
UC San Diego
UC San Diego Electronic Theses and Dissertations

Title
Modeling and analysis of the E. coli transcriptional regulatory network : an assessment of its 
properties, plasticity, and role in adaptive evolution

Permalink
https://escholarship.org/uc/item/4535p355

Author
Joyce, Andrew Robert

Publication Date
2007
 
Peer reviewed|Thesis/dissertation

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/4535p355
https://escholarship.org
http://www.cdlib.org/


 

UNIVERSITY OF CALIFORNIA, SAN DIEGO 

 

Modeling and Analysis of the E. coli Transcriptional Regulatory Network:  

An Assessment of its Properties, Plasticity, and Role in Adaptive Evolution 

 

A dissertation submitted in partial satisfaction of the requirements for the degree 

Doctor of Philosophy  

in  

Bioinformatics 

by 

Andrew Robert Joyce 

 

 

Committee in charge: 

Professor Bernhard Ø. Palsson, Chair 
Professor Bing Ren, Co-chair 
Professor Lin Chao 
Professor Milton Saier 
Professor Wei Wang 

 

 

2007 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Copyright 

Andrew Robert Joyce, 2007 

All rights reserved. 



iii 
 

 

 

 
 

The dissertation of Andrew Robert Joyce is approved, and it is 

acceptable in quality for publication on microfilm: 

 

________________________________________________________ 

 

________________________________________________________ 

 

________________________________________________________ 

 

________________________________________________________ 

Co-chair  

________________________________________________________ 

Chair 



iv 
 

 

 

 
 

To Kerri and Cameron 

For inspiration.  For patience.  For motivation.  For perspective. 



v 
 

Ever tried.  Ever failed.  No matter.  Try again.  Fail again.  Fail Better. 

Samuel Beckett 

 

It always takes longer than you expect, even when you take into account Hofstadter’s 

law. 

Hofstadter’s Law, Douglas Hofstadter 

 

If we knew what it was we were doing, it would not be called research, would it? 

Albert Einstein 

 

Systems biology is in the eye of the beholder. 

Leroy Hood 



vi 
 

TABLE OF CONTENTS 

Signature Page ............................................................................................................ iii 

Dedication .................................................................................................................... iv 

Epigraph ....................................................................................................................... v 

Table of Contents ........................................................................................................ vi 

List of Figures .............................................................................................................. xi 

List of Tables ............................................................................................................. xiv 

Acknowledgenments ................................................................................................... xv 

Vita ............................................................................................................................. xxi 

Abstract .................................................................................................................... xxiv 

Chapter 1 Systems Biology and the Post-genomic Era ................................................ 1 

1.1 A brief history of integrative thinking in biology ............................................... 1 

1.2 The emergence of ‘omics’ data and genome-scale science ........................... 4 

1.2.1  Components data ................................................................................... 7 

1.2.2  Interactions data ................................................................................... 11 

1.2.3  Functional-states data .......................................................................... 13 

1.3 Integrating ‘omics’ data sets ......................................................................... 14 

1.3.1 Identifying the scaffold .......................................................................... 14 

1.3.2 Scaffold decomposition ......................................................................... 19 

1.3.3 Cellular modelling and analysis ............................................................. 22 

1.4 From constraint-based models to laboratory evolution ................................. 24 

1.5 Adaptive evolution ........................................................................................ 27 

1.6 Dissertation Overview ................................................................................... 32 



 
 

vii 
 

1.7 References ................................................................................................... 35 

Chapter 2 The R Matrix Formalism ............................................................................. 53 

2.1 Introduction ................................................................................................... 53 

2.2 Conceptual framework and methods ............................................................ 55 

2.2.1 Building R .............................................................................................. 56 

2.2.2 Analysis of TRN functional states ......................................................... 60 

2.2.3 The four fundamental subspaces of R .................................................. 61 

2.3 Results .......................................................................................................... 63 

2.3.1  Case study 1:  The lac operon regulatory network ............................... 64 

2.3.2  Case Study 2: A prototypic TRN .......................................................... 67 

2.4 Discussion .................................................................................................... 75 

2.5 References ................................................................................................... 78 

Chapter 3 The R Matrix at Genome-scale: Application to E. coli ................................ 83 

3.1 The E. coli transcriptional regulatory network ............................................... 83 

3.2 Materials and methods ................................................................................. 87 

3.2.1 Updating the integrated regulatory-metabolic model for E. coli ............ 87 

3.2.2 Compiling the R matrix from predefined Boolean rules ......................... 88 

3.3 Results .......................................................................................................... 89 

3.3.1 Properties of the integrated regulatory-metabolic model of E. coli ........ 90 

3.3.2 Defining the scope of the R matrix for E. coli ........................................ 91 

3.4 Discussion .................................................................................................... 93 



 
 

viii 
 

3.5 References ................................................................................................... 96 

Chapter 4 Adaptation to Glycerol: Establishing the Strategy ...................................... 99 

