other targets are shown in dashed-lines. Details of the 

reactions in the graph, such as full reaction names and corresponding genes, are 

available in Table A1.
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B.3 MATLAB codes used for the study

MATLAB codes for transcriptomics-based strain optimization tool (tSOT)

function tSOTsolution = tSOT(model, data, productRxn)
% Transcriptomics-based strain optimization tool
%
%INPUTS
% model             COBRA model structure
% data              Gene expression data structure
%       genes                   Cell containing gene names
%       transcriptomics         Gene expression levels
%       genes and transcriptomics should have same length
% productRxn     Exchange reaction for target product
%
%%UTPUTS
% tSOTsolution      tSOT solution structure (overexpression 
targets and expected yield improvement)

IMAT_LOWER_QUANTILE = 0.5;
IMAT_UPPER_QUANTILE = 0.75;
eps_param = 0.0001;

lower_threshold = quantile(data.transcriptomics, 
IMAT_LOWER_QUANTILE);

upper_threshold = quantile(data.transcriptomics, 
IMAT_UPPER_QUANTILE);

scale_value = abs(model.lb(strcmp(model.rxns, 
'EX_glc(e)')));

eps_param = eps_param * scale_value;

iMATresult = call_iMAT(model, data.genes, 
data.transcriptomics, lower_threshold, upper_threshold, 
eps_param);

offStateRxns = setdiff(iMATresult.lowlyExpressedRxns, 
iMATresult.upregulatedRxns);

referenceModel = buildReferenceModel(model, offStateRxns);
referenceModel = changeObjective(referenceModel, 

productRxn, 1);

[targetRxns, yieldImprovements] = 
findTargetRxns(referenceModel, model, offStateRxns);

tSOTsolution.targetRxns = targetRxns;
tSOTsolution.yieldImprovements = yieldImprovements;
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end

function referenceModel = buildReferenceModel(model, 
offStateRxns)

referenceModel = model;

for i = 1:length(offStateRxns)
        referenceModel = changeRxnBounds(referenceModel, 
offStateRxns(i), 0, 'b');

end
end

function [targetRxns, yieldImprovements] = 
findTargetRxns(referenceModel, model, offStateRxns)

targetRxns = {};
yieldImprovements = [];

solution = optimizeCbModel(referenceModel);
referenceYield = solution.f;

for i = 1:length(offStateRxns)
        targetUpregulatedModel = referenceModel;
        rxnID = find(strcmp(model.rxns, offStateRxns(i)));
        targetUpregulatedModel.lb(rxnID) = model.lb(rxnID);
        targetUpregulatedModel.ub(rxnID) = model.ub(rxnID);
        solution = optimizeCbModel(targetUpregulatedModel);
        if solution.f/referenceYield > 1.001
            targetRxns = [targetRxns; offStateRxns(i)];
            yieldImprovements = [yieldImprovements; 
(solution.f/referenceYield - 1) * 100];

     end
end

end

function iMATresult = call_iMAT(model, gene_names, gene_exp, 
lower_threshold, upper_threshold, eps_param)
% Implements iMAT as defined in [Shlomi et al, Nat Biotech, 
2008].
% Adapted from the implementation provided in the cobra 
toolbox.
%
% INPUTS
%       model - cobra model
%       gene_names - genes ids
%       gene_exp - genes expression
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%       lower_threshold - lower expression threshold
%       upper_threshold - upper expression threshold
%       eps_param - flux activation threshold
%
% OUTPUTS
%       model_exp - model integrated with transcriptomics data
%
% Original author: Daniel Machado, 2013, [Machado and 
Herrgard, PLOS Comput Biol, 2014]
%
% Modified for tSOT simulation: Minsuk Kim, 2014

discrete_levels = zeros(size(gene_exp));
discrete_levels(gene_exp > upper_threshold) = 1;
discrete_levels(gene_exp < lower_threshold) = -1;
reaction_levels = gene_to_reaction_levels(model, 

gene_names, discrete_levels, @min, @max);
RHindex = find(reaction_levels > 0);
RLindex = find(reaction_levels < 0);

[~, iMATresult] = shlomi(model, RHindex, RLindex, 
eps_param);

end

function [v_sol, iMATresult] = shlomi(model, RHindex, 
RLindex, eps_param)
% Implementation from the cobra toolbox 
(createTissueSpecificModel.m)
% Modified for tSOT simulation : Minsuk Kim, 2014

lowlyExpressedRxns = model.rxns(RLindex);
upregulatedRxns = {};

S = model.S;
lb = model.lb;
ub = model.ub;

% Creating A matrix
A = 

sparse(size(S,1)+2*length(RHindex)+2*length(RLindex),size(S,2
)+2*length(RHindex)+length(RLindex));

[m,n,s] = find(S);
for i = 1:length(m)

        A(m(i),n(i)) = s(i); %#ok<SPRIX>
end

for i = 1:length(RHindex)

241



        A(i+size(S,1),RHindex(i)) = 1; %#ok<SPRIX>
        A(i+size(S,1),i+size(S,2)) = lb(RHindex(i)) -
eps_param; %#ok<SPRIX>
        A(i+size(S,1)+length(RHindex),RHindex(i)) = 
1; %#ok<SPRIX>
        
A(i+size(S,1)+length(RHindex),i+size(S,2)+length(RHindex)+len
gth(RLindex)) = ub(RHindex(i)) + eps_param; %#ok<SPRIX>

end

for i = 1:length(RLindex)
        A(i+size(S,1)+2*length(RHindex),RLindex(i)) = 
1; %#ok<SPRIX>
        
A(i+size(S,1)+2*length(RHindex),i+size(S,2)+length(RHindex))
= lb(RLindex(i)); %#ok<SPRIX>
        
A(i+size(S,1)+2*length(RHindex)+length(RLindex),RLindex(i)) = 
1; %#ok<SPRIX>
        
A(i+size(S,1)+2*length(RHindex)+length(RLindex),i+size(S,2)+l
ength(RHindex)) = ub(RLindex(i)); %#ok<SPRIX>

end

% Creating csense
csense1(1:size(S,1)) = 'E';
csense2(1:length(RHindex)) = 'G';
csense3(1:length(RHindex)) = 'L';
csense4(1:length(RLindex)) = 'G';
csense5(1:length(RLindex)) = 'L';
csense = [csense1 csense2 csense3 csense4 csense5];

% Creating lb and ub
lb_y = zeros(2*length(RHindex)+length(RLindex),1);
ub_y = ones(2*length(RHindex)+length(RLindex),1);
lb = [lb;lb_y];
ub = [ub;ub_y];

% Creating c
c_v = zeros(size(S,2),1);
c_y = ones(2*length(RHindex)+length(RLindex),1);
c = [c_v;c_y];

% Creating b
b_s = zeros(size(S,1),1);
lb_rh = lb(RHindex);
ub_rh = ub(RHindex);
lb_rl = lb(RLindex);
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ub_rl = ub(RLindex);
b = [b_s;lb_rh;ub_rh;lb_rl;ub_rl];

% Creating vartype
vartype1(1:size(S,2),1) = 'C';
vartype2(1:2*length(RHindex)+length(RLindex),1) = 'B';
vartype = [vartype1;vartype2];

MILPproblem.A = A;
MILPproblem.b = b;
MILPproblem.c = c;
MILPproblem.lb = lb;
MILPproblem.ub = ub;
MILPproblem.csense = csense;
MILPproblem.vartype = vartype;
MILPproblem.osense = -1;
MILPproblem.x0 = [];

params.timeLimit = 100;
solution = solveCobraMILP(MILPproblem, params);

x = solution.cont;
for i = 1:length(x)

        if abs(x(i)) < 1e-6
            x(i,1) = 0;
        end

end

v_sol = x;

for i = 1:length(model.rxns)
        if length(find(RLindex == i))
            if ~(solution.int(find(RLindex == i) + 
length(RHindex)) == 1)
                upregulatedRxns = [upregulatedRxns; 
model.rxns(i)];
            end
        end

end

iMATresult.lowlyExpressedRxns = lowlyExpressedRxns;
iMATresult.upregulatedRxns = upregulatedRxns;

end

function reaction_levels = gene_to_reaction_levels( model, 
genes, levels, f_and, f_or )
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% Convert gene expression levels to reaction levels using GPR 
associations.
% Level is NaN if there is no GPR for the reaction or no 
measured genes.
%
% INPUTS
%       model - cobra model
%       genes - gene names
%       levels - gene expression levels
%       f_and - function to replace AND
%       f_or - function to replace OR
%
% OUTPUTS
%       reaction_levels - reaction expression levels
%
% Author: Daniel Machado, 2013
% an implementation provided in [Machado and Herrgard, PLOS 
Comput Biol, 2014]

reaction_levels = zeros(length(model.rxns), 1);

for i = 1:length(model.rxns)
        level = eval_gpr(model.grRules{i}, genes, levels, 
f_and, f_or);
        reaction_levels(i) = level;

end

end

function [result, status] = eval_gpr(rule, genes, levels, 
f_and, f_or)
% Evaluate the expression level for a single reaction using 
the GPRs.
% Note: Computes the expression level even if there are 
missing measured
% values for the given rule. This implementation is a 
modified version of
% an implementation provided in [Lee et al, BMC Sys Biol, 
2012]

EVAL_OK = 1;
PARTIAL_MEASUREMENTS = 0;
NO_GPR_ERROR = -1;
NO_MEASUREMENTS = -2;
MAX_EVALS_EXCEEDED = -3;

MAX_EVALS = 1000;
NONETYPE = 'NaN';
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NUMBER = '[0-9\.\-e]+';
MAYBE_NUMBER = [NUMBER '|' NONETYPE];

expression = rule;
result = NaN;
status = EVAL_OK;

if isempty(expression)
        status = NO_GPR_ERROR;

else
        rule_genes = 
setdiff(regexp(expression,'\<(\w|\-)+\>','match'), {'and',
'or'});
        
        total_measured = 0;
        
        for i = 1:length(rule_genes)
            j = find(strcmp(rule_genes{i}, genes));
            if isempty(j)
                level = NONETYPE;
            else
                level = num2str(levels(j));
                total_measured = total_measured + 1;
            end
            expression = regexprep(expression, ['\<',
rule_genes{i}, '\>'], level );
        end
      

        
        if total_measured == 0
            status = NO_MEASUREMENTS;
        else
            if total_measured < length(rule_genes)
                status = PARTIAL_MEASUREMENTS;
            end
            
            maybe_and = @(a,b)maybe_functor(f_and, a, b);
            maybe_or = @(a,b)maybe_functor(f_or, a, b); 
            str_wrapper = @(f, a, b)num2str(f(str2double(a), 
str2double(b)));

            counter = 0;
            
            while isnan(result)

                counter = counter + 1;
                if counter > MAX_EVALS
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                    status = MAX_EVALS_EXCEEDED;
                    break
                end

                try 
                    result = eval(expression);            
                catch e   
                    paren_expr = ['\(\s*(',
MAYBE_NUMBER,')\s*\)'];
                    and_expr = 
['(',MAYBE_NUMBER,')\s+and\s+(',MAYBE_NUMBER,')'];
                    or_expr = 
['(',MAYBE_NUMBER,')\s+or\s+(',MAYBE_NUMBER,')'];

                    expression = regexprep(expression, 
paren_expr, '$1');
                    expression = regexprep(expression, and_expr, 
'${str_wrapper(maybe_and, $1, $2)}');
                    expression = regexprep(expression, or_expr, 
'${str_wrapper(maybe_or, $1, $2)}');
                end
            end
            
        end

end

end

function c = maybe_functor(f, a, b)

if isnan(a) && isnan(b)
        c = nan;

elseif ~isnan(a) && isnan(b)
        c = a;

elseif isnan(a) && ~isnan(b)
        c = b;

else 
        c = f(a,b);

end
end
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C Supplementary Materials for Chapter 4

C.1 Supplementary Results

Effects of quality and size of TRN model on BeReTa prediction

The structure of TRN model used for BeReTa could have a great influence on the 

prediction results. Both quality and size of TRN could affect the BeReTa prediction 

results. First, the effect of quality of TRN on BeReTa prediction has been accessed 

for the E. coli case study. RegulonDB not only provides list of regulatory interactions 

but also associated confidence levels. Two TRNs differ in quality can be considered: 

small-sized but experimentally validated TRN consists of 1337 interactions with 

only strong confidence level (TRNS), and large-sized but less validated TRN consists 

of 3672 interactions with both strong and weak confidence levels (TRNSW). BeReTa 

prediction results using two TRN models are provided in Table C4. BeReTa results 

using TRNS contain less number of experimentally validated targets than that for 

TRNSW. Therefore, it has been concluded that better prediction results could be 

obtained by including higher number of regulatory interactions even though their 

confidence level is weak.

