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ABSTRACT
Systems metabolic engineering has enabled systematic studying of microbes for modifying
their genetic contents, analyzing their metabolism, and designing new capabilities. One of the most
commonly used approaches in systems metabolic engineering involves “genome-scale” metabolic
flux modeling. These models allow generation of predictions of the global metabolic flux
distribution in the metabolic network of organisms, in silico. With the current advances in genome
sequencing technologies and the global demand for bio-based commodity chemicals and fuels,
genome-scale models can help metabolic engineers propose design strategies while considering
holistic behavior of the organism.
In this research, novel tools and methodologies were developed to improve the future
prospective of systems metabolic engineering with genome-scale modeling. To do this, an online
web application (Synthetic Metabolic Pathway Builder and Genome-Scale Model Database, SyMGEM) was first developed enabling the construction of synthetic metabolic pathway(s) and
addition of those to synchronized genome-scale models. This addresses the need for an easy and
universal way of creating models of engineered microbes with improved properties without the
time-consuming inconvenience of synchronizing different formats and representations of genomescale models prepared by different laboratories.

The web application is freely available at

http:www.mesb.bse.vt.edu/SyM-GEM. Then, a computational framework (Total Membrane
ii

Influx-Flux Balance Analysis, ToMI-FBA) was developed to allow for evaluating synthetic
pathway use by different models. This enabled, for the first time, a computational guide for
optimal host selection (for a specific metabolic engineering problem) and culture media
formulation design to achieve the solution. Results showed that (i) L-valine improves isobutanol
production by Bacillus subtilis, (ii) cellobiose increases ethanol selectivity by Clostridium
acetobutylicum ATCC 824, and (iii) B. subtilis is an optimal host for artimisinate production. To
further expand the capability of genome-scale models, an algorithm was developed (Genetic
Algorithm-Flux Balance Analysis minimizing Total Unconstrained eXchange Flux, GA-FBA
minimizing TUX) to help improve the fitness between metabolic fluxes predicted by genome-scale
modeling and those obtained by

13

C-tracing methods.

Application of this method to the

cyanobacterium Synechocystis PCC 6803 improved model accuracy by more than 50% for both
heterotrophic and autotrophic growth. To generate even more realistic predictions of metabolic
flux from genome-scale modeling, Raman spectroscopy was employed to help design “biomass
equations” of microbial cells in different environmental conditions. To do this, the celluloseconsuming anaerobe Clostridium cellulolyticum ATCC 35319 was grown on cellobiose, and
samples were obtained at different points of differentiation due to sporulation.

Biomass

composition was determined through Raman spectroscopy and traditional chemical analyses. A
new genome-scale model of this organism (iCCE557) served as the basis for genome-scale model
calculations. Model fitness improved upto 95% with these methods.

Finally, to implement

metabolic engineering strategies, regulatory RNA molecules (antisense RNAs) were designed to
help target desired mRNA molecules in the metabolic network.

Thermodynamic binding

calculations were found to correlate with the efficiency of asRNA-mRNA binding and inhibition
of mRNA translation.

	
  

iii

DEDICATION
I would like to dedicate this dissertation to my lovely wife, Sharmin.

	
  

iv

ACKNOWLEDGEMENTS
I would like to extend my sincerest gratitude to all those who have made this dissertation
possible. My sincerest appreciation is extended to my adviser, Dr. Ryan S. Senger, who guided
me into this interesting research area. The support I received from him throughout these years
gave me the opportunity to get involved in several research areas and generate numerous results.
Furthermore, I would like to extend my appreciation to my committee members, Dr. Justin R.
Barone, Dr. Eva Collakova, and Dr. Chenming (Mike) Zhang. I am also grateful for all guidance
that I received from them throughout my study at Virginia Tech. Furthermore, I would like to
thank Dr. Mehdi Ashraf-Khorassani for his generous gift and constructive discussions we had on
gas and liquid chromatography. Also, I would like to thank Ms. Kathy Lowe for preparing and
imaging my samples using transmission electron microscopy.
I would also like to acknowledge USDA, NSF, and the department of Biological Systems
Engineering at VT for financially supporting my research.
I believe that I have been fortunate in receiving ongoing help from my lab members,
Benjamin Freedman, Theresah N. K. Zu, Jiun Yen, and Imen Tanniche. I would also like to
thank Dr. Advait Apte, Dr. Ahmad Athamneh, Tiernan Mendes, and Manuel Martinez Salgado
for their helps.
Special thanks to my parents for their love, understanding, and encouragement throughout
my education path. Last, but not least, many thanks to my wife, Sharmin Shamsalsadati. I am
blessed to have her support and company throughout these years.

	
  

v

ATTRIBUTIONS
Several colleagues and coworkers aided in the research behind several of the chapters of this
dissertation. A brief description of their background and their contributions are included here.

Prof. Ryan S. Senger – Ph.D. (Department of Biological Systems Engineering, Virginia Tech)
was the Advisor and Committee Chair. Prof. Senger provided extensive advice and discussion on
algorithm development, design and execution of the experiments, analysis of the computational
and experimental data, and writing of the Ph.D. dissertation during the present research.

Prof. Eva Collakova – Ph.D. (Department of Plant Pathology, Physiology, and Weed Science,
Virginia Tech) is an assistant professor and was a committee member. Prof. Collakova provided
resources and helped in design and execution of cellular composition analysis experiments
explained in Chapter 5.

Prof. Warren C. Rudder – Ph.D. (Department of Biological Systems Engineering, Virginia Tech)
is an assistant professor. Prof. Ruder provided insights and comments on designing the singleplasmid system explained in Chapter 6.

Ahmad I.M. Athamneh – Ph.D. (Department of Biological Systems Engineering, Virginia Tech)
currently a postdoc at Purdue University, West Lafayette, IN, contributed during his postdoc in the
author’s group to development of SyM-GEM web application in Chapter 2.

	
  

vi

Advait A. Apte – Ph.D. (Department of Biological Systems Engineering, Virginia Tech) currently
at Virginia Commonwealth University, VA, provided comments on the development of CGA
algorithm explained in Cahpter 2 during his postdoc in the author’s group.

Theresah N. K. Zu – M.S. (Department of Biological Systems Engineering, Virginia Tech)
currently a Ph.D. student, performed the Raman spectroscopy experiments and helped in writing
the introduction to Raman explained in Chapter 5.

Jiun Y. Yen – M.S. (Department of Biological Systems Engineering, Virginia Tech) currently a
Ph.D. student, contributed in developing the CGA algorithm explained in Chapter 2.

Imen Tanniche – M.S. (Department of Biological Systems Engineering, Virginia Tech) currently
a Ph.D. student, contributed in designing and performing the experiments explained in Chapter 6.

Michael J. McAnulty – M.S. (Department of Biological Systems Engineering, Virginia Tech)
currently a Ph.D. student at Penn State University, State College, PA, provided comments on the
development of CGA algorithm explained in Cahpter 2.

	
  

vii

TABLE OF CONTENTS
Chapter 1: Introduction ................................................................................................................... 1
References ................................................................................................................................... 8
Chapter 2: SyM-GEM: A synthetic metabolic pathway builder and genome-scale model database
to aid systems metabolic engineering in biotechnology................................................................ 11
Abstract ...................................................................................................................................... 11
2.1 Introduction ........................................................................................................................ 12
2.1.1 Metabolic network reconstructions and genome-scale models ................................... 12
2.1.2 Existing databases and genome-scale model resources ............................................... 12
2.1.3 Challenges facing genome-scale model sharing and database construction ................ 15
2.1.4 Incorporating novel de novo synthetic metabolic pathways into existing genome-scale
models .................................................................................................................................... 16
2.1.5 SyM-GEM: A synthetic metabolic pathway builder & genome-scale model database 17
2.2 Methods ............................................................................................................................... 18
2.3 Results ................................................................................................................................. 19
2.3.1 Step 1: Read and convert genome-scale models for use with COBRA ........................ 19
2.3.2 Step 2: Synchronization using the Compounds Grouping Algorithm (CGA) .............. 20
2.3.2.1 Phase Ia: Find identical compounds across all models by querying against
PubChem ............................................................................................................................ 21
2.3.2.2 Phase Ib: Find identical compounds by calculating the probability of a compound
being identical or similar to others across all models ........................................................ 22
2.3.2.3 Phase II: Generate a repository of identical compounds ........................................ 24

	
  

viii

2.3.2.4 Phase III: Evaluate the groups in the repository, detect anomalies, and remove
redundancies ....................................................................................................................... 25
2.3.3 Step 3: Build SyM-GEM .............................................................................................. 26
2.4 Discussion ............................................................................................................................ 26
References ................................................................................................................................. 36
Chapter 3: ToMI-FBA: A genome-scale metabolic flux based algorithm to select optimum hosts
and media formulations for expressing pathways of interest ........................................................ 47
Abstract ...................................................................................................................................... 47
3.1 Introduction ......................................................................................................................... 48
3.1.1 Production of biofuels, valuable chemicals, and pharmaceuticals by microbial cell
factories .................................................................................................................................. 48
3.1.2 Challenges of using non-platform hosts as microbial cell factories ............................. 49
3.1.3 Genome-scale models and the incorporation of synthetic metabolic pathways ........... 49
3.1.4 ToMI-FBA: A computational framework for global evaluation of synthetic metabolic
pathway use in multiple hosts and media formulations ......................................................... 51
3.2 Systems And Methods ......................................................................................................... 52
3.2.1 Culture growth and analysis of metabolic substrates and products .............................. 52
3.2.2 Software ........................................................................................................................ 53
3.2.3 Genome-scale metabolic flux models, synthetic metabolic pathways, and the goals of
case studies............................................................................................................................. 53
3.2.4 Development and implementation of the ToMI constraint ........................................... 54
3.2.5 Development and implementation of the specific proton flux constraint ..................... 56
3.3 Results ................................................................................................................................. 57

	
  

ix

3.3.1 Case Study 1: L-Valine improves isobutanol production from B. subtilis ................... 57
3.3.2 Case Study 2: Cellobiose fermentation increases ethanol selectivity in C.
acetobutylicum ....................................................................................................................... 59
3.3.3 Case Study 3: Host selection for artemisinate production ............................................ 60
3.4 Discussion ............................................................................................................................ 62
References ................................................................................................................................. 69
Chapter 4: Improving microbial phenotype predictions with new genome-scale metabolic flux
modeling toolsets........................................................................................................................... 75
Abstract ...................................................................................................................................... 75
4.1 Introduction ......................................................................................................................... 76
4.1.1 Flux analysis through isotopic tracing .......................................................................... 76
4.1.2 Flux analysis through genome-scale modeling with FBA ............................................ 77
4.1.3 Previous efforts to reconcile metabolic fluxes determined through 13C-MFA & FBA 78
4.2 Methods ............................................................................................................................... 80
4.2.1 Models and platforms for FBA ..................................................................................... 80
4.2.2 Definition of the TUX and how it is calculated ............................................................ 81
4.2.3 Genetic algorithm for updating the biomass equation .................................................. 82
4.2.4 FBrAtio and flux ratio constraints ................................................................................ 83
4.3 Results ................................................................................................................................. 84
4.3.1 Case Study 1: Heterotrophic growth of Synechocystis PCC6803 ................................. 84
4.3.2 Case Study 2: Photoautotrophic growth of Synechocystis PCC6803 .......................... 86
4.3.3 Case Study 3: Aerobic and anaerobic growth of E. coli MG1655................................ 87
4.4 Discussion ............................................................................................................................ 88

	
  

x

References ................................................................................................................................. 96
Chapter 5: Integrating Raman spectroscopy with genome-scale metabolic flux modeling to
determine the phenotypic dynamics of Clostridium cellulolyticum grown on cellobiose .......... 101
Abstract .................................................................................................................................... 101
5.1 Introduction ....................................................................................................................... 102
5.1.1 Genome-scale metabolic flux models and the critical role of the biomass equation .. 102
5.1.2 Raman spectroscopy and near real-time cellular composition data ............................ 104
5.1.3 Integrating Raman spectroscopy and genome-scale metabolic flux modeling ........... 104
5.2 Materials And Methods ..................................................................................................... 105
5.2.1 Chemicals .................................................................................................................... 105
5.2.2 Organism and growth medium.................................................................................... 105
5.2.3 Growth conditions ....................................................................................................... 105
5.2.4 Analytical measurements ............................................................................................ 106
5.2.4.1 Monitoring cell growth and cell density .............................................................. 106
5.2.4.2 Quantification of metabolic by-products.............................................................. 106
5.2.4.3 Determination of cellular composition ................................................................. 107
5.2.4.3.1 Total DNA content ........................................................................................ 107
5.2.4.3.2 Total RNA content......................................................................................... 107
5.2.4.3.3 Lipids, cell wall composition, and intra and extracellular protein content.... 107
5.2.4.3.4 Analysis of amino acids composition ............................................................ 109
5.2.5 Determination of cellular composition using Raman spectroscopy ........................ 109
5.2.6 Transmission electron microscopy .......................................................................... 110
5.2.7 Clostridium cellulolyticum metabolic network reconstruction ............................... 110

	
  

xi

5.2.8 Biomass equation formulation ................................................................................ 111
5.2.9 Software for simulations and analysis of metabolic fluxes ..................................... 112
5.2.10 Building Raman data into the biomass equation of iCCE557 ............................... 112
5.3 Results ............................................................................................................................... 113
5.3.1 The reconstructed iCCE557 metabolic network of C. cellulolyticum ATCC 35319 .. 113
5.3.2 Batch growth of C. cellulolyticum on cellobiose ........................................................ 114
5.3.3 Analysis of culture phases by Raman spectroscopy ................................................... 114
5.3.4 Minimization of Total Unconstrained eXchange (TUX) fluxes with and without
implementing Raman observations ...................................................................................... 115
5.4. Discussion ......................................................................................................................... 116
References ............................................................................................................................... 125
Chapter 6: Design of synthetic antisense RNAs to control of gene expression in E. coli .......... 131
Abstract .................................................................................................................................... 131
6.1 Introduction ....................................................................................................................... 132
6.1.1 The role of antisense RNA .......................................................................................... 132
6.1.2 Thermodynamics of RNA interactions ....................................................................... 133
6.2 Materials And Methods ..................................................................................................... 134
6.2.1 Strains, plasmids, and growth media .......................................................................... 134
6.2.2 Enzymes and chemicals .............................................................................................. 135
6.2.3 Fluorescent reporter and fluorescence measurements ................................................ 135
6.2.4 Software and computational programs ....................................................................... 135
6.2.5 Construction of plasmids ............................................................................................ 136
6.2.6 Design of antisense RNA molecules........................................................................... 137

	
  

xii

6.3 Results ............................................................................................................................... 138
6.3.1 An asRNA design strategy based on thermodynamic calculations ............................ 138
6.3.2 Evaluation of asRNA designs using the two-plasmid system .................................... 140
6.3.3 Evaluation of asRNA designs using the single-plasmid system ................................. 142
6.4 Discussion .......................................................................................................................... 142
References ............................................................................................................................... 154
Chapter 7: Conclusions ............................................................................................................... 160
Supplementary Appendices ......................................................................................................... 162
Supplementary Appendix A: Implementation of SyM-GEM.................................................. 163
Supplementary Appendix B: ToMI-FBA Matlab code ........................................................... 185
Supplementary Appendix C: SPF Matlab code ....................................................................... 197
Supplementary Appendix D: GA-FBA Matlab code .............................................................. 200
Supplementary Appendix E: iCCE557 metabolic network ..................................................... 209
Supplementary Appendix F: Raman peak assignments for major components of biomass
equation of iCCE557 model of Clostridium cellulolyticum .................................................... 258
Supplementary Appendix G: Effect of design factors on antisense RNA design ................... 260
	
  

	
  

xiii

LIST OF FIGURES	
  
Figure 2.1. Flowchart of SyM-GEM development ....................................................................... 29
Figure 2.2. The number of chemical compounds present in several databases. ........................... 30
Figure 2.3. The probabilistic CGA using the example of “D-gluconate” extracted from eight
genome-scale models ............................................................................................................. 31
Figure 2.4. Sensitivity of the probabilistic CGA (Phase Ib) given the set threshold value ......... 32
Figure 2.5. The coverage of the CGA for all genome-scale models contained in SyM-GEM ..... 33
Figure 2.6. The SyM-GEM genome-scale model database and web application located at
http://www.mesb.bse.vt.edu/SyM-GEM................................................................................ 34
Figure 3.1. Synthetic metabolic pathways used for as case studies in this research for the
production of (A) isobutanol and (B) artemisinate. ............................................................... 64
Figure 3.2. (A) Production of isobutanol (mmol gDCW-1 h-1) from the modified iBsu1103
model of B. subtilis in the presence of minimal media supplemented with L-valine as a
function of ToMI and the specific growth rate. (B) The additional flux that adding L-valine
to minimal media provides over minimal media alone. ......................................................... 65
Figure 3.3. Consumption of cellobiose (A) and production of ethanol (B) during the growth of C.
acetobutylicum on cellobiose (blue bars) and on regular 2xYTG media (red bars) at different
stages of growth measured by HPLC..................................................................................... 66
Figure 3.4. The maximum production (mmol gDCW-1 h-1) of artemisinate from complex media
as a function of ToMI and specific growth rate ..................................................................... 67
Figure 5.1. A. Growth of C. cellulolyticum on cellobiose and change in pH during the batch
fermentation at 34˚C. B. Cellobiose assimilation and production of major by-products .... 119
Figure 5.2. TEM images of C. cellulolyticum cells ..................................................................... 120

	
  

xiv

Figure 5.3. Raman spectra of C. cellulolyticum .......................................................................... 121
Figure 6.1. Construction of the two-plasmid temperature-controllable reporter system ............ 145
Figure 6.2. Construction of the single-plasmid chemically-controllable reporter system .......... 146
Figure 6.3. The secondary structure of asRNAs designed for two-plasmid system ................... 147
Figure 6.4. Interaction between AmCyam and an asRNA targeting nucleotides 165-175
(highlighted in red circle) predicted by NUPACK software. .............................................. 148
Figure 6.5. Down-regulation of AmCyan fluorescent gene in the presence of six different
asRNAs ................................................................................................................................ 149
Figure 6.6. Down-regulation of AmCyan fluorescent gene in the presence of six different
asRNAs ................................................................................................................................ 150
Figure A.1. SyM-GEM screenshot showing Step 2 of synthetic pathway addition process:
specifying the number of synthetic reactions to be added to the model. ............................. 164
Figure A.2. SyM-GEM screenshot showing Step 3 of synthetic pathway addition process:
selection of the reactants and products of the synthetic reaction(s)..................................... 165
Figure A.3. SyM-GEM screenshot showing Step 3 of synthetic pathway addition process:
searching for “pyruvate” in the list of compounds of the E. coli MG1655 iAF1260 model
results in finding an exact match. ........................................................................................ 166
Figure A.4. SyM-GEM screenshot showing Step 3 of synthetic pathway addition process:
searching “s-acetolactate” returns no results matching the data in the organism-specific list
of compounds. ...................................................................................................................... 168
Figure A.5. SyM-GEM screenshot showing Step 3 of synthetic pathway addition process:
searching “s-acetolactate” in the entire Compound Database returns compounds matching
the search query. .................................................................................................................. 169

	
  

xv

Figure A.6. SyM-GEM screenshot showing Step 3 of synthetic pathway addition process:
validating the selected search result “s-acetolactate” to be consistent with model-specific
nomenclature. ....................................................................................................................... 170
Figure A.7. SyM-GEM screenshot showing Step 3 of synthetic pathway addition process:
searching “isobutanol” returns no results matching the data in organism-specific list of
compounds. .......................................................................................................................... 171
Figure A.8. SyM-GEM screenshot showing Step 3 of synthetic pathway addition process:
searching “isobutanol” returns no results matching the data in the entire Compound
Database. .............................................................................................................................. 172
Figure A.9. SyM-GEM screenshot showing Step 3 of synthetic pathway addition process:
creating a new compound for “isobutanol.” ........................................................................ 173
Figure A.10. SyM-GEM screenshot showing Step 3 of synthetic pathway addition process:
completed synthetic pathway. .............................................................................................. 175
Figure A.11. SyM-GEM screenshot showing Step 4 of synthetic pathway addition process:
setting the reaction parameters including reaction name and notes, flux constraints,
stoichiometric coefficients, and compartments of all reactants and products. .................... 176
Figure A.12. SyM-GEM screenshot showing Step 5 of synthetic pathway addition process:
downloading the modified model as SBML, adding the same synthetic pathway to other
models, or going back to the synthetic pathway for edits. ................................................... 177
Figure A.13. SyM-GEM screenshot showing Step 5 of synthetic pathway addition process:
addition of the constructed synthetic pathway to multiple models. ..................................... 178
Figure A.14. SyM-GEM screenshot showing Step 5 of synthetic pathway addition process:
verifying the compounds of the synthetic pathway added to the new model. ..................... 179

	
  

xvi

Figure A.15. SyM-GEM screenshot showing Step 5 of synthetic pathway addition process: a
second example of verifying the compounds of the synthetic pathway added to the new
model.................................................................................................................................... 180
Figure A.16. SyM-GEM screenshot showing Step 5 of synthetic pathway addition process: a
third example of verifying the compounds of the synthetic pathway added to new model. 181
Figure A.17. SyM-GEM screenshot showing Step 5 of synthetic pathway addition process:
downloading the modified models as SBML, adding the same synthetic pathway to other
models, or going back to the synthetic pathway for edits. ................................................... 182
Figure A.18. SyM-GEM screenshot showing the citation page: selecting the “Finish” link will
direct the user to the final page after completing the synthetic pathway addition process. . 183
Figure G.1. The effect of stem size on the free energy of asRNA hairloop secondary structure
formation .............................................................................................................................. 260
Figure G.2. The effect of GC positioning on the free energy of asRNA hairloop secondary
structure formation ............................................................................................................... 260
Figure G.3. The effect of GC composition on the free energy of asRNA hairloop secondary
structure formation ............................................................................................................... 261
Figure G.4. The effect of loop closing sequence on the free energy of asRNA hairloop secondary
structure formation ............................................................................................................... 261
Figure G.5. The effect of loop sequence on the free energy of asRNA hairloop secondary
structure formation ............................................................................................................... 262
Figure G.6. The free energy of secondary structure formation of synthetic construct design
(marked with star) and several other well-known naturally occurring asRNAs .................. 263
Figure G.7. The synthetic asRNA secondary structure free energy at different temperatures ... 263

	
  

xvii

LIST OF TABLES
Table 2.1. Representation of the ATP synthase reaction in several genome-scale models.. ........ 35
Table 2.2. Genome-scale models currently available in SyM-GEM. ........................................... 35
Table 3.1. Average ToMI-FBA reaction fluxes of the synthetic isobutanol pathway installed in
the iBsu1103 model of B. subtilis. ......................................................................................... 68
Table 4.1. Definition of model constraints based on observed metabolic fluxes.......................... 92
Table 4.2.

13

C-MFA and FBA flux results for heterotrophic growth of Synechocystis PCC6803

using iJN678 .......................................................................................................................... 93
Table 4.3. Original and optimized biomass equation stoichiometric coefficients ........................ 94
Table 4.4.

13

C-MFA and FBA flux results for photoautotrophic growth of Synechocystis

PCC6803 using iJN678 .......................................................................................................... 95
Table 5.1. C. cellulolyticum iCCE557 metabolic network reconstruction statistics showing total
number of reactions, genes, and metabolites in the reconstruction along with the distribution
of reactions in each pathway ................................................................................................ 122
Table 5.2. Calculated fluxes of major metabolic by-products at three stages of growth (Set A, B,
and C) obtained from HPLC, GC, and dry cell weight measurements ................................ 123
Table 5.3. Effect of incorporating Raman observations in reducing the TUX fluxes of the
iCCE557 model of C. cellulolyticum for three distinct phases of growth ........................... 124
Table 6.1. Strains and plasmids ................................................................................................... 151
Table 6.2. Primer sequences ........................................................................................................ 152
Table 6.3. Sequence and free energy of interaction between asRNAs and AmCyan mRNA ..... 153

	
  

xviii

Chapter 1: Introduction
Cellular metabolism is a complex process involving thousands of enzyme-catalyzed
reactions at molecular level. This process ensures cell vitality and adaptation to environmental
perturbations. For that, cells have developed numerous metabolic pathways and regulatory
programs to satisfy their growth and maintenance needs. Systems metabolic engineering has
enabled studying and modifying the cellular metabolic programs through applying computational
and experimental approaches in genetic engineering, systems biology, and synthetic biology [13]. Building “microbial cell factories” (MCF) is a growing practice in the field of systems
metabolic engineering that allows for incorporation of non-native metabolic pathways to
different hosts [4-7]. These engineered hosts provide renewable platforms to address many
societal needs, including (but not limited to) renewable energy and advanced bio-based fuels,
environmental pollution, drug resistant pathogens, and other health-related issues. One of the
major challenges with regard to MCFs is the difficulty of screening and selection of a suitable
host, which can satisfy the engineering objective(s) as well as its own cellular objective, growth.
This challenge becomes more demanding knowing the fact that more than 99% of the organisms
are un-culturable in the laboratory [8]. Of those that can be cultured, 99% classify as “lesserstudied” compared to laboratory favorites such as Escherichia coli. Furthermore, the chemical
composition of a cell is “dynamic” and is significantly influenced by its environmental habitat
and its genomic capabilities and programs. As a result, the cellular composition dictates how
metabolic fluxes are distributed in a cell, globally, to satisfy phenotype(s) that best fit the
environmental conditions. Therefore, predicting a desired phenotype requires knowledge of the
cellular chemical composition at a specific metabolic state. Unraveling this knowledge through
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rational approaches in biology will require tremendous effort, assuming it is possible. However,
it was hypothesized that a systems-level approach incorporating new algorithms in
computational biology and genome-scale metabolic flux modeling could help provide new
information in this area.

This challenge of phenotype prediction was among the main

motivations of the research described in this dissertation.
In the past decade, the exponential growth in the number of sequenced genomes [9, 10]
has changed our understanding of microbiology and cell biology in general. During this time, the
development of “genome-scale” metabolic network reconstructions and flux prediction models
[11-14] for organisms with sequenced genomes has enabled a fast and systematic way to: (i)
understand the physiology of cells and interpret experimental observations [15-18], (ii) perform
metabolic flux analysis [19, 20], (iii) design metabolic engineering strategies [21], and (iv) study
and design of genetic mutants and biodiversity [22, 23]. The formulation of these models is
based on a pseudo-steady state assumption that specifies the net rate of production of each
compound in the metabolic network is equal to the net rate of its consumption over the short time
scales. This approach results in a set of linearized ODEs often written as 𝑆 ∙ 𝑣 = 0, where 𝑆 is
the matrix of stoichiometric coefficients of all compounds in all reactions of the metabolic
network and 𝑣 is the optimized vector of all reaction fluxes. Such mathematical formulation
provides a way to simulate and study cellular metabolism of a single cell globally. The aim of the
present research was to enable easy construction of new genome-scale models of novel MCFs
and apply the existing capabilities of genome-scale metabolic flux models and to develop new
algorithms that make use of hidden capabilities of genome-scale models. This will direct the
metabolic engineering community to faster, more reliable, and more accurate designs of MCFs
for industrial, environmental, and health applications.
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In Chapter 2 of this dissertation, a comprehensive review is given on the current status of
genome-scale models and the resources for reconstruction, storage, and analysis of these models.
An existing challenge in genome-scale model reconstruction is the inconsistency among different
research groups and biochemical databases in using a universal nomenclature for compounds and
reactions. To address this challenge, we developed a novel probabilistic method that makes use
of PubChem Database for synchronizing different nomenclatures of compounds. The Synthetic
Metabolic

Pathway

Builder

and

Genome-Scale

Model

Database

(SyM-GEM)

(http://www.mesb.bse.vt.edu/SyM-GEM) was developed as an open-access web-based resource
to collect synchronized genome-scale models (there are 11 models in v1.0) in an online database
and to provide a user-friendly interface for designing, constructing, and adding de novo
biosynthetic metabolic pathways to one or multiple models. Performing such a task previously
took days to accomplish and, the modified models were of different formats and nomenclature,
which made the side-by-side comparison quite cumbersome. This new resource was designed to
greatly reduce the complexity for researchers to develop new models of existing and theoretical
MCFs for further evaluation by genome-scale modeling.
In Chapter 3, the development of Total Membrane Influx constrained Flux Balance
Analysis (ToMI-FBA) algorithm is discussed in detail. This algorithm enables (i) optimial
microbial host selection for new de novo biosynthetic pathways and (ii) culture medium design
for optimal expression of the new pathway(s) designed and installed by SyM-GEM.

As

mentioned earlier, screening for an optimal host for a target metabolic engineering problem is
nearly impossible by experimental methods alone. Well-studied organisms such as E. coli,
Saccharomyces cerevisiae, and Bacillus subtilis are usually the first choices of most labs
engineering an MCF. Moreover, skilled technicians and time-consuming experiments are often
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required for successful construction of mutants and generating reliable results. ToMI-FBA could
potentially be the first step before starting any laboratory implementation. ToMI-FBA relies on
a novel in silico cell membrane influx constraint that specifies the flux of atoms (not molecules)
into the cell through all possible membrane transporters. Three case studies are presented in this
chapter to demonstrate the advantages of applying ToMI-FBA a priori. In Case Study 1, it is
shown that the optimum production of isobutanol (a potential biofuel) from B. subtilis is much
further optimized with the presence of L-valine in the culture media. This finding was verified
with published experimental observations and a new media formulation was proposed for higher
isobutanol production. In Case Study 2, a new feeding strategy was suggested by ToMI-FBA to
maximize ethanol selective production from Clostridium acetobutylilcum ATCC 824. ToMIFBA suggested the addition of cellobiose during the stationary growth phase.

When

implemented experimentally, higher ethanol selectivity was observed relative to the control
culture. In Case Study 3, the capability of ToMI-FBA was tested for selecting the superior host
(among four considered) for the production of artimisinate, an anti-malarial drug precursor.
ToMI-FBA returned B. subtilis as having superior capabilities, which will be valuable
information for a product that is currently being produced from engineered E. coli.
Chapter 4 examines the agreement between flux predictions using flux balance analysis
(FBA) and genome-scale metabolic flux modeling and experimental procedures to determine
metabolic flux, such as

13

C-isotopic labeling metabolic flux analysis (13C-MFA). Published

results have shown that FBA predicted and

13

C-MFA measured metabolic flux distributions do

not agree in many cases. This incongruity mainly sterns from (i) inaccurate “biomass equations”
of genome-scale metabolic flux models and (ii) mass imbalances in genome-scale model
reconstructions leading to uptake/secretion processes not observed in the laboratory but required
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by the model to satisfy the mass balance. In response, a computational toolset was developed for
improving the FBA predictions to obtain a better fit with

13

C-MFA measured fluxes. We

hypothesized that more accurate representations of the cell chemical composition in the biomass
equation of a genome-scale metabolic flux model would produce flux predictions that agree with
measured values. The biomass equation is the representation of cell growth in a genome-scale
model through the use of one or more reactions that define the construction and assembly of
macromolecules (e.g., protein, lipids, nucleic acids, cell wall). This toolset was built upon two
methodologies developed by our research group: (i) the Genetic Algorithm Flux Balance
Analysis (GA-FBA) minimizing Total Unconstrained eXchange (uptake/secretion) fluxes (TUX)
[18] and (ii) Flux Balance analysis with flux rAtios (FBrAtio) [21, 25]. A genetic algorithm was
developed for non-linear optimization of the biomass equation by minimizing TUX. FBrAtio,
enables defining and adjusting flux distributions at targeted metabolic branch points (i.e., nodes)
during FBA. The combined application of these tools showed significant improvements in the
fitness of predicted fluxes to observed 13C-MFA fluxes. This computational toolset introduces a
method for improving the accuracy of the biomass equation without needing laborious laboratory
measurements while adjusting the flux distribution toward the real ones. The TUX minimized
FBA approach aims to reduce the need for costly and time-consuming

13

C-MFA studies for

every lesser-studied organism and every engineered strain of well-studied organisms. Four Case
Studies were given in this chapter and the results of these Case Studies showed (i) 95.9%
reduction in TUX for the heterotrophic growth of Synechocystis PCC6803 leading to 56.1%
better fit to

13

C-MFA fluxes, (ii) 56.9% reduction in TUX for the photoautotrophic growth of

Synechocystis PCC6803 resulting in 61.4% more fit to
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13

C-MFA fluxes, (iii) 88% reduction in

TUX for the aerobic growth of E. coli MG1655, and (iv) 47% reduction in TUX for the
anaerobic growth of E. coli MG1655.
The idea of biomass equation optimization for improving the match between predicted
and measured fluxes was further explored in Chapter 5 through the use of Raman spectroscopy
for collecting near real-time non-destructive information on cellular composition at different
stages of growth.

Cellular composition data were collected for Clostridium cellulolyticum

ATCC 35319, a Gram-positive anaerobic cellulolytic bacterium, for which very limited cellular
composition knowledge is available. Then, the Raman data were de-convoluted using a novel
algorithm to extract the component-specific information for each of the components in the
biomass equation of a newly developed iCCE557 model of C. cellulolyticum ATCC 35319. Our
hypothesis was that Raman spectroscopy could generate an initial guess for the GA-FBA
algorithm and eliminate the need for

13

C-MFA data when a lesser-studied organism such as C.

cellulolyticum with limited information is at hand. Our results suggested that Raman
spectroscopy has the potential to direct the genetic algorithm optimization problem to fluxes that
match better to measured ones. To justify the Raman predictions, major components of
cellulolyticum cells were measured through routine analytical methods. This research signifies
the importance of including dynamic biomass equations in genome-scale models. The new tools
presented here are applicable to all genome-scale models and provide researchers with a means
of minimizing the bias in flux predictions arising from sub-optimal biomass equations.
Chapter 6 departs from genome-scale modeling calculations and examines the
development of a new experimental tool to implement computationally-derived metabolic
engineering strategies. To investigate the practical applications of adjusting flux distributions as
suggested by FBrAtio, an RNA-based control system was designed based on thermodynamics
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that allows “fine-tuned” down-regulation of translation of a target gene mRNA. A fluorescent
gene reporter system was constructed for studying the changes in protein expression level in the
presence of thermodynamically designed small regulatory RNA molecules (i.e., antisense RNA
(asRNA)).

Chapter 6 contains the experimental procedures and methodologies used for

designing asRNAs for in vivo regulation of the mRNA of a cyan fluorescent gene.

A

thermodynamic-based methodology was used for designing novel “dual stem loop” asRNA
molecules that (i) have improved stability, (ii) interact specifically with target mRNA molecules,
and (iii) can be used universally (i.e., for any target mRNA in any organism). This design
allowed a systematic thermodynamic-based approach to build asRNAs targeting different regions
of a target mRNA. A critical flaw in the initial two-plasmid system designed for expression of
asRNA and a fluorescent reporter was revealed with the testing of a carefully designed control.
As a result, a significantly improved single-plasmid system was created that makes use of noninteracting promoters. Comprehensive testing remains underway. The ultimate application of
such systems will be in “fine-tunable” metabolic pathway engineering where the goal is specific
gene down-regulation and not complete knock-outs. FBrAtio returns these types of metabolic
engineering strategies frequently, and the metabolic engineering community does not yet use this
level of sophisticated design.
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Chapter 2: SyM-GEM: A synthetic metabolic pathway builder and
genome-scale model database to aid systems metabolic engineering
in biotechnology
Hadi Nazem-Bokaee, Jiun Y. Yen, Ahmad I.M. Athamneh, Advait A. Apte, Michael J.
McAnulty, Ryan S. Senger

Abstract
The Synthetic Metabolic Pathway Builder and Genome-Scale Model Database (SyMGEM) resource provides a web application capable of adding user-generated de novo
biosynthetic pathways to genome-scale metabolic flux models relevant to biotechnology.
Genome-scale metabolic flux modeling has facilitated systems-level analyses of metabolism,
with one critical application being the design/evaluation of metabolic engineering strategies to
produce value-added chemicals/biofuels from microbes. Until now, there has been no systematic
application to allow the addition of synthetic pathways into existing models. Moreover, the rapid
growth in genome-scale model generation from different research groups and sources has
produced incompatible systems of model nomenclature.

In response, a novel probabilistic

compound grouping algorithm, based on PubChem Compound database input, was developed to
synchronize existing genome-scale models, and an application to install user-generated
pathway(s) to one or multiple models was created.

SyM-GEM currently contains 11

synchronized SBML formatted genome-scale models that are downloadable with and without
user-generated synthetic pathway(s).
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2.1 Introduction
2.1.1 Metabolic network reconstructions and genome-scale models
Genome-scale metabolic flux models enable the study of metabolism in silico and have
clinical and metabolic engineering applications [1-4]. These models are traditionally based on
metabolic networks reconstructed from genome annotation and rely on reaction stoichiometry
and a pseudo-steady state assumption to reduce metabolism to a system of linear equations [5-7].
Genome-scale modeling has proven to be useful in systems metabolic engineering as it aims to
integrate high-throughput “-omics” datasets with available knowledge on cellular physiology and
biochemistry. Previously reviewed applications of genome-scale models include (i) analyzing the
properties of complicated cellular metabolic networks [8-13], (ii) predicting phenotypes and
evaluating experimental data [14-18], and (iii) metabolic engineering [19-22] with industrial,
medical, and environmental applications.
2.1.2 Existing databases and genome-scale model resources
Several databases exist as repositories of genomic and biochemical reaction data. These
have been used traditionally to reconstruct organismal genome-scale metabolic networks to be
used in modeling. Popular databases related to this initial methodology of metabolic network
reconstruction include, but are not limited to: KEGG [23], MetaCyc [24, 25], BRENDA [26],
Reactome [27], and TransportDB [28]. These databases are aided by numerous resources related
to chemical compounds (e.g., PubChem [29]), gene annotation (e.g., NCBI and GenBank [30,
31]), and proteins/enzymes (e.g., PDB [32] and BRENDA). Databases have been also developed
to store genome-scale models as well as aid in their development and use. One of the premiere
genome-scale model databases is the Biochemical Genetic and Genomic (BiGG) database [33],
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which includes metabolic reconstruction resources in an online application. BiGG provides
options of (i) browsing the content of a model, (ii) viewing gene-protein-reaction (GPR)
relationships in a textual or graphical format, (iii) visualizing metabolic pathway maps, and (iv)
exporting models as Systems Biology Markup Language (SBML) [34] files. These models are
commonly used with MATLAB, the open-source COnstraint-Based Reconstruction and Analysis
(COBRA) toolbox [35-37], and a linear programming software package. BiGG also provides
links to KEGG, BRENDA, SWISS-PROT [38], and NCBI databases. Although consistent, the
nomenclature used in the BiGG database is specific to the ten genome-scale models for which it
was built (or any other model constructed with that popular naming convention). Another of the
first attempts to broadly disseminate reconstructed metabolic networks and models is
METANNOGEN [39]. This resource facilitates the reconstruction of metabolic networks in a
standalone graphical environment. It uses the KEGG database as the primary source of
information along with SWISS-PROT and ENSEMBL [40] for selecting, editing, and storing
desired reactions into a separate user-defined database. It also provides links to other databases
such as MetaCyc, BRENDA, and Reactome. The BioModels database is another available
resource for storing, viewing, retrieving, and analyzing models of biochemical and cellular
systems [41]. It provides features for online examination and simulation of models and
accommodates several formats, including SBML, for exporting models. The rapidly growing
number of sequenced genomes [42, 43] has inspired the development of the Model SEED
database [44]. The original implementation integrated information from the KEGG database with
13 published genome-scale models [44]. One of the promising features of the Model SEED
database is the ability to automatically generate annotations and reconstruct a metabolic network
model through its online application. This has the potential to dramatically expand the number of
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available genome-scale models and revolutionize the field of systems biology. In addition,
Pathway Tools software [45] has also responded to the need for automated reconstruction of
metabolic networks by creating online organism-specific databases of genomic information.
Although useful, it is noted that currently all automated metabolic network reconstruction tools
provide network drafts that need to be reconciled by experts. These are not yet intended to be
high-quality metabolic networks [46, 47]. In this regard, the rBioNet extension to the wellestablished COBRA toolbox enables metabolic network reconstruction while implementing
quality control and assurance measures [48]. Another web-based database development is
MEtabolic MOdel research and development System (MEMOSys). This resource serves as a
platform for the management, storage, and development of genome-scale metabolic models [49].
MEMOSys provides a way to keep track of the developmental history of model reconstruction
process. It provides links to the KEGG database and relies on its own nomenclature system for
representing biochemical information for six genome-scale models. The BKM-react online
resource collected non-redundant reaction data by integrating information from KEGG,
BRENDA, and MetaCyc databases. The resource can be accessed separately or through the
BRENDA webpage [50]. Recently, the MetRxn database was developed as an on-line repository
of standardized metabolites and reactions [51]. Metabolites and reactions from 8 databases and
44 genome-scale models were integrated to form the original release of the database and the
database now contains information from more than 90 models [51]. MetRxn enables direct
model comparison (e.g., numbers of similar reactions, compounds, etc.) and analysis (e.g., flux
balance analysis) using external software. MetRxn is one of the first resources to address the lack
of standardized nomenclature for model compounds and reactions and has developed an effective
approach for storing and sharing genome-scale models. In addition to the aforementioned
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repositories of genome-scale models, several other tools and applications have been developed
over the past decade to facilitate the construction, sharing, visualization, and analysis of these
models [52] including: MetaFluxNet [53, 54], CellNetAnalyzer [55, 56], CellDesigner [57, 58],
OptORF [59], OptFlux [21], MetExplore [60], MetNetMaker [61], SEEK [62], FAME [63], and
GEMSiRV [64]. Some of these platforms, such as MetaFluxNet and SimPheny, have been
commercialized. Despite the extreme usefulness of many of the models and resources mentioned
above, none offers a convenient method for adding synthetic metabolic pathways to existing
genome-scale models of interest. This is of importance to users who want to optimize the use or
investigate the effect of a non-native installed pathway in one or multiple models simultaneously.
2.1.3 Challenges facing genome-scale model sharing and database construction
Among the several research groups actively building genome-scale models and
databases, a wide variety of systems of nomenclature for representing biochemical reactions and
compounds are used. Thus, the several genome-scale models are often built using different
formats, inconsistent with each other in most cases. This is illustrated in Table 1 for the simple
case of the ATP synthase catalyzed reaction. Here, the same reaction was extracted from nine
different genome-scale models. Not only do these models differ in notation of reactions and
compounds, they also differ in proton balancing. Moreover, inconsistencies, redundancies, and
ambiguities inside individual models and databases result in difficulties developing a universal
standardized approach that enables direct incorporation of metabolic information from these
models. Recent developments, such as MetRxn and the Model SEED, have attempted to address
these critical issues. The integration of genome-scale models into a unified format is a logical
step for the progression of model building and systems biology in general. Ultimately,
standardized formats will enable the simulation of multiple models simultaneously. This will be
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extremely useful and necessary for studying microbial interactions. In the current research, the
focus is placed on compound synchronization among models (to maintain original
nomenclatures) and enabling the addition of de novo synthetic metabolic pathways in multiple
genome-scale models for the production of new fuels, chemicals, and pharmaceuticals. It is
important to reiterate that currently none of the previously mentioned resources offers a
mechanism to add new pathways to existing models. Thus, a web application offering this
capability is novel and will be valuable to systems metabolic engineering as computational
strategies are developed to optimize the use of newly installed synthetic metabolic pathways.
2.1.4 Incorporating novel de novo synthetic metabolic pathways into existing genome-scale
models
A de novo synthetic metabolic pathway is an engineered or non-native pathway installed
in an organism to enable the production of a non-native chemical. Novel biofuels, chemicals, and
drugs have currently attracted significant interest to the fields of synthetic biology and metabolic
engineering [36, 65-75]. Different synthetic metabolic pathways require different precursors and
cofactors. In addition, various potential host organisms have different availabilities of these. This
availability can be calculated through genome-scale metabolic modeling. In previous research
[22], it was shown that through the addition of synthetic metabolic pathways to genome-scale
models, metabolic engineering strategies can be designed and evaluated using a novel approach
called Flux Balance Analysis with Flux Ratios (FBrAtio). For example, Synechocystis PCC6803
is capable of producing acetone at high titers given the introduction of a non-native synthetic
pathway [76]. Synechocystis cells were grown autotrophically to convert carbon dioxide to
glycogen, which was then metabolized to acetyl-CoA and further metabolized to: (i) acetoacetylCoA followed by conversion to acetone and/or polyhydroxybutanoate (PHB), (ii) acetate, and
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(iii) biomass. The authors knocked out acetate and PHB formation pathways to increase acetone
production [76]. The iJN678 genome-scale model of Synechocystis PCC6803 [77] was
supplemented with a synthetic metabolic pathway for acetone production (using the web
application developed in this research). Simulation studies showed that not only could acetone
production be predicted accurately but new metabolic engineering strategies could also be
applied for enhanced production [22]. As another example, the iND750 genome-scale model for
Saccharomyces cerevisiae [78] was supplemented with reactions leading to the production of
isobutanol from L-valine. S. cerevisiae can, natively, produce isobutanol; however, several
reactions in the isobutanol production pathway were not present in the iND750 model.
Simulation results using FBrAtio confirmed very little natural isobutanol production from the
wild-type strain and evaluated potential metabolic engineering strategies designed to improve
yields [22]. In addition, the combination of synthetic metabolic pathway addition and FBrAtio
was used to derive metabolic engineering strategies leading to increased: (i) cellulose production
from Arabidopsis thaliana using the AraGEM model [79]; (ii) hydrogen (H2) production from E.
coli MG1655 using iAF1260 [80]; and (iii) acetone, butanol, and isopropanol production from
engineered C. acetobutylicum using iCAC490 [17]. Synthetic pathway addition to organisms in
silico enables the simulation of metabolic engineering strategies at “low cost” and reduces the
number of strategies that must be verified by the experimentalist, which are often “high cost” in
terms of time and resources.
2.1.5 SyM-GEM: A synthetic metabolic pathway builder and genome-scale model database
In this research, a web application was developed to allow the addition of synthetic
metabolic pathway(s) to one or multiple genome-scale models simultaneously. The new resource
is called the Synthetic Metabolic Pathway Builder and Genome-Scale Model Database (SyM-
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GEM). SyM-GEM was constructed with genome-scale models relevant to systems metabolic
engineering in biotechnology and a novel algorithm that synchronizes the notation of compounds
and reactions between models prepared in different formats. Overall, SyM-GEM incorporates: (i)
deriving standardization between genome-scale models of different formats; (ii) storing
synchronized models in an on-line database; (iii) adding user-derived de novo synthetic
metabolic pathways to one, multiple, or all models in the database; and (iv) retrieving the
original and/or modified model(s) in SBML format. To develop this application, a novel
algorithm based on probabilistic associations was created to pinpoint identical compounds across
models of differing formats and naming conventions. The method of indexing compound data
across multiple genome-scale models used herein makes use of the well-curated data available
publicly through the PubChem Compound database. From there, the online genome-scale model
database portion of SyM-GEM was created and contains the standardized models. This database
serves as the platform for de novo synthetic metabolic pathway addition to genome-scale models
through an interactive web application. Currently, the database contains 11 models, and all have
relevance to biotechnology. A full listing of available models is given in Table 2.2.

2.2 Methods
Genome-scale models were simulated using MATLAB (R2013a) (MathWorks, Natick,
MA) with the COBRA Toolbox v2.0.5 (Schellenberger et al., 2011) and the open-source GLPK
(GNU Linear Programming Kit) software (http://www.gnu.org/software/glpk). To read and write
models as SBML, the SBML Toolbox v4.1.0 and SBML library v5.8.0 were used. The SyMGEM online database and web application for synthetic metabolic pathway addition was
developed

using

MySQL

and

PHP

and

(http://www.mesb.bse.vt.edu/SyM-GEM).
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been

made

publicly

available

2.3 Results
The SyM-GEM online database and web application has been made publicly available at:
http://www.mesb.bse.vt.edu/SyM-GEM. The overall methodology developed for SyM-GEM is
shown in Fig. 2.1 and includes: (i) reading genome-scale models encoded with different formats,
(ii) finding identical compounds among models, and (iii) developing a database of synchronized
models and a web application for the addition of synthetic metabolic pathway(s). Details for each
step are given in the following sections
2.3.1 Step 1: Read and convert genome-scale models for use with COBRA
Genome-scale models are often disseminated as an SBML formatted file, a tab delimited
text file, or a spreadsheet file. These text-based formats must be translated into computable
format for analysis using MATLAB and the COBRA toolbox. Genome-scale models encoded in
SBML format can easily be converted to MATLAB data structures through built-in functions of
the COBRA toolbox. However, not all the genome-scale models are available in SBML format.
In such cases, the text or spreadsheet file of the model must be parsed. Since there is not a single
universal standard for creating a model in a text or spreadsheet file, genome-scale model
developers often use different formats for model reconstruction. While the COBRA toolbox
contains functions for converting models encoded in a spreadsheet to a MATLAB data structure,
these functions are specific to formats used in the BiGG database. To extend functionality to
nearly unlimited model formats, regular expressions were employed in a custom MATLAB
function. Coverage was extended to almost any input model format, including but not limited to
those used in the BiGG, KEGG, MetaCyc, and the Model SEED databases. This core function
uses regular expressions to locate identifiers in a given reaction equation and extracts (i)
compound names, (ii) stoichiometric coefficients, (iii) compartments of each of the reactants and
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products, and (iv) directionality of reactions. An example of the several possible formats among
different models is shown in Table 2.1. Besides the formats shown in Table 2.1, this function is
capable of parsing more obscure compound names such as “D-Gal alpha 1->6D-Gal alpha 1>6D-Glucose.” This compound is found in several models reconstructed from KEGG database.
In addition, the parser recognizes formatting for compound “exchange” reactions such as “=>
cpd17041,” which is found in models reconstructed from the Model SEED database. Once the
genome-scale models of interest (specified in Table 2.2) were successfully translated into
MATLAB data structures for use with functions of the COBRA toolbox, functions were
developed to achieve synchronization between models.
2.3.2 Step 2: Synchronization using the Compounds Grouping Algorithm (CGA)
Since a large portion of central carbon metabolism and basic anabolic pathways are
largely conserved among most organisms, a considerable number of compounds and reactions
should be consistent among these models. In genome-scale models compatible with COBRA in
MATLAB, every compound is assigned a full name and an identifier (often as an abbreviated
form of the full name or a combination of key letters and numbers). The identifiers of
compounds in a model are often model-specific and also contain compartmental information (see
Table 2.1). These identifiers define the locations (rows) of compounds in the stoichiometric
matrix. For example, the ATP synthase reaction (Table 2.1) shows transport of protons from the
periplasm to the cytoplasm in the iAF1260 model for E. coli MG1655; whereas, the same
reaction in the iCAC490 model for C. acetobutylicum occurs with transporting protons from
extracellular environment into the cytoplasm. This is shown by “h[p]” and “h[c]” in iAF1260
and “H+[e]” and “H+[c]” in iCAC490, respectively. Here, a novel Compounds Grouping
Algorithm (CGA) was developed to provide synchronization between models. The new CGA
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requires input of the information available for identifiers in each genome-scale model along with
their corresponding full names. This information was interfaced with the PubChem Compound
database online in an effort to locate identical compounds with different names and identifiers
used by different genome-scale model formats. In the following sections, the three critical phases
(Fig. 2.1) of the CGA are explained in detail.
2.3.2.1 Phase Ia: Find identical compounds across all models by querying against PubChem
PubChem is a repository of more than one hundred million chemical compound records
compiled from over 200 sources including KEGG, MetaCyc, ChEBI and others [29]. The
coverage of compounds for some frequently used databases in comparison to PubChem is shown
in Fig. 2.2. PubChem Compound currently contains over 40 million compound identifiers
(CIDs). A PubChem CID is a non-redundant, pre-clustered, and cross-referenced unique
identification tag assigned to each unique chemical structure [29]. PubChem CIDs were used as
indices to initially associate compounds in genome-scale models. Also beneficial of PubChem to
assist synchronization is that a unique web link exists for the compound summary of each
PubChem CID. These can be accessed through external software, including MATLAB. A
MATLAB function was written to directly read compound names of a COBRA model and
perform an advanced search query in the PubChem Compound database online. It was found that
this search may or may not return PubChem CID(s). Compounds with no associated PubChem
CID(s) were assigned an arbitrary CID value of 0 and flagged for later resolution by other
methods discussed below. In addition, many compounds in genome-scale models have been
assigned an abbreviated name for both their identifiers and their full names (e.g., “glcn”);
therefore, searching these types of names in PubChem may also result in non-specific and/or
incorrect CID values. Thus, the function temporarily tags any compound with a full name length
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of 7 characters or less as an incomplete name and assigns a temporary CID value of 0. These
cases are also resolved in the next phase(s) of the algorithm. After reading all of the compound
names of a model, the corresponding PubChem CIDs were stored for use in the final compound
grouping procedure. Stereochemistry and protonation states of compounds were also ignored at
this initial phase for increasing the probabilities for grouping. However, these were also reconsidered and assigned in later stages. In addition, when adding synthetic pathways to models
using SyM-GEM, the user has full control over protonation state and stereochemistry of added
compounds, and these synchronize correctly with those compounds already existing in the
model.
2.3.2.2 Phase Ib: Find identical compounds by calculating the probability of a compound
being identical or similar to others across all models
To resolve cases where there are no PubChem CID(s) associations for a compound after
querying against PubChem in Phase Ia, probabilistic pairing of compounds was implemented by
the CGA in Phase Ib. This is illustrated in Fig. 2.3, where compound “D-gluconate” was chosen
as an example. D-gluconate is found with different formats in the metabolic networks of eight
different models in the SyM-GEM database. When “GLCN” (a common abbreviation for Dgluconate) was queried against the PubChem Compound database, no CID was returned. This
initially led to a disconnection between D-gluconate compounds of the models in SyM-GEM
(i.e., they were identified as different compounds when they really are the same). There are five
distinct identifier-to-name pairs for D-gluconate in these eight models (Fig. 2.3a): (i) three
occurrences pair the name “D-gluconate” to the identifier “glcn,” (ii) two occurrences pair the
name “GLCN” to the identifier “cpd00222,” (iii) one occurrence pairs the name “D-gluconate”
to the identifier “glcn-d,” (iv) one occurrence pairs the name “D-Gluconic_acid” to the identifier
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“cpd00222,” and (v) one occurrence pairs the name “D-Gluconic acid” to the identifier “DGluconic_acid.” Thus, there are five distinct “groups” of name-to-identifier pairs (labeled “A”
through “E” in Fig. 2.3a). Each of these pairs was broken into forward and reverse mappings
called “events” as shown in Fig. 3b. Next, the probability of each Event was calculated based on
all mapping data. For example, the identifier “glcn” was mapped to the name “d-gluconate”
(capitalization is removed) in event C1 (Fig. 2.3b). The probability of event C1 (i.e., P(C1)) is the
number of occurrences “glcn” is mapped to “d-gluconate” (i.e., 3) relative to the total number of
mapping occurrences for “glcn” (i.e., 5), making P(C1) equal to 0.6. All mapping occurrences for
this example are given in Fig. 2.3c. To determine if multiple events actually belong to the same
group, the probabilities of the two independent events were calculated. The probability matrix
for all possible combinations in the D-gluconate example is given in Fig. 2.3d. In this figure, the
probability that both independent events occur is reported, and sample calculations are shown.
To continue the above example, the probability that both C1 and C2 events occur in a system of
models was calculated as 0.45. As explained below, this value was used to determine whether the
compounds in C1 and C2 belong to the same group. The probability of an event often declines as
the number of models added to the SyM-GEM database increases. For example, if the P. putida
model had not been added to the database, the total occurrences for “glcn” and “cpd00222”
would have been reduced to 4 and 2, respectively (see Fig. 3c). Therefore, P(D1) and P(D2)
would have been 1 and 0.5, respectively. This means that the probability of “cpd00222” and
“glcn” belonging to the same compound group (𝑃 𝐷! ∩ 𝐷! ) (Fig. 2.3d) would have been 0.5
instead of 0.27. This implies that a threshold value for probability exists and depends on the
number of genome-scale models and the total number of compounds in SyM-GEM. Probability
values above the threshold indicate the compounds should be grouped, and probability values
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below the threshold indicate the compounds belong to different groups.

To optimize this

threshold value, Phase Ib of the CGA algorithm was repeated and the threshold value varied,
allowing for the formation of different numbers of compound groups. Results are shown in Fig.
2.4 and convey the number of independent compound groups that can be formed from the 11
models of SyM-GEM (a total number of 7,098 compounds) when the threshold value varies from
0.0001 to 1. In this case, the lowest possible threshold value (resulting in the fewest number of
compound groups) occurs when all possible pairs of compounds can be grouped. For the current
implementation of SyM-GEM, this occurs at a threshold level of <0.008 and results in <3000
compound groups. On the other hand, the highest possible threshold value occurs when all pairs
of compounds must be grouped separately. This occurs at a threshold level of 1 and results in
>5000 compound groups. However, from the results in Fig. 2.4, using a higher threshold value
would decrease the number of mis-assigned compounds while possibly excluding some
compounds from their proper group. For example, increasing the threshold value from 0.01 to
0.1 would result in generating 170 more compound groups of compounds. Given these results, a
threshold value of 0.02 was chosen (empirically) for the first implementation of SyM-GEM,
which contains 11 models and 7,098 compounds. This means that probability values greater than
or equal to 0.02 were required to include each event of the D-gluconate example in the same
compound group. From Fig. 2.3d, it is evident that all probability values are greater than 0.02,
making all mappings of Fig. 2.3a belong to the same compound group and be considered
identical in the SyM-GEM database. As will be shown, the SyM-GEM web application allows
users to manually select from all compounds assigned to the same group. This minimizes error
resulting from any mis-assignments by the CGA.
2.3.2.3 Phase II: Generate a repository of identical compounds
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To merge the data generated in Phase Ia,b into non-redundant compound groups, the
CGA first checked for the presence of PubChem CID associations for each compound in Phase
Ia. If that association existed, it assumed priority over any associations made in Phase Ib. In
either case, a new and unique “compound identifier” (cid) number was assigned to represent a
group of identical compounds. This process was repeated for all compounds of all models. At
this stage, a temporary repository (a MATLAB data structure) was constructed to collect and
group all identical compounds.
2.3.2.4 Phase III: Evaluate the groups in the repository, detect anomalies, and remove
redundancies
Upon first inspection, it was found that some of the compound groups were redundant.
Therefore, the CGA was amended to suppress special characters including: (i) dash, (ii)
underscore, (iii) comma, (iv) space, (v) upper-case letters, (vi) quotes, and (vii) letters specifying
stereochemistry (S and R, D and L) (stereochemistry was re-applied after grouping). This update
resulted in removing 303 redundant groups. Applying the CGA to all models (Table 2.2) of the
SyM-GEM database with a threshold level of 0.02 resulted in generating 2,510 non-redundant
compound groups out of 7,098 total compounds (the summation of all compounds in all models).
The total number of compounds of each model that were grouped with other compounds of other
models is shown in Fig. 2.5. As shown in this figure, the well-curated models such as iAF1260
of E. coli possess more model-specific compounds that are not found in other models. This
figure also shows that despite great similarity between central carbon metabolism and several
anabolic pathways of different organisms, there are specific pathways and compounds that are
not found in other models. At this point, the entire compounds database was extracted as a tab
delimited text file to be used for developing the online database of synchronized genome-scale
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models. In addition, separate tab-delimited files were generated for each model that included the
indices of the groups (cids) to which the compounds of that model were mapped.
2.3.3 Step 3: Build SyM-GEM
A screenshot of the home page of the SyM-GEM genome-scale model database and web
application is shown in Fig. 2.6. An online database of genome-scale models was developed
using MySQL to house synchronized tabulated lists of compounds generated in Step 2, described
previously. The web application for adding synthetic metabolic pathways was developed using
the PHP programming language. The web interface can be used to construct synthetic metabolic
pathway(s) and add them to one, multiple, or all genome-scale models contained in SyM-GEM.
User-modified models can then be downloaded in SBML format. The resulting SBML files have
been verified to be compatible with functions of the COBRA toolbox. The web interface also
presents a convenient and user-friendly way to build synthetic reactions and add them to multiple
models, facilitating systems metabolic engineering for the selection of an optimal host for a
synthetic pathway of interest. A step-by-step tutorial for using the SyM-GEM web application is
given in the Supplementary Appendix A. This tutorial demonstrates (i) the construction of a
synthetic pathway for isobutanol production [65, 81, 82], (ii) its addition to the iAF1260
genome-scale model of E. coli K-12 MG1655, (iii) the further addition of this pathway to
multiple genome-scale models in SyM-GEM, and (iv) the generation and download of the
modified models as SBML files.