4.1 Molecular mechanisms underlying adaptation to growth on glycerol.......... 100 

4.1.1 Re-sequencing glycerol-adapted laboratory evolution strains ............ 101 

4.1.2 Expression profiling glycerol-adapted laboratory evolution strains ..... 103 

4.1.3 Structure/function studies of glycerol kinase ....................................... 106 

4.2 Materials and methods ............................................................................... 108 

4.2.1 Laboratory evolution of E. coli on glycerol .......................................... 108 

4.2.2 Targeted re-sequencing ...................................................................... 109 

4.2.3 Colony screening of strains without mutations at day 25 .................... 111 

4.2.4 RNA polymerase ChIP-chip ................................................................ 112 

4.2.5 ChIP-chip data analysis ...................................................................... 114 

4.2.6 In vitro assessment of RNA polymerase kinetics ................................ 115 

4.3 Results ........................................................................................................ 117 

4.3.1  Generation of forty-five additional glycerol-adapted strains ............... 117 

4.3.2  Identification of mutations in glpK, rpoB, and rpoC ............................ 119 

4.3.3 RNAP binding profile of glycerol-adapted and RNAP-mutant strains . 123 

4.3.4  The RNAP mutants significantly impact in vitro kinetics .................... 127 

4.4 Discussion .................................................................................................. 129 

4.5 References ................................................................................................. 135 

Chapter 5 Adaptation to Lactate: Elucidating the Strategy ....................................... 140 



 
 

ix 
 

5.1 Laboratory evolution of E. coli on L-lactate ................................................. 140 

5.2 Materials and methods ............................................................................... 144 

5.2.1 Whole Genome Re-sequencing .......................................................... 144 

5.2.2 Mutation confirmation .......................................................................... 145 

5.2.3 Site directed mutagenesis ................................................................... 146 

5.2.4 Growth rate measurements of site directed mutants .......................... 149 

5.2.5 Quantitative RT-PCR measurement of ppsA gene expression ........... 150 

5.3 Results ........................................................................................................ 151 

5.3.1 Whole genome re-sequencing of L-lactate-adapted strains ................ 152 

5.3.2 Analysis of mutation causality ............................................................. 155 

5.3.3 The ppsA mutations significantly impact gene expression .................. 157 

5.3.4 Regulatory impact of cAMP- and ppGpp-related mutations ................ 159 

5.4 Discussion .................................................................................................. 160 

5.5 References ................................................................................................. 170 

Chapter 6 Adaptation to Environmental Perturbations: Emerging Themes .............. 176 

6.1 Adaptation by way of a metabolic capacity adjustment .............................. 178 

6.2 Adaptation by way of a global regulatory adjustment ................................. 182 

6.3 Acquisition of mutations in critical cellular maintenance proteins ............... 189 

6.4 The relatively simple genetic basis for adaptation ...................................... 192 

6.5 References ................................................................................................. 198 

Chapter 7 Concluding Remarks: Where Do We Go From Here? ............................. 205 



 
 

x 
 

7.1 The next big challenge facing constraint-based modeling .......................... 207 

7.2 Adaptive evolution as a discovery platform ................................................ 210 

7.3 Dual causation in biology: applied adaptive evolution ................................ 213 

7.4 Systems biology moving forward: The importance of integration ............... 223 

7.4.1 Building better models: marriage of theory and experiment ................ 224 

7.4.2 Integrating ‘omics’ data to ask big questions ...................................... 225 

7.4.3 Challenges that lie ahead .................................................................... 230 

7.5 Final thoughts ............................................................................................. 232 

7.6 References ................................................................................................. 234 

Appendix A Detailed Nimblegen CGS Results for the L-lactate-adapted Strains ..... 243 

Appendix B Strains and Plasmids for L-lactate-adapted Site-directed Mutants ....... 247 

 

 



xi 
 

LIST OF FIGURES 

Figure 1.1 Tracing the roots of systems biology……………………………... 3

Figure 1.2 ‘Omics’ data are providing comprehensive descriptions of 

nearly all components and interactions within the cell………….. 6

Figure 1.3 ‘Omics’ data-integration approaches for identifying, 

decomposing, and modelling cellular networks…………………. 16

Figure 1.4 Adaptive evolution leads to convergence with model 

predictions under certain conditions……………………………… 26

Figure 1.5 Navigating the adaptive fitness landscape………………………. 31

Figure 2.1 Toward a functional description of a biological system…………. 56

Figure 2.2 Building the R matrix……………………………………………….. 57

Figure 2.3 Completing the R matrix…………………………………………… 59

Figure 2.4 The lac operon R matrix……………………………………………. 65

Figure 2.5 The prototypic TRN…………………………………………………. 68

Figure 2.6 Percentage participation of genes across all possible 

environments……………………………………………………....... 70

Figure 2.7 The correlation between in silico gene expression across all 

possible environments encountered by the prototypic TRN…… 72

Figure 2.8 Expression states of the prototypic TRN defined by 

combinations of extreme pathways……………………………….. 73

Figure 3.1 The E. coli TRN……………………………………………………... 84

Figure 3.2 EcoCyc regulator-operon/gene interactions……………………... 85

Figure 3.3 Deriving R matrix equations from Boolean rules………………… 88

Figure 3.4 An updated integrated transcription regulatory-metabolic model 

for E. coli……………………………………………………............. 89

Figure 3.5 Number of Boolean rule inputs and R matrix rules per gene…... 91



xii 
 

Figure 4.1 Growth rate trajectories for the initial glycerol-adapted strains… 101