In addition, the effect of size of TRN on BeReTa results has been examined for 

the S. coelicolor case study. TRNs which consist of 2500 to 12500 interactions have 

been tested, and the results are shown in Table C5. Some TRs with low beneficial 

scores are identified as manipulation targets only for some sizes of TRNs. However, 

most of the TRs with high beneficial scores are consistently identified as gene 

manipulation targets regardless of sizes of TRNs. These results show that the 

BeReTa algorithm is quite insensitive to the size of TRN used for making prediction.
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C.2 Supplementary Tables

Table C1 Simulation details for the production of chemicals in E. coli using iJO1366

Key
Precursor

Native
/Non-native Product Simulation details and References

Pentose 5-P Native L-Histidine Product Reaction EX_his-L(e)

Reference (Doroshenko et al. 2013)

Riboflavin Added Reaction Rxn name Rxn description Formula

DM_ribflv[c] Sink needed to allow riboflavin to leave system ribflv[c]  ->

Product Reaction DM_ribflv[c]

Reference (Lin et al. 2014)

Shikimate Native L-Phenylalanine Product Reaction EX_phe-L(e)

Reference (Liu et al. 2014)

L-Tryptophan Product Reaction EX_trp-L(e)

Reference (Wang et al. 2013)

L-Tyrosine Product Reaction EX_tyr-L(e)

Reference (Lutke-Eversloh and Stephanopoulos 2007)

Non-native Phenol Added Reaction Rxn name Rxn description Formula

TYRPL Tyrosine phenol-lyase tyr-L[c] + h2o[c]  -> phenol[c] + nh4[c] + pyr[c]

DM_phenol[c] Sink needed to allow phenol to leave system phenol[c]  ->

Product Reaction DM_phenol[c]

Reference (Kim et al. 2014a)

Styrene Added Reaction Rxn name Rxn description Formula

PAL Phenylalanine ammonia-lyase phe-L[c]  <=> cinnm[c] + nh4[c]

TCDC trans-Cinnamate decarboxylase cinnm[c] + h[c]  -> co2[c] + styr[c]

DM_styr[c] Sink needed to allow styrene to leave system styr[c]  ->

Product Reaction DM_styr[c]

Reference (McKenna and Nielsen 2011)

p-Hydroxystyrene Added Reaction Rxn name Rxn description Formula

TAL Tyrosine ammonia-lyase tyr-L[c]  <=> 4hcinnm[c] + nh4[c]

pHCADC p-Hydroxycinnamate decarboxylase 4hcinnm[c] + h[c]  -> co2[c] + phstyr[c]

DM_phstyr[c] Sink needed to allow p-hydroxystyrene to leave 

system

phstyr[c]  ->

Product Reaction DM_phstyr[c]

Reference (Qi et al. 2007)

Naringenin Added Reaction Rxn name Rxn description Formula

TAL Tyrosine ammonia-lyase tyr-L[c]  <=> 4hcinnm[c] + nh4[c]

4CL 4-Coumarate:CoA ligase 4hcinnm[c] + atp[c] + coa[c]  -> 4hcinnmcoa[c] + amp[c] + h[c]

CHS Chalcone synthase 4hcinnmcoa[c] + 3 malcoa[c]  -> naringenin-chalcone[c] + 3 

co2[c] + 4 coa[c]

CHI Chalcone isomerase naringenin-chalcone[c]  -> naringenin[c]

DM_naringenin[c] Sink needed to allow naringenin to leave system naringenin[c]  ->

Product Reaction DM_naringenin[c]
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Reference (Wu et al. 2014)

Dihydroxyacet

one P

Native (R)-1,2-

Propanediol

Product Reaction EX_12ppd-R(e)

Reference (Altaras and Cameron 2000)

Non-native 1,3-Propanediol Added Reaction Rxn name Rxn description Formula

GLYCDH Glycerol dehydratase glyc[c] -> 3hppnl[c] + h2o[c]

13PPDH2 1,3-propanediol dehydrogenase 3hppnl[c] + h[c] + nadph[c] <=> 13ppd[c] + nadp[c]

DM_13ppd[c] Sink needed to allow 1,3-propanediol to leave 

system

13ppd[c]  ->

Product Reaction DM_13ppd[c]

Reference (Tang et al. 2009)

3-P Glycerate Native L-Serine Product Reaction EX_ser-L(e)

Reference (Gu et al. 2014)

Pyruvate Native L-Alanine Product Reaction EX_ala-L(e)

Reference (Zhang et al. 2007a)

L-Leucine Product Reaction EX_leu-L(e)

Reference (Park and Lee 2010)

L-Valine Product Reaction EX_val-L(e)

Reference (Park et al. 2011)

Pantothenate Added Reaction Rxn name Rxn description Formula

DM_pnto-R[c] Sink needed to allow pantothenate to leave system pnto-R[c]  ->

Product Reaction DM_pnto-R[c]

Reference (Elischewski et al. 1999)

Non-native Isobutanol Added Reaction Rxn name Rxn description Formula

3MOBDC 3-Methyl-2-oxobutanoate decarboxylase 3mob[c] + h[c]  -> co2[c] + 2mppal[c]

ALCD2mpp Alcohol dehydrogenase (isobutanol) 2mppal[c] + h[c] + nadh[c]  <=> 2mpp[c] + nad[c]

DM_2mpp[c] Sink needed to allow isobutanol to leave system 2mpp[c]  ->

Product Reaction DM_2mpp[c]

Reference (Baez et al. 2011)

R,R-2,3-

Butanediol

Added Reaction Rxn name Rxn description Formula

ACLDC Acetolactate decarboxylase alac-S[c] + h[c]  -> actn-R[c] + co2[c]

BTDD-RR (R,R)-Butanediol dehydrogenase btd-RR[c] + nad[c]  <=> actn-R[c] + h[c] + nadh[c]

DM_btd-RR[c] Sink needed to allow 2,3-butanediol to leave system btd-RR[c]  ->

Product Reaction DM_btd-RR[c]

Reference (Yan et al. 2009)

Lycopene Added Reaction Rxn name Rxn description Formula

CRTE Geranylgeranyl pyrophosphate synthase ipdp[c] + frdp[c]  -> ppi[c] + ggpp[c]

CRTB Phytoene synthase ggpp[c]  -> 2 ppi[c] + phyto[c]

CRTI Phytoene dehydrogenase 8 nadph[c] + phyto[c]  -> 8 nadp[c] + lyco[c]

DM_lyco[c] Sink needed to allow lycopene to leave system lyco[c]  ->

Product Reaction DM_lyco[c]

Reference (Choi et al. 2010)

Acetyl-CoA Native Palmitate Added Reaction Rxn name Rxn description Formula

DM_hdca[c] Sink needed to allow palmitate to leave system hdca[c]  ->

Deleted Gene b0221 (fadE) deletion for blocking beta-oxidation pathway

Product Reaction DM_hdca[c]

Reference (Zhang et al. 2012)

Non-native 1-Butanol Added Reaction Rxn name Rxn description Formula

BTCOARx Butyryl-coA reductase (NADH) btcoa[c] + h[c] + nadh[c]  -> btal[c] + coa[c] + nad[c]

BTS Butanol synthase btal[c] + h[c] + nadh[c]  -> nad[c] + 1btol[c]
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DM_1btol[c] Sink needed to allow 1-butanol to leave system 1btol[c]  ->

Product Reaction DM_1btol[c]

Reference (Atsumi et al. 2008)

Isopropanol Added Reaction Rxn name Rxn description Formula

ACACDC Acetoacetate decarboxylase acac[c] + h[c]  -> acetone[c] + co2[c]

ALCD2ppoh Alcohol dehydrogenase (isopropanol) acetone[c] + h[c] + nadph[c]  <=> 2ppoh[c] + nadp[c]

DM_2ppoh[c] Sink needed to allow isopropanol to leave system 2ppoh[c]  ->

Modified Reaction Acetyl-CoA:acetoacetyl-CoA transferase (ACACCT) reaction is set to be reversible

Product Reaction DM_2ppoh[c]

Reference (Jojima et al. 2008)

1,4-Butanediol Added Reaction Rxn name Rxn description Formula

OXGDC 2-Oxoglutarate decarboxylase akg[c] + h[c]  -> co2[c] + sucsal[c]

SSALcoax CoA-dependent succinate semialdehyde 

dehydrogenase

h[c] + nadh[c] + succoa[c]  -> coa[c] + nad[c] + sucsal[c]

4HBACT 4-Hydroxybutyryl-CoA transferase accoa[c] + ghb[c]  -> 4hbutcoa[c] + ac[c]

4HBTALDDH 4-Hydroxybutyryl-CoA reductase 4hbutcoa[c] + h[c] + nadh[c]  <=> 4hdxbld[c] + coa[c] + nad[c]

BTDP2 1,4-Butanediol dehydrogenase 4hdxbld[c] + h[c] + nadh[c]  -> 14btd[c] + nad[c]

DM_14btd[c] Sink needed to allow 1,4-butanediol to leave system 14btd[c]  ->

Product Reaction DM_14btd[c]

Reference (Yim et al. 2011)

R-3OH-Butyrate Added Reaction Rxn name Rxn description Formula

PHPB Acetoacetyl-CoA reductase aacoa[c] + h[c] + nadph[c]  <=> 3hbcoa-R[c] + nadp[c]

PT3HB-R Phosphotrans-(R)-3-hydroxybutyrylase 3hbcoa-R[c] + pi[c]  <=> 3hbp-R[c] + coa[c]

3HBPT-R (R)-3-Hydroxybutyrate phosphotransferase atp[c] + bhb[c]  <=> 3hbp-R[c] + adp[c]

DM_bhb[c] Sink needed to allow R-3OH-butyrate to leave 

system

bhb[c]  ->

Product Reaction DM_bhb[c]

Reference (Tseng et al. 2009)

Citrate Non-native Itaconate Added Reaction Rxn name Rxn description Formula

ACONDC Aconitate decarboxylase acon-C[c] + h[c]  -> co2[c] + itacon[c]

DM_itacon[c] Sink needed to allow itaconate to leave system itacon[c]  ->

Product Reaction DM_itacon[c]

Reference (Vuoristo et al. 2015)

2-Oxoglutarate Native L-Arginine Product Reaction EX_arg-L(e)

Reference (Ginesy et al. 2015)

Putrescine Product Reaction EX_ptrc(e)

Reference (Qian et al. 2009)

Non-native 4OH-Proline Added Reaction Rxn name Rxn description Formula

P4H trans-Proline 4-hydroxylase pro-L[c] + akg[c] + o2[c] -> 4hpro[c] + succ[c] + co2[c]

DM_4hpro[c] Sink needed to allow 4OH-proline to leave system 4hpro[c]  ->

Product Reaction DM_4hpro[c]

Reference (Yi et al. 2014)

Succinate Native Succinate Product Reaction EX_succ(e)

Reference (Lin et al. 2005)

Fumarate Modified Reaction Succinate:fumarate antiporter (SUCFUMtpp) reaction is allowed to carry flux in reverse direction

Product Reaction EX_fum(e)

Reference (Song et al. 2013)

L-Malate Product Reaction EX_mal-L(e)

Reference (Zhang et al. 2011)
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Oxaloacetate Native L-Lysine Product Reaction EX_lys-L(e)

Reference (Imaizumi et al. 2005)

L-Methionine Added Reaction Rxn name Rxn description Formula

DM_met-L[c] Sink needed to allow L-methionine to leave system met-L[c]  ->

Product Reaction DM_met-L[c]

Reference (Usuda and Kurahashi 2005)

L-Isoleucine Product Reaction EX_ile-L(e)

Reference (Park et al. 2012a)

L-Threonine Product Reaction EX_thr-L(e)

Reference (Lee et al. 2007)

Cadaverine Product Reaction EX_15dap(e)

Reference (Qian et al. 2011)

Non-native 1-Propanol Added Reaction Rxn name Rxn description Formula

PPCOARx Propanoyl-CoA reductase (NADH) ppcoa[c] + h[c] + nadh[c]  -> ppal[c] + coa[c] + nad[c]

PPOHRx Propanal reductase (NADH) ppal[c] + h[c] + nadh[c]  -> nad[c] + ppoh[c]

DM_ppoh[c] Sink needed to allow 1-propanol to leave system ppoh[c]  ->

Product Reaction DM_ppoh[c]

Reference (Srirangan et al. 2013)

Ectoine Added Reaction Rxn name Rxn description Formula

DABAAT DABA aminotransferase 24dab[c] + akg[c] + h[c]  <=> aspsa[c] + glu-L[c]

DABAACT L-2,4-Diaminobutyrate acetyltransferase accoa[c] + 24dab[c]  -> coa[c] + nac24dab[c]

ECTS L-Ectoine synthase nac24dab[c]  -> ectoine-L[c] + h2o[c] + h[c]

DM_ectoine-L[c] Sink needed to allow ectoine to leave system ectoine-L[c]  ->

Product Reaction DM_ectoine-L[c]

Reference (Bestvater et al. 2008)
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Table C2 Details of BeReTa results for the production of chemicals in E. coli (aerobic, glucose)

Key

Precursor

Native/

Non-native Product

1st Target 2nd Target 3rd Target 4th Target

TR S p-Value TR S p-Value TR S p-Value TR S p-Value

Pentose 5-P Native L-Histidine purR -2.00 0.0002 argP 0.24 0.0275 nac -0.09 0.0060