2.4 Discussion
A novel database and web application was developed in this research that allows systems
biologists and metabolic engineers to access synchronized genome-scale metabolic flux models
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through a user-friendly on-line platform (SyM-GEM). Users can further modify available models
by constructing and adding customized synthetic metabolic pathways. The original and/or
modified models are downloadable as SBML files that can be readily used by common software
packages such as MATLAB with the COBRA toolbox. The underlying approach that achieved
synchronization among differently formatted genome-scale models, the CGA, uses a series of
data-mining steps and probabilistic modeling that collectively provide a fast and reliable method
for finding and grouping identical compounds. This algorithm does not require large storage
space for pooling all available biochemical data. In Phase Ia of compound synchronization
between models, the CGA directly queries information from the on-line well-curated PubChem
Compound database. Thus, the problem of redundancies and inconsistencies can be bypassed to
a great extent due to its immense size and inclusion of all known names for each compound.
Moreover, the PubChem Compound database has cross-linked information on compounds from
over more than 200 sources and databases. The probabilistic association methodology (Phase Ib)
along with the final compound treatment and evaluation procedure (Phase II and Phase III) of
the CGA resolve compound associations for those compounds that could not be found in the
PubChem Compound database or lack specificity in their names. These inconsistencies arise
mainly because (i) there are compounds in models with poor annotations (e.g., “salcn,”
“Unknown product,” and “acceptor”), too specific annotations (e.g., “Cell wall of B. subtilis”
and “(O16 antigen)x4 core oligosaccharide lipid A”), or wrong annotations (e.g., “3',5'-Cyclic
AMP, Adenosine 3[-,5[-cyclic monophosphate, Cyclic adenylic acid”), and (ii) the PubChem
Compound database does not contain all macromolecules (e.g., tRNAs and lipids). The CGA
allowed for finding identical compounds from a pool of 7,098 compounds collected from 11
genome-scale models and grouping them into 2,510 unique groups. For example, the CGA was
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capable of grouping “L-Glutamate 5-Phosphate,” “L-Glutamyl 5-phosphate,” “L-Glutamyl_5phosphate,” “glu5p,” and “cpd02097” into the same compound group. All of these, in fact,
represent the same compound. The algorithm has the potential of improving its performance as
more information is fed by adding additional genome-scale models to the database. For example,
in the initial version of SyM-GEM, compounds “triphosphate” and “inorganic triphosphate”
could not be linked together under the same group because none of the models in the database
support this relationship. In addition, the CGA has the potential, in future implementations, to
incorporate user knowledge to improve and/or assign associations; thus, further curation and
improvements through “crowd sourcing” are possible in future versions of SyM-GEM.
The SyM-GEM web application offers an effective method for incorporating new
synthetic metabolic pathways into one or multiple genome-scale models.

These modified

models enable comprehensive analysis and comparison among various metabolic engineering
strategies for optimal production of a specific target. SyM-GEM allows construction of a de novo
synthetic pathway and its simultaneous addition to multiple models without user regard for the
different model formats or specific nomenclatures used by individual model. In the current
version of the SyM-GEM, there are both highly-curated models and draft reconstructions. The
approach designed in this research has the potential to be complemented with automated
genome-scale model reconstruction pipelines or even other databases of models to enable: (i)
synchronization among newly published models and those residing in SyM-GEM, (ii) addition of
synthetic metabolic pathways to an expanded number of models, and (iii) producing modified
SBML files of models for widespread distribution. Ultimately, the goal of the SyM-GEM
genome-scale model database and web application is to enable systems metabolic engineering of
synthetic pathways in multiple hosts simultaneously.
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Start
Read genome-scale model(s) of interest as SBML or tab delimited text or spreadsheet
file and convert to COBRA model in MATLAB

Query all compounds of all models
against the PubChem Compound
database
(Phase Ia)

Model Reading
Compound Grouping
Algorithm (CGA)

Probabilistic model of compound
grouping based on similarity

Phase Ia,b

(Phase Ib)

Generate a repository of identical compounds grouped together through merging the
outcomes of Phase I

Phase II

Evaluate the groups in the repository through detecting anomalies and removing
redundancies

Phase III
SyM-GEM
Database

Create a database of models for which standards have been developed

Web Application

Apply the online web-interface to add synthetic metabolic pathway(s) to one or more
models and download the modified model(s) as SBML

End
Figure 2.1. Flowchart of SyM-GEM development: (i) custom reading of differently formatted
genome-scale models, (ii) synchronization of models through a compound grouping algorithm
(CGA), (iii) development of an on-line database of genome-scale models, and (iv) a web
application to add synthetic metabolic pathway(s) to one or multiple models.
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Figure 2.3. The probabilistic CGA using the example of “D-gluconate” extracted from eight
genome-scale models. (a) Representation of the compound identifiers and names for “Dgluconate” in eight genome-scale models. Among the 10 name-to-identifier pairs, there are 5
unique groups labeled as A, B, C, D, and E. (b) Each of the groups implies 2 independent
directional mapping events (denoted by subscripts 1 and 2). (c) The number of occurrences of
each independent event and the total number of occurrences for each name. (d) The probability
matrix for pairs of names being identical. Probabilities greater than or equal to 0.02 were
considered to belong to the same group.

	
  

31

6000

75

60

4000

45

Percentage of Compounds Grouped

Number of Compound Groups

5000

3000

2000
10

4

10

3

10

2

10

1

30
0
10

Threshold

Figure 2.4. Sensitivity of the probabilistic CGA (Phase Ib) given the set threshold value. The
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(empirically) for SyM-GEM, and this point is identified with an arrow.
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Synechocystis PCC6803 (iJN678)
S. cerevisiae (iND750)
P. pseudomonas (Seed160488.1)
M. barkeri (iMG746)
L. plantarum
G. sulfureducens
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C. glutamicum (Seed196627.4)
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Figure 2.5. The coverage of the CGA for all genome-scale models contained in SyM-GEM. The
following are shown for each model: (i) the total number of unique compounds (ignoring
compartments) (black) and (ii) the number of unique compounds grouped with unique
compounds of other models after applying the CGA (grey). The model-specific compounds
comprise the difference.
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SyM-GEM

11/21/13 12:55 PM

Metabolic Engineering and Systems Biology Laboratory
Department of Biological Systems Engineering
Virginia Tech

Synthetic)Metabolic)Pathway)Builder)and)
Genome7Scale)Model)Database)(SyM7GEM))(v.1.0)

Select a model:
You can either download a model 'as-is' or design and add new synthetic reaction(s) to a model. Note, you
will have the opportunity to add your new reaction(s) to multiple models later.
Bacillus subtilis 168 (iBsu1103) (Henry et al. 2009)

Clostridium acetobutylicum ATCC 824 (iCAC498) (McAnulty et al. 2012)

Clostridium beijerinckii (iCM925) (Milne et al. 2011)

Corynebacterium glutamicum ATCC 13032 (Seed196627.4) (Henry et al. 2010)

Escherichia coli K-12 MG1655 (iAF1260) (Feist et al. 2007)

Geobacter sulfurreducens ATCC 51573 (Mahadevan et al. 2006)

Lactobacillus plantarum WCFS1 (Teusink et al. 2006)

Methanosarcina barkeri Fusaro (iMG746) (Gonnerman et al. 2013)

Pseudomonas putida KT2440 (Seed160488.1) (Henry et al. 2010)

Saccharomyces cerevisiae (iND750) (Duarte et al. 2004)

Synechocystis sp. PCC6803 (iJN678) (Nogales et al. 2012)

*The iCAC498 model has replaced the originally published iCAC490 model.

Figure 2.6. The SyM-GEM genome-scale model database and web application located at
http://www.mesb.bse.vt.edu/SyM-GEM.
https://secure.hosting.vt.edu/www.mesb.bse.vt.edu/SyM-GEM/
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Organism Name (Model ID)
Aspergillus nidulans
(iHD666)

ATP Synthase Reaction
Reference
ADP[m] + PI[m] + 3.88 H+_PO ->
[86]
ATP[m] + H2O[m] + 3.88 H+_PO[m]
cpd00008 + cpd00009 + (4) cpd00067[e]
Bacillus subtilis
<=> cpd00001 + cpd00002 + (3)
[87]
(iBsu1103)
cpd00067
Clostridium acetobutylicum
ADP[c] + Orthophosphate[c] + 3 H+[e]
[17]
(iCAC490)
<=> H2O[c] + ATP[c] + 2.48 H+[c]
ADP + Pi + 4 PROTON[e] <=> ATP +
Corynebacterium glutamicum
[88]
WATER + PROTON
Escherichia coli
adp[c] + (4) h[p] + pi[c] <==> atp[c] + (3)
[80]
(iAF1260)
h[c] + h2o[c]
adp[c] + (4) h[e] + pi[c] --> atp[c] + (3)
Geobacter sulfurreducens
[89]
h[c] + h2o[c]
Methanosarcina barkeri
adp[c] + 4 h[e] + pi[c] <=> atp[c] +
[90]
(iMG746)
h2o[c] + 3 h[c]
Pseudomonas putida
IC00008 + IC00009 + 4 EC00065[e]
[91]
(iJP815)
<==> IC00001 + IC00002 + 3 IC00065
Saccharomyces cerevisiae
Adp[g] + (3) h[c] + pi[g] --> atp[g] + (2)
[78]
(iND750)
h[g] + h2o[g]
Table 2.1. Representation of the ATP synthase reaction in several genome-scale models.
Diversity is apparent in compound names, symbols, compartments, and stoichiometric
coefficients used in each of the reactions.

Organism Name (Model ID)
Bacillus subtilis (iBsu1103)
Clostridium acetobutylicum ATCC 824 (iCAC498)
Clostridium beijerinkii NCIMB 8052 (iCM925)
Corynebacterium glutamicum ATCC 13032 (Seed196627.4)
Escherichia coli K-12 MG1655 (iAF1260)
Geobacter sulfurreducens
Lactobacillus plantarum WCFS1
Methanosarcina barkeri (iMG746)
Pseudomonas putida KT2440 (Seed160488.1)
Saccharomyces cerevisiae (iND750)
Synechocystis sp. strain PCC6803 (iJN678)
*The iCAC498 model has replaced the originally published iCAC490 model.

Reference
[87]
[17]*
[92]
[44]
[80]
[89]
[93]
[90]
[44]
[78]
[77]

Table 2.2. Genome-scale models currently available in SyM-GEM.
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Chapter 3: ToMI-FBA: A genome-scale metabolic flux based
algorithm to select optimum hosts and media formulations for
expressing pathways of interest
Abstract
The Total Membrane Influx constrained Flux Balance Analysis (ToMI-FBA) algorithm
was developed in this research as a new tool for genome-scale metabolic flux modeling. ToMIFBA serves as a computational method to enable microbial host selection and culture medium
design for optimal expression of new synthetic metabolic pathways. ToMI-FBA relies on a
novel in silico cell membrane influx constraint that specifies the flux of atoms (not molecules)
into the cell through all possible membrane transporters. The ToMI constraint is novel and is
constructed through the addition of an extra row and column to the stoichiometric matrix of a
genome-scale metabolic flux model. In this research, the mathematical formulation of the ToMI
constraint is given along with three case studies that demonstrate its usefulness. In Case Study 1,
ToMI-FBA returned an optimal culture medium formulation for the production of isobutanol
from Bacillus subtilis. Significant levels of L-valine were recommended to optimize production,
and this result has been observed experimentally. In Case Study 2, ToMI-FBA revealed a
strategy of adding cellobiose as a means to increase ethanol selectivity during the stationary
growth phase of Clostridium acetobutylicum ATCC 824. Finally, in Case Study 3, B. subtilis
was identified as a superior host (relative to Escherichia coli, Saccharomyces cerevisiae, and
Synechocystis PCC6803) for the production of artemisinate.
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3.1 Introduction
3.1.1 Production of biofuels, valuable chemicals, and pharmaceuticals by microbial cell
factories
A rapidly growing focus in the field of metabolic engineering is the construction of
microbial cell factories (MCFs) that make use of synthetic metabolic pathways for renewable
production of biofuels, valuable chemicals, and pharmaceuticals.

Recent examples using

different microbial hosts include (among others): (i) isopropanol [1], 1-butanol [2], 3-methyl-1butanol [3], styrene and aromatic building-blocks [4, 5], glucaric acid [6], and 3-hydroxybutyrate
[7] Taxol [8, 9], astaxanthin [10, 11], and artemisinin [12] using Escherichia coli; (ii) amino
acids and poly 3-hydroxybutyrate using Corynebacterium glutamicum [13]; and (iii) isoprene
production in cyanobacteria [14]. In addition, significant efforts are underway in pathway design
and enzyme engineering that will ensure this approach continues to grow [15-17]. The issue of
microbial host selection has also arisen as researchers look for different microbes to optimally
express synthetic pathways [18-20].

In particular, isobutanol production through the non-

fermentative 2-keto acid route has now been studied in E. coli [21], Synechocystis elongates
[22], C. glutamicum [23], Bacillus subtilis [24], Saccharomyces cerevisiae [25], and Clostridium
cellulolyticum [26]. It is clear that new synthetic pathways are under development and represent
a significant new phase in renewable production of chemicals. It is well established that new
synthetic pathways will require high availability of precursors and required cofactors; however,
more information is needed about how to choose optimal hosts, genetic manipulations, and
media formulations to express these pathways highly. In this research, a new computational
platform based on genome-scale metabolic flux modeling is introduced that can determine which
microbial host(s) and media formulations can provide the required precursors and cofactors
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essential to optimize expression of any newly derived synthetic pathway. This approach can also
be used as a starting point for the metabolic engineer to design genetic manipulation strategies.
3.1.2 Challenges of using non-platform hosts as microbial cell factories
Well-studied organisms, such as E. coli, are often chosen for expression of new synthetic
pathways because their genetic engineering toolset(s) are well established.

Given the

exponential growth of high-throughput -omics datasets, the rapid advancements in molecular
biology, the elucidation of enzyme kinetic parameters, and the automated methods for building
genome-scale metabolic flux models, systems-level knowledge is becoming enriched on the
physiology and biochemistry of lesser-studied organisms. It is conceivable that several of these
organisms may ultimately be found to be superior for the expression of certain synthetic
pathways requiring specific precursors and cofactors. However, the crucial challenges that exist
currently are to (i) screen potential hosts for the expression of an inserted synthetic metabolic
pathway and (ii) evaluate the optimal pathway use by the selected hosts. Certainly as the number
of common microbial hosts increases in biotechnology, advances in evaluating the suitability of
hosts for synthetic pathways requiring different precursors and cofactors are needed. Similarly, a
“minimal cell” may also eventually emerge as a universal host in biotechnology. In this case, the
addition of metabolic pathways to properly allocate precursors and cofactors to synthetic
pathways of interest will be needed.

With the advances in genome-scale metabolic flux

modeling, it is proposed here that this problem may be best solved computationally.
3.1.3 Genome-scale models and the incorporation of synthetic metabolic pathways
Genome-scale metabolic flux models provide a snapshot prediction of steady-state
metabolic activity and consist of a system of hundreds to thousands of linearized mass balance
equations that are often solved using flux balance analysis (FBA) with an objective function (i.e.,
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maximizing the cell growth rate, among others) [27, 28]. Thus, genome-scale metabolic flux
models serve as platforms for efficient, fast, and holistic analyses of metabolism in silico. The
number of reconstructed genome-scale models is growing rapidly, and the automated
reconstruction resources have enabled the generation of draft models for any organism with a
sequenced genome [29-31]. Thus, a systematic approach that allows incorporation of a synthetic
metabolic pathway into genome-scale models and further evaluates the potential use of that
pathway is seen as a necessary development. This was the motivation behind the creation of the
Synthetic Metabolic Pathway Builder and Genome-Scale Model Database (SyM-GEM)
(http://www.mesb.bse.vt.edu/SyM-GEM) (manuscript under review).

The SyM-GEM web

application allows the addition of user-created synthetic metabolic pathways to one or multiple
genome-scale metabolic flux models of interest to biotechnology. The output of the SyM-GEM
web application is a model compatible with the Systems Biology Markup Language (SBML)
[32] that can be simulated using the COBRA Toolbox [33] in MATLAB. By combining the
SyM-GEM and recently developed approach of Flux Balance Analysis with Flux Ratios
(FBrAtio) [34, 35], several metabolic engineering strategies (genetic manipulations) were
installed in existing genome-scale models and evaluated for enhanced production of (i) cellulose
from Arabidopsis thaliana using the AraGEM model [36]; (ii) isobutanol from engineered S.
cerevisiae using iND750 model [37]; (iii) acetone from engineered Synechocystis PCC6803
using iJN678 model [38]; (iv) hydrogen from E. coli MG1655 using iAF1260 [39]; and (v)
acetone, butanol, and isopropanol from engineered C. acetobutylicum using iCAC490 [34]. The
results showed very good correlation between the experimental observations and the
computational predictions. In some cases, the predictions introduced new and/or improved
metabolic engneering strategies. However, in every case, it was not apparent that the host
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selected for pathway expression was, in fact, the optimal host or that the culture media had been
formulated to ensure optimal expression. To adress these questions, the Total Membrane Influx
constrained Flux Balance Analysis (ToMI-FBA) algorithm was developed and is described in
detail in the following sections.
3.1.4 ToMI-FBA: A computational framework for global evaluation of synthetic metabolic
pathway use in multiple hosts and media formulations
The ToMI-FBA approach introduces a new stochastic set of constraints to the genomescale metabolic flux model. In particular, ToMI-FBA allows the number of atoms that are
imported into the in silico cell model (through any membrane transport process) to be
constrained to a given value. This allows for a direct comparison of substrates (e.g., glucose vs.
cellobiose) that contain different numbers of carbon atoms and allows different combinations of
substrates to be imported simultaneously and compared directly. It also allows the exploration of
common metabolic byproducts (e.g., acetate) for use as substrates. This new ToMI constraint is
implemented by addition of new rows and columns to the stoichiometric matrix, similar (but not
identical) to the FBrAtio approach [34, 35], and is discussed further below. In the stochastic
approach used in ToMI-FBA, membrane transport processes of different potential carbon sources
are enabled/disabled randomly so different combinations of transporters can be used
simultaneously for the uptake of substrates and secretions of products. FBA is then run with a
constrained specific growth rate and the objective of maximizing production of a targeted
product. The stochastic constraining of membrane transport reactions allows searching for all
possible combinations of cofactors and precursors required for the synthetic metabolic pathway
to be used by the model. In other words, no prior knowledge or experimental observations are
required about the physiology and biochemistry of cell metabolism prone to the new synthetic
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pathway. With ToMI-FBA, the whole process of adding a synthetic pathway and evaluating its
expression by multiple organisms in silico can be accomplished in a matter of hours. Performing
the same task in laboratory requires skilled technicians considerable time and resources. The
ToMI-FBA computational framework developed in this research assists researchers in quickly
generating systematic knowledge about the biological system before designing and implementing
metabolic engineering experiments to optimize pathway expression. In this research, the ToMIFBA method was applied to several genome-scale models with importance in biotechnology in
three separate case studies to demonstrate its predictive capability to select optimal MCF hosts
and media formulations. In particular the case studies show (i) L-valine significantly improves
the production of isobutanol from engineered B. subtilis, (ii) ethanol is the major fermentation
product of cellobiose fermentation by C. acetobutylicum ATCC 824 at low pH, and (iii) B.
subtilis is also a potential optimal host for the production of artemisinate. The ToMI-FBA
algorithm is compatible with the COBRA Toolbox v2.0.5 [33] and is included as a MATLAB
function in the Supplementary Appendix B to this dissertation.

3.2 Systems And Methods
3.2.1 Culture growth and analysis of metabolic substrates and products
C. acetobutylicum ATCC 824 was initially grown on 2x YTG plates and later in liquid 2x
YTG as previously described [40]. Culture growth was monitored by OD600, and the cellobiose
substrate and major metabolic products (i.e., acetate, butyrate, acetone, butanol, ethanol) were
measured by HPLC using a previously developed method [40]. A Shimadzu HPLC (Shimadzu
Co., Kyoto, Japan) was used along with an Aminex HPX-87H, 300 x 7.8 mm column (BioRad,
Hercules, CA) for metabolite quantifications. Sulfuric acid (5 mM) was used as the isocratic
mobile phase, and a constant flow rate of 0.5 mL/min was used. The column was maintained at

	
  

52

60˚C, detection was performed using refractive index, and the method was run for 35 minutes.
To investigate the effects of cellobiose uptake during solventogenesis, the culture was grown to
the onset of solventogenesis (OD600 = 3-3.5), cells were pelleted by centrifugation, and resuspended in fresh 2x YTG (pH adjusted to 4.5) containing cellobiose substrate (no glucose and
acid byproducts were present when new culture media was added).
3.2.2 Software
All simulations were performed using MATLAB (R2012b) (MathWorks, Natick, MA)
with the COBRA Toolbox v2.0.5 [33] and the open-source GLPK linear programming software.
Genome-scale metabolic flux models were written in the Systems Biology Markup Language
(SBML). To read and write SBML formatted models, the SBML Toolbox v4.1.0 and SBML
library v5.8.0 were used [41]. The SyM-GEM database and web application (manuscript under
review) (http://www.mesb.bse.vt.edu/SyM-GEM) was used to add synthetic metabolic pathways
to genome-scale metabolic flux models of interest.
3.2.3 Genome-scale metabolic flux models, synthetic metabolic pathways, and the goals of
case studies
In Case Study 1 of this research, the synthetic metabolic pathway for the production of
isobutanol from pyruvate through 2-ketoisovalerate intermediate developed by Atsumi et al. [21]
(Fig. 3.1a) was installed in the iBsu1103 model of Bacillus subtilis [42]. The goal of this case
study was to use ToMI-FBA to determine what additional culture medium component(s) could
further increase isobutanol production.

In Case Study 2, the iCAC490 model of C.

acetobutylicum ATCC 824 [34] was updated to create the iCAC498 model, which is freely
available through SyM-GEM. This update includes revising all compound names, compound
ids, reaction names, reaction ids, enzyme EC numbers, and gene ids and correcting these data
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where necessary. Major changes in the reaction equations include the following. Carbonmonoxide dehydrogenase (encoded by CAC0116 and CAC2498) was updated based on data
available in BRENDA on gene homology in C. pasteurianum and C. thermoaceticum. Betaglucosidase (encoded by CAC1075) was updated to account for cellobiose hydrolysis. No
synthetic pathways were added to this model, but ToMI-FBA was applied to determine which
substrates and culture medium components impact acetone/butanol/ethanol (ABE) selectivity
during the stationary phase of culture growth. Finally, in Case Study 3, the synthetic metabolic
pathway for artemisinate production developed by Ro et al. [43] (Fig. 3.1b) was added to the
iAF1260 model of E. coli [39], the iBsu1103 model of B. subtilis [42], the iND750 model of S.
cerevisiae [37], and the iJN678 model of Synechocystis PCC6803 [38]. The goal of this case
study was to determine which of these hosts could potentially achieve higher artemisinate
production.
3.2.4 Development and implementation of the ToMI constraint
The ToMI-FBA algorithm (i.e., MATLAB function) (i) locates all membrane transport
reactions in a COBRA formatted genome-scale model, (ii) randomly sets directionality of
unconstrained transport reactions, (iii) updates the stoichiometric matrix with the Total
Membrane Influx (ToMI) constraint, (iv) constrains the specific growth rate to a specified value,
(v) sets the new objective function of maximizing secretion of a targeted product, and (vi)
performs FBA given the new constraints and objective function. The entire sequence is repeated
over a specified number of iterations (default = 1000), and the optimum solution, flux
distribution, and constraints are retained. The ToMI constraint is implemented as follows. The
ToMI value is assigned based on the total atom influx across the cell membrane. This means that
by random assignment of transporters for influx or efflux, the size of the transported molecule(s)
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(i.e., number of carbon atoms in different carbohydrate sources) is taken into account. The
following is a mathematical description of ToMI. The quantity 𝐴!,! is the number of atoms of
reactant x in reaction i. If there are y total reactants in reaction i and there are j total membrane
transport reactions with constraints set to allow membrane influx only, the ToMI value is
calculated according to Eq. 1. In general, the ToMI is defined as the total number of atoms in
reactants of influx reactions multiplied by the flux values of those reactions.
!

!

𝑇𝑜𝑀𝐼 =

𝐴!,! 𝑣!                     𝐸𝑞. 1
!!! !!!

Not only can the ToMI value be calculated, it can also be specified and used as a
constraint in a traditional genome-scale metabolic flux model (Eq. 2), where 𝑆 is the 𝑚  ×  𝑛
stoichiometric coefficient matrix and 𝑣 is the vector of optimized flux values. To do this, Eq. 1
is re-arranged and set equal to zero, as shown in Eq. 3. To add the ToMI constraint to the
stoichiometric matrix, the following steps are implemented: (i) add a new row and column to 𝑆,
(ii) set the stoichiometric coefficient at 𝑆!!!,!!! equal to –ToMI, (iii) set the upper and lower
constraints of the new reaction 𝑛 + 1 equal to 1, and (iv) in the new 𝑚 + 1 row of 𝑆, set the
stoichiometric coefficient in columns corresponding to each membrane reaction (e.g., 𝑣! ) equal
to the total number of atoms crossing the membrane (e.g., 𝐴!,! + 𝐴!,! + ⋯). This procedure has
been automated by the COBRA-compatible ToMI-FBA MATLAB function included in the
Supplementary Appendix B.

𝑆 ∙ 𝑣 = 0                    𝐸𝑞. 2
𝐴!,! + 𝐴!,! + ⋯ 𝑣! + 𝐴!,! + 𝐴!,! + ⋯ 𝑣! + ⋯ − 𝑇𝑜𝑀𝐼 = 0                    𝐸𝑞. 3
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The ToMI-FBA algorithm distinguishes among different transporters used by different genomescale metabolic flux models and is also capable of finding the membrane transport reactions of
multi-compartmental organismal models (i.e., the periplasm of E. coli models). When multiple
compartments are included in a model, the membrane connected to the extracellular
compartment is automatically considered for constraining ToMI.
3.2.5 Development and implementation of the specific proton flux constraint
The specific proton flux (SPF) is a genome-scale metabolic modeling constraint
originally developed by Senger and Papoutsakis [44] and specifies the total efflux of protons
crossing the membrane of an in silico cell. The SPF includes the free protons in membrane
transport reactions, but it also includes protons bound to acids that later deprotonate in the
extracellular medium (i.e., acetic acid (acetate) and butyric acid (butyrate)). Thus, constraining
the SPF in the presence of weak acids is more difficult than constraining the “exchange” flux of
protons. The SPF constraint is implemented using a nearly identical method as the ToMI
constraint. In particular, the SPF is defined by Eq. 4, where j is the total number of reactions, 𝑃!
is the number of protons transported and 𝑣! is the flux of the 𝑖 !! membrane transport reaction.

!

𝑆𝑃𝐹 =

𝑃! 𝑣!                     𝐸𝑞. 4  
!!!

Similar to the ToMI constraint, the SPF constraint is added to the stoichiometric matrix by (i) rearranging Eq. 4 (set equal to zero), (ii) adding a new row and column to the stoichiometric
matrix, (iii) adding stoichiometric coefficients in the new row and columns that correspond to
transport reactions and the SPF, and (iv) constraining the new SPF reaction to a flux value of 1.
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Similar to ToMI-FBA, the SPF constraint is compatible with the COBRA Toolbox and COBRA
formatted genome-scale metabolic flux models. A COBRA-compatible MATLAB function
capable of implementing the SPF constraint is also included in the Supplementary Appendix C.

3.3 Results
3.3.1 Case Study 1: L-Valine improves isobutanol production from B. subtilis
Isobutanol has attracted considerable attention as an advanced liquid biofuel because it
has superior physical properties (e.g., energy density, hygroscopicity) to ethanol and has a higher
octane number and is slightly less toxic to fermenting cultures than 1-butanol. After the
introduction of the ketoacid pathway as a potential non-fermentative pathway to produce
isobutanol in E. coli [21], there have been several metabolic engineering efforts to install this
pathway in different hosts to enable isobutanol production from diverse substrates, including
cellulose and CO2/sunlight.

Isobutanol yield from engineered E. coli was highest (0.41 g

isobutanol per g glucose when it was removed continuously from the cell culture broth to
minimize product toxicity [45]. Higher tolerance has been shown by C. glutamicum [46] and
especially B. subtilis (more than 2-fold increased product tolerance) [47]. It has also been shown
experimentally that isobutanol production was significantly enhanced when L-valine was added
to the culture media of this organism [24]. The ToMI-FBA approach was implemented with a
modified iBsu1103 model of B. subtilis to determine whether L-valine would be identified as a
critical culture medium component to maximize isobutanol production.
The synthetic isobutanol pathway [21] (shown in Fig. 3.1a) was added to the iBsu1103
model of B. subtilis using the SyM-GEM web application. To do this, two new compounds
(isobutyraldehyde and isobutanol) and four new reactions were added to iBsu1103. Two steps of
this pathway (acetohydroxy acid isomeroreductase and dihydroxy acid dehydratase) were already
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present in the iBsu1103 model. ToMI-FBA was applied with the objective of maximizing
isobutanol production at multiple constrained growth rates (from 0.1 to 0.5 h-1). The ToMI
values were varied from 0 to 500 mmol equivalent atoms gDCW-1 h-1. ToMI-FBA was applied
with and without the possibility of importing L-valine from a minimal culture media (i.e.,
glucose, ammonia, O2, and required minerals). The results of the ToMI-FBA simulations with
allowed L-valine uptake are given in Fig. 3.2A. The difference in isobutanol production given
minimal media with L-valine and minimal media without L-valine is shown in Fig. 3.2B. Based
on these results, isobutanol production is directly correlated with ToMI and inversely correlated
with the specific growth rate. In addition, significantly higher isobutanol production levels were
observed when L-valine was included as a possible substrate. In all cases where L-valine could
be imported (Fig. 3.2A), ToMI-FBA found it beneficial to import L-valine. A complex medium
formulation consisting of all carbon sources, amino acids, weak acids, nucleotides, and cofactors
present in the iBsu1103 model as simulated using ToMI-FBA. Here, L-valine uptake was also
found to increase isobutanol production. To analyze the isobutanol synthetic pathway use and
global flux distribution pattern, the ToMI-FBA simulations were repeated 10 times.

Each

simulation included 100 iterations of random influx/efflux assignments to membrane transport
reactions. At the end of each simulation, the iteration that resulted in the highest isobutanol flux
was retained along with the network fluxes for that iteration. In order to find the optimum
number of iterations for the modified iBsu1103 model, ToMI-FBA was run for 10, 30, 50, 100,
and 1000 iterations (results not shown). With less than 50 iterations, the algorithm did not
converge, and using more than 50 iterations returned identical results with the added
computational expense. Thus, 100 iterations were used for the computational study, and all
simulations showed synthetic pathway use by iBsu1103. The average fluxes and standard
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deviations (over 10 simulations of 100 iterations each) of the isobutanol synthetic pathway for
simulated growth on minimal media with L-valine and complex media are shown in Table 3.1
for the arbitrarily constrained ToMI of 300 mmol equivalent atoms gDCW-1 h-1, specific growth
rate of 0.2 h-1, and glucose uptake rate of 10 mmol gDCW-1 h-1. According to ToMI-FBA
simulation results, a portion of L-valine was converted to 2-keto-isovalerate, which was further
metabolized to isobutanol. Moreover, in 50% of simulations, 2-keto-isovalerate was converted
to 2-isopropylmalate, which was further metabolized to leucine. The ideal sources of carbon and
nitrogen were a combination of several amino acids (including isoleucine, leucine, methionine,
proline, tryptophan, and tyrosine) and propionate. Nucleotides (such as AMP and CMP), citrate,
and niacin were also necessary in most simulations to generate high yield. Potassium, calcium,
magnesium, and iron were also essential for the growth in silico. It is noted that with complex
media and constrained glucose uptake, L-proline and propionate uptake were preferred over Lvaline, suggesting additional room for complex media development. Major byproducts, such as
carbon dioxide and water, were intuitive simulation results. The iBsu1103 model also has the
capability to produce acetoin from acetolactate; however, simulation results yielded no acetoin
production in silico. These results are in agreement with the experimental findings [24, 47].
Overall, ToMI-FBA successfully identified L-valine as a beneficial culture medium component,
which has been verified experimentally.
3.3.2 Case Study 2: Cellobiose fermentation increases ethanol selectivity in C.
acetobutylicum
The Gram-positive obligate anaerobe C. acetobutylicum ATCC 824 is of considerable
research interest due to its ability to convert a wide range of substrates to ABE products [40, 48].
This organism undergoes a genetically programed metabolic shift where acids (i.e., acetate and
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butyrate) are produced during the exponential growth phase followed by acid re-uptake and
conversion to ABE products during the stationary phase of culture growth.

Senger and

Papoutsakis developed the concept of the SPF and investigated its role in the metabolic shift in
their original genome-scale modeling research of C. acetobutylicum [44, 49]. In general, with a
favorable proton motive force between the cytosol and extracellular environment, the cell can
secrete acids (which is preferred). With a low medium pH, the cell must secrete solvents instead.
ToMI-FBA was applied in this case to determine what substrate(s) could influence ABE
selectivity when the SPF was constrained to mimic low medium pH. Butanol and acetone were
highly coupled and maximized by butyrate uptake (which is well known). Ethanol, on the other
hand, was maximized by cellobiose uptake during solventogenesis, a non-intuitive result. This
was tested by (i) growing C. acetobutylicum to the onset of the stationary phase, (ii) separating
cells from culture media (i.e., acetate and butyrate), and (iii) re-suspending cells in fresh culture
media (pH adjusted to 4.5) with a cellobiose substrate. As shown in Fig. 3.3, cellobiose was
consumed, and ethanol was produced under these conditions, confirming the ToMI-FBA
simulation result. Although some acid products were still produced by the experimental culture
with the addition of cellobiose, this culture accumulated nearly twice as much ethanol as the
control culture during the stationary phase of growth.
3.3.3 Case Study 3: Host selection for artemisinate production
The need for more effective antimalarial therapies led to the pursuit of artemisinin-based
combination therapies, where artemisinate is a key drug. Artemisinin is a naturally derived
product; however, the high price and low availability of this plant-derived antimalarial drug
motivated investigation into production by an engineered MCF. In this regard, Martin et al. [50]
first reported the production of amorphadiene, the precursor for artemisinate production, using
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engineered E. coli that expressed the mevalonate-dependent (MEV) synthetic pathway of S.
cerevisiae. Tsuruta et al. [12] produced >0.25 g L-1 of amorphadiene in an optimized fed-batch,
where HMG-CoA synthase and HMG-CoA reductase (two key genes in the MEV pathway) were
replaced with homologs from Staphylococcus aureus. In addition, Ro et al. [43] introduced a
cytochrome P450 monooxygenase (CYP71AV1) from A. annua to an engineered S. cerevisiae to
enable the production of artemisinate from the precursor, amorphadiene in the same host. In this
case study, the ToMI-FBA algorithm was applied to modified genome-scale models of E. coli
K12 MG1655 (iAF1260) [39], S. cerevisiae (iND750) [37], B. subtilis (iBsu1103) [42], and
Synechocystis PCC6803 (iJN678) [38] to determine which host is superior for producing
artemisinate.

All genome-scale models were modified using SyM-GEM to express the

artemisinate synthetic pathway (Fig. 3.1b). As a result of this synthetic pathway addition,
amorpha-4,11-diene and artemisinate were introduced to the metabolic network of the
aforementioned organisms as new compounds.

To determine the maximum artemisinate

production by these potential hosts, the ToMI-FBA was applied at multiple constrained growth
rates (from 0.1 to 0.5 h-1) and ToMI values (from 0 to 500 mmol equivalent atoms gDCW-1 h-1).
The ToMI-FBA results for each potential host are shown in Fig. 3.4.

Overall, in silico

expression of the pathway in B. subtilis (iBsu1103) revealed a higher artemisinate production
potential compared to the other hosts. To demonstrate, at ToMI and specific growth rate values
of 0.2 h-1 and 200 mmol equivalent atoms gDCW-1 h-1, B. subtilis has the potential to produce
~14% more artemisinate than either of E. coli or S. cerevisiae. Synechocystis PCC6803 (iJN678)
returned almost 25% less artemisinate production in silico than either of E. coli (iAF1260) or S.
cerevisiae (iND750).
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3.4 Discussion
The ToMI-FBA approach has the ability to constrain the total atom influx of an in silico
cellular model in order to evaluate metabolic activity. The ToMI constraint is unique in that it
implements a constraint on multiple reactions simultaneously with the only requirement being
that the sum of fluxes through those reactions equal a specified value. This approach removes
bias commonly given to “larger” substrates that allow influx of additional carbon (e.g., glucose
vs. cellobiose). The applications of ToMI-FBA are numerous, and those addressed in this
research include culture medium design and host selection for optimized expression of synthetic
metabolic pathways. However, it is important to note that ToMI-FBA returns only the potential
for product formation. ToMI-FBA operates by maximizing product formation as the objective of
FBA.

This does not mimic physical systems, as typically the growth rate of organism is

maximized in nature (although several objective functions have been investigated in genomescale modeling).

Therefore, one possible future application of the ToMI-FBA might be

combining it with another optimization problem (i.e., genetic manipulations) to formulate a bilevel optimization problem for maximizing target product formation.

However, significant

metabolic engineering may be required to achieve the quantitative results returned by ToMIFBA. This is particularly true for the case of host selection. Investigators must also take into
account additional aspects such as: (i) the observed growth rate, (ii) the genetic toolsets
available, and (iii) first-hand strain specific information and observations when selecting a host
to express a synthetic pathway.
ToMI-FBA will return the potential of possible hosts but not an estimate of the amount of
work required to achieve this potential. In addition, ToMI-FBA can be used to design optimal
culture medium formulations based on the potential for product formation. However, this may
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require significant metabolic engineering to achieve optimal productivity. Additional points that
should be emphasized about using ToMI-FBA for synthetic pathway productivity predictions
include the current unknown relationship between the specific growth rate and total membrane
influx. Given relationships such as Figs. 3.2 and 3.3, it is unknown what ToMI and specific
growth rate combination will be observed in reality. For example the ToMI and specific growth
rate of wild-type E. coli grown on glucose is much greater than that of Synechocystis PCC6803
grown autotrophically. In addition, the relationship between ToMI and the specific growth rate
is not well understood and is likely organism-specific. In genome-scale metabolic flux models,
this is likely a function of the biomass equation, which has been shown to have differing degrees
of sensitivity to metabolic flux distributions in different models. In addition, ToMI-FBA cannot
be used to predict physical characteristics for which mechanisms are not contained in the
genome-scale metabolic flux model, such as product toxicity.
Although achieving the quantitative production levels returned by ToMI-FBA may be
unlikely, using ToMI-FBA results qualitatively is rational and has been shown in this research to
result in increased product formation for two cases tested. ToMI-FBA should be used to design
computational experiments that identify non-intuitive media components and cellular responses.
Ideally, ToMI-FBA will serve as a “first evaluation” for potential hosts and culture medium
formulations for newly designed synthetic pathways to be expressed by an engineered MCF.
Additional uses of ToMI-FBA likely exist and should be explored in future research.

In

addition, the methodology of constraining ToMI and SPF presented in this research has
numerous applications and can be used in conjunction with the similarly implemented FBrAtio
constraint to design metabolic engineering strategies and determine metabolic potential.
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Figure 3.1. Synthetic metabolic pathways used for as case studies in this research for the
production of (A) isobutanol and (B) artemisinate.
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Figure 3.2. (A) Production of isobutanol (mmol gDCW-1 h-1) from the modified iBsu1103
model of B. subtilis in the presence of minimal media supplemented with L-valine as a function
of ToMI and the specific growth rate. (B) The additional flux that adding L-valine to minimal
media provides over minimal media alone.
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Figure 3.3. Consumption of cellobiose (A) and production of ethanol (Bduring the growth of C.
acetobutylicum on cellobiose (blue bars) and on regular 2xYTG media (red bars) at different
stages of growth measured by HPLC. Early exp.: early exponential; Mid. exp.: middle of
exponential; Late exp.: late exponential; Early st.: early stationary; mid. st.: middle of stationary;
late st.: late stationary phases of growth.
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Figure 3.4. The maximum production (mmol gDCW-1 h-1) of artemisinate from complex media
as a function of ToMI and specific growth rate for the following models: (A) iAF1260 model of
E. coli, (B) iBsu1103 model of B. subtilis, (C) iND750 model of S. cerevisiae, and (D) iJN678
model of Synechocystis PCC6803. The maximum production rate is given in the top left corner
of each sub-figure.
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Reaction
(2) Pyruvate → Acetolactate +
CO2
Pyruvate + 2-HydroxyethylThPP ↔ Acetolactate + TPP
Acetolactate + NADPH + H+
↔ 2,3-Dihydroxy-isovalerate
+ NADP
2,3-Dihydroxy-isovalerate ↔
2-Keto-isovalerate + H2O
2-Keto-isovalerate →
Isobutyraldehyde + CO2
Isobutyraldehyde + NADH +
H+ ↔ Isobutanol + NAD
L-Valine [e] + H+ [e] → LValine [c] + H+ [c]
L-Proline [e] + H+ [e] → LProline [c] + H+ [c]
Propionate [e] + H+ [e] →
Propionate [c] + H+ [c]

Minimal Medium +
L-Valine
Average Flux
Standard
(mmol gDCW-1 h-1) Deviation

Complex Medium
Average Flux
(mmol gDCW-1 h-1)

Standard
Deviation

7.984

1.291

9.6510

0.1229

0.8845

1.291

2.042

0.05810

8.868

4.452x10-3

11.69

0.1657

8.868

4.452x10-3

11.69

0.1657

11.67

1.441x10-5

11.87

5.837x10-3

11.67

1.441x10-5

11.87

5.837x10-3

2.931

1.441x10-5

0.2436

0.1725

0

0

1.049

0.02466

0

0

2.723

0.1824

1

In ToMI-FBA simulations, isobutanol production was maximized in FBA.
The ToMI value was constrained to 300 mmol equivalent atoms gDCW-1 h-1, the specific growth rate
was constrained to 0.2 h-1, and the glucose uptake rate was constrained to 10 mmol gDCW-1 h-1 in all
simulations.
3
The Average Flux and Standard Deviation were obtained from 10 independent simulations containing
100 iterations each.
4
The “[e]” and “[c]” specify extracellular and cytosol compartments, respectively. If unspecified, all
other compounds are assumed to be cytosolic.
2

Table 3.1. Average ToMI-FBA reaction fluxes of the synthetic isobutanol pathway installed in
the iBsu1103 model of B. subtilis.
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Chapter 4: Improving microbial phenotype predictions with new
genome-scale metabolic flux modeling toolsets

Abstract
Two toolsets to improve genome-scale metabolic flux predictions by flux balance
analysis (FBA) were developed and applied to the cyanobacterium Synechocystis PCC6803 and
E. coli MG1655. The Total Unconstrained eXchange flux (TUX) is defined as the flux of
additional (i.e., un-observed in the laboratory) metabolites required to make a genome-scale
metabolic flux model converge. TUX was minimized in FBA by updating the stoichiometric
coefficients of the growth-defining “biomass equation” of a model using a genetic algorithm.
TUX minimized FBA was successful in improving fit in all genome-scale models tested. In
particular, TUX was reduced by the following amounts for the microbes/conditions analyzed: (i)
heterotrophic growth of Synechocystis PCC6803 (95.9%), (ii) photoautotrophic growth of
Synechocystis PCC6803 (56.9%), (iii) aerobic growth of E. coli MG1655 (88%), and (iv)
anaerobic growth of E. coli MG1655 (47%). TUX minimized FBA also improved agreement
among

13

C-labeled substrate metabolic flux analysis (13C-MFA) and FBA flux distributions for

heterotrophic growth of Synechocystis PCC6803. To obtain further improvement, a standard set
of flux ratio constraints in central carbon metabolism were derived and implemented using the
previously established approach of Flux Balance Analysis with Flux Ratios (FBrAtio).
Improvements in the sum-squared error between 13C-MFA and FBA flux results were 56.1% and
61.4% for the heterotrophic and photoautotrophic growth of Synechocystis PCC6803,
respectively.

The same set of flux ratio constraints was ineffective in E. coli MG1655,

suggesting a strain dependence of flux ratio constraints in central carbon metabolism.
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4.1 Introduction
4.1.1 Flux analysis through isotopic tracing
The first attempts to measure flux of major metabolic pathways occurred nearly four
decades ago when 13C-labeled experiments were designed to study Tetrahymena pyriformis cells
[1, 2]. With considerable advances in instrumentation, isotopic labeling methods, metabolic
pathway reconstruction, and data analysis, metabolic flux analysis (MFA) using isotope-labeled
substrate(s) has become an accepted methodology for studying metabolism and quantifying
metabolic flux [3-6]. Steady-state MFA with

13

C-labeled substrate(s) (steady-state

requires both isotopic and metabolic steady-states.

13

C-MFA)

These scenarios enable the following

assumptions: (i) fluxes balance within the metabolic network and (ii) labeling patterns of
metabolic intermediates can be deduced from end products (i.e., biomacromolecules including
protein, cell wall, and lipids) [7-9]. For cyanobacteria, such as Synechocystis PCC6803, CO2 can
serve as the carbon source in photoautotrophic (i.e., photosynthetic) growth. With

13

C-labeled

CO2, every metabolite becomes labeled to the same degree (since CO2 has only one carbon), and
this prevents steady-state flux determination [10]. In response, kinetic experiments involving
metabolic steady-state but isotopically non-steady-state

13

C-MFA have been designed [11-14].

However for cyanobacteria grown under photoheterotrophic (CO2 and

13

C-labeled non-CO2

substrates and light) and heterotrophic (13C-labeled non-CO2 substrates and dark),
state MFA is suitable for determining metabolic fluxes.

13

C-steady-

Although useful, isotopic-tracer

experiments remain laborious and expensive [15]. Other computationally-based methods, such
as flux balance analysis (FBA) using genome-scale metabolic flux models, attempt to identify
metabolic flux distributions without the use of isotopic tracers.
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4.1.2 Flux analysis through genome-scale modeling with FBA
FBA is one of the widely used computational methods to predict the distribution pattern
of fluxes in a metabolic network. FBA assumes a pseudo-steady-state applies to mass balances
around intracellular metabolites, meaning that their rates of production are equal to their rates of
consumption over short time-scales [16, 17]. This approach results in a system of linear
equations, often written as 𝑆 ∙ 𝑣 = 0, where 𝑆 is the stoichiometric coefficient matrix and 𝑣 is a
vector of optimized reaction flux values. The stoichiometric matrix contains stoichiometric
coefficients of metabolites (represented in rows) in each reaction (represented in columns).
When constructed from genomic annotation, these models are referred to as “genome-scale”
models. The system of linear equations of genome-scale models contain hundreds to thousands
of reactions and metabolites and are often under-determined, as the number of reactions is
usually greater than the number of metabolites. Cell growth is defined through the use of one or
more biomass equations that define the construction and assembly of macromolecules (e.g.,
protein, lipids, nucleic acids, cell wall), and the system is solved with the use of an objective
function (i.e., often by maximizing the specific growth rate). Genome-scale metabolic flux
models have been reviewed extensively in the literature [18-23], and many important and diverse
uses for these models have been derived [24]. Although very useful and applicable to large
metabolic networks with thousands of reactions, FBA can fail to accurately predict flux
distribution when one of the following occurs in a metabolic network: (i) parallel pathways, (ii)
metabolic cycles, and (iii) un-balanced energy metabolites [3, 25, 26]. In these cases, isotopiclabeling experiments are often required to help resolve the aforementioned limitations. Thus,
computational techniques that can help FBA better approximate

13

C-MFA results are needed if

genome-scale modeling is to return accurate predictions of metabolic flux distributions.
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4.1.3 Previous efforts to reconcile metabolic fluxes determined through 13C-MFA & FBA
Using a stoichiometric model, Pramanik and Keasling [27, 28] were among the first to
attempt to reconcile

13

C-MFA and FBA flux distributions and show that flux predictions of

central carbon metabolism in E. coli are dependent upon its cellular composition. In addition
Senger [29] showed previously that altering stoichiometric coefficients of the biomass equation
of a genome-scale model for Clostridium acetobutylicum ATCC 824 [30] had a dramatic impact
on the resulting flux distribution calculated by FBA. The Minimization of Metabolic Adjustment
(MOMA) is another of the first attempts to reconcile the FBA predictions with 13C-MFA results
[31].

This method was based on an engineered E. coli strain (i.e., pyruvate kinase knockout)

and compared its FBA flux distribution results with published
showed that MOMA provided a better correlation with

13

13

C-MFA results [32]. Results

C-MFA results than the original FBA

[31]. However, MOMA requires knowledge of metabolic fluxes a priori to predict flux redistribution in response to a perturbation. This level of knowledge does not exist for most
metabolic networks and environmental conditions. In another recent study, a more thorough 13CMFA experiment was designed to investigate the synergies between the metabolic flux
distribution of E. coli MG1655 in vivo and its predicted flux distribution in silico through FBA
[33]. While the study yielded several insightful observations and calculations of the E. coli
metabolic network use under aerobic and anaerobic conditions, the authors revealed the critical
differences in flux distributions obtained by FBA and

13

C-MFA.

Reconciliation of these

methods remains a significant challenge in systems biology, and the field of metabolic
engineering stands to benefit greatly from progress with this problem.
Our hypothesis is that an accurate representation of cell composition in the biomass
equation of a genome-scale model is needed to produce flux distributions by FBA that more
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closely resemble those determined by 13C-MFA. To test this, we developed a genetic algorithm
to optimize the biomass equation of E. coli and then compare FBA and

13

C-MFA results [34].

Results showed that an optimized biomass equation leads to flux profiles from FBA that are in
better (but not complete) agreement with 13C-MFA results. We modeled the 13C-MFA results of
Walsh and Koshland [35] for E. coli using the iJR904 genome-scale model [36], and the results
showed significant improvement in matching the predicted fluxes of central carbon metabolism
to the observed fluxes [34]. This predictive capability of the algorithm was also examined for the
lesser-studied organism, C. acetobutylicum, and the results were in agreement with published
measurements of biomass composition for C. acetobutylicum and the closely related and wellstudied B. subtilis [34]. This is critical because most organisms are not well-studied, and
accurate biomass equations are needed to make meaningful FBA predictions. A computational
method that can improve the accuracy of the biomass equation without needing laborious
laboratory measurements is significant. The goal of the biomass optimization problem is to
minimize the Total Unconstrained eXchange (TUX) flux of a genome-scale model. In short, the
TUX makes up all of the extra (i.e., un-observed in the laboratory) fluxes needed to make a
genome-scale metabolic flux model converge. This concept is explained further in the Methods
section below. In the present research, we aimed to further expand the applicability of the TUX
minimization approach to other systems and propose a universal computational platform that
enables researchers to get more-closely matched FBA predictions to

13

C-MFA results and an

updated and more accurate biomass equation for a genome-scale metabolic flux model of
interest. The TUX minimized FBA approach was applied to the case of the cyanobacterium
Synechocystis PCC6803 to investigate the potential of the algorithm in directing the FBA flux
solutions to more closely resemble 13C-MFA results reported by Yang et al. [37] for the case of
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heterotrophic growth conditions and to resemble the

13

C-MFA results reported by Young et al.

[38] for the case of autotrophic growth. One major advantage of the TUX minimized FBA
approach is that it only requires the knowledge of the uptake/secretion fluxes of essential
substrate(s)/by-products. These can be measured using simple laboratory techniques. The TUX
minimized FBA approach aims to reduce the need for costly and time-consuming

13

C-MFA

studies for every lesser-studied organism and every engineered strain of well-studied organisms.
While minimizing the TUX value massively re-orders metabolic flux distribution, another
approach to this is Flux Balance Analysis using Flux Ratios (FBrAtio) [39, 40]. With FBrAtio,
flux distributions at targeted metabolic branch points (i.e., nodes) can be defined during FBA.
FBrAtio has been used to accurately model differentiating wild-type metabolism of C.
acetobutylicum ATCC 824 [39] as well as evaluate and design metabolic engineering strategies
for the production of fuels and chemicals from several different microbes [40]. In this research,
the FBrAtio approach was applied along with TUX minimized FBA to achieve better agreement
among

13

C-MFA and FBA flux results. The TUX and genetic algorithms are included in the

Supplementary Appendix D as a COBRA-compatible MATLAB functions.

4.2 Methods
4.2.1 Models and platforms for FBA
The iJN678 genome-scale metabolic flux model of the cyanobacterium Synechocystis sp.
PCC6803 [41] and the iJR904 model of E. coli MG1655 [36] were used for simulations.
Genome-scale modeling was performed in the MATLAB (R2012b) environment using the
Constraint-Based Reconstruction and Analysis (COBRA) Toolbox (v2.0) [42] and the open-
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source GLPK linear programming solver. The Systems Biology Markup Language (SBML)
Toolbox v4.1.0 and SBML library v5.8.0 were used to read the genome-scale models.
4.2.2 Definition of the TUX and how it is calculated
A genome-scale metabolic flux model consists of (i) the metabolic network, (ii) biomass
equation(s) that describe biomacromolecule assembly and cell growth, (iii) membrane transport
reactions that transport metabolites in/out of the cell, and (iv) exchange reactions that transport
metabolites in/out of the system (i.e., the cell and extracellular environment).

In general,

substrates are converted to biomacromolecule precursors, energy, and reducing power.
Whatever is leftover is secreted as metabolic byproducts (e.g., CO2, weak acids, and alcohols) to
complete the mass balance of the cell. However, when a biomass equation is inaccurate in a
genome-scale model, import/export of additional metabolites is required to satisfy the overall
cellular mass balance. While this may be required of the in silico model, these “extra” fluxes are
not observed in the physical system. In a genome-scale metabolic flux model, these extra fluxes
required to complete the mass balance are more easily located in the exchange reactions that
transport metabolites in/out of the system. These exchange fluxes are often unconstrained
(especially for export) in genome-scale metabolic flux modeling so the cellular mass balance is
achieved easily. When performing FBA, major metabolic substrates/byproducts such as: (i)
glucose uptake, (ii) weak acids and alcohol production, and (iii) O2 uptake/CO2 production are
commonly measured and specifically constrained in the genome-scale model to these observed
values. The remaining unconstrained exchange fluxes are there to satisfy the mass balance.
These exchange fluxes of all metabolites unobserved in the physical system but required to
satisfy the in silico mass balance are referred to as TUX [34]. The TUX value can be calculated
directly from FBA results by specifying which exchange reactions are unconstrained and
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correspond to metabolites unobserved in the physical system. In the iJN678 genome-scale model
of Synechocystis PCC6803, there are a total of 57 exchange reactions that can be used in TUX
calculations [41]. Thus, the objective of updating the biomass equation in a genome-scale model
is to adjust its stoichiometry in such a way that minimizes the TUX.
4.2.3 Genetic algorithm for updating the biomass equation
The details of the genetic algorithm (GA) used throughout to update the biomass equation
have been published [34] and are summarized below. In general, the objective of the GA was to
minimize the TUX by adjusting the stoichiometry of the biomass equation components. The
iJN678

genome-scale

model

contains

three

separate

biomass

equations,

one

for

photoautotrophic, photoheterotrophic (i.e., mixotrophic), and heterotrophic conditions. Each of
these biomass equations contains ~120 components that define: (i) nucleic acids, (ii) amino
acids, (iii) lipids, (iv) cell wall peptidoglycan, (v) pigments, (vi) glycogen, (vii) ion and solute
pools, and (viii) maintenance ATP (mATP) required for cell growth. The GA optimization of the
biomass equation was performed along side the core FBA optimization problem while only the
uptake/secretion of experimentally observed metabolites (e.g., glucose, CO2, etc.) were
constrained. The output of GA optimization is a biomass equation with updated stoichiometry.
To optimize the biomass equation, the stoichiometries of each of its major components listed
above were assigned to a gene (element) of a real-coded chromosome (vector) in the GA
optimization scheme [43]. Thus, each chromosome represented a full set of stoichiometric
coefficients for the biomass equation. The GA was initiated with 30 chromosomes (known as
the population) and it was found that 50 generations (offspring of the initial population) were
necessary for algorithm convergence. In each generation, all 30 chromosomes were evaluated,
and those that minimized the TUX value were deemed more “fit” and were given a greater
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chance of replication. In the GA, the next generation of chromosomes was produced by (i)
reproduction of fit chromosomes (10%), (ii) applying BLX-𝛼 crossover [44] to these
chromosomes (30%), (iii) applying non-uniform and random mutations [45] to create new
chromosomes (30%), and (iv) generating new chromosomes at random (30%). The GA was
repeated for the heterotrophic (Case Study 1) and photoautotrophic (Case Study 2) biomass
equations contained with the iJN678 genome-scale metabolic flux model. The entire routine is
contained in the COBRA-compatible MATLAB function “GA_FBA.m” available in the
Supplementary Appendix D.
4.2.4 FBrAtio and flux ratio constraints
The derivation of the FBrAtio approach has been derived elsewhere [39, 40]. In general,
a metabolic node is defined as a metabolite that can be utilized by multiple enzyme-catalyzed
reactions. FBrAtio is built on the premise that enzymes “compete” for a limited metabolite
supply

and

that

metabolite

is

ultimately

distributed

among

competing

enzymes.

Thermodynamically and kinetically favorable pathways are believed to produce more flux than
unfavorable pathways.

This distribution can be specified in FBA using the following

implementation. For example, if metabolite A is to be distributed between enzyme-catalyzed
reactions 1 and 2, where vA,1 and vA,2 are the resulting fluxes, the ratio is defined as shown in Eq.
1. This relationship is rearranged and set equal to zero (Eq. 2).

𝑣!,!
= 𝑟𝑎𝑡𝑖𝑜                    𝐸𝑞. 1
𝑣!,! + 𝑣!,!
1 − 𝑟𝑎𝑡𝑖𝑜 𝑣!,! − 𝑟𝑎𝑡𝑖𝑜 ∙ 𝑣!,! = 0                    𝐸𝑞. 2
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The Eq. 2 is compatible with the flux balance equation 𝑆 ∙ 𝑣 = 0 . To implement the flux ratio,
(i) a new row is added to 𝑆, (ii) the stoichiometric coefficient in the column corresponding to
enzyme-catalyzed reaction 1 is “1 − 𝑟𝑎𝑡𝑖𝑜”, (iii) the stoichiometric coefficient in the column
corresponding to enzyme catalyzed reaction 2 is “−𝑟𝑎𝑡𝑖𝑜”, and (iv) all other coefficients in the
new row are set equal to zero. When FBA is performed with the newly modified 𝑆, the correct
flux distribution will be obtained at the node. It is important to note that absolute flux values are
not constrained by flux ratios, only the distribution of flux is defined.

4.3 Results
4.3.1 Case Study 1: Heterotrophic growth of Synechocystis PCC6803
To optimize the biomass equation and FBA flux predictions for heterotrophic growth
conditions, the iJN678 genome-scale model of Synechocystis PCC6803 was first constrained
with the following published experimental fluxes [37] for the glucose uptake rate, CO2
production rate, photon uptake rate, and specific growth rate given in Table 4.1. The specific O2
uptake rate was not specified in [37] along with the provided metabolic and

13

C-MFA data.