Figure 4.2 Clustering of laboratory evolved strain expression states……… 104

Figure 4.3 Laboratory evolution by serial passage…………………………... 109

Figure 4.4 Gene position and frequency of glpK, rpoB, and rpoC in the 

forty-five glycerol-adapted strains………………………………… 111

Figure 4.5 Growth rate trajectories of forty-five glycerol-adapted strains… 118

Figure 4.6 Mutations identified in 45 glycerol-adapted strains at day 25 of 

laboratory evolution………………………………………………… 120

Figure 4.7 Co-occurrence of glpK and rpoBC mutations in the 45 glycerol- 

adapted strains……………………………………………………… 121

Figure 4.8 RNAP ChIP-chip analysis of glycerol-adapted strain GB, rpoC 

Δ3132-3158 site-directed mutant strain, and wild-type E. coli… 124

Figure 4.9 Pause escape half-life and growth rate contribution of RNAP 

mutants…………………………………………………………….... 128

Figure 4.10 Visualization of the identified rpoC deletions in gene sequence 

and protein structure space………………………………………... 131

Figure 5.1 Growth trajectories of L-lactate-adapted strains………………… 141

Figure 5.2 Growth rate contribution of site-directed mutants……………….. 156

Figure 5.3 RT-PCR-based ppsA gene expression results for L-lactate- 

adapted strains and ppsA site-directed mutants………………… 158

Figure 5.4 The Crp regulon…………………………………………………….. 165

Figure 5.5 The RpoS regulon…………………………………………………... 168

Figure 6.1 Adaptation to environmental perturbations cause a local 

capacity adjustment………………………………………………… 179

Figure 6.2 A global regulatory adjustment accompanies adaptation to 



xiii 
 

environmental perturbations……………………………………..... 184

Figure 7.1 The next big challenge: model integration……………………….. 208

Figure 7.2 Adaptive evolution meets metabolic engineering: a 

transforming innovation?............................................................. 214

Figure 7.3 Metabolic engineering as an integrative and iterative process… 217

Figure 7.4 ‘Omics’-data integration to address interesting biological 

questions at the systems level…………………………………….. 226

Figure A.1 Nimblegen CGS data………………………………………………. 245

 



xiv 
 

LIST OF TABLES 

Table 1.1 ‘Omics’ data repositories………………………………………... 7

Table 3.1 Component breakdown for the updated integrated 

transcriptional regulatory metabolic model of E. coli…………. 90

Table 3.2 The number of components and corresponding number of R 

matrix rule equations……………………………………………. 92

Table 4.1 Validated mutations after 44 days of laboratory evolution…… 102

Table 4.2 Biochemical measurements of glycerol kinase mutants……... 107

Table 4.3 RNAP Mutants cloned for in vitro pause-escape assay……… 116

Table 4.4 Detected mutations in colony screen of glycerol-adapted 

strains lacking previously identified glpK, rpoB, or rpoC 

mutations………………………………………………………….. 122

Table 5.1 Colony screening strategy for identifying site-directed 

mutants…………………………………………………………….. 147

Table 5.2 Confirmed and putative SNPs reported by Nimblegen CGS 

for five L-lactate-adapted strains………………………………... 152

Table 5.3 Confirmed mutations for the five L-lactate adapted strains….. 153

Table 6.1 Metabolic, global regulatory, and cellular maintenance 

mutations identified during E. coli laboratory evolution………. 177

Table B.1 Site-directed mutant strains corresponding to L-lactate- 

adapted strains……………………………………………………. 248

Table B.2 Plasmids and primers used to generate L-lactate-adapted 

strain site-directed mutants……………………………………… 249

 



xv 
 

ACKNOWLEDGEMENTS 

This dissertation would not have been possible without the assistance of 

many.  A number of folks have played a role, some big and others small; no matter 

the size, I would like to use this space to express my sincerest thanks for each 

respective contribution. 

First and foremost, I thank my primary advisor Professor Bernhard Palsson.  I 

would argue that my time in graduate school represents a truly complete experience.  

This in no small part is due to the multidisciplinary, dynamic, team-oriented, and 

innovative environment fostered by Dr. Palsson.  In addition to the significant and 

substantial resources made available to me throughout my time in his lab, I also 

received invaluable training in grant writing, mentoring, and career planning that leave 

me feeling fully prepared for a successful career in science.  I will be forever grateful 

for the many and diverse opportunities afforded to me by Dr. Palsson and will take 

away significant lessons and insight from each of them. 

I also thank my thesis committee members for their assistance in shaping the 

final product documented in this dissertation.  In particular, I thank my co-advisor Dr. 

Bing Ren for encouraging me early on to think about developing a common theme 

and thereby make a significant contribution through my thesis work.  I also thank Dr. 

Milton Saier for devoting a significant amount of time and thought to some preliminary 

data that helped direct future work toward this finished product.  Finally, I thank Dr.’s 

Lin Chao and Wei Wang for their input that offered unique perspectives on early 

proposed work, ultimately helping to trim, streamline, or altogether shift focus to more 

interesting projects. 