Riboflavin purR -5.09 0.0000 rbsR -0.06 0.0494

Shikimate Native L-Phenylalanine cra -0.32 0.0009 tyrR -0.30 0.0001 trpR -0.16 0.0176

L-Tryptophan trpR -0.91 0.0000 torR 0.09 0.0071

L-Tyrosine cra -0.42 0.0006 tyrR -0.33 0.0000 trpR -0.16 0.0173

Non-native Phenol cra -0.38 0.0006 tyrR -0.27 0.0000 trpR -0.16 0.0140 iclR -0.01 0.0188

Styrene cra -0.27 0.0017 tyrR -0.22 0.0008 trpR -0.16 0.0207

p-Hydroxystyrene cra -0.39 0.0007 tyrR -0.27 0.0001 trpR -0.16 0.0153

Naringenin tyrR -0.26 0.0050 cra -0.22 0.0233 trpR -0.15 0.0321 lrp 0.07 0.0166

Dihydroxyacetone P Native (R)-1,2-Propanediol cra -0.09 0.0089

Non-native 1,3-Propanediol

3-P Glycerate Native L-Serine tdcA 0.69 0.0054 tdcR 0.13 0.0169 argP 0.09 0.0303 cra -0.08 0.0374

Pyruvate Native L-Alanine cra -0.06 0.0385 kdgR -0.01 0.0199

L-Leucine leuO 0.54 0.0010 deoR -0.42 0.0174 cra -0.15 0.0364

L-Valine lrp -0.82 0.0111 cra -0.12 0.0240 kdgR -0.01 0.0192

Pantothenate cra -0.16 0.0171

Non-native Isobutanol lrp -0.44 0.0239 cra -0.09 0.0135 gntR -0.05 0.0222 kdgR -0.05 0.0036

R,R-2,3-Butanediol tdcA 0.13 0.0419 cra -0.12 0.0050 tdcR 0.04 0.0414

Lycopene soxS 2.96 0.0027 marA 0.76 0.0419 iclR -0.03 0.0254

Acetyl-CoA Native Palmitate fadR 4.01 0.0000 pdhR -1.76 0.0193 fabR -1.31 0.0201 cra -0.57 0.0205

Non-native 1-Butanol pdhR -0.42 0.0070 fadR -0.19 0.0016 cra -0.10 0.0136 fnr -0.10 0.0319

Isopropanol deoR -1.26 0.0000 tdcA 0.72 0.0143 soxS 0.52 0.0415 cytR -0.40 0.0197

1,4-Butanediol tdcA 0.58 0.0059 arcA -0.39 0.0393 tdcR 0.25 0.0013 cra -0.14 0.0031

R-3OH-Butyrate fis 1.94 0.0000 deoR -1.25 0.0000 soxS 0.53 0.0224 cytR -0.40 0.0154

Citrate Non-native Itaconate deoR -0.52 0.0000 soxS 0.35 0.0165 cra -0.20 0.0016 marA 0.11 0.0406
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2-Oxoglutarate Native L-Arginine argR -0.88 0.0000 tdcA 0.57 0.0464 argP 0.44 0.0036 rob 0.35 0.0169

Putrescine tdcA 0.58 0.0393 argR -0.56 0.0000 argP 0.30 0.0024 tdcR 0.25 0.0130

Non-native 4OH-Proline arcA -1.44 0.0039 deoR -1.14 0.0000 rob 0.89 0.0001 soxS 0.86 0.0098

Succinate Native Succinate dcuR 0.40 0.0011 soxS 0.37 0.0065 cra -0.14 0.0051 iclR -0.01 0.0114

Fumarate soxS 0.41 0.0042 dcuR 0.41 0.0010 cra -0.18 0.0035

L-Malate cra -0.20 0.0014 envY 0.11 0.0431 glcC 0.01 0.0485

Oxaloacetate Native L-Lysine argP 0.96 0.0000 cra -0.18 0.0160 fur -0.08 0.0226

L-Methionine metJ -2.17 0.0000 cysB 0.66 0.0060 cra -0.51 0.0068 fur -0.35 0.0026

L-Isoleucine tdcA 0.68 0.0185 argP 0.30 0.0050 tdcR 0.20 0.0276

L-Threonine argP 0.23 0.0067

Cadaverine argP 0.96 0.0000 cadC 0.53 0.0000 gadX 0.40 0.0274 cra -0.18 0.0170

Non-native 1-Propanol arcA -0.55 0.0035 pdhR -0.23 0.0102 dcuR 0.15 0.0138 glcC 0.12 0.0124

Ectoine argP 0.34 0.0009 cra -0.14 0.0132

253



Table C3 Details of BeReTa results for the production of antibiotics in S. coelicolor (aerobic, glucose)

Antibiotics Locus

Gene 

Symbol S p-Value Target Reactions in Secondary Metabolism Target Reactions in Primary Metabolism

Actinorhodin (ACT) SCO5085 actII-4 26.09 0.0000 ACTS1, ACTS10, ACTS11, ACTS13, ACTS14, ACTS15, 

ACTS16, ACTS17, ACTS2, ACTS3, ACTS4, ACTS5, 

ACTS6, ACTS7, ACTS8, ACTS9, ACTt

SCO6992 absR1 20.81 0.0000 ACTS1, ACTS11, ACTS13, ACTS14, ACTS15, ACTS16, 

ACTS17, ACTS2, ACTS3, ACTS4, ACTS5, ACTS6, 

ACTS7, ACTS8, ACTS9

PDH

SCO5877 redD 16.46 0.0012 ACTS1, ACTS11, ACTS15, ACTS16, ACTS17, ACTS2, 

ACTS3, ACTS4, ACTS5, ACTS6, ACTS7, ACTS8, 

ACTS9

SCO5082 actII-1 1.89 0.0076 ACTS16, ACTt

Undecylprodigiosin 

(RED)

SCO5877 redD 7.28 0.0056 REDS23, REDS25, REDS26, REDS28, REDS29, REDS30, 

REDS31, REDS32, REDS33, REDS34, REDS35, REDS37

FBA, GAPD, TPI, ACLS

SCO5881 redZ 4.82 0.0074 REDS28, REDS30, REDS31, REDS32, REDS33, REDS34, 

REDS37

SCO6992 absR1 3.63 0.0231 REDS23, REDS25, REDS26, REDS28, REDS30, REDS31, 

REDS32, REDS33, REDS34, REDS37

IBMi, FBA, GAPD, PDH, PGK, PGM, TPI,  

OIVD2

SCO0132 - -3.60 0.0390 GAPD, PDH, PGK, PGM, TPI, OIVD2

SCO7817 - 3.11 0.0187 IBMi, PFK, ACOAD2f, ACOAD3f, ACOAD4f, 

ACOAD5f

SCO3907 ssb -1.21 0.0242 REDS23, REDS25, REDS26, REDS28, REDS30, REDS31, 

REDS32, REDS33, REDS34

MTHFR2, FBA, GAPD, PDH, PFK, PGK, PGM, 

TPI, TKT1, TKT2, HCO3E, ACLS, OIVD2

Calcium-dependent 

antibiotic (CDA)

SCO3756 - 2.22 0.0174 PFK_3, ANS, IGPS

* For simulation, fluxes through ALCD2x and ALCD19 reactions had been blocked.
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Table C4 Comparison of BeReTa results based on different levels of RegulonDB TRN for the E. coli case study

Key Precursor
Native/
Non-native Product

TRNSW (Strong and weak evidence) TRNS (Strong evidence only)
1st TR 2nd TR 3rd TR 4th TR 1st TR 2nd TR 3rd TR 4th TR

Pentose 5-P Native L-Histidine purR argP nac argP

Riboflavin purR rbsR dnaA

Shikimate Native L-Phenylalanine cra tyrR trpR tyrR trpR cra

L-Tryptophan trpR torR trpR torR

L-Tyrosine cra tyrR trpR tyrR trpR cra

Non-native Phenol cra tyrR trpR iclR trpR tyrR cra iclR

Styrene cra tyrR trpR trpR tyrR cra

p-Hydroxystyrene cra tyrR trpR trpR tyrR cra

Naringenin tyrR cra trpR lrp tyrR trpR cra

Dihydroxyacetone P Native (R)-1,2-Propanediol cra cra

Non-native 1,3-Propanediol cra

3-P Glycerate Native L-Serine tdcA tdcR argP cra argP cra

Pyruvate Native L-Alanine cra kdgR gntR

L-Leucine leuO deoR cra modE

L-Valine lrp cra kdgR gntR

Pantothenate cra cra

Non-native Isobutanol lrp cra gntR kdgR gntR cra

R,R-2,3-Butanediol tdcA cra tdcR

Lycopene soxS marA iclR soxS cra iclR

Acetyl-CoA Native Palmitate fadR pdhR fabR cra fadR

Non-native 1-Butanol pdhR fadR cra fnr fadR gntR cra

Isopropanol deoR tdcA soxS cytR modE soxS cytR atoC

1,4-Butanediol tdcA arcA tdcR cra cra arcA iclR

R-3OH-Butyrate fis deoR soxS cytR modE soxS cytR fis
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Citrate Non-native Itaconate deoR soxS cra marA soxS modE

2-Oxoglutarate Native L-Arginine argR tdcA argP rob marA rob

Putrescine tdcA argR argP tdcR

Non-native 4OH-Proline arcA deoR rob soxS soxS modE marA cytR

Succinate Native Succinate dcuR soxS cra iclR dcuR soxS narL cra

Fumarate soxS dcuR cra dcuR soxS cra

L-Malate cra envY glcC cra ompR

Oxaloacetate Native L-Lysine argP cra fur argP arcA cra

L-Methionine metJ cysB cra fur metJ metR argP iclR

L-Isoleucine tdcA argP tdcR argP cra

L-Threonine argP argP

Cadaverine argP cadC gadX cra argP cadC lrp arcA

Non-native 1-Propanol arcA pdhR dcuR glcC dcuR arcA marA iclR

Ectoine argP cra argP
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Table C5 Comparison of BeReTa results based on different sizes of inferred TRN for the S. coelicolor case study

Antibiotics
2500 interactions 5000 interactions 7500 interactions 10000 interactions 12500 interactions

Gene S Gene S Gene S Gene S Gene S
Actinorhodin (ACT) SCO5085 26.09 SCO5085 26.09 SCO5085 26.09 SCO5085 26.09 SCO5085 27.24

SCO6992 21.35 SCO6992 21.31 SCO6992 21.31 SCO6992 20.81 SCO5877 18.65

SCO5877 15.29 SCO5877 15.29 SCO5877 16.46 SCO6992 15.03

SCO6071 9.74 SCO5082 1.89 SCO5082 1.89 SCO5082 3.04

SCO3537 -3.08

SCO5082 1.89

Undecylprodigiosin 

(RED)

SCO5877 8.35 SCO5877 7.30 SCO5877 7.89 SCO5877 7.28 SCO5877 6.06

SCO5881 3.02 SCO5881 3.63 SCO5881 4.23 SCO5881 4.82 SCO5881 5.38

SCO6992 3.01 SCO6992 3.63 SCO6992 4.15 SCO6992 3.63 SCO0132 -3.42

SCO0132 -2.42 SCO3907 -2.85 SCO0132 -3.60 SCO7817 3.11

SCO1260 1.01 SCO0132 -2.68 SCO7817 3.11 SCO6992 2.92

SCO5085 2.49 SCO3907 -1.21 SCO5017 -1.93

SCO3979 1.54 SCO3979 1.79

SCO5803 1.21 SCO3907 -1.21

SCO6924 1.03

Calcium-dependent 

antibiotic (CDA)

SCO7137 2.64 SCO1425 2.81 SCO7168 4.10 SCO3756 2.22 SCO3756 2.22

SCO2158 2.58 SCO7168 2.47 SCO3756 1.07

SCO2973 1.12 SCO5683 0.13

SCO7168 1.07
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C.3 Supplementary Figures

Figure C1 L-Arginine biosynthetic pathway diagram with the BeReTa 

prediction

L-Arginine biosynthetic pathway diagram with the compositions of beneficial scores 

of transcriptional regulator (TR) manipulation targets for increasing the L-arginine 

production. ArgR deletion and TdcA, ArgP, and Rob overexpression were predicted 

as TR manipulations. The associated flux slopes and regulatory strengths are given 

under the names of the reactions (in bold). The flux slopes (in black) are shared by 

all TRs while the regulatory strengths depend on the TRs. The regulatory strengths 

for the reactions regulated by ArgR, TdcA, ArgP, and Rob are shown in red, purple, 

blue, and green, respectively (only the non-zero values are shown). Reactions with 

non-zero flux slopes and regulatory strengths are shown. Note that, in this example, 

no reaction is regulated by two or more TRs.
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C.4 MATLAB codes used for the study