Thus, the effect of oxygen uptake was evaluated in the simulation study by calculating TUX
values at differently constrained oxygen uptake rates. Also, at different oxygen uptake rates, the
fitness of the model predictions was compared to the observed fluxes by calculating the sumsquared error between the predicted and measured fluxes (total of 16 fluxes) in central carbon
metabolism. Local minima in both TUX and fitness were found at the same O2 uptake rate,
suggesting this flux measurement is not absolutely critical as long as TUX is minimized (results
not shown). All 13C-MFA and FBA flux values for the 16 enzyme-catalyzed reactions measured
are given in Table 4.2. Here, the sum-squared error (SSE) was calculated as a measure of
difference between

	
  

13

C-MFA and FBA flux values. FBA flux values resulting from optimized
84

biomass equation stoichiometry and minimized TUX (labeled “TUX FBA”) are also shown in
Table 4.2. Upon minimizing TUX, the overall SSE improved 12.1% relative to FBA predictions,
and the TUX decreased 20.1%. This means that minimizing TUX was successful in producing a
better fit between

13

C-MFA and FBA determined fluxes and reducing the efflux of metabolites

not observed experimentally. However, even though better agreement was obtained, noticeable
differences still remained between the

13

C-MFA and FBA flux distributions. For example, the

TCA cycle, glucose 6-phosphate isomerase, and malic enzyme were not used under TUX
minimized FBA. In fact, only 10/16 reactions studied carried flux using FBA, while all reactions
carried flux using

13

C-MFA. In response, the following flux ratios were investigated as basic

constraints to cyanobacterial central carbon metabolism in an approach similar to what was
required to accurately model C. acetobutylicum ATCC 824 metabolism [39]. This single set of
flux ratio constraints was identified by analyzing published flux maps of Synechocystis PCC6803
[37, 38, 41]. The set was found effective for both heterotrophic and photoheterotrophic (Case
Study 2) growth of Synechocystis PCC6803 in steady-state and kinetic

13

C-labeling MFA

experiments that were performed independently.
1. Pyruvate kinase consumes 50% of available phosphoenolpyruvate (i.e., the flux ratio of
the pyruvate kinase relative to all phosphoenolpyruvate-consuming reactions is 0.5).
2. Pyruvate dehydrogenase consumes 80% of available pyruvate.
3. Malate dehydrogenase carries 50% as much flux as the malic enzyme.
4. Glucose 6-phosphate isomerase carries 5% as much flux as the glucose 6-phosphate
dehydrogenase.
These flux ratio constraints were implemented (see Eqs. 1 and 2), and TUX minimized FBA was
applied. Results are also shown in Table 4.2. Upon implementing all four flux ratio constraints
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simultaneously, an improvement of 56.1% in SSE was observed over simple FBA calculations,
and the TUX was improved by 95.9%. In addition, with flux ratio constraints, 15/16 studied
reactions carried flux. The updated biomass equations after TUX minimized FBA and the
routine with all four flux ratio constraints is given in Table 4.3. Only small deviations were
observed from the originally published biomass equation for heterotrophic growth with iJN678;
however, these small differences produced significantly different metabolic flux distributions.
Next, the TUX minimized FBA and the same flux ratio constraints listed above were
implemented to study photoautotrophic growing Synechocystis PCC6803.
4.3.2 Case Study 2: Photoautotrophic growth of Synechocystis PCC6803
To simulate photoautotrophic growth, the iJN678 model of Synechocystis PCC6803 was
constrained to the experimentally observed glucose, CO2, O2, and photon influx/efflux rates and
specific growth rate listed in Table 4.1 [38, 41]. Metabolism was simulated by simple FBA and
TUX minimized FBA, and results are shown in Table 4.4. While several more fluxes were
measured for the photoautotrophic case using isotopically nonstationary

13

C-MFA than for the

heterotrophic case, the same set of enzymes are listed in Table 4.4 as in Table 4.2 so direct
comparisons can be made. Upon applying simple FBA, a SSE value of 1.290 was obtained for
fit with isotopically nonstationary

13

C-MFA flux data, and 10/16 reactions carried flux. In

photoautotrophic growth, 8/16 reactions proceed in the opposite direction as when grown
heterotrophically. These are denoted as negative flux values in Table 4.4. Upon applying TUX
minimized FBA, a SSE of 1.457 was obtained (a 13% decrease in fitness); however, the TUX
improved by 62.6%. Thus, photoautotrophic growth represents more of a challenge and was the
first case observed where TUX minimized FBA did not improve fitness with 13C-MFA data. To
obtain a better fit between 13C-MFA and FBA results, the flux ratio constraints described in Case
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Study 1 were applied. In order to implement these constraints, the following minor change was
required: flux ratio constraint #4 defined the flux distribution of glucose 6-phosphate between
the phosphoglucomutase and the glucose 6-phophate dehydrogenase to 0.06 (this value is
consistent with the constraint applied in Case Study 1). When all 4 flux ratios were applied
simultaneously with TUX minimizing FBA, an improvement of 61.4% was obtained for the SSE
fitness between 13C-MFA and FBA results, and the TUX improved by 56.9%. In addition, 13/16
enzyme-catalyzed reactions carried flux after applying the flux ratio constraints. The notable
exception was that no flux was predicted through the citrate synthase and isocitrate
dehydrogenase. Upon further inspection of global flux results and additional simulations, it was
found that the iJN678 model required minor L-glutamate uptake when growing
photoautotrophically, so absent TCA cycle flux was explained somewhat. Thus, while TUX
minimized FBA alone did not improve fitness in the case of photoautotrophic growth, the flux
ratio constraints originally designed in Case Study 1 from multiple flux maps of Synechocystis
PCC6803 provided significant improvements. This is of considerable interest given that half of
the reaction fluxes studied proceed in opposite directions between heterotrophic and
photoautotrophic growth. Again, the resulting original and optimized biomass equations are
given in Table 4.3, and the only significant change was in amino acids composition, which was
increased significantly (23-50%) upon biomass equation optimization. Next, it was determined
whether the flux ratio constraints given above could be applied to another organism.
4.3.3 Case Study 3: Aerobic and anaerobic growth of E. coli MG1655
The TUX minimized FBA approach with flux ratios constraints was applied to E. coli
MG1655 metabolism using the iJR904 genome-scale model.
showed significant improvement between
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Previously published results

C-MFA and FBA flux predictions when TUX was
87

minimized [34].

These simulations were repeated for the aerobic and anaerobic growth

constraints given in Table 4.1. An 88% reduction in total TUX was achieved for aerobic growth,
meaning the updated model required minimal import/export additional metabolites that were not
observed in the physical system. However, the significant improvement of agreement between
13

C-MFA and FBA results was not observed in this round of simulations. It is noted that changes

in simulation methodology (i.e., different computing platforms and GLPK solver version) along
with the stochastic nature of the algorithm may have contributed to this result. The flux ratio
constraints were applied, and a 10% improvement in

13

C-MFA and FBA was achieved for

aerobic after flux ratio constraint #2. The TUX minimized FBA approach with flux ratio
constraints was also applied to the iJR904 model of E. coli constrained for anaerobic growth
using the constraints shown in Table 4.1. Again, improvements were seen in TUX minimization
(47%) by updating the biomass equation, but the improvements in 13C-MFA and FBA agreement
were not significant (<10%). In addition, relatively minor changes were observed in the biomass
equation stoichiometry when optimized (Table 4.3), except for amino acids stoichiometry, which
increased up to 40% for both aerobic and anaerobic growth.

4.4 Discussion
Significant improvements in the overall fit of genome-scale metabolic flux models with
observed experimental data was achieved in this research by adjusting the biomass equation of
multiple models to minimize TUX. Here, TUX is defined as the extra metabolites secreted by
the in silico model to allow fit with experimentally observed results (i.e., specific growth rate,
glucose uptake rate, byproduct secretion rate, etc.). In the case of photoautotrophic growth of
Synechocystis PCC6803, adjusting the stoichiometry of the biomass equation using a genetic
algorithm reduced the total TUX from 1.457 to 0374 (a 62.6% reduction). In all cases tested, the
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genetic algorithm approach was successful in producing superior biomass equations that
minimize TUX. This approach is particularly valuable for the “lesser-studied” microbes that still
currently have approximated biomass equations and engineered microbes that undergo changes
in cellular composition as a result of metabolic pathway engineering. An accurate biomass
equation has been shown vital to genome-scale metabolic flux modeling, and the costly and
labor-intensive laboratory methodologies to obtain this information experimentally have been
reviewed [29]. TUX minimized FBA allows the formulation of a biomass equation from simple
measurements, such as substrate and byproduct uptake/secretion fluxes, rather than a
comprehensive cellular deconstruction and measurement of relevant macromolecules. Since
cellular composition is known to change with both environmental and genetic perturbations,
methodology capable of updating biomass equations easily to achieve proper model fit with
inputs/outputs is relevant to the field of systems biology.
Initially, it was hypothesized that simply minimizing TUX would improve agreement
between

13

C-MFA and FBA determined flux distributions. This was found to be true with the

initial published E. coli MG1655 study [34] and with heterotrophic growth of Synechocystis
PCC6803; however, multiple cases were highlighted in this research that proved otherwise.
Thus, while TUX minimized FBA provides better overall model fits for inputs/outputs, it does
not always choose the correct metabolic flux distribution. Additional knowledge is needed to
determine accurate metabolic flux branching patterns in the metabolic network. While these
results were disappointing, flux ratio constraints and FBrAtio emerged in this research as a
possible method to improve 13C-MFA and FBA flux correlations.
FBrAtio (i.e., using flux ratio constraints with FBA) has been shown effective in
modeling wild-type metabolism and designing metabolic engineering strategies [39, 40]. In this
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research, flux ratio constraints were shown effective in establishing agreement between

13

C-

MFA and FBA determined fluxes. A set of four flux ratio constraints around critical nodes in the
primary metabolism of Synechocystis PCC6803 were effective in reducing the SSE between 13CMFA and FBA flux results by 56.1% for heterotrophic growth and 61.4% for photoautotrophic
growth. This is interesting because metabolic flux distribution under these growth conditions is
very different and subjected to different metabolic regulators. In addition, the same set of flux
ratio constraints was effective for both data sets despite the facts that (i) different laboratories
collected the data nearly a decade apart and (ii) heterotrophic growth used steady-state MFA
while photoautotrophic growth required kinetic MFA. Since the flux ratio constraints designed
in

this

research

were

built

around

critical

nodes

of

central

metabolism

(i.e.,

phosphoenolpyruvate), it was investigated whether this same set of flux ratios could improve
metabolic flux predictions in E. coli MG1655 when combined with TUX minimization.
Unfortunately, the same gains realized for Synechocystis were not repeated in E. coli.
Thus, the set of flux ratio constraints proved unique to Synechocystis PCC6803 and the iJN678
genome-scale model in this research. This suggests that a key set of flux ratio constraints will be
required to generate accurate metabolic flux distributions for each organism studied. How this
will be achieved remains a challenge, and it is not yet clear whether a single set of flux ratio
constraints in central carbon metabolism will apply to all environmental conditions, and genetic
perturbations are considered special cases, depending on whether regulatory mechanisms are
altered. However, if simple sets of flux ratio constraints can eventually be deduced from genome
sequence-level information, accurate biomass equations and flux distributions will become
possible in microbes given only input/output metabolic data.
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With advances in obtaining

systems-level knowledge of membrane transporter kinetics and selectivity, this data may also
eventually become capable of being predicted.
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Constrained
Metabolite Flux
(uptake/secretion)1
(mmol gDCW-1 h-1)
Glucose
Acetate
Lactate
Formate
Succinate
Ethanol
CO2
O2
Photon
Specific Growth
Rate (h-1)

Synechocystis
PCC6803
Heterotrophic2
Constraints
0.85
0
0
0
0
0
-1.99
(-1000 to 1000)
0
0.076

Synechocystis
E. coli
PCC6803
MG1655
Photoautotrophic3 Aerobic4
Constraints
Constraints
0
7
0
0.8
0
0
0
0
0
0
0
0
3.7
-14
-4.8
12.65
54
0
0.085

E. coli
MG1655
Anaerobic4
Constraints
21
-7.7
-167
-0.5
-2.3
-10.5
-9.7
0
0

0.59

1

Positive values correspond to uptake, and negative values represent secretion
Obtained from [37].
3
Obtained from [38, 41].
4
Obtained from [27, 33].
5
Simulated value from [27].
2

Table 4.1. Definition of model constraints based on observed metabolic fluxes
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0.29

Pyruvate dehydrogenase (pdh)
Citrate synthase (cis)
Isocitrate dehydrogenase (icd)
Malate dehydrogenase (mdh)
Phosphoenolpyruvate
carboxylase (ppc)
Malic enzyme (me)
Glucose-6-phosphate
isomerase (hxi)
Fructose-bisphosphate
aldolase (pfk)
Pyruvate kinase (pyk)
Enolase (eno)
Glucose 6-phosphate
dehydrogenase (gdh)
Ribulose 5-phosphate 3epimerase (ppe)
Ribose-5-phosphate isomerase
(ppi)
Transketolase (tk1)
Transketolase (2) (tk2)
Transaldolase (tal)

0.998
0.361
0.079
0.282

0.538
0
0
0.090

0.703
0
0
0.167

0.716
0
0
-0.282

TUX
FBA5
Ratios
1-2
0.493
0.083
0.083
-0.073

0.473

0.095

0

0.464

0.322

0.357

0.408

0.582

0

0.004

0.472

0.132

0.167

0.180

0.048

0

0

0

0

0

0.050

0.500

0.112

0.165

0.163

0.105

0.176

0.215

0.618
1.208

0
0.979

0
1.045

0.521
1.042

0.376
0.752

0.414
0.828

0.461
0.922

0.767

0.836

0.814

0.821

0.842

0.832

0.784

0.480

0.271

0.381

0.379

0.249

0.398

0.370

0.286

0.211

0.261

0.267

0.194

0.270

0.255

0.256
0.224
0.256

0.150
0.120
0

0.204
0.178
0

0.203
0.176
0

0.137
0.112
0

0.213
0.185
0

0.198
0.172
0

Sum-squared error (SSE)
TUX
Percent SSE improvement
over FBA
Percent TUX improvement
over FBA

-

1.595
0.538

1.401
0.430

0.784
0.434

1.268
0.286

0.843
0.024

0.700
0.022

-

-

12.1

50.9

20.5

47.2

56.1

-

-

20.1

19.3

46.8

95.5

95.9

Enzyme

13

C-MFA

2

FBA

3

TUX
FBA4

TUX
FBA5
Ratio 1

TUX
FBA5
Ratios
1-3
0.551
0.267
0.267
0.082

TUX
FBA5
Ratios
1-4
0.598
0.330
0.330
0.089

1

All fluxes have units of mmol gDCW-1 h-1.
These fluxes were normalized to the glucose uptake rate of 0.85 mmol gDCW-1 h-1 [37, 41].
3
FBA predictions using iJN678 and constraints in Table 4.1.
4
FBA predictions using iJN678 with an updated biomass equation for minimized TUX.
5
FBA predictions using iJN678 with an updated biomass equation for minimized TUX and the specified
flux ratios.
2

Table 4.2. 13C-MFA and FBA flux results for heterotrophic growth of Synechocystis PCC6803
using iJN678
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Biomass
Equation
Original
TUX FBA
TUX FBA
Ratios 1-4
Original
TUX FBA
TUX FBA
Ratios 1-4

Amino
Lipids DNA RNA Peptidoglycan Pigment
Acids
Synechocystis PCC6803 Heterotrophic Growth with iJN678
39.21
0
4.60
0.18
0.10 0.53
0.030
0.030
38.31
0.028
4.60
0.18
0.10 0.53
0.030
0.030

mATP Glycogen

35.00

0.020

0.030

Synechocystis PCC6803 Autotrophic Growth with iJN678
53.35
0.21
4.60
0.18
0.10 0.53
0.030
56.43
0.32
6.90
0.27
0.15 0.79
0.045

0.030
0.045

52.93

0.034

Original
TUX FBA
TUX FBA
Ratios 1-2

45.56
44.31

Original
TUX FBA
TUX FBA
Ratios 1-2

45.56
43.58

44.58

45.33

0

0.18

4.00

5.98

0.33

0.27

0.10

0.096

0.50

0.40

0.028

E. coli MG1655 Aerobic Growth with iJR904
0.15
5.08
0.009 0.10 0.64
0.028
0.11
7.10
0.008 0.09 0.75
0.038
0.17

0.031

-

E. coli MG1655 Anaerobic Growth with iJR904
0.15
5.08
0.009 0.10 0.64
0.028
0.22
7.11
0.013 0.14 0.89
0.027

-

0.22

6.81

7.11

0.012

0.13

0.14

0.11

0.59

0.38

0.035

Table 4.3. Original and optimized biomass equation stoichiometric coefficients
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-

Pyruvate dehydrogenase (pdh)
Citrate synthase (cis)
Isocitrate dehydrogenase (icd)
Malate dehydrogenase (mdh)
Phosphoenolpyruvate
carboxylase (ppc)
Malic enzyme (me)
Glucose-6-phosphate
isomerase (hxi)
Fructose-bisphosphate
aldolase (pfk)
Pyruvate kinase (pyk)
Enolase (eno)
Glucose 6-phosphate
dehydrogenase (gdh)
Ribulose 5-phosphate 3epimerase (ppe)
Ribose-5-phosphate isomerase
(ppi)
Transketolase (tk1)
Transketolase (2) (tk2)
Transaldolase (tal)

0.437
0.118
0.111
-0.133

0
0
0
-0.051

0
0
0
0

0
0
0
-0.062

TUX
FBA5
Ratios
1-2
0.496
0
0
0.101

0.429

0.346

0.307

0.370

0.207

0.304

0.302

0.196

0.0515

0.311

0.373

0.210

0.141

0.144

-0.107

-0.033

-0.050

-0.050

-0.050

-0.036

-0.633

-2.220

-1.476

-1.766

-1.766

-1.766

-1.618

-2.218

0.352
0.873

0
0.927

0
0.946

0.473
0.946

0.310
0.620

0.397
0.795

0.391
0.781

0.592

0

0

0

0

0

0.595

-2.808

-2.834

-3.355

-3.355

-3.355

-3.097

-3.106

-1.317

-1.332

-1.551

-1.551

-1.551

-1.471

-1.471

-1.380
-1.425
-0.037

-1.400
-1.434
0

-1.653
-1.702
0

-1.652
-1.702
0

-1.653
-1.702
0

-1.526
-1.571
0

-1.531
-1.575
0

Sum-squared error (SSE)
TUX
Percent SSE improvement
over FBA
Percent TUX improvement
over FBA

-

1.290
1.000

1.457
0.374

1.342
0.370

1.266
0.370

0.928
0.431

0.497
0.431

-

-

-13.0

-4.1

1.9

28.0

61.4

-

-

62.6

63.0

63.0

56.9

56.9

Enzyme

13

C-MFA

2

FBA

3

TUX
FBA4

TUX
FBA5
Ratio 1

TUX
FBA5
Ratios
1-3
0.486
0
0
-0.070

TUX
FBA5
Ratios
1-4
0.485
0
0
-0.071

1

All fluxes have units of mmol gDCW-1 h-1. Negative values denote flux proceeding in the opposite
direction relative to those in Table 4.2.
2
These fluxes were normalized to the CO2 uptake rate of 3.7 mmol gDCW-1 h-1 [37, 41].
3
FBA predictions using iJN678 and constraints in Table 4.1.
4
FBA predictions using iJN678 with an updated biomass equation for minimized TUX.
5
FBA predictions using iJN678 with an updated biomass equation for minimized TUX and the specified
flux ratios.

Table 4.4. 13C-MFA and FBA flux results for photoautotrophic growth of Synechocystis
PCC6803 using iJN678
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Chapter 5: Integrating Raman spectroscopy with genome-scale
metabolic flux modeling to determine the phenotypic dynamics of
Clostridium cellulolyticum grown on cellobiose
Hadi Nazem-Bokaee, Theresah N. K. Zu, Eva Collakova, Ryan S. Senger

Abstract
A new genome-scale metabolic flux model iCCE557 was developed for the celluloseconsuming Clostridium cellulolyticum ATCC 35319 in this research. In addition, the biomass
equation of the model was designed using the developed technique of minimizing Total
Unconstrained eXchange (TUX) flux.

The TUX is defined as the physically unobserved

compounds that must be secreted to satisfy the global mass balance of genome-scale metabolic
flux models. Biomass equation candidates were produced (i) randomly, (ii) from other published
genome-scale models, and (iii) from laboratory measurements of C. cellulolyticum biomass. In
addition, data was supplied from Raman spectroscopy of cultures growing in early exponential,
mid-exponential, and early stationary phases of growth.

Raman data was found to increase

performance of updated biomass equations through reduced TUX values. In addition, the biomass
equation produced from laboratory measurements reduced TUX between 76-96%, relative to a
randomly generated biomass equation, when supplemented with Raman spectroscopy data.
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5.1 Introduction
5.1.1 Genome-scale metabolic flux models and the critical role of the “biomass equation”
Among the numerous mathematical models available for studying biological systems,
genome-scale metabolic flux models have the advantage of producing global predictions of
metabolic flux distributions [1-5].

These models contain hundreds to thousands of genes,

reactions, and metabolites connected together as a metabolic network.

The mathematical

formulation of genome-scale models was developed around the pseudo-steady state assumption
that asserts reaction rates at molecular level (i.e., enzyme-catalyzed reactions) are orders of
magnitudes faster than changes seen in cell phenotypes; thus, steady-states are assumed for short
time-scales [6]. Therefore, the metabolic network is reconstructed into a system of ordinary
differential equations, which is then reduced to a set of linear equations. Since genome-scale
models are often under-determined (i.e., they contain more reactions than compounds), solving
the metabolic network requires linear programming with an objective function (i.e., often
maximizing growth of the in silico cell) [7]. The synthesis and assembly of macromolecules
leading to cell growth is defined by the “biomass equation” in a genome-scale metabolic flux
model. The biomass equation includes stoichiometric amounts of macromolecules (protein,
DNA, RNA, lipids, cell wall, solute pools, maintenance ATP (mATP), etc.) that form 1 gDCW
of biomass. In most genome-scale metabolic flux models produced to date, a static biomass
equation is used for all environmental conditions and genetic manipulations. This ignores the
fact that the chemical composition of a cell and its observable phenotype are dependent upon
environmental conditions, cell-programmed differentiation, and genetic manipulations [8-13].
This oversight has mainly been due to the lack of knowledge of different cell phenotypes and
their chemical compositions. In addition, cell composition data is difficult and time-consuming
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to obtain in the laboratory, and phenotypes change consistently. Thus, problem solving using
genome-scale modeling with a static biomass equation is advantageous where possible, and it has
become commonplace to extract and borrow biomass equation data for new genome-scale
models from existing published models. Chiu and Segre [14] developed an FBA-based approach
to test for the changes in biomass composition in response to various glucose uptake rates in
wild-type and mutant strains of E. coli and compared the simulations with observed fluxes. The
system consisted of E. coli central carbon metabolism, and the biomass equation contained
amino acid precursors, nucleotides, and lipids. The small network size and possible experimental
errors in the measured fluxes led to flux predictions that could not be understood [14]. In a recent
study, a method based on flux balance analysis (FBA) was developed by Senger and NazemBokaee [15] that uses a genetic algorithm for optimization of the biomass equation under
different growth conditions. It was shown that when the biomass equation of a genome-scale
model is optimized, predicted fluxes of the in silico system are in better agreement with observed
fluxes of the experimental system [15]. The computational approach requires initial cell
composition information, and the more detailed this information, the more accurate the
predictions obtained. However, the current experimental techniques for isolation and
quantification of cellular components are time-consuming, resource-intensive, and destructive to
cells. Moreover, none of these techniques has the capability of providing whole cellular chemical
composition data using a single technique or on a short time-scale. Thus, alternative techniques
that can provide comprehensive cellular composition information in near real-time would be
significantly useful in generating phenotype predictions as well as validating the overall
usefulness of genome-scale metabolic flux predictions.
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5.1.2 Raman spectroscopy and near real-time cellular composition data
Raman spectroscopy is a powerful analytical technique that can be applied to a wide
variety of samples, including biologicals [16, 17]. The sample is excited by a monochromatic
laser, and the resulting spectrum shows the intensity of Raman scattered radiation (caused by
chemical bond rotations, stretching, and bending) as a function of wavenumber [18, 19]. Raman
spectroscopy has been used for identification of cellular strains [20, 21] and also studying the
cellular chemical composition [22-26]. The Raman spectrum of a cell is complex and contains
bands (i.e., peaks) that result from the thousands (or more) of molecules comprising the sample.
The following advantages have been noted for Raman spectroscopy: (i) chemical labeling
methods are not required, (ii) analyses can be performed on living cells (i.e., cells are not
destroyed), and (iii) there is minimal spectral interference from water. Although the application
of Raman to study cellular chemical composition of cells is not new, here we developed a novel
method for implementing Raman spectroscopy data from cells to direct the optimization of
biomass equation stoichiometries of a genome-scale metabolic flux model. Deconvolution of
Raman spectra into chemical composition data remains a significant challenge, and the new
developments in this research can be applied to any cell type.
5.1.3. Integrating Raman spectroscopy and genome-scale metabolic flux modeling
In this research, an integrated computational-experimental methodology for rapid
generation of near real-time and holistic cellular composition data was developed.

This

technique allows incorporating the strengths of systems-level information from genome-scale
metabolic flux modeling with the near real-time non-invasive measurements obtained from
Raman spectroscopy. The Raman spectral data were built into the biomass equation of a new
genome-scale model of Clostridium cellulolyticum ATCC 35319 (iCCE557) to demonstrate the
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applicability of the methodology. C. cellulolyticum is a Gram-positive anaerobe of interest as a
microbial cell factory due its ability to use crystalline cellulose as a substrate. It also grows on a
wide range of carbon sources (including both pentoses and hexoses) and has well-developed
genomic tools that enable metabolic engineering.

5.2 Materials And Methods
5.2.1 Chemicals
All chemicals were of analytical grade and were purchased from Sigma Aldrich (St.
Louis, MO) or Thermo Fisher Scientific (Pittsburg, PA). Analytical-grade nitrogen (N2) and
anaerobic culturing gas (90% N2, 5% CO2, 5% H2) were purchased from Airgas, Inc.
5.2.2 Organism and growth medium
C. cellulolyticum ATCC 35319 (American Type Culture Collection, Manassas, VA)
frozen stocks were used to initiate colonies on agar plates containing cellobiose as the sole
carbon source substrate. The growth medium was minimal CM3 as described previously [27].
5.2.3 Growth conditions
Batch cultures of C. cellulolyticum were grown anaerobically at 34˚C inside a Shel Lab
Bactron IV Anaerobic Chamber (Sheldon Manufacturing, Inc., Cornelius, OR) with 4 g/l
cellobiose. A 1% and 10% (v/v) inoculum from an exponentially growing subculture was used to
inoculate 200 mL and 1 L working volume cultures, respectively.
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5.2.4 Analytical measurements
5.2.4.1 Monitoring cell growth and cell density
Cell growth was monitored by measuring the optical density at 600 nm (OD600). Cell dry
weight was measured by drying 10 mL of culture on pre-weighted 0.45 µm filter papers (GE
Healthcare Bio-Sciences; Pittsburgh, PA) at 100˚C for 24 hours. Filter papers were dried to a
constant weight at 100˚C for 24 hours before filtering the cell cultures. To correct the readings
due to the potential effect of components in the growth medium, the dry weight measurement
was repeated for medium alone and the weight was subtracted from the measurements.
5.2.4.2 Quantification of metabolic by-products
Major by-products of C. cellulolyticum metabolism on cellobiose are acetate, lactate,
ethanol, extracellular pyruvate, hydrogen (H2), and carbon dioxide [27, 28]. Cellobiose, acetate,
lactate, pyruvate, and ethanol were measured using HPLC with an Aminex HPX-87H, 300 x 7.8
mm column (BioRad; Hercules, CA). Samples (3 mL) from the culture were centrifuged (10,000
RPM, 20 min, 4˚C) and the resulting supernatants were prepared as described previously [29] for
quantification by HPLC (Shimadzu Co.; Kyoto, Japan). The HPLC method used: (i) isocratic
sulfuric acid (5 mM) as the mobile phase, (ii) a constant eluent flow rate of 0.5 mL/min, (iii)
constant temperature of 60˚C, (iv) detection by refractive index, (v) a total run time of 35 min.
Hydrogen gas was measured using a GC equipped with a molecular sieve 5A (80/100), 2.1 mm x
6 ft. column (Restek; Bellefonte, PA). The column temperature was 80˚C, the detector
temperature was 100˚C, and the injection port temperature was 120˚C. The carrier gas was
nitrogen with a constant flow rate of 30 mL/min. Luer-gas tight glass syringes were used to take
gas phase samples (1 mL) inside the anaerobic chamber, and those were transferred to the GC as
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quickly as possible. Carbon dioxide was measured using a portable inline CO2 meter and data
logger (CO2Meter; Ormond Beach, FL).
5.2.4.3 Determination of cellular composition
5.2.4.3.1 Total DNA content
Cellular DNA was quantified using the DNA Quantitation Kit, Hoechst 33258
Fluorescence Assay from Sigma-Aldrich (St. Louis, MO). Briefly, 2 mL of culture samples were
centrifuged, and the pelleted cells were dissolved in 100 µL DNase and RNase free water. 10 µL
of the samples were added to 2 mL of Fluorescent Assay Buffer (100 mM Tris HCl, pH 7.4, with
10 mM EDTA and 2M NaCl), containing the Hoechst 33258 dye. Fluorescence was measured
(excitation/emission = 360/460 nm) using a Synergy H4 Hybrid Microplate Reader (BioTek;
Winooski, VT). Calf thymus DNA (Sigma-Aldrich; St. Louis, MO) was used as the standard.
5.2.4.3.2 Total RNA content
The RediPlate 96 RiboGreen® RNA Quantitation Kit (Molecular Probes; Eugene, OR)
was used for determination of total RNA. Briefly, 2 ml of liquid culture sample was centrifuged
and the pelleted cells were dissolved in 100 µL of DNase, RNase free water. Samples were
treated with DNase for one hour at 37˚C and 10 µL of the treated samples were mixed with 190
µL of TE buffer (10 mM Tris- HCl, 1mM EDTA, pH 7.5) in the RediPlate 96. The fluorescence
(excitation/emission = 500/525 nm) was measured and compared to the standard curve of prealiquoted rRNA provided with the kit.
5.2.4.3.3 Lipids, cell wall composition, and intra and extracellular protein content
Culture samples (100 mL) were centrifuged (10,000 RPM, 20 min, 4˚C) and the pelleted
cells were washed two times with ice-cold deionized water and kept at -80˚C until use. To
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separate lipids from the rest of the cell biomass, 200 µL heptane was added to 3 mg of the
lyophilized cell pellets in pre-weighted glass vials (without caps). The sample was vortexed for 5
min and then sonicated for one hour. Equal volumes of ether and water (200 µL) were added to
the sonicated sample along with 2 µL of 250 mM norvaline (as internal standard) and mixed by
vortexing. After centrifuging (10,000 RPM, 5 min), the top organic phase was transferred to a
new pre-weighted glass vial insert and air-dried at 60˚C. The original vial was washed two times
by adding 400 µL of ether, vortexing, and centrifugation. The top ether phase of the bi-phasic
mixture was pooled with the content in the vial insert after each wash and air-dried at 60˚C.
Then, the vial insert was weighed to quantify the total mass of lipids in 3 mg of dried cells.
Blank extractions lacking cells were preformed the same way as the bacterial samples. The
remaining material in the original vial (aqueous phase) was dried first under nitrogen and then it
was placed in a hydrolysis chamber to hydrolyze all intracellular proteins to amino acids. A
volume of 4 mL of 6N HCl was added to the hydrolysis chamber and after applying vacuum for
2-3 minutes, the hydrolysis was performed at 100-110˚C for 16 hours. After hydrolysis, samples
were dried under a stream of nitrogen gas to remove any remaining acid and then, 100 µL of
UPLC-grade water was added to the dried samples and amino acids were dissolved by vortexing.
Amino acid standards (2.5, 5, 7.5, 10, and 20 pmols per 0.5 µL of injection) were also prepared
and hydrolyzed with the samples. The remaining insoluble materials containing mostly cell walls
and possibly other insoluble materials were pelleted by centrifugation at 4,500 RPM for 20 min,
and the supernatant was transferred to a new tube for amino acids analysis by UPLC. The pellet
was dried under nitrogen and weighed to determine the total mass of insoluble cell wall materials
using a Mettler Toledo XP26 microbalance (Columbus, OH).
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5.2.4.3.4 Analysis of amino acids composition
A Waters Acquity Ultra Performance Liquid Chromatography (UPLC) coupled with a
fluorescent detector (Waters Corp. Milford, MA) was used for analysis of amino acids extracted
from proteins using a Waters AccQ-Tag Ultra kit according to the manufacturer’s
recommendations. Briefly, amino acid samples were diluted 10 fold with borate buffer provided
in the kit. Subsequently, 1 µL of this solution was added to 19 µL of borate buffer and 5 µL of
AccQ-Tag fluorescent reagent in an UPLC glass vial, followed immediately by vortexing. AccQTag reagent reacts with amino acids within a couple of seconds, but it is also unstable in water
and forms products with itself within several seconds. As such, it is important to add the reagent
the last and mix the samples immediately after adding the reagent. Finally, 0.5 µL of the
derivatized amino acids was injected onto the UPLC column. An AccQ-Tag Ultra C18 1.7 µm
(2.1 by 100 mm) column was used at 55˚C. The flow rate was 0.7 ml per minute and the
fluorescent was detected at excitation/emission of 266/473 nm.
5.2.5 Determination of cellular composition using Raman spectroscopy
Preparation of samples for Raman analysis was done following a published protocol [30]
with minor modifications. The procedure involved adequate washing of the cell culture pellet,
since the presence of growth medium can interfere with Raman data analysis. Samples from
culture were centrifuged (10,000 RPM, 20 min, 4˚C), and the pelleted cells were washed three
times with ice-cold phosphate buffered saline (PBS) and then re-suspended in PBS. Then, 10 µL
of this cell suspension was dried on an aluminum surface at room temperature. Dried cells were
analyzed using a SENTERRA dispersive Raman spectrometer equipped with a confocal
microscope and objective lens of 100x magnification (Bruker Optics, Billerica, MA). A
minimum of fifty individual spectra was acquired per sample.
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All spectra were baseline

corrected prior to data analysis. Measurements were performed using laser excitation of 532 nm
(20 mW) for 20 seconds with spectral resolution of 9-15 cm-1.
5.2.6 Transmission electron microscopy
Harvested cells were prepared for transmission electron microscopy (TEM) imaging
according to the method described previously [31]. A JEOL JEM-1400Plus system (JEOL USA;
Peabody, MA) was used to capture images of C. cellulolyticum cells during different growth
stages with magnifications ranging from 30,000X to 60,000X.
5.2.7 Clostridium cellulolyticum metabolic network reconstruction
Procedures of metabolic network reconstruction have been detailed in the literature [32].
Here, specifics are given for the reconstruction process for the iCCE557 genome-scale model of
C. cellulolyticum ATCC 35319. The reconstruction was initiated by gathering data from the
iCAC490 model of Clostridium acetobutylicum ATCC 824 [33], the updated model developed
based on the first genome-scale model for clostridia [10, 34]. From there, a best-best BLASTp
search was performed first by querying the genome of C. cellulolyticum against the genome of C.
acetobutylicum, including the genes in its pSOL1 megaplasmid. Results returned 1533 matches,
which formed a pool of all possible homologs between the two strains. The same procedure was
repeated for blasting C. cellulolyticum genes against C. thermocellum genes and the best-best
BLASTp search resulted in 1693 matches. From these homologs, the corresponding geneprotein-reaction (GPR) relationship was extracted and generated 662 reactions at this stage.
Then, a list of 663 enzyme encoding gene annotations, specific to C. cellulolyticum, was
obtained from KEGG database [35] and compared with the previously prepared list. Merging the
two lists formed the initial draft of the reconstruction that contained 705 reactions. Other major
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databases such as MetaCyc [36], BRENDA [37], TCDB [38], and Model SEED [39] were also
incorporated, which returned additional reactions and associations. In addition, the previously
published iSR432 model of Clostridium thermocellum [40] as well as the iFS431 model of
Clostridium cellulolyticum [41] were mined for additional gene-associated and spontaneous
reactions. C. cellulolyticum strain-specific data were also identified from literature, especially
regarding the cellulolytic reactions of the cellulosome, and included to the reconstruction.
Network gaps were found and filled using the recursive reverse engineering method developed
previously [10]. The iCCE557 model is included in text format in Supplementary Appendix E.
5.2.8 Biomass equation formulation
The biomass equation was composed of (i) DNA, (ii) RNA, (iii) protein, (iv) lipids, (v)
cell wall, (vi) glycogen, (vii) solute pools, and (viii) mATP. Due to the lack of experimental data
on relative amounts of these components in different C. cellulolyticum growth stages, major
components of the cell were measured as described above, which includes measurement of total
DNA, RNA, lipids, cell wall, and amino acids. To accurately account for dynamics of the
biomass equation at different physiological growth stages, three distinct phases of growth were
chosen: (i) early exponential (at 35 h of growth), (ii) mid-exponential (81 h), and (iii) early
stationary (166 h). As a result, the model accounts for three different biomass equations
representing the three distinctly different physiological growth phases.
Each of the aforementioned macromolecular components of the biomass equation was
constructed of its specific building blocks in separate reactions. The composition of DNA and
RNA components was estimated based on the abundance of each nucleotide (A, T/U, G, and C)
in the genome of the bacterium. The lipid component was assumed to be made mainly from the
following precursors: palmitic acid (representing the saturated fatty acids), palmitoleic acid
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(representing the unsaturated fatty acids), cardiolipin, phosphatidylethanolamine, and
phosphatidylglycerol [42]. The cell wall component was assumed to be mainly peptidoglycan
and wall teichoic acids (WTA), where the WTA was composed of UDP-N-acetyl-Dglucosamine, CDP-glycerol, and glycerophosphoglycoglycerolipid [10, 34]. Protein amino acid
composition was analyzed using UPLC, as explained above. The solute pool component was
assumed to contain the minerals and vitamins present in minimal CM3 media. In addition,
cofactors such as NAD, NADP, FAD, acetyl-CoA, and coenzyme A were included in the solute
pool reaction. Glycogen was assumed to be made only from ADP-glucose as explained
previously [43]. Maintenance ATP was assumed to be identical to the value calculated for C.
acetobutylicum [10, 34].
5.2.9 Software for simulations and analysis of metabolic fluxes
The iCCE557 metabolic network reconstruction was translated to a mathematical model
and simulated using MATLAB (R2013a) (MathWorks, Natick, MA) with the COBRA Toolbox
v2.0.5 [44] and the open-source GLPK (GNU Linear Programming Kit) software. The SBML
Toolbox v4.1.0 and SBML library v5.8.0 were also used [45]. Among numerous mathematical
tools available for studying the metabolic networks [46], flux balance analysis (FBA) was used
with a maximized specific growth rate objective with linear programming.
5.2.10 Building Raman data into the biomass equation of iCCE557
The acquired Raman data (fifty scans per sample) are text files with Raman intensities
paired with their corresponding Raman bands ranging from 400 to 3200 cm-1. These intensities
were stored as MATLAB variables and were vector normalized over the biologically relevant
range (i.e., 400 to 2000 cm-1). The average intensity at each wavenumber was calculated for all
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fifty scans of each data point. Then, Raman peak assignments specific to each component of the
biomass reaction of C. cellulolyticum were collected from the literature. For example, searching
for bands assigned to different functional groups of lipids provided the following list of
wavenumbers: 877, 968, 1057, 1064 and 1065, 1070, 1083, 1095, 1100-1800, 2913-2938, 2940,
3010, and 3015 [17, 25, 26, 47]. The list of all relevant band assignments is given in
Supplementary Appendix F. After collecting the corresponding Raman band assignments for all
components of the biomass equation, the Raman intensity corresponding to each band was
extracted. For each component, the sum of all intensities extracted for all gathered band
assignments was calculated and averaged over the total number of bands. Then, the sum of all
band intensities for all Raman data in the biological range was calculated. Dividing the sum
intensities of each individual component by the sum of all intensities provided a measure of
relative abundance of that component per cell. In this research, Raman data was used to
calculate the change in biomass components of later samples (i.e., 81 h and 166 h) relative to the
early 35 h sample.

5.3 Results
5.3.1 The reconstructed iCCE557 metabolic network of C. cellulolyticum ATCC 35319
The final iCCE557 genome-scale metabolic reconstruction for Clostridium cellulolyticum
ATCC 35319 contained 557 genes, 815 reactions, and 794 compounds. Major model statistics
are listed in Table 5.1. The complete list of reactions and genes included in the model are
included in text format in the Supplementary Appendix E.
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5.3.2 Batch growth of C. cellulolyticum on cellobiose
C. cellulolyticum consumed cellobiose and produced all of the major by-products
reported previously [27], including acetate, pyruvate, lactate, ethanol, and hydrogen. The growth
curve of the culture along with the production of major by-products and changes in pH over the
time-course are shown in Figs. 5.1.A and B. Acetate showed the highest production level (up to
10 mM) compared to other by-products. To calculate the production flux of hydrogen, the ideal
gas equation was assumed to hold true at atmospheric pressure and temperature of 34˚C.
Significant secretion of extracellular pyruvate was also observed (Fig. 5.1.B), which is a
characteristic of C. cellulolyticum growth on cellobiose as the sole carbon and energy source [27,
48]. To monitor the changes in physiology of the cells, TEM images were taken at three time
points: (i) early exponential (35 h) (Fig. 5.2.A), (ii) mid exponential (81 h) (Fig. 5.2.B), and (iii)
early stationary (166 h) (Fig. 5.2.C) phases. TEM images show clearly that C. cellulolyticum
differentiates from vegetative (Fig. 5.2.A) to endospore-forming (Fig. 5.2.C) morphologies and,
as suggested previously [43], higher glycogen (glucose storage molecule) accumulation occurs in
the early stages of culture growth (Fig. 5.2.A). Rates of cellobiose consumption and major byproducts production were calculated as fluxes in mmol per gram dry cell weight per hour at each
of the three phases of growth and are listed in Table 5.2. For each of the compounds listed in
Table 5.2, the corresponding exchange reaction was located in the iCCE557 model and was
constrained to the observed flux. Growth-phase specific versions of the iCCE557 model (i.e.,
constrained with fluxes in Table 5.2) were used for further simulations.
5.3.3 Analysis of culture phases by Raman spectroscopy
Raman spectra of the culture at: (i) 35 h, (ii) 81 h, and (iii) 166 h are shown in Fig. 5.2.
While the spectra appear to be highly similar, regions with significant differences have been
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highlighted. In addition, differences are also apparent in the region of 600-1000 cm-1. While the
exact meaning of these differences are not yet known, this analysis suggests that (i) biomass
equations should be similar for the three growth phases studied but (ii) significant differentiation
occurs between these phases. Thus, the analysis of base-lined corrected and vector normalized
spectral data can provide useful insights regarding how much variability to expect when
optimizing the biomass equation using the techniques described below.
5.3.4 Minimization of Total Unconstrained eXchange (TUX) fluxes with and without
implementing Raman observations
It was shown previously that using a genetic algorithm for optimizing the biomass
equation of a genome-scale model can significantly improve the flux predictions by the model
and (in certain cases) direct those fluxes to better agreement with fluxes determined by

13

C-

tracing methods [15]. The Total Unconstrained eXchange (TUX) flux is defined as the secretion
of additional compounds that are required to close the mass balance of the in silico genome-scale
model but are not observed in the physical system.

The minimization of TUX can be

accomplished by optimizing the biomass equation of a genome-scale model [15]. To investigate
the capability of Raman spectroscopy data in directing the genome-scale model of C.
cellulolyticum to lower TUX values, the collected Raman data were deconvoluted into massequivalent stoichiometries (as explained in the Materials and Methods section). Then, these
stoichiometric values were used to update the iCCE557 biomass equation at the three different
stages of growth. To further investigate the role of the biomass equation, four separate biomass
equations were evaluated: (i) a “random” biomass equation with no physiological relevance, (ii)
the iJR904 [49] biomass equation for E. coli MG1655, (iii) the iCAC490 biomass equation for C.
acetobutylicum ATCC 824 [33], and (iv) a new biomass equation obtained from analytical
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measurements of C. cellulolyticum biomass. TUX results for all biomass equations in all three
growth stages and with and without Raman spectra influence are shown in Table 5.3. Results
showed improved TUX values (of 1-10%) when Raman observations were built into the biomass
equations (Table 5.3). For the case where the biomass composition was generated randomly, the
TUX values were higher than all the other cases. This was expected as the biomass equation
itself was not relevant physiologically. In addition, as expected, the TUX values from the
biomass equation resulting form C. cellulyticum specific biomass measurements were lowest,
confirming that when strain specific information is available, the model predictions will better
match experimental results.

This biomass equation reduced TUX values between 30-95%

relative to the random biomass equation. The addition of Raman data improved TUX reduction
by 10% in the stationary phase sample. The two published biomass equations returned similar
results, with the iCAC490 biomass equation slightly out-performing the iJR904 biomass
equation. This was expected since iCAC490 belongs to phylogenically related clostridia. Also
of interest is that the total TUX values varied by orders of magnitude over the three growth
phases studied. However, these results suggest that Raman spectroscopy is capable of provide
data to help converge the genetic algorithm to more fit solutions (i.e., more realistic biomass
equations), and it also helps in reducing TUX, the requirement to export additional compounds
by a genome-scale model to fulfill the global mass balance.

5.4. Discussion
In this research, Raman spectroscopy was used for the first time to provide input to a
biomass equation of a genome-scale metabolic flux model.

Modest improvements were

observed in the reduction of TUX values as a direct result of including this data. The newly
developed iCCE557 model of C. cellulolyticum ATCC 35319 served as an excellent platform for
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this research because: (i) it is of interest as a microbial cell factory (MCF) host due to its ability
to consume cellulose, (ii) it undergoes cellular differentiation and appears to have distinct growth
stages, and (iii) data from related organisms exist but much is still to be learned about it. In
addition, multiple biomass equations were examined with this new model. Different models
appear to have different sensitivities to perturbations in their biomass equations [13]. The ability
to accommodate a random biomass equation and only perform ~30% worse (in terms of TUX)
than when having a published clostridial biomass equation suggests the model is robust.
The ability to incorporate Raman spectral data is important because it can be acquired in
near real-time and is non-destructive to the culture. Ideally, Raman spectroscopy will be used to
design and update biomass equations in real-time; however, more research in deconvoluting the
complicated spectra is needed. The approach for spectra deconvolution used in this research is
likely far from ideal, but it excels in that it can be applied to any organism. Several approaches
in interpreting Raman data focus on assigning compounds to individual peaks. While this has
proven reliable for some biological systems, whole cells are extremely complex biochemical
systems, and multiple molecules are likely to contribute any given Raman band. With such
significant biodiversity among cells with genome-scale models, it is likely that specialized
information about each organism may be required when using this approach. This is why an
average of multiple (i.e., nearly all reported) bands was used in the initial approach described
here. However, there is significant room for new approaches in this area.
The methodology developed in this research can be applied broadly to other organisms
and has far-reaching implications. Not only will this lead to more in-depth studies of metabolic
flux re-arrangements with cellular differentiation, but the approach can also be used to study
phenotype changes in response to environmental and genetic perturbations. These often affect
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cellular growth rates and product formation rates significantly, which directly influence cell
phenotype and cell chemical composition. A reliable biomass equation is essential to eliminate
unnecessary secretion fluxes and produce more realistic flux profiles.

Computational and

experimental methods that are time and resource friendly to estimate biomass will result in
improved metabolic flux predictions over the entire range of systems being studied today.
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Figure 5.1. A. Growth of C. cellulolyticum on cellobiose and change in pH during the batch
fermentation at 34˚C. B. Cellobiose assimilation and production of major fermentation byproducts: acetate (black), lactate (red), ethanol (blue), and pyruvate (green).
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Figure 5.2. TEM images of C. cellulolyticum cells taken at early-exponential phase (A), midexponential phase (B), and early in stationary phase (C). Sampling points are also shown as red
arrows on the growth curve of the bacterium.
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Total number of protein-encoding genes

3,390

Number of protein-encoding genes included in the reconstruction

557 (%16.5)

Number of intracellular metabolites

774

Number of total reactions
(break-down of reactions into pathways:)
• Amino acid metabolism
• Carbohydrate metabolism
• Metabolism of cofactors and vitamins
• Nucleotide metabolism
• Membrane transporters
• Lipid metabolism
• Exchange reactions
• Biosynthesis of secondary metabolites
• Energy metabolism
• Biomass synthesis
• Miscellaneous

815

Number of reactions associated with genes

638 (%78.3)

Number of irreversible reactions

215 (%26.4)

178 (21.84%)
140 (17.18%)
110 (13.5%)
94 (11.53%)
86 (10.55%)
78 (9.57%)
72 (8.83%)
17 (2.09%)
11 (1.35%)
9 (1.1%)
20 (2.46% )

Table 5.1. C. cellulolyticum iCCE557 metabolic network reconstruction statistics showing total
number of reactions, genes, and metabolites in the reconstruction along with the distribution of
reactions in each pathway
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Constrained metabolite flux
(mmol/gDCW/h)

Set A
Early-exponential

Set B
Mid-exponential

Set C
Stationary

1.5

0.6

0.13

Acetate

−0.48

−1.07

−0.13

Pyruvate (extracellular)

−0.05

−0.07

−0.29

Lactate

0

−0.19

−0.11

Ethanol

0

−0.005

−0.01

−0.003

−0.0005

−0.00003

0.04

0.01

0.002

Cellobiose

Hydrogen
Specific growth rate (hr-1)

(positive flux: uptake / negative flux: secretion)

Table 5.2. Calculated fluxes of major metabolic by-products at three stages of growth (Set A, B,
and C) obtained from HPLC, GC, and dry cell weight measurements
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TUX value without Raman influence
(percent improvement over Random)
Set A
Early-exponential1

Set B
Mid-exponential

Set C
Stationary

1.519

1.4078

0.0133

iJR904
(E. coli MG1655)

1.111 (26.9%)

0.83 (41.0%)

0.0039 (70.7%)

iCAC490
(C. acetobutylicum)

1.0965 (27.8%)

0.778 (44.7%)

0.00503 (62.1%)

C. cellulolyticum cell
composition data

1.075 (29.2%)

0.809 (42.5%)

0.00186 (86.0%)

Biomass Equation
Random

TUX value with Raman influence
(percent improvement over Random)
Random

1.519

1.4078

0.0133

iJR904
(E. coli MG1655)

1.111 (26.9%)

0.773 (45.1%)

0.00322 (75.8%)

iCAC490
(C. acetobutylicum)

1.0965 (27.8%)

0.753 (46.5%)

0.0049 (63.2%)

C. cellulolyticum cell
composition data

1.075 (29.2%)

0.791 (43.8%)

0.00055 (95.9%)

Table 5.3. Effect of incorporating Raman observations in reducing the TUX fluxes of the
iCCE557 model of C. cellulolyticum for three distinct phases of growth. 1Basis for all Raman
calculations.
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Chapter 6: Design of synthetic antisense RNAs to control of gene
expression in E. coli
Hadi Nazem-Bokaee, Imen Tanniche, Warren C. Ruder, Ryan S. Senger

Abstract
A dual stem loop antisense RNA (asRNA) design was constructed to knockdown mRNA
translation levels of a targeted reporter gene in this research. Thermodynamics were employed
to design favorable “stabilizer” and “terminator” loop structures and design complementary
regions of the asRNA that effectively bind the mRNA target. The initial asRNA designs targeted
different regions of the mRNA of an “AmCyan” cyan fluorescent reporter gene. The asRNA and
fluorescent reporter were expressed using a two-plasmid system, and both genes were put under
the control of inducible PLacZ promoter. Results showed that ~50% knockdown of fluorescent
reporter expression was achieved in nearly all of the initial designs. However, a control with no
complementary region also produced a similar result. Thus, a critical design flaw in the twoplasmid system was discovered, and it was determined that a single-plasmid system with
multiple non-competing promoters was required. Thus, this new system was constructed in a
very large-scale plasmid design, and the non-interacting PLtetO-1 and PBAD promoters were chosen
to control expression of the asRNA and fluorescent reporter.
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6.1 Introduction
6.1.1 The role of antisense RNA
Regulation of gene expression is one of the highly complex mechanisms by which cells
can adapt to new food sources, respond to environmental perturbations, and control their gene
functions. The gene regulatory mechanisms can occur at different molecular levels from
transcriptional to translational or post-transcriptional to post-translational regulations. Small
ribonucleic acid (sRNA) molecules comprise one of the major groups of gene expression
regulators found in different biological systems [1-4]. One of the extensively studied categories
of sRNA molecules is antisense RNA molecules (asRNAs), which are small non-translated
transcripts that undergo complementary base-pairing to specific target RNA (sense) molecules,
resulting in a change in their normal function [1, 5-7]. In their studies of the mRNA of Rous
sarcoma virus, Zamecnik and Stephenson [8, 9] showed one of the first applications of synthetic
asRNAs for a sequence-specific inhibition of the gene expression. Since then, extensive research
has been performed studying naturally-occurring and synthetic asRNAs to unravel the regulatory
mechanisms and understand the chemistry of interactions between asRNAs and their target
mRNA in different systems including (but not limited) to Escherichia coli [10-12], Clostridium
[13-16], and other prokaryotes and eukaryotes [17-19]. Several factors influence the regulation
of a target mRNA by asRNAs: (i) thermodynamics of the interaction, (ii) binding kinetics, and
(iii) presence of additional regulatory molecules. Thermodynamics of mRNA regulation by
asRNAs are dictated by the mRNA and asRNA structures and nucleotide sequences as well as
structure of the mRNA-asRNA complex. Temperature, ionic concentrations, and RNA
concentrations are among the major contributors to the kinetic of asRNA binding mRNA. RNase
enzymes are dominant regulatory molecules in all living organisms. The majority of the asRNA
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research to date has focused on understanding the kinetics of asRNA-mRNA binding and the
roles of RNase machinery in promoting/preventing these interactions [20-23]. An interesting
aspect of the asRNA-mRNA interaction is that several steps involved in the interaction process
are reversible [24-27]. Moreover, it has been shown that asRNAs are capable of partial downregulation of target mRNAs. Furthermore, asRNA technology provides the possibility of in vivo
regulation of the target mRNA expression through the delivery of expression vectors to the host.
Therefore, asRNAs have considerable potentials for being used in designing metabolic
engineering strategies where a complete knockout of gene expression is not desired. This is the
case for metabolic engineering strategies designed by the computational platform Flux Balance
Analysis with Flux Ratios (FBrAtio) [28, 29], which returns “fine-tuned” strategies involving
partial gene expression knockdowns. Knowledge of the thermodynamics of asRNA-mRNA
interactions is crucial for designing asRNA molecules that achieve these specific knockdown
levels (e.g., 30%, 45%, 75%, etc.)
6.1.2 Thermodynamics of RNA interactions
The main objective of this research was to develop a model for correlating the expression
level of a regulated mRNA to its minimum free energy of asRNA binding. To study the gene
down-regulation caused by asRNA, we constructed fluorescent reporter gene systems. These
reporter systems are essentially vectors carrying the desired mRNA (a fluorescent gene) and the
interacting asRNAs, replicated and expressed in E. coli. Using fluorescent reporters allows both
qualitative and quantitative analysis of the gene function in vivo. The real-time collected data on
the fluorescent protein expression levels was correlated to the percentage of asRNA binding
mRNA. Given an asRNA sequence, the binding percentage was calculated using NUPACK
thermodynamic software [30, 31]. This correlation serves as a predictive model that enables
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designing asRNA sequences as adjustable switches to control the expression of target genes
inside a cell. A unique asRNA design was proposed and evaluated in this research that can be
applied universally to target mRNA from other genes and in other organisms. This asRNA
design has a unique dual stem loop structure that was hypothesized to enhance stability and resist
RNase degradation. Two genetic systems were explored for the expression of mRNA reporter
target and asRNAs in this research: (i) a two-plasmid temperature controllable system and (ii) a
purely synthetic chemically controllable system.
Ultimately, “fine-tuned” metabolic engineering strategies can be designed using
computational approaches such as FBrAtio [28, 32] to determine the potential targets for
regulation. Then, asRNAs will be designed specific to the predicted targets using a minimum
free energy of binding that will result in the target-level gene expression knockdown. This will
lead to a “fine-tunable” metabolic pathway engineering enabling the metabolic engineering
objective to match up with the cellular objective. One notable long-term industrial application of
this research would be targeted product optimization in response to specific bioreactor conditions
by controlling the metabolic flow through specific pathways.

6.2 Materials And Methods
6.2.1 Strains, plasmids, and growth media
Escherichia coli was used as the expression system in all experiments. Table 6.1 lists the
bacterial strains and all of the plasmids used or made in this research. Luria Bertani (LB) growth
media and M9 minimal media [33] were used for transformations and protein expression
experiments. Ampicillin and kanamycin were used at the final concentrations of 100 and 50
µg/mL, respectively.
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6.2.2 Enzymes and chemicals
All enzymes including the Gibson Assembly mix for cloning were purchased from New
England Biolabs (Ipswich, MA). GeneJET PCR Purification Kit and GeneJET Plasmid Miniprep
Kit were used for purification of PCR products and plasmids, respectively (Fisher Scientific,
Pittsburgh PA). Kits and enzymes were used according to the manufacturer’s instructions.
Primers were synthesized by Integrated DNA Technologies, Inc. (Coralville, Iowa).
Anhydrotetracycline and arabinose were purchased from Sigma-Aldrich (St. Louis, MO). Cyan
fluorescent reporter gene was obtained from Clontech (Mountain View, CA).
6.2.3 Fluorescent reporter and fluorescence measurements
A variant of wild-type Anemonia majano cyan fluorescent protein (AmCyan) was used in
this research because of its strong and stable fluorescent signal [34]. The pUC19-derived
prokaryotic expression vector, pAmCyan (Clontech Laboratories, Inc., Mountain View, CA),
contains the AmCyan gene and was used to PCR amplify the fluorescent reporter gene for use in
plasmid construction. A Synergy H4 Hybrid Microplate Reader (BioTek, Winooski, VT) was
used for fluorescence measurement of the cyan reporter protein using excitation/emission
settings of 458/489 nm. The optical density of cultures was also monitored using the plate reader
at 600 nm (OD600).
6.2.4 Software and computational programs
PCR primers were designed using the NEBuilder online tool (http://nebuilder.neb.com).
To predict the secondary structures of RNA molecules, the Mfold software package was used
[35]. NUPACK software package was used for thermodynamic predictions of mRNA-asRNA
binding as well as calculating the free energies of single asRNA secondary structures [30, 31].
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The RBS Calculator was also used to estimate the strength of ribosome binding sites throughout
construction of the synthetic plasmids [36].
6.2.5 Construction of plasmids
The initial design consisted of a two-plasmid system tunable with temperature. Both the
fluorescent protein coding gene and the complementary asRNA coding sequence were under the
control of the same PLacZ promoter. The construction of the two-plasmid system was initiated by
amplifying the low copy-number p15 origin of replication and kanamycin resistance gene (kanR)
from pACYC177.

This fragment was cloned with the PCR-amplified “AmCyan” cyan

fluorescent gene from pAmCyan. This construct was circularized and served as the reportercarrying vector. The second plasmid was constructed by replacing the cyan reporter gene of
pAmCyan plasmid with different asRNAs using the inverse PCR methodology [37]. The
resulting PCR amplified linearized plasmid was (i) purified, (ii) phosphorylated using T4
polynucleotide kinase, and (iii) self-ligated using T4 ligase. The construction steps to build the
two-plasmid system are shown in Fig. 6.1, and all of the PCR primers are listed in Table 2.
Due to the high variability of fluorescent signals received and relatively unreliable
number of replicated plasmids per cell, the two-plasmid system was replaced with a chemically
tunable single-plasmid system. Its design is described here and shown in Fig. 6.2. This system
is under the control of two highly regulated promoters, PBAD and PLtetO-1 [38, 39]. The PBAD
promoter is inducible with L-arabinose, and the PLtetO-1 promoter is induced by
anhydrotetracycline (aTc). The construction was initiated with the pACYC177 plasmid and its
low copy number p15 origin of replication serving as the backbone. The p15A origin of
replication and ampicillin resistance gene (ampR) were PCR-amplified from pACYC177 and
cloned, using the Gibson cloning technique, with a 1091 bp PCR-amplified fragment from
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pKLiO20 containing the tetracycline family repressor (tetR). Then, a 1969 bp PCR-amplified
fragment from pBAD24 including the arabinose operon regulatory gene (araC), PBAD promoter,
and the T1T2 transcriptional terminators of rrnB gene was cloned into the previously assembled
DNA using Gibson cloning methods. The resulting plasmid was digested with PsiI and the PLtetO1

promoter from pKLiO30 was inserted through a sequential Gibson cloning and inverse PCR

method. The resulting plasmid, pART15, served as the new backbone plasmid for generating the
fluorescent reporter system with or without asRNAs. Plasmid pART15-C1 (the backbone
containing the cyan fluorescent reporter) was constructed by digesting pART15 with EcoRI and
inserting the cyan fluorescent gene, amplified from pAmCyan. This control served to determine
the expression levels of cyan reporter under the control of PBAD promoter. To quantitate the
relative strength of PLtetO-1 compared to the PBAD promoter, the cyan reporter gene was inserted
downstream of PLtetO-1 after digesting pART15 with XhoI to form the second control pART15C2. All of the primer sequences used in the construction process are given in Table 6.2.
6.2.6 Design of antisense RNA molecules
It has been shown that stem-loop structures help initial asRNA-mRNA binding to occur
fast [40-42]. Also, a stem close to the 5’-end helps asRNA stability [26, 43]. Most of the
naturally occurring asRNA-target mRNA complexes are stable (high binding affinity) and do not
dissociate (high binding rate). Moreover, it has been shown that on the target mRNA of many of
these natural complexes, there are sites that are both single-stranded and complementary to
sequences that, in a loop context, can form U-turns (e.g., YUNR, where Y is a pyrimidine, N is
any nucleotide, and R is a purine) [7, 44]. It has been also reported that GAAA sequence is an
exceptionally stable sequence when it locates on a loop of a stem-loop structure [45]. Other
research showed the importance of loop composition and size as well as stem composition and
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size in asRNA-target mRNA interaction [44, 46]. All of these factors were considered to design a
stable, synthetic asRNA with high affinity to target mRNA. The following procedure was used to
create each asRNA that was used in the two-plasmid and/or the single-plasmid systems. The
dual stem loop asRNA sequence (shown in Fig. 6.2) initiates (from the 5’ end) with a 14 bp
stem-loop, which serves as stabilizing sequence. This is followed by a linear sequence (with
varying length) that contains base pairs complementary to the mRNA target binding region.
Finally the asRNA terminates with a 14 bp stem-loop at the 3’ end. Six initial mRNA binding
targets of the cyan fluorescent reporter were selected: (i) the ribosome binding site (RBS) of the
fluorescent reporter gene mRNA, (ii) the first 10-14 bp nucleotides (from the 5’ end) of the
reporter mRNA, (iii) a potential stem target in the middle (starting at nucleotide 165) of the
reporter mRNA, (iv) a potential open-loop target located close to the 3’ end (starting at
nucleotides 523 and 578) of the reporter mRNA, (v) the terminal 14 bp nucleotides (at the 3’
end) of the reporter mRNA, and (vi) a non-binding sequence (as a control) to check for the
overall structural effect(s) of the designed asRNA. All of the target binding sequences were
sequence aligned against the E. coli genome and the pART15 plasmid to check for possible nonspecific binding. No instances of high degrees of homology or complementarity were detected.