 

xvi 
 

I have also benefited significantly from interactions with many members of the 

Palsson Laboratory both past and present.  In addition to enjoying the general 

camaraderie and high quality discourse typical in the lab, I had the good fortune to 

work closely with and learn from many talented folks during my time here.  In 

particular, I thank Steve Fong for introducing me to the lab and whose early 

collaborative efforts on adaptive evolution set the foundation for much of the work 

presented herein.  I have also enjoyed productive collaborations on various projects 

with Tim Allen, Kenyon Applebee, Byung-kwan Cho, Tom Conrad, Adam Feist, Chris 

Herring, Qiang Hua, Gene Ko, Ayra Maggay, Jason Papin, Trina Patel, Nathan Price, 

Anu Raghunathan, and Jennie Reed.  I also thank Christian Barrett, Markus 

Herrgard, and Neema Jamshidi for many productive conversations and technical 

advice that have filled knowledge gaps and vastly expanded my skill set over the 

years.  In addition, I thank several other individuals, notably Vasiliy Portnoy, Eric 

Knight, Christina Tam, Courtney Chew, Olivia Bui, and Jessica Na, for their 

assistance to varying degrees in the experimental lab. 

I also have been fortunate to participate in collaborative efforts with several 

groups outside of UCSD while conducting my graduate work.  I thank Sanjay 

Agarwalla, Rob Edwards, Erwin Gianchandani, Bob Landick, Andrei Osterman, and 

Jinwei Zhang for sharing their insight and efforts toward the conception, development, 

and execution of several projects, some of which are described herein. 

Furthermore, I thank Dr. Shankar Subramaniam and other key members of 

the Bioinformatics Program at UCSD.  Not only did they secure the NIH Training 

Grant that provided me two years of support, but they also instituted a unique 

curriculum that allowed me to develop a diverse, well-rounded skill set.  At one point 



 

xvii 
 

or another I have utilized various resources, tools, or knowledge acquired from each 

and every one of my graduate courses, an experience I am willing to bet is quite rare 

among graduate students.  I also thank my colleagues in the Bioinformatics program, 

particularly those in my admission class, for their general camaraderie, technical 

assistance, and advice at various points during my time here.     

I would be remiss if I did not also thank previous mentors who ultimately set 

me on this path in the first place.  In particular, I thank my undergraduate advisor 

Professor Shirley Tilghman for exposing me to the highest quality in scientific 

research at an early stage in my training and for sharing her uncanny gift of lucid 

scientific communication.  I continually strive to match Professor Tilghman’s ability to 

readily convey the most complicated scientific concepts to experts and lay people 

alike.  I am also thankful for her continued encouragement and interest in my 

progress over the years.  I would also especially like to thank Dr. Mike Kuhar for 

pushing me to explore opportunities outside of my primary work in his neuroscience 

lab prior to entering graduate school.  The computational efforts that he urged me to 

pursue, despite being orthogonal to his primary research interests in many ways, 

ultimately drove me to pursue higher studies in the field of Bioinformatics. 

I also thank the many friends and family outside of science that provide 

balance and remind me that there is indeed life outside of the life sciences.  I am 

obviously greatly indebted to my parents, Nancy and Richard Joyce, for pushing me 

to excel in every endeavor and for providing the resources, no matter how 

substantial, required in order to do so.  I would also like to thank the rest of my 

extended family, in particular my brother Matthew Joyce, for always interesting 

conversation, perspective, and interest in my work.  I would also like to thank the 



 

xviii 
 

many friends outside of San Diego, in particular Rose, Brian, Ken, Paul, Maciej, 

Reuben, Kristen, Leila, and Oakley, who remind me of the big wide world out there by 

sharing their experiences from all over the globe, and for politely feigning interest in 

what it is that I do. 

Finally, I am eternally grateful to my wife Kerri whose love, patience, support, 

and encouragement has been unwavering throughout, despite the long days, nights, 

and weekends in the lab, especially during this last part of the process.  I could not 

imagine succeeding without her at my back.  In addition, although he is much too 

young to understand, I thank my son Cameron for his unconditional love and for 

providing invaluable perspective each and every day.  His wide toothy grin that greets 

me daily when I walk through the door is the ultimate panacea for long frustrating 

days of protocol troubleshooting, explaining unexplained reaction failures, or fixing 

broken code.  Furthermore, the recognition that he would prefer to literally chew on 

this manuscript, rather than some day read it, just makes me smile.                      

 Chapter 1, in part, is a reprint of the material as it appears in Joyce AR and 

Palsson BO. The model organism as a system: integrating 'omics' data sets. Nat Rev 

Mol Cell Biol 7(3): 198-210 (2006).  The dissertation author was the primary author 

and the co-author participated in and supervised the project. 

 Chapter 2, in part, is a reprint of the material as it appears in Gianchandani 

EP, Papin JA, Price ND, Joyce AR and Palsson BO. Matrix formalism to describe 

functional states of transcriptional regulatory systems. PLoS Comput Biol 2(8): e101 

(2006).  The dissertation author was a co-author on this paper and helped develop 

and conduct the research in addition drafting portions of the final manuscript. 



 

xix 
 

 Chapter 3, in part or in full, is a reproduction of the material as it appears in 

Joyce AR, Ko G, Gianchandani EP, Papin JA, and Palsson BO.  The genome-scale 

application of the R-matrix to modeling the E. coli transcriptional regulatory network. 

In preparation (2007).  The dissertation author is the lead author on this manuscript 

and the co-authors supervised the research and aided in manuscript preparation. 