MATLAB codes for beneficial regulator targeting (BeReTa)

function BeReTaSolution = BeReTa(model, reg_net, exp_comp, 
product_rxn)
% Beneficial Regulator Targeting (BeReTa) algorithm
%
%INPUTS
% model             COBRA model structure
% reg_net           Transcriptional regulatory network 
structure
%       regulator              Cell containing regulator names
%       target                 Cell containing target names
%       sign                   Vector containing sign of 
regulation (activator, 1; repressor, -1; unknown, 0) 
(optional)
%       regulator, target, and sign should have same length
% exp_comp          Gene expression compendium data structure
%       genes                   Cell containing gene names
%       expression              Gene expression levels
%       genes and expression should have same length
% product_rxn       Exchange reaction for target product
%
%OUTPUTS
% BeReTaSolution    BeReTa solution structure (target 
regulator, beneficial score, p-value)

% Generate regulatory strength matrix (RegStr) and flux slope 
vector (q_slope)
[RegStr, RegStr_gene] = generateRegStrMatrix(reg_net, 
exp_comp, model);
q_slope = calculateFluxSlope(model, product_rxn);

% Trimming
reg_list = RegStr(2:end,1);
RegStr = cell2mat(RegStr(2:end,2:end));
q_slope = q_slope(1:size(RegStr,2));

% Calculate beneficial scores for all transcriptional 
regulators (TRs)
beneficial_score = RegStr * q_slope;

% Perform permutation test
beneficial_score_pval = permutationTestBeReTa(model, RegStr, 
q_slope, beneficial_score, reg_list);
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% Apply target criteria to select BeReTa targets
BeReTaSolution = selectBeReTaTargets(model, RegStr, 
RegStr_gene, q_slope, beneficial_score, 
beneficial_score_pval, reg_list);

end

function [RegStr, RegStr_gene] = 
generateRegStrMatrix(reg_net, exp_comp, model)
%% Generate regulatory strength matrix (RS)
regulator = reg_net.regulator;
target = reg_net.target;
if length(fields(reg_net)) == 3

sign = reg_net.sign;
else

sign = zeros(size(regulator));
end
expression = exp_comp.expression;
expressionid = exp_comp.genes;
model_genes = model.genes;
model_rxns = model.rxns;

% Discard regulatory interactions for which correlation 
cannot be computed.
regulator_temp = {};
target_temp = {};
sign_temp = [];
for i = 1:length(regulator)

regulator_id = find(strcmp(regulator(i), expressionid));
target_id = find(strcmp(target(i), expressionid));
if (length(regulator_id) == 1) && (length(target_id) == 1)

        regulator_temp = [regulator_temp; regulator(i)];
        target_temp = [target_temp; target(i)];
        sign_temp = [sign_temp; sign(i)];

end
end
regulator = regulator_temp;
target = target_temp;
sign = sign_temp;

% Generate regulatory strength (RS) matrix for TR-gene
interactions
reg_list = unique(regulator);
corr_mat1 = zeros(length(reg_list), length(model_genes));
corr_mat1_row = reg_list;
corr_mat1_col = model_genes';
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for i = 1:length(regulator)
row_id = find(strcmp(regulator(i), corr_mat1_row));
col_id = find(strcmp(target(i), corr_mat1_col));
x1 = expression(find(strcmp(regulator(i), 

expressionid)),:);
x2 = expression(find(strcmp(target(i), expressionid)),:);
corr_val = corr2(x1, x2);
if sign(i) == 0

        corr_mat1(row_id, col_id) = corr_val;
elseif sign(i) == 1

        corr_mat1(row_id, col_id) = abs(corr_val);
elseif sign(i) == -1

        corr_mat1(row_id, col_id) = - abs(corr_val);
end

end
% Remove zero columns in the matrix
row_index = find(sum(abs(corr_mat1')));
col_index = find(sum(abs(corr_mat1)));
corr_mat2 = corr_mat1(row_index,col_index);
corr_mat2_row = corr_mat1_row(row_index);
corr_mat2_col = corr_mat1_col(col_index);
RegStr_gene = [['RSmat_gene', corr_mat2_col]; [corr_mat2_row, 
num2cell(corr_mat2)]];

% Generate regulatory strength (RS) matrix for TR-rxn
interactions
% GPR mapping using average function
corr_mat3 = zeros(length(corr_mat2_row), length(model_rxns));
corr_mat3_row = corr_mat2_row;
corr_mat3_col = model_rxns';
for i = 1:size(corr_mat2,1)

gpr_genes = corr_mat2_col';
gpr_levels = corr_mat2(i,:)';
gpr_genes2 = gpr_genes(find(gpr_levels));
gpr_levels2 = gpr_levels(find(gpr_levels));
levels = gene_to_reaction_levels(model, gpr_genes2, 

gpr_levels2, @(x,y)((x+y)/2), @(x,y)((x+y)/2));
corr_mat3(i,find(~isnan(levels))) = 

levels(find(~isnan(levels)));
end
RegStr = [['RSmat', corr_mat3_col]; [corr_mat3_row, 
num2cell(corr_mat3)]];

end
function reaction_levels = gene_to_reaction_levels( model, 
genes, levels, f_and, f_or )
% Original authors: Daniel Machado and Markus Herrgard, PLoS 
Computational Biology, 2014
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% Code obtained from 
https://github.com/cdanielmachado/transcript2flux
%
% Convert gene expression levels to reaction levels using GPR 
associations.
% Level is NaN if there is no GPR for the reaction or no 
measured genes.
%
% INPUTS
%       model - cobra model
%       genes - gene names
%       levels - gene expression levels
%     f_and - function to replace AND
%       f_or - function to replace OR
%
% OUTPUTS
%       reaction_levels - reaction expression levels
%
% Author: Daniel Machado, 2013

reaction_levels = zeros(length(model.rxns), 1);

for i = 1:length(model.rxns)
        level = eval_gpr(model.grRules{i}, genes, levels, 
f_and, f_or);
        reaction_levels(i) = level;

end

end
function [result, status] = eval_gpr(rule, genes, levels, 
f_and, f_or)
% Original authors: Daniel Machado and Markus Herrgard, PLoS 
Computational Biology, 2014
% Code obtained from 
https://github.com/cdanielmachado/transcript2flux
%
% Evaluate the expression level for a single reaction using 
the GPRs.
% Note: Computes the expression level even if there are
missing measured
% values for the given rule. This implementation is a 
modified version of
% an implementation provided in [Lee et al, BMC Sys Biol, 
2012]

EVAL_OK = 1;
PARTIAL_MEASUREMENTS = 0;
NO_GPR_ERROR = -1;
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NO_MEASUREMENTS = -2;
MAX_EVALS_EXCEEDED = -3;

MAX_EVALS = 1000;
NONETYPE = 'NaN';

NUMBER = '[0-9\.\-e]+';
MAYBE_NUMBER = [NUMBER '|' NONETYPE];

expression = rule;
result = NaN;
status = EVAL_OK;

if isempty(expression)
        status = NO_GPR_ERROR;

else
        rule_genes = 
setdiff(regexp(expression,'\<(\w|\-)+\>','match'), {'and',
'or'});
        
        total_measured = 0;
        
        for i = 1:length(rule_genes)
            j = find(strcmp(rule_genes{i}, genes));
            if isempty(j)
                level = NONETYPE;
            else
                level = num2str(levels(j));
                total_measured = total_measured + 1;
            end
            expression = regexprep(expression, ['\<',
rule_genes{i}, '\>'], level );
        end
        
        
        if total_measured == 0
            status = NO_MEASUREMENTS;
        else
            if total_measured < length(rule_genes)
                status = PARTIAL_MEASUREMENTS;
            end
            
            maybe_and = @(a,b)maybe_functor(f_and, a, b);
            maybe_or = @(a,b)maybe_functor(f_or, a, b); 
            str_wrapper = @(f, a, b)num2str(f(str2double(a), 
str2double(b)));

            counter = 0;
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          while isnan(result)

                counter = counter + 1;
                if counter > MAX_EVALS
                    status = MAX_EVALS_EXCEEDED;
                    break
                end

                try 
                    result = eval(expression);            
                catch e   
                    paren_expr = ['\(\s*(',
MAYBE_NUMBER,')\s*\)'];
                    and_expr = 
['(',MAYBE_NUMBER,')\s+and\s+(',MAYBE_NUMBER,')'];
                    or_expr = 
['(',MAYBE_NUMBER,')\s+or\s+(',MAYBE_NUMBER,')'];

                    expression = regexprep(expression, 
paren_expr, '$1');
                    expression = regexprep(expression, and_expr, 
'${str_wrapper(maybe_and, $1, $2)}');
                    expression = regexprep(expression, or_expr, 
'${str_wrapper(maybe_or, $1, $2)}');
                end
            end
            
        end

end

end
function c = maybe_functor(f, a, b)
% Original authors: Daniel Machado and Markus Herrgard, PLoS 
Computational Biology, 2014
% Code obtained from 
https://github.com/cdanielmachado/transcript2flux

if isnan(a) && isnan(b)
        c = nan;

elseif ~isnan(a) && isnan(b)
        c = a;

elseif isnan(a) && ~isnan(b)
        c = b;

else 
        c = f(a,b);

end
end
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function q_slope = calculateFluxSlope(model, product_rxn)
%% Calculate flux slope vector (q_slope)
% Calculate initial and maximum flux of product Rxn.
initial_sol = optimizeCbModel(model);
product_rxn_id = ismember(model.rxns, product_rxn);
initial_product_flux = initial_sol.x(product_rxn_id);
model_product = changeObjective(model, product_rxn);
maximum_sol = optimizeCbModel(model_product);
maximum_product_flux = maximum_sol.x(product_rxn_id);

% Flux scanning while increasing the product flux
num_steps = 20;
flux_values = zeros(length(model.rxns), num_steps);
for i = 1:num_steps

product_flux = initial_product_flux + 
(maximum_product_flux - initial_product_flux) * ((i-
1)/num_steps);

model_enforced = changeRxnBounds(model, product_rxn, 
product_flux, 'b');

enforced_sol = optimizeCbModel(model_enforced, 'max', 
'one');

flux_values(:,i) = abs(enforced_sol.x);
end

% Use linear regression to estimate flux slopes
flux_values_product = flux_values(product_rxn_id,:);
q_slope = zeros(size(model.rxns));
for i = 1:length(model.rxns)

linear_regression = 
polyfit(flux_values_product,flux_values(i,:),1);

q_slope(i,1) = linear_regression(1);
end
q_slope(q_slope<0) = 0;

end

function beneficial_score_pval = permutationTestBeReTa(model, 
RegStr, q_slope, beneficial_score, reg_list)
%% Calculate p-values for beneficial scores
% Permute only for gene-associated rxns
selExc = findExcRxns(model, 1);
exchanges = model.rxns(selExc);
orphans = findOrphanRxns(model);
gene_associated = setdiff(model.rxns, exchanges);
gene_associated = setdiff(gene_associated, orphans);
rand_rxn_ids = find(ismember(model.rxns, gene_associated));
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% Calculate permuted beneficial scores
rand_num = 10000;
beneficial_score_rand = zeros(length(reg_list), rand_num);
for i = 1:rand_num

[~, rand_order] = sort(rand(size(rand_rxn_ids)));
q_slope_rand = q_slope;
q_slope_rand(rand_rxn_ids(rand_order)) = 

q_slope(rand_rxn_ids);
beneficial_score_rand(:,i) = RegStr * q_slope_rand;

end

% Calculate p-values
beneficial_score_pval = ones(size(reg_list));
for i = 1:length(reg_list)

if beneficial_score(i) > 0 
        beneficial_score_pval(i) = 
length(find(beneficial_score_rand(i,:) > 
beneficial_score(i))) / rand_num;

elseif beneficial_score(i) < 0
        beneficial_score_pval(i) = 
length(find(beneficial_score_rand(i,:) < 
beneficial_score(i))) / rand_num;

end
end

end

function BeReTaSolution = selectBeReTaTargets(model, RegStr, 
RegStr_gene, q_slope, beneficial_score, 
beneficial_score_pval, reg_list)
%% Apply target criteria to select BeReTa targets
% Define target criteria   (1) TR should have non-zero
beneficial score.
pval_cut = 0.05;         % (2) The p-value of the beneficial 
score should be less than 0.05.
n_target_cut = 2;        % (3) TR should have two or more
effective gene/reaction targets.
f_target_cut = 0.1;      % (4) At least 10% of target 
metabolic genes of TR should be beneficial, i.e. have 
positive flux slopes.