6.3 Results
6.3.1 An asRNA design strategy based on thermodynamic calculations
The asRNA design consists of three parts: (i) a “stabilizer” stem loop located at the 5’
end, (ii) a linear complementary binding sequence, and (iii) finally a “terminator” stem loop
located at the 3’ end of the molecule. The overall effects of several design factors tested to
ultimately produce effective asRNAs are illustrated in Supplementary Appendix G figures Fig.
G.1-7. In all cases, the Gibbs free energy of RNA structure formation and mRNA-asRNA
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binding were calculated using NUPACK software. Further, the thermodynamic-based design
proceeded in the quest to minimize free energy. The initial calculations cover the design of the
dual stem loop structure of the asRNA and later calculations deal with target-binding
thermodynamics. The calculations detailed below discuss the design of the terminator stem loop.
The effect of stem size on the free energy of asRNA hairloop secondary structure formation is
shown in Fig. G.1. Increasing the length of the stem led to more stable free energy states;
however, longer stems are known to be more prone to digestion by RNases [20]. The next set of
calculations look at the presence of adenine (A), thymine (T), guanine (G), and cytosine (C) in
the stem and loop structures of the asRNA design. The effects of GC positioning and GC
composition on the stem are shown in Figs. G.2 and G.3, respectively. When most of the C’s are
located close to the 5’ end, the free energy of the secondary structure will decrease (i.e., become
more negative), leading to a more stable structure. A stem that is rich in G’s and C’s is much
more stable than a stem consisting of A’s and T’s (Fig. G.3). When the loop-closing sequence
contains C and G, the secondary structure has more favorable free energy (Fig. G.2 and Fig.
G.4). As suggested by Varani [45], the GAAA sequence on the loop creates structures with lower
free energy (Fig G.5). Considering these results, the stem-loop structure shown in Fig. G.6 (top
left, starred) was selected to serve as the terminator of our synthetic asRNA design. The Gibbs
free energy of secondary structure formation of our synthetic construct design and several other
well-known naturally occurring asRNAs are also shown in Fig. G.6. This figure shows that
although the synthetic stem-loop designed in this research is shorter than those occurring
naturally, it has a very comparable structural free energy. Next, the secondary structure free
energy of this stem-loop was calculated at different temperatures (Fig. G.7), and results show the
structure keeps its favorable free energy for stem loop formation for temperatures ranging from
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room temperature to normal and high growth temperatures of E. coli (i.e., up to 37°C).
Comparing this structure with a list of 148 rho-independent transcriptional terminators found in
E. coli [40] showed a high degree of homology between the terminators, suggesting that E. coli
will likely treat this sequence in the same manner. The same methodology was considered for
choosing a stabilizer for the asRNAs, which is the stem loop structure located on the 5’ end.
Following the design criteria, a modified sequence of the stabilizer of gene 32 mRNA of T4
phage [26] was chosen. The final designed asRNAs are shown in Fig. 6.3 for constructs targeting
the following locations of the cyan reporter mRNA: (i) the RBS (Fig. 6.3a), (ii) the first 11
nucleotides (Fig. 6.3b), (iii) nucleotides 165-175 (Fig. 6.3c), (iv) nucleotides 523-534 (Fig. 6.3d),
and (v) nucleotides 578-588 (Fig. 6.3e). Fig. 6.3f shows the asRNA with no complementarity
with the mRNA of the cyan reporter gene. The NUPACK predictions of the interaction between
the cyan mRNA and an asRNA targeting nucleotides 165-175 is shown in Fig. 6.4, with the
nucleotides 165-175 highlighted by a red circle. The specificity of the asRNA to the target site is
shown along with its structural stability. The stabilizer and terminator stem-loops are completely
intact, as shown in Fig. 4.
6.3.2 Evaluation of asRNA designs using the two-plasmid system
The fluorescent readings are shown in Fig. 6.5 for E. coli cells grown at 30˚C and
expressing the fluorescent cyan reporter gene in the presence of the six different asRNAs. The
fluorescent signal from original plasmid carrying the fluorescent reporter (no asRNA present) is
also shown (labeled as pAmCyan). The results suggest significant reduction in the expression
levels of the fluorescent reporter. All asRNAs look to reduce the translation of AmCyan mRNA
similarly, which is consistent with Gibbs free energy of binding calculations. The free energies
of asRNAs binding the reporter mRNA are given in Table 6.3. The full sequence of the asRNA
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designs and the lengths of the binding region are also presented in this table. Different regions of
the reporter with favorable asRNA-mRNA binding energies were targeted in a proof of concept.
A common belief is that the RBS must be targeted by asRNA designs. In addition, the pC-CTL
construct (i.e., the control), which contains an asRNA with no complementarity sequence to the
fluorescent reporter, also produced a reduction in the fluorescent signal. These results may
suggest that the two stem-loops in the asRNA may somehow be responsible for the regulatory
effects of the translation of the cyan reporter mRNA. However, further investigation into the
calculation of pC-CTL asRNA-mRNA binding energy revealed no predicted interactions. This
pointed to the potential of serious design flaws in the two-plasmid system implementation.
Thus, the following questions remain about the two-plasmid system. It was assumed that
the PLacZ promoter strength of this dual plasmid system would be similar throughout growth.
Considering that the only controlled factor was temperature for this dual system, it is conceivable
that the number of plasmid replicates in each cell at different stages of growth were not identical.
Thus, different cells in the culture could have different numbers of each plasmid. In addition, in
the two-plasmid system, both the fluorescent reporter gene and the asRNA were put under
control of the PLacZ inducible promoter. It is conceivable that the inducer is being depleted in
this scenario.

However, our preliminary experiments showed no significant difference in

expressions in the presence or absence of PLacZ inducer (IPTG). For example, one reason the pCCTL could have resulted in reduced fluorescent reporter signal is because its expression caused
less expression of the fluorescent reporter gene. From the current two-plasmid system, it is not
possible to determine whether the pC-CTL control is actually inhibiting reporter mRNA
translation or reducing its gene expression level. To answer this question, the reporter mRNA
and asRNA must be put under control of different and non-interacting promoters. Given the
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additional questions about plasmid copy number, a single-plasmid system was designed with
compatible promoters that have proven effective in the field of synthetic biology [38].
6.3.3 Evaluation of asRNA designs using the single-plasmid system
Construction of the single-plasmid system, using the design shown in Fig. 6.2, is
complete and is now in the process of being tested (pART15-C1 and pART15-C2). The singleplasmid system (pART15-AS) has been designed to easily accommodate the quick addition of
asRNA designs through PCR-based cloning. Results of the single plasmid system suggested
significant reduction in expression levels from all asRNA tested (Fig. 6.6). Interestingly, all
asRNAs tested had very similar free energies of interaction but resulted in different levels of
reduction where asRNAs targeted the 5’ end proximity had more influence in reducing the
expression levels of the cyan fluorescent gene (Fig. 6.6). However, the control asRNA (pCCTL), with no predicted binding affinity to cyan fluorescent mRNA, again showed effects on
expression level reduction. Although the single-plasmid system shows a better control over the
expression levels, the effect of asRNA control with no binding affinity remained unanswered.
Future control designs will include a dual stem loop structure with “non-sense” binding
sequences.

Why the pC-CTL structure with dual adjacent stem loops inhibits fluorescent

reporter expression remains a mystery and exists as a potential discovery that has yet to be
explained. Continued testing of this system and its use in metabolic engineering experiments is
anticipated well into the foreseeable future.

6.4 Discussion
The next-generation of computationally designed metabolic engineering strategies will
call for targeted “fine-tuning” of gene expression. While this can be done more easily with gene-
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overexpression, targeted gene knockdown is currently a more difficult problem. In response, we
have designed a dual stem loop asRNA structure based on thermodynamic calculations of
structure stability and likelihood of asRNA-mRNA binding. The initial design to implement
asRNA expression along with expression of a cyan fluorescent reporter (AmCyan) gene was a
two-plasmid system where both genes were under the control of PLacZ promoters. Initial results
with this system showed a reduction in fluorescence when asRNA designs were expressed.
However, the reduction in fluorescence in the presence of a control asRNA design revealed some
likely critical design flaws. In particular, having two active PLacZ promoters likely results in
competition for the inducer molecule and/or RNA polymerase, which may be a limiting factor of
gene expression. This question was answered with the examination of asRNA constructs in a
single-plasmid system where the proven PLtetO-1 and PBAD promoters were used. The singleplasmid system showed a better control over the expressions; however, a considerable effect
from the control asRNA design with no binding affinity was also observed in this system. Why is
this the case is an active research being continued in our lab. Also of concern is the possibility
that even with an effective expression system, the asRNA design will produce less than desirable
results. After all, the pC-CTL and the five asRNA designs of Fig. 6.3 gave nearly identical
results. Should this be the case, several potential updates to the dual stem loop structure asRNA
design have been planned. First, the binding region will be removed from between the stem
loops and placed before the 5’ stabilizer stem loop. In addition, the length of the complementary
sequence will also be varied according to thermodynamic binding calculations. It is suspected
that a longer complementary region may be needed here. The length of the complementary
sequence of asRNAs has been increased in the current single-plasmid system design. These
longer designs have already shown to be effective in fluorescent reporter knockdown studies. In
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addition, once success is obtained with the AmCyan fluorescent reporter, several more
fluorescent reporters (with significantly different sequences) are on-hand, and asRNA designs
will target these reporters as well. Also of interest is the ability of the single-plasmid circuit in
knocking down the expression levels of essential and/or non-essential genes in E. coli, C.
acetobutylicum, and other hosts.
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Figure 6.1. Construction of the two-plasmid temperature-controllable reporter system. (1)
Amplification of p15 and ampicillin resistant gene from pACYC177 (1), amplification of
AmCyan gene from pAmCyan (2), and cloning the two fragments to generate the reporter
plasmid, p15-AmCyan (3). Inverse PCR step to substitute the asRNA fragments in place of the
AmCyan gene (4).
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Figure 6.2. Construction of the single-plasmid chemically-controllable reporter system.
Amplification of p15 origin of replication and ampicillin resistant gene from pACYC177 (1),
amplification of araC gene, Pbad promoter, and T1T2 terminator from pBAD24 (2),
amplification of tetR gene from pKLiO20 (3), amplification of PLtetO-1 promoter from pKLiO30
(4) and cloning to construct pART15. Construction of control plasmids pART15-C1 (5) and
pART15-C2 (6) is also shown. Construction of pART15-AS from pART15-C1 (7) results in
generation of various reporter systems each contain a different asRNA sequence. The dual stemloop structure on the left-bottom corner shows the secondary structure of a sample asRNA
designed and used in this research.
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Figure 6.3. The secondary structure of asRNAs designed for two-plasmid temperature-inducible
system. (A) asRNA targeting the RBS of the AmCyan fluorescent gene, (B) asRNA targeting
first 11 nucleotide of the mRNA of AmCyan fluorescent gene, (C) asRNA targeting nucleotide
165-175 of the mRNA of AmCyan fluorescent gene, (D) asRNA targeting nucleotide 523-534 of
the mRNA of AmCyan fluorescent gene, (E) asRNA targeting nucleotide 578-588 of the mRNA
of AmCyan fluorescent gene, and (F) asRNA with no complementarity with the mRNA of
AmCyan fluorescent gene.
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Figure 6.4. Interaction between AmCyam and an asRNA targeting nucleotides 165-175
(highlighted in red circle) predicted by NUPACK software. The specificity of asRNA to the
target site is shown along with its structural stability. The stabilizer and terminator stem-loops
are completely intact.
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Figure 6.5. Down-regulation of AmCyan fluorescent gene in the presence of six different
asRNAs. pC-B series of plasmids carry different asRNAs targeting RBS (brown) site of the gene,
nucleotides 11-21 (green), nucleotides 165-175 (purple), nucleotides 523-534 (black), and
nucleotides 578-588 (red). pC-CTL doesn’t contain a complementary sequence to AmCyan.
Each dot is an average of duplicate.
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Effect of asRNA on gene expression
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Figure 6.6. Down-regulation of AmCyan fluorescent gene in the presence of six different
asRNAs shown in green. pART15-AS series of plasmids carry different asRNAs targeting RBS
site of the gene, nucleotides 1-30, nucleotides 165-190, nucleotides 578-600, and nucleotides
690-end, and control asRNA with no binding affinity. The free energies of interaction are also
shown (red bars). All fluorescent reading were normalized to the control which is pAmCyan with
no asRNA interference. All numbers are the average of triplicates.
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Strain/plasmid
Escherichia coli
K-12 (TOP10
Component Cells)

pACYC177
pBAD24
pKLiO20
pKLiO30

Relevant Characteristic
F- mcrA ∆(mrr-hsdRMS-mcrBC) φ80lacZ∆M15
∆lacX74 deoR recA1 endA1 ara∆139 ∆(ara,
leu)7697 galU galK λ- rpsL(StrR) nupG
F- λ- fhuA2 [lon] ompT lacZ::T7 gene 1 gal
sulA11 Δ(mcrC-mrr)114::IS10 R(mcr73::miniTn10-TetS)2 R(zgb-210::Tn10)(TetS)
endA1 [dcm]
Ampr; Kanr; p15 origin
Ampr; ColE1 origin; araC; rrnB; PBAD
Ampr; ColE1 origin; tetR
Ampr; ColE1 origin; PLtetO1

pAmCyan

Ampr; pUC origin; AmCyan

pART15

Ampr; p15 origin; araC; rrnB; tetR; PBAD; PLtetO1
Ampr; p15 origin; araC; rrnB; tetR; AmCyan;
PBAD; PLtetO1
Ampr; p15 origin; araC; rrnB; tetR; AmCyan;
PBAD; PLtetO1
Ampr; p15 origin; araC; rrnB; tetR; AmCyan;
PBAD; PLtetO1; asRNA C-CTL
Ampr; p15 origin; araC; rrnB; tetR; AmCyan;
PBAD; PLtetO1; asRNA C-RBS
Ampr; p15 origin; araC; rrnB; tetR; AmCyan;
PBAD; PLtetO1; asRNA C-1
Ampr; p15 origin; araC; rrnB; tetR; AmCyan;
PBAD; PLtetO1; asRNA C-165
Ampr; p15 origin; araC; rrnB; tetR; AmCyan;
PBAD; PLtetO1; asRNA C-578
Ampr; p15 origin; araC; rrnB; tetR; AmCyan;
PBAD; PLtetO1; asRNA C-678
Kanr; p15 origin; AmCyan; PLacZ
Ampr; pUC origin; PLacZ; asRNA CTL
Ampr; pUC origin; PLacZ; asRNA RBS
Ampr; pUC origin; PLacZ; asRNA B11-S1
Ampr; pUC origin; PLacZ; asRNA B165-S1
Ampr; pUC origin; PLacZ; asRNA B523-S1
Ampr; pUC origin; PLacZ; asRNA B578-S1

Escherichia coli
ER2566

pART15-C1
pART15-C2
pART15-C-CTL
pART15-C-RBS
pART15-C-1
pART15-C-165
pART15-C-578
pART15-C-678
p15Cyan
pC-CTL
pC-RBS
pC-B11-S1
pC-B165-S1
pC-B523-S1
pC-B578-S1

Table 6.1. Strains and plasmids
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Reference
Invitrogen
New England
Biolabs
[47]
[39]
[38]
[38]
Clontech
Laboratories,
Inc.
This study
This study
This study
This study
This study
This study
This study
This study
This study
This study
This study
This study
This study
This study
This study
This study

Two-plasmid temperature-inducible system
p15_F

TTGAGATCGTTTTGGTCTGCGCG
TTCGATGATTAATTGTCAACAGTTAGAAAAACTCATCGAGCATCAA
ATGAAACTG
GCAGACCAAAACGATCTCAAGTAATGGTAGCGACCGGCGC
TGCTCGATGAGTTTTTCTAATGAGCGCAACGCAATTAATG
AAACAAGGCTGCTTTCGCAGCCCACACAACATACGAGC
CTTGCATTCTGCTGCTTTCGCAGCCCACACAACATACGAGC
ACAGATGCCGCTGCTTTCGCAGCCCACACAACATACGAGC
CAAACCATGCGCTGCTTTCGCAGCCCACACAACATACGAGC
GAAACCAGGCTGCTTTCGCAGCCCACACAACATACGAGC
CCACACAACATACGAGC
CCCGCGAAAGCGGGCGACTCTAGAATTCCAACTG

kanR_R
CFP_Gib_F
CFP_Gib_R
C-B11-S1-R
C-B165-S1-R
C-B523-S1-R
C-B578-S1-R
C-RBS-S1-R
UniFP-CTL1-R
UniFP-T1-F

Single-plasmid chemically-inducible system
pART15_177_F
pART15_177_R
pART15_24_F
pART15_24_R
pART15_20_F
pART15_20_R
pART15_30_F
pART15_30_R
pART15_AmCyan_F
pART15_AmCyan_R
pART15_inverse_F
pART15_inverse_R
pART15_AmCyanC2_F
pART15_AmCyanC2_R

GAGTCAGCAACACCTTCTTC
AACCCCTATTTGTTTATTTTTCTAAATAC
AAATAAACAAATAGGGGTTGCTCATGAGCCCGAAGTG
AGGCGCCCAAACAAAAGAGTTTGTAGAAACGC
TCTTTTGTTTGGGCGCCTGTCACTTTGC
AAGGTGTTGCTGACTCCCAGGCATCAAATAAAACGAAAGG
ATGAGAATTATTTAACCTTACTCGAGATCTGATCTTCAGCATCTTTT
ACTTTCAC
CGTTGCTTTTTTCTCATTTAGGATCCCAGCTGTCCCTA
CGTTTTTTTGGGCTAGCAGGAGGAAAGCTATGGCTCTTTCAAACAA
GTTTATC
GATCCCCGGGTACCATGGTGTCAGAAAGGGACAACAGAG
CCTGCTGATGTGCTCAG
AGATCTCGAGTAAGGTTAAATAATTC
TGAGAATTATTTAACCTTACTCAGAAAGGGACAACAGAG
GAGCACATCAGCAGGAGATCATGGCTCTTTCAAACAAGTTTATC

Table 6.2. Primer sequences. The underlined sequence represents the synthetic multiple cloning
site inserted to the pART15 construct
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Target nucleotide
on AmCyan
mRNA
RBS
11
165
523
578

asRNA sequence
GCUGCGAAAGCAGCGUUUCCUGU
CCCGCGAAAGCGGG
GCUGCGAAAGCAGCAACUUGUUU
GCCCGCGAAAGCGGG
GCUGCGAAAGCAGCAGAAUGCAAG
CCCGCGAAAGCGGG
GCUGCGAAAGCAGCGGCAUCUGU
CCCGCGAAAGCGGG
GCUGCGAAAGCAGCGCAUGGUUU
GCCCGCGAAAGCGGG

Free energy of
secondary structure
interaction (kcal/mol)
-286.48
-257.44
-255.14
-254.59
-255.62

Table 6.3. Sequence and free energy of interaction between asRNAs and AmCyan mRNA.
Sequences shown in italic represent the complementary sequence.
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Chapter 7: Conclusions
In this research, several novel computational and experimental toolsets were developed
enabling (i) construction of in silico microbial cell factories (MCFs) through the use of the SyMGEM genome-scale metabolic flux model database and a synthetic metabolic pathway addition
application (Chapter 2), (ii) design of metabolic engineering strategies (Chapters 3 and 6), and
(iii) phenotype prediction through using genome-scale metabolic flux models (Chapters 4 and 5).
These toolsets provide a quick yet reliable method for systematic metabolic engineering in silico.
SyM-GEM (Chapter 2) was developed to serve as the first step for designing an MCF through
construction of desired synthetic pathway(s) with any size and complexity and inserting those
into a variety of synchronized high-quality genome-scale models with importance to
biotechnology. Using SyM-GEM requires no advanced training, and both computational and
experimental biologists can use it. The concept behind SyM-GEM makes expandable, and it can
be extended through involvement of experts in the field. ToMI-FBA (Chapter 3) and unique dual
stem-loop antisense RNA structures (Chapter 6) are two novel computational and experimental,
respectively, techniques that can potentially be expanded to explore intra- and/or inter-biological
diversity. As the limitations on gene sequencing and annotation are reducing each year, the need
for fast and systematic ways for screening biodiversity and selecting the optimal MCF candidate
becomes more important and complex. ToMI-FBA addresses these needs and asRNAs make the
designs happen in practice. As with any modeling framework, genome-scale models do not
provide absolute fit to the experimental observations; although, they have superior applications.
The idea of benefiting from holistic techniques such as Raman spectroscopy to direct genomescale model predictions toward real observations is still in its infancy (Chapter 5). However, our
results showed optimistic future possibilities in this regard. Moreover, combining genome-scale
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modeling with other modeling approaches such as the genetic algorithm optimization of the
biomass equation to minimize TUX and installation of flux ratio constraints (Chapter 4) showed
significant improvements in obtaining better agreement between predicted and measured
metabolic flux distributions. The path forward to this research is two-fold: (i) developing
additional computational approaches to improve predictions and (ii) implement the systems
metabolic engineering tools developed in this research to produce superior MCFs that make
valuable chemicals of interest. Either way, the path is clear and that is the need for thinking,
understanding, and exploring biological systems at systems-level, which results in better
engineering designs and products for a better society.
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Supplementary Appendices
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Supplementary Appendix A: Implementation of SyM-GEM

De novo synthetic pathway
	
  

A 5-step synthetic pathway for the production of isobutanol (a potential biofuel) from
pyruvate [1-3] was chosen and added to the iAF1260 E. coli MG1655 model. This pathway,
containing 5 reactions, is shown below and serves as an example of how to build a synthetic
pathway using SyM-GEM and add this pathway to one and multiple genome-scale models
simultaneously.
(2) Pyruvate ↔ 2-Acetolactate + CO2
2-Acetolactate + NADPH + H+ ↔ 2,3-Dihydroxy-isovalerate + NADP+
2,3-Dihydroxy-isovalerate ↔ 3-Methyl-2-oxobutanoate + H2 O
3-Methyl-2-oxobutanoate ↔ Isobutyraldehyde + CO2
Isobutyraldehyde + NADH + H+ ↔ Isobutanol + NAD+

Selecting a model, specifying the number of reactions, and adding compounds that are
found in the model

First, the “add synthetic reaction(s)” link from the SyM-GEM home page (Fig. 2.6) is
chosen for the iAF1260 E. coli MG1655 model. Then, the number of new synthetic reactions to
be added to the model is specified (Fig. A.1). The web application then directs the user to build
each reaction (Fig. A.2). In this step, the reactants and products of the synthetic reaction(s) are
specified by the user and are first queried against the database of compounds in the specified
model (e.g., iAF1260). In this example, when the user searches for “pyruvate,” the web
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application finds this compound in the iAF1260 model and allows the user to select it (Fig. A.3).
Similarly, searching for “H2O,” “H+,” “3-Methyl-2-oxobutanoate,” and “CO2” also result in an
exact match found in the iAF1260 model. Next, examples are given for when a compound is not
immediately found in the model of interest.

Metabolic Engineering and Systems Biology Laboratory
Department of Biological Systems Engineering
Virginia Tech

Synthetic)Metabolic)Pathway)Builder)and)
Genome7Scale)Model)Database)(SyM7GEM))(v.1.0)

Start over

Specify the number of reactions to add:
Add

6

reaction(s) to the Escherichia coli K-12 MG1655 (iAF1260) model.

Select reactants and products

Fig. A.1 SyM-GEM screenshot showing
2 of synthetic pathway addition process:
How toStep
cite SyM-GEM
specifying the number of synthetic
reactions
to
be
added
to the model.
Number of Models Downloaded with No Modifications: 40
Number of Models Downloaded with Synthetic Metabolic Pathways: 62
Models Last Updated: 10/22/2013
Principal Investigator: Ryan S. Senger, Virginia Tech
Contact Us © Virginia Tech 2013
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Start over

Add reactants and products:
You have chosen to add 6 synthetic reaction(s) to the Escherichia coli K-12 MG1655 (iAF1260)
model. Next, add reactants and products by selecting the links below.
Reaction No.

Reactant(s)

Product(s)

Add a reactant

Add a product

Add a reactant

Add a product

Add a reactant

Add a product

Add a reactant

Add a product

Add a reactant

Add a product

Add a reactant

Add a product

1

2

3

4

5

6

Set stoichiometry, compartments, and constraints

Add reaction(s)

Fig. A.2 SyM-GEM screenshot showing Step 3 of synthetic pathway addition process: selection
How to
cite SyM-GEM
of the reactants and products of the synthetic
reaction(s).
https://secure.hosting.vt.edu/www.mesb.bse.vt.edu/SyM-GEM/add_compounds.php
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Start over

Search for compound(s):
Search results for pyruvate in the Escherichia coli K-12 MG1655 (iAF1260) model are shown below.
The top 10 matching compounds in the model are given (with percent similarity values).
Select the proper match (if one exists), or expand the search by searching the Compound Database.

The top 10 matches in the model
(with percent similarity values)
pyruvate (100.0%)
phenylpyruvate (72.7%)
hydroxypyruvate (69.6%)
mercaptopyruvate (66.7%)
urate (61.5%)
phosphoenolpyruvate (59.3%)
prephenate (55.6%)
citrate (53.3%)
cyanate (53.3%)
formate (53.3%)

Note: A percent similarity value of 100% means pyruvate was found as an exact match in the Escherichia
coli K-12 MG1655 (iAF1260) model. This compound is preferred in this case.
Note: Specific search terms (e.g., 'lactate' vs. 'lactic acid') can return different results.
Search capabilities will improve as more models are added to SyM-GEM.

Search Compound Database

Search again

Cancel

Fig. A.3 SyM-GEM screenshot showing Step 3 of synthetic pathway addition process: searching
for “pyruvate” in the list of compoundsHow
oftothe
E. coli MG1655 iAF1260 model results in finding
cite SyM-GEM
an exact match.
Number of Models Downloaded with No Modifications: 40
Number of Models Downloaded with Synthetic Metabolic Pathways: 62
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https://secure.hosting.vt.edu/www.mesb.bse.vt.edu/SyM-GEM/search.php?userInput=pyruvate&searchfor=reactants&ReactionNumber=1&Option=1

	
  

Adding compounds that are not found in the model, validating search results, and creating
new compounds

When the user searches for “2-acetolactate,” the exact match in iAF1260 is not found
(Fig. A.4). At this point, SyM-GEM presents options of: (i) choosing the closest match from
compounds of the iAF1260 model, (ii) search the entire Compound Database (composed of
compounds from all models), or (iii) searching again. By selecting the “Search Compound
Database” link, the user is presented a new list of compounds matching the query name found in
the entire list of compounds of all models in the database (Fig. A.5). In this example, the first
entry from the top 10 matches in the Compound Database results in an exact match. When user
selects this entry (“2-acetolactate”), SyM-GEM validates the search results and suggests the
compound notation used within the iAF1260 model (“(s)-2-acetolactate”) (Fig. A.6). The
underlying CGA of SyM-GEM allowed this connection to be made and ensures that all new
compounds added through synthetic reactions are located in the model, if they exist there. The
“Select compound” link adds the correct version of this compound to the iAF1260 model.
Searching for “2,3-Dihydroxy-isovalerate,” “NAD+,” “NADH,” “NADP+,” and “NADPH” also
requires navigating through the second round of the search (searching the entire Compound
Database) similar to 2-acetolactate, as different notations of these compounds also occur in the
iAF1260 model. Next, examples are given where the search compounds do not exist in the
iAF1260 model or the entire Compound Database. For the cases of “isobutyraldehyde” and
“isobutanol,” SyM-GEM is unable to find any entry matching either query in the iAF1260 model
and the entire Compound Database (Figs. A.7 and A.8). At this point, the user is given the option
of creating a new compound for each search query and providing a unique name for each new
compound (Fig A.9).
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Start over

Search for compound(s):
Search results for 2-acetolactate in the Escherichia coli K-12 MG1655 (iAF1260) model are shown
below. The top 10 matching compounds in the model are given (with percent similarity values).
Select the proper match (if one exists), or expand the search by searching the Compound Database.

The top 10 matches in the model
(with percent similarity values)
(s)-2-acetolactate (87.5%)
acetoacetate (84.6%)
d-lactate (69.6%)
l-lactate (69.6%)
2-methylcitrate (69.0%)
acetate (66.7%)
d-galactarate (66.7%)
d-galactonate (66.7%)
l-galactonate (66.7%)
n-acetylmuramate (66.7%)

Note: A percent similarity value of 100% means 2-acetolactate was found as an exact match in the
Escherichia coli K-12 MG1655 (iAF1260) model. This compound is preferred in this case.
Note: Specific search terms (e.g., 'lactate' vs. 'lactic acid') can return different results.
Search capabilities will improve as more models are added to SyM-GEM.

Search Compound Database

Search again

Cancel

Fig. A.4 SyM-GEM screenshot showing Step 3 of synthetic pathway addition process: searching
How to
SyM-GEM
“s-acetolactate” returns no results matching
thecitedata
in the organism-specific list of compounds.
Number of Models Downloaded with No Modifications: 40
Number of Models Downloaded with Synthetic Metabolic Pathways: 62
https://secure.hosting.vt.edu/www.mesb.bse.vt.edu/SyM-GEM/search.php?userInput=2-acetolactate&searchfor=reactants&ReactionNumber=1&Option=1
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Start over

Search for compound(s):
Search results for 2-acetolactate in the entire Compound Database are shown below.
Select the proper match, or select the link to create a New Compound.

The top 10 matches in the Compound
Database (with % similarity values)
2-acetolactate (100.0%)
s-2-acetolactate (93.3%)
(s)-2-acetolactate (87.5%)
acetoacetate (84.6%)
l-2-amino-acetoacetate (72.2%)
3-mercaptolactate (71.0%)
4-maleylacetoacetate (70.6%)
d-lactate (69.6%)
l-lactate (69.6%)
2-methylcitrate (69.0%)
Note: Specific search terms (e.g., 'lactate' vs. 'lactic acid') can return different results.
Search capabilities will improve as more models are added to SyM-GEM.

Create new compound

Search again

Cancel

Fig. A.5 SyM-GEM screenshot showing Step 3 of synthetic pathway addition process: searching
How to cite SyM-GEM
“s-acetolactate” in the entire Compound Database
returns compounds matching the search query.
Number of Models Downloaded with No Modifications: 40
https://secure.hosting.vt.edu/www.mesb.bse.vt.edu/SyM-GEM/search.php?userInput=2-acetolactate&searchfor=reactants&ReactionNumber=1&Option=2
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Start over

Validate search results:
The following compound(s) in the Escherichia coli K-12 MG1655 (iAF1260) model are grouped with 2acetolactate in the entire Compound Database.
Select the most appropriate compound.

(s)-2-acetolactate Select compound

Search again

Cancel

Fig. A.6 SyM-GEM screenshot showing Step 3 of synthetic pathway addition process: validating
the selected search result “s-acetolactate”
to be consistent with model-specific nomenclature.
How to cite SyM-GEM
Number of Models Downloaded with No Modifications: 40
https://secure.hosting.vt.edu/www.mesb.bse.vt.edu/SyM-GEM/search_re…ate&searchforcid=213&searchfor=reactants&ReactionNumber=1&Option=1
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Start over

Search for compound(s):
Search results for isobutanol in the Escherichia coli K-12 MG1655 (iAF1260) model are shown below.
The top 10 matching compounds in the model are given (with percent similarity values).
Select the proper match (if one exists), or expand the search by searching the Compound Database.

The top 10 matches in the model
(with percent similarity values)
butanal (70.6%)
4-aminobutanal (66.7%)
butanoyl-coa (63.6%)
4-aminobutanoate (61.5%)
d-sorbitol (60.0%)
ethanol (58.8%)
2-oxobutanoate (58.3%)
l-histidinol (54.5%)
(s)-3-hydroxybutanoyl-coa (51.4%)
indole (50.0%)

Note: A percent similarity value of 100% means isobutanol was found as an exact match in the
Escherichia coli K-12 MG1655 (iAF1260) model. This compound is preferred in this case.
Note: Specific search terms (e.g., 'lactate' vs. 'lactic acid') can return different results.
Search capabilities will improve as more models are added to SyM-GEM.

Search Compound Database

Search again

Cancel

Fig. A.7 SyM-GEM screenshot showing Step 3 of synthetic pathway addition process: searching
How to cite SyM-GEM
“isobutanol” returns no results matching the
data in the organism-specific list of compounds.
Number of Models Downloaded with No Modifications: 40
Number of Models Downloaded with Synthetic Metabolic Pathways: 62
https://secure.hosting.vt.edu/www.mesb.bse.vt.edu/SyM-GEM/search.php?userInput=isobutanol&searchfor=reactants&ReactionNumber=1&Option=1
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Start over

Search for compound(s):
Search results for isobutanol in the entire Compound Database are shown below.
Select the proper match, or select the link to create a New Compound.

The top 10 matches in the Compound
Database (with % similarity values)
1-butanol (73.7%)
butanal (70.6%)
4-aminobutanal (66.7%)
sorbitol (66.7%)
aminoethanol (63.6%)
butanoyl-coa (63.6%)
isoquinoline (63.6%)
3-aminoisobutanoate (62.1%)
4-aminobutanoate (61.5%)
d-sorbitol (60.0%)
Note: Specific search terms (e.g., 'lactate' vs. 'lactic acid') can return different results.
Search capabilities will improve as more models are added to SyM-GEM.

Create new compound

Search again

Cancel

Fig. A.8 SyM-GEM screenshot showing Step 3 of synthetic pathway addition process: searching
“isobutanol” returns no results matching the data in the entire Compound Database.
How to cite SyM-GEM

Number of Models Downloaded with No Modifications: 40
https://secure.hosting.vt.edu/www.mesb.bse.vt.edu/SyM-GEM/search.php?userInput=isobutanol&searchfor=reactants&ReactionNumber=1&Option=2
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Start over

Create new compound:
Name of new compound:

isobutanol

Submit

Cancel

Fig. A.9 SyM-GEM screenshot showing Step 3 of synthetic pathway addition process: creating a
new compound for “isobutanol.”
How to cite SyM-GEM
Number of Models Downloaded with No Modifications: 40
Number of Models Downloaded with Synthetic Metabolic Pathways: 62
Models Last Updated: 10/22/2013
Principal Investigator: Ryan S. Senger, Virginia Tech
Contact Us © Virginia Tech 2013

https://secure.hosting.vt.edu/www.mesb.bse.vt.edu/SyM-GEM/create_new…d.php?searchfor=reactants&ReactionNumber=1&input_default=isobutanol
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Specifying stoichiometry, compartments, bounds; adding to multiple models; and
downloading completed models
	
  

After all reactions of the synthetic isobutanol pathway are constructed (Fig. A.10), SyMGEM allows the addition of the following information for each reaction: (i) a reaction name, (ii)
the upper and lower flux bounds (including directionality), (iii) the compartment and
stoichiometric coefficients of each reactant/product, and (iv) user notes. This is shown in Fig.
A.11 for the first reaction of the isobutanol synthetic pathway. In the final step of synthetic
pathway addition, SyM-GEM allows the user to download the modified model containing the
new synthetic pathway (Fig A.12). Additionally, the user can edit any of the previous parameters
set in the synthetic pathway or add the synthetic pathway to additional genome-scale models in
the database by selecting the “Add reaction(s) to multiple models” link. If the latter is selected,
the user can choose any model(s) to add the recently constructed synthetic pathway (Fig. A.13).
In this example, the isobutanol synthetic pathway is added to the iBsu1103 model of Bacillus
subtilis 168. Then, the user has the opportunity to verify the presence of each individual
compound of the synthetic pathway in the selected model(s) and specify its compartment, as
shown for selected cases of “pyruvate,” “2-acetolactate,” and “isobutanol” in Figs. A.14-16,
respectively. Finally, the user is given the option to download all modified genome-scale models
(Fig. A.17) and finish the session (Fig. A.18).
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Start over

Add reactants and products:
You have chosen to add 6 synthetic reaction(s) to the Escherichia coli K-12 MG1655 (iAF1260)
model. Next, add reactants and products by selecting the links below.
Reaction No.

1

Reactant(s)

Product(s)

pyruvate

(s)-2-acetolactate

Add a reactant

+
co2
Add a product

2

(s)-2-acetolactate

(r)-2,3-dihydroxy-3-methylbutanoate

+
nicotinamide adenine dinucleotide
phosphate - reduced

+
nicotinamide adenine dinucleotide
phosphate
Add a product

+
h+
Add a reactant

3

(r)-2,3-dihydroxy-3-methylbutanoate

3-methyl-2-oxobutanoate

Add a reactant

+
h2o
Add a product

4

3-methyl-2-oxobutanoate

isobutyraldehyde

Add a reactant

+
co2
Add a product

5

isobutyraldehyde

isobutanol

+
nicotinamide adenine dinucleotide reduced

+
nicotinamide adenine dinucleotide
Add a product

+
h+
Add a reactant

6

isobutanol

Add a product

Add a reactant

Set stoichiometry, compartments, and constraints

Add reaction(s)

https://secure.hosting.vt.edu/www.mesb.bse.vt.edu/SyM-GEM/add_compounds.php

Fig. A.10 SyM-GEM screenshot showing Step 3 of synthetic pathway addition process:
completed synthetic pathway.
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Start over

Set stoichiometry, compartments, and
constraints:
You are now editing reaction No. 1.

Name: acetolactate synthase

Reaction flux (mmol h-1 gDCW-1) constraints:
Lower bound: 0

and Upper bound: 1000

Define stoichiometric coefficients and compartments:
pyruvate

(s)-2-acetolactate

Stoichiometric coefficient: 2
Compartment:

Stoichiometric coefficient: 1
Compartment:

Cytoplasm

Cytoplasm

+
co2
Stoichiometric coefficient: 1
Compartment:

Cytoplasm

Notes on reaction 1

Next reaction

Select reactants and products

Fig. A.11 SyM-GEM screenshot showing Step 4 of synthetic pathway addition process: setting
How to cite SyM-GEM
the reaction parameters including reaction
name and notes, flux constraints, stoichiometric
coefficients,
and compartments of all reactants and products.
https://secure.hosting.vt.edu/www.mesb.bse.vt.edu/SyM-GEM/edit_reaction_parameters.php?reaction_number_to_edit=1
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Start over

Download modified model (in sbml format):
You have added synthetic reaction(s) to the following model:

Escherichia coli K-12 MG1655 (iAF1260)
Download modified model

More options:

Finish

Add reaction(s) to multiple models

Select reactants and products

Fig. A.12 SyM-GEM screenshot showing Step 5 of synthetic pathway addition process:
downloading the modified model as SBML, adding the same synthetic pathway to other models,
or going back to the synthetic pathway for edits.
https://secure.hosting.vt.edu/www.mesb.bse.vt.edu/SyM-GEM/download_model.php
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Start over

Add reaction(s) to multiple models:
Select all models to receive the synthetic reaction(s).

Bacillus subtilis 168 (iBsu1103)
Clostridium acetobutylicum ATCC 824 (iCAC498)
Clostridium beijerinckii (iCM925)
Corynebacterium glutamicum ATCC 13032 (Seed196627.4)
Escherichia coli K-12 MG1655 (iAF1260)
Geobacter sulfurreducens ATCC 51573
Lactobacillus plantarum WCFS1
Methanosarcina barkeri Fusaro (iMG746)
Pseudomonas putida KT2440 (Seed160488.1)
Saccharomyces cerevisiae (iND750)
Synechocystis sp. PCC6803 (iJN678)

Submit

Cancel

Fig. A.13 SyM-GEM screenshot showing Step 5 of synthetic pathway addition process: addition
of https://secure.hosting.vt.edu/www.mesb.bse.vt.edu/SyM-GEM/select_multiple_models.php
the constructed synthetic pathway to multiple models.
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Start over

Verify synthetic reaction compounds
in selected models (Step 1 of 20):
Model building progress summary:
Model:

Bacillus subtilis 168 (iBsu1103)

Reaction:

acetolactate synthase

Reactant:

pyruvate

The compound pyruvate was located in the model.
Select the compartment for this reactant.
Compartment:

Cytoplasm

Next compound

Cancel

Fig. A.14 SyM-GEM screenshot showing Step 5 of synthetic pathway addition process:
verifying the compounds of the synthetic pathway added to the new model.
How to cite SyM-GEM

Number of Models Downloaded with No Modifications: 40
https://secure.hosting.vt.edu/www.mesb.bse.vt.edu/SyM-GEM/verify_compounds.php?Option=0
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Start over

Verify synthetic reaction compounds
in selected models (Step 2 of 20):
Model building progress summary:
Model:
Reaction:
Product:

Bacillus subtilis 168 (iBsu1103)
acetolactate synthase
(s)-2-acetolactate

The compound group containing (s)-2-acetolactate was found in the model,
but the specific product (s)-2-acetolactate was not.
Select the compound below that already exists in the model (preferred) or add (s)-2-acetolactate as a
New Compound. Also, specify the compartment for this product.
Compounds that already exist in the model
(preferred if a good match exists):
Compartment:

Cytoplasm

2-acetolactate

Or, create the following New Compound:

Compartment:

Cytoplasm

(s)-2-acetolactate

Cancel

Fig. A.15 SyM-GEM screenshot showing Step 5 of synthetic pathway addition process: a second
example of verifying the compounds of the synthetic pathway added to the new model.

https://secure.hosting.vt.edu/www.mesb.bse.vt.edu/SyM-GEM/verify_compounds.php?new_compart…name=pyruvate&new_reactant_cid=1654&step=2&reactants_key=1&rxn_key=1&multiple_models_ke
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Start over

Verify synthetic reaction compounds
in selected models (Step 18 of 20):
Model building progress summary:
Model:
Reaction:
Product:

Bacillus subtilis 168 (iBsu1103)
New Reaction_5
isobutanol

The compound group containing isobutanol was not found in the model.
It is being added as a New Compound.
Select the compartment for this product.
Compartment:

Cytoplasm

Next compound

Cancel

https://secure.hosting.vt.edu/www.mesb.bse.vt.edu/SyM-GEM/verify_co…nt_cid=626&step=18&reactants_key=3&rxn_key=5&multiple_models_key=0

Page 1 of 2

Fig. A.16 SyM-GEM screenshot showing Step 5 of synthetic pathway addition process: a third
example of verifying the compounds of the synthetic pathway added to the new model.
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Start over

Download modified models (in sbml format):
You have added synthetic reaction(s) to the following models:

Bacillus subtilis 168 (iBsu1103)
Download modified model

Escherichia coli K-12 MG1655 (iAF1260)
Download modified model

More options:

Finish

Add reaction(s) to multiple models

Cancel

How to cite
SyM-GEM
Fig. A.17 SyM-GEM screenshot showing
Step
5 of synthetic pathway addition process:
downloading the modified models
SBML,
adding
same synthetic
pathway to other models,
Number ofas
Models
Downloaded
with the
No Modifications:
40
or going back to the synthetic
pathway
for
edits.
Number of Models Downloaded with Synthetic Metabolic Pathways: 62
https://secure.hosting.vt.edu/www.mesb.bse.vt.edu/SyM-GEM/download_multiple_models.php
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Start over

Thank you for using SyM-GEM:
Please provide us with feedback on how we may improve SyM-GEM (Contact Us)

Please cite the following references:

Nazem-Bokaee, H., Yen, J.Y., Athamneh, A.I., Apte, A.A., McAnulty, M.J., Senger, R.S. (2013) SyM-GEM: A
synthetic metabolic pathway builder and genome-scale model database to aid systems metabolic
engineering in biotechnology. Submitted for publication.

Back

Fig. A.18 SyM-GEM screenshot showing the citation page: selecting the “Finish” link will direct
the user to the final page after completing the synthetic pathway addition process.
How to cite SyM-GEM
Number of Models Downloaded with No Modifications: 0
Number of Models Downloaded with Synthetic Metabolic Pathways: 0
Models Last Updated: 10/22/2013
Principal Investigator: Ryan S. Senger, Virginia Tech
Contact Us © Virginia Tech 2013
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Supplementary Appendix B: ToMI-FBA Matlab code
Contents
Intitiating
Defining variables and their values
Finding transport reactions (ignore those with specific constraints)
Calculating total number of atoms in each molecule
Defining influx and efflux membrane transport reactions
Finding exchange reactions (ignore those with specific constraints)
ToMI-FBA through over iterations
Performing FBA and processing results

function [optimum_solution, optimum_fluxes, all_solutions, all_fluxes, all_ubs, all_lbs, newMo
del] ...
= ToMI_FBA(model, ToMI, growth_rate, bioRxn_index, objRxn_index, iterations)

%Perform ToMI-FBA to maximize a specified flux given ToMI and growth rate
%constraints
%
%[optimum_solution, optimum_fluxes, all_solutions, all_fluxes, all_ubs, all_lbs, newModel] ...
% = ToMI_FBA(model, ToMI, growth_rate, bioRxn_index, objRxn_index, iterations)
%
% Written by Hadi Nazem-Bokaee, 7/16/2012
% Last updated by the Senger Research Group, 2/15/2014
%
%This function performs ToMI-FBA on a given genome-scale model given a
%specified ToMI value, specific growth rate, and targeted product. The
%function requires the freely distributed COBRA Toolbox and open-source
%GLPK linear programming software.
%
%INPUTS:
%1. model - a COBRA formatted genome-scale model
%2. ToMI - the numerical ToMI value (to be used as a constraint)
%3. growth_rate - the specific growth rate (to be used as a constraint)
%4. bioRxn_index - the index of the biomass equation in the total list of
%reactions
%5. objRxn_index - the index of the reaction to maximize flux (product
%formation or secretion)
%6. iterations - the number of stochastic combinations to try (default =
%100)
%
%OUTPUTS:
%1. optimum_solution - the optimized flux through the targeted pathway
%2. optimum_fluxes - the set of all fluxes leading to the optimum solution
%3. all_solutions (optional) - the flux through the target pathway for every iteration
%4. all_fluxes (optional) - flux profiles for each iteration (in columns)
%5. all_ubs (optional) - the set of upper-bounds used for each iteration (in columns)
%6. all_lbs (optional) - the set of lower-bounds used for each iteration (in columns)
%7. newModel (optional) - the original genome-scale model with added constraints
%(including new stoichiometric matrix row for ToMI)
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Intitiating
if nargin < 6 || nargout > 7
fprintf(['Error. The following model inputs/outputs are required (optional where noted):'
'\n']);
fprintf(['INPUTS:' '\n']);
fprintf(['1. model' '\n']);
fprintf(['2. ToMI ' '\n']);
fprintf(['3. growth rate ' '\n']);
fprintf(['4. biomass equation index ' '\n']);
fprintf(['5. objective reaction index ' '\n']);
fprintf(['6. iterations ' '\n']);
fprintf(['OUTPUTS:' '\n']);
fprintf(['1. optimum solution' '\n']);
fprintf(['2. optimum fluxes' '\n']);
fprintf(['3. all solutions (optional)' '\n']);
fprintf(['4. all fluxes (optional)' '\n']);
fprintf(['5. all upper bounds (optional)' '\n']);
fprintf(['6. all lower bounds (optional)' '\n']);
fprintf(['7. new model with ToMI constraint (optional)' '\n']);
return
end
tic
h=waitbar(0,['Running ToMI-FBA. ToMI = ' num2str(ToMI) '; Growth rate = ' num2str(growth_rate)
]);

Defining variables and their values
tot_mets = size(model.S,1); % number of total metabolites in the model
tot_rxns = size(model.S,2); % number of total reactions in the model
% initiating a vector to store fluxes after each iteration
fluxes = zeros(tot_rxns+1,1);
% initiating variables to store final results
all_fluxes = [];
all_lbs = [];
all_ubs = [];
optimum_fluxes = [];
optimum_solutions=[];
all_solutions=[];

Finding transport reactions (ignore those with specific constraints)
[transRxns,nonTransRxns,membTransRxns] = findTransRxnsModif(model);
for i=1:size(membTransRxns,1)
if membTransRxns(i,1)==1 && model.lb(i,1)<0 && model.ub(i,1)>0
membTransRxns2(i,1)=1;

%these are the stochastically varied reactions

else
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membTransRxns2(i,1)=0;
end
end

Calculating total number of atoms in each molecule
if isfield(model,'metFormulas')==0
fprintf(['Error. The model must have a "metFormulas" field.' '\n']);
return
end
model.atoms=zeros(size(model.metFormulas,1),1);
for i=1:size(model.metFormulas,1)
molecule=model.metFormulas{i,1};
model.atoms(i,1)=count_atoms(molecule);
end

Defining influx and efflux membrane transport reactions
eproduct=zeros(size(membTransRxns,1),1);
ereactant=eproduct;
pproduct = zeros(size(membTransRxns,1),1);
preactant = pproduct;
for i=1:size(membTransRxns,1)
if membTransRxns(i,1)>0 %a membrane transport reaction
temp1=full(model.S(:,i));

%extract the reaction metabolites

for j=1:size(temp1,1)
if temp1(j,1)>0 %a product in the reaction
temp2=model.mets{j,1};

%extract the metabolite

find_e=findstr('[e]',temp2);

%find the "extracelluar" string in the metabol

ite ID
if size(find_e,2)>0
eatoms=model.atoms(j,1);
eproduct(i,1)=eproduct(i,1)+abs(temp1(j,1)).*eatoms;
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end
end
if temp1(j,1)<0 %a reactant in the reaction
temp2=model.mets{j,1};

%extract the metabolite

find_e=findstr('[e]',temp2);

%find the "extracellular" string in the metabo

lite ID
if size(find_e,2)>0
eatoms=model.atoms(j,1);
ereactant(i,1)=ereactant(i,1)+abs(temp1(j,1)).*eatoms;
end
end
end
end
end

Finding exchange reactions (ignore those with specific constraints)
[selExc,selUpt] = findExcRxns(model);
for i=1:size(selExc,1)
if selExc(i,1)==1 && model.lb(i,1)<0 && model.ub(i,1)>0
selExc2(i,1)=1;
else
selExc2(i,1)=0;
end
end

ToMI-FBA through over iterations
it=1;
unsuccessful_it=0;
while it<=iterations

% create a new model to add the new constraint (ToMI)
newModel = model;
% add a new row and column
newModel.S(tot_mets+1,:) = 0;
newModel.S(:,tot_rxns+1) = 0;
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% set the bounds for the biomass constituting equation
newModel.lb(bioRxn_index) = growth_rate;
newModel.ub(bioRxn_index) = growth_rate;
% set the bounds for the ToMI
newModel.lb(tot_rxns+1) = 1;
newModel.ub(tot_rxns+1) = 1;
% set the ToMI value
newModel.S(tot_mets+1,tot_rxns+1)=-ToMI;
% set the objective function (product export only)
newModel.lb(objRxn_index) = 0;
newModel.ub(objRxn_index) = 1000;
newModel.c=zeros(tot_rxns,1);
newModel.c(objRxn_index)=1;
%initialize influx and efflux transporter vectors
influx=zeros(tot_rxns,1);
efflux=influx;
for i = 1:tot_rxns
if i~=bioRxn_index && i~=objRxn_index
%find all exchange reactions for extracellular compounds,
%set to unbounded
if selExc2(i)
mets=newModel.mets(find(newModel.S(:,i)));
e_pres=0;
if size(mets,1)>0
for j=1:size(mets,1)
temp3=findstr('[e]',mets{j,1});
if size(temp3,2)>0
e_pres=1;
end
end
end
if e_pres==1
newModel.lb(i)=-1000;
newModel.ub(i)=1000;
end
end
%dealing with unconstrained membrane transport reactions
if membTransRxns2(i)==1
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%stochastic process of constraints
r = rand;
if r < 0.5 % assume the unconstrained membrane transport reaction proceeds for
ward
% specify the rxn as uptake. change bounds. add to S matrix.
newModel.lb(i) = 0;
newModel.ub(i) = 1000;
if (ereactant(i,1) ~=0) %& (preactant(i,1) == 0)
influx(i,1)=ereactant(i,1);
end
if (eproduct(i,1) ~=0) %& (pproduct(i,1) == 0)
efflux(i,1)=eproduct(i,1);
end
else % assume the unconstrained membrane transport reaction proceeds in reverse

newModel.lb(i) = -1000;
newModel.ub(i) = 0;
if (ereactant(i,1) ~=0) %& (preactant(i,1) == 0)
efflux(i,1)= -ereactant(i,1);
end
if (eproduct(i,1) ~=0) %& (pproduct(i,1) == 0)
influx(i,1)= -eproduct(i,1);
end
end
end
%dealing with constrained membrane transport reactions
if membTransRxns(i)==1 && membTransRxns2(i)==0
if (ereactant(i,1) ~=0) %& (preactant(i,1) == 0)
influx(i,1)=ereactant(i,1);
end
if (eproduct(i,1) ~=0) %& (pproduct(i,1) == 0)
efflux(i,1)=eproduct(i,1);
end
end

	
  

190

end
end
for i=1:size(influx,1)
if influx(i,1) ~=0
newModel.S(tot_mets+1,i)=influx(i,1);
end
end
newModel.rxns{tot_rxns+1,1} = 'ToMI';
newModel.rev(tot_rxns+1) = 0;
newModel.c(tot_rxns+1) = 0;
newModel.rules{tot_rxns+1,1} = '';
newModel.grRules{tot_rxns+1,1} = '';
newModel.subSystems{tot_rxns+1,1} = 'Total Membrane Transport Flux';
newModel.confidenceScores{tot_rxns+1,1} = '';
newModel.rxnReferences{tot_rxns+1,1} = '';
newModel.rxnECNumbers{tot_rxns+1,1} = '';
newModel.rxnNotes{tot_rxns+1,1} = '';
newModel.rxnNames{tot_rxns+1,1} = 'ToMI';
if isfield(newModel,{'genes','rxnGeneMat'})
newModel.rxnGeneMat(tot_rxns+1,length(model.genes)) = 0;
end
newModel.mets{tot_mets+1,1} = 'New Entry';
newModel.metNames{tot_mets+1,1} = 'New Entry';
newModel.metCharge(tot_mets+1) = 0;
newModel.metFormulas{tot_mets+1,1} = '';
newModel.metChEBIID{tot_mets+1,1} = '';
newModel.metKEGGID{tot_mets+1,1} = '';
newModel.metPubChemID{tot_mets+1,1} = '';
newModel.metInChIString{tot_mets+1,1} = '';
newModel.b(tot_mets+1,1) = 0;

Performing FBA and processing results

%

FBAsolution=[];
FBAsolution = optimizeCbModel(newModel,'max','one');
%minimize total flux
FBAsolution = optimizeCbModel(newModel);
%original
if numel(FBAsolution.x) ~= 0

%flux solutions exist

fluxes(:,1) = FBAsolution.x;
% Re-calculating influx as a check
influx_check1=0;
influx_check2=0;
for i=1:size(influx,1)
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if influx(i,1)>0
influx_check1=influx_check1+fluxes(i,1);
influx_check2=influx_check2+fluxes(i,1).*influx(i,1);
end
if influx(i,1)<0
influx_check1=influx_check1-fluxes(i,1);
influx_check2=influx_check2-fluxes(i,1).*influx(i,1);
end
end
%compiling final results into matrix
all_fluxes = [all_fluxes fluxes];
all_lbs = [all_lbs newModel.lb];
all_ubs = [all_ubs newModel.ub];
all_solutions=[all_solutions FBAsolution.f];
%updating iteration values
it=it+1;
unsuccessful_it=0;
else

%flux solutions do not exist (re-try 10 times)
fluxes(:,1) = 0;
unsuccessful_it=unsuccessful_it+1;
if unsuccessful_it>10

%if continually unsuccessful, print results and move on

it=it+1;
unsuccessful_it=0;
all_fluxes = [all_fluxes fluxes];
all_lbs = [all_lbs newModel.lb];
all_ubs = [all_ubs newModel.ub];
all_solutions=[all_solutions 0];
end
end
waitbar(it/iterations,h);

end
[optimum_solution, ind] = max(all_solutions);
optimum_fluxes=all_fluxes(:,ind);
close(h);
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fprintf(['Done!' '\n']);
toc

end

function [transRxns, nonTransRxns, membTransRxns, periTransRxns] = findTransRxnsModif(model,in
clExc)
%findTransRxns identify all transport reactions in a model. This function
%is a modified form of the "findTransRxns" function in COBRA
%
% [transRxns,nonTransRxns] = findTransRxns(model,inclExc)
%
%INPUT
% model
COBRA model structure
%
%OPTIONAL INPUT
% inclExc
include exchange reactions as transport?
%
(Default = false)
%
%OUTPUT
% transRxns
all transport reactions in the model
% nonTransRxns
all non-transport reactions in the model
% membTransRxns
all membrane transport reactions in the model
%
% right now, this function only works with models the compartments [c],
% [p], and [e]
%
% Jeff Orth 8/31/07 (original COBRA function)
% Hadi Nazem-Bokaee, 3/28/2013 (modified function)
if nargin < 2
inclExc = false;
end
isTrans = zeros(1,length(model.rxns));
membTransRxns = zeros(length(model.rxns),1);
periTransRxns = zeros(length(model.rxns),1);
for i = 1:length(model.rxns)
mets = model.mets(find(model.S(:,i)));
cMets = regexp(mets,'\[c\]');
hasCs = ~isempty([cMets{:}]);
pMets = regexp(mets,'\[p\]');
hasPs = ~isempty([pMets{:}]);
eMets = regexp(mets,'\[e\]');
hasEs = ~isempty([eMets{:}]);
if (sum([hasCs,hasPs,hasEs]) > 1) || hasEs&&inclExc
isTrans(i) = 1;
if (hasEs)
membTransRxns(i) = 1;
end
if (hasCs) & (hasPs)
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periTransRxns(i) = 1;
end
end
end
transRxns = model.rxns(isTrans==1);
nonTransRxns = model.rxns(isTrans==0);
end

function numatoms=count_atoms(formula)
%Count the number of atoms in a molecular formula
%
%[numatoms]=count_atoms(formula)
%
%written by the Senger Research Group, 3/1/2013
%
%inputs:
%formula - the molecular formula of a molecule (e.g., H2O, Cu, C4H2O4)
%
%outputs:
%numatoms - the number of atoms in the molecular formula
%locate all capital letters
s1=regexp(formula,'[A-Z]');
%locate all lower case letters
s2=regexp(formula,'[a-z]');
%locate all single numbers
s3=regexp(formula,'\D\d');
%locate all numbers 10-99
s4=regexp(formula,'\D\d\d');
%locate all numbers 100-999
s5=regexp(formula,'\D\d\d\d');
%locate all numbers 1000-9999
s6=regexp(formula,'\D\d\d\d\d');

%initiate the molecular matrix
mol=zeros(size(s1,2),3);
%populate the capital letter ID (col 1), initialize lower-case ID (col2), initialize stoichiom
etry (col3):
for i=1:size(s1,2)
mol(i,1)=s1(1,i);
mol(i,2)=s1(1,i);
end
mol(:,3)=1;
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%populate the lower-case letter ID (col 2):
if size(s2,2)>0
for i=1:size(s1,2)
for j=1:size(s2,2)
if s2(1,j)-s1(1,i)==1
mol(i,2)=s2(1,j);
end
end
end
end
%adding in stoichiometry 1-9
if size(s3,2)>0
for i=1:size(s3,2)
stoich=str2num(formula(1,s3(1,i)+1));
index=find(mol(:,1)==s3(1,i));
mol(index,3)=stoich;
end
end
%adding in stoichiometry 10-99
if size(s4,2)>0
for i=1:size(s4,2)
stoich=str2num([formula(1,s4(1,i)+1) formula(1,s4(1,i)+2)]);
index=find(mol(:,1)==s4(1,i));
mol(index,3)=stoich;
end
end
%adding in stoichiometry 100-999
if size(s5,2)>0
for i=1:size(s5,2)
stoich=str2num([formula(1,s5(1,i)+1) formula(1,s5(1,i)+2) formula(1,s5(1,i)+3)]);
index=find(mol(:,1)==s5(1,i));
mol(index,3)=stoich;
end
end

	
  

195

%adding in stoichiometry 1000-9999
if size(s6,2)>0
for i=1:size(s6,2)
stoich=str2num([formula(1,s6(1,i)+1) formula(1,s6(1,i)+2) formula(1,s6(1,i)+3) formula
(1,s6(1,i)+4)]);
index=find(mol(:,1)==s6(1,i));
mol(index,3)=stoich;
end
end
%determing the total number of atoms
numatoms=sum(mol(:,3));
end

Published with MATLAB® R2013a
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Supplementary Appendix C: SPF Matlab code
function newModel=spf(model, spf_value)
%Speficies the specific proton flux of a COBRA formatted genome-scale model
%
%newModel=spf(model, reactions, protons, directions, spf_value)
%
%written by the Senger Research Group, 8/1/2009
%last updated by Ryan Senger and Hadi Nazem-Bokaee, 2/15/2014
%
%INPUTS
%1. model
COBRA formatted genome-scale model
%2. reactions
row vector of reaction indices that transport protons
%3. protons
row vector of number of protons in each reaction
%4. directions
row vector of directions (1)=import, (-1)=export
%5. spf_value
numerical value (<0)=proton export
%
%OUPUTS
%1. newModel
COBRA formatted model with constrained spf
%Identify membrane transport reactions
[transRxns, nonTransRxns, membTransRxns, periTransRxns]=findTransRxnsModif(model);
%Ammend the stoichiometric matrix
newModel=model;
newModel.S(:,end+1)=0;
newModel.S(end+1,:)=0;
newModel.S(end,end)=-spf_value;