 Chapter 4, in part or in full, is a reproduction of the material as it appears in 

Joyce AR, Zhang J, Maggay A, Cho BK, Knight EM, Patel T, Herring CD, Landick R, 

and Palsson BO.  Identification and characterization of E. coli RNA polymerase 

mutants that drive adaptation to growth on glycerol. In preparation (2007).  The 

dissertation author is the lead author on this manuscript and the co-authors assisted 

in performing experiments and supervising the project.       

Chapter 5, in part or in full, is a reproduction of the material as it appears in 

Joyce AR, Maggay A, Conrad T, and Palsson BO.  Adaptation to growth on L-lactate 

by E. coli involves adjustments of gluconeogenic pathways, as well as cAMP- and 

ppGpp-associated regulatory networks. In preparation (2007).  The dissertation 

author is the lead author on this manuscript and the co-authors assisted in performing 

experiments and supervising the project.      

Chapter 6, in part or in full, is a reproduction of the material as it appears in 

Joyce AR and Palsson BO.  Themes emerging from evolution in the lab. In 

preparation (2007).  The dissertation author is the lead author on this manuscript and 

the co-author supervised and participated in the project. 

 Chapter 7, in part, is a reprint of the material as it appears in Joyce AR and 

Palsson BO. The model organism as a system: integrating 'omics' data sets. Nat Rev 



 

xx 
 

Mol Cell Biol 7(3): 198-210 (2006).  Chapter 7 also reprints material, in part, from 

Joyce AR and Palsson BO. Toward whole cell modeling and simulation: 

comprehensive functional genomics through the constraint-based approach. in 

Systems Biological Approaches in Infectious Diseases. H. I. Boshoff and C. E. Barry 

III, Eds. Basel, Switzerland, Birkhauser Verlag. p. 265, 267-309 (2007). The 

dissertation author was the primary author for both publications and the co-author 

participated in and supervised the respective projects.  

 

 



xxi 
 

VITA 

1999   A.B., Molecular Biology, Princeton University 

2007   Ph.D. Bioinformatics, University of California, San Diego 

PUBLICATIONS 

Vrana PB, Matteson PG, Schmidt JV, Ingram RS, Joyce A, Prince KL, Dewey MJ and 
Tilghman SM. Genomic imprinting of a placental lactogen gene in Peromyscus. Dev 
Genes Evol 211(11): 523-32 (2001). 
 
Kimmel HL, Joyce AR, Carroll FI and Kuhar MJ. Dopamine D1 and D2 receptors 
influence dopamine transporter synthesis and degradation in the rat. J Pharmacol 
Exp Ther 298(1): 129-40 (2001). 
 
Kuhar MJ, Joyce A and Dominguez G. Genes in drug abuse. Drug Alcohol Depend 
62(3): 157-62 (2001). 
 
Kuhar MJ and Joyce AR. Slow onset of CNS drugs: can changes in protein 
concentration account for the delay? Trends Pharmacol Sci 22(9): 450-6 (2001). 
 
Kimmel HL and Joyce AR. Dopamine Transporters: Structure-Activity Relationships 
and Regulation in Neurons. in Dopamine Receptors and Transporters, 2nd Edition. P. 
Vernier, A. Sidhi and M. Laruelle, Eds. New York, NY, USA, Marcel Dekker, Inc. p. 
467-500 (2003). 
 
Kuhar MJ and Joyce AR. Is the onset of psychoactive drug effects compatible with a 
protein-synthesis mechanism? Neuropsychopharmacology 28 Suppl 1: S94-7 (2003). 
 
Fong SS, Joyce AR and Palsson BO. Parallel adaptive evolution cultures of 
Escherichia coli lead to convergent growth phenotypes with different gene expression 
states. Genome Res 15(10): 1365-72 (2005). 
 
Fong SS, Joyce AR and Palsson BO. The econometrics of evolution. Nat Chem Biol 
1(4): 191-2 (2005). 
 
Oh YK, Joyce AR and Palsson BO. Constraint-based Genome-Scale In silico Models 
for Systems Biology. Asia-Pacific Biotech News 10: 123-36 (2006). 
 
Gianchandani EP, Papin JA, Price ND, Joyce AR and Palsson BO. Matrix formalism 
to describe functional states of transcriptional regulatory systems. PLoS Comput Biol 
2(8): e101 (2006). 
 



 

xxii 
 

Joyce AR, Reed JL, White A, Edwards R, Osterman A, Baba T, Mori H, Lesely SA, 
Palsson BO and Agarwalla S. Experimental and computational assessment of 
conditionally essential genes in Escherichia coli. J Bacteriol 188(23): 8259-71 (2006). 
 
Herring CD, Raghunathan A, Honisch C, Patel T, Applebee MK, Joyce AR, Albert TJ, 
Blattner FR, van den Boom D, Cantor CR and Palsson BO. Comparative genome 
sequencing of Escherichia coli allows observation of bacterial evolution on a 
laboratory timescale. Nat Genet 38(12): 1406-1412 (2006). 
 
Hua Q, Joyce AR, Fong SS and Palsson BO. Metabolic analysis of adaptive evolution 
for in silico-designed lactate-producing strains. Biotechnol Bioeng 95(5): 992-1002 
(2006). 
 
Allen TE, Price ND, Joyce AR and Palsson BO. Long-range periodic patterns in 
microbial genomes indicate significant multi-scale chromosomal organization. PLoS 
Comput Biol 2(1): e2 (2006). 
 