% Calculate the metrics
n_effective_genes = zeros(size(reg_list));
n_effective_rxns = zeros(size(reg_list));
f_effective_genes = zeros(size(reg_list));
for i = 1:length(reg_list)

regulated_genes = 
RegStr_gene(1,(find(cell2mat(RegStr_gene(i+1,2:end)))+1))';
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effective_rxns = model.rxns(find(q_slope .* 
RegStr(i,:)'));

n_effective_rxns(i) = length(effective_rxns);
if length(effective_rxns) > 0

        effective_genes_temp = findGenesFromRxns(model, 
effective_rxns);
        effective_genes = {};
        for j = 1:length(effective_genes_temp)
            effective_genes = [effective_genes;
effective_genes_temp{j}];
        end
        effective_genes = unique(effective_genes);
        effective_genes = intersect(effective_genes, 
regulated_genes);
        n_effective_genes(i) = length(effective_genes);
        f_effective_genes(i) = 
length(effective_genes)/length(regulated_genes);

else
        n_effective_genes(i) = 0;
        f_effective_genes(i) = 0;

end
end

% Select BeReTa targets
BeReTa_metrics = [beneficial_score, beneficial_score_pval, 
n_effective_genes, n_effective_rxns, f_effective_genes];
[~, score_order] = sort(abs(beneficial_score), 'descend');
reg_list = reg_list(score_order);
BeReTa_metrics = BeReTa_metrics(score_order,:);
BeReTaSolution_reg_list = {};
BeReTaSolution_metrics = [];
for i = 1:length(reg_list)

if (BeReTa_metrics(i,2) < pval_cut) && 
(BeReTa_metrics(i,3) >= n_target_cut) && (BeReTa_metrics(i,4) 
>= n_target_cut) && (BeReTa_metrics(i,5) >= f_target_cut)
        BeReTaSolution_reg_list = [BeReTaSolution_reg_list; 
reg_list(i)];
        BeReTaSolution_metrics = [BeReTaSolution_metrics; 
BeReTa_metrics(i,:)];

end
end
BeReTaSolution = [BeReTaSolution_reg_list, 
num2cell(BeReTaSolution_metrics(:,1:2))];

end
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D Supplementary Materials for Chapter 5

D.1 Supplementary Tables

Table D1 List of candidate reactions for overexpression and knockout

Reaction 
abbreviation Reaction description

pFBA 
flux

Knockout
candidate

Overexpression
candidate

Flux fold 
change for 

overexpression
13BGH Endo 1 3 beta glucan glucohydrase 0 Yes No -
13GS 1 3 beta glucan synthase 0.3877 No Yes 2

3DSPHR 3 Dehydrosphinganine reductase 0 Yes No -

AASAD1 L aminoadipate semialdehyde dehydrogenase NADPH 0 Yes No -
AASAD2 L aminoadipate semialdehyde dehydrogenase NADH 0.0978 Yes Yes 2

ABTA 4 aminobutyrate transaminase 0 Yes No -

ACACT1 acetyl CoA C acetyltransferase 0.0092 No Yes 2
ACACT4p acetyl CoA C acetyltransferase octanoyl CoA peroxisomal 0 Yes No -

ACACT5p acetyl CoA C acyltransferase decanoyl CoA peroxisomal 0 Yes No -

ACACT6p acetyl CoA C acetyltransferase dodecanoyl peroxisomal 0 Yes No -
ACACT7p acetyl CoA acyltransferase tetradecanoyl CoA peroxisomal 0 Yes No -

ACACT8p acetyl CoA acyltransferase hexadecanoyl CoA peroxisomal 0 Yes No -

ACCOACr acetyl CoA carboxylase reversible reaction 0.207 No Yes 2
ACGKm acetylglutamate kinase mitochondrial 0.1112 No Yes 2

ACHBSm 2 aceto 2 hydroxybutanoate synthase mitochondrial 0.0658 No Yes 2

ACLSm acetolactate synthase mitochondrial 0.1916 No Yes 2
ACOAO4p acyl CoA oxidase decanoyl CoA peroxisomal 0 Yes No -

ACOAO5p acyl CoA oxidase dodecanoyl CoA peroxisomal 0 Yes No -

ACOAO6p acyl CpA oxidase tetradecanoyl CoA peroxisomal 0 Yes No -
ACOAO7p acyl CoA oxidase hexadecanoyl CoA peroxisomal 0 Yes No -

ACOAO8p acyl CoA oxidase octadecanoyl CoA peroxisomal 0 Yes No -

ACONT aconitase 2.5095 Yes Yes 1.8
ACONTm Aconitate hydratase 1.3589 Yes Yes 2

ACOTAim acteylornithine transaminase irreversible mitochondrial 0.1112 No Yes 2
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ACS acetyl CoA synthetase 0.0196 Yes Yes 2
ACSm acetyl CoA synthetase 0 Yes No -

ADHAPR_SC acyldihydroxyacetonephosphate reductase yeast specific 0 Yes No -

ADK1 adenylate kinase 0.3768 Yes Yes 2
ADK1m adenylate kinase mitochondrial 0 Yes No -

ADK3 adentylate kinase GTP 0 Yes No -

ADK4 adentylate kinase ITP 0 Yes No -
ADNCYC adenylate cyclase 0 Yes No -

ADNK1 adenosine kinase 0.0062 Yes Yes 2

ADNUC adenosine hydrolase 0 Yes No -
ADPT adenine phosphoribosyltransferase 0 Yes No -

ADSK adenylyl sulfate kinase 0.0196 No Yes 2

ADSL1r adenylsuccinate lyase 0.0396 No Yes 2
ADSL2r adenylosuccinate lyase 0.0335 No Yes 2

ADSS adenylosuccinate synthase 0.0396 No Yes 2

AGAT_SC 1 Acyl glycerol 3 phosphate acyltransferase yeast specific 0.0117 No Yes 2
AGPRim N acetyl g glutamyl phosphate reductase irreversible mitochondrial 0.1112 No Yes 2

AGT alanine glyoxylate transaminase 0 Yes No -

AHCi adenosylhomocysteinase 0.0062 No Yes 2
AHSERL2 O acetylhomoserine thiol lyase 0.0173 Yes Yes 2

AICART phosphoribosylaminoimidazolecarboxamide formyltransferase 0.0561 No Yes 2

AIRCr phosphoribosylaminoimidazole carboxylase 0.0335 No Yes 2
AKGDam oxoglutarate dehydrogenase lipoamide 3.5204 Yes Yes 1.13

AKGDbm oxoglutarate dehydrogenase dihydrolipoamide S succinyltransferase 3.5204 Yes Yes 1.13

ALATA_L L alanine transaminase -0.1567 Yes Yes 2
ALAt2r L alanine reversible transport via proton symport 0 Yes No -

ALPHNH allophanate hydrolase 0 Yes No -

AMPDA Adenosine monophosphate deaminase 0 Yes No -
AMPN AMP nucleosidase 0 Yes No -

ANPRT anthranilate phosphoribosyltransferase 0.0097 No Yes 2

ANS anthranilate synthase 0.0097 No Yes 2
AP4AHr Ap4A hydrolase reversible 0 Yes No -

ARGN arginase 0 Yes No -

ARGSL argininosuccinate lyase 0.0549 No Yes 2
ARGt2r L arganine reversible transport via proton symport 0 Yes No -

ASADi aspartate semialdehyde dehydrogenase irreversible 0.1485 No Yes 2

ASNS1 asparagine synthase glutamine hydrolysing 0.0347 No Yes 2
ASNt2r L asparagine reversible transport via proton symport 0 Yes No -

ASPCTn aspartate carbamoyltransferase nuclear 0.0378 No Yes 2
ASPKi aspartate kinase irreversible 0.1485 No Yes 2
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ASPTA aspartate transaminase 1.6627 Yes Yes 2
ASPTAm aspartate transaminase -2.1133 Yes Yes 1.9

ASPTAp aspartate transaminase peroxisomal 0 Yes No -

ASPt2r L aspartate reversible transport via proton symport 0 Yes No -
ATPATF1 ATP adenylyltransferase 0 Yes No -

ATPPRT ATP phosphoribosyltransferase 0.0226 No Yes 2

ATPS ATPase cytosolic 1.9931 Yes Yes 1.31
ATPS3m ATP synthase mitochondrial 23.4832 No Yes 1.21

ATPtm_H ADPATP transporter mitochondrial 26.8925 No Yes 1.19

ATPtp_H ADPATP transporter peroxisomal YL 0 Yes No -
BPNT 3 5 bisphosphate nucleotidase 0.0196 Yes Yes 2

C14STR C 14 sterol reductase 0.0015 No Yes 2

C22STDS C 22 sterol desaturase NADP 0 Yes No -
C24STRer C s24 sterol reductase endoplamic reticular 0.0002 No Yes 2

C3STDH1 C 3 sterol dehydrogenase 4 methylzymosterol 0.0015 No Yes 2

C3STDH2 C 3 sterol dehydrogenase zymosterol 0.0015 No Yes 2
C3STKR1 C 3 sterol keto reductase 4 methylzymosterol 0.0015 No Yes 2

C3STKR2 C 3 sterol keto reductase zymosterol 0.0015 No Yes 2

C4STMO1 C 4 sterol methyl oxidase 4 4 dimethylzymosterol 0.0015 No Yes 2
C4STMO2 C 4 sterol methyl oxidase 4 methylzymosterol 0.0015 No Yes 2

C5STDS C 5 sterol desaturase 0 Yes No -

C8STI C 8 sterol isomerase 0 Yes No -
CAT catalase 0 Yes No -

CATp catalase A peroxisomal 0 Yes No -

CBPS carbamoyl phosphate synthase glutamine hydrolysing 0.0927 No Yes 2
CHLPCTD choline phosphate cytididyltransferase 0 Yes No -

CHOLK Choline kinase 0 Yes No -

CHORM chorismate mutase 0.0806 No Yes 2
CHORS chorismate synthase 0.0903 No Yes 2

CITtam citrate transport mitochondrial -2.7728 No Yes 2

CITtbm citrate transport mitochondrial 0 Yes No -
CITtcm citrate transport mitochondrial 0 Yes No -

CRNCARtm carnithine acetylcarnithine carrier mitochondrial 0 Yes No -

CSNATifm carnitine O aceyltransferase forward reaction mitochondrial 0 Yes No -
CSNATirp carnitine O acetyltransferase reverse direction peroxisomal 0 Yes No -

CSND Cytosine deaminase 0 Yes No -

CSm citrate synthase 4.1317 No Yes 2
CSp citrate synthase 0 Yes No -

CTPS1 CTP synthase NH3 0.0153 Yes Yes 2
CTPS2 CTP synthase glutamine 0 Yes No -
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CYOOm cytochrome c oxidase mitochondrial 11.1866 No Yes 1.11
CYOR_u6m ubiquinol 6 cytochrome c reductase 22.3731 No Yes 1.11

CYSS cysteine synthase 0.0023 No Yes 2

CYSTL cystathionine b lyase 0 Yes No -
CYSTLp cystathione b lyase peroxisomal 0 Yes No -

CYSTS cystathionine beta synthase 0 Yes No -

CYSt2r L cysteine reversible transport via proton symport 0 Yes No -
CYTD cytidine deaminase 0 Yes No -

CYTDK2 cytidine kinase GTP 0 Yes No -

DAGCPT_SC diacylglycerol cholinephosphotransferase yeast specific 0 Yes No -
DAGPYP_SC diacylglycerol pyrophosphate phosphatase yeast specific 0.0053 No Yes 2

DCMPDA dCMP deaminase -0.0008 Yes Yes 2

DCTPD dCTP deaminase 0 Yes No -
DCYTD deoxycytidine deaminase 0 Yes No -

DDPA 3 deoxy D arabino heptulosonate 7 phosphate synthetase 0.0903 Yes Yes 2

DDPAm 2 deoxy D arabino heptulosonate 7 phosphate synthetase mitochondrial 0 Yes No -
DESAT16 Palmitoyl CoA desaturase n C160CoA n C161CoA 0.0042 No Yes 2

DESAT18 stearoyl CoA desaturase n C180CoA n C181CoA 0.0123 No Yes 2

DGK1 deoxyguanylate kinase dGMPATP -0.0008 Yes Yes 2
DHAD1m dihydroxy acid dehydratase 2 3 dihydroxy 3 methylbutanoate mitochondrial 0.1916 No Yes 2

DHAD2m dihydroxy acid dehydratase 2 3 dihydroxy 3 methylpentanoate mitochondrial 0.0658 No Yes 2

DHFRi dihydrofolate reductase irreversible 0 Yes No -
DHFRim dihydrofolate reductase mitochondrial 0.0012 Yes Yes 2

DHORTSn dihydroorotase nuclear -0.0378 No Yes 2

DHQS 3 dehydroquinate synthase 0.0903 No Yes 2
DHQTi 3 dehydroquinate dehydratase irreversible 0.0903 No Yes 2

DICtm dicarboxylate transport mitochondrial 0 Yes No -

DMATT dimethylallyltranstransferase 0.0031 No Yes 2
DPMVD diphosphomevalonate decarboxylase 0.0092 No Yes 2

DPR 2 dehydropantoate 2 reductase 0 Yes No -

DPRm 2 dehydropantoate 2 reductase mitochondrial 0 Yes No -
DTMPK dTMP kinase 0 Yes No -

DURIPP deoxyuridine phosphorylase 0 Yes No -

DUTPDP dUTP diphosphatase 0 Yes No -
ECOAH4p 3 hydroxyacyl CoA dehydratase 3 hydroxydecanoyl CoA peroxisomal 0 Yes No -