%insert the spf value

%Ammend other important fields (may be edited as needed)
newModel.rxns{end+1,1}='spf';
newModel.mets{end+1,1}='spf';
newModel.rev(end+1,1)=1;
newModel.lb(end+1,1)=1; %these constraints are required for the spf
newModel.ub(end+1,1)=1;
newModel.c(end+1,1)=0;
newModel.metCharge(end+1,1)=0;
newModel.rules{end+1,1}={};
newModel.genes{end+1,1}='spf';
newModel.rxnGeneMat(:,end+1)=0;
newModel.rxnGeneMat(end+1,:)=0;
newModel.grRules{end+1,1}='spf';
newModel.subSystems{end+1,1}='spf';
newModel.confidenceScores{end+1,1}={};
newModel.rxnReferences{end+1,1}={};
newModel.rxnECNumbers{end+1,1}='spf';
newModel.rxnNotes{end+1,1}='spf';
newModel.rxnNames{end+1,1}='spf';
newModel.metFormulas{end+1,1}={};
newModel.metChEBIID{end+1,1}={};
newModel.metKEGGID{end+1,1}={};
newModel.metPubChemID{end+1,1}={};
newModel.metInChIString{end+1,1}={};
newModel.b(end+1,1)=0;
%Locating indices of H[e], H[c], H[p] - also finds h[], H+[], h+[]
a1=regexpi(newModel.mets,'^h(+)?\[e\]');
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b1=regexpi(newModel.mets,'^h(+)?\[p\]');
c1=regexpi(newModel.mets,'^h(+)?\[c\]');
a2=cellfun(@isempty,a1);
b2=cellfun(@isempty,b1);
c2=cellfun(@isempty,c1);
he=find(a2==0);
hp=find(b2==0);
hc=find(c2==0);
if size(he,2)>1 || size(hp,2)>1 || size(hc,2)>1 || size(he,2)==0 || size(hc,2)==0
fprintf(['Error in identifying H[e], H[p], or H[c]. Abort.' '\n']);
return
end
no_hp=0;

%dealing with the possible periplasm compartment

if size(hp,1)==0
no_hp=1;
end
for i=1:size(membTransRxns,1)
if membTransRxns(i,1)==1

%it is a transport reaction

mets=find(newModel.S(:,i));

%create the vector of met indices

stoich=[];
for j=1:size(mets,1)
stoich(j,1)=newModel.S(mets(j,1),i);

%create the vector of stoichiometries

end
if no_hp==1

%dealing with H[e] and H[c]

he_stoich=0;
hc_stoich=0;
he_find=find(mets==he);
if size(he_find,1)>0
he_stoich=stoich(he_find,1);
end
hc_find=find(mets==hc);
if size(hc_find,1)>0
hc_stoich=stoich(hc_find,1);
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end
if abs(he_stoich) > abs(hc_stoich)
newModel.S(end,i)=-he_stoich;
else
newModel.S(end,i)=hc_stoich;
end
end
if no_hp==0

%dealing with H[e] and H[p]

he_stoich=0;
hp_stoich=0;
he_find=find(mets==he);
if size(he_find,1)>0
he_stoich=stoich(he_find,1);
end
hp_find=find(mets==hp);
if size(hp_find,1)>0
hp_stoich=stoich(hp_find,1);
end
if abs(he_stoich) > abs(hp_stoich)
newModel.S(end,i)=-he_stoich;
else
newModel.S(end,i)=hp_stoich;
end
end
end
end

Published with MATLAB® R2013a
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Supplementary Appendix D: GA-FBA Matlab code
Contents
Executing Genetic Algorithm-Flux Balance Analysis (GA-FBA)
Building new stoichiometric matrix and performing FBA
Calculating Total Unconstrained eXchange (TUX)
Evaluating optimized biomass

Executing Genetic Algorithm-Flux Balance Analysis (GA-FBA)
%ga_fba.m
%written by Senger Research Group, 02/18/2007
%re-built for genome-scale modeling, 11/1/2008
%last updated by Hadi Nazem-Bokaee, 3/26/2014
%this program executes a genetic algorithm using the BLXa crossover and
%non-uniform mutation operators.
%write a description of the model here.
%inputs: the user must define the following constants (see below) and
%specify the initial guesses in a "ga_input" vector and upper/lower bounds
%in a "limits" matrix
%outputs: the algorithm returns the optimal chromosome and optimal results
%as "optimal_chrom" and "optimal_result" variables.
%the following script is given for iJN678 model of Synechocystis PCC6803
%but is applicable to any other model after replacing model-specific
%information
%specify the iJN678 model by loading the COBRA structure here
%constants of the genetic algorithm
num_chroms=30;
num_generations=50;
reproduced=0.05;

%percentage of the elite population that is reporoduced

operator1=0.1;
or
BLXa=0.35;
operator2=0.1;
tor
num_b=1;

%percentage of new population produced by first operat

rand_gen=0.75;
duced+operator1+operator2+rand_gen=1)

%percentage of new population produced randomly (repro

%alpha of the BLX-a operator
%percentage of new population produced by second opera
%parameter (b) of non-uniform mutation operator

%input data and run an initial model calculation
%defining the genes (initial guesses are the default values - limits are
%+/- %20%)
%--- Synechocystis PCC6803 (iJN678)
% Autotrophic
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%gene1:
%gene2:
%gene3:
%gene4:
%gene5:
%gene6:
%gene7:
%gene8:

mATP (53.35)
Glycogen (0.21)
Amino Acids (4.60)
Lipids (0.18)
DNA (0.10)
RNA (0.53)
Peptidoglycan (0.03)
Pigments (0.03)

%replace ga_input value with the proper biomass composition
ga_input=[53.35 0.21 4.60 0.18 0.10 0.53 0.03 0.03];
%the initial chromosome with initial gu
esses;
%setting up limits on biomass compositon
variation=0.5;
%allowing for 20% variation
limits(1,:)=(1-variation).*ga_input;
limits(1,1)=30;
limits(2,:)=(1+variation).*ga_input;
limits(3,:)=limits(2,:)-limits(1,:);
%inititate chromosomes
chrom_length=size(ga_input,2);
chrom=zeros(num_chroms,chrom_length);
chrom(1,:)=ga_input;
for i=2:num_chroms
chrom(i,:)=chrom(1,:);
for j=1:chrom_length
chrom(i,j)=limits(1,j)+rand.*limits(3,j);
end
end
%evaluate all initial chromosomes (first generation)
generation=1;
chrom_result=zeros(num_chroms,1);
for m=1:size(chrom,1)
%define the data set, run the model, compile results
chrom1=chrom(m,:);
%-------------------------------------------------------------%*identify the model here*
%output of the model should be a variable called "result"
build_S_matrix
%use for cyanobacteria
%-------------------------------------------------------------chrom_result(m,1)=result;
end
%the evaluated chromosomes are now "old" chromosomes with results
chrom_old=[chrom chrom_result];
%sort results
% chrom_old=sortrows(chrom_old,-(chrom_length+1));
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chrom_old=sortrows(chrom_old,(chrom_length+1));

%sort from low to high

%start the loop of the genetic algorithm
while generation<num_generations
%initiate the new chromosomes variable
chrom=zeros(num_chroms,chrom_length);
%reproduction
%elite chromosomes
for n=1:ceil(num_chroms.*reproduced);
chrom(n,:)=chrom_old(n,1:chrom_length);
end
n=n+1;
%operator1: BLX-a crossover (a=0.35)
%strategy: (i) choose two of the "reproduced" chromosomes, (ii) perform operation and (iii)
add them both
%to the chrom list.
while n<num_chroms.*reproduced+num_chroms.*operator1
%choose the reproduced chromosomes and save them as "temporary" chromosomes
BLX_temp1=chrom(ceil(rand.*num_chroms.*reproduced),:);
BLX_temp2=chrom(ceil(rand.*num_chroms.*reproduced),:);
%choose the column (gene) to manipulate
BLX_col=ceil(rand.*chrom_length);
%BLX-a operators
cmax=max(BLX_temp1(1,BLX_col),BLX_temp2(1,BLX_col));
cmin=min(BLX_temp1(1,BLX_col),BLX_temp2(1,BLX_col));
Ic=cmax-cmin;
if Ic==0
cmax=cmax+(rand.*0.5.*cmax);
cmin=cmin-(rand.*0.5.*cmin);
Ic=cmax-cmin;
end
BLX_min=cmin-Ic.*BLXa;
BLX_max=cmax+Ic.*BLXa;
%perform the operation
BLX_temp1(1,BLX_col)=BLX_min+rand.*(BLX_max-BLX_min);
BLX_temp2(1,BLX_col)=BLX_min+rand.*(BLX_max-BLX_min);
%check that these are within defined limits.
if BLX_temp1(1,BLX_col)<limits(1,BLX_col)
BLX_temp1(1,BLX_col)=limits(1,BLX_col);
end
if BLX_temp1(1,BLX_col)>limits(2,BLX_col)
BLX_temp1(1,BLX_col)=limits(2,BLX_col);
end
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if BLX_temp2(1,BLX_col)<limits(1,BLX_col)
BLX_temp2(1,BLX_col)=limits(1,BLX_col);
end
if BLX_temp2(1,BLX_col)>limits(2,BLX_col)
BLX_temp2(1,BLX_col)=limits(2,BLX_col);
end
%insert into the chrom list
chrom(n,:)=BLX_temp1;
n=n+1;
chrom(n,:)=BLX_temp2;
n=n+1;
end
%operator2: non-uniform mutation
while n<num_chroms.*reproduced+num_chroms.*operator1+num_chroms.*operator2
%choose a reproduced chromosomes and save it as "temporary" chromosome
num_temp1=chrom(ceil(rand.*num_chroms.*reproduced),:);
%choose the column (gene) to manipulate
num_col=ceil(rand.*chrom_length);
%non-uniform mutation operators and stochastic variables
tau=round(rand);
num_y_up=limits(2,num_col)-num_temp1(1,num_col);
num_y_down=num_temp1(1,num_col)-limits(1,num_col);
num_t_up=num_y_up.*(1-rand.^((1-generation./num_generations).^num_b));
num_t_down=num_y_down.*(1-rand.^((1-generation./num_generations).^num_b));
if tau==0
num_temp1(1,num_col)=num_temp1(1,num_col)-num_t_down;
else
num_temp1(1,num_col)=num_temp1(1,num_col)+num_t_up;
end
%check limits (really not necessary given nature of the mutation)
if num_temp1(1,num_col)<limits(1,num_col)
num_temp1(1,num_col)=limits(1,num_col);
end
if num_temp1(1,num_col)>limits(2,num_col)
num_temp1(1,num_col)=limits(2,num_col);
end
%insert into chrom list
chrom(n,:)=num_temp1;
n=n+1;
end
%fill-in the rest of the available chrom spaces with randomly-generated chromosomes
while n<=num_chroms
%initiate the chromosome
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chrom(n,:)=zeros(1,chrom_length);
%generate random genes around limits
for j=1:chrom_length
chrom(n,j)=limits(1,j)+rand.*limits(3,j);
end
n=n+1;
end
%evaluate all initial chromosomes (this generation)
chrom_result=zeros(num_chroms,1);
for m=1:size(chrom,1)
chrom1=chrom(m,:);
%-------------------------------------------------------------%*identify the model here*
%output of the model should be a variable called "result"
build_S_matrix
%use for cyanobacteria
%-------------------------------------------------------------chrom_result(m,1)=result;
end
%the evaluated chromosomes are now "old" chromosomes with results
chrom_old=[];
chrom_old=[chrom chrom_result];
%sort results
%chrom_old=sortrows(chrom_old,-(chrom_length+1));
chrom_old=sortrows(chrom_old,(chrom_length+1));

%sort from high to low
%sort from low to high

%start the new generation
fprintf(['Computing generation ' num2str(generation) ' of ' num2str(num_generations) '. Opti
mum result: ' num2str(chrom_old(1,chrom_length+1)) '\n']);
generation=generation+1;
end
optimum_chrom=chrom_old(1,1:chrom_length);
optimum_result=chrom_old(1,chrom_length+1);
fprintf(['Done.

See optmium_chrom and optimum_result variables for final answers. ' '\n']);

Building new stoichiometric matrix and performing FBA
%build_S_matrix.m
%written by Senger Research Group, 4/25/2012
%last updated by Hadi Nazem-Bokaee, 3/27/2014
%this program is called by the "ga_fba.m" program and performs
%all FBA and calculations of unconstrained exchange fluxes.
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%The input chromosome from the genetic algorithm is called "chrom1"
%The total unconstrained exchange fluxes are returned as the variable
%"result"
%this program also amends the stoichiometric matrix to update the biomass
%equation before each run.
%select the proper biomass index
biomass_index = 808; % autotrophic
% biomass_index = 809; % mixotrophic
% biomass_index = 810; % heterotrophic
%first, define what is in the chrom1 variable
mATP=chrom1(1,1);
glycogen=chrom1(1,2);
AA=chrom1(1,3);
lipid=chrom1(1,4);
DNA=chrom1(1,5);
RNA=chrom1(1,6);
peptidoglycan=chrom1(1,7);
pigment=chrom1(1,8);
%insert chromosome values into the stoichiometric matrix
%mATP
model.S(3,biomass_index)=mATP;
%ADP
model.S(17,biomass_index)=-mATP+4.6;
%H20
model.S(5,biomass_index)=mATP;
%H+
model.S(79,biomass_index)=mATP-0.0038;
%Pi
%glycogen
model.S(387,biomass_index)=-glycogen;

%only present in autotrophic condition

%amino acids (keeping the fractions constant to the iJN678 model)
model.S(163,biomass_index)=-AA.*0.0844;
%L-Ala
model.S(184,biomass_index)=-AA.*0.0501;
%L-Arg
model.S(191,biomass_index)=-AA.*0.0403;
%L-Asn
model.S(120,biomass_index)=-AA.*0.0500;
%L-Asp
model.S(258,biomass_index)=-AA.*0.0099;
%L-Cys
model.S(102,biomass_index)=-AA.*0.0553;
%L-Gln
model.S(82,biomass_index)=-AA.*0.0602;
%L-Glu
model.S(385,biomass_index)=-AA.*0.0734;
%Gly
model.S(422,biomass_index)=-AA.*0.0185;
%L-His
model.S(440,biomass_index)=-AA.*0.0624;
%L-Iso
model.S(453,biomass_index)=-AA.*0.1134;
%L-Leu
model.S(265,biomass_index)=-AA.*0.0416;
%L-Lys
model.S(217,biomass_index)=-AA.*0.0195;
%L-Met
model.S(567,biomass_index)=-AA.*0.0399;
%L-Phe
model.S(519,biomass_index)=-AA.*0.0510;
%L-Pro
model.S(384,biomass_index)=-AA.*0.0577;
%L-Ser
model.S(630,biomass_index)=-AA.*0.0546;
%L-Thr
model.S(648,biomass_index)=-AA.*0.0154;
%L-Trp
model.S(635,biomass_index)=-AA.*0.0290;
%L-Tyr
model.S(668,biomass_index)=-AA.*0.0670;
%L-Val
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%lipids (re-calculated in this study)
model.S(459,biomass_index)=-lipid.*0.1382;
model.S(289,biomass_index)=-lipid.*0.1661;
model.S(292,biomass_index)=-lipid.*0.0097;
model.S(294,biomass_index)=-lipid.*0.0004;
model.S(296,biomass_index)=-lipid.*0.0040;
model.S(298,biomass_index)=-lipid.*0.0040;
model.S(300,biomass_index)=-lipid.*0.0530;
model.S(302,biomass_index)=-lipid.*0.0790;
model.S(304,biomass_index)=-lipid.*0.0004;
model.S(306,biomass_index)=-lipid.*0.0024;
model.S(290,biomass_index)=-lipid.*0.1137;
model.S(293,biomass_index)=-lipid.*0.0084;
model.S(295,biomass_index)=-lipid.*0.0019;
model.S(297,biomass_index)=-lipid.*0.0025;
model.S(299,biomass_index)=-lipid.*0.0025;
model.S(301,biomass_index)=-lipid.*0.0290;
model.S(303,biomass_index)=-lipid.*0.0631;
model.S(305,biomass_index)=-lipid.*0.0008;
model.S(307,biomass_index)=-lipid.*0.0034;
model.S(614,biomass_index)=-lipid.*0.1308;
model.S(615,biomass_index)=-lipid.*0.0151;
model.S(617,biomass_index)=-lipid.*0.0029;
model.S(618,biomass_index)=-lipid.*0.0168;
model.S(619,biomass_index)=-lipid.*0.0168;
model.S(620,biomass_index)=-lipid.*0.0447;
model.S(621,biomass_index)=-lipid.*0.0019;
model.S(622,biomass_index)=-lipid.*0;
model.S(616,biomass_index)=-lipid.*0.0013;
model.S(548,biomass_index)=-lipid.*0.0438;
model.S(550,biomass_index)=-lipid.*0.0007;
model.S(552,biomass_index)=-lipid.*0.0015;
model.S(554,biomass_index)=-lipid.*0.0028;
model.S(556,biomass_index)=-lipid.*0.0028;
model.S(558,biomass_index)=-lipid.*0.0283;
model.S(562,biomass_index)=-lipid.*0.0071;
model.S(564,biomass_index)=-lipid.*0;
model.S(560,biomass_index)=-lipid.*0;

%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%
%

%DNA (keeping the fractions constant to the
model.S(501,biomass_index)=-DNA.*0.2609;
model.S(280,biomass_index)=-DNA.*0.2382;
model.S(498,biomass_index)=-DNA.*0.2389;
model.S(364,biomass_index)=-DNA.*0.2618;

iJN678 model)
%dATP
%dCTP
%dGTP
%dTTP

lipidAds
mgdg160
mgdg161
mgdg180
mgdg181
mgdg181:9
mgdg182:9:12
mgdg183:6:9:12
mgdg183:9:12:15
mgdg184:6:9:12:15
dgdg160
dgdg161
dgdg180
dgdg181
dgdg181:9
dgdg182:9:12
dgdg183:6:9:12
dgdg183:9:12:15
dgdg184:6:9:12:15
sqdg160
sqdg161
sqdg180
sqdg181
sqdg181:9
sqdg182:9:12
sqdg183:9:12:15
sqdg184:6:9:12:15
sqdg183:6:9:12
pg160
pg161
pg180
pg181
pg181:9
pg182:9:12
pg183:9:12:15
pg184:6:9:12:15
pg183:6:9:12

%RNA (keeping the fractions constant to the iJN678 model)
model.S(247,biomass_index)=-RNA.*0.2340;
%CTP
model.S(73,biomass_index)=-RNA.*0.2501;
%GTP
model.S(246,biomass_index)=-RNA.*0.2590;
%UTP
%ATP
model.S(1,biomass_index)=-mATP-RNA.*0.2569;
%Peptidoglycan
model.S(582,biomass_index)=-peptidoglycan;
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%Pigments (keeping the fractions constant to the iJN678 model)
model.S(238,biomass_index)=-pigment.*0.6588;
%chlorophyl
model.S(206,biomass_index)=-pigment.*0.1064;
%beta-carotene
model.S(208,biomass_index)=-pigment.*0.0903;
%zeaxanthin
model.S(209,biomass_index)=-pigment.*0.0783;
%echinenone
model.S(380,biomass_index)=-pigment.*0.0502;
%gamma-carotene
model.S(645,biomass_index)=-pigment.*0.0082;
%alpha-tocopherol
model.S(647,biomass_index)=-pigment.*0.0005;
%beta-tocopherol
model.S(644,biomass_index)=-pigment.*0.0005;
%gamma-tocopherol
model.S(646,biomass_index)=-pigment.*0.0070;
%delta-tocopherol
%run FBA
FBAsolution=optimizeCbModel(model,[],'one');
%calculate the unconstrained exchange reactions
unconstrained_exchange_calculation
%generate the result variable
result=EXuncon;

Calculating Total Unconstrained eXchange (TUX)
%unconstrained_exchange_calculation.m
%written by Senger Research Group, 4/25/2012
%last updated by Hadi Nazem-Bokaee, 3/26/2014
%this program first calculates the total flux (absolute value) of all
%exchange reactions in the model.
%then specified exchange fluxes are subtracted - those subtracted are
%specifically constrained and individually specified in this program.
%the end result is a calculation of all additional exchange fluxes that are
%required to complete the model.
EXcon_id=[763 764 765 767 768 769 770 771 772 773 774 775 776 777 788 789 795 797 799 800 801
802 804];
%other exchange reactions: 811, 812, 833, 834, 841, 842, 845, 858, 859
if size(FBAsolution.x,1)>0
EXuncon=sum(abs(FBAsolution.x(EXcon_id,1)));
else
EXuncon=1000;

%a very high unreasonable number - so it is filtered out

end
% fprintf(['Unconstrained exchange reactions = ' num2str(EXuncon) '\n']);

Evaluating optimized biomass
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%test_GA_results.m
%written by Senger Research Group, 4/26/2012
%last updated by Hadi Nazem-Bokaee, 3/26/2014
%this program allows us to evaluate optimized chromosomes.
%load genome-scale model
%input the optimal chromosome as "chrom1"
chrom1=[52.9309837621997,0.176601115889712,5.98501127881273,0.270000000000000,0.09560529176549
26,0.396249029974197,0.0277267823755507,0.0338745704872547];
%simulate the model
build_S_matrix
%build the table of relevant fluxes
fluxes(1,1)=FBAsolution.x(451,1);
%pdh
fluxes(2,1)=FBAsolution.x(136,1);
%cis
fluxes(3,1)=FBAsolution.x(325,1);
%icd
fluxes(4,1)=FBAsolution.x(359,1);
%mdh
fluxes(5,1)=FBAsolution.x(502,1);
%ppc
fluxes(6,1)=FBAsolution.x(360,1);
%me
fluxes(7,1)=FBAsolution.x(462,1)+FBAsolution.x(463,1);
%hxi
fluxes(8,1)=FBAsolution.x(224,1);
%pfk
fluxes(9,1)=FBAsolution.x(540,1)+FBAsolution.x(541,1)+FBAsolution.x(542,1)+FBAsolution.x(543,1
)+FBAsolution.x(544,1); %pyk
fluxes(10,1)=FBAsolution.x(223,1);
%eno
fluxes(11,1)=FBAsolution.x(255,1);
%gdh
fluxes(12,1)=FBAsolution.x(559,1);
%ppe
fluxes(13,1)=-FBAsolution.x(560,1);
%ppi
fluxes(14,1)=FBAsolution.x(607,1);
%tk1
fluxes(15,1)=FBAsolution.x(608,1);
%tk2
fluxes(16,1)=FBAsolution.x(594,1);
%tal
%print the result
fprintf(['The optimized EXuncon value is: ' num2str(EXuncon) '\n']);

Published with MATLAB® R2013a
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Supplementary Appendix E: iCCE557 metabolic network
Name
alanine dehydrogenase
Unassigned
aspartate transaminase

Reaction
L-Alanine[c] + H2O[c] + NAD[c]
<=> Pyruvate[c] + Ammonia[c] +
NADH[c] + H+[c]
L-Aspartate[c] + Fumarate[c] <=>
Iminoaspartate[c] + Succinate[c]
+ H+[c]
L-Aspartate[c] + 2Oxoglutarate[c] <=>
Oxaloacetate[c] + L-Glutamate[c]

GPR

Subsystem

Lower
bound

Upper
bound

EC. #

Unassigned

Alanine, aspartate and
glutamate metabolism

-1000

0

1.4.1.1

Ccel_3479

Alanine, aspartate and
glutamate metabolism

-1000

1000

1.4.3.-

Ccel_1965

Alanine, aspartate and
glutamate metabolism

-1000

1000

2.6.1.1

-1000

1000

2.6.1.16

-1000

1000

6.3.4.5

-1000

1000

4.3.2.1

-1000

1000

6.3.1.2

-1000

1000

1.4.1.4

-1000

1000

4.1.1.15

-1000

1000

6.3.1.1

glutamine-fructose-6phosphate transaminase
(isomerizing)

L-Glutamine[c] + beta-DFructose 6-phosphate[c] <=> LGlutamate[c] + D-Glucosamine 6phosphate[c]

Ccel_1205

argininosuccinate
synthase

L-Aspartate[c] + ATP[c] + LCitrulline[c] <=> AMP[c] +
Diphosphate[c] + N-(LArginino)succinate[c] + H+[c]

Ccel_1345

argininosuccinate lyase

N-(L-Arginino)succinate[c] <=>
Fumarate[c] + L-Arginine[c]

Ccel_1344

glutamate-ammonia
ligase

Ammonia[c] + L-Glutamate[c] +
ATP[c] <=> L-Glutamine[c] +
ADP[c] + Orthophosphate[c]

Ccel_0561

glutamate dehydrogenase
(NADP+)

H2O[c] + L-Glutamate[c] +
NADP[c] <=> Ammonia[c] + 2Oxoglutarate[c] + H+[c] +
NADPH[c]

Ccel_2430

glutamate decarboxylase

L-Glutamate[c] <=> 4Aminobutanoate[c] + CO2[c]

Ccel_0981

aspartate-ammonia ligase

glutamate synthase
(NADH)
glutamate synthase
(NADPH)
adenylosuccinate
synthase

Amidophosphoribosyl
transferase

L-Aspartate[c] + Ammonia[c] +
ATP[c] <=> AMP[c] +
Diphosphate[c] + LAsparagine[c]
2 L-Glutamate[c] + NAD[c] <=>
2-Oxoglutarate[c] + LGlutamine[c] + H+[c] +
NADH[c]
2 L-Glutamate[c] + NADP[c]
<=> 2-Oxoglutarate[c] + LGlutamine[c] + H+[c] +
NADPH[c]
L-Aspartate[c] + GTP[c] +
IMP[c] <=> H+[c] +
Orthophosphate[c] + GDP[c] +
N6-(1,2-Dicarboxyethyl)-AMP[c]
L-Glutamate[c] + Diphosphate[c]
+ 5-Phosphoribosylamine[c] <=>
H2O[c] + L-Glutamine[c] + 5Phospho-alpha-D-ribose 1diphosphate[c]

Ccel_2575

Ccel_2545

Alanine, aspartate and
glutamate metabolism

-1000

1000

1.4.1.14

Ccel_2545

Alanine, aspartate and
glutamate metabolism

-1000

1000

1.4.1.13

Ccel_2419

Alanine, aspartate and
glutamate
metabolism|Purine
metabolism

-1000

1000

6.3.4.4

Ccel_2184

Alanine, aspartate and
glutamate
metabolism|Purine
metabolism

-1000

1000

2.4.2.14

-1000

1000

4.3.2.2

-1000

1000

2.1.3.2

adenylosuccinate lyase

N6-(1,2-Dicarboxyethyl)-AMP[c]
<=> AMP[c] + Fumarate[c]

Ccel_0723

aspartate
carbamoyltransferase

L-Aspartate[c] + Carbamoyl
phosphate[c] <=>

Ccel_0612

	
  

Alanine, aspartate and
glutamate
metabolism|Amino
sugar and nucleotide
sugar metabolism
Alanine, aspartate and
glutamate
metabolism|Arginine
and proline metabolism
Alanine, aspartate and
glutamate
metabolism|Arginine
and proline metabolism
Alanine, aspartate and
glutamate
metabolism|Arginine
and proline metabolism
Alanine, aspartate and
glutamate
metabolism|Arginine
and proline metabolism
Alanine, aspartate and
glutamate
metabolism|Butanoate
metabolism
Alanine, aspartate and
glutamate
metabolism|Cyanoamin
o acid metabolism
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Alanine, aspartate and
glutamate
metabolism|Purine
metabolism
Alanine, aspartate and
glutamate

Orthophosphate[c] + NCarbamoyl-L-aspartate[c]
carbamoyl-phosphate
synthase (glutaminehydrolysing)

hexokinase
glucosamine-1-phosphate
N-acetyltransferase
UDP-Nacetylglucosamine
diphosphorylase
UDP-N-acetyl-Dmannosamine
dehydrogenase
CDP-paratose 2epimerase
phosphoglucosamine
mutase

H2O[c] + L-Glutamine[c] + 2
ATP[c] + Bicarbonate[c] <=> LGlutamate[c] + 2 H+[c] + 2
ADP[c] + Orthophosphate[c] +
Carbamoyl phosphate[c]
ATP[c] + D-Glucosamine[c] <=>
D-Glucosamine 6-phosphate[c] +
ADP[c]
Acetyl-CoA[c] + alpha-DGlucosamine 1-phosphate[c] <=>
CoA[c] + N-Acetyl-alpha-Dglucosamine 1-phosphate[c]
N-Acetyl-alpha-D-glucosamine 1phosphate[c] + UTP[c] <=>
Diphosphate[c] + UDP-N-acetylD-glucosamine[c]
H2O[c] + 2 NAD[c] + UDP-Nacetyl-D-mannosamine[c] <=> 2
H+[c] + 2 NADH[c] + UDP-Nacetyl-D-mannosaminouronate[c]
CDP-3,6-dideoxy-D-glucose[c]
<=> CDP-3,6-dideoxy-Dmannose[c]
alpha-D-Glucosamine 1phosphate[c] <=> D-Glucosamine
6-phosphate[c]

metabolism|Pyrimidine
metabolism
Ccel_0615
and
Ccel_0616
and
Ccel_2913
and
Ccel_2914

Alanine, aspartate and
glutamate
metabolism|Pyrimidine
metabolism

-1000

1000

6.3.5.5

Ccel_3221

Amino sugar and
nucleotide sugar
metabolism

-1000

1000

2.7.1.1

Ccel_3093

Amino sugar and
nucleotide sugar
metabolism

-1000

1000

2.3.1.157

Ccel_3093

Amino sugar and
nucleotide sugar
metabolism

-1000

1000

2.7.7.23

Ccel_2929

Amino sugar and
nucleotide sugar
metabolism

-1000

1000

1.1.1.336

-1000

1000

5.1.3.10

-1000

1000

5.4.2.10

-1000

1000

2.7.1.1|2.7.1.2

-1000

1000

2.7.1.1|2.7.1.7

-1000

1000

2.7.7.13

-1000

1000

4.2.1.47

-1000

1000

5.3.1.8

-1000

1000

5.4.2.8

Ccel_0969
Ccel_1204

hexokinase|glucokinase

ATP[c] + D-Glucose[c] <=>
ADP[c] + alpha-D-Glucose 6phosphate[c]

Ccel_0700
or
Ccel_3221

hexokinase|mannokinase

ATP[c] + D-Mannose[c] <=>
ADP[c] + D-Mannose 6phosphate[c]

Ccel_3221

mannose-1-phosphate
guanylyltransferase

GTP[c] + D-Mannose 1phosphate[c] <=> Diphosphate[c]
+ GDP-mannose[c]

Ccel_0348
or
Ccel_1940

GDP-mannose 4,6dehydratase

GDP-mannose[c] <=> H2O[c] +
GDP-4-dehydro-6-deoxy-Dmannose[c]

Ccel_3441

mannose-6-phosphate
isomerase

D-Mannose 6-phosphate[c] <=>
beta-D-Fructose 6-phosphate[c]

Ccel_1179

phosphomannomutase

D-Mannose 6-phosphate[c] <=>
D-Mannose 1-phosphate[c]

Ccel_0348
or
Ccel_1940
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Amino sugar and
nucleotide sugar
metabolism
Amino sugar and
nucleotide sugar
metabolism
Amino sugar and
nucleotide sugar
metabolism|Butirosin
and neomycin
biosynthesis|Galactose
metabolism|Glycolysis /
Gluconeogenesis|Starch
and sucrose
metabolism|Streptomyci
n biosynthesis
Amino sugar and
nucleotide sugar
metabolism|Fructose
and mannose
metabolism
Amino sugar and
nucleotide sugar
metabolism|Fructose
and mannose
metabolism
Amino sugar and
nucleotide sugar
metabolism|Fructose
and mannose
metabolism
Amino sugar and
nucleotide sugar
metabolism|Fructose
and mannose
metabolism
Amino sugar and
nucleotide sugar
metabolism|Fructose
and mannose
metabolism

GDP-L-fucose synthase

NADP[c] + GDP-L-fucose[c]
<=> H+[c] + NADPH[c] + GDP4-dehydro-6-deoxy-D-mannose[c]

Ccel_3442

hexokinase|fructokinase

ATP[c] + beta-D-Fructose[c] <=>
ADP[c] + beta-D-Fructose 6phosphate[c]

Ccel_0954
or
Ccel_3221

galactokinase

ATP[c] + alpha-D-Galactose[c]
<=> ADP[c] + alpha-D-Galactose
1-phosphate[c]

Ccel_3238

UDP-glucose 4epimerase

UDP-glucose[c] <=> UDPgalactose[c]

(Ccel_0367
and
Ccel_3237)
or
(Ccel_0367
and
Ccel_3237
and
Ccel_2806)

UDP-glucose-hexose-1phosphate
uridylyltransferase

alpha-D-Galactose 1-phosphate[c]
+ UDP-glucose[c] <=> DGlucose 1-phosphate[c] + UDPgalactose[c]

Ccel_2272

UTP-glucose-1phosphate
uridylyltransferase

UTP[c] + D-Glucose 1phosphate[c] <=> Diphosphate[c]
+ UDP-glucose[c]

Ccel_3407

glucose-6-phosphate
isomerase

alpha-D-Glucose 6-phosphate[c]
<=> beta-D-Fructose 6phosphate[c]

Ccel_1445

UDP-Nacetylglucosamine 1carboxyvinyltransferase

UDP-N-acetyl-D-glucosamine[c]
+ Phosphoenolpyruvate[c] <=>
Orthophosphate[c] + UDPGlcNAc-enopyruvate[c]

Ccel_0280
and
Ccel_3389

UDP-N-acetylmuramate
dehydrogenase

NAD[c] + UDP-MurNAc[c] <=>
H+[c] + NADH[c] + UDPGlcNAc-enopyruvate[c]

Ccel_2291

UDP-N-acetylmuramate
dehydrogenase

NADP[c] + UDP-MurNAc[c]
<=> H+[c] + NADPH[c] + UDPGlcNAc-enopyruvate[c]

Ccel_2291

glucose-1-phosphate
adenylyltransferase

ATP[c] + D-Glucose 1phosphate[c] <=> Diphosphate[c]
+ ADP-glucose[c]

Ccel_3400
and
Ccel_3401

leucine-tRNA ligase

valine-tRNA ligase

	
  

ATP[c] + L-Leucine[c] +
tRNA(Leu)[c] <=> AMP[c] +
Diphosphate[c] + L-LeucyltRNA[c]
ATP[c] + L-Valine[c] +
tRNA(Val)[c] <=> AMP[c] +
Diphosphate[c] + L-Valyl-

Ccel_3454

Ccel_1199
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Amino sugar and
nucleotide sugar
metabolism|Fructose
and mannose
metabolism
Amino sugar and
nucleotide sugar
metabolism|Fructose
and mannose
metabolism|Starch and
sucrose metabolism
Amino sugar and
nucleotide sugar
metabolism|Galactose
metabolism

Amino sugar and
nucleotide sugar
metabolism|Galactose
metabolism

Amino sugar and
nucleotide sugar
metabolism|Galactose
metabolism
Amino sugar and
nucleotide sugar
metabolism|Galactose
metabolism|Pentose and
glucuronate
interconversions|Starch
and sucrose metabolism
Amino sugar and
nucleotide sugar
metabolism|Glycolysis /
Gluconeogenesis|Pentos
e phosphate
pathway|Starch and
sucrose metabolism
Amino sugar and
nucleotide sugar
metabolism|Peptidoglyc
an biosynthesis
Amino sugar and
nucleotide sugar
metabolism|Peptidoglyc
an biosynthesis
Amino sugar and
nucleotide sugar
metabolism|Peptidoglyc
an biosynthesis
Amino sugar and
nucleotide sugar
metabolism|Starch and
sucrose metabolism
Aminoacyl-tRNA
biosynthesis|Valine,
leucine and isoleucine
biosynthesis
Aminoacyl-tRNA
biosynthesis|Valine,
leucine and isoleucine

-1000

1000

1.1.1.271

-1000

1000

2.7.1.1|2.7.1.4

-1000

1000

2.7.1.6

-1000

1000

5.1.3.2

-1000

1000

2.7.7.12

-1000

1000

2.7.7.9

-1000

1000

5.3.1.9

-1000

1000

2.5.1.7

-1000

1000

1.3.1.98

-1000

1000

1.3.1.98

-1000

1000

2.7.7.27

-1000

1000

6.1.1.4

-1000

1000

6.1.1.9

isoleucine-tRNA ligase

glutamate 5-kinase

acetylglutamate kinase
amino-acid Nacetyltransferase
arginine decarboxylase
arginine deiminase
putrescine
aminotransferase
Pyrroline formation
pyrroline-5-carboxylate
reductase
pyrroline-5-carboxylate
reductase
(S)-1-Pyrroline-5carboxylate formation
ornithine
carbamoyltransferase
agmatinase
glutamate Nacetyltransferase
acetylornithine
transaminase
cytosine deaminase
pyrroline-5-carboxylate
reductase
pyrroline-5-carboxylate
reductase
glutamate-5semialdehyde
dehydrogenase
N-acetyl-gammaglutamyl-phosphate
reductase

	
  

tRNA(Val)[c]

biosynthesis

ATP[c] + L-Isoleucine[c] +
tRNA(Ile)[c] <=> AMP[c] +
Diphosphate[c] + L-IsoleucyltRNA(Ile)[c]
L-Glutamate[c] + ATP[c] <=>
ADP[c] + L-Glutamyl 5phosphate[c]
ATP[c] + N-Acetyl-Lglutamate[c] <=> ADP[c] + NAcetyl-L-glutamate 5phosphate[c]
L-Glutamate[c] + Acetyl-CoA[c]
<=> CoA[c] + N-Acetyl-Lglutamate[c]
L-Arginine[c] <=> CO2[c] +
Agmatine[c]
H2O[c] + L-Arginine[c] <=>
Ammonia[c] + L-Citrulline[c]
2-Oxoglutarate[c] + Putrescine[c]
<=> L-Glutamate[c] + 4Aminobutanal[c]
4-Aminobutanal[c] => H2O[c] +
1-Pyrroline[c]
NAD[c] + L-Proline[c] <=>
H+[c] + NADH[c] + (S)-1Pyrroline-5-carboxylate[c]
NADP[c] + L-Proline[c] <=>
H+[c] + NADPH[c] + (S)-1Pyrroline-5-carboxylate[c]
L-Glutamate 5-semialdehyde[c]
<=> (S)-1-Pyrroline-5carboxylate[c] + H2O[c]
Carbamoyl phosphate[c] + LOrnithine[c] <=> L-Citrulline[c]
+ Orthophosphate[c]
H2O[c] + Agmatine[c] <=>
Putrescine[c] + Urea[c]
L-Glutamate[c] + NAcetylornithine[c] <=> N-AcetylL-glutamate[c] + L-Ornithine[c]
2-Oxoglutarate[c] + NAcetylornithine[c] <=> LGlutamate[c] + N-Acetyl-Lglutamate 5-semialdehyde[c]
H2O[c] + Creatinine[c] <=>
Ammonia[c] + NMethylhydantoin[c]
NAD[c] + trans-4-Hydroxy-Lproline[c] <=> H+[c] + NADH[c]
+ L-1-Pyrroline-3-hydroxy-5carboxylate[c]
NADP[c] + trans-4-Hydroxy-Lproline[c] <=> H+[c] +
NADPH[c] + L-1-Pyrroline-3hydroxy-5-carboxylate[c]
Orthophosphate[c] + NADP[c] +
L-Glutamate 5-semialdehyde[c]
<=> H+[c] + NADPH[c] + LGlutamyl 5-phosphate[c]
Orthophosphate[c] + NADP[c] +
N-Acetyl-L-glutamate 5semialdehyde[c] <=> H+[c] +
NADPH[c] + N-Acetyl-L-

Ccel_1855

Aminoacyl-tRNA
biosynthesis|Valine,
leucine and isoleucine
biosynthesis

-1000

1000

6.1.1.5

Ccel_2877

Arginine and proline
metabolism

-1000

1000

2.7.2.11

Ccel_2911

Arginine and proline
metabolism

-1000

1000

2.7.2.8

Ccel_2098

Arginine and proline
metabolism

-1000

1000

2.3.1.1

-1000

1000

4.1.1.19

-1000

1000

3.5.3.6

Ccel_1119
Ccel_3384

Arginine and proline
metabolism
Arginine and proline
metabolism

Ccel_1814

Arginine and proline
metabolism

-1000

1000

2.6.1.82

spontaneous

Arginine and proline
metabolism

0

1000

spontaneous

Ccel_1755

Arginine and proline
metabolism

-1000

0

1.5.1.2

Ccel_1755

Arginine and proline
metabolism

-1000

0

1.5.1.2

spontaneous

Arginine and proline
metabolism

-1000

1000

spontaneous

Ccel_2915

Arginine and proline
metabolism

-1000

1000

2.1.3.3

Ccel_2434

Arginine and proline
metabolism

-1000

1000

3.5.3.11

Ccel_2098

Arginine and proline
metabolism

-1000

1000

2.3.1.35

Ccel_1612
or
Ccel_2912

Arginine and proline
metabolism

-1000

1000

2.6.1.11

Ccel_0909

Arginine and proline
metabolism

-1000

1000

3.5.4.1

Ccel_1755

Arginine and proline
metabolism

-1000

1000

1.5.1.2

Ccel_1755

Arginine and proline
metabolism

-1000

1000

1.5.1.2

Ccel_2594

Arginine and proline
metabolism

-1000

1000

1.2.1.41

Ccel_2910

Arginine and proline
metabolism

-1000

1000

1.2.1.38
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glutamate 5-phosphate[c]
monoamine oxidase

4-hydroxyglutamate
transaminase
carboxyspermidine
decarboxylase
carboxynorspermidine
decarboxylase

H2O[c] + Oxygen[c] + NAcetylputrescine[c] <=>
Ammonia[c] + H2O2[c] + N4Acetylaminobutanal[c]
2-Oxoglutarate[c] + L-erythro-4Hydroxyglutamate[c] <=> LGlutamate[c] + D-4-Hydroxy-2oxoglutarate[c]
Carboxyspermidine[c] <=>
CO2[c] + Spermidine[c]
Carboxynorspermidine[c] <=>
CO2[c] + Bis(3aminopropyl)amine[c]

Ccel_1778

Arginine and proline
metabolism

0

0

1.4.3.4

Ccel_1965

Arginine and proline
metabolism

-1000

1000

2.6.1.1|2.6.1.23

Ccel_1129

Arginine and proline
metabolism

-1000

1000

4.1.1.96

Ccel_1129

Arginine and proline
metabolism

-1000

1000

4.1.1.96

-1000

1000

4.1.1.50

-1000

1000

4.1.3.16

0

1000

3.5.1.5

adenosylmethionine
decarboxylase

H+[c] + S-Adenosyl-Lmethionine[c] <=> CO2[c] + SAdenosylmethioninamine[c]

Ccel_1092

4-hydroxy-2-oxoglutarate
aldolase

D-4-Hydroxy-2-oxoglutarate[c]
<=> Pyruvate[c] + Glyoxylate[c]

Ccel_1672
or
Ccel_3192

urease
spermidine synthase

carboxyspermidine:NAD
P+ oxidoreductase

biotin-[acetyl-CoA
carboxylase] synthetase

adenosylmethionine-8amino-7-oxononanoate
transaminase

biotin synthase

3-hydroxybutyryl-CoA
dehydrogenase
acetaldehyde
dehydrogenase
(acetylating)
(S)-3-hydroxybutanoylCoA hydro-lyase
butanoyl-CoA:NAD+
trans-2-oxidoreductase
Unassigned
cellulase|mannan endo1,4-beta-mannosidase

	
  

H2O[c] + H+[c] + Urea[c] <=>
(2) Ammonia[c] + CO2[c]
S-Adenosylmethioninamine[c] +
Putrescine[c] <=> 5'Methylthioadenosine[c] +
Spermidine[c]
Putrescine[c] + L-Aspartate 4semialdehyde[c] + NADPH[c] +
H+[c] <=> Carboxyspermidine[c]
+ H2O[c] + NADP+[c]
ATP[c] + Biotin[c] + Biotincarboxyl-carrier protein[c] <=>
AMP[c] + Diphosphate[c] +
Biotinylated biotin-carboxylcarrier protein[c]
S-Adenosyl-L-methionine[c] + 8Amino-7-oxononanoate[c] <=> SAdenosyl-4-methylthio-2oxobutanoate[c] + 7,8Diaminononanoate[c]
2 H+[c] + 2 S-Adenosyl-Lmethionine[c] + Dethiobiotin[c]
<=> Biotin[c] + 2 LMethionine[c] + 2 5'Deoxyadenosine[c]
NADP[c] + (S)-3Hydroxybutanoyl-CoA[c] <=>
H+[c] + NADPH[c] +
Acetoacetyl-CoA[c]
NAD[c] + CoA[c] + Butanal[c]
<=> H+[c] + NADH[c] +
Butanoyl-CoA[c]
(S)-3-Hydroxybutanoyl-CoA[c]
<=> H2O[c] + Crotonoyl-CoA[c]
Crotonoyl-CoA[c] + NADH[c] +
H+[c] <=> Butanoyl-CoA[c] +
NAD+[c]
NADH[c] + H[c] + Butanal[c]
<=> NAD[c] + 1-Butanol[c]
Cellulose[z] + H2O[z] => 0.25 DGlucose[z] + 0.25 Cellobiose[z] +
0.25 Cellotriose[z] + 0.25

Unassigned

Arginine and proline
metabolism|Cysteine
and methionine
metabolism
Arginine and proline
metabolism|Glyoxylate
and dicarboxylate
metabolism
Arginine and proline
metabolism

Unassigned

Arginine and proline
metabolism

-1000

1000

2.5.1.16

Unassigned

Arginine and proline
metabolism

-1000

1000

1.5.1.43

Ccel_0134

Biotin metabolism

0

1000

6.3.4.15

Ccel_3259

Biotin metabolism

-1000

1000

2.6.1.62

Ccel_3189
and
Ccel_2197

Biotin metabolism

-1000

1000

2.8.1.6

Ccel_0986

Butanoate metabolism

-1000

1000

1.1.1.157

Ccel_3198

Butanoate metabolism

-1000

1000

1.2.1.10

Unassigned

Butanoate metabolism

-1000

1000

4.2.1.17

Ccel_2273

Butanoate metabolism

0

1000

1.3.1.44

Ccel_3337

Butanoate metabolism

0

1000

1.1.1.-

Ccel_0729
and
Ccel_0730

Cellulolysis (Cellulose
Breakdown)

0

1000

3.2.1.4|3.2.1.|3.2.1.78|4.2.2.-
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Cellotetraose[z]

beta-glucosidase

H2O[c] + Cellobiose[c] => 2 DGlucose[c]

cellulase|mannan endo1,4-beta-mannosidase

H2O[z] + Cellobiose[z] => 2 DGlucose[z]

beta-glucosidase

H2O[c] + Cellotriose[c] =>
Cellobiose[c] + D-Glucose[c]

cellulase|mannan endo1,4-beta-mannosidase

H2O[z] + Cellotriose[z] => DGlucose[z] + Cellobiose[z]

	
  

and
Ccel_0731
and
Ccel_0732
and
Ccel_0734
and
Ccel_0735
and
Ccel_0736
and
Ccel_0737
and
Ccel_0739
and
Ccel_0740
Ccel_0203
and
Ccel_0374
and
Ccel_1139
and
Ccel_2454
and
Ccel_3410
Ccel_0729
and
Ccel_0730
and
Ccel_0731
and
Ccel_0732
and
Ccel_0734
and
Ccel_0735
and
Ccel_0736
and
Ccel_0737
and
Ccel_0739
and
Ccel_0740
Ccel_0203
and
Ccel_0374
and
Ccel_1139
and
Ccel_2454
and
Ccel_3410
Ccel_0729
and
Ccel_0730
and
Ccel_0731
and
Ccel_0732
and
Ccel_0734
and
Ccel_0735
and

214

Cellulolysis
(Cellodextrins
Breakdown)|Starch and
sucrose metabolism

0

1000

3.2.1.21

Cellulolysis
(Cellodextrins
Breakdown)

0

1000

3.2.1.4|3.2.1.|3.2.1.78|4.2.2.-

Cellulolysis
(Cellodextrins
Breakdown)|Starch and
sucrose metabolism

0

1000

3.2.1.21

Cellulolysis
(Cellodextrins
Breakdown)

0

1000

3.2.1.4|3.2.1.|3.2.1.78|4.2.2.-

beta-glucosidase

H2O[c] + Cellotetraose[c] => DGlucose[c] + Cellotriose[c]

cellulose|mannan endo1,4-beta-mannosidase

H2O[z] + Cellotetraose[z] => DGlucose[z] + Cellotriose[z]

cellobiose phosphorylase
cellodextrin
phosphorylase
cellodextrin
phosphorylase
fumarate hydratase
isocitrate dehydrogenase
(NADP+)
isocitrate dehydrogenase
(NADP+)

Orthophosphate[c] +
Cellobiose[c] <=> D-Glucose 1phosphate[c] + D-Glucose[c]
Orthophosphate[c] +
Cellotriose[c] <=> D-Glucose 1phosphate[c] + Cellobiose[c]
Orthophosphate[c] +
Cellotetraose[c] <=> D-Glucose
1-phosphate[c] + Cellotriose[c]
L-Malate[c] <=> H2O[c] +
Fumarate[c]
NADP[c] + Isocitrate[c] <=>
H+[c] + NADPH[c] +
Oxalosuccinate[c]
Oxalosuccinate[c] <=> 2Oxoglutarate[c] + CO2[c]

Ccel_0736
and
Ccel_0737
and
Ccel_0739
and
Ccel_0740
Ccel_0203
and
Ccel_0374
and
Ccel_1139
and
Ccel_2454
and
Ccel_3410
Ccel_0729
and
Ccel_0730
and
Ccel_0731
and
Ccel_0732
and
Ccel_0734
and
Ccel_0735
and
Ccel_0736
and
Ccel_0737
and
Ccel_0739
and
Ccel_0740

Cellulolysis
(Cellodextrins
Breakdown)|Starch and
sucrose metabolism

0

1000

3.2.1.21

Cellulolysis
(Cellodextrins
Breakdown)

0

1000

3.2.1.4|3.2.1.|3.2.1.78|4.2.2.-

Unassigned

Cellulolysis|Starch and
sucrose metabolism

-1000

1000

2.4.1.20

Unassigned

Cellulolysis|Starch and
sucrose metabolism

-1000

1000

2.4.1.49

Unassigned

Cellulolysis|Starch and
sucrose metabolism

-1000

1000

2.4.1.49

Ccel_2421
and
Ccel_2422

Citrate cycle (TCA
cycle)

-1000

1000

4.2.1.2

Ccel_2576

Citrate cycle (TCA
cycle)

-1000

1000

1.1.1.42

Ccel_2576

Citrate cycle (TCA
cycle)

-1000

1000

1.1.1.42

Ccel_0553
and
Ccel_0554
and
Ccel_0555
and
Ccel_0556

Citrate cycle (TCA
cycle)

-1000

1000

1.2.7.3

-1000

1000

4.1.1.32

-1000

1000

4.1.1.32

2-oxoglutarate synthase

(2) H+[c] + CO2[c] + (2)
Reduced ferredoxin[c] +
Succinyl-CoA[c] <=> 2Oxoglutarate[c] + CoA[c] + (2)
Oxidized ferredoxin[c]

phosphoenolpyruvate
carboxykinase (GTP)

Oxaloacetate[c] + GTP[c] <=>
CO2[c] + GDP[c] +
Phosphoenolpyruvate[c]

Ccel_0212

phosphoenolpyruvate
carboxykinase (GTP)

Oxaloacetate[c] + ITP[c] <=>
CO2[c] +

Ccel_0212
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Citrate cycle (TCA
cycle)|Glycolysis /
Gluconeogenesis|Pyruv
ate metabolism
Citrate cycle (TCA
cycle)|Glycolysis /

Phosphoenolpyruvate[c] + IDP[c]

aconitate hydratase

Citrate[c] <=> H2O[c] + cisAconitate[c]

Ccel_2176

citrate (Si)-synthase

CoA[c] + Citrate[c] <=> H2O[c]
+ Oxaloacetate[c] + AcetylCoA[c]

Ccel_2571

aconitate hydratase

Isocitrate[c] <=> H2O[c] + cisAconitate[c]

Ccel_2176

malate dehydrogenase
D-malate dehydrogenase
(decarboxylating)

beta-glucosidase

glycine hydroxyl
methyltransferase

S-methyl-5-thioribose
kinase
methionine
adenosyltransferase

DNA (cytosine-5-)methyltransferase

adenosylhomocysteinase
adenosylhomocysteine
nucleosidase
cystathionine beta-lyase
L-Cysteine:2oxoglutarate
aminotransferase
adenosylhomocysteine
nucleosidase

	
  

NAD[c] + L-Malate[c] <=>
NADH[c] + H+[c] +
Oxaloacetate[c]
NAD[c] + D-Malate[c] <=>
H+[c] + CO2[c] + NADH[c] +
Pyruvate[c]

H2O[c] + Cyanoglycoside[c] <=>
D-Glucose[c] + Cyanohydrin[c]

H2O[c] + Glycine[c] + 5,10Methylenetetrahydrofolate[c] <=>
L-Serine[c] + Tetrahydrofolate[c]
ATP[c] + 5-Methylthio-Dribose[c] <=> ADP[c] + SMethyl-5-thio-D-ribose 1phosphate[c]
Diphosphate[c] +
Orthophosphate[c] + S-AdenosylL-methionine[c] <=> H2O[c] +
ATP[c] + L-Methionine[c]
S-Adenosyl-L-methionine[c] +
DNA cytosine[c] <=> SAdenosyl-L-homocysteine[c] +
DNA 5-methylcytosine[c]
H2O[c] + S-Adenosyl-Lhomocysteine[c] <=>
Adenosine[c] + LHomocysteine[c]
H2O[c] + S-Adenosyl-Lhomocysteine[c] <=> S-RibosylL-homocysteine[c] + Adenine[c]
H2O[c] + L-Cysteine[c] <=>
Ammonia[c] + Pyruvate[c] +
Hydrogen sulfide[c]
2-Oxoglutarate[c] + L-Cysteine[c]
<=> Mercaptopyruvate[c] + DLGlutamate[c]
H2O[c] + 5'Methylthioadenosine[c] <=> 5Methylthio-D-ribose[c] +
Adenine[c]

Gluconeogenesis|Pyruv
ate metabolism
Citrate cycle (TCA
cycle)|Glyoxylate and
dicarboxylate
metabolism
Citrate cycle (TCA
cycle)|Glyoxylate and
dicarboxylate
metabolism
Citrate cycle (TCA
cycle)|Glyoxylate and
dicarboxylate
metabolism

-1000

1000

4.2.1.3

-1000

0

2.3.3.1

-1000

1000

4.2.1.3

Ccel_0137

Citrate cycle (TCA
Cycle)

-1000

0

1.1.1.37

Ccel_2567

Citrate cycle (TCA
Cycle)

-1000

1000

1.1.1.83

Ccel_0203
and
Ccel_0374
and
Ccel_1139
and
Ccel_2454
and
Ccel_3410

Cyanoamino acid
metabolism

-1000

1000

3.2.1.21

Ccel_1680

Cyanoamino acid
metabolism|Glycine,
serine and threonine
metabolism|Methane
metabolism|One carbon
pool by folate

-1000

1000

2.1.2.1

Ccel_1288

Cysteine and
methionine metabolism

-1000

1000

2.7.1.100

Ccel_0087
or
Ccel_2843

Cysteine and
methionine metabolism

-1000

0

2.5.1.6

Ccel_2549
or
Ccel_2841
or
Ccel_2867

Cysteine and
methionine metabolism

-1000

1000

2.1.1.37

Ccel_2168

Cysteine and
methionine metabolism

-1000

1000

3.3.1.1

Ccel_1358

Cysteine and
methionine metabolism

-1000

1000

3.2.2.9

Ccel_3185

Cysteine and
methionine metabolism

0

1000

4.4.1.8

Ccel_1965

Cysteine and
methionine metabolism

-1000

1000

2.6.1.1|2.6.1.3

Ccel_1358

Cysteine and
methionine metabolism

-1000

1000

3.2.2.9
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cystathionine beta-lyase
L-cysteate:2-oxoglutarate
aminotransferase
3-sulfino-L-alanine:2oxoglutarate
aminotransferase

cysteine synthase

O-acetylhomoserine
aminocarboxypropyltrans
ferase
S-methyl-5-thioribose-1phosphate isomerase
L-lactate dehydrogenase

H2O[c] + L-Cystine[c] <=>
Ammonia[c] + Pyruvate[c] +
Thiocysteine[c]
2-Oxoglutarate[c] + L-Cysteate[c]
<=> L-Glutamate[c] + 3Sulfopyruvate[c]
2-Oxoglutarate[c] + 3-Sulfino-Lalanine[c] <=> L-Glutamate[c] +
3-Sulfinylpyruvate[c]

H+[c] + O-Acetyl-L-serine[c] +
Thiosulfate[c] + Thioredoxin[c]
<=> L-Cysteine[c] + Sulfite[c] +
Thioredoxin disulfide[c] +
Acetate[c]

Hydrogen sulfide[c] + O-AcetylL-homoserine[c] <=> LHomocysteine[c] + Acetate[c]
S-Methyl-5-thio-D-ribose 1phosphate[c] <=> S-Methyl-5thio-D-ribulose 1-phosphate[c]
NAD[c] + 3-Mercaptolactate[c]
<=> H+[c] + NADH[c] +
Mercaptopyruvate[c]

Ccel_3185

Cysteine and
methionine metabolism

-1000

1000

4.4.1.8

Ccel_1965

Cysteine and
methionine metabolism

-1000

1000

2.6.1.1

Ccel_1965

Cysteine and
methionine metabolism

-1000

1000

2.6.1.1

Cysteine and
methionine metabolism

-1000

1000

2.5.1.47|2.5.1.49

Cysteine and
methionine metabolism

-1000

1000

2.5.1.49

Ccel_1289

Cysteine and
methionine metabolism

-1000

1000

5.3.1.23

Ccel_2485

Cysteine and
methionine metabolism

-1000

1000

1.1.1.27

0

1000

2.7.2.4

-1000

1000

1.1.1.3

-1000

1000

1.1.1.3

-1000

0

1.2.1.11

-1000

1000

4.4.1.8

-1000

1000

2.1.1.13

-1000

1000

2.1.1.10

-1000

1000

2.3.1.30

(Ccel_0413
and
Ccel_3186
and
Ccel_1962)
or
(Ccel_0413
and
Ccel_3186
and
Ccel_3332)
Ccel_1962
or
Ccel_3332

aspartate kinase

L-Aspartate[c] + ATP[c] <=>
ADP[c] + 4-Phospho-Laspartate[c]

Ccel_0524
or
Ccel_0528

homoserine
dehydrogenase

NAD[c] + L-Homoserine[c] <=>
H+[c] + NADH[c] + L-Aspartate
4-semialdehyde[c]

Ccel_1452

homoserine
dehydrogenase

NADP[c] + L-Homoserine[c] <=>
H+[c] + NADPH[c] + LAspartate 4-semialdehyde[c]

Ccel_1452

aspartate-semialdehyde
dehydrogenase

Orthophosphate[c] + NADP[c] +
L-Aspartate 4-semialdehyde[c]
<=> H+[c] + NADPH[c] + 4Phospho-L-aspartate[c]

Ccel_2591

cystathionine beta-lyase

methionine synthase

homocysteine Smethyltransferase
serine O-

	
  

H2O[c] + L-Cystathionine[c] <=>
Ammonia[c] + Pyruvate[c] + LHomocysteine[c]
L-Homocysteine[c] + 5Methyltetrahydrofolate[c] <=> LMethionine[c] +
Tetrahydrofolate[c]
S-Adenosyl-L-methionine[c] + LHomocysteine[c] <=> SAdenosyl-L-homocysteine[c] + LMethionine[c] + H+[c]
Acetyl-CoA[c] + L-Serine[c] <=>

Ccel_3185
Ccel_1861
or
Ccel_2473
Ccel_2474
Ccel_3325
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Cysteine and
methionine
metabolism|Glycine,
serine and threonine
metabolism|Lysine
biosynthesis
Cysteine and
methionine
metabolism|Glycine,
serine and threonine
metabolism|Lysine
biosynthesis
Cysteine and
methionine
metabolism|Glycine,
serine and threonine
metabolism|Lysine
biosynthesis
Cysteine and
methionine
metabolism|Glycine,
serine and threonine
metabolism|Lysine
biosynthesis
Cysteine and
methionine metabolism
Cysteine and
methionine
metabolism|One carbon
pool by folate
Cysteine and
methionine
metabolism|One carbon
pool by folate
Cysteine and

acetyltransferase

CoA[c] + O-Acetyl-L-serine[c]

homoserine Osuccinyltransferase

Succinyl-CoA[c] + LHomoserine[c] <=> CoA[c] + OSuccinyl-L-homoserine[c]