Joyce AR, Easterling K, Holtzman SG and Kuhar MJ. Modeling the onset of drug 
dependence: a consideration of the requirement for protein synthesis. J Theor Biol 
240(4): 531-7 (2006). 
 
Joyce AR and Palsson BO. The model organism as a system: integrating 'omics' data 
sets. Nat Rev Mol Cell Biol 7(3): 198-210 (2006). 
 
Reed JL, Patel TR, Chen KH, Joyce AR, Applebee MK, Herring CD, Bui OT, Knight 
EM, Fong SS and Palsson BO. Systems approach to refining genome annotation. 
Proc Natl Acad Sci U S A 103(46): 17480-4 (2006). 
 
Feist AM, Henry CS, Reed JL, Krummenacker M, Joyce AR, Karp PD, Broadbelt LJ, 
Hatzimanikatis V and Palsson BO. A genome-scale metabolic reconstruction for 
Escherichia coli K-12 MG1655 that accounts for 1260 ORFs and thermodynamic 
information. Mol Syst Biol 3: 121 (2007). 
 
Joyce AR and Palsson BO. Toward whole cell modeling and simulation: 
comprehensive functional genomics through the constraint-based approach. in 
Systems Biological Approaches in Infectious Diseases. H. I. Boshoff and C. E. Barry 
III, Eds. Basel, Switzerland, Birkhauser Verlag. p. 265, 267-309 (2007). 
 
Hua Q, Joyce AR, Palsson BO and Fong SS. Metabolic characterization of 
Escherichia coli adapted to growth on lactate. Appl Environ Microbiol (2007). 
 
Joyce AR and Palsson BO. Predicting Gene Essentiality Using Genome-Scale in 
silico Models. in Gene Essentiality at Genome Scale: Protocols and Bioinformatics. A. 
Osterman and S. Gerdes, Eds. Totowa, NJ, USA, Humana Press Inc. In press (2007). 
 
Joyce AR and Palsson BO. In silico Genome-scale Metabolic Models: The Constraint-
based Approach and its Applications. in Systems Biology and Synthetic Biology. P. 
Fu, M. Latterich and S. Panke, Eds. Hoboken, NJ, USA, John Wiley & Brothers, Inc. 
In press (2007). 



 

xxiii 
 

Joyce AR, Gianchandani EP, Papin JA, and Palsson BO.  The genome-scale 
application of the R-matrix to modeling the E. coli transcriptional regulatory network. 
In preparation (2007). 
 
Joyce AR and Palsson BO.  Themes emerging from evolution in the lab. In 
preparation (2007). 
 
Joyce AR, Zhang J, Maggay A, Cho BK, Knight EM, Patel T, Herring CD, Landick R, 
and Palsson BO.  Identification and characterization of E. coli RNA polymerase 
mutants that drive adaptation to growth on glycerol. In preparation (2007). 
 
Joyce AR, Maggay A, Conrad T, and Palsson BO.  Adaptation to growth on L-lactate 
by E. coli involves adjustments of gluconeogenic pathways, as well as cAMP- and 
ppGpp-associated regulatory networks. In preparation (2007). 



 
 

xxiv 
 

ABSTRACT OF THE DISSERTATION 

Modeling and Analysis of the E. coli Transcriptional Regulatory Network:  

An Assessment of its Properties, Plasticity, and Role in Adaptive Evolution 

by 

Andrew Robert Joyce 

Doctor of Philosophy in Bioinformatics 

University of California, San Diego, 2007 

 

Professor Bernhard Ø. Palsson, Chair 

Professor Bing Ren, Co-chair 

 

The emergence of whole-genome sequencing and other high-throughput 

experimental technologies in recent years has transformed life sciences research 

from a relatively data-poor discipline into one that is data-rich.  Studies of 

transcriptional regulatory networks, in particular, have benefited from these 

developments as high throughput post-genomic data yield system-wide 

measurements that reveal the components, interactions, and functional states of 

regulatory systems in response to environmental stimuli. 
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Accordingly, the analysis of transcriptional regulatory networks is the primary 

topic of this dissertation.  To this end, there are dual focal points; the first involves the 

static modeling of transcriptional regulatory networks, and the second studies how 

they change during adaptive evolution.  The former activity centers on developing a 

novel approach, called the R matrix formalism, for modeling transcriptional regulatory 

networks, first, in small model systems, and then by applying the methodology to 

Escherichia coli.  In contrast, the latter activity focuses on investigating how E. coli 

adapts to environmental perturbations, namely growth on the relatively poor 

substrates glycerol- and L-lactate-minimal medium, in the laboratory using various 

post-genomic and traditional experimental techniques. 

 The results presented herein constitute significant advances on several fronts.  

First, the R-matrix framework for modeling transcriptional regulatory networks, while 

largely proof-of-concept in the context of this dissertation, will likely prove useful as an 

integrative method for compiling and analyzing the rapidly growing body of ChIP-chip 

and transcriptional profiling data, in addition to providing a novel means to study other 

systems and pathways.    

Furthermore, the adaptive evolution work highlights the striking malleability of 

the transcriptional regulatory network when faced with environmental perturbations.  