ECOAH5p 3 hydroxyacyl CoA dehydratase 3 hydroxydodecanoyl CoA peroxisomal 0 Yes No -

ECOAH6p 3 hydroxyacyl CoA dehydratase 3 hydroxytetradecanoyl CoA peroxisomal 0 Yes No -
ECOAH7p 3 hydroxyacyl CoA dehydratase 3 hydroxyhexadecanoyl CoA peroxisomal 0 Yes No -

ECOAH8p 3 hydroxyacyl CoA dehydratase 3 hydroxyoctadecanoyl CoA peroxisomal 0 Yes No -
ERGSTt ergosterol reversible transport 0 Yes No -
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ETHAK Ethanolamine kinase 0 Yes No -
FA140COAabcp fatty acid peroxisomal transport via ABC system 0 Yes No -

FA141COAabcp fatty acid peroxisomal transport via ABC system 0 Yes No -

FA160COAabcp fatty acyl CoA peroxisomal transport via ABC system 0 Yes No -
FA161COAabcp fatty acyl CoA peroxisomal transport via ABC system 0 Yes No -

FA180COAabcp fatty acyl CoA transport via ABC system 0 Yes No -

FA181COAabcp fatty acyl CoA peroxisomal transport via ABC system 0 Yes No -
FA182COAabcp fatty acyl CoA peroxisomal transport via ABC system 0 Yes No -

FACOAL140 fatty acid CoA ligase tetradecanoate 0 Yes No -

FACOAL160 fatty acid CoA ligase hexadecanoate 0 Yes No -
FACOAL160p fatty acid CoA ligase hexadecanoate peroxisomal 0 Yes No -

FACOAL161 fatty acid CoA ligase hexadecenoate 0 Yes No -

FACOAL180 fatty acid CoA ligase octadecanoate 0 Yes No -
FACOAL181 fatty acid CoA ligase octadecenoate 0 Yes No -

FACOAL182 fatty acid CoA ligase octadecynoate 0 Yes No -

FAS100 fatty acid synthase n C100 0 Yes No -
FAS100COA fatty acyl CoA synthase n C100CoA 0.0286 No Yes 2

FAS120 fatty acid synthase n C120 0 Yes No -

FAS120COA fatty acyl CoA synthase n C120CoA 0.0281 No Yes 2
FAS140 fatty acid synthase n C140 0 Yes No -

FAS140COA fatty acyl CoA synthase n C140CoA 0.0267 Yes Yes 2

FAS160 fatty acid synthase n C160 0 Yes No -
FAS160COA fatty acyl CoA synthase n C160CoA 0.0244 Yes Yes 2

FAS180 fatty acid synthase n C180 0 Yes No -

FAS180COA fatty acyl CoA synthase n C180CoA 0.0135 Yes Yes 2
FAS80COA_L fatty acyl CoA synthase n C80CoA lumped reaction 0.0286 No Yes 2

FAS80_L fatty acid synthase n C80 lumped reaction 0 Yes No -

FBP fructose bisphosphatase 0 Yes No -
FBP26 Fructose 2 6 bisphosphate 2 phosphatase 0 Yes No -

FDH formate dehydrogenase 0 Yes No -

FTHFL formate tetrahydrofolate ligase -0.0183 Yes Yes 2
FTHFLm formate tetrahydrofolate ligase mitochondrial 0 Yes No -

FUM fumarase 0.128 No Yes 2

FUMm fumarase mitochondrial 3.5204 Yes Yes 1.2
G3PD1ir glycerol 3 phosphate dehydrogenase NAD 0.0116 Yes Yes 2

G3PD1irm glycerol 3 phosphate dehydrogenase NAD mitochondrial 0 Yes No -

G3PDm glycerol 3 phosphate dehydrogenase FAD mitochondrial 0 Yes No -
G5SD glutamate 5 semialdehyde dehydrogenase 0 Yes No -

G5SD2 glutamate 5 semialdehyde dehydrogenase 0 Yes No -
G6PDA glucosamine 6 phosphate deaminase 0 Yes No -
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G6PDH2 glucose 6 phosphate dehydrogenase 0 Yes No -
G6PI Glucose 6 phosphate isomerase 0 Yes No -

GALU UTP glucose 1 phosphate uridylyltransferase 0.573 No Yes 2

GARFTi phosphoribosylglycinamide formyltransferase irreversible 0.0335 No Yes 2
GBEZ 1 4 alpha glucan branching enzyme 0 Yes No -

GCC2cm glycine cleavage complex lipoamide mitochondrial 3.5204 Yes Yes 1.13

GF6PTA glutamine fructose 6 phosphate transaminase 0 Yes No -
GHMT2r glycine hydroxymethyltransferase reversible 0.1327 Yes Yes 2

GK1 guanylate kinase GMPATP 0.0008 Yes Yes 2

GK2 guanylate kinase GMPdATP 0 Yes No -
GLCP glycogen phosphorylase 0 Yes No -

GLCS2 glycogen synthase UDPGlc 0.1771 Yes Yes 2

GLNS glutamine synthetase 0.2793 No Yes 2
GLNt2r L glutamine reversible transport via proton symport 0 Yes No -

GLU5K glutamate 5 kinase 0 Yes No -

GLUDC Glutamate Decarboxylase 0 Yes No -
GLUDxi glutamate dehydrogenase NAD 0 Yes No -

GLUDy glutamate dehydrogenase NADP -1.681 No Yes 2

GLUK Glucokinase 0 Yes No -
GLUPRT glutamine phosphoribosyldiphosphate amidotransferase 0.0335 No Yes 2

GLUt2r L glutamate transport via proton symport reversible 0 Yes No -

GLYCt glycerol transport via channel 0 Yes No -
GLYGS glycogen starch synthase 0 Yes No -

GLYK glycerol kinase 0 Yes No -

GLYt2r glycine reversible transport via proton symport 0 Yes No -
GMPS2 GMP synthase 0.0165 No Yes 2

GND phosphogluconate dehydrogenase 0.0018 No Yes 2

GNNUC gnnuc 0 Yes No -
GRTT geranyltranstransferase 0.0031 No Yes 2

GTHO glutathione oxidoreductase 0 Yes No -

GTHP glutathione peridoxase 0 Yes No -
GUAPRT guanine phosphoribosyltransferase 0 Yes No -

GUAt2r guanine reversible transport via proton symport 0 Yes No -

HACD4p 3 hydroxyacyl CoA dehydrogenase 3 oxodecanoyl CoA peroxisomal 0 Yes No -
HACD5p 3 hydroxyacyl CoA dehydrogenase 3 oxodecanoyl CoA peroxisomal 0 Yes No -

HACD6p 3 Hydroxyacyl CoA dehydrogenase 3 oxotetradecanoyl CoA peroxisomal 0 Yes No -

HACD7p 3 hydroxyacyl CoA dehydrogenase 3 oxohexadecanoyl CoA peroxisomal 0 Yes No -
HACD8p 3 hydroxyacyl CoA dehydrogenase 3 oxooctadecanoyl CoA peroxisomal 0 Yes No -

HACNHm homoacontinate hydratase mitochondrial 0.0978 No Yes 2
HCITSm homocitrate synthase 0.0978 No Yes 2
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HCYSMT homocysteine S methyltransferase 0 Yes No -
HETZK hydroxyethylthiazole kinase 0 Yes No -

HEX1 hexokinase D glucoseATP 4 Yes Yes 1.8

HICITDm homoisocitrate dehydrogenase 0.0978 No Yes 2
HISTD histidinol dehydrogenase 0.0226 No Yes 2

HISTP histidinol phosphatase 0.0226 No Yes 2

HISt2r L histidine reversible transport via proton symport 0 Yes No -
HMGCOAR Hydroxymethylglutaryl CoA reductase -0.0092 No Yes 2

HMGCOAS Hydroxymethylglutaryl CoA synthase -0.0092 No Yes 2

HMPK1 hydroxymethylpyrimidine kinase ATP 0 Yes No -
HSDxi homoserine dehydrogenase NADH irreversible 0.1485 Yes Yes 2

HSDyi homoserine dehydrogenase NADP irreversible 0 Yes No -

HSERTA homoserine O trans acetylase 0.0173 No Yes 2
HSK homoserine kinase 0.1312 No Yes 2

HSTPT histidinol phosphate transaminase 0.0226 No Yes 2

HXPRT hypoxanthine phosphoribosyltransferase Hypoxanthine 0 Yes No -
ICDHxm Isocitrate dehydrogenase NAD 0.989 Yes Yes 2

ICDHy isocitrate dehydrogenase NADP 2.5095 No Yes 1.71

ICDHym Isocitrate dehydrogenase NADP 0.3699 Yes Yes 2
ICDHyp Isocitrate dehydrogenase NADP 0 Yes No -

ICL Isocitrate lyase 0 Yes No -

IG3PS Imidazole glycerol 3 phosphate synthase 0.0226 No Yes 2
IGPDH imidazoleglycerol phosphate dehydratase 0.0226 No Yes 2

IGPS indole 3 glycerol phosphate synthase 0.0097 No Yes 2

ILETA isoleucine transaminase -0.0658 No Yes 2
ILEt2r L isoleucine reversible transport via proton symport 0 Yes No -

IMPC IMP cyclohydrolase -0.0561 No Yes 2

IMPD IMP dehydrogenase 0.0165 No Yes 2
INSTt2 inositol transport in via proton symport 0.0017 Yes No -

IPDDI isopentenyl diphosphate D isomerase 0.0031 No Yes 2

IPPMIa 3 isopropylmalate dehydratase -0.1013 No Yes 2
IPPMIb 2 isopropylmalate hydratase -0.1013 No Yes 2

IPPS 2 isopropylmalate synthase 0 Yes No -

IPPSm 2 isopropylmalate synthase mitochondrial 0.1013 Yes Yes 2
KARA1im acetohydroxy acid isomeroreductase mitochondrial 0.1916 No Yes 2

KARA2im ketol acid reductoisomerase 2 Aceto 2 hydroxybutanoate mitochondrial 0.0658 No Yes 2

KYN kynureninase 0 Yes No -
LEUTA leucine transaminase -0.1013 No Yes 2

LEUt2r L leucine reversible transport via proton symport 0 Yes No -
LNS14DM cytochrome P450 lanosterol 14 alpha demethylase NADP 0.0015 No Yes 2
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LNSTLS lanosterol synthase 0.0015 No Yes 2
LPP_SC lipid phosphate phosphatase yeast specific 0 Yes No -

LYSt2r L lysine reversible transport via proton symport 0 Yes No -

MALtm malate transport mitochondrial -2.6449 Yes Yes 2
MCITDm 2 methylcitrate dehydratase mitochondrial 0.0978 No Yes 2

MDH malate dehydrogenase 0 Yes No -

MDHm malate dehydrogenase mitochondrial 3.6484 Yes Yes 2
MDHp malate dehydrogenase peroxisomal 0 Yes No -

ME1m malic enzyme NAD mitochondrial 0 Yes No -

ME2m malic enzyme NADP mitochondrial 0 Yes No -
METAT methionine adenosyltransferase 0.0062 No Yes 2

METB1 metb1 0 Yes No -

METS methionine synthase 0.0235 No Yes 2
METt2r L methionine reversible transport via proton symport 0 Yes No -

MEVK1 mevalonate kinase atp 0 Yes No -

MEVK2 mevalonate kinase ctp 0.0092 No Yes 2
MEVK3 mevalonate kinase gtp 0 Yes No -

MEVK4 mevalonate kinase utp 0 Yes No -

MI1PP myo inositol 1 phosphatase 0 Yes No -
MI1PS myo Inositol 1 phosphate synthase 0 Yes No -

MOHMT 3 methyl 2 oxobutanoate hydroxymethyltransferase 0 Yes No -

MTHFC methenyltetrahydrofolate cyclohydrolase 0.1079 Yes Yes 2
MTHFCm methenyltetrahydrifikate cyclohydrolase mitochondrial 0 Yes No -

MTHFD2 methylenetetrahydrofolate dehydrogenase NAD 0 Yes No -

MTHFD methylenetetrahydrofolate dehydrogenase NADP 0.1079 Yes Yes 2
MTHFDm methylenetetrahydrofolate dehydrogenase NADP mitochondrial 0 Yes No -

MTHFR3 5 10 methylenetetrahydrofolatereductase NADPH 0.0235 No Yes 2

NADH2_u6cm NADH dehydrogenase cytosolicmitochondrial 6.2087 Yes Yes 2
NADH2_u6m NADH dehydrogenase mitochondrial 12.5863 Yes Yes 1.9

NADK NAD kinase 0 Yes No -

NADKm NAD kinase mitochondrial 0 Yes No -
NDP3 nucleoside diphosphatase GDP 0 Yes No -

NDP4 nucleoside diphosphatase dGDP 0 Yes No -

NDPK1 nucleoside diphosphate kinase ATPGDP 0.3156 No Yes 2
NDPK2 nucleoside diphosphate kinase ATPUDP 0.5882 No Yes 2