Ccel_3331

Cysteine and
methionine metabolism

0

1000

2.3.1.46

cysteine synthase

Hydrogen sulfide[c] + O-AcetylL-serine[c] <=> L-Cysteine[c] +
Acetate[c] + H+[c]

Ccel_0413
and
Ccel_3186

Cysteine and
methionine
metabolism|Sulfur
metabolism

0

1000

2.5.1.47

cystathionine gammasynthase

O-Succinyl-L-homoserine[c] + LCysteine[c] <=> LCystathionine[c] + Succinate[c] +
H+[c]

Ccel_3332

Cysteine and
methionine metabolism

-1000

1000

2.5.1.48

Unassigned

O-Succinyl-L-homoserine[c] +
Hydrogen sulfide[c] <=> LHomocysteine[c] + Succinate[c]

-1000

1000

Unassigned

-1000

1000

5.1.1.1

-1000

1000

6.3.2.4

-1000

1000

5.1.1.3

-1000

1000

6.3.2.8

-1000

1000

6.3.2.9

Fatty acid biosynthesis

0

1000

6.3.4.14

Fatty acid biosynthesis

-1000

1000

6.4.1.2

Fatty acid biosynthesis

-1000

1000

2.3.1.39

Fatty acid biosynthesis

-1000

1000

2.3.1.180

Fatty acid biosynthesis

-1000

1000

2.3.1.180

alanine racemase
D-alanine-D-alanine
ligase
glutamate racemase
UDP-N-acetylmuramateL-alanine ligase
UDP-N-acetylmuramoylL-alanine-D-glutamate
ligase

biotin carboxylase

acetyl-CoA carboxylase

L-Alanine[c] <=> D-Alanine[c]
ATP[c] + 2 D-Alanine[c] <=>
ADP[c] + Orthophosphate[c] +
D-Alanyl-D-alanine[c]
L-Glutamate[c] <=> DGlutamate[c]
ATP[c] + UDP-MurNAc[c] + LAlanine[c] <=> ADP[c] +
Orthophosphate[c] + UDPMurNAc-L-Ala[c]
ATP[c] + D-Glutamate[c] +
UDP-MurNAc-L-Ala[c] <=>
ADP[c] + Orthophosphate[c] +
UDP-MurNAc-L-Ala-D-Glu[c]
ATP[c] + Bicarbonate[c] +
Biotinylated biotin-carboxylcarrier protein[c] <=> ADP[c] +
Orthophosphate[c] +
Carboxylated-Biotinylated biotincarboxyl-carrier protein[c]
Acetyl-CoA[c] + CarboxylatedBiotinylated biotin-carboxylcarrier protein[c] <=> MalonylCoA[c] + Biotinylated biotincarboxyl-carrier protein[c]

[acyl-carrier-protein] Smalonyltransferase

Acyl-carrier-protein[c] +
Malonyl-CoA[c] <=> CoA[c] +
Malonyl-acp[c]

beta-ketoacyl-acylcarrier-protein synthase
III

Acetyl-CoA[c] + Acyl-carrierprotein[c] <=> CoA[c] + Acetylacp[c]

beta-ketoacyl-acylcarrier-protein synthase
III

Acetyl-acp[c] + Malonyl-acp[c]
<=> CO2[c] + Acyl-carrierprotein[c] + Acetoacetyl-acp[c]

	
  

methionine
metabolism|Sulfur
metabolism

Unassigned
Ccel_2926
Ccel_0283
Ccel_3402
Ccel_3096

Ccel_1726

Ccel_0934

Ccel_0934
and
Ccel_0935
and
Ccel_0936
Ccel_0683
or
Ccel_0975
or
Ccel_2328
or
Ccel_2380
Ccel_0682
or
Ccel_1215
or
Ccel_1628
or
Ccel_2885
or
Ccel_2887
Ccel_0682
or
Ccel_1215
or
Ccel_1628
or
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Cysteine and
methionine
metabolism|Sulfur
metabolism
D-Alanine metabolism
D-Alanine
metabolism|Peptidoglyc
an biosynthesis
D-Glutamine and Dglutamate metabolism
D-Glutamine and Dglutamate
metabolism|Peptidoglyc
an biosynthesis
D-Glutamine and Dglutamate
metabolism|Peptidoglyc
an biosynthesis

Ccel_2885
or
Ccel_2887
beta-ketoacyl-acylcarrier-protein synthase
II
beta-ketoacyl-acylcarrier-protein synthase
II
beta-ketoacyl-acylcarrier-protein synthase
II
beta-ketoacyl-acylcarrier-protein synthase
II
beta-ketoacyl-acylcarrier-protein synthase
II
beta-ketoacyl-acylcarrier-protein synthase
II
beta-ketoacyl-acylcarrier-protein synthase
II
3-oxoacyl-[acyl-carrierprotein] reductase
3-oxoacyl-[acyl-carrierprotein] reductase
3-oxoacyl-[acyl-carrierprotein] reductase
3-oxoacyl-[acyl-carrierprotein] reductase
3-oxoacyl-[acyl-carrierprotein] reductase
3-oxoacyl-[acyl-carrierprotein] reductase
3-oxoacyl-[acyl-carrierprotein] reductase
3-oxoacyl-[acyl-carrierprotein] reductase
3-hydroxyacyl-[acylcarrier-protein]

	
  

Malonyl-acp[c] + Butyryl-acp[c]
<=> CO2[c] + Acyl-carrierprotein[c] + 3-Oxohexanoylacp[c]
Malonyl-acp[c] + Hexanoylacp[c] <=> CO2[c] + Acylcarrier-protein[c] + 3Oxooctanoyl-acp[c]
Malonyl-acp[c] + Octanoyl-acp[c]
<=> CO2[c] + Acyl-carrierprotein[c] + 3-Oxodecanoylacp[c]
Malonyl-acp[c] + Decanoylacp[c] <=> CO2[c] + Acylcarrier-protein[c] + 3Oxododecanoyl-acp[c]
Malonyl-acp[c] + Dodecanoylacp[c] <=> CO2[c] + Acylcarrier-protein[c] + 3Oxotetradecanoyl-acp[c]
Malonyl-acp[c] + Tetradecanoylacp[c] <=> CO2[c] + Acylcarrier-protein[c] + 3Oxohexadecanoyl-acp[c]
Malonyl-acp[c] + Hexadecanoylacp[c] <=> CO2[c] + Acylcarrier-protein[c] + 3Oxostearoyl-acp[c]
NADP[c] + 3R-3Hydroxybutanoyl-acp[c] <=>
H+[c] + NADPH[c] +
Acetoacetyl-acp[c]
NADP[c] + (R)-3Hydroxyhexanoyl-acp[c] <=>
H+[c] + NADPH[c] + 3Oxohexanoyl-acp[c]
NADP[c] + 3R-3Hydroxyoctanoyl-acp[c] <=>
H+[c] + NADPH[c] + 3Oxooctanoyl-acp[c]
NADP[c] + 3R-3Hydroxydecanoyl-acp[c] <=>
H+[c] + NADPH[c] + 3Oxodecanoyl-acp[c]
NADP[c] + (R)-3Hydroxydodecanoyl-acp[c] <=>
H+[c] + NADPH[c] + 3Oxododecanoyl-acp[c]
NADP[c] + 3R-3Hydroxytetradecanoyl-acp[c] <=>
H+[c] + NADPH[c] + 3Oxotetradecanoyl-acp[c]
NADP[c] + 3R-3Hydroxypalmitoyl-acp[c] <=>
H+[c] + NADPH[c] + 3Oxohexadecanoyl-acp[c]
NADP[c] + 3Hydroxyoctadecanoyl-acp[c] <=>
H+[c] + NADPH[c] + 3Oxostearoyl-acp[c]
3R-3-Hydroxybutanoyl-acp[c]
<=> But-2-enoyl-acp[c] + H2O[c]

Ccel_0686

Fatty acid biosynthesis

-1000

1000

2.3.1.179

Ccel_0686

Fatty acid biosynthesis

-1000

1000

2.3.1.179

Ccel_0686

Fatty acid biosynthesis

-1000

1000

2.3.1.179

Ccel_0686

Fatty acid biosynthesis

-1000

1000

2.3.1.179

Ccel_0686

Fatty acid biosynthesis

-1000

1000

2.3.1.179

Ccel_0686

Fatty acid biosynthesis

-1000

1000

2.3.1.179

Ccel_0686

Fatty acid biosynthesis

-1000

1000

2.3.1.179

Ccel_0684
or
Ccel_2089

Fatty acid biosynthesis

-1000

1000

1.1.1.100

Ccel_0684
or
Ccel_2089

Fatty acid biosynthesis

-1000

1000

1.1.1.100

Ccel_0684
or
Ccel_2089

Fatty acid biosynthesis

-1000

1000

1.1.1.100

Ccel_0684
or
Ccel_2089

Fatty acid biosynthesis

-1000

1000

1.1.1.100

Ccel_0684
or
Ccel_2089

Fatty acid biosynthesis

-1000

1000

1.1.1.100

Ccel_0684
or
Ccel_2089

Fatty acid biosynthesis

-1000

1000

1.1.1.100

Ccel_0684
or
Ccel_2089

Fatty acid biosynthesis

-1000

1000

1.1.1.100

Ccel_0684
or
Ccel_2089

Fatty acid biosynthesis

-1000

1000

1.1.1.100

Ccel_3097

Fatty acid biosynthesis

-1000

1000

4.2.1.59
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dehydratase
3-hydroxyacyl-[acylcarrier-protein]
dehydratase
3-hydroxyacyl-[acylcarrier-protein]
dehydratase
3-hydroxyacyl-[acylcarrier-protein]
dehydratase
3-hydroxyacyl-[acylcarrier-protein]
dehydratase
3-hydroxyacyl-[acylcarrier-protein]
dehydratase
3-hydroxyacyl-[acylcarrier-protein]
dehydratase
3-hydroxyacyl-[acylcarrier-protein]
dehydratase

(R)-3-Hydroxyhexanoyl-acp[c]
<=> trans-Hex-2-enoyl-acp[c] +
H2O[c]
3R-3-Hydroxyoctanoyl-acp[c]
<=> trans-Oct-2-enoyl-acp[c] +
H2O[c]
3R-3-Hydroxydecanoyl-acp[c]
<=> trans-Dec-2-enoyl-acp[c] +
H2O[c]
(R)-3-Hydroxydodecanoyl-acp[c]
<=> trans-Dodec-2-enoyl-acp[c]
+ H2O[c]
3R-3-Hydroxytetradecanoylacp[c] <=> trans-Tetradec-2enoyl-acp[c] + H2O[c]
3R-3-Hydroxypalmitoyl-acp[c]
<=> trans-Hexadec-2-enoylacp[c] + H2O[c]
3-Hydroxyoctadecanoyl-acp[c]
<=> trans-Octadec-2-enoyl-acp[c]
+ H2O[c]
But-2-enoyl-acp[c] + NADH[c] +
H+[c] <=> Butyryl-acp[c] +
NAD[c]
trans-Hex-2-enoyl-acp[c] +
NADH[c] + H+[c] <=>
Hexanoyl-acp[c] + NAD[c]
trans-Oct-2-enoyl-acp[c] +
NADH[c] + H+[c] <=> Octanoylacp[c] + NAD[c]
trans-Dec-2-enoyl-acp[c] +
NADH[c] + H+[c] <=>
Decanoyl-acp[c] + NAD[c]
trans-Dodec-2-enoyl-acp[c] +
NADH[c] + H+[c] <=>
Dodecanoyl-acp[c] + NAD[c]
trans-Tetradec-2-enoyl-acp[c] +
NADH[c] + H+[c] <=>
Tetradecanoyl-acp[c] + NAD[c]
trans-Hexadec-2-enoyl-acp[c] +
NADH[c] + H+[c] <=>
Hexadecanoyl-acp[c] + NAD[c]
trans-Octadec-2-enoyl-acp[c] +
NADH[c] + H+[c] <=>
Octadecanoyl-acp[c] + NAD[c]
Hexadecanoyl-acp[c] + H2O[c]
<=> Acyl-carrier-protein[c] +
Hexadecanoic acid[c]

Ccel_3097

Fatty acid biosynthesis

-1000

1000

4.2.1.59

Ccel_3097

Fatty acid biosynthesis

-1000

1000

4.2.1.59

Ccel_3097

Fatty acid biosynthesis

-1000

1000

4.2.1.59

Ccel_3097

Fatty acid biosynthesis

-1000

1000

4.2.1.59

Ccel_3097

Fatty acid biosynthesis

-1000

1000

4.2.1.59

Ccel_3097

Fatty acid biosynthesis

-1000

1000

4.2.1.59

Ccel_3097

Fatty acid biosynthesis

-1000

1000

4.2.1.59

Ccel_2273

Fatty acid biosynthesis

-1000

1000

1.3.1.44

Ccel_2273

Fatty acid biosynthesis

-1000

1000

1.3.1.44

Ccel_2273

Fatty acid biosynthesis

-1000

1000

1.3.1.44

Ccel_2273

Fatty acid biosynthesis

-1000

1000

1.3.1.44

Ccel_2273

Fatty acid biosynthesis

-1000

1000

1.3.1.44

Ccel_2273

Fatty acid biosynthesis

-1000

1000

1.3.1.44

Ccel_2273

Fatty acid biosynthesis

-1000

1000

1.3.1.44

Ccel_2273

Fatty acid biosynthesis

-1000

1000

1.3.1.44

Unassigned

Fatty acid biosynthesis

-1000

1000

3.1.2.14

long-chain-fatty-acidCoA ligase

ATP[c] + CoA[c] +
Hexadecanoic acid[c] <=>
AMP[c] + Diphosphate[c] +
Palmitoyl-CoA[c]

Ccel_0896
or
Ccel_1369
or
Ccel_2472

Fatty acid metabolism

-1000

1000

6.2.1.3

trans-2-decenoyl-[acylcarrier protein] isomerase

trans-Dec-2-enoyl-acp[c] <=> cis3-decenoyl-acp[c]

Unassigned

Fatty acid biosynthesis

-1000

1000

5.3.3.14

cis-3-decenoyl-acp[c] + Malonylacp[c] <=> 3-oxo-cis-5dodecenoyl-acp[c] + Acyl-carrierprotein[c] + CO2[c]

Ccel_0686
or
Ccel_0858
or
Ccel_0859
or
Ccel_0860
or

Fatty acid biosynthesis

-1000

1000

2.3.1.41

trans-2-enoyl-CoA
reductase (NAD+)
trans-2-enoyl-CoA
reductase (NAD+)
trans-2-enoyl-CoA
reductase (NAD+)
trans-2-enoyl-CoA
reductase (NAD+)
trans-2-enoyl-CoA
reductase (NAD+)
trans-2-enoyl-CoA
reductase (NAD+)
trans-2-enoyl-CoA
reductase (NAD+)
trans-2-enoyl-CoA
reductase (NAD+)
fatty-acyl-ACP hydrolase

beta-ketoacyl-acylcarrier-protein synthase I
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beta-ketoacyl-acylcarrier-protein synthase I

cis-5-dodecenoyl-acp[c] +
Malonyl-acp[c] <=> 3-oxo-cis-7tetradecenoyl-acp[c] + Acylcarrier-protein[c] + CO2[c]

beta-ketoacyl-acylcarrier-protein synthase I

cis-7-tetradecenoyl-acp[c] +
Malonyl-acp[c] <=> 3-oxo-cis-9hexadecenoyl-acp[c] + Acylcarrier-protein[c] + CO2[c]

	
  

Ccel_0861
or
Ccel_0862
or
Ccel_0863
or
Ccel_0866
or
Ccel_0867
or
Ccel_0868
or
Ccel_0976
or
Ccel_0978
or
Ccel_2330
or
Ccel_2376
or
Ccel_2377
or
Ccel_2385
Ccel_0686
or
Ccel_0858
or
Ccel_0859
or
Ccel_0860
or
Ccel_0861
or
Ccel_0862
or
Ccel_0863
or
Ccel_0866
or
Ccel_0867
or
Ccel_0868
or
Ccel_0976
or
Ccel_0978
or
Ccel_2330
or
Ccel_2376
or
Ccel_2377
or
Ccel_2385
Ccel_0686
or
Ccel_0858
or
Ccel_0859
or
Ccel_0860
or
Ccel_0861
or
Ccel_0862
or
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Fatty acid biosynthesis

-1000

1000

2.3.1.41

Fatty acid biosynthesis

-1000

1000

2.3.1.41

Ccel_0863
or
Ccel_0866
or
Ccel_0867
or
Ccel_0868
or
Ccel_0976
or
Ccel_0978
or
Ccel_2330
or
Ccel_2376
or
Ccel_2377
or
Ccel_2385
3-oxoacyl-[acyl-carrierprotein] reductase
3-oxoacyl-[acyl-carrierprotein] reductase
3-oxoacyl-[acyl-carrierprotein] reductase
3-hydroxyacyl-[acylcarrier-protein]
dehydratase
3-hydroxyacyl-[acylcarrier-protein]
dehydratase
3-hydroxyacyl-[acylcarrier-protein]
dehydratase
enoyl-[acyl-carrierprotein] reductase
(NADPH, Si-specific)
enoyl-[acyl-carrierprotein] reductase
(NADPH, Si-specific)
enoyl-[acyl-carrierprotein] reductase
(NADPH, Si-specific)
oleoyl-[acyl-carrierprotein] hydrolase
tetrahydrofolate synthase

dihydrofolate synthase

2-amino-4-hydroxy-6hydroxymethyldihydropt
eridine diphosphokinase

	
  

3-oxo-cis-5-dodecenoyl-acp[c] +
NADPH[c] + H+[c] <=> 3RHydroxy-cis-5-dodecenoyl-acp[c]
+ NAD+[c]
3-oxo-cis-7-tetradecenoyl-acp[c]
+ NADPH[c] + H+[c] <=> 3RHydroxy-cis-7-tetradecenoylacp[c] + NAD+[c]
3-oxo-cis-9-hexadecenoyl-acp[c]
+ NADPH[c] + H+[c] <=> 3RHydroxy-cis-9-hexadecenoylacp[c] + NAD+[c]
3R-Hydroxy-cis-5-dodecenoylacp[c] <=> trans-3-cis-5dodecenoyl-acp[c] + H2O[c]
3R-Hydroxy-cis-7-tetradecenoylacp[c] <=> trans-3-cis-7tetradecenoyl-acp[c] + H2O[c]
3R-Hydroxy-cis-9-hexadecenoylacp[c] <=> trans-3-cis-9hexadecenoyl-acp[c] + H2O[c]
trans-3-cis-5-dodecenoyl-acp[c] +
NADPH[c] + H+[c] <=> cis-5dodecenoyl-acp[c] + NADP+[c]
trans-3-cis-7-tetradecenoyl-acp[c]
+ NADPH[c] + H+[c] <=> cis-7tetradecenoyl-acp[c] + NADP+[c]
trans-3-cis-9-hexadecenoyl-acp[c]
+ NADPH[c] + H+[c] <=>
Palmitoleoyl-acp[c] + NADP+[c]
Palmitoleoyl-acp[c] + H2O[c]
<=> Palmitoleate[c] + Acylcarrier-protein[c] + H+[c]
L-Glutamate[c] + ATP[c] +
Tetrahydrofolate[c] <=> ADP[c]
+ Orthophosphate[c] + THF-Lglutamate[c]
L-Glutamate[c] + ATP[c] +
Dihydropteroate[c] <=> ADP[c] +
Orthophosphate[c] +
Dihydrofolate[c]
ATP[c] + 2-Amino-4-hydroxy-6hydroxymethyl-7,8dihydropteridine[c] <=> AMP[c]
+ 2-Amino-7,8-dihydro-4hydroxy-6-

Ccel_0684

Fatty acid biosynthesis

-1000

1000

1.1.1.100

Ccel_0684

Fatty acid biosynthesis

-1000

1000

1.1.1.100

Ccel_0684

Fatty acid biosynthesis

-1000

1000

1.1.1.100

Unassigned

Fatty acid biosynthesis

-1000

1000

4.2.1.59

Unassigned

Fatty acid biosynthesis

-1000

1000

4.2.1.59

Unassigned

Fatty acid biosynthesis

-1000

1000

4.2.1.59

Unassigned

Fatty acid biosynthesis

-1000

1000

1.3.1.10

Unassigned

Fatty acid biosynthesis

-1000

1000

1.3.1.10

Unassigned

Fatty acid biosynthesis

-1000

1000

1.3.1.10

Unassigned

Fatty acid biosynthesis

-1000

1000

3.1.2.14

Ccel_1447

Folate biosynthesis

-1000

1000

6.3.2.17

Ccel_1447

Folate biosynthesis

-1000

1000

6.3.2.12

Ccel_1332

Folate biosynthesis

-1000

1000

2.7.6.3
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(diphosphooxymethyl)pteridine[c]
GTP cyclohydrolase I

dihydropteroate synthase

dihydropteroate synthase

GTP cyclohydrolase I

alkaline phosphatase

GTP cyclohydrolase I

GTP cyclohydrolase I

dihydrofolate reductase
dihydrofolate reductase
dihydrofolate reductase
dihydrofolate reductase
xylose isomerase
L-iditol 2-dehydrogenase
fructose-phosphate
aldolase
L-fuculose-phosphate
aldolase

H2O[c] + GTP[c] <=>
Formamidopyrimidine nucleoside
triphosphate[c]
2-Amino-4-hydroxy-6hydroxymethyl-7,8dihydropteridine[c] + 4Aminobenzoate[c] <=> H2O[c] +
Dihydropteroate[c]
2-Amino-7,8-dihydro-4-hydroxy6(diphosphooxymethyl)pteridine[c]
+ 4-Aminobenzoate[c] <=>
Diphosphate[c] +
Dihydropteroate[c]
H2O[c] + 2-Amino-4-hydroxy-6(erythro-1,2,3trihydroxypropyl)dihydropteridin
e[c] <=> 2,5-Diamino-6-(5'triphosphoryl-3',4'-trihydroxy-2'oxopentyl)-amino-4oxopyrimidine[c]
3 H2O[c] + 2-Amino-4-hydroxy6-(erythro-1,2,3trihydroxypropyl)dihydropteridin
e[c] <=> 3 Orthophosphate[c] +
Dihydroneopterin[c]
H2O[c] + Formamidopyrimidine
nucleoside triphosphate[c] <=>
Formate[c] + 2,5Diaminopyrimidine nucleoside
triphosphate[c]
2,5-Diaminopyrimidine
nucleoside triphosphate[c] <=>
2,5-Diamino-6-(5'-triphosphoryl3',4'-trihydroxy-2'-oxopentyl)amino-4-oxopyrimidine[c]
NAD[c] + Tetrahydrofolate[c]
<=> H+[c] + NADH[c] +
Dihydrofolate[c]
NADP[c] + Tetrahydrofolate[c]
<=> H+[c] + NADPH[c] +
Dihydrofolate[c]
NAD[c] + Dihydrofolate[c] <=>
H+[c] + NADH[c] + Folate[c]
NADP[c] + Dihydrofolate[c] <=>
H+[c] + NADPH[c] + Folate[c]
D-Glucose[c] <=> D-Fructose[c]
NAD[c] + D-Sorbitol[c] <=>
H+[c] + NADH[c] + DFructose[c]
D-Fructose 1-phosphate[c] <=>
Glycerone phosphate[c] + DGlyceraldehyde[c]
L-Fuculose 1-phosphate[c] <=>
Glycerone phosphate[c] + (S)Lactaldehyde[c]

beta-galactosidase

H2O[c] + Lactose[c] <=> DGlucose[c] + D-Galactose[c]

tagatose-6-phosphate

ATP[c] + D-Tagatose 6-

	
  

Ccel_1328

Folate biosynthesis

-1000

1000

3.5.4.16

Ccel_1330

Folate biosynthesis

-1000

1000

2.5.1.15

Ccel_1330

Folate biosynthesis

-1000

1000

2.5.1.15

Ccel_1328

Folate biosynthesis

-1000

1000

3.5.4.16

Ccel_0930

Folate biosynthesis

-1000

1000

3.1.3.1

Ccel_1328

Folate biosynthesis

-1000

1000

3.5.4.16

Ccel_1328

Folate biosynthesis

-1000

1000

3.5.4.16

Ccel_1310

Folate biosynthesis|One
carbon pool by folate

-1000

1000

1.5.1.3

Ccel_1310

Folate biosynthesis|One
carbon pool by folate

-1000

1000

1.5.1.3

-1000

1000

1.5.1.3

-1000

1000

1.5.1.3

-1000

1000

5.3.1.5

Ccel_1310
Ccel_1310
Ccel_3429

Folate biosynthesis|One
carbon pool by folate
Folate biosynthesis|One
carbon pool by folate
Fructose and mannose
metabolism

Ccel_2189

Fructose and mannose
metabolism

-1000

1000

1.1.1.14

Ccel_2222
or
Ccel_2373

Fructose and mannose
metabolism

-1000

1000

4.1.2.13

Ccel_1290

Fructose and mannose
metabolism

-1000

1000

4.1.2.17

Galactose metabolism

-1000

1000

3.2.1.23

Galactose metabolism

-1000

1000

2.7.1.11|2.7.1.144

Ccel_1013
or
Ccel_1239
or
Ccel_2451
Ccel_1008
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kinase

phosphate[c] <=> ADP[c] + DTagatose 1,6-bisphosphate[c]

alpha-galactosidase

H2O[c] + Raffinose[c] <=> DGalactose[c] + Sucrose[c]

alpha-galactosidase

H2O[c] + alpha-D-Galactosyl-(1>3)-1D-myo-inositol[c] <=> DGalactose[c] + myo-Inositol[c]

alpha-galactosidase

H2O[c] + Stachyose[c] <=> DGalactose[c] + Raffinose[c]

alpha-galactosidase

H2O[c] + Melibiitol[c] <=> DSorbitol[c] + D-Galactose[c]

alpha-galactosidase

H2O[c] + Epimelibiose[c] <=> DMannose[c] + D-Galactose[c]

alpha-galactosidase

H2O[c] + 3-beta-D-Galactosylsn-glycerol[c] <=> DGalactose[c] + Glycerol[c]

alpha-galactosidase

H2O[c] + Melibiose[c] <=> DGlucose[c] + D-Galactose[c]

alpha-galactosidase

H2O[c] + D-Gal alpha 1->6D-Gal
alpha 1->6D-Glucose[c] <=> DGalactose[c] + Melibiose[c]

glutamate-cysteine ligase
isocitrate dehydrogenase
(NADP+)
glycerone kinase
glycerol dehydrogenase
glycerol 2dehydrogenase (NADP+)

glycerate kinase

	
  

L-Glutamate[c] + ATP[c] + LCysteine[c] <=> ADP[c] +
Orthophosphate[c] + gamma-LGlutamyl-L-cysteine[c]
NADP[c] + Isocitrate[c] <=> 2Oxoglutarate[c] + H+[c] +
NADPH[c] + CO2[c]
ATP[c] + Glycerone[c] <=>
ADP[c] + Glycerone phosphate[c]
Glycerone[c] + NADH[c] +
H+[c] <=> Glycerol[c] + NAD[c]
Glycerone[c] + NADPH[c] +
H+[c] <=> Glycerol[c] +
NADP[c]
ADP[c] + 3-Phospho-Dglycerate[c] <=> ATP[c] + DGlycerate[c]

or
Ccel_2223
or
Ccel_2612
Ccel_1002
or
Ccel_1597
or
Ccel_3426
Ccel_1002
or
Ccel_1597
or
Ccel_3426
Ccel_1002
or
Ccel_1597
or
Ccel_3426
Ccel_1002
or
Ccel_1597
or
Ccel_3426
Ccel_1002
or
Ccel_1597
or
Ccel_3426
Ccel_1002
or
Ccel_1597
or
Ccel_3426
Ccel_1002
or
Ccel_1597
or
Ccel_3426
Ccel_1002
or
Ccel_1597
or
Ccel_3426

Galactose
metabolism|Glycerolipi
d
metabolism|Sphingolipi
d metabolism
Galactose
metabolism|Glycerolipi
d
metabolism|Sphingolipi
d metabolism
Galactose
metabolism|Glycerolipi
d
metabolism|Sphingolipi
d metabolism
Galactose
metabolism|Glycerolipi
d
metabolism|Sphingolipi
d metabolism
Galactose
metabolism|Glycerolipi
d
metabolism|Sphingolipi
d metabolism
Galactose
metabolism|Glycerolipi
d
metabolism|Sphingolipi
d metabolism
Galactose
metabolism|Glycerolipi
d
metabolism|Sphingolipi
d metabolism
Galactose
metabolism|Glycerolipi
d
metabolism|Sphingolipi
d metabolism

-1000

1000

3.2.1.22

-1000

1000

3.2.1.22

-1000

1000

3.2.1.22

-1000

1000

3.2.1.22

-1000

1000

3.2.1.22

-1000

1000

3.2.1.22

-1000

1000

3.2.1.22

-1000

1000

3.2.1.22

Ccel_1557
or
Ccel_1558

Glutathione metabolism

-1000

1000

6.3.2.2

Ccel_2576

Glutathione metabolism

-1000

1000

1.1.1.42

Ccel_1638
and
Ccel_1639

Glycerolipid
metabolism

0

1000

2.7.1.29

Unassigned

Glycerolipid
metabolism

-1000

1000

1.1.1.6

Unassigned

Glycerolipid
metabolism

-1000

1000

1.1.1.156

Ccel_2611

Glycerolipid
metabolism|Glycine,
serine and threonine
metabolism|Glyoxylate
and dicarboxylate
metabolism

-1000

1000

2.7.1.31
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aldehyde dehydrogenase
(NAD+)

D-Glycerate[c] + NADH[c] +
H+[c] <=> D-Glyceraldehyde[c]
+ NAD[c] + H2O[c]

Unassigned

alcohol dehydrogenase
(NADP+)

D-Glyceraldehyde[c] +
NADPH[c] + H+[c] <=>
Glycerol[c] + NADP[c]

Ccel_1009

glycerol kinase

ATP[c] + Glycerol[c] <=>
ADP[c] + sn-Glycerol 3phosphate[c] + H+[c]

glycerol-3-phosphate Oacyltransferase

sn-Glycerol 3-phosphate[c] +
Acyl-CoA[c] <=> CoA[c] + 1Acyl-sn-glycerol 3-phosphate[c]

1-acylglycerol-3phosphate Oacyltransferase
diacylglycerol kinase
1,2-diacylglycerol 3glucosyltransferase
Unassigned
phosphoglycerol
transferase

alpha-galactosidase

glycerol-3-phosphate
dehydrogenase
[NAD(P)+]
glycerol-3-phosphate
dehydrogenase
[NAD(P)+]
phosphatidate
cytidylyltransferase
CDP-diacylglycerolserine Ophosphatidyltransferase
CDP-diacylglycerolglycerol-3-phosphate 3phosphatidyltransferase
Unassigned

	
  

CoA[c] + Phosphatidate[c] <=>
Acyl-CoA[c] + 1-Acyl-snglycerol 3-phosphate[c]
ATP[c] + 1,2-Diacyl-snglycerol[c] <=> ADP[c] +
Phosphatidate[c]
UDP-glucose[c] + 1,2-Diacyl-snglycerol[c] <=> 3-D-Glucosyl1,2-diacylglycerol[c] + UDP[c]
UDP-glucose[c] + 3-D-Glucosyl1,2-diacylglycerol[c] <=> UDP[c]
+ Diglucosyl-diacylglycerol[c]
Diglucosyl-diacylglycerol[c] +
Phosphatidylglycerol[c] <=>
Glycerophosphoglycoglycerolipid
[c] + 1,2-Diacyl-sn-glycerol[c]
H2O[c] + Digalactosyldiacylglycerol[c] <=> DGalactose[c] + 1,2-Diacyl-3-betaD-galactosyl-sn-glycerol[c]
NAD[c] + sn-Glycerol 3phosphate[c] <=> H+[c] +
NADH[c] + Glycerone
phosphate[c]
NADP[c] + sn-Glycerol 3phosphate[c] <=> H+[c] +
NADPH[c] + Glycerone
phosphate[c]
Phosphatidate[c] + CTP[c] <=>
Diphosphate[c] + CDPdiacylglycerol[c]
L-Serine[c] + CDPdiacylglycerol[c] <=> CMP[c] +
Phosphatidylserine[c]
sn-Glycerol 3-phosphate[c] +
CDP-diacylglycerol[c] <=>
CMP[c] +
Phosphatidylglycerophosphate[c]
Phosphatidylglycerol[c] + CDPdiacylglycerol[c] <=> CMP[c] +
Cardiolipin[c]

Ccel_1031
or
Ccel_2595
Ccel_0681
or
(Ccel_0681
and
Ccel_2130)
Ccel_1316
Ccel_0577

Glycerolipid
metabolism|Glycine,
serine and threonine
metabolism|Glyoxylate
and dicarboxylate
metabolism
Glycerolipid
metabolism|Glycine,
serine and threonine
metabolism|Glyoxylate
and dicarboxylate
metabolism

-1000

1000

1.2.1.3

-1000

1000

1.1.1.2

Glycerolipid
metabolism

0

1000

2.7.1.30

Glycerolipid
metabolism|Glyceropho
spholipid metabolism

-1000

1000

2.3.1.15

-1000

1000

2.3.1.51

-1000

1000

2.7.1.107

Glycerolipid
metabolism|Glyceropho
spholipid metabolism
Glycerolipid
metabolism|Glyceropho
spholipid metabolism

Ccel_0034
or
Ccel_0486

Glycerolipid
metabolism

-1000

1000

2.4.1.157

Unassigned

Glycerolipid
metabolism

-1000

1000

2.4.1.-

Unassigned

Glycerolipid
metabolism

-1000

1000

2.7.8.20

Ccel_1002
or
Ccel_1237
or
Ccel_1597
or
Ccel_3426

Glycerolipid
metabolism

-1000

1000

3.2.1.22

Ccel_2129

Glycerophospholipid
metabolism

-1000

1000

1.1.1.94

Ccel_2129

Glycerophospholipid
metabolism

-1000

1000

1.1.1.94

Ccel_0448

Glycerophospholipid
metabolism

-1000

1000

2.7.7.41

Ccel_0011

Glycerophospholipid
metabolism|Glycine,
serine and threonine
metabolism

-1000

1000

2.7.8.8

Ccel_0679
or
Ccel_1463

Glycerophospholipid
metabolism

-1000

1000

2.7.8.5

Ccel_0582

Glycerophospholipid
metabolism

-1000

1000

2.7.8.-
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phosphatidylserine
decarboxylase
phosphatidylglycerophos
phatase
CDP-glycerol
diphosphatase
glycerol-3-phosphate
cytidylyltransferase
threonine aldolase
threonine synthase

monoamine oxidase
threonine aldolase
phosphoglycerate
dehydrogenase

Phosphatidylserine[c] <=>
CO2[c] +
Phosphatidylethanolamine[c]
Phosphatidylglycerophosphate[c]
+ H2O[c] <=>
Phosphatidylglycerol[c] +
Orthophosphate[c]
H2O[c] + CDP-glycerol[c] =>
CMP[c] + H+[c] + sn-Glycerol 3phosphate[c]
CTP[c] + H+[c] + sn-Glycerol 3phosphate[c] <=> Diphosphate[c]
+ CDP-glycerol[c]
L-Threonine[c] <=> Glycine[c] +
Acetaldehyde[c]
H2O[c] + O-Phospho-Lhomoserine[c] <=>
Orthophosphate[c] + LThreonine[c]
H2O[c] + Oxygen[c] +
Aminoacetone[c] <=>
Ammonia[c] + H2O2[c] +
Methylglyoxal[c]
L-Allothreonine[c] <=>
Glycine[c] + Acetaldehyde[c]
NAD[c] + 3-Phospho-Dglycerate[c] <=> H+[c] +
NADH[c] + 3Phosphohydroxypyruvate[c]

tryptophan synthase

L-Serine[c] + Indole[c] <=>
H2O[c] + L-Tryptophan[c]

tryptophan synthase

Indoleglycerol phosphate[c] <=>
D-Glyceraldehyde 3-phosphate[c]
+ Indole[c]

serine-glyoxylate
transaminase
phosphoserine
transaminase
homoserine kinase
phosphoglucomutase

phosphoglycerate kinase

hexokinase|glucokinase
aldose 1-epimerase
glyceraldehyde-3phosphate dehydrogenase

	
  

Glyoxylate[c] + L-Serine[c] <=>
Hydroxypyruvate[c] + Glycine[c]
3-Phosphohydroxypyruvate[c] +
L-Glutamate[c] <=> O-PhosphoL-serine[c] + 2-Oxoglutarate[c]
ATP[c] + L-Homoserine[c] <=>
ADP[c] + H+[c] + O-Phospho-Lhomoserine[c]
D-Glucose 1-phosphate[c] <=>
alpha-D-Glucose 6-phosphate[c]
ATP[c] + 3-Phospho-Dglycerate[c] <=> ADP[c] + 3Phospho-D-glyceroyl
phosphate[c]
ATP[c] + beta-D-Glucose[c] <=>
ADP[c] + beta-D-Glucose 6phosphate[c]
D-Glucose[c] <=> beta-DGlucose[c]
Orthophosphate[c] + NAD[c] +
D-Glyceraldehyde 3-phosphate[c]

Ccel_2613

Glycerophospholipid
metabolism

-1000

1000

4.1.1.65

Unassigned

Glycerophospholipid
metabolism

-1000

1000

3.1.3.27

Unassigned

Glycerophospholipid
metabolism

-1000

0

3.6.1.16

Unassigned

Glycerophospholipid
metabolism

0

1000

2.7.7.39

Ccel_0635

Glycine, serine and
threonine metabolism

-1000

1000

4.1.2.5

Ccel_1450

Glycine, serine and
threonine metabolism

-1000

1000

4.2.3.1

Ccel_1778

Glycine, serine and
threonine metabolism

0

0

1.4.3.4

-1000

1000

4.1.2.5

-1000

1000

1.1.1.95

Glycine, serine and
threonine
metabolism|Phenylalani
ne, tyrosine and
tryptophan biosynthesis

-1000

1000

4.2.1.20

Glycine, serine and
threonine
metabolism|Phenylalani
ne, tyrosine and
tryptophan biosynthesis

-1000

1000

4.2.1.20

Ccel_1188

Glycine, serine and
threonine metabolism

0

1000

2.6.1.45

Ccel_1188

Glycine, serine and
threonine metabolism

0

1000

2.6.1.52

Ccel_0022

Glycine, serine and
threonine metabolism

0

1000

2.7.1.39

Ccel_1417

Glycolysis /
Gluconeogenesis|Starch
and sucrose metabolism

-1000

1000

5.4.2.2

Ccel_2260

Glycolysis /
Gluconeogenesis

-1000

1000

2.7.2.3

Ccel_0700
or
Ccel_3221

Glycolysis /
Gluconeogenesis

-1000

1000

2.7.1.1|2.7.1.2

-1000

1000

5.1.3.3

-1000

1000

1.2.1.12

Ccel_0635
Ccel_1189
Ccel_1084
or
Ccel_2450
or
Ccel_3218
or
Ccel_3219
Ccel_1084
or
Ccel_2450
or
Ccel_3218
or
Ccel_3219

Ccel_1431
Ccel_2275

226

Glycine, serine and
threonine metabolism
Glycine, serine and
threonine
metabolism|Methane
metabolism

Glycolysis /
Gluconeogenesis
Glycolysis /
Gluconeogenesis

(phosphorylating)

alcohol dehydrogenase
glucose-6-phosphate
isomerase

phosphoglycerate mutase

<=> H+[c] + NADH[c] + 3Phospho-D-glyceroyl
phosphate[c]
NAD[c] + Ethanol[c] <=> H+[c]
+ NADH[c] + Acetaldehyde[c]
beta-D-Glucose 6-phosphate[c]
<=> beta-D-Fructose 6phosphate[c]

Ccel_3198

Glycolysis /
Gluconeogenesis

-1000

1000

1.1.1.1

Ccel_1445

Glycolysis /
Gluconeogenesis

-1000

1000

5.3.1.9

3-Phospho-D-glyceroyl
phosphate[c] <=> 2,3Bisphospho-D-glycerate[c]

Ccel_0619
or
Ccel_2140
or
Ccel_2259

Glycolysis /
Gluconeogenesis|Metha
ne metabolism

-1000

1000

5.4.2.1

0

1000

2.7.1.11

-1000

1000

4.1.2.13

-1000

1000

5.3.1.1

-1000

1000

4.2.1.11

-1000

1000

5.4.2.1|5.4.2.12

-1000

1000

6.2.1.1

-1000

1000

6.2.1.1

-1000

1000

5.3.1.9

0

1000

2.7.1.40

0

1000

2.7.1.40

0

1000

2.7.1.40

0

1000

2.7.1.40

6-phosphofructokinase

beta-D-Fructose 6-phosphate[c] +
ATP[c] <=> ADP[c] + beta-DFructose 1,6-bisphosphate[c]

Ccel_2223
or
Ccel_2612

fructose-bisphosphate
aldolase

beta-D-Fructose 1,6bisphosphate[c] <=> Glycerone
phosphate[c] + D-Glyceraldehyde
3-phosphate[c]

Ccel_2222
or
Ccel_2373

triose-phosphate
isomerase

D-Glyceraldehyde 3-phosphate[c]
<=> Glycerone phosphate[c]

Ccel_2260

phosphopyruvate
hydratase

2-Phospho-D-glycerate[c] <=>
H2O[c] +
Phosphoenolpyruvate[c]

Ccel_2254

phosphoglycerate mutase

2-Phospho-D-glycerate[c] <=> 3Phospho-D-glycerate[c]

Ccel_0619
or
Ccel_2140
or
Ccel_2259

acetyl-CoA synthase

ATP[c] + Acetate[c] <=>
Diphosphate[c] + Acetyl
adenylate[c]

Ccel_0494

acetyl-CoA synthase

CoA[c] + Acetyl adenylate[c]
<=> AMP[c] + Acetyl-CoA[c]

Ccel_0494

glucose-6-phosphate
isomerase

alpha-D-Glucose 6-phosphate[c]
<=> beta-D-Glucose 6phosphate[c]

Ccel_1445

pyruvate kinase

Phosphoenolpyruvate[c] +
ADP[c] <=> Pyruvate[c] +
ATP[c]

Ccel_2569

pyruvate kinase

Phosphoenolpyruvate[c] +
CDP[c] <=> Pyruvate[c] +
CTP[c]

Ccel_2569

pyruvate kinase

Phosphoenolpyruvate[c] +
UDP[c] <=> Pyruvate[c] +
UTP[c]

Ccel_2569

pyruvate kinase

Phosphoenolpyruvate[c] + IDP[c]
<=> Pyruvate[c] + ITP[c]

Ccel_2569

	
  

227

Glycolysis /
Gluconeogenesis|Fructo
se and mannose
metabolism|Methane
metabolism|Pentose
phosphate pathway
Glycolysis /
Gluconeogenesis|Fructo
se and mannose
metabolism|Methane
metabolism|Pentose
phosphate pathway
Glycolysis /
Gluconeogenesis|Fructo
se and mannose
metabolism|Inositol
phosphate metabolism
Glycolysis /
Gluconeogenesis|Metha
ne metabolism
Glycolysis /
Gluconeogenesis|Metha
ne metabolism
Glycolysis /
Gluconeogenesis|Metha
ne metabolism|Pyruvate
metabolism
Glycolysis /
Gluconeogenesis|Metha
ne metabolism|Pyruvate
metabolism
Glycolysis /
Gluconeogenesis|Pentos
e phosphate pathway
Glycolysis /
Gluconeogenesis|Purine
metabolism|Pyruvate
metabolism
Glycolysis /
Gluconeogenesis|Purine
metabolism|Pyruvate
metabolism
Glycolysis /
Gluconeogenesis|Purine
metabolism|Pyruvate
metabolism
Glycolysis /
Gluconeogenesis|Purine
metabolism|Pyruvate
metabolism

L-lactate dehydrogenase
tartrate dehydrogenase
tartrate dehydrogenase
phosphoglycolate
phosphatase
formate-tetrahydrofolate
ligase
methylenetetrahydrofolat
e dehydrogenase
(NADP+)
methenyltetrahydrofolate
cyclohydrolase
malate synthase
histidinol dehydrogenase

histidinol-phosphatase

histidinol dehydrogenase
phosphoribosyl-ATP
diphosphatase
ATP phosphoribosyl
transferase

phosphoribosyl-AMP
cyclohydrolase

imidazoleglycerolphosphate dehydratase
1-(5-phosphoribosyl)-5[(5phosphoribosylamino)me
thylideneamino]imidazol
e-4-carboxamide
isomerase
Unassigned

	
  

NAD[c] + L-lactate[c] <=> H+[c]
+ NADH[c] + Pyruvate[c]
NAD[c] + meso-Tartaric acid[c]
<=> H+[c] + NADH[c] + 2Hydroxy-3-oxosuccinate[c]
NAD[c] + Tartaric acid[c] <=>
H+[c] + NADH[c] + 2-Hydroxy3-oxosuccinate[c]
H2O[c] + 2-Phosphoglycolate[c]
<=> Orthophosphate[c] +
Glycolate[c]
ATP[c] + Formate[c] +
Tetrahydrofolate[c] <=> ADP[c]
+ Orthophosphate[c] + 10Formyltetrahydrofolate[c]
NADP[c] + 5,10Methylenetetrahydrofolate[c] <=>
NADPH[c] + H+[c] + 5,10Methenyltetrahydrofolate[c]
H2O[c] + 5,10Methenyltetrahydrofolate[c] <=>
H+[c] + 10Formyltetrahydrofolate[c]
CoA[c] + L-Malate[c] <=>
H2O[c] + Acetyl-CoA[c] +
Glyoxylate[c]
NAD[c] + L-Histidinol[c] <=>
H+[c] + NADH[c] + LHistidinal[c]
H2O[c] + L-Histidinol
phosphate[c] <=>
Orthophosphate[c] + LHistidinol[c]
H2O[c] + NAD[c] + LHistidinal[c] <=> H+[c] +
NADH[c] + L-Histidine[c]
H2O[c] + 1-(5-Phospho-Dribosyl)-ATP[c] <=>
Diphosphate[c] + PhosphoribosylAMP[c]
Diphosphate[c] + 1-(5-PhosphoD-ribosyl)-ATP[c] <=> ATP[c] +
5-Phospho-alpha-D-ribose 1diphosphate[c]
H2O[c] + PhosphoribosylAMP[c] <=> 5-(5-Phospho-Dribosylaminoformimino)-1-(5phosphoribosyl)-imidazole-4carboxamide[c]
D-erythro-1-(Imidazol-4yl)glycerol 3-phosphate[c] <=>
H2O[c] + 3-(Imidazol-4-yl)-2oxopropyl phosphate[c]
5-(5-Phospho-Dribosylaminoformimino)-1-(5phosphoribosyl)-imidazole-4carboxamide[c] <=>
Phosphoribulosyl-formiminoAICAR-phosphate[c]
L-Glutamine[c] +
Phosphoribulosyl-formiminoAICAR-phosphate[c] <=> LGlutamate[c] + D-erythro-1(Imidazol-4-yl)glycerol 3-

Ccel_2485
Ccel_2567
Ccel_2567
Ccel_2097

Ccel_0018

Ccel_0604

Ccel_0604

Unassigned

Glycolysis /
Gluconeogenesis|Pyruv
ate metabolism
Glyoxylate and
dicarboxylate
metabolism
Glyoxylate and
dicarboxylate
metabolism
Glyoxylate and
dicarboxylate
metabolism
Glyoxylate and
dicarboxylate
metabolism|One carbon
pool by folate
Glyoxylate and
dicarboxylate
metabolism|One carbon
pool by folate
Glyoxylate and
dicarboxylate
metabolism|One carbon
pool by folate
Glycoxylate and
dicarboxylate
metabolism

-1000

1000

1.1.1.27

-1000

1000

1.1.1.93

-1000

1000

1.1.1.93

-1000

1000

3.1.3.18

-1000

1000

6.3.4.3

-1000

1000

1.5.1.5

-1000

1000

3.5.4.9

-1000

0

2.3.3.9

Ccel_0382

Histidine metabolism

-1000

1000

1.1.1.23

Ccel_1927

Histidine metabolism

-1000

1000

3.1.3.15

Ccel_0382

Histidine metabolism

-1000

1000

1.1.1.23

Ccel_0389

Histidine metabolism

-1000

1000

3.6.1.31

Ccel_0381

Histidine metabolism

-1000

1000

2.4.2.17

Ccel_0389

Histidine metabolism

-1000

1000

3.5.4.19

Ccel_0384

Histidine metabolism

-1000

1000

4.2.1.19

Ccel_0387

Histidine metabolism

-1000

1000

5.3.1.16

Ccel_0386
or
Ccel_0388

Histidine metabolism

-1000

1000

2.4.2.-|4.1.3.-
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monoamine oxidase

histidinol-phosphate
transaminase

inositol-phosphate
phosphatase
inositol-phosphate
phosphatase
inositol-phosphate
phosphatase
4-hydroxytetrahydrodipicolinate
synthase
saccharopine
dehydrogenase (NAD+,
L-lysine-forming)
diaminopimelate
decarboxylase
diaminopimelate
dehydrogenase

Tetrahydrodipicolinate
formation
4-hydroxytetrahydrodipicolinate
reductase
4-hydroxytetrahydrodipicolinate
reductase

succinyldiaminopimelate
transaminase
Unassigned

	
  

phosphate[c] + 1-(5'Phosphoribosyl)-5-amino-4imidazolecarboxamide[c]
H2O[c] + Oxygen[c] + NMethylhistamine[c] <=>
Ammonia[c] + H2O2[c] +
Methylimidazole acetaldehyde[c]

2-Oxoglutarate[c] + L-Histidinol
phosphate[c] <=> L-Glutamate[c]
+ 3-(Imidazol-4-yl)-2-oxopropyl
phosphate[c]

H2O[c] + Inositol 1-phosphate[c]
<=> Orthophosphate[c] + myoInositol[c]
H2O[c] + myo-Inositol 4phosphate[c] <=>
Orthophosphate[c] + myoInositol[c]
H2O[c] + 1D-myo-Inositol 3phosphate[c] <=>
Orthophosphate[c] + myoInositol[c]
Pyruvate[c] + L-Aspartate 4semialdehyde[c] <=> 2 H2O[c] +
(2S,4S)-4-Hydroxy-2,3,4,5tetrahydrodipicolinate[c]
H2O[c] + NAD[c] + N6-(L-1,3Dicarboxypropyl)-L-lysine[c]
<=> 2-Oxoglutarate[c] + H+[c] +
NADH[c] + L-Lysine[c]
meso-2,6Diaminoheptanedioate[c] <=>
CO2[c] + L-Lysine[c]
H2O[c] + NADP[c] + meso-2,6Diaminoheptanedioate[c] <=>
Ammonia[c] + H+[c] +
NADPH[c] + L-2-Amino-6oxoheptanedioate[c]
L-2-Amino-6oxoheptanedioate[c] <=> 2,3,4,5Tetrahydrodipicolinate[c] +
H2O[c]
NAD[c] + 2,3,4,5Tetrahydrodipicolinate[c] <=>
H+[c] + NADH[c] + (2S,4S)-4Hydroxy-2,3,4,5tetrahydrodipicolinate[c]
NADP[c] + 2,3,4,5Tetrahydrodipicolinate[c] <=>
H+[c] + NADPH[c] + (2S,4S)-4Hydroxy-2,3,4,5tetrahydrodipicolinate[c]
2-Oxoglutarate[c] + N-SuccinylLL-2,6-diaminoheptanedioate[c]
<=> L-Glutamate[c] + NSuccinyl-2-L-amino-6oxoheptanedioate[c]
ATP[c] + N2-Acetyl-Laminoadipate[c] <=> ADP[c] +

Ccel_1778

Histidine metabolism

0

0

1.4.3.4

Ccel_0383

Histidine
metabolism|Novobiocin
biosynthesis|Phenylalan
ine
metabolism|Phenylalani
ne, tyrosine and
tryptophan
biosynthesis|Tyrosine
metabolism

-1000

1000

2.6.1.9

Ccel_2471

Inositol phosphate
metabolism

-1000

1000

3.1.3.25

Ccel_2471

Inositol phosphate
metabolism

-1000

1000

3.1.3.25

Ccel_2471

Inositol phosphate
metabolism|Streptomyci
n biosynthesis

-1000

1000

3.1.3.25

Ccel_0526
or
Ccel_1265
or
Ccel_1611

Lysine biosynthesis

0

1000

4.3.3.7

Ccel_1128

Lysine biosynthesis

-1000

1000

1.5.1.7

Ccel_2511
or
Ccel_2534

Lysine biosynthesis

0

1000

4.1.1.20

Ccel_2533

Lysine biosynthesis

-1000

0

1.4.1.16

spontaneous

Lysine biosynthesis

-1000

1000

spontaneous

Ccel_0519
or
Ccel_0525

Lysine biosynthesis

-1000

0

1.17.1.8

Ccel_0519
or
Ccel_0525

Lysine biosynthesis

-1000

0

1.17.1.8

Ccel_1612
or
Ccel_2912

Lysine biosynthesis

-1000

1000

2.6.1.17

Ccel_2911

Lysine biosynthesis

-1000

1000

2.7.2.-
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Unassigned

UDP-N-acetylmuramoylL-alanyl-D-glutamate2,6-diaminopimelate
ligase

UDP-N-acetylmuramoyltripeptide-D-alanyl-Dalanine ligase

glycine hydroxymethyl
transferase

glycerate kinase
NAD+ kinase
nicotinate-nucleotide
adenylyltransferase
NAD+ synthase
(glutamine-hydrolysing)
nicotinate-nucleotide
adenylyltransferase

N2-Acetyl-L-aminoadipyl-deltaphosphate[c]
H+[c] + NADPH[c] + N2-AcetylL-aminoadipyl-delta-phosphate[c]
<=> Orthophosphate[c] +
NADP[c] + N2-Acetyl-Laminoadipate semialdehyde[c]
ATP[c] + UDP-MurNAc-L-AlaD-Glu[c] + meso-2,6Diaminoheptanedioate[c] <=>
ADP[c] + Orthophosphate[c] +
UDP-MurNAc-L-Ala-gamma-DGlu-meso-2,6-diaminopimelate[c]
ATP[c] + D-Alanyl-D-alanine[c]
+ UDP-MurNAc-L-Ala-gammaD-Glu-meso-2,6diaminopimelate[c] <=> ADP[c]
+ Orthophosphate[c] + UDPMurNAc-L-Ala-gamma-D-Glumeso-2,6-diaminopimeloyl-DAla-D-Ala[c]
L-Serine[c] + 5,6,7,8Tetrahydromethanopterin[c] <=>
H2O[c] + Glycine[c] + 5,10Methylenetetrahydromethanopteri
n[c]
ATP[c] + D-Glycerate[c] <=>
ADP[c] + 2-Phospho-Dglycerate[c]
ATP[c] + NAD[c] <=> ADP[c] +
NADP[c]
ATP[c] + Nicotinamide Dribonucleotide[c] <=>
Diphosphate[c] + NAD[c]
H2O[c] + L-Glutamine[c] +
ATP[c] + Deamino-NAD+[c]
<=> L-Glutamate[c] + AMP[c] +
Diphosphate[c] + NAD[c]
ATP[c] + Nicotinate Dribonucleotide[c] <=>
Diphosphate[c] + DeaminoNAD+[c]

Ccel_2910

Lysine biosynthesis

-1000

1000

1.2.1.-

Ccel_0479

Lysine
biosynthesis|Peptidogly
can biosynthesis

-1000

1000

6.3.2.13

Ccel_0480

Lysine
biosynthesis|Peptidogly
can biosynthesis

-1000

1000

6.3.2.10

Ccel_1680

Methane metabolism

-1000

1000

2.1.2.1

Ccel_2611

Methane metabolism

-1000

1000

2.7.1.165

-1000

1000

2.7.1.23

-1000

1000

2.7.7.18

Ccel_1898
Ccel_1363

Ccel_1200

Nicotinate and
nicotinamide
metabolism

-1000

1000

6.3.5.1

Ccel_1363

Nicotinate and
nicotinamide
metabolism

-1000

1000

2.7.7.18

-1000

1000

3.6.1.22

0

0

1.4.3.16

NAD+ diphosphatase

H2O[c] + NAD[c] <=> AMP[c] +
Nicotinamide D-ribonucleotide[c]

Ccel_2937

L-aspartate oxidase

L-Aspartate[c] + Oxygen[c] <=>
H2O2[c] + Iminoaspartate[c]

Ccel_3479

5'-nucleotidase

NAD+ diphosphatase

5'-nucleotidase
nicotinate
phosphoribosyl
transferase
nicotinate-nucleotide

	
  

H2O[c] + Nicotinamide Dribonucleotide[c] <=>
Orthophosphate[c] + NRibosylnicotinamide[c]
H2O[c] + Deamino-NAD+[c]
<=> AMP[c] + Nicotinate Dribonucleotide[c]
H2O[c] + Nicotinate Dribonucleotide[c] <=>
Orthophosphate[c] + Nicotinate
D-ribonucleoside[c]
Diphosphate[c] + Nicotinate Dribonucleotide[c] <=> 5-Phosphoalpha-D-ribose 1-diphosphate[c]
+ Nicotinate[c]
Diphosphate[c] + CO2[c] +

Nicotinate and
nicotinamide
metabolism
Nicotinate and
nicotinamide
metabolism

Nicotinate and
nicotinamide
metabolism
Nicotinate and
nicotinamide
metabolism

Ccel_1803

Nicotinate and
nicotinamide
metabolism

-1000

1000

3.1.3.5

Ccel_2937

Nicotinate and
nicotinamide
metabolism

-1000

1000

3.6.1.22

Ccel_1803

Nicotinate and
nicotinamide
metabolism

-1000

1000

3.1.3.5

Ccel_2987

Nicotinate and
nicotinamide
metabolism

-1000

1000

2.4.2.11

Ccel_3478

Nicotinate and

-1000

1000

2.4.2.19
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diphosphorylase
(carboxylating)
NRibosylnicotinamide:orth
ophosphate
ribosyltransferase
quinolinate synthase
Nicotinate Dribonucleoside:orthophos
phate ribosyltransferase
carbonate dehydratase

nitrogenase

methionyl-tRNA
formyltransferase

Phosphoribosyl
glycinamide
formyltransferase

Phosphoribosyl
glycinamide
formyltransferase

phosphoribosylaminoimi
dazolecarboxamide
formyltransferase

thymidylate synthase
Methylene
tetrahydrofolate
reductase [NAD(P)H]
Methylene
tetrahydrofolate
reductase (ferredoxin)

Nicotinate D-ribonucleotide[c]
<=> 5-Phospho-alpha-D-ribose 1diphosphate[c] + Pyridine-2,3dicarboxylate[c]
Orthophosphate[c] + NRibosylnicotinamide[c] <=>
Nicotinamide[c] + alpha-DRibose 1-phosphate[c]
2 H2O[c] + Orthophosphate[c] +
Pyridine-2,3-dicarboxylate[c]
<=> Glycerone phosphate[c] +
Iminoaspartate[c]
Orthophosphate[c] + Nicotinate
D-ribonucleoside[c] <=> H+[c] +
Nicotinate[c] + alpha-D-Ribose 1phosphate[c]
H2O[c] + CO2[c] <=> H+[c] +
Bicarbonate[c]
(16) H2O[c] + (16) ATP[c] + (8)
H+[c] + (8) Reduced
ferredoxin[c] + Nitrogen[c] <=>
(2) Ammonia[c] + (16) ADP[c] +
(16) Orthophosphate[c] + (8)
Oxidized ferredoxin[c] +
Hydrogen[c]
10-Formyltetrahydrofolate[c] + LMethionyl-tRNA[c] <=>
Tetrahydrofolate[c] + NFormylmethionyl-tRNA[c]
H2O[c] + 5,10Methenyltetrahydrofolate[c] + 5'Phosphoribosylglycinamide[c]
<=> Tetrahydrofolate[c] + 5'Phosphoribosyl-Nformylglycinamide[c]
10-Formyltetrahydrofolate[c] +
5'-Phosphoribosylglycinamide[c]
<=> Tetrahydrofolate[c] + 5'Phosphoribosyl-Nformylglycinamide[c]
10-Formyltetrahydrofolate[c] + 1(5'-Phosphoribosyl)-5-amino-4imidazolecarboxamide[c] <=>
Tetrahydrofolate[c] + 1-(5'Phosphoribosyl)-5-formamido-4imidazolecarboxamide[c]
5,10Methylenetetrahydrofolate[c] +
dUMP[c] <=> Dihydrofolate[c] +
dTMP[c]
5-Methyltetrahydrofolate[c] +
NADP[c] <=> 5,10Methylenetetrahydrofolate[c] +
NADPH[c] + H+[c]
(2) H+[c] + Reduced
ferredoxin[c] + 5,10Methylenetetrahydrofolate[c] <=>
Oxidized ferredoxin[c] + 5Methyltetrahydrofolate[c]

inorganic diphosphatase

H2O[c] + Diphosphate[c] <=> (2)
Orthophosphate[c]