Specifically, the RNA polymerase is directly mutated in the glycerol-adaptation 

experiments, whereas cAMP- and ppGpp-related pathways are targeted in the L-

lactate case.  Therefore, when taken together, this dissertation provides a novel 

approach to modeling regulatory networks as static entities, while additionally 

providing an unprecedented view into the dynamic nature of these networks during 

adaptation and the critical role that they play in determining the cellular phenotype. 
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Chapter 1 

Systems Biology and the Post-genomic Era 

At its core, this dissertation focuses on genetic regulatory networks, first by 

describing a novel approach to modeling them, and second by examining how they 

change during adaptive evolution.  While these two topics are somewhat disjoint in 

that the former is inherently static and the latter dynamic, they are both fundamentally 

enabled by post-genomic technologies and the emergence of systems biology as a 

field.  Without these developments the work presented herein would be significantly 

restricted if not altogether impossible to conduct.  Accordingly, this introductory 

chapter briefly reviews the emergence of systems biology as a discipline and 

introduces some of the primary activities in this area of research over the past several 

years.  The link between genome-scale modeling of biological systems and studying 

their adaptation in the laboratory is then used as a bridge to briefly introduce the field 

of adaptive evolution with a focus on work conducted in E. coli.  Finally, a general 

overview of the contents of this dissertation is presented. 

1.1 A brief history of integrative thinking in biology 

It is currently fashionable to state that reductionist thinking has characterized 

much of modern biological research and that we now have the emergence of a new 

field called systems biology that is dominated by integrative thinking (see for 

example1).  Although the accuracy of such statements is a matter of scale, it is 

incorrect to state that integrative thinking has not taken place previously in biological 

research.  The first molecular regulatory circuits were indeed mapped out over 40 
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years ago.  The feedback inhibition of amino acid biosynthetic pathways was 

discovered in 19573,4 and the transcriptional regulation associated with the glucose-

lactose diauxic shift led to the definition of the lac operon5.  The study of these 

regulatory mechanisms, admittedly on a small scale, began the unraveling of the 

molecular logic that underlies cellular processes. 

Larger scale analyses also began long ago in fields such as physiology.  For 

example, Arthur Guyton began applying principles of engineering and systems 

analysis to cardiovascular regulation in the 1950’s6,7.  These pioneering efforts were 

conducted even before the significant computational power that we now so readily 

enjoy became available.  His initial efforts soon grew into a large-scale integrative 

model of the cardiovascular system8, published in 1972, that is every bit as complex 

as the many interaction networks and computational models that have appeared in 

recent years.  Furthermore, this body of work recognized the importance of iteration 

early on9 a notion that has become a hallmark of systems biology research; that is, 

computational models can be used to guide experimentation, the results from which 

can be used to improve the model in an iterative fashion with the ultimate goal of 

closing in on increasingly predictive models of biological systems10,11. 

Researchers involved in these and other integrative efforts were certainly 

pioneering early adopters that recognized the utility and power of systems level 

analyses in biological research.  Their work, however, was often limited by a lack of 

detailed knowledge of the underlying components and mechanisms, as well as 

limitations in access to sufficient computational power to further large-scale modeling 

efforts.  The blossoming of molecular biology as a discipline, in conjunction with the 

rapid rise, both in terms of access and power, of computational resources began to 
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alleviate these restrictions by enabling computational modeling at increasing levels of 

detail and scale.  By the late 1980’s and early 1990’s, reasonably comprehensive 

computational models of the human red blood cell 12 as well as the cell division cycle 

were developed13. 

The convergence of these research activities (Figure 1.1) can be considered 

the union of the two historical roots of what is currently known as systems biology.  

The developments in molecular biology, which can be thought of as the ‘biology’ root, 

enjoyed a much higher profile with countless exciting discoveries and technologies 

uncovering many of the inner-workings of the cell.  In contrast, the computational 

Figure 1.1 | Tracing the roots of systems biology.  This schematic follows the two roots 
of systems biology from early integrative work on the lac operon and analysis of metabolic 
feedback mechanisms.  The upper branch represents the ‘biology’ root and highlights 
some key events over the past 40 years that transformed biological research into a 
genome-scale science.  The lower branch represents the ‘systems’ root and focuses on 
the development and expansion of biological modeling capabilities that have become a 
hallmark of systems biology research today.  The transition to the data rich environment 
that accompanied the genomic and post-genomic era is also marked as being a key point 
that has enabled the formulation of increasingly comprehensive, genome-scale models. 
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modeling efforts, or ‘systems’ root, received comparatively little attention and were 

often considered little more than interesting theoretical exercises rather than 

important contributions to a greater understanding of biology.  Today, however, with 

the development of automated DNA sequencing14,15 and additional genome-enabled, 

or so-called ‘omics’ technologies16,17 has brought to the forefront the need for 

integrative theoretical, model building, and systems analyses, ultimately giving rise to 

the genome-scale science that characterizes much of systems biology.       

1.2 The emergence of ‘omics’ data and genome-scale science  

The completion and publication of the Haemophilus influenzae genome 

sequence in 199518 marked a significant phase transition in the history of biological 

research.  The advent of whole-genome sequencing and other high-throughput 

experimental technologies transformed biological research from a relatively data-poor 

discipline into one that is data rich.  An important challenge that is faced by 

investigators today lies in interpreting these large-scale datasets and thereby deriving 

fundamental and applied biological information about whole systems. 

 The challenge that comes with information-rich environments is not unique to 

post-genomics biological research.  Modern data sets in many disciplines are 

frequently immense in size.  For example, National Oceanic and Atmospheric 

Administration (NOAA) satellites, which have been used to monitor global climate 

change, generate approximately 1 terabyte of data per day19.  Furthermore, the 

international retail giant Wal-Mart maintains a database of nearly 460 terabytes that 

contains product information and details on the customers who buy them20.  This 

onslaught of available information has driven the development of important data-
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mining techniques that are devoted to uncovering details of practical value for various 

applications21.        

Although their size is often on the same, or smaller, scale compared with 

these other modern datasets, significant challenges are unique to modern post-

genomics datasets.  For example, many technological platforms, both in terms of 

hardware and software, are available for several ‘omics’ data types, but some of 

these are prone to introducing technical artefacts22.  This can bias the data, which can 

falsely expose sample differences in the absence of a biological cause.  In addition, 

uniform, standardized data representations are not always adopted23, which 

complicates cross-experiment comparisons.  Data quality, context and lab-to-lab 

variations represent another important hurdle that must be overcome in genome-

scale science24.  Despite these challenges, however, progress is being made toward 

identifying, extracting and interpreting biological insights from ‘omics’ datasets.  This 

section will introduce many of the ‘omics’ methods and data types that are facilitating 

the genome-scale science that characterizes much of research in systems biology. 

The advent of high-throughput DNA sequencing in the mid-1990s was quickly 

followed by technological innovations that provide genome-scale measurements for 

many of the molecular species that exist within the cell (Figure 1.2).  The description 

of the cellular network that these ‘omics’ data provide for a given time and/or 

condition can be classified into three broad categories:  components, interactions and 

functional states.  Components data yield information regarding the specific molecular 

content of the cell or system.  Interactions data specify the connectivity that exists 

among the molecular species, thereby defining the network ‘scaffold’ within the cell or 

system.  Finally, functional states data reveal the overall behavior, or phenotype, of  
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Figure 1.2 |  ‘Omics’ data are providing comprehensive descriptions of nearly all 
components and interactions within the cell. ‘Omics’ datasets that describe virtually all 
biomolecules in the cell are starting to become available.  These data can be generally 
classified into three categories: components, interactions and functional-states data. 
Components data detail the molecular content of the cell or system, interactions data 
specify links between molecular components, and functional-states data provide an 
integrated readout of all ‘omics’ datatypes by revealing the overall cellular phenotype. The 
central pathway traces the biological information flow from the genome to the ultimate 
cellular phenotype, and the available ‘omics’ datatypes that are used to describe these 
processes are indicated in the adjacent boxes. From the top, DNA (genomics) is first 
transcribed to mRNA (transcriptomics) and translated into protein (proteomics), which can 
catalyse reactions that act on and give rise to metabolites (metabolomics), glycoproteins 
and oligosaccharides (glycomics), and various lipids (lipidomics).  Many of these 
components can be tagged and localized within the cell (localizomics).  The processes 
that are responsible for generating and modifying these cellular components are generally 
dictated by molecular interactions, for example by protein–DNA interactions in the case of 
transcription, and protein–protein interactions in translational processes as well as 
enzymatic reactions.  Ultimately, the metabolic pathways comprise integrated networks, or 
flux maps (fluxomics), which dictate the cellular behaviour, or phenotype (phenomics). 
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the cell or system.  The following sections briefly introduce many ‘omics’ technologies 

used to generate these data in the context of these three categories and many useful 

online resources that contain publicly accessible data (Table 1.1). 

1.2.1  Components data 

Genomics. Genomics, defined here as the whole genome sequence and the 

information contained therein, is clearly the most mature of the different ‘omics’ fields.  

Since 1995, nearly 300 genome-sequencing projects, with representative species 

from each of the three kingdoms of life, have been completed25 and hundreds more 

are underway.  The raw sequence data themselves are facilitating many fascinating 

comparative genomics studies that are designed to identify gene-regulatory 

Table 1.1 | ‘Omics’ data repositories*

*This table details some of the more popular databases that disseminate genome-scale 
omics data through publicly available websites and is intended to be representative rather 
than comprehensive.  Some omics technologies do not yet have associated data-
dissemination resources – notably glycomics and fluxomics – and are therefore not 
included in this table. C. elegans, Caenorhabditis elegans; 2D-PAGE, two-dimensional 
polyacrylimade-gel electrophoresis; E. coli, Escherichia coli; GFP, green fluorescent 
protein; RNAi, RNA interference; SAGE, serial analysis of gene expression. 
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elements26, to understand speciation27, and to refine our view of the evolutionary tree 

of life28. 

Beyond the simple genome sequence, genome annotation defines the 

complement of proteins and functional RNAs that are available to the cell, as well as 

their associated regulatory elements.  For example, many computational efforts have 

addressed the task of identifying transcription factor binding sites in genomic 

sequence as evidenced in a recent study in which a critical performance assessment 

of many available tools was conducted29.  So-called ORFeome projects are also 

underway to isolate experimentally each protein-coding component encoded by open 

reading frames (ORFs) of a system.  These projects — which will validate 

computational predictions, isolate and characterize splice variants, and facilitate 

downstream functional analyses30