NDPK3 nucleoside diphosphate kinase ATPCDP 0 Yes No -

NDPK4 nucleoside diphosphate kinase ATPdTDP 0 Yes No -
NDPK5 nucleoside diphosphate kinase ATPdGDP 0 Yes No -

NDPK6 nucleoside diphosphate kinase ATPdUDP 0 Yes No -
NDPK7 nucleoside diphosphate kinase ATPdCDP 0 Yes No -
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NDPK8 nucleoside diphosphate kinase ATPdADP 0 Yes No -
NDPK9 nucleoside diphosphate kinase ATPIDP 0 Yes No -

NH4t ammonia reversible transport 1.9105 No Yes 1.86

NTD1 5 nucleotidase dUMP 0 Yes No -
NTD10 5 nucleotidase XMP 0 Yes No -

NTD11 5 nucleotidase IMP 0 Yes No -

NTD2 5 nucleotidase UMP 0 Yes No -
NTD3 5 nucleotidase dCMP 0 Yes No -

NTD4 5 nucleotidase CMP 0 Yes No -

NTD5 5 nucleotidase dTMP 0 Yes No -
NTD6 5 nucleotidase dAMP 0 Yes No -

NTD7 5 nucleotidase AMP 0 Yes No -

NTD8 5 nucleotidase dGMP 0 Yes No -
NTD9 5 nucleotidase GMP 0 Yes No -

NTP3 nucleoside triphosphatase GTP 0 Yes No -

NTP4 nucleoside triphosphatase dGTP 0 Yes No -
OAAt2m oxaloacetate transport mitochondrial 2.5966 Yes Yes 2

OCBTi ornithine carbamoyltransferase irreversible 0.0549 No Yes 2

OMCDC 2 Oxo 4 methyl 3 carboxypentanoate decarboxylation 0.1013 No Yes 2
ORNTA ornithine transaminase 0.0563 Yes Yes 2

ORNTACim ornithine transacetylase irreversible mitochondrial 0.1112 No Yes 2

ORNt2r orntithine reversible transport in via proton symport 0 Yes No -
ORNt3m ornithine mitochondrial transport via proton antiport 0.1112 No Yes 2

ORPT orotate phosphoribosyltransferase -0.0378 No Yes 2

P5CR pyrroline 5 carboxylate reductase 0.0563 No Yes 2
PANTS pantothenate synthase 0 Yes No -

PAPSR phosphoadenylyl sulfate reductase thioredoxin 0.0196 No Yes 2

PC pyruvate carboxylase 0.6707 No Yes 2
PDE1 3 5 cyclic nucleotide phosphodiesterase 0 Yes No -

PDHm pyruvate dehydrogenase 4.3307 No Yes 1.14

PETHCT phosphoethanolamine cytidyltransferase 0 Yes No -
PFK phosphofructokinase 3.0432 No Yes 2

PFK26 6 phosphofructo 2 kinase 0 Yes No -

PGCD phosphoglycerate dehydrogenase 0.2123 No Yes 2
PGI glucose 6 phosphate isomerase 3.4172 Yes No -

PGL 6 phosphogluconolactonase 0.0018 No Yes 2

PGMT phosphoglucomutase -0.573 No Yes 2
PHETA1 phenylalanine transaminase -0.0457 No Yes 2

PHEt2r L phenylalanine reversible transport via proton symport 0 Yes No -
PIt2m phosphate transporter mitochondrial 24.2477 No Yes 1.96
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PIt2r phosphate reversible transport via symport 0.0776 No Yes 2
PMEVK phosphomevalonate kinase 0.0092 No Yes 2

PMPK phosphomethylpyrimidine kinase 0 Yes No -

PNTK pantothenate kinase 0 Yes No -
PNTOt2 Pantothenate reversible transport via proton symport 0 Yes No -

PPA inorganic diphosphatase 1.2202 No Yes 2

PPAm inorganic diphosphatase 0 Yes No -
PPCDC phosphopantothenoylcysteine decarboxylase 0 Yes No -

PPCK phosphoenolpyruvate carboxykinase 0 Yes No -

PPM phosphopentomutase 0 Yes No -
PPNCL2 phosphopantothenate cysteine ligase 0 Yes No -

PPND2 prephenate dehydrogenase NADP 0.0348 Yes Yes 2

PPNDH prephenate dehydratase 0.0457 No Yes 2
PRAGSr phosphoribosylglycinamide synthase 0.0335 No Yes 2

PRAIS phosphoribosylaminoimidazole synthase 0.0335 No Yes 2

PRAIi phosphoribosylanthranilate isomerase irreversible 0.0097 No Yes 2
PRAMPC phosphoribosyl AMP cyclohydrolase 0.0226 No Yes 2

PRASCS phosphoribosylaminoimidazolesuccinocarboxamide synthase 0.0335 No Yes 2

PRATPP phosphoribosyl ATP pyrophosphatase 0.0226 No Yes 2
PRFGS phosphoribosylformylglycinamidine synthase 0.0335 No Yes 2

PRMICIi 1 5 phosphoribosyl 5 5 phosphoribosylamino methylideneamino imidazole 4 

carboxamide isomerase irreversible 

0.0226 No Yes 2

PRO1xm proline oxidase NAD mitochondrial 0 Yes No -

PROt2r L proline reversible transport via proton symport 0 Yes No -

PRPPS phosphoribosylpyrophosphate synthetase 0.1036 No Yes 2
PSCVTi 3 phosphoshikimate 1 carboxyvinyltransferase irreversible 0.0903 No Yes 2

PSERDm_SC phosphatidylserine decarboxylase yeast specific mitochondrial 0.0036 Yes No -

PSERDv_SC phosphatidylserine decarboxylase yeast specific vacuolar 0 Yes No -
PSERT phosphoserine transaminase 0.2123 No Yes 2

PSP_L phosphoserine phosphatase L serine 0.2123 No Yes 2

PTPATi pantetheine phosphate adenylyltransferase 0 Yes No -
PUNP1 purine nucleoside phosphorylase Adenosine 0 Yes No -

PUNP2 purine nucleoside phosphorylase Deoxyadenosine 0 Yes No -

PUNP3 purine nucleoside phosphorylase Guanosine 0 Yes No -
PUNP4 purine nucleoside phosphorylase Deoxyguanosine 0 Yes No -

PUNP5 purine nucleoside phosphorylase Inosine 0 Yes No -

PUNP7 purine nucleoside phosphorylase Xanthosine 0 Yes No -
PYDAMK pyridoxamine kinase 0 Yes No -

PYK pyruvate kinase 5.5976 No Yes 1.9
PYR5CDm D1 pyrroline 5 carboxylate dehydrogenase mitochondrial 0 Yes No -
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RBK ribokinase 0 Yes No -
RNDR1 ribonucleoside diphosphate reductase ADP 0.0012 Yes Yes 2

RNDR2 ribonucleoside diphosphate reductase GDP 0.0008 Yes Yes 2

RNDR3 ribonucleoside diphosphate reductase CDP 0 Yes No -
RNDR4 ribonucleoside diphosphate reductase UDP 0.002 Yes Yes 2

RPE ribulose 5 phosphate 3 epimerase -0.098 Yes Yes 2

RPI ribose 5 phosphate isomerase -0.0998 No Yes 2
SACCD1 saccharopine dehydrogenase NADP L glutamate forming 0.0978 No Yes 2

SACCD2 saccharopine dehydrogenase NAD L lysine forming 0.0978 No Yes 2

SADT sulfate adenylyltransferase 0 Yes No -
SAM24MT S adenosyl methionine delta 24 sterol c methyltransferase 0 Yes No -

SBPP1 sphingoid base phosphate phosphatase sphinganine 1 phosphatase 0 Yes No -

SBPP2 sphingoid base phosphate phosphatase phytosphingosine 1 phosphate 0 Yes No -
SERD_L L serine deaminase 0 Yes No -

SERPT serine C palmitoyltransferase 0 Yes No -

SERt2r L serine reversible transport via proton symport 0 Yes No -
SHK3D shikimate dehydrogenase 0.0903 No Yes 2

SHKK shikimate kinase 0.0903 No Yes 2

SLCBK1 sphingolipid long chain base kinase sphinganine 0 Yes No -
SLCBK2 sphingolipid long chain base kinase phytosphingosine 0 Yes No -

SLFAT sulfate adenylyltransferase ADP 0.0196 Yes Yes 2

SO4ti sulfate irreversible uniport 0.0264 No Yes 2
SPHPL sphinganine phosphate lyase 0 Yes No -

SQLEr Squalene epoxidase endoplasmic reticular NADP 0.0015 No Yes 2

SQLS Squalene synthase 0.0015 No Yes 2
SSALy succinate semialdehyde dehydrogenase NADP 0 Yes No -

SUCCtm succinate transport mitochondrial 0 Yes No -

SUCD1m succinate dehydrogenase 0 Yes No -
SUCD2_u6m succinate dehydrogenase ubiquinone 6 mitochondrial 3.5204 Yes Yes 1.2

SUCD3_u6m succinate dehydrogenase ubiquinone 6 mitochondrial 0 Yes No -

SUCFUMtm succinate fumarate transport mitochondrial 0 Yes No -
SUCOASm Succinate CoA ligase ADP forming -3.5204 Yes Yes 1.13

SULR sulfite reductase NADPH2 -0.0196 No Yes 2

TALA transaldolase -0.0038 Yes Yes 2
THFATm tetrahydrofolate aminomethyltransferase mitochondrial 0 Yes No -

THRD_Lm L threonine deaminase mitochondrial 0.0658 No Yes 2

THRS threonine synthase 0.1312 No Yes 2
THRt2r L threonine reversible transport via proton symport 0 Yes No -

TKT1 transketolase -0.0038 Yes Yes 2
TKT2 transketolase -0.0941 Yes Yes 2

278



TMDPK thiamine diphosphokinase 0 Yes No -
TMDPP thymidine phosphorylase 0 Yes No -

TMDS thymidylate synthase 0.0012 No Yes 2

TMPPP thiamine phosphate diphosphorylase 0 Yes No -
TRDR thioredoxin reductase NADPH 0.0237 No Yes 2

TRE6PP trehalose phosphatase 0.0081 No Yes 2

TRE6PS alpha alpha trehalose phosphate synthase UDP forming 0.0081 No Yes 2
TREH alpha alpha trehalase 0 Yes No -

TREHv alpha alpha trehalase vacuolar 0 Yes No -

TRPO2 L Tryptophanoxygen 2 3 oxidoreductase decyclizing 0 Yes No -
TRPS1 tryptophan synthase indoleglycerol phosphate 0.0097 No Yes 2

TRPt2r L tryptophan reversible transport via proton symport 0 Yes No -

TYRTA tyrosine transaminase 0 Yes No -
TYRTAm tyrosine transaminase mitochondrial -0.0348 Yes Yes 2

TYRt2r L tyrosine reversible transport via proton symport 0 Yes No -

UMPK UMP kinase 0.0173 No Yes 2
UPPRT uracil phosphoribosyltransferase 0 Yes No -

UREA2t2 urea reversible transport via proton symport 2 H 0 Yes No -

UREASE urea carboxylase 0 Yes No -
URIDK2r uridylate kinase dUMP -0.002 Yes Yes 2

URIK1 uridine kinase ATPUridine 0 Yes No -

URIK2 uridine kinase GTPUridine 0 Yes No -
VALTA valine transaminase -0.0904 No Yes 2

VALt2r L valine reversible transport via proton symport 0 Yes No -

XPPT xanthine phosphoribosyltransferase 0 Yes No -
ZYMSTt zymosterol reversible transport -0.0008 Yes Yes 2

TGL TGL 0 Yes No -

ATPCitL ATP Citrate Lyase YL 0.2633 No Yes 2
HDCH HEXADECANE DEHYDROGENASE YL 0 Yes No -

TRIGSY_GLC triglycerol yarrowia glucose synthesis 0.0052 No Yes 2
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D.2 Supplementary Figures

Figure D1 Comparison of flux distribution predicted by single- and multiple-

step eMOMA methods

Comparison of fluxes for each reaction in nitrogen-limited condition (represented by

circles) predicted by single- and multiple-step eMOMA methods (1 step vs. 10 steps). 