ATP synthase

H2O[c] + ATP[c] <=> ADP[c] +

	
  

nicotinamide
metabolism

Ccel_3381

Nicotinate and
nicotinamide
metabolism

-1000

1000

2.4.2.1

Ccel_3480

Nicotinate and
nicotinamide
metabolism

-1000

1000

2.5.1.72

Ccel_3381

Nicotinate and
nicotinamide
metabolism

-1000

1000

2.4.2.1

Ccel_0844

Nitrogen metabolism

-1000

1000

4.2.1.1

Ccel_1614
and
Ccel_1616

Nitrogen fixation

0

1000

1.18.6.1

Ccel_1529

One carbon pool by
folate

-1000

1000

2.1.2.9

Ccel_2182

One carbon pool by
folate

-1000

1000

2.1.2.2

Ccel_2182

One carbon pool by
folate

0

1000

2.1.2.2

Ccel_2181

One carbon pool by
folate|Purine
metabolism

0

1000

2.1.2.3

Ccel_1309

One carbon pool by
folate

-1000

1000

2.1.1.45

Ccel_2474

One carbon pool by
folate

-1000

0

1.5.1.20

Ccel_2474

One carbon pool by
folate

-1000

0

1.5.7.1

Oxidative
phosphorylation

-1000

1000

3.6.1.1

Oxidative

-1000

1000

3.6.3.14

Ccel_0012
and
Ccel_0248
and
Ccel_2294
Ccel_0266
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Orthophosphate[c]

NADH-ubiquinone
reductase|NADHcytochrome c
oxidoreductase

pantothenate kinase
pantothenate kinase
dephospho-CoA kinase
pantetheine-phosphate
adenylyltransferase
phosphopantothenatecysteine ligase

pantothenate kinase
holo-[acyl-carrierprotein] synthase
phosphopantothenatecysteine ligase

3-methyl-2-oxobutanoate
hydroxymethyl
transferase
ketol-acid

	
  

NADH[c] + Ubiquinone[c] + (6)
H+[c] <=> NAD+[c] +
Ubiquinol[c] + (7) H+[e]

ATP[c] + Pantetheine[c] <=>
ADP[c] + Pantetheine 4'phosphate[c]
ATP[c] + Pantothenate[c] <=>
ADP[c] + D-4'Phosphopantothenate[c]
ATP[c] + Dephospho-CoA[c]
<=> ADP[c] + CoA[c]
ATP[c] + Pantetheine 4'phosphate[c] <=> Diphosphate[c]
+ Dephospho-CoA[c]
ATP[c] + L-Cysteine[c] + D-4'Phosphopantothenate[c] <=>
AMP[c] + Diphosphate[c] + (R)4'-Phosphopantothenoyl-Lcysteine[c]
ATP[c] + N-((R)-Pantothenoyl)L-cysteine[c] <=> ADP[c] + (R)4'-Phosphopantothenoyl-Lcysteine[c]
CoA[c] + Apo-acp[c] <=> Acylcarrier-protein[c] +
Phosphoadenosine phosphate[c]
L-Cysteine[c] + CTP[c] + D-4'Phosphopantothenate[c] <=>
Diphosphate[c] + CMP[c] + (R)4'-Phosphopantothenoyl-Lcysteine[c]
H2O[c] + 5,10Methylenetetrahydrofolate[c] + 3Methyl-2-oxobutanoic acid[c]
<=> Tetrahydrofolate[c] + 2Dehydropantoate[c]
H+[c] + NADPH[c] + (S)-2-

and
Ccel_0267
and
Ccel_0268
and
Ccel_0269
and
Ccel_0270
and
Ccel_0271
and
Ccel_0272
and
Ccel_0273
and
Ccel_2048
(Ccel_2232
and
Ccel_2233
and
Ccel_2236
and
Ccel_2303
and
Ccel_2304
and
Ccel_2305
and
Ccel_2467)
or
Ccel_1112
Ccel_0136
or
Ccel_0705
Ccel_0136
or
Ccel_0705

phosphorylation

Oxidative
phosphorylation

-1000

1000

1.6.5.3|1.6.99.3

Pantothenate and CoA
biosynthesis

-1000

1000

2.7.1.33

Pantothenate and CoA
biosynthesis

-1000

1000

2.7.1.33

Ccel_2074

Pantothenate and CoA
biosynthesis

-1000

1000

2.7.1.24

Ccel_1880

Pantothenate and CoA
biosynthesis

-1000

1000

2.7.7.3

Ccel_3187

Pantothenate and CoA
biosynthesis

-1000

1000

6.3.2.5

Ccel_0136
or
Ccel_0705

Pantothenate and CoA
biosynthesis

-1000

1000

2.7.1.33

Ccel_0030

Pantothenate and CoA
biosynthesis

0

1000

2.7.8.7

Ccel_3187

Pantothenate and CoA
biosynthesis

-1000

1000

6.3.2.5

Ccel_1787

Pantothenate and CoA
biosynthesis

-1000

1000

2.1.2.11

Ccel_3435

Pantothenate and CoA

-1000

1000

1.1.1.86
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reductoisomerase

Phosphopantothenoyl
cysteine decarboxylase
pantoate-beta-alanine
ligase
aspartate 1decarboxylase|glutamate
decarboxylase
2-dehydropantoate 2reductase
[acyl-carrier-protein]
phosphodiesterase
xylulokinase

Acetolactate[c] <=> NADP[c] +
2,3-Dihydroxy-3methylbutanoate[c]
(R)-4'-Phosphopantothenoyl-Lcysteine[c] <=> CO2[c] +
Pantetheine 4'-phosphate[c]
ATP[c] + Pantoate[c] + betaAlanine[c] <=> AMP[c] +
Diphosphate[c] + Pantothenate[c]

Ccel_3188

L-Aspartate[c] <=> CO2[c] +
beta-Alanine[c]

Ccel_0981
or
Ccel_1785

NADP[c] + Pantoate[c] <=>
NADPH[c] + H+[c] + 2Dehydropantoate[c]
H2O[c] + Acyl-carrier-protein[c]
<=> Pantetheine 4'-phosphate[c]
+ Apo-acp[c]
ATP[c] + D-Xylulose[c] <=>
ADP[c] + D-Xylulose 5phosphate[c]

biosynthesis

Ccel_1786

Pantothenate and CoA
biosynthesis
Pantothenate and CoA
biosynthesis|betaAlanine metabolism
Pantothenate and CoA
biosynthesis|betaAlanine metabolism

-1000

1000

4.1.1.36

-1000

1000

6.3.2.1

-1000

1000

4.1.1.11|4.1.1.15

Unassigned

Pantothenate and CoA
biosynthesis

-1000

0

1.1.1.169

Unassigned

Pantothenate and CoA
biosynthesis

0

1000

3.1.4.14

Ccel_1006
or
Ccel_3431

Pentose and glucuronate
interconversions

-1000

1000

2.7.1.17

xylose isomerase

D-Xylose[c] <=> D-Xylulose[c]

Ccel_3429

Pentose and glucuronate
interconversions

-1000

1000

5.3.1.5

glucuronate isomerase

D-Glucuronate[c] <=> DFructuronate[c]

Ccel_0214
or
Ccel_1676

Pentose and glucuronate
interconversions

-1000

1000

5.3.1.12

L-arabinose isomerase

L-Arabinose[c] <=> LRibulose[c]

Ccel_1033

Pentose and glucuronate
interconversions

-1000

1000

5.3.1.4

Pentose and glucuronate
interconversions

-1000

1000

5.3.1.12

Pentose and glucuronate
interconversions

-1000

1000

4.2.1.8

Ccel_0139

Pentose and glucuronate
interconversions

-1000

1000

1.1.1.57

Ccel_3467

Pentose and glucuronate
interconversions

-1000

1000

5.1.3.4

Ccel_1671
or
Ccel_3191

Pentose and glucuronate
interconversions|Pentos
e phosphate pathway

-1000

1000

2.7.1.45

-1000

1000

5.1.3.1

-1000

1000

4.1.2.14

0

0

3.2.1.31

glucuronate isomerase
mannonate dehydratase
fructuronate reductase
L-ribulose-5-phosphate
4-epimerase
2-dehydro-3deoxygluconokinase

D-Galacturonate[c] <=> DTagaturonate[c]
D-Mannonate[c] <=> H2O[c] +
2-Dehydro-3-deoxy-Dgluconate[c]
NAD[c] + D-Mannonate[c] <=>
H+[c] + NADH[c] + DFructuronate[c]
L-Ribulose 5-phosphate[c] <=>
D-Xylulose 5-phosphate[c]
ATP[c] + 2-Dehydro-3-deoxy-Dgluconate[c] <=> ADP[c] + 2Dehydro-3-deoxy-6-phospho-Dgluconate[c]

ribulose-phosphate 3epimerase

D-Ribulose 5-phosphate[c] <=>
D-Xylulose 5-phosphate[c]

2-dehydro-3-deoxyphosphogluconate
aldolase

2-Dehydro-3-deoxy-6-phosphoD-gluconate[c] <=> Pyruvate[c] +
D-Glyceraldehyde 3-phosphate[c]
H2O[c] + beta-DGlucuronoside[c] <=> DGlucuronate[c] + Alcohol[c]
ATP[c] + D-Ribose[c] <=>
ADP[c] + D-Ribose 5phosphate[c]
beta-D-Fructose 6-phosphate[c] +
D-Glyceraldehyde 3-phosphate[c]
<=> D-Xylulose 5-phosphate[c] +
D-Erythrose 4-phosphate[c]

beta-glucuronidase
ribokinase

transketolase

Ccel_0214
or
Ccel_1676
Ccel_0140
or
Ccel_1674

Ccel_1537
Ccel_1672
or
Ccel_3192
Ccel_1670

Pentose and glucuronate
interconversions|Pentos
e phosphate pathway
Pentose and glucuronate
interconversions|Pentos
e phosphate pathway
Pentose and glucuronate
interconversions|Starch
and sucrose metabolism

Ccel_3225

Pentose phosphate
pathway

-1000

1000

2.7.1.15

Ccel_3415

Pentose phosphate
pathway

-1000

1000

2.2.1.1

ribose-5-phosphate
isomerase

D-Ribose 5-phosphate[c] <=> DRibulose 5-phosphate[c]

Ccel_0259
or
Ccel_1640

Pentose phosphate
pathway

-1000

1000

5.3.1.6

phosphopentomutase

2-Deoxy-D-ribose 1-phosphate[c]
<=> 2-Deoxy-D-ribose 5phosphate[c]

Ccel_3205

Pentose phosphate
pathway

-1000

1000

5.4.2.7
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deoxyribose-phosphate
aldolase
ribokinase

transketolase

ribose-phosphate
diphosphokinase
phosphopentomutase

UDP-N-acetylmuramoyltripeptide-D-alanyl-Dalanine ligase
undecaprenyldiphosphatase
phospho-Nacetylmuramoylpentapeptide-transferase
undecaprenyldiphosphomuramoylpentapeptide
beta-Nacetylglucosaminyl
transferase

phospho-Nacetylmuramoylpentapeptide-transferase

undecaprenyldiphosphomuramoylpentapeptide
beta-Nacetylglucosaminyl
transferase

serine-type D-Ala-D-Ala
carboxypeptidase

phenylacetate-CoA ligase

	
  

2-Deoxy-D-ribose 5-phosphate[c]
<=> D-Glyceraldehyde 3phosphate[c] + Acetaldehyde[c]
ADP[c] + 2-Deoxy-D-ribose 5phosphate[c] <=> ATP[c] +
Deoxyribose[c]
D-Glyceraldehyde 3-phosphate[c]
+ Sedoheptulose 7-phosphate[c]
<=> D-Xylulose 5-phosphate[c] +
D-Ribose 5-phosphate[c]
ATP[c] + D-Ribose 5phosphate[c] <=> AMP[c] + 5Phospho-alpha-D-ribose 1diphosphate[c]
alpha-D-Ribose 1-phosphate[c]
<=> D-Ribose 5-phosphate[c]
ATP[c] + D-Alanyl-D-alanine[c]
+ UDP-MurNAc-L-Ala-gammaD-Glu-L-Lys[c] <=> ADP[c] +
Orthophosphate[c] + UDPMurAc-L-Ala-gamma-D-Glu-LLys-D-Ala-D-Ala[c]
H2O[c] + Undecaprenyl-PP[c]
<=> Orthophosphate[c] +
Undecaprenyl-P[c]
UDP-MurAc-L-Ala-gamma-DGlu-L-Lys-D-Ala-D-Ala[c] +
Undecaprenyl-P[c] <=> UMP[c]
+ Und-PP-MurAc-L-Ala-gammaD-Glu-L-Lys-D-Ala-D-Ala[c]
UDP-N-acetyl-D-glucosamine[c]
+ Und-PP-MurAc-L-Ala-gammaD-Glu-L-Lys-D-Ala-D-Ala[c]
<=> UDP[c] + Und-PP-MurNAc(GlcNAc)-L-Ala-gamma-D-GluL-Lys-D-Ala-D-Ala[c]
UDP-MurNAc-L-Ala-gamma-DGlu-meso-2,6-diaminopimeloylD-Ala-D-Ala[c] + UndecaprenylP[c] <=> UMP[c] + Und-PPMurNAc-L-Ala-gamma-D-Glumeso-2,6-diaminopimeloyl-DAla-D-Ala[c]
UDP-N-acetyl-D-glucosamine[c]
+ Und-PP-MurNAc-L-Alagamma-D-Glu-meso-2,6diaminopimeloyl-D-Ala-D-Ala[c]
<=> UDP[c] + Und-PP-MurNAc(GlcNAc)-L-Ala-gamma-D-Glumeso-2,6-diaminopimeloyl-DAla-D-Ala[c]
Und-PP-MurNAc-(GlcNAc)-LAla-gamma-D-Glu-meso-2,6diaminopimeloyl-D-Ala-D-Ala[c]
+ (2) H2O[c] <=>
Peptidoglycan[c] + (2) DAlanine[c] + Undecaprenyl-PP[c]
ATP[c] + CoA[c] + Phenylacetic
acid[c] <=> AMP[c] +
Diphosphate[c] + PhenylacetylCoA[c]

Ccel_1028

Pentose phosphate
pathway

-1000

1000

4.1.2.4

Ccel_3225

Pentose phosphate
pathway

-1000

1000

2.7.1.15

Ccel_3415

Pentose phosphate
pathway

-1000

1000

2.2.1.1

Ccel_3092

Pentose phosphate
pathway|Purine
metabolism

-1000

1000

2.7.6.1

Ccel_3205

Pentose phosphate
pathway|Purine
metabolism

-1000

1000

5.4.2.7

Ccel_0480

Peptidoglycan
biosynthesis

-1000

1000

6.3.2.10

Ccel_1147

Peptidoglycan
biosynthesis

-1000

1000

3.6.1.27

Ccel_0481

Peptidoglycan
biosynthesis

-1000

1000

2.7.8.13

Ccel_0483

Peptidoglycan
biosynthesis

-1000

1000

2.4.1.227

Ccel_0481

Peptidoglycan
biosynthesis

-1000

1000

2.7.8.13

Ccel_0483

Peptidoglycan
biosynthesis

-1000

1000

2.4.1.227

Ccel_0478
and
Ccel_1370
and
Ccel_1749

Peptidoglycan
biosynthesis

0

1000

3.4.16.4

Ccel_0669
or
Ccel_1218
or
Ccel_1392
or
Ccel_1756

Phenylalanine
metabolism

-1000

1000

6.2.1.30
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monoamine oxidase

H2O[c] + Oxygen[c] +
Phenethylamine[c] <=>
Ammonia[c] + H2O2[c] +
Phenylacetaldehyde[c]

Ccel_1778

L-Phenylalanine:2oxoglutarate
aminotransferase

2-Oxoglutarate[c] + LPhenylalanine[c] <=> LGlutamate[c] + Phenylpyruvate[c]

Ccel_1965

shikimate kinase

3-deoxy-7phosphoheptulonate
synthase

3-phosphoshikimate 1carboxyvinyltransferase

chorismate mutase

anthranilate synthase
anthranilate synthase

ATP[c] + Shikimate[c] <=>
ADP[c] + Shikimate 3phosphate[c]
H2O[c] +
Phosphoenolpyruvate[c] + DErythrose 4-phosphate[c] <=>
Orthophosphate[c] + 2-Dehydro3-deoxy-D-arabino-heptonate 7phosphate[c]
Phosphoenolpyruvate[c] +
Shikimate 3-phosphate[c] <=>
Orthophosphate[c] + 5-O-(1Carboxyvinyl)-3phosphoshikimate[c]
Chorismate[c] <=> Prephenate[c]
Ammonia[c] + Chorismate[c]
<=> H2O[c] + Pyruvate[c] +
Anthranilate[c]
L-Glutamine[c] + Chorismate[c]
<=> L-Glutamate[c] +
Pyruvate[c] + Anthranilate[c]

Ccel_0372
or
Ccel_2426

-1000

1000

2.7.1.71

Phenylalanine, tyrosine
and tryptophan
biosynthesis

-1000

1000

2.5.1.19

Phenylalanine, tyrosine
and tryptophan
biosynthesis

-1000

1000

5.4.99.5

-1000

1000

4.1.3.27

-1000

1000

4.1.3.27

-1000

1000

4.2.1.51

-1000

1000

1.1.1.25

-1000

1000

4.2.1.51

-1000

1000

4.2.1.10

Ccel_1451
or
Ccel_1618
or
Ccel_1730
Ccel_3213
or
Ccel_3214
Ccel_3213
or
Ccel_3214

arogenate dehydratase

L-Arogenate[c] <=> H2O[c] +
CO2[c] + L-Phenylalanine[c]

Ccel_0078

3-dehydroquinate
dehydratase

3-Dehydroquinate[c] <=> H2O[c]
+ 3-Dehydroshikimate[c]

Ccel_1924

	
  

2.6.1.1

Ccel_2428

Ccel_0663

3-dehydroquinate
synthase

1000

2.5.1.54

NADP[c] + Shikimate[c] <=>
H+[c] + NADPH[c] + 3Dehydroshikimate[c]

anthranilate
phosphoribosyl
transferase

-1000

1000

shikimate dehydrogenase

Phosphoribosyl
anthranilate isomerase

1.4.3.4

-1000

Ccel_0078

indole-3-glycerolphosphate synthase

0

Phenylalanine, tyrosine
and tryptophan
biosynthesis

Prephenate[c] <=> H2O[c] +
CO2[c] + Phenylpyruvate[c]

chorismate synthase

Phenylalanine
metabolism|Phenylalani
ne, tyrosine and
tryptophan biosynthesis
Phenylalanine, tyrosine
and tryptophan
biosynthesis

0

Ccel_1618
or
Ccel_2071
or
Ccel_2880

prephenate dehydratase

5-O-(1-Carboxyvinyl)-3phosphoshikimate[c] <=>
Orthophosphate[c] +
Chorismate[c]
1-(2-Carboxyphenylamino)-1deoxy-D-ribulose 5-phosphate[c]
<=> H2O[c] + CO2[c] +
Indoleglycerol phosphate[c]
N-(5-Phospho-Dribosyl)anthranilate[c] <=> 1-(2Carboxyphenylamino)-1-deoxyD-ribulose 5-phosphate[c]
Diphosphate[c] + N-(5-PhosphoD-ribosyl)anthranilate[c] <=> 5Phospho-alpha-D-ribose 1diphosphate[c] + Anthranilate[c]
2-Dehydro-3-deoxy-D-arabinoheptonate 7-phosphate[c] <=>
Orthophosphate[c] + 3Dehydroquinate[c]

Phenylalanine
metabolism

Phenylalanine, tyrosine
and tryptophan
biosynthesis
Phenylalanine, tyrosine
and tryptophan
biosynthesis
Phenylalanine, tyrosine
and tryptophan
biosynthesis
Phenylalanine, tyrosine
and tryptophan
biosynthesis
Phenylalanine, tyrosine
and tryptophan
biosynthesis
Phenylalanine, tyrosine
and tryptophan
biosynthesis

Ccel_2427

Phenylalanine, tyrosine
and tryptophan
biosynthesis

-1000

1000

4.2.3.5

Ccel_3216

Phenylalanine, tyrosine
and tryptophan
biosynthesis

-1000

1000

4.1.1.48

Ccel_3217

Phenylalanine, tyrosine
and tryptophan
biosynthesis

-1000

1000

5.3.1.24

Ccel_3215

Phenylalanine, tyrosine
and tryptophan
biosynthesis

-1000

1000

2.4.2.18

Ccel_1854
or
Ccel_2374
or

Phenylalanine, tyrosine
and tryptophan
biosynthesis

-1000

1000

4.2.3.4
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Ccel_2486

Unassigned

H2O[c] + NAD[c] + 2-Amino3,7-dideoxy-D-threo-hept-6ulosonic acid[c] <=> Ammonia[c]
+ H+[c] + NADH[c] + 3Dehydroquinate[c]

prephenate
dehydrogenase

NAD[c] + Prephenate[c] <=>
H+[c] + CO2[c] + NADH[c] + 3(4-Hydroxyphenyl)pyruvate[c]

L-tyrosine:2-oxoglutarate
aminotransferase
glucose-1-phosphate
thymidylyltransferase
dTDP-glucose 4,6dehydratase
cob(I)yrinic acid a,cdiamide
adenosyltransferase
adenosylcobinamidephosphate synthase
ferroxidase
uroporphyrinogen-III Cmethyltransferase
precorrin-2 C20methyltransferase|cobaltfactor II C20methyltransferase
precorrin-3B C17methyltransferase
precorrin-4 C11methyltransferase
uroporphyrinogen-III Cmethyltransferase
adenosylcobinamideGDP ribazoletransferase
glutamate-1semialdehyde 2,1aminomutase
uroporphyrinogen-III
synthase
glutamate-tRNA ligase
glutamyl-tRNA reductase

	
  

2-Oxoglutarate[c] + LTyrosine[c] <=> L-Glutamate[c]
+ 3-(4Hydroxyphenyl)pyruvate[c]
D-Glucose 1-phosphate[c] +
dTTP[c] <=> Diphosphate[c] +
dTDP-glucose[c]
dTDP-glucose[c] <=> H2O[c] +
4,6-Dideoxy-4-oxo-dTDP-Dglucose[c]
ATP[c] + Cobinamide[c] <=>
Triphosphate[c] + Adenosyl
cobinamide[c]
ATP[c] + Adenosyl cobyrinate
hexaamide[c] + (R)-1Aminopropan-2-ol[c] <=>
ADP[c] + Orthophosphate[c] +
Adenosyl cobinamide[c]
Oxygen[c] + 4 H+[c] + 4 Fe2+[c]
<=> 2 H2O[c] + 4 Fe3+[c]
S-Adenosyl-L-methionine[c] +
Uroporphyrinogen III[c] <=> SAdenosyl-L-homocysteine[c] +
Precorrin 1[c]
S-Adenosyl-L-methionine[c] +
Precorrin 2[c] <=> H+[c] + SAdenosyl-L-homocysteine[c] +
Precorrin 3A[c]
S-Adenosyl-L-methionine[c] +
Precorrin 3B[c] <=> S-AdenosylL-homocysteine[c] + Precorrin
4[c]
S-Adenosyl-L-methionine[c] +
Precorrin 4[c] <=> S-Adenosyl-Lhomocysteine[c] + Precorrin 5[c]
S-Adenosyl-L-methionine[c] +
Precorrin 1[c] <=> S-Adenosyl-Lhomocysteine[c] + Precorrin 2[c]
Cobamide coenzyme[c] +
GMP[c] <=> Adenosine-GDPcobinamide[c] + alphaRibazole[c]
5-Aminolevulinate[c] <=> (S)-4Amino-5-oxopentanoate[c]
Hydroxymethylbilane[c] <=>
H2O[c] + Uroporphyrinogen
III[c]
L-Glutamate[c] + ATP[c] +
tRNA(Glu)[c] <=> AMP[c] +
Diphosphate[c] + L-GlutamyltRNA(Glu)[c]
H+[c] + NADPH[c] + LGlutamyl-tRNA(Glu)[c] <=>

Ccel_2374

Ccel_2881

Ccel_1965

Ccel_0970
Ccel_1091
or
Ccel_3448

Phenylalanine, tyrosine
and tryptophan
biosynthesis
Phenylalanine, tyrosine
and tryptophan
biosynthesis|Novobioci
n biosynthesis
Phenylalanine, tyrosine
and tryptophan
biosynthesis|Novobioci
n biosynthesis
Polyketide sugar unit
biosynthesis|Streptomyc
in biosynthesis
Polyketide sugar unit
biosynthesis|Streptomyc
in biosynthesis

-1000

1000

1.4.1.-

-1000

1000

1.3.1.12

-1000

1000

2.6.1.1

-1000

1000

2.7.7.24

-1000

1000

4.2.1.46

Ccel_1333

Porphyrin and
chlorophyll metabolism

-1000

1000

2.5.1.17

Ccel_1286

Porphyrin and
chlorophyll metabolism

-1000

1000

6.3.1.10

Ccel_0043

Porphyrin and
chlorophyll metabolism

0

0

1.16.3.1

Ccel_1278

Porphyrin and
chlorophyll metabolism

-1000

1000

2.1.1.107

Ccel_1271

Porphyrin and
chlorophyll metabolism

-1000

1000

2.1.1.130|2.1.1.15
1

Ccel_1275

Porphyrin and
chlorophyll metabolism

-1000

1000

2.1.1.131

Ccel_1272

Porphyrin and
chlorophyll metabolism

-1000

1000

2.1.1.133

Ccel_1278

Porphyrin and
chlorophyll metabolism

-1000

1000

2.1.1.107

Ccel_0645

Porphyrin and
chlorophyll metabolism

-1000

1000

2.7.8.26

Ccel_1280

Porphyrin and
chlorophyll metabolism

-1000

1000

5.4.3.8

Ccel_1278

Porphyrin and
chlorophyll metabolism

-1000

1000

4.2.1.75

Ccel_2139

Porphyrin and
chlorophyll metabolism

-1000

1000

6.1.1.17

Ccel_1274

Porphyrin and
chlorophyll metabolism

-1000

1000

1.2.1.70
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coproporphyrinogen
dehydrogenase

hydrogenobyrinic acid
a,c-diamide synthase
(glutamine-hydrolysing)

beta-glucuronidase

hydrogenobyrinic acid
a,c-diamide synthase
(glutamine-hydrolysing)
precorrin-8X
methylmutase
cob(I)yrinic acid a,cdiamide
adenosyltransferase
adenosylcobyric acid
synthase (glutaminehydrolysing)

adenosylcobinamidephosphate synthase

adenosylcobinamide
kinase
adenosylcobinamide
kinase
adenosylcobinamidephosphate
guanylyltransferase
precorrin-2 C20methyltransferase|cobaltfactor II C20methyltransferase
precorrin-3B C17methyltransferase
precorrin-4 C11methyltransferase
precorrin-8X
methylmutase

	
  

NADP[c] + (S)-4-Amino-5oxopentanoate[c] + tRNA(Glu)[c]
2 S-Adenosyl-L-methionine[c] +
Coproporphyrinogen III[c] <=> 2
CO2[c] + 2 L-Methionine[c] + 2
5'-Deoxyadenosine[c] +
Protoporphyrinogen IX[c]
2 H2O[c] + 2 L-Glutamine[c] + 2
ATP[c] + Cobyrinate[c] <=> 2 LGlutamate[c] + 2 ADP[c] + 2
Orthophosphate[c] +
Cob(II)yrinate a,c diamide[c]
2 H2O[c] + Bilirubin betadiglucuronide[c] + 3 Reduced
acceptor[c] <=> 2 DGlucuronate[c] + DUrobilinogen[c] + 3 Acceptor[c]
2 H2O[c] + 2 L-Glutamine[c] + 2
ATP[c] + Hydrogenobyrinate[c]
<=> 2 L-Glutamate[c] + 2
ADP[c] + 2 Orthophosphate[c] +
Hydrogenobyrinate a,c diamide[c]
Precorrin 8X[c] <=>
Hydrogenobyrinate[c]
ATP[c] + Cob(I)yrinate a,c
diamide[c] <=> Triphosphate[c] +
Adenosyl cobyrinate a,c
diamide[c]
4 H2O[c] + 4 L-Glutamine[c] + 4
ATP[c] + Adenosyl cobyrinate a,c
diamide[c] <=> 4 L-Glutamate[c]
+ 4 ADP[c] + 4
Orthophosphate[c] + Adenosyl
cobyrinate hexaamide[c]
ATP[c] + Adenosyl cobyrinate
hexaamide[c] + D-1Aminopropan-2-ol Ophosphate[c] <=> ADP[c] +
Orthophosphate[c] + Adenosyl
cobinamide phosphate[c]
ATP[c] + Adenosyl
cobinamide[c] <=> ADP[c] +
Adenosyl cobinamide
phosphate[c]
GTP[c] + Adenosyl
cobinamide[c] <=> GDP[c] +
Adenosyl cobinamide
phosphate[c]
GTP[c] + Adenosyl cobinamide
phosphate[c] <=> Diphosphate[c]
+ Adenosine-GDP-cobinamide[c]
S-Adenosyl-L-methionine[c] +
Cobalt-sirohydrochlorin[c] <=>
S-Adenosyl-L-homocysteine[c] +
Cobalt-factor III[c]
S-Adenosyl-L-methionine[c] +
Cobalt-precorrin 3[c] <=> SAdenosyl-L-homocysteine[c] +
Cobalt-precorrin 4[c]
S-Adenosyl-L-methionine[c] +
Cobalt-precorrin 4[c] <=> SAdenosyl-L-homocysteine[c] +
Cobalt-precorrin 5A[c]
Cobalt-precorrin 8[c] <=>
Cobyrinate[c]

Ccel_1948
or
Ccel_1980

Porphyrin and
chlorophyll metabolism

-1000

1000

1.3.99.22

Ccel_1283

Porphyrin and
chlorophyll metabolism

-1000

1000

6.3.1.-|6.3.5.9

Ccel_1670

Porphyrin and
chlorophyll metabolism

0

0

3.2.1.31

Ccel_1283

Porphyrin and
chlorophyll metabolism

-1000

1000

6.3.1.-|6.3.5.9

Ccel_1285

Porphyrin and
chlorophyll metabolism

-1000

1000

5.4.1.2

Ccel_1333

Porphyrin and
chlorophyll metabolism

-1000

1000

2.5.1.17

Ccel_1284

Porphyrin and
chlorophyll metabolism

-1000

1000

6.3.5.10

Ccel_1286

Porphyrin and
chlorophyll metabolism

-1000

1000

6.3.1.10

Ccel_0644

Porphyrin and
chlorophyll metabolism

-1000

1000

2.7.1.156

Ccel_0644

Porphyrin and
chlorophyll metabolism

-1000

1000

2.7.1.156

Ccel_0644

Porphyrin and
chlorophyll metabolism

-1000

1000

2.7.7.62

Ccel_1271

Porphyrin and
chlorophyll metabolism

-1000

1000

2.1.1.130|2.1.1.15
1

Ccel_1275

Porphyrin and
chlorophyll metabolism

-1000

1000

2.1.1.131

Ccel_1272

Porphyrin and
chlorophyll metabolism

-1000

1000

2.1.1.133

Ccel_1285

Porphyrin and
chlorophyll metabolism

-1000

1000

5.4.1.2
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cobalt-precorrin 5A
hydrolase
cobalt-precorrin-5B
(C1)-methyltransferase
uroporphyrinogen-III Cmethyltransferase
precorrin-6Y C5,15methyltransferase
(decarboxylating)
porphobilinogen synthase
hydroxymethylbilane
synthase
nicotinate-nucleotidedimethylbenzimidazole
phosphoribosyl
transferase
acetate kinase
Propanoyl-CoA synthase
phosphate
acetyltransferase
formate Cacetyltransferase
Propanoyl-CoA synthase
L-lactate dehydrogenase
adenylate kinase
GTP diphosphokinase
guanylate kinase
adenosine kinase
adenylate kinase
guanylate kinase
GMP synthase
(glutamine-hydrolysing)

GMP synthase
(glutamine-hydrolysing)
phosphoribosylamineglycine ligase

	
  

H2O[c] + Cobalt-precorrin 5A[c]
<=> Acetaldehyde[c] + Cobaltprecorrin 5B[c]
S-Adenosyl-L-methionine[c] +
Cobalt-precorrin 5B[c] <=> SAdenosyl-L-homocysteine[c] +
Cobalt-precorrin 6[c]
2 S-Adenosyl-L-methionine[c] +
Uroporphyrinogen III[c] <=> 2 SAdenosyl-L-homocysteine[c] +
Precorrin 2[c]
2 S-Adenosyl-L-methionine[c] +
Precorrin 6Y[c] <=> CO2[c] + 2
S-Adenosyl-L-homocysteine[c] +
Precorrin 8X[c]
2 5-Aminolevulinate[c] <=> 2
H2O[c] + Porphobilinogen[c]
H2O[c] + 4 Porphobilinogen[c]
<=> 4 Ammonia[c] +
Hydroxymethylbilane[c]
Nicotinate D-ribonucleotide[c] +
Dimethylbenzimidazole[c] <=>
H+[c] + Nicotinate[c] + N1-(5Phospho-alpha-D-ribosyl)-5,6dimethylbenzimidazole[c]
ATP[c] + Propanoate[c] <=>
ADP[c] + Propanoyl phosphate[c]
ATP[c] + Propanoate[c] <=>
Diphosphate[c] +
Propionyladenylate[c]
Orthophosphate[c] + PropanoylCoA[c] <=> CoA[c] + Propanoyl
phosphate[c]
CoA[c] + 2-Oxobutanoate[c] <=>
Formate[c] + Propanoyl-CoA[c]
CoA[c] + Propionyladenylate[c]
<=> AMP[c] + Propanoyl-CoA[c]
NAD[c] + 2-Hydroxybutanoic
acid[c] <=> H+[c] + NADH[c] +
2-Oxobutanoate[c]
ATP[c] + AMP[c] <=> 2 ADP[c]
ATP[c] + GTP[c] <=> AMP[c] +
Guanosine 3'-diphosphate 5'triphosphate[c]
ATP[c] + GMP[c] <=> ADP[c] +
GDP[c]
ATP[c] + Adenosine[c] <=>
AMP[c] + ADP[c]
ATP[c] + dAMP[c] <=> ADP[c]
+ dADP[c]
ATP[c] + dGMP[c] <=> ADP[c]
+ dGDP[c]
Ammonia[c] + ATP[c] +
Xanthosine 5'-phosphate[c] <=>
AMP[c] + Diphosphate[c] +
GMP[c]
H2O[c] + L-Glutamine[c] +
ATP[c] + Xanthosine 5'phosphate[c] <=> L-Glutamate[c]
+ AMP[c] + Diphosphate[c] +
GMP[c]
ATP[c] + 5Phosphoribosylamine[c] +
Glycine[c] <=> ADP[c] +

Ccel_1273

Porphyrin and
chlorophyll metabolism

-1000

1000

3.7.1.12

Ccel_1270

Porphyrin and
chlorophyll metabolism

-1000

1000

2.1.1.195

Ccel_1278

Porphyrin and
chlorophyll metabolism

-1000

1000

2.1.1.107

Ccel_1282

Porphyrin and
chlorophyll metabolism

-1000

1000

1.-.-.-|2.1.1.132

Ccel_1279

Porphyrin and
chlorophyll metabolism

-1000

1000

4.2.1.24

Ccel_1277

Porphyrin and
chlorophyll metabolism

-1000

1000

2.5.1.61

Ccel_0646

Porphyrin and
chlorophyll
metabolism|Riboflavin
metabolism

-1000

1000

2.4.2.21

Ccel_2136

Propanoate metabolism

-1000

1000

2.7.2.1

Ccel_0494

Propanoate metabolism

-1000

1000

6.2.1.1

Ccel_2137

Propanoate metabolism

-1000

1000

2.3.1.8

Ccel_2582

Propanoate metabolism

-1000

1000

2.3.1.54

Ccel_0494

Propanoate metabolism

-1000

1000

6.2.1.1

Ccel_2485

Propanoate metabolism

-1000

1000

1.1.1.27

Ccel_0779

Purine metabolism

-1000

1000

2.7.4.3

Ccel_1951

Purine metabolism

-1000

1000

2.7.6.5

Ccel_1791

Purine metabolism

-1000

1000

2.7.4.8

Ccel_1080

Purine metabolism

-1000

1000

2.7.1.20

Ccel_0779

Purine metabolism

-1000

1000

2.7.4.3

Ccel_1791

Purine metabolism

-1000

1000

2.7.4.8

Ccel_2202

Purine metabolism

0

1000

6.3.5.2

Ccel_2202

Purine metabolism

-1000

1000

6.3.5.2

Ccel_2180

Purine metabolism

0

1000

6.3.4.13
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phosphoribosylformylgly
cinamidine synthase

phosphoribosylformylgly
cinamidine cyclo-ligase
phosphoribosylaminoimi
dazole carboxylase

phosphoribosylaminoimi
dazolesuccinocarboxami
de synthase

5'-nucleotidase
adenine phosphoribosyl
transferase
pyruvate kinase
5'-nucleotidase
phosphoribosylaminoimi
dazolecarboxamide
formyltransferase
IMP dehydrogenase
hypoxanthine
phosphoribosyl
transferase
pyruvate kinase
ribonucleosidetriphosphate reductase
5'-nucleotidase

guanine phosphoribosyl
transferase

ribonucleosidediphosphate reductase
Adenosine:phosphate
alpha-D-

	
  

Orthophosphate[c] + 5'Phosphoribosylglycinamide[c]
H2O[c] + L-Glutamine[c] +
ATP[c] + 5'-Phosphoribosyl-Nformylglycinamide[c] <=> LGlutamate[c] + ADP[c] +
Orthophosphate[c] + 2(Formamido)-N1-(5'phosphoribosyl)acetamidine[c]
ATP[c] + 2-(Formamido)-N1-(5'phosphoribosyl)acetamidine[c]
<=> ADP[c] + Orthophosphate[c]
+ Aminoimidazole ribotide[c]
1-(5-Phospho-D-ribosyl)-5amino-4-imidazolecarboxylate[c]
<=> Aminoimidazole ribotide[c]
+ CO2[c]
L-Aspartate[c] + ATP[c] + 1-(5Phospho-D-ribosyl)-5-amino-4imidazolecarboxylate[c] <=>
ADP[c] + Orthophosphate[c] + 1(5'-Phosphoribosyl)-5-amino-4(N-succinocarboxamide)imidazole[c]
H2O[c] + AMP[c] <=>
Orthophosphate[c] +
Adenosine[c]
AMP[c] + Diphosphate[c] <=> 5Phospho-alpha-D-ribose 1diphosphate[c] + Adenine[c]
GTP[c] + Pyruvate[c] <=>
GDP[c] +
Phosphoenolpyruvate[c]
H2O[c] + IMP[c] <=>
Orthophosphate[c] + Inosine[c]
H2O[c] + IMP[c] <=> 1-(5'Phosphoribosyl)-5-formamido-4imidazolecarboxamide[c]
H2O[c] + NAD[c] + IMP[c] <=>
H+[c] + NADH[c] + Xanthosine
5'-phosphate[c]
Diphosphate[c] + IMP[c] <=> 5Phospho-alpha-D-ribose 1diphosphate[c] + Hypoxanthine[c]
Pyruvate[c] + dATP[c] <=>
Phosphoenolpyruvate[c] +
dADP[c]
H2O[c] + Thioredoxin
disulfide[c] + dATP[c] <=>
ATP[c] + Thioredoxin[c]
H2O[c] + GMP[c] <=>
Orthophosphate[c] +
Guanosine[c]
Diphosphate[c] + GMP[c] <=> 5Phospho-alpha-D-ribose 1diphosphate[c] + Guanine[c]
H2O[c] + Thioredoxin
disulfide[c] + dADP[c] <=>
ADP[c] + Thioredoxin[c]
Orthophosphate[c] +
Adenosine[c] <=> Adenine[c] +

Ccel_0499

Purine metabolism

0

1000

6.3.5.3

Ccel_2183

Purine metabolism

-1000

1000

6.3.3.1

Ccel_2185

Purine metabolism

-1000

1000

4.1.1.21

Ccel_0385

Purine metabolism

-1000

1000

6.3.2.6

Ccel_1803

Purine metabolism

-1000

1000

3.1.3.5

Ccel_0414
or
Ccel_1952

Purine metabolism

-1000

1000

2.4.2.7

Ccel_2569

Purine metabolism

-1000

0

2.7.1.40

Ccel_1803

Purine metabolism

-1000

1000

3.1.3.5

Ccel_2181

Purine metabolism

-1000

1000

2.1.2.3

Ccel_0394

Purine metabolism

-1000

1000

1.1.1.205

Ccel_0084

Purine metabolism

-1000

1000

2.4.2.8

Ccel_2569

Purine metabolism

-1000

0

2.7.1.40

Ccel_0702

Purine metabolism

-1000

1000

1.17.4.2

Ccel_1803

Purine metabolism

-1000

1000

3.1.3.5

Ccel_0084
or
Ccel_0414
or
Ccel_1405
or
Ccel_1952

Purine metabolism

-1000

1000

2.4.2.22|2.4.2.7|2.
4.2.8

Ccel_2401

Purine metabolism

-1000

1000

1.17.4.1

Ccel_3381

Purine metabolism

-1000

1000

2.4.2.1
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ribosyltransferase
dGTPase
pyruvate kinase
ribonucleosidetriphosphate reductase
inosine:phosphate alphaD-ribosyltransferase
ADP-ribose
diphosphatase
Deoxyguanosine:orthoph
osphate
ribosyltransferase
5'-nucleotidase
ribonucleosidediphosphate reductase
5'-nucleotidase
guanosine:phosphate
alpha-Dribosyltransferase
Deoxyadenosine:orthoph
osphate
ribosyltransferase
5'-nucleotidase

xanthine phosphoribosyl
transferase
Xanthosine:orthophospha
te ribosyltransferase
5-Amino-4imidazolecarboxyamide
phosphoribosyl
transferase

adenylosuccinate lyase

Deoxyinosine:orthophosp
hate ribosyltransferase

	
  

alpha-D-Ribose 1-phosphate[c]
H2O[c] + dGTP[c] <=>
Triphosphate[c] +
Deoxyguanosine[c]
Pyruvate[c] + dGTP[c] <=>
Phosphoenolpyruvate[c] +
dGDP[c]
H2O[c] + Thioredoxin
disulfide[c] + dGTP[c] <=>
GTP[c] + Thioredoxin[c]
Orthophosphate[c] + Inosine[c]
<=> alpha-D-Ribose 1phosphate[c] + Hypoxanthine[c]
H2O[c] + ADP-ribose[c] <=>
AMP[c] + D-Ribose 5phosphate[c]
Orthophosphate[c] +
Deoxyguanosine[c] <=> 2Deoxy-D-ribose 1-phosphate[c] +
Guanine[c]
H2O[c] + dAMP[c] <=>
Orthophosphate[c] +
Deoxyadenosine[c]
H2O[c] + Thioredoxin
disulfide[c] + dGDP[c] <=>
GDP[c] + Thioredoxin[c]
H2O[c] + dGMP[c] <=>
Orthophosphate[c] +
Deoxyguanosine[c]
Orthophosphate[c] +
Guanosine[c] <=> alpha-DRibose 1-phosphate[c] +
Guanine[c]
Orthophosphate[c] +
Deoxyadenosine[c] <=>
Adenine[c] + 2-Deoxy-D-ribose
1-phosphate[c]
H2O[c] + Xanthosine 5'phosphate[c] <=>
Orthophosphate[c] +
Xanthosine[c]
Diphosphate[c] + Xanthosine 5'phosphate[c] <=> 5-Phosphoalpha-D-ribose 1-diphosphate[c]
+ Xanthine[c]
Orthophosphate[c] +
Xanthosine[c] <=> alpha-DRibose 1-phosphate[c] +
Xanthine[c]
Diphosphate[c] + 1-(5'Phosphoribosyl)-5-amino-4imidazolecarboxamide[c] <=> 5Phospho-alpha-D-ribose 1diphosphate[c] + 5-Amino-4imidazolecarboxyamide[c]
1-(5'-Phosphoribosyl)-5-amino-4(N-succinocarboxamide)imidazole[c] <=> Fumarate[c] +
1-(5'-Phosphoribosyl)-5-amino-4imidazolecarboxamide[c]
Orthophosphate[c] +
Deoxyinosine[c] <=> 2-Deoxy-Dribose 1-phosphate[c] +
Hypoxanthine[c]

Ccel_1804

Purine metabolism

-1000

1000

3.1.5.1

Ccel_2569

Purine metabolism

-1000

0

2.7.1.40

Ccel_0702

Purine metabolism

-1000

1000

1.17.4.2

Ccel_3381

Purine metabolism

-1000

1000

2.4.2.1

Ccel_1753

Purine metabolism

-1000

1000

3.6.1.13

Ccel_3381

Purine metabolism

-1000

1000

2.4.2.1

Ccel_1803

Purine metabolism

-1000

1000

3.1.3.5

Ccel_2401

Purine metabolism

-1000

1000

1.17.4.1

Ccel_1803

Purine metabolism

-1000

1000

3.1.3.5

Ccel_3381

Purine metabolism

-1000

1000

2.4.2.1

Ccel_3381

Purine metabolism

-1000

1000

2.4.2.1

Ccel_1803

Purine metabolism

-1000

1000

3.1.3.5

Ccel_0084
or
Ccel_1405

Purine metabolism

-1000

1000

2.4.2.22|2.4.2.8

Ccel_3381

Purine metabolism

-1000

1000

2.4.2.1

Ccel_0414
or
Ccel_1952

Purine metabolism

-1000

1000

2.4.2.7

Ccel_0723

Purine metabolism

-1000

1000

4.3.2.2

Ccel_3381

Purine metabolism

-1000

1000

2.4.2.1
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5(carboxyamino)imidazole
ribonucleotide mutase
guanine deaminase
cytidylate kinase
CTP synthase

CTP synthase

UMP kinase
cytidylate kinase
ATP-uridine kinase

5-Carboxyamino-1-(5-phosphoD-ribosyl)imidazole[c] <=> 1-(5Phospho-D-ribosyl)-5-amino-4imidazolecarboxylate[c]
Guanine[c] + H2O[c] <=>
Xanthine[c] + Ammonia[c]
ATP[c] + CMP[c] <=> ADP[c] +
CDP[c]
Ammonia[c] + ATP[c] + UTP[c]
<=> ADP[c] + Orthophosphate[c]
+ CTP[c]
H2O[c] + L-Glutamine[c] +
ATP[c] + UTP[c] <=> LGlutamate[c] + ADP[c] +
Orthophosphate[c] + CTP[c]
ATP[c] + UMP[c] <=> ADP[c] +
UDP[c]
ATP[c] + dCMP[c] <=> ADP[c]
+ dCDP[c]
ATP[c] + Uridine[c] <=> ADP[c]
+ UMP[c]

dTMP kinase

ATP[c] + dTMP[c] <=> ADP[c]
+ dTDP[c]

dTMP kinase

ATP[c] + dUMP[c] <=> ADP[c]
+ dUDP[c]

ATP-cytidine kinase
GTP-uridine kinase
GTP-cytidine kinase
5'-nucleotidase
UTP-uridine kinase
UTP-cytidine kinase
ITP-uridine kinase
ITP-cytidine kinase
5'-nucleotidase
uracil phosphoribosyl
transferase
dATP-uridine kinase
dATP-cytidine kinase
dCMP deaminase
5'-nucleotidase
dGTP-uridine kinase
dGTP-cytidine kinase
uridine phosphorylase

	
  

ATP[c] + Cytidine[c] <=>
ADP[c] + CMP[c]
GTP[c] + Uridine[c] <=> GDP[c]
+ UMP[c]
GTP[c] + Cytidine[c] <=>
GDP[c] + CMP[c]
H2O[c] + CMP[c] <=>
Orthophosphate[c] + Cytidine[c]
UTP[c] + Uridine[c] <=> UDP[c]
+ UMP[c]
UTP[c] + Cytidine[c] <=>
UDP[c] + CMP[c]
ITP[c] + Uridine[c] <=> IDP[c] +
UMP[c]
ITP[c] + Cytidine[c] <=> IDP[c]
+ CMP[c]
H2O[c] + UMP[c] <=>
Orthophosphate[c] + Uridine[c]
Diphosphate[c] + UMP[c] <=> 5Phospho-alpha-D-ribose 1diphosphate[c] + Uracil[c]
dATP[c] + Uridine[c] <=>
UMP[c] + dADP[c]
dATP[c] + Cytidine[c] <=>
CMP[c] + dADP[c]
H2O[c] + dCMP[c] <=>
Ammonia[c] + dUMP[c]
H2O[c] + dCMP[c] <=>
Orthophosphate[c] +
Deoxycytidine[c]
dGTP[c] + Uridine[c] <=>
UMP[c] + dGDP[c]
dGTP[c] + Cytidine[c] <=>
CMP[c] + dGDP[c]
Orthophosphate[c] + Uridine[c]
<=> alpha-D-Ribose 1-

Ccel_2185

Purine metabolism

-1000

1000

5.4.99.18

Ccel_2167

Purine metabolism

0

1000

3.5.4.3

Ccel_1729

Pyrimidine metabolism

-1000

1000

2.7.4.14

Ccel_0291

Pyrimidine metabolism

-1000

1000

6.3.4.2

Ccel_0291

Pyrimidine metabolism

-1000

1000

6.3.4.2

Ccel_0444
or
Ccel_1729

Pyrimidine metabolism

-1000

1000

2.7.4.14|2.7.4.22

Ccel_1729

Pyrimidine metabolism

-1000

1000

2.7.4.14

Ccel_1435

Pyrimidine metabolism

-1000

1000

2.7.1.48

Pyrimidine metabolism

-1000

1000

2.7.4.9

Pyrimidine metabolism

-1000

1000

2.7.4.9

Ccel_1435

Pyrimidine metabolism

-1000

1000

2.7.1.48

Ccel_1435

Pyrimidine metabolism

-1000

1000

2.7.1.48

Ccel_1435

Pyrimidine metabolism

-1000

1000

2.7.1.48

Ccel_1803

Pyrimidine metabolism

-1000

1000

3.1.3.5

Ccel_1435

Pyrimidine metabolism

-1000

1000

2.7.1.48

Ccel_1435

Pyrimidine metabolism

-1000

1000

2.7.1.48

Ccel_1435

Pyrimidine metabolism

-1000

1000

2.7.1.48

Ccel_1435

Pyrimidine metabolism

-1000

1000

2.7.1.48

Ccel_1803

Pyrimidine metabolism

-1000

1000

3.1.3.5

Ccel_0260
or
Ccel_0611

Pyrimidine metabolism

-1000

1000

2.4.2.9

Ccel_1435

Pyrimidine metabolism

-1000

1000

2.7.1.48

Ccel_1435

Pyrimidine metabolism

-1000

1000

2.7.1.48

Ccel_0261

Pyrimidine metabolism

-1000

1000

3.5.4.12

Ccel_1803

Pyrimidine metabolism

-1000

1000

3.1.3.5

Ccel_1435

Pyrimidine metabolism

-1000

1000

2.7.1.48

Ccel_1435

Pyrimidine metabolism

-1000

1000

2.7.1.48

Ccel_1081

Pyrimidine metabolism

-1000

1000

2.4.2.3

Ccel_0156
or
Ccel_2513
Ccel_0156
or
Ccel_2513
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phosphate[c] + Uracil[c]
dihydroorotase
dihydroorotate
dehydrogenase
(fumarate)
orotate phosphoribosyl
transferase
thioredoxin-disulfide
reductase
5'-nucleotidase
cytosine deaminase
dCTP-uridine kinase
ribonucleosidetriphosphate reductase
dCTP-cytidine kinase
dTTP-uridine kinase
dTTP-cytidine kinase
dUTP diphosphatase
dUTP-uridine kinase
ribonucleosidetriphosphate reductase
dUTP-cytidine kinase
cytidine deaminase
pyrimidine-nucleoside
phosphorylase
deoxyuridine:orthophosp
hate ribosyltransferase
ribonucleosidediphosphate reductase
cytidine deaminase
orotidine-5'-phosphate
decarboxylase
ribonucleosidediphosphate reductase
cytosine deaminase
thymidine phosphorylase
pyruvate dehydrogenase
(acetyl-transferring)

	
  

H2O[c] + (S)-Dihydroorotate[c]
<=> N-Carbamoyl-L-aspartate[c]
Fumarate[c] + (S)Dihydroorotate[c] <=>
Succinate[c] + Orotate[c]
Orotate[c] + 5-Phospho-alpha-Dribose 1-diphosphate[c] <=>
Orotidine 5'-phosphate[c] +
Diphosphate[c]
NADP[c] + Thioredoxin[c] <=>
H+[c] + NADPH[c] +
Thioredoxin disulfide[c]
H2O[c] + dTMP[c] <=>
Orthophosphate[c] +
Thymidine[c]
H2O[c] + Cytosine[c] <=>
Ammonia[c] + Uracil[c]
Uridine[c] + dCTP[c] <=>
UMP[c] + dCDP[c]
H2O[c] + Thioredoxin
disulfide[c] + dCTP[c] <=>
Thioredoxin[c] + CTP[c]
Cytidine[c] + dCTP[c] <=>
CMP[c] + dCDP[c]
dTTP[c] + Uridine[c] <=>
UMP[c] + dTDP[c]
dTTP[c] + Cytidine[c] <=>
CMP[c] + dTDP[c]
H2O[c] + dUTP[c] <=>
Diphosphate[c] + dUMP[c]
Uridine[c] + dUTP[c] <=>
UMP[c] + dUDP[c]
H2O[c] + Thioredoxin
disulfide[c] + dUTP[c] <=>
UTP[c] + Thioredoxin[c]
Cytidine[c] + dUTP[c] <=>
CMP[c] + dUDP[c]
H2O[c] + Cytidine[c] <=>
Ammonia[c] + Uridine[c]
Orthophosphate[c] + Cytidine[c]
<=> alpha-D-Ribose 1phosphate[c] + Cytosine[c]
Orthophosphate[c] +
Deoxyuridine[c] <=> 2-Deoxy-Dribose 1-phosphate[c] + Uracil[c]
H2O[c] + Thioredoxin
disulfide[c] + dCDP[c] <=>
Thioredoxin[c] + CDP[c]
H2O[c] + Deoxycytidine[c] <=>
Ammonia[c] + Deoxyuridine[c]
Orotidine 5'-phosphate[c] <=>
CO2[c] + UMP[c]
H2O[c] + Thioredoxin
disulfide[c] + dUDP[c] <=>
Thioredoxin[c] + UDP[c]
H2O[c] + 5-Methylcytosine[c]
<=> Ammonia[c] + Thymine[c]
Orthophosphate[c] +
Thymidine[c] <=> Thymine[c] +
2-Deoxy-D-ribose 1-phosphate[c]
Pyruvate[c] + Thiamine
diphosphate[c] <=> CO2[c] + 2Hydroxyethyl-ThPP[c]

Ccel_0613

Pyrimidine metabolism

-1000

1000

3.5.2.3

Ccel_0618

Pyrimidine metabolism

-1000

1000

1.3.98.1

Ccel_0614

Pyrimidine metabolism

0

1000

2.4.2.10

Ccel_1779

Pyrimidine metabolism

-1000

1000

1.8.1.9

Ccel_1803

Pyrimidine metabolism

-1000

1000

3.1.3.5

Ccel_0909

Pyrimidine metabolism

-1000

1000

3.5.4.1

Ccel_1435

Pyrimidine metabolism

-1000

1000

2.7.1.48

Ccel_0702

Pyrimidine metabolism

-1000

1000

1.17.4.2

Ccel_1435

Pyrimidine metabolism

-1000

1000

2.7.1.48

Ccel_1435

Pyrimidine metabolism

-1000

1000

2.7.1.48

Ccel_1435

Pyrimidine metabolism

-1000

1000

2.7.1.48

Ccel_0177

Pyrimidine metabolism

-1000

1000

3.6.1.23

Ccel_1435

Pyrimidine metabolism

-1000

1000

2.7.1.48

Ccel_0702

Pyrimidine metabolism

-1000

1000

1.17.4.2

Ccel_1435

Pyrimidine metabolism

-1000

1000

2.7.1.48

Ccel_0578

Pyrimidine metabolism

-1000

1000

3.5.4.5

Ccel_1750

Pyrimidine metabolism

-1000

1000

2.4.2.2

Ccel_3381

Pyrimidine metabolism

-1000

1000

2.4.2.1

Ccel_2401

Pyrimidine metabolism

-1000

1000

1.17.4.1

Ccel_0578

Pyrimidine metabolism

-1000

1000

3.5.4.5

Ccel_0614

Pyrimidine metabolism

-1000

1000

4.1.1.23

Ccel_2401

Pyrimidine metabolism

-1000

1000

1.17.4.1

Ccel_0909

Pyrimidine metabolism

-1000

1000

3.5.4.1

Unassigned

Pyrimidine metabolism

-1000

1000

2.4.2.4

Ccel_3449
and
Ccel_3450

Pyruvate
metabolism|Valine,
leucine and isoleucine

-1000

1000

1.2.4.1

242

biosynthesis
pyruvate, water dikinase
acetate kinase
phosphate
acetyltransferase
pyruvate carboxylase
oxaloacetate
decarboxylase
acetaldehyde
dehydrogenase
(acetylating)
methylglyoxal synthase
malate dehydrogenase
(oxaloacetatedecarboxylating)
hydroxyacylglutathione
hydrolase
pyruvate-ferredoxin
oxidoreductase

indolepyruvate
ferredoxin
oxidoreductase

formate acetyltransferase
FAD synthetase
riboflavin kinase

GTP cyclohydrolase II
3,4-dihydroxy-2butanone-4-phosphate
synthase
diaminohydroxyphosphor
ibosylaminopyrimidine
deaminase
5-amino-6-(5phosphoribosylamino)ura
cil reductase
6,7-dimethyl-8ribityllumazine synthase

	
  

H2O[c] + ATP[c] + Pyruvate[c]
<=> AMP[c] + Orthophosphate[c]
+ Phosphoenolpyruvate[c]
ATP[c] + Acetate[c] <=> ADP[c]
+ Acetyl phosphate[c]
Orthophosphate[c] + AcetylCoA[c] <=> CoA[c] + Acetyl
phosphate[c]
ATP[c] + Bicarbonate[c] +
Pyruvate[c] <=> Oxaloacetate[c]
+ ADP[c] + Orthophosphate[c]
Oxaloacetate[c] <=> CO2[c] +
Pyruvate[c]
NAD[c] + CoA[c] +
Acetaldehyde[c] <=> H+[c] +
NADH[c] + Acetyl-CoA[c]
Glycerone phosphate[c] <=>
Orthophosphate[c] +
Methylglyoxal[c]
NAD[c] + L-Malate[c] <=> H+[c]
+ CO2[c] + NADH[c] +
Pyruvate[c]
H2O[c] + (R)-SLactoylglutathione[c] <=>
Glutathione[c] + D-lactate[c]
(2) H+[c] + CO2[c] + AcetylCoA[c] + (2) Reduced
ferredoxin[c] <=> CoA[c] +
Pyruvate[c] + (2) Oxidized
ferredoxin[c]
CoA[c] + Oxidized ferredoxin[c]
+ Indolepyruvate[c] <=> CO2[c]
+ Reduced ferredoxin[c] + S-2(Indol-3-yl)acetyl-CoA[c]
Acetyl-CoA[c] + Formate[c] <=>
CoA[c] + Pyruvate[c]
ATP[c] + FMN[c] <=>
Diphosphate[c] + FAD[c]
ATP[c] + Riboflavin[c] <=>
ADP[c] + FMN[c]
3 H2O[c] + GTP[c] <=>
Diphosphate[c] + Formate[c] +
2,5-Diamino-6-(5'phosphoribosylamino)-4pyrimidineone[c]
D-Ribulose 5-phosphate[c] <=>
Formate[c] + 3,4-Dihydroxy-2butanone 4-phosphate[c]
H2O[c] + 2,5-Diamino-6-(5'phosphoribosylamino)-4pyrimidineone[c] <=>
Ammonia[c] + 5-Amino-6-(5'phosphoribosylamino)uracil[c]
NADP[c] + 5-Amino-6-(5'phosphoribitylamino)uracil[c]
<=> H+[c] + NADPH[c] + 5Amino-6-(5'phosphoribosylamino)uracil[c]
3,4-Dihydroxy-2-butanone 4phosphate[c] + 5-Amino-6-(1-D-

Ccel_2388

Pyruvate metabolism

0

1000

2.7.9.2

Ccel_2136

Pyruvate metabolism

-1000

1000

2.7.2.1

Ccel_2137

Pyruvate metabolism

-1000

1000

2.3.1.8

Ccel_0932

Pyruvate metabolism

0

1000

6.4.1.1

Ccel_1736

Pyruvate metabolism

0

1000

4.1.1.3

Ccel_3198

Pyruvate metabolism

-1000

1000

1.2.1.10

Ccel_1391
or
Ccel_2556

Pyruvate metabolism

-1000

1000

4.2.3.3

Ccel_0138

Pyruvate metabolism

0

1000

1.1.1.38

Ccel_0851

Pyruvate metabolism

-1000

1000

3.1.2.6

Ccel_0556
or
Ccel_1390

Pyruvate metabolism

-1000

1000

1.2.7.1

(Ccel_0667
and
Ccel_0668)
or
(Ccel_1389
and
Ccel_1390)