The single- and multiple-step eMOMA methods mimic sudden and gradual depletion 

of nitrogen in the medium, respectively.
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D.3 MATLAB codes used for the study

MATLAB codes for revising metabolic model of Y. lipolytica (iMK735)

% Read the model downloaded from the journal website
% https://static-
content.springer.com/esm/art%3A10.1186%2Fs12918-015-0217-
4/MediaObjects/12918_2015_217_MOESM3_ESM.xml
model = readCbModel('iMK735_downloaded.xml');

% Refine the dimension of the model contents
model.grRules           = [model.grRules; {''}; {''}];
model.subSystems        = [model.subSystems; {''}; {''}];
model.confidenceScores  = [model.confidenceScores; {''};
{''}];
model.rxnReferences     = [model.rxnReferences; {''}; {''}];
model.rxnECNumbers      = [model.rxnECNumbers; {''}; {''}];
model.rxnNotes          = [model.rxnNotes; {''}; {''}];

% Set standard constraints (including glucose uptake rate and 
maintenance energy requirement) and objective function
% Constraints and objective were obtained from the 
publication's supplementary material
% https://static-
content.springer.com/esm/art%3A10.1186%2Fs12918-015-0217-
4/MediaObjects/12918_2015_217_MOESM2_ESM.txt
model = changeRxnBounds (model, 'EX_co2(e)', -1000, 'l');
model = changeRxnBounds (model, 'EX_h2o(e)', -1000, 'l');
model = changeRxnBounds (model, 'EX_h(e)', -1000, 'l');
model = changeRxnBounds (model, 'EX_inost(e)', -1000, 'l');
model = changeRxnBounds (model, 'EX_k(e)', -1000, 'l');
model = changeRxnBounds (model, 'EX_na1(e)', -1000, 'l');
model = changeRxnBounds (model, 'EX_nh4(e)', -1000, 'l');
model = changeRxnBounds (model, 'EX_o2(e)', -1000, 'l');
model = changeRxnBounds (model, 'EX_pi(e)', -1000, 'l');
model = changeRxnBounds (model, 'EX_so4(e)', -1000, 'l');
model = changeRxnBounds (model, 'EX_glc(e)', -4.0, 'l');
model = changeRxnBounds (model, 'EX_glc(e)', 1000, 'u');
model = changeRxnBounds (model, 'EX_glyc(e)', 0, 'l');
model = changeRxnBounds (model, 'EX_glyc(e)', 1000, 'u');
maintenance = 4 * 5;
model = changeRxnBounds (model, 'ATPM', maintenance, 'b');
model = changeObjective (model, 'biomass_013',1);

% Remove loops by changing reaction directionality and 
reversibility
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rxnid = find(strcmp(model.rxns, 'ACONT')); model.lb(rxnid) = 
0; model.ub(rxnid) = 1000; model.rev(rxnid) = 0;
rxnid = find(strcmp(model.rxns, 'CITtcm')); model.lb(rxnid) = 
0; model.ub(rxnid) = 1000; model.rev(rxnid) = 0;
rxnid = find(strcmp(model.rxns, 'AKGt2r')); model.lb(rxnid) = 
0; model.ub(rxnid) = 1000; model.rev(rxnid) = 0;
rxnid = find(strcmp(model.rxns, 'MALt2r')); model.lb(rxnid) = 
0; model.ub(rxnid) = 1000; model.rev(rxnid) = 0;
rxnid = find(strcmp(model.rxns, 'ASPt2m')); model.S(:,rxnid) 
= - model.S(:,rxnid); model.lb(rxnid) = 0; model.ub(rxnid) = 
1000; model.rev(rxnid) = 0;
rxnid = find(strcmp(model.rxns, 'TYRt2m')); model.S(:,rxnid) 
= - model.S(:,rxnid); model.lb(rxnid) = 0; model.ub(rxnid) = 
1000; model.rev(rxnid) = 0;
rxnid = find(strcmp(model.rxns, 'DICtm')); model.S(:,rxnid) = 
- model.S(:,rxnid); model.lb(rxnid) = 0; model.ub(rxnid) = 
1000; model.rev(rxnid) = 0;
rxnid = find(strcmp(model.rxns, 'GK1')); model.lb(rxnid) = 0; 
model.ub(rxnid) = 1000; model.rev(rxnid) = 0;
rxnid = find(strcmp(model.rxns, 'GK2')); model.lb(rxnid) = 0; 
model.ub(rxnid) = 1000; model.rev(rxnid) = 0;
rxnid = find(strcmp(model.rxns, 'NDPK1')); model.lb(rxnid) = 
0; model.ub(rxnid) = 1000; model.rev(rxnid) = 0;
rxnid = find(strcmp(model.rxns, 'NDPK2')); model.lb(rxnid) = 
0; model.ub(rxnid) = 1000; model.rev(rxnid) = 0;
rxnid = find(strcmp(model.rxns, 'NDPK3')); model.lb(rxnid) = 
0; model.ub(rxnid) = 1000; model.rev(rxnid) = 0;
rxnid = find(strcmp(model.rxns, 'NDPK4')); model.lb(rxnid) = 
0; model.ub(rxnid) = 1000; model.rev(rxnid) = 0;
rxnid = find(strcmp(model.rxns, 'NDPK5')); model.lb(rxnid) = 
0; model.ub(rxnid) = 1000; model.rev(rxnid) = 0;
rxnid = find(strcmp(model.rxns, 'NDPK6')); model.lb(rxnid) = 
0; model.ub(rxnid) = 1000; model.rev(rxnid) = 0;
rxnid = find(strcmp(model.rxns, 'NDPK7')); model.lb(rxnid) = 
0; model.ub(rxnid) = 1000; model.rev(rxnid) = 0;
rxnid = find(strcmp(model.rxns, 'NDPK8')); model.lb(rxnid) = 
0; model.ub(rxnid) = 1000; model.rev(rxnid) = 0;
rxnid = find(strcmp(model.rxns, 'NDPK9')); model.lb(rxnid) = 
0; model.ub(rxnid) = 1000; model.rev(rxnid) = 0;
rxnid = find(strcmp(model.rxns, 'ADK1')); model.lb(rxnid) = 
0; model.ub(rxnid) = 1000; model.rev(rxnid) = 0;
rxnid = find(strcmp(model.rxns, 'ADK2')); model.lb(rxnid) = 
0; model.ub(rxnid) = 1000; model.rev(rxnid) = 0;
rxnid = find(strcmp(model.rxns, 'ADK3')); model.lb(rxnid) = 
0; model.ub(rxnid) = 1000; model.rev(rxnid) = 0;
rxnid = find(strcmp(model.rxns, 'ADK4')); model.lb(rxnid) = 
0; model.ub(rxnid) = 1000; model.rev(rxnid) = 0;
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rxnid = find(strcmp(model.rxns, 'SUCD1m')); model.lb(rxnid) = 
0; model.ub(rxnid) = 1000; model.rev(rxnid) = 0;
rxnid = find(strcmp(model.rxns, 'SUCD2_u6m')); 
model.lb(rxnid) = 0; model.ub(rxnid) = 1000; model.rev(rxnid) 
= 0;
rxnid = find(strcmp(model.rxns, 'SERt2m')); model.S(:,rxnid) 
= - model.S(:,rxnid); model.lb(rxnid) = 0; model.ub(rxnid) = 
1000; model.rev(rxnid) = 0;
rxnid = find(strcmp(model.rxns, 'GLYt2m')); model.S(:,rxnid) 
= - model.S(:,rxnid); model.lb(rxnid) = 0; model.ub(rxnid) = 
1000; model.rev(rxnid) = 0;

% Remove loops by removing meaningless reactions
model = removeRxns(model,{'LDp_form', 'LDparticle_SC_c_tp', 
'LDparticle_SC_e_tp', 'rLDparticle_SC_c_tp', 'EX_tag(e)'});
model = removeRxns(model,{'membrane_c_tp',
'rmembrane_c_tp'});
model = removeRxns(model,{'tagMed_c_tp', 'rtagMed_c_tp'});
model = removeRxns(model,{'seMed_c_tp', 'rseMed_c_tp'});
model = removeRxns(model,'TYRTAi');
model = removeRxns(model,'CSNATirm');
model = removeRxns(model,{'PHCHGSm', '4HGLSDm'});
model = removeRxns(model,'PDHcm');
model = removeRxns(model,'SHSL4r');
model = removeRxns(model,{'GLUt5m', 'PIt5m'});

% Add exchange reactions for lipids
model = addReaction(model,'DM_triglyc_SC[c]','0.01 
triglyc_SC[c] ->');
% model = addReaction(model,'DM_SEparticle_SC[c]','0.01 
SEparticle_SC[c] ->');

% Add DGA1 (YALI0E32769g) gene into the model - #465 and #736 
were hard-coded
model.genes = [model.genes; 'YALI0E32769g'];
rxnid = find(strcmp(model.rxns, 'TRIGSY_GLC')); 
model.grRules(rxnid) = {'(YALI0E16797g  or YALI0E32769g )'};
model.rules(rxnid) = {'x(465) | x(736) '};
rxnid = find(strcmp(model.rxns, 'TRIGSY_GLC_nlim')); 
model.grRules(rxnid) = {'(YALI0E16797g  or YALI0E32769g )'};
model.rules(rxnid) = {'x(465) | x(736) '};
rxnid = find(strcmp(model.rxns, 'TRIGSY_GLYC')); 
model.grRules(rxnid) = {'(YALI0E16797g or YALI0E32769g )'};
model.rules(rxnid) = {'x(465) | x(736) '};
model.rxnGeneMat = [model.rxnGeneMat, 
model.rxnGeneMat(:,465)];
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% Block the secretion of TCA cycle intermediates except 
citrate
model = changeRxnBounds(model, 'EX_akg(e)', 0, 'b');
model = changeRxnBounds(model, 'EX_succ(e)', 0, 'b');
model = changeRxnBounds(model, 'EX_fum(e)', 0, 'b');
model = changeRxnBounds(model, 'EX_mal_L(e)', 0, 'b');

% Write revised model
writeCbModel(model,'sbml','iMK735_revised.xml');
clear model rxnid maintenance

MATLAB codes for environmental minimization of metabolic adjustment 

(eMOMA)

function [solutionLim,solutionNL,totalFluxDiff,solStatus] = 
eMOMA(modelNL,modelLim)
%eMOMA (environmental minimization of metabolic adjustment)
%
%INPUTS
% modelNL           Model for non-limited growth condition
% modelLim          Model for nutrient-limited condition
%
%OUTPUTS
% solutionLim       Flux solution for nutrient-limited
condition
% solutionNL        Flux solution for non-limited growth 
condition
% totalFluxDiff Value of the eMOMA objective, i.e. 
sum(v_NL-v_Lim)^2
% solStatus         Solution status
%
% Solves the following optimization problems:
%
%    First solve
%
%    max c_NL'*v_NL0
%     lb_NL <= v_NL0 <= ub_NL
%     S_NL*v_NL0 = 0
%
%    Then solve
%
% min |v_NL|
%     S_NL*v_NL = 0
%     c_NL'*v_NL = f_NL
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%     lb_NL <= v_NL <= ub_NL
%
%    Here f_NL is the objective value obtained in the 1st 
optimization.
%
%    Finally solve:
%
%    min sum(v_NL - v_Lim)^2
%     S_Lim*v_Lim = 0
%     lb_Lim <= v_Lim <= ub_Lim
%
% Modified from the original MOMA function by Markus Herrgard 
11/7/06

% Match model reaction sets
selCommon1 = ismember(modelNL.rxns,modelLim.rxns);
nCommon = sum(selCommon1);
if (nCommon == 0)

error('No common rxns in the models');
end

osenseStr = 'max';

solutionLim.f = [];
solutionLim.x = [];
solutionLim.stat = -1;

% Solve optimization problem for non-limited condition
solutionNL = optimizeCbModel(modelNL,osenseStr,'one');

% Formulate and solve optimization problem for nutrient-
limited condition
if (solutionNL.stat > 0)

[nMets2,nRxns2] = size(modelLim.S);

b = zeros(nMets2,1);
A = modelLim.S;
c = -2*solutionNL.x;
F = 2*eye(nRxns2);
lb = modelLim.lb;
ub = modelLim.ub;
csense(1:nMets2) = 'E';

% Solve the QP problem

[QPproblem.A,QPproblem.b,QPproblem.F,QPproblem.c,QPproblem.lb
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,QPproblem.ub,QPproblem.csense,QPproblem.osense] = 
deal(A,b,F,c,lb,ub,csense,1);

QPsolution = solveCobraQP_cplexint(QPproblem);

% Get the solution(s)
if (QPsolution.stat > 0)

        solutionLim.x = QPsolution.full;
        solutionLim.f = sum(modelLim.c.*solutionLim.x);
        totalFluxDiff = sum((solutionNL.x-solutionLim.x).^2);

end
solutionLim.stat = QPsolution.stat;
solStatus = QPsolution.stat;

else
warning('FBA problem for non-limited condition is 

infeasible or unconstrained');
end

function solution = solveCobraQP_cplexint(QPproblem)

A = QPproblem.A;
A = full(A);
b = QPproblem.b;
F = QPproblem.F;
LB = QPproblem.lb;
UB = QPproblem.ub;

if QPproblem.osense == -1
f = - QPproblem.c;

elseif QPproblem.osense == 1
f = QPproblem.c;

end

INDEQ = strfind(QPproblem.csense, 'E')';

index_G = strfind(QPproblem.csense, 'G')';
A(index_G,:) = - A(index_G,:);
b(index_G) = - b(index_G);

[xmin,fmin,solstat,details] = 
cplexint(F,f,A,b,INDEQ,[],LB,UB);

if QPproblem.osense == -1
obj = - fmin;

elseif QPproblem.osense == 1
obj = fmin;

end
solution.obj = obj;
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tol = 1e-6;
xmin(abs(xmin)<tol) = 0;

solution.full = xmin;
solution.stat = solstat;

end
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