Pyruvate metabolism

-1000

1000

1.2.7.8

Ccel_2582

Pyruvate metabolism

-1000

1000

2.3.1.54

Ccel_0461

Riboflavin metabolism

-1000

1000

2.7.7.2

Ccel_0461

Riboflavin metabolism

-1000

1000

2.7.1.26

Ccel_2004

Riboflavin metabolism

-1000

1000

3.5.4.25

Ccel_2004

Riboflavin metabolism

-1000

1000

4.1.99.12

Ccel_2006

Riboflavin metabolism

-1000

1000

3.5.4.26

Ccel_2006

Riboflavin metabolism

-1000

1000

1.1.1.193

Ccel_2003

Riboflavin metabolism

-1000

1000

2.5.1.78
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riboflavin synthase

ribitylamino)uracil[c] <=> 2
H2O[c] + Orthophosphate[c] +
6,7-Dimethyl-8-(1-Dribityl)lumazine[c]
(2) 6,7-Dimethyl-8-(1-Dribityl)lumazine[c] <=>
Riboflavin[c] + 5-Amino-6-(1-Dribitylamino)uracil[c]
ATP[c] + Selenomethionine[c] +
tRNA(Met)[c] <=> AMP[c] +
Diphosphate[c] +
Selenomethionyl-tRNA(Met)[c]
O-Acetyl-L-serine[c] + Hydrogen
selenide[c] <=> Acetate[c] + LSelenocysteine[c] + (2) H+[c]
S-Adenosyl-L-methionine[c] +
Selenohomocysteine[c] <=> SAdenosyl-L-homocysteine[c] +
Selenomethionine[c] + H+[c]
H2O[c] + LSelenocystathionine[c] <=>
Ammonia[c] + Pyruvate[c] +
Selenohomocysteine[c]
O-Succinyl-L-homoserine[c] + LSelenocysteine[c] <=>
Succinate[c] + H+[c] + LSelenocystathionine[c]
Selenite[c] + (3) NADPH[c] + (5)
H+[c] <=> Hydrogen selenide[c]
+ (3) NADP+[c] + (3) H2O[c]
H2O[c] + beta-D-Galactosyl-1,4beta-D-glucosylceramide[c] <=>
D-Galactose[c] +
Glucosylceramide[c]

Ccel_2005

Riboflavin metabolism

-1000

1000

2.5.1.9

Ccel_0205
or
Ccel_1098

Selenoamino acid
metabolism

-1000

1000

6.1.1.10

Ccel_0413
and
Ccel_3186

Selenoamino acid
metabolism

-1000

1000

2.5.1.47

Unassigned

Selenoamino acid
metabolism

-1000

1000

2.1.1.10|2.1.1.13

Ccel_3185

Selenoamino acid
metabolism

-1000

1000

4.4.1.8

Unassigned

Selenoamino acid
metabolism

-1000

1000

2.5.1.48

Ccel_0360

Selenoamino acid
metabolism

0

1000

1.8.1.9

Ccel_1013
or
Ccel_1239

Sphingolipid
metabolism

-1000

1000

3.2.1.23

alpha-galactosidase

H2O[c] +
Digalactosylceramide[c] <=> DGalactose[c] +
Galactosylceramide[c]

Ccel_1002
or
Ccel_1597
or
Ccel_3426

Sphingolipid
metabolism

-1000

1000

3.2.1.22

phosphorylase

(4) Orthophosphate[c] +
Glycogen[c] => (4) D-Glucose 1phosphate[c] + H2O[c]

Ccel_2215

Starch and sucrose
metabolism

0

1000

2.4.1.1

starch synthase

(4) ADP-glucose[c] + H2O[c] =>
(4) ADP[c] + Glycogen[c]

Ccel_1334
or
Ccel_1888

Starch and sucrose
metabolism

0

1000

2.4.1.21

betaphosphoglucomutase

beta-D-Glucose 1-phosphate[c]
<=> beta-D-Glucose 6phosphate[c]

Ccel_3242

Starch and sucrose
metabolism

-1000

1000

5.4.2.6

1,4-alpha-glucan
branching enzyme

Amylose[c] <=> Starch[c]

Ccel_0053

Starch and sucrose
metabolism

0

0

2.4.1.18

Unassigned

Sulfur reduction and
fixation

0

1000

2.7.7.4

Unassigned

Sulfur reduction and
fixation

0

1000

2.7.1.25

Unassigned

Sulfur reduction and
fixation

0

1000

1.8.4.8

Unassigned

Sulfur reduction and
fixation

0

1000

1.8.1.2

methionine-tRNA ligase

selenocysteine synthase
homocysteine Smethyltransferase

cystathionine beta-lyase

cystathionine gammasynthase
Hydrogen
selenide:NADP+
oxidoreductase
beta-galactosidase

sulfate
adenylyltransferase
adenylyl-sulfate kinase

phosphoadenylyl-sulfate
reductase (thioredoxin)
sulfite reductase
(NADPH)

	
  

ATP[c] + Sulfate[c] + H+[c] <=>
Diphosphate[c] + Adenylyl
sulfate[c]
ATP[c] + Adenylyl sulfate[c] <=>
ADP[c] + 3'-Phosphoadenylyl
sulfate[c] + H+[c]
3'-Phosphoadenylyl sulfate[c] +
Thioredoxin[c] <=>
Phosphoadenosine phosphate[c] +
H+[c] + Sulfite[c] + Thioredoxin
disulfide[c]
(3) NADPH[c] + H+[c] +
Sulfite[c] <=> (3) H2O[c] + (3)
NADP[c] + Hydrogen sulfide[c]
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cysteate decarboxylase
3-Sulfino-L-alanine
decarboxylase
1-deoxy-D-xylulose-5phosphate synthase
4-hydroxy-3-methylbut2-enyl diphosphate
reductase
4-hydroxy-3-methylbut2-enyl diphosphate
reductase
4-hydroxy-3-methylbut2-enyl diphosphate
reductase
Dimethylallyl
transtransferase

geranyltranstransferase

farnesyltranstransferase

heptaprenyl diphosphate
synthase

ditrans,polycisdecaprenylcistransferase
1-deoxy-D-xylulose-5phosphate
reductoisomerase
2-C-methyl-D-erythritol
4-phosphate
cytidylyltransferase

4-(cytidine 5'diphospho)-2-C-methylD-erythritol kinase

2-C-methyl-D-erythritol
2,4-cyclodiphosphate
synthase
(E)-4-hydroxy-3-

	
  

L-Cysteate[c] <=> CO2[c] +
Taurine[c]
3-Sulfino-L-alanine[c] <=>
CO2[c] + Hypotaurine[c]
Pyruvate[c] + D-Glyceraldehyde
3-phosphate[c] <=> CO2[c] + 1Deoxy-D-xylulose 5-phosphate[c]
H2O[c] + NAD[c] + Isopentenyl
diphosphate[c] <=> H+[c] +
NADH[c] + 1-Hydroxy-2-methyl2-butenyl 4-diphosphate[c]
H2O[c] + NAD[c] +
Dimethylallyl diphosphate[c] <=>
H+[c] + NADH[c] + 1-Hydroxy2-methyl-2-butenyl 4diphosphate[c]
H2O[c] + NADP[c] +
Dimethylallyl diphosphate[c] <=>
H+[c] + NADPH[c] + 1Hydroxy-2-methyl-2-butenyl 4diphosphate[c]
Isopentenyl diphosphate[c] +
Dimethylallyl diphosphate[c] <=>
Diphosphate[c] + Geranyl
diphosphate[c]
Isopentenyl diphosphate[c] +
Geranyl diphosphate[c] <=>
Diphosphate[c] + trans,transFarnesyl diphosphate[c]
Isopentenyl diphosphate[c] +
trans,trans-Farnesyl
diphosphate[c] <=>
Diphosphate[c] + Geranylgeranyl
diphosphate[c]
Isopentenyl diphosphate[c] + alltrans-Hexaprenyl diphosphate[c]
<=> Diphosphate[c] + all-transHeptaprenyl diphosphate[c]
7 Isopentenyl diphosphate[c] +
trans,trans,cis-Geranylgeranyl
diphosphate[c] <=> 7
Diphosphate[c] + UndecaprenylPP[c]
NADP[c] + 2-C-Methyl-Derythritol 4-phosphate[c] <=>
H+[c] + NADPH[c] + 1-DeoxyD-xylulose 5-phosphate[c]
CTP[c] + 2-C-Methyl-Derythritol 4-phosphate[c] <=>
Diphosphate[c] + 4-(Cytidine 5'diphospho)-2-C-methyl-Derythritol[c]
ATP[c] + 4-(Cytidine 5'diphospho)-2-C-methyl-Derythritol[c] <=> ADP[c] + 2Phospho-4-(cytidine 5'diphospho)-2-C-methyl-Derythritol[c]
2-Phospho-4-(cytidine 5'diphospho)-2-C-methyl-Derythritol[c] <=> CMP[c] + 2-CMethyl-D-erythritol 2,4cyclodiphosphate[c]
(2) Reduced ferredoxin[c] + 2-C-

Ccel_0981
Ccel_0981

Taurine and hypotaurine
metabolism
Taurine and hypotaurine
metabolism

-1000

1000

4.1.1.15

-1000

1000

4.1.1.15

Ccel_1900

Terpenoid backbone
biosynthesis

-1000

1000

2.2.1.7

Ccel_1728

Terpenoid backbone
biosynthesis

-1000

1000

1.17.1.2

Ccel_1728

Terpenoid backbone
biosynthesis

-1000

1000

1.17.1.2

Ccel_1728

Terpenoid backbone
biosynthesis

-1000

1000

1.17.1.2

Ccel_1902

Terpenoid backbone
biosynthesis

-1000

1000

2.5.1.1

Ccel_1902

Terpenoid backbone
biosynthesis

-1000

1000

2.5.1.10

Ccel_1902

Terpenoid backbone
biosynthesis

-1000

1000

2.5.1.29

Ccel_1115
or
Ccel_1525
or
Ccel_1526

Terpenoid backbone
biosynthesis

-1000

1000

2.5.1.30

Ccel_0447

Terpenoid backbone
biosynthesis

-1000

1000

2.5.1.31

Ccel_0449

Terpenoid backbone
biosynthesis

-1000

1000

1.1.1.267

Ccel_0342

Terpenoid backbone
biosynthesis

-1000

1000

2.7.7.60

Ccel_0022

Terpenoid backbone
biosynthesis

-1000

1000

2.7.1.148

Ccel_0344

Terpenoid backbone
biosynthesis

-1000

1000

4.6.1.12

Ccel_0451

Terpenoid backbone

-1000

1000

1.17.7.1
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methylbut-2-enyldiphosphate synthase

4-hydroxy-3-methylbut2-enyl diphosphate
reductase
thiamine-phosphate
kinase
thiamine
diphosphokinase
thiamine
diphosphokinase
Hydroxymethyl
pyrimidine kinase

hydroxyethylthiazole
kinase

Phosphomethyl
pyrimidine kinase

Phosphomethyl
pyrimidine synthase

thiamine-phosphate
diphosphorylase

cysteine desulfurase

Unassigned

2-iminoacetate synthase

	
  

Methyl-D-erythritol 2,4cyclodiphosphate[c] <=> H2O[c]
+ (2) Oxidized ferredoxin[c] + 1Hydroxy-2-methyl-2-butenyl 4diphosphate[c]
H+[c] + NADPH[c] + 1Hydroxy-2-methyl-2-butenyl 4diphosphate[c] <=> H2O[c] +
NADP[c] + Isopentenyl
diphosphate[c]
ATP[c] + Thiamine
monophosphate[c] <=> ADP[c] +
Thiamine diphosphate[c]
ATP[c] + Thiamine
diphosphate[c] <=> ADP[c] +
Thiamine triphosphate[c]
ATP[c] + Thiamine[c] <=>
AMP[c] + Thiamine
diphosphate[c]
ATP[c] + 4-Amino-5hydroxymethyl-2methylpyrimidine[c] <=> ADP[c]
+ 4-Amino-2-methyl-5phosphomethylpyrimidine[c]
ATP[c] + 5-(2-Hydroxyethyl)-4methylthiazole[c] <=> ADP[c] +
4-Methyl-5-(2-phosphoethyl)thiazole[c]
ATP[c] + 4-Amino-2-methyl-5phosphomethylpyrimidine[c] <=>
ADP[c] + 2-Methyl-4-amino-5hydroxymethylpyrimidine
diphosphate[c]
4-Amino-5-hydroxymethyl-2methylpyrimidine[c] + 5'deoxyadenosine[c] + LMethionine[c] + Formate[c] +
CO[c] <=> Aminoimidazole
ribotide[c] + S-Adenosyl-Lmethionine[c]
4-Methyl-5-(2-phosphoethyl)thiazole[c] + 2-Methyl-4-amino5-hydroxymethylpyrimidine
diphosphate[c] <=>
Diphosphate[c] + Thiamine
monophosphate[c]
L-Cysteine[c] + ATP[c] + Iron[c]
+ Pyridoxal phosphate[c] +
Reduced ferredoxin[c] + Reduced
thioredoxin[c] + Thiamine
biosynthesis intermediate 2[c]
<=> L-Alanine[c] + ADP[c] +
Orthophosphate[c] + Oxidized
ferredoxin[c] + Oxidized
thioredoxin[c] + Thiamine
biosynthesis intermediate 3[c]
Thiamine biosynthesis
intermediate 3[c] + Thiamine
biosynthesis intermediate 4[c]
<=> Thiamine biosynthesis
intermediate 5[c]
L-Tyrosine[c] + 1-Deoxy-Dxylulose 5-phosphate[c] +
Thiamine biosynthesis
intermediate 6[c] <=> 4-Methyl-

biosynthesis

Ccel_1728

Terpenoid backbone
biosynthesis

-1000

1000

1.17.1.2

Ccel_0465

Thiamine metabolism

-1000

1000

2.7.4.16

Ccel_1538

Thiamine metabolism

-1000

1000

2.7.6.2

Ccel_1538

Thiamine metabolism

-1000

1000

2.7.6.2

Ccel_1992

Thiamine metabolism

-1000

1000

2.7.1.49

Ccel_1990

Thiamine metabolism

-1000

1000

2.7.1.50

Ccel_1992

Thiamine metabolism

-1000

1000

2.7.4.7

Ccel_1991

Thiamine metabolism

-1000

1000

4.1.99.17

Ccel_1989

Thiamine metabolism

-1000

1000

2.5.1.3

Ccel_1684
and
Ccel_1876
and
Ccel_1932

Thiamine metabolism

-1000

1000

2.8.1.7

Ccel_1683

Thiamine metabolism

-1000

1000

Unassigned

Ccel_3104

Thiamine metabolism

-1000

1000

4.1.99.19

246

5-(2-phosphoethyl)-thiazole[c]
2-Oxoglutarate
transporter
4-Aminobenzoate
transporter
Acetate transporter
Ammonia transporter
Biotin transporter
Boricin transporter

2-Oxoglutarate[c] + Sodium[c]
<=> 2-Oxoglutarate[e] +
Sodium[e]
H+[e] + 4-Aminobenzoate[e] <=>
H+[c] + 4-Aminobenzoate[c]
H+[e] + Acetate[e] <=> H+[c] +
Acetate[c]
H+[c] + Ammonia[e] <=>
Ammonia[c] + H+[e]
H+[e] + Biotin[e] <=> H+[c] +
Biotin[c]
Boricin[e] <=> Boricin[c]

Unassigned

Transport reactions

0

1000

Unassigned

Unassigned

Transport reactions

-1000

0

Unassigned

Unassigned

Transport reactions

-1000

0

Unassigned

Unassigned

Transport reactions

0

1000

Unassigned

Ccel_3231

Transport reactions

0

1000

Unassigned

Unassigned
Ccel_0294
or
Ccel_1038
or
Ccel_2465
Ccel_2086
or
Ccel_2489

Transport reactions

0

1000

Unassigned

Transport reactions

-1000

1000

3.6.3.8

Transport reactions

-1000

1000

Unassigned

CO2[c] <=> CO2[e]

Unassigned

Transport reactions

0

1000

Unassigned

Cellobiose[e] <=> Cellobiose[z]

Unassigned

Transport reactions

0

1000

Unassigned

Unassigned

Transport reactions

0

1000

Unassigned

Unassigned

Transport reactions

0

1000

Unassigned

Unassigned

Transport reactions

0

1000

Unassigned

Unassigned

Transport reactions

0

1000

Unassigned

Calcium transporting
ATPase

ATP[c] + H2O[c] + Calcium[c]
<=> ADP[c] + Orthophosphate[c]
+ Calcium[e]

Calcium-sodium
antiporter

Sodium[c] + Calcium[e] =>
Sodium[e] + Calcium[c]

Carbon dioxide
transporter
Cellobiose Transport to
Cellulosome
Cellodextrin Transport

Cellodextrin Transport

Cellodextrin Transport

Cellodextrin Transport

2 H2O[c] + 2 ATP[c] + DGlucose[e] => 2 H+[c] + 2
ADP[c] + 2 Orthophosphate[c] +
D-Glucose[c]
2 H2O[c] + 2 ATP[c] +
Cellobiose[e] => 2 H+[c] + 2
ADP[c] + 2 Orthophosphate[c] +
Cellobiose[c]
2 H2O[c] + 2 ATP[c] +
Cellotriose[z] => 2 H+[c] + 2
ADP[c] + 2 Orthophosphate[c] +
Cellotriose[c]
2 H2O[c] + 2 ATP[c] +
Cellotetraose[z] => 2 H+[c] + 2
ADP[c] + 2 Orthophosphate[c] +
Cellotetraose[c]

Cellulose Transport to
Cellulosome

Cellulose[e] <=> Cellulose[z]

Unassigned

Transport reactions

0

1000

Unassigned

Chloride transporter

H+[e] + Chloride[e] <=> H+[c] +
Chloride[c]

Ccel_0900

Transport reactions

-1000

1000

Unassigned

H2O[c] + ATP[c] + Cobalt[e]
<=> H+[c] + ADP[c] +
Orthophosphate[c] + Cobalt[c]

(Ccel_1182
and
Ccel_1183
and
Ccel_1184)
or
(Ccel_1266
and
Ccel_1268
and
Ccel_1269)

Transport reactions

0

1000

Unassigned

Ccel_0900

Transport reactions

-1000

1000

Unassigned

Ccel_0746

Transport reactions

-1000

1000

3.6.3.4

Unassigned

Transport reactions

0

1000

Unassigned

Unassigned

Transport reactions

0

1000

Unassigned

Cobalt transport via ABC
system

Copper transporter
Copper exporting
ATPase
Cyanocobalamin
transporter
D-Glucose PTS

	
  

H+[e] + Copper[e] <=> H+[c] +
Copper[c]
ATP[c] + H2O[c] + Copper[c]
<=> ADP[c] + Orthophosphate[c]
+ Copper[e]
Cyanocobalamin[e] <=>
Cyanocobalamin[c]
H+[c] + Phosphoenolpyruvate[c]
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transporter

D-Glucose transporter
D-Ribose transport via
ABC system
Ethanol transporter
Exopolysaccharides
transporter
Formate transporter
Glucose Transport from
Cellulosome into the Cell
Glycerol transporter
Glycine transporting
ATPase
Hydrogen transporter

iron-chelate-transporting
ATPase

L-Glutamate transporter
L-Glutamine transporting
ATPase
L-Isoleucine transporter
L-lactate transporter
L-Leucine transporter
L-Lysine transporter
L-Lysine transporter
L-Malate transporter
L-Malate transporter
L-Methionine
transporting ATPase
L-Proline transporting
ATPase
L-Threonine transporter
L-Valine transporter

	
  

+ D-Glucose[e] <=> Pyruvate[c]
+ alpha-D-Glucose 6phosphate[c]
H+[e] + D-Glucose[e] <=> H+[c]
+ D-Glucose[c]
H2O[c] + ATP[c] + D-Ribose[e]
<=> H+[c] + ADP[c] +
Orthophosphate[c] + D-Ribose[c]
Ethanol[e] <=> Ethanol[c]
Exopolysaccharides[c] =>
Exopolysaccharides[e]
H+[c] + Formate[e] <=>
Formate[c] + H+[e]

Unassigned

Transport reactions

0

1000

Unassigned

Ccel_1984

Transport reactions

0

1000

3.A.1.2.1

Unassigned

Transport reactions

-1000

0

Unassigned

Unassigned

Transport reactions

0

1000

Unassigned

Unassigned

Transport reactions

-1000

0

Unassigned

D-Glucose[z] <=> D-Glucose[c]

Unassigned

Transport reactions

0

1000

Unassigned

Glycerol[e] <=> Glycerol[c]
H2O[c] + ATP[c] + Glycine[e]
<=> H+[c] + ADP[c] +
Orthophosphate[c] + Glycine[c]
Hydrogen[e] <=> Hydrogen[c]

Unassigned

Transport reactions

-1000

0

Unassigned

Unassigned

Transport reactions

-1000

0

Unassigned

Unassigned
(Ccel_2660
and
Ccel_2661
and
Ccel_2662
and
Ccel_2663)
or
(Ccel_3202
and
Ccel_3203
and
Ccel_3204)

Transport reactions

-1000

1000

Unassigned

Transport reactions

0

1000

3.6.3.34

Unassigned

Transport reactions

-1000

1000

Unassigned

Unassigned

Transport reactions

-1000

1000

Unassigned

Unassigned

Transport reactions

-1000

1000

Unassigned

Ccel_1757

Transport reactions

-1000

0

Unassigned

Unassigned

Transport reactions

-1000

1000

Unassigned

Unassigned

Transport reactions

-1000

1000

Unassigned

Unassigned

Transport reactions

-1000

1000

Unassigned

Unassigned

Transport reactions

-1000

1000

Unassigned

Unassigned

Transport reactions

-1000

1000

Unassigned

Unassigned

Transport reactions

-1000

1000

Unassigned

Unassigned

Transport reactions

-1000

1000

Unassigned

Unassigned

Transport reactions

-1000

1000

Unassigned

Unassigned

Transport reactions

-1000

1000

Unassigned

H2O[c] + ATP[c] + Iron[e] <=>
ADP[c] + Orthophosphate[c] +
Iron[c]

H+[e] + L-Glutamate[e] <=> LGlutamate[c] + H+[c]
H2O[c] + ATP[c] + LGlutamine[e] <=> LGlutamine[c] + H+[c] + ADP[c] +
Orthophosphate[c]
H+[e] + L-Isoleucine[e] <=>
H+[c] + L-Isoleucine[c]
H+[e] + L-lactate[e] <=> H+[c] +
L-lactate[c]
H+[e] + L-Leucine[e] <=> H+[c]
+ L-Leucine[c]
H+[e] + L-Lysine[e] <=> H+[c] +
L-Lysine[c]
L-Lysine[c] + H+[e] <=> H+[c] +
L-Lysine[e]
H+[e] + L-Malate[e] <=> H+[c] +
L-Malate[c]
L-Malate[c] + Sodium[c] <=> LMalate[e] + Sodium[e]
H2O[c] + ATP[c] + LMethionine[e] <=> H+[c] +
ADP[c] + Orthophosphate[c] + LMethionine[c]
H2O[c] + ATP[c] + L-Proline[e]
<=> H+[c] + ADP[c] +
Orthophosphate[c] + L-Proline[c]
L-Threonine[c] + H+[e] <=>
H+[c] + L-Threonine[e]
H+[e] + L-Valine[e] <=> H+[c] +
L-Valine[c]
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Magnesium transporter
Manganese transporter
Molybdate transporting
ATPase
Nickel transporter
Nitrate transporter
Nitrate transporting
ATPase
Nitrogen transporter
Phosphate transporter

H+[e] + Magnesium[e] <=>
H+[c] + Magnesium[c]
H+[e] + Manganese[e] <=> H+[c]
+ Manganese[c]
H2O[c] + ATP[c] + Molybdate[e]
<=> H+[c] + ADP[c] +
Orthophosphate[c] +
Molybdate[c]
H+[e] + Nickel[e] <=> H+[c] +
Nickel[c]
H+[e] + Nitrate[c] <=> H+[c] +
Nitrate[e]
H2O[c] + ATP[c] + Nitrate[e]
<=> H+[c] + ADP[c] +
Orthophosphate[c] + Nitrate[c]
Nitrogen[e] <=> Nitrogen[c]
Orthophosphate[e] <=>
Orthophosphate[c]

phosphate-transporting
ATPase

ATP[c] + H2O[c] +
Orthophosphate[e] <=> ADP[c] +
Orthophosphate[c] +
Orthophosphate[c]

polyamine-transporting
ATPase

H2O[c] + ATP[c] + Putrescine[e]
<=> H+[c] + ADP[c] +
Orthophosphate[c] +
Putrescine[c]

polyamine-transporting
ATPase

H2O[c] + ATP[c] +
Spermidine[e] <=> H+[c] +
ADP[c] + Orthophosphate[c] +
Spermidine[c]

Ccel_0900

Transport reactions

-1000

1000

Unassigned

Ccel_0900

Transport reactions

-1000

1000

Unassigned

Ccel_1599
and
Ccel_1600

Transport reactions

-1000

1000

Unassigned

Ccel_0900

Transport reactions

-1000

1000

Unassigned

Unassigned

Transport reactions

-1000

0

Unassigned

Unassigned

Transport reactions

0

1000

Unassigned

Unassigned

Transport reactions

-1000

1000

Unassigned

Ccel_2117

Transport reactions

-1000

1000

Unassigned

Transport reactions

-1000

1000

3.6.3.27

Transport reactions

-1000

1000

3.6.3.31

Transport reactions

-1000

1000

3.6.3.31

Unassigned

Transport reactions

0

1000

Unassigned

Ccel_2101
and
Ccel_2102
and
Ccel_2103
and
Ccel_2104
Ccel_0889
and
Ccel_0890
and
Ccel_0891
and
Ccel_0892
Ccel_0889
and
Ccel_0890
and
Ccel_0891
and
Ccel_0892

Potassium transporter

H+[e] + Potassium[e] <=> H+[c]
+ Potassium[c]
Potassium[e] <=> Potassium[c]

Ccel_2080

Transport reactions

-1000

1000

Unassigned

Riboflavin transporter

Riboflavin[e] <=> Riboflavin[c]

Unassigned

Transport reactions

0

1000

Unassigned

Selenite transporter

Selenite[e] <=> Selenite[c]
Sodium[e] + Orthophosphate[e]
<=> Orthophosphate[c] +
Sodium[c]

Unassigned

Transport reactions

-1000

1000

Unassigned

Unassigned

Transport reactions

0

0

Unassigned

Ccel_2498
or
Ccel_2570

Transport reactions

0

1000

Unassigned

Ccel_1178

Transport reactions

0

1000

Unassigned

Unassigned

Transport reactions

0

1000

Unassigned

Unassigned

Transport reactions

-1000

1000

3.6.3.25

Ccel_2120

Transport reactions

-1000

1000

Unassigned

Unassigned

Transport reactions

-1000

0

Unassigned

Unassigned

Transport reactions

-1000

1000

Unassigned

Potassium transporter

Sodium transporter
Sodium transporter
Sodium transporter
Succinate transporter
Sulfate transporter
Thiamine transporter
transporter
transporter

	
  

H+[e] + Sodium[e] <=> H+[c] +
Sodium[c]
H2O[c] + ATP[c] + Sodium[e]
<=> H+[c] + ADP[c] +
Orthophosphate[c] + Sodium[c]
H+[c] + Succinate[c] <=> H+[e]
+ Succinate[e]
H2O[c] + ATP[c] + Sulfate[e]
<=> H+[c] + ADP[c] +
Orthophosphate[c] + Sulfate[c]
Thiamine[e] => Thiamine[c]
H+[e] + D-Gluconic acid[e] <=>
H+[c] + D-Gluconic acid[c]
H+[e] + Uracil[e] <=> H+[c] +
Uracil[c]
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transporter

transporter

transporter
transporter
transporter
transporter
transporter
transporter
transporter
transporter
transporter
transporter
Unassigned
Unassigned
Xanthine transporter
Xanthine transporter

0.06 H+[c] +
Phosphoenolpyruvate[c] + DFructose[e] <=> D-Fructose 6phosphate[c] + Pyruvate[c]
0.04 H+[c] +
Phosphoenolpyruvate[c] + DFructose[e] <=> Pyruvate[c] + DFructose 1-phosphate[c]
0.06 H+[c] +
Phosphoenolpyruvate[c] + DMannose[e] <=> D-Mannose 6phosphate[c] + Pyruvate[c]
H2O[e] <=> H2O[c]
H+[e] + Pyruvate[e] <=> H+[c] +
Pyruvate[c]
Reduced ferredoxin[e] <=>
Reduced ferredoxin[c]
Thioredoxin[e] <=>
Thioredoxin[c]
Acetoacetyl-CoA[c] + Acetate[e]
<=> Acetyl-CoA[c] +
Acetoacetate[c]
H+[c] + indole-3-acetate[c] =>
H+[e] + indole-3-acetate[e]
H+[e] + Zinc[e] <=> H+[c] +
Zinc[c]
1-Pyrroline[c] + H+[c] <=> 1Pyrroline[e] + H+[e]
4-Aminobutanoate[c] + H+[c]
<=> 4-Aminobutanoate[e] +
H+[e]
Cobalt[e] => Cobalt[c]
sn-Glycerol 3-phosphate[c] +
H+[c] <=> sn-Glycerol 3phosphate[e] + H+[e]
H+[e] + Xanthine[e] <=> H+[c] +
Xanthine[c]
Uracil[e] + Xanthine[e] <=>
Xanthine[c] + Uracil[c]

Unassigned

Transport reactions

0

1000

3.A.1.2.7

Unassigned

Transport reactions

0

1000

3.A.1.2.7

Unassigned

Transport reactions

0

1000

3.A.1.2.7

Unassigned

Transport reactions

-1000

1000

Unassigned

Unassigned

Transport reactions

-1000

0

Unassigned

Unassigned

Transport reactions

-1000

1000

Unassigned

Unassigned

Transport reactions

-1000

1000

Unassigned

Unassigned

Transport reactions

-1000

1000

Unassigned

Ccel_2186

Transport reactions

0

1000

Unassigned

Ccel_0256
or
Ccel_1427

Transport reactions

-1000

1000

Unassigned

Unassigned

Transport reactions

0

1000

Unassigned

Unassigned

Transport reactions

0

1000

Unassigned

Ccel_1267
or
Ccel_0792

Transport reactions

-1000

1000

Unassigned

Unassigned

Transport reactions

0

1000

Unassigned

Ccel_0209

Transport reactions

-1000

1000

Unassigned

Ccel_0485

Transport reactions

-1000

1000

Unassigned

Xylan Transport to
Cytoplasm

Xylan[e] <=> Xylan[c]

Unassigned

Transport reactions

0

1000

Unassigned

D-Xylose transport via
ABC system

H2O[c] + ATP[c] + D-Xylose[e]
<=> H+[c] + ADP[c] +
Orthophosphate[c] + D-Xylose[c]

Ccel_0054

Transport reactions

0

1000

3.A.1.2.4|3.A.1.2.5

ATP[c] + H2O[c] + Zinc[c] <=>
ADP[c] + Orthophosphate[c] +
Zinc[e]

Ccel_0234
and
Ccel_1156
and
Ccel_3413
and
Ccel_3414

Transport reactions

-1000

1000

3.6.3.5

Ccel_1411

Tryptophan metabolism

-1000

1000

6.1.1.2

Ccel_1778

Tryptophan metabolism

0

0

1.4.3.4

Ccel_1778

Tryptophan metabolism

0

0

1.4.3.4

Zinc exporting ATPase

tryptophan-tRNA ligase

monoamine oxidase
monoamine oxidase

	
  

ATP[c] + L-Tryptophan[c] +
tRNA(Trp)[c] <=> AMP[c] +
Diphosphate[c] + LTryptophanyl-tRNA(Trp)[c]
H2O[c] + Oxygen[c] +
Tryptamine[c] <=> Ammonia[c]
+ H2O2[c] + Indole-3acetaldehyde[c]
H2O[c] + Oxygen[c] +
Serotonin[c] <=> Ammonia[c] +
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monoamine oxidase

monoamine oxidase

tyrosine decarboxylase
tyrosine decarboxylase

monoamine oxidase

monoamine oxidase

monoamine oxidase

monoamine oxidase

alcohol dehydrogenase

monoamine oxidase

monoamine oxidase

monoamine oxidase

H2O2[c] + 5Hydroxyindoleacetaldehyde[c]
Oxygen[c] + 3Hydroxykynurenamine[c] <=>
Ammonia[c] + H2O2[c] + 4,8Dihydroxyquinoline[c]
Oxygen[c] + 5Hydroxykynurenamine[c] <=>
H2O[c] + Ammonia[c] +
H2O2[c] + 4,6Dihydroxyquinoline[c]
L-Tyrosine[c] <=> CO2[c] +
Tyramine[c]
3,4-Dihydroxy-Lphenylalanine[c] <=> CO2[c] +
Dopamine[c]
H2O[c] + Oxygen[c] +
Tyramine[c] <=> Ammonia[c] +
H2O2[c] + 4Hydroxyphenylacetaldehyde[c]
H2O[c] + Oxygen[c] + LNoradrenaline[c] <=>
Ammonia[c] + H2O2[c] + 3,4Dihydroxymandelaldehyde[c]
H2O[c] + Oxygen[c] + LAdrenaline[c] <=> H2O2[c] +
3,4-Dihydroxymandelaldehyde[c]
+ Methylamine[c]
H2O[c] + Oxygen[c] +
Dopamine[c] <=> Ammonia[c] +
H2O2[c] + 3,4Dihydroxyphenylacetaldehyde[c]
NAD[c] + 3,4Dihydroxyphenylethyleneglycol[c
] <=> H+[c] + NADH[c] + 3,4Dihydroxymandelaldehyde[c]
H2O[c] + Oxygen[c] + 3Methoxytyramine[c] <=>
Ammonia[c] + H2O2[c] + 3Methoxy-4hydroxyphenylacetaldehyde[c]
H2O[c] + Oxygen[c] + LMetanephrine[c] <=> H2O2[c] +
Methylamine[c] + 3-Methoxy-4hydroxyphenylglycolaldehyde[c]
H2O[c] + Oxygen[c] + LNormetanephrine[c] <=>
Ammonia[c] + H2O2[c] + 3Methoxy-4hydroxyphenylglycolaldehyde[c]

acetolactate synthase

Thiamine diphosphate[c] + (S)-2Acetolactate[c] <=> Pyruvate[c] +
2-Hydroxyethyl-ThPP[c]

acetolactate synthase

2-Hydroxyethyl-ThPP[c] + 2Oxobutanoate[c] <=> Thiamine
diphosphate[c] + (S)-2-Aceto-2hydroxybutanoate[c]

ketol-acid
reductoisomerase
ketol-acid

	
  

(S)-2-Aceto-2hydroxybutanoate[c] <=> (R)-3Hydroxy-3-methyl-2oxopentanoate[c]
NADP[c] + (R)-2,3-Dihydroxy-3-

Ccel_1778

Tryptophan metabolism

0

0

1.4.3.4

Ccel_1778

Tryptophan metabolism

0

0

1.4.3.4

Ccel_1039

Tyrosine metabolism

-1000

1000

4.1.1.25

Ccel_1039

Tyrosine metabolism

-1000

1000

4.1.1.25

Ccel_1778

Tyrosine metabolism

0

0

1.4.3.4

Ccel_1778

Tyrosine metabolism

0

0

1.4.3.4

Ccel_1778

Tyrosine metabolism

0

0

1.4.3.4

Ccel_1778

Tyrosine metabolism

0

0

1.4.3.4

Ccel_3198

Tyrosine metabolism

-1000

1000

1.1.1.1

Ccel_1778

Tyrosine metabolism

0

0

1.4.3.4

Ccel_1778

Tyrosine metabolism

0

0

1.4.3.4

Ccel_1778

Tyrosine metabolism

0

0

1.4.3.4

Valine, leucine and
isoleucine biosynthesis

-1000

1000

2.2.1.6

Valine, leucine and
isoleucine biosynthesis

-1000

1000

2.2.1.6

Ccel_3435

Valine, leucine and
isoleucine biosynthesis

0

1000

1.1.1.86

Ccel_3435

Valine, leucine and

-1000

0

1.1.1.86

Ccel_0303
and
Ccel_3436
and
Ccel_3437
Ccel_0303
and
Ccel_3436
and
Ccel_3437

251

reductoisomerase

dihydroxy-acid
dehydratase

branched-chain-aminoacid transaminase
ketol-acid
reductoisomerase
ketol-acid
reductoisomerase

methylpentanoate[c] <=> H+[c] +
NADPH[c] + (R)-3-Hydroxy-3methyl-2-oxopentanoate[c]
(R)-2,3-Dihydroxy-3methylpentanoate[c] <=> H2O[c]
+ (S)-3-Methyl-2oxopentanoate[c]
2-Oxoglutarate[c] + LIsoleucine[c] <=> L-Glutamate[c]
+ (S)-3-Methyl-2oxopentanoate[c]
(S)-2-Acetolactate[c] <=> 3Hydroxy-3-methyl-2-oxobutanoic
acid[c]
NADP[c] + (R)-2,3-Dihydroxy-3methylbutanoate[c] <=> H+[c] +
NADPH[c] + 3-Hydroxy-3methyl-2-oxobutanoic acid[c]

isoleucine biosynthesis

Ccel_0302
or
Ccel_1264

Valine, leucine and
isoleucine biosynthesis

0

1000

4.2.1.9

Ccel_1802
or
Ccel_1877

Valine, leucine and
isoleucine
biosynthesis|Valine,
leucine and isoleucine
degradation

-1000

0

2.6.1.42

Ccel_3435

Valine, leucine and
isoleucine biosynthesis

0

1000

1.1.1.86

Ccel_3435

Valine, leucine and
isoleucine biosynthesis

-1000

0

1.1.1.86

Valine, leucine and
isoleucine
biosynthesis|Pantothena
te and CoA biosynthesis
Valine, leucine and
isoleucine
biosynthesis|Valine,
leucine and isoleucine
degradation|Pantothenat
e and CoA biosynthesis
Valine, leucine and
isoleucine
biosynthesis|Pyruvate
metabolism

0

1000

4.2.1.9

-1000

0

2.6.1.42

-1000

0

2.3.3.13

Valine, leucine and
isoleucine biosynthesis

0

1000

4.2.1.33

Valine, leucine and
isoleucine biosynthesis

-1000

0

4.2.1.33

Ccel_0128

Valine, leucine and
isoleucine biosynthesis

0

1000

1.1.1.85

spontaneous

Valine, leucine and
isoleucine biosynthesis

-1000

0

spontaneous

-1000

0

2.6.1.42

-1000

1000

4.3.1.19

-1000

1000

4.2.1.35

-1000

1000

4.2.1.35

dihydroxy-acid
dehydratase

(R)-2,3-Dihydroxy-3methylbutanoate[c] <=> H2O[c]
+ 3-Methyl-2-oxobutanoic acid[c]

Ccel_0302
or
Ccel_1264

branched-chain-aminoacid transaminase

2-Oxoglutarate[c] + L-Valine[c]
<=> L-Glutamate[c] + 3-Methyl2-oxobutanoic acid[c]

Ccel_1802
or
Ccel_1877

2-isopropylmalate
synthase

CoA[c] + (2S)-2Isopropylmalate[c] <=> H2O[c] +
Acetyl-CoA[c] + 3-Methyl-2oxobutanoic acid[c]

Ccel_3433
or
Ccel_3434

3-isopropylmalate
dehydratase

(2S)-2-Isopropylmalate[c] <=>
H2O[c] + 2-Isopropylmaleate[c]

3-isopropylmalate
dehydratase

3-Isopropylmalate[c] <=> H2O[c]
+ 2-Isopropylmaleate[c]

3-isopropylmalate
dehydrogenase
Unassigned

NAD[c] + 3-Isopropylmalate[c]
<=> H+[c] + NADH[c] + (2S)-2Isopropyl-3-oxosuccinate[c]
4-Methyl-2-oxopentanoate[c] +
CO2[c] <=> (2S)-2-Isopropyl-3oxosuccinate[c]

Ccel_0126
and
Ccel_0127
and
Ccel_2197
Ccel_0126
and
Ccel_0127
and
Ccel_2197

branched-chain-aminoacid transaminase

2-Oxoglutarate[c] + L-Leucine[c]
<=> L-Glutamate[c] + 4-Methyl2-oxopentanoate[c]

Ccel_1802
or
Ccel_1877

threonine ammonia-lyase

L-Threonine[c] <=> 2Oxobutanoate[c] + Ammonia[c]

Unassigned

(R)-2-methylmalate
dehydratase

(R)-2-Methylmalate[c] <=>
H2O[c] + 2-Methylmaleate[c]

Ccel_0126
and
Ccel_0127

(R)-2-methylmalate

2-Methylmaleate[c] + H2O[c]

Ccel_0126
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Valine, leucine and
isoleucine
biosynthesis|Valine,
leucine and isoleucine
degradation
Valine, leucine and
isoleucine
biosynthesis|Valine,
leucine and isoleucine
degradation
Valine, leucine and
isoleucine
biosynthesis|C5Branched dibasic acid
metabolism
Valine, leucine and

dehydratase

3-methylmalate
dehydrogenase

Unassigned

threonine synthase

4-hydroxythreonine-4phosphate dehydrogenase

<=> D-erythro-3-Methylmalate[c]

H+[c] + CO2[c] + NADH[c] + 2Oxobutanoate[c] <=> NAD[c] +
D-erythro-3-Methylmalate[c]
L-Glutamine[c] + DGlyceraldehyde 3-phosphate[c] +
D-Ribulose 5-phosphate[c] <=>
L-Glutamate[c] + Pyridoxal
phosphate[c]
H2O[c] + O-Phospho-4-hydroxyL-threonine[c] <=>
Orthophosphate[c] + 4-HydroxyL-threonine[c]
NAD[c] + O-Phospho-4-hydroxyL-threonine[c] <=> H+[c] +
NADH[c] + 2-Amino-3-oxo-4phosphonooxybutyrate[c]

and
Ccel_0128

isoleucine
biosynthesis|C5Branched dibasic acid
metabolism

Ccel_0128

Valine, leucine and
isoleucine biosynthesis

-1000

1000

1.1.1.85

Ccel_1858
or
Ccel_1859

Vitamin B6 metabolism

-1000

1000

2.6.-.-|4.-.-.-

Ccel_1450

Vitamin B6 metabolism

-1000

1000

4.2.3.1

Ccel_2603

Vitamin B6 metabolism

-1000

1000

1.1.1.262

Xylanolysis

0

1000

3.2.1.8

1000

3.2.1.37

beta-l,4-D-xylan
xylanohydrolase

Xylan[c] + H2O[c] => (0.5) DXylose[c] + (0.5) Xylobiose[c]

beta-xylosidase

Xylobiose[c] + H2O[c] => (2) DXylose[c]

Carbon source exchange

Cellobiose[e] <=>

Ccel_0750
or
Ccel_0931
or
Ccel_1230
or
Ccel_1866
or
Ccel_2319
or
Ccel_2320
Ccel_1259
or
Ccel_3438
Unassigned

Exchange reaction

-1.5

-1.5

Unassigned

Carbon source exchange

Cellotriose[e] =>

Unassigned

Exchange reaction

0

1000

Unassigned

Carbon source exchange

Cellulose[e] =>

Unassigned

Exchange reaction

0

1000

Unassigned

Carbon source exchange

D-Fructose[e] <=>

Unassigned

Exchange reaction

0

1000

Unassigned

Carbon source exchange

D-Glucose[e] <=>

Unassigned

Exchange reaction

0

1000

Unassigned

Carbon source exchange

D-Mannose[e] <=>

Unassigned

Exchange reaction

0

1000

Unassigned

Carbon source exchange

D-Ribose[e] <=>

Unassigned

Exchange reaction

0

1000

Unassigned

Carbon source exchange

Xylan[e] =>

Unassigned

Exchange reaction

0

1000

Unassigned

Carbon source exchange

Xylose[e] =>

Unassigned

Exchange reaction

0

1000

Unassigned

Unassigned
Nitrogen source
exchange
Nitrogen source
exchange
Nitrogen source
exchange
Sulfur source exchange

Glycerol[e] <=>

Unassigned

Exchange reaction

0

1000

Unassigned

Ammonia[e] <=>

Unassigned

Exchange reaction

-1000

0

Unassigned

Nitrate[e] <=>

Unassigned

Exchange reaction

-1000

0

Unassigned

Nitrogen[e] <=>

Unassigned

Exchange reaction

-1000

0

Unassigned

Xylanolysis

0

Sulfate[e] <=>

Unassigned

Exchange reaction

-1000

0

Unassigned

Biomass exchange

Biomass[c] =>

Unassigned

Exchange reaction

0.04

0.04

Unassigned

By-product exchange

Pyruvate[e] <=>

Unassigned

Exchange reaction

0.05

0.05

Unassigned

By-product exchange

Ethanol[e] <=>

Unassigned

Exchange reaction

0

0

Unassigned

By-product exchange

Acetate[e] <=>

Unassigned

Exchange reaction

0.48

0.48

Unassigned

By-product exchange

L-lactate[e] <=>

Unassigned

Exchange reaction

0

0

Unassigned

By-product exchange

Exopolysaccharides[e] =>

Unassigned

Exchange reaction

0

1000

Unassigned

Water exchange

H2O[e] <=>

Unassigned

Exchange reaction

-1000

1000

Unassigned
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Proton exchange

H+[e] <=>

Unassigned

Exchange reaction

-1000

1000

Unassigned

Hydrogen exchange

Hydrogen[e] <=>

Unassigned

Exchange reaction

0.003

0.003

Unassigned

Phosphate exchange

Orthophosphate[e] <=>

Unassigned

Exchange reaction

-1000

1000

Unassigned

Carbon dioxide exchange

CO2[e] <=>

Unassigned

Exchange reaction

0

1000

Unassigned

Amino acids exchange

Glycine[e] <=>

Unassigned

Exchange reaction

0

1000

Unassigned

Amino acids exchange

L-Glutamate[e] <=>

Unassigned

Exchange reaction

0

1000

Unassigned

Amino acids exchange

L-Glutamine[e] <=>

Unassigned

Exchange reaction

0

1000

Unassigned

Amino acids exchange

L-Isoleucine[e] <=>

Unassigned

Exchange reaction

0

1000

Unassigned

Amino acids exchange

L-Leucine[e] <=>

Unassigned

Exchange reaction

0

1000

Unassigned

Amino acids exchange

L-Lysine[e] <=>

Unassigned

Exchange reaction

0

1000

Unassigned

Amino acids exchange

L-Methionine[e] <=>

Unassigned

Exchange reaction

0

1000

Unassigned

Amino acids exchange

L-Proline[e] <=>

Unassigned

Exchange reaction

0

1000

Unassigned

Amino acids exchange

L-Threonine[e] <=>

Unassigned

Exchange reaction

0

1000

Unassigned

Amino acids exchange

L-Valine[e] <=>

Unassigned

Exchange reaction

0

1000

Unassigned

Vitamins exchange

Biotin[e] <=>

Unassigned

Exchange reaction

-1000

0

Unassigned

Minerals exchange

Boric acid[e] <=>

Unassigned

Exchange reaction

-1000

0

Unassigned

Minerals exchange

Boricin[e] <=>

Unassigned

Exchange reaction

-1000

0

Unassigned

Minerals exchange

Calcium[e] <=>

Unassigned

Exchange reaction

-1000

0

Unassigned

Minerals exchange

Chloride[e] <=>

Unassigned

Exchange reaction

-1000

0

Unassigned

Minerals exchange

Cobalt[e] <=>

Unassigned

Exchange reaction

-1000

0

Unassigned

Minerals exchange

Copper[e] <=>

Unassigned

Exchange reaction

-1000

0

Unassigned

Vitamins exchange

Cyanocobalamin[e] <=>

Unassigned

Exchange reaction

-1000

0

Unassigned

Minerals exchange

Iron[e] <=>

Unassigned

Exchange reaction

-1000

0

Unassigned

Minerals exchange

Magnesium[e] <=>

Unassigned

Exchange reaction

-1000

0

Unassigned

Minerals exchange

Manganese[e] <=>

Unassigned

Exchange reaction

-1000

0

Unassigned

Minerals exchange

Molybdate[e] <=>

Unassigned

Exchange reaction

-1000

0

Unassigned

Minerals exchange

Nickel[e] <=>

Unassigned

Exchange reaction

-1000

0

Unassigned

Vitamins exchange

Nicotinate[e] <=>

Unassigned

Exchange reaction

0

1000

Unassigned

Vitamins exchange

Pantothenate[e] <=>

Unassigned

Exchange reaction

0

1000

Unassigned

Minerals exchange

Potassium[e] <=>

Unassigned

Exchange reaction

-1000

0

Unassigned

Vitamins exchange

Riboflavin[e] <=>

Unassigned

Exchange reaction

-1000

0

Unassigned

Minerals exchange

Selenite[e] <=>

Unassigned

Exchange reaction

-1000

0

Unassigned

Minerals exchange

Sodium[e] <=>

Unassigned

Exchange reaction

-1000

0

Unassigned

Unassigned

Thiamine[e] <=>

Unassigned

Exchange reaction

0

1000

Unassigned

Minerals exchange
Other metabolites
exchange
Other metabolites
exchange
Other metabolites
exchange
Other metabolites
exchange
Other metabolites
exchange
Other metabolites
exchange
Other metabolites
exchange
Other metabolites
exchange
Other metabolites

Zinc[e] <=>

Unassigned

Exchange reaction

-1000

0

Unassigned

Succinate[e] <=>

Unassigned

Exchange reaction

0

1000

Unassigned

2-Oxoglutarate[e] <=>

Unassigned

Exchange reaction

0

1000

Unassigned

Formate[e] <=>

Unassigned

Exchange reaction

0

1000

Unassigned

L-Malate[e] <=>

Unassigned

Exchange reaction

0

1000

Unassigned

D-Malate[e] <=>

Unassigned

Exchange reaction

0

1000

Unassigned

Putrescine[e] <=>

Unassigned

Exchange reaction

0

1000

Unassigned

Spermidine[e] <=>

Unassigned

Exchange reaction

-1000

1000

Unassigned

4-Aminobenzoate[e] <=>

Unassigned

Exchange reaction

0

1000

Unassigned

1-Pyrroline[e] <=>

Unassigned

Exchange reaction

0

1000

Unassigned

	
  

254

exchange
Other metabolites
exchange
Other metabolites
exchange
Other metabolites
exchange
Other metabolites
exchange
Other metabolites
exchange
Other metabolites
exchange
Other metabolites
exchange
NADPH-ferredoxin
reductase
NADH-ferredoxin
reductase
hydrogenase
G1P overflow
apyrase
3'(2'),5'-bisphosphate
nucleotidase

4-Aminobutanoate[e] <=>

Unassigned

Exchange reaction

0

1000

Unassigned

D-Gluconic acid[e] <=>

Unassigned

Exchange reaction

0

1000

Unassigned

Thioredoxin[e] <=>

Unassigned

Exchange reaction

0

1000

Unassigned

Xanthine[e] <=>

Unassigned

Exchange reaction

0

1000

Unassigned

sn-Glycerol 3-phosphate[e] <=>

Unassigned

Exchange reaction

0

1000

Unassigned

Uracil[e] <=>

Unassigned

Exchange reaction

0

1000

Unassigned

Reduced ferredoxin[e] <=>

Unassigned

Exchange reaction

0

1000

Unassigned

Ccel_2546

Miscellaneous

-1000

1000

1.18.1.2

Unassigned

Miscellaneous

-1000

1000

1.18.1.3

Ccel_1070
and
Ccel_1071

Miscellaneous

-1000

1000

1.12.99.6

Unassigned

Miscellaneous

0

1000

Unassigned

Unassigned

Miscellaneous

-1000

1000

3.6.1.5

Unassigned

Miscellaneous

-1000

1000

3.1.3.7

Miscellaneous

-1000

1000

2.7.13.3

Miscellaneous

-1000

1000

1.2.7.4|1.2.99.2

Miscellaneous

-1000

1000

1.15.1.1

H+[c] + NADP[c] + (2) Reduced
ferredoxin[c] <=> NADPH[c] +
(2) Oxidized ferredoxin[c]
H+[c] + NAD[c] + Reduced
ferredoxin[c] <=> NADH[c] +
Oxidized ferredoxin[c]
(2) H+[c] + (2) Reduced
ferredoxin[c] <=> (2) Oxidized
ferredoxin[c] + Hydrogen[c]
D-Glucose 1-phosphate[c] =>
Exopolysaccharides[c]
H2O[c] + ADP[c] <=> AMP[c] +
Orthophosphate[c]
H2O[c] + H+[c] +
Phosphoadenosine phosphate[c]
<=> AMP[c] + Orthophosphate[c]

histidine kinase

ATP[c] + protein L-histidine[c]
<=> ADP[c] + protein Nphospho-L-histidine[c]

carbon monoxide
dehydrogenase
(ferredoxin)

CO[c] + H2O[c] + Oxidized
ferredoxin[c] <=> CO2[c] + (2)
H+[c] + Reduced ferredoxin[c]

superoxide dismutase

Superoxide anion[c] + (2) H+[c]
<=> Oxygen[c] + H2O2[c]

	
  

Ccel_0148
or
Ccel_0199
or
Ccel_1137
or
Ccel_1227
or
Ccel_1646
or
Ccel_1659
or
Ccel_1864
or
Ccel_1983
or
Ccel_2027
or
Ccel_2107
or
Ccel_2114
or
Ccel_2315
or
Ccel_2453
or
Ccel_3393
Ccel_0438
and
Ccel_2918
and
Ccel_3366
Ccel_0690
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Unassigned

Protein synthesis

RNA synthesis
DNA synthesis

Pool sulutes

Cell Wall synthesis
Wall teichoic acid
synthesis

	
  

CoA[c] + Hexadecanoic acid[c]
<=> H2O[c] + Acyl-CoA[c]
0.0575 L-Aspartate[c] + 0.041 LGlutamate[c] + 0.0641 LGlutamine[c] + 0.0345 LArginine[c] + 0.0559 LAsparagine[c] + 0.0902 LLeucine[c] + 0.0663 L-Valine[c]
+ 0.0849 L-Isoleucine[c] +
0.0318 L-Proline[c] + 0.0261 LMethionine[c] + 0.0596
Glycine[c] + 0.0605 L-Serine[c] +
0.00619 L-Cysteine[c] + 0.0635
L-Alanine[c] + 0.0572 LThreonine[c] + 0.0129 LTryptophan[c] + 0.023 LHistidine[c] + 0.0743 L-Lysine[c]
+ 0.0385 L-Tyrosine[c] + 0.0443
L-Phenylalanine[c] + 0.00735
Thymine[c] => Protein[c]
0.312 ATP[c] + 0.187 GTP[c] +
0.314 UTP[c] + 0.187 CTP[c] =>
Diphosphate[c] + RNA[c]
0.313 dTTP[c] + 0.313 dATP[c] +
0.187 dGTP[c] + 0.187 dCTP[c]
=> Diphosphate[c] + DNA[c]
0.15 L-Aspartate[c] + 0.132 LGlutamate[c] + 0.002 LGlutamine[c] + 0.000201 ATP[c]
+ 0.0251 L-Citrulline[c] + 0.0072
L-Arginine[c] + 0.25
Orthophosphate[c] + 0.000219
NADP[c] + 0.000617 NADPH[c]
+ 0.0036 NAD[c] + 8.29e-05
NADH[c] + 8.3e-05 AcetylCoA[c] + 0.001 CoA[c] + 0.0056
L-Leucine[c] + 0.004 L-Valine[c]
+ 0.012 L-Isoleucine[c] + 0.03 LProline[c] + 0.0056 LMethionine[c] + 0.01 Glycine[c]
+ 0.019 L-Serine[c] + 0.029 LAlanine[c] + 0.003 LThreonine[c] + 0.004 LHistidine[c] + 0.01 L-Lysine[c] +
0.001 L-Phenylalanine[c] +
0.0004 Thymine[c] + 0.000168
FAD[c] + 0.003008 Selenite[c] +
0.003008 Molybdate[c] +
0.003008 Cobalt[c] + 0.1692
Sodium[c] + 0.1692 Potassium[c]
+ 0.006767 Iron[c] + 0.004512
Calcium[c] + 0.003008 Zinc[c] +
0.003008 Nickel[c] + 0.003008
Manganese[c] + 0.003008
Copper[c] + 0.007519
Magnesium[c] + 0.004512
Chloride[c] + 0.003008 Boricin[c]
+ 0.003008 Cyanocobalamin[c] +
0.0001 Spermidine[c] + 0.0001
Putrescine[c] => Pool Solutes[c]
0.95 Peptidoglycan[c] + 0.05
Wall Teichoic acid[c] => Cell
Wall[c]
UDP-N-acetyl-D-glucosamine[c]
+ CDP-glycerol[c] +

Unassigned

Miscellaneous

0

1000

Unassigned

Unassigned

Biomass synthesis and
maintenance

0

1000

Unassigned

Unassigned

Biomass synthesis and
maintenance

0

1000

Unassigned

Unassigned

Biomass synthesis and
maintenance

0

1000

Unassigned

Unassigned

Biomass synthesis and
maintenance

0

1000

Unassigned

Unassigned

Biomass synthesis and
maintenance

0

1000

Unassigned

Unassigned

Biomass synthesis and
maintenance

0

1000

Unassigned
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Fatty acids synthesis
Lipids synthesis

Biomass synthesis

	
  

Glycerophosphoglycoglycerolipid
[c] <=> Wall Teichoic acid[c]
Hexadecanoic acid[c] => Fatty
acids[c]
Phosphatidylglycerol[c] +
Cardiolipin[c] +
Phosphatidylethanolamine[c] +
Fatty acids[c] => Lipids[c]
40 H2O[c] + 40 ATP[c] + 0.238
RNA[c] + 0.06 DNA[c] + 3.1
Protein[c] + 0.557 Pool Solutes[c]
+ 0.092 Cell Wall[c] + 0.01
Glycogen[c] + 0.01 Lipids[c] =>
40 ADP[c] + 40
Orthophosphate[c] + 40 H+[c] +
Biomass[c]

Unassigned

Biomass synthesis and
maintenance

0

1000

Unassigned

Unassigned

Biomass synthesis and
maintenance

0

1000

Unassigned

Unassigned

Biomass synthesis and
maintenance

0

1000

Unassigned
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Supplementary Appendix F: Raman peak assignments for major components
of biomass equation of iCCE557 model of Clostridium cellulolyticum

Raman shifts (cm-1)
729-730,1088,1116-1118,1175,1218-1220,1253-1254,13051307,1336-1338,1376-1378,1421-1423,1481-1483,15051508,1578-1579
665,720,725,730,752,780-781,785-786,802,810820,867,915,970,974,1054,1084,1120,1173,1175-1177,11801184,1200,1240,1247-1248,1250-1252,1254,1259,1287-1288,12911292,1304,1315,1317-1320,1323,1333,1335-1340,1342,13551357,1361-1363,1365,1420-1480,14821488,1505,1510,1518,1532,1573,1575-1579,1662
481,665-666,678,720,722,725,730,746,748,782,785786,826,828,838,893,895-896,970,10541080,1084,1094,1173,1175-1177,1180-1184,1200,1214,12201284,1287-1288,1291-1292,1304,1315,1317-1320,1323,1333,13351340,1342,1349,1352-1357,1361-1363,1365,1369,1373,1375,14201480,1482-1488,1490,1505,1510,1518,1532,1573,1575-1579,16551680
524,618,621,640,645,749,752-755,820,823,884,890,920,928940,951,970,980,1005,1053,1083,1100-1375,1449,1453,14801575,1582-1593,1600-1800,2913-2938,2940,3329
524,618,621,640,645,749,752-755,820,823,884,890,920,928940,951,970,980,1005,1053,1083,1100-1375,1449,1453,14801575,1582-1593,1600-1800,2913-2938,2940,3329
407,513,541,578,841,851,973,1126,1305,1359,1462,1482,
877,968,1057,1064-1065,1070,1083,1095,1100-1800,29132938,2940,3010,3015
481,484-490,840-860,941,1022-1023,1048,1149-1150,1370

Component
mATP

RNA

DNA

Proteins
Pool solutes

Reference
[1-4]

[1-4]

[1-4]

[1-4]
[1-4]

Cell wall

[1-4]

Lipids

[1-4]

Glycogen

[1-4]
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Supplementary Appendix G: Effect of design factors on antisense RNA design
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Fig. G.1 The effect of stem size on the free energy of asRNA hairloop secondary structure
formation
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Fig. G.2 The effect of GC positioning on the free energy of asRNA hairloop secondary structure
formation
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Fig. G.3 The effect of GC composition on the free energy of asRNA hairloop secondary
structure formation
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Fig. G.4 The effect of loop closing sequence on the free energy of asRNA hairloop secondary
structure formation
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Fig. G.5 The effect of loop sequence on the free energy of asRNA hairloop secondary structure
formation
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Fig. G.6 The free energy of secondary structure formation of synthetic construct design (marked
with star) and several other well-known naturally occurring asRNAs
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Fig. G.7 The synthetic asRNA secondary structure free energy at different temperatures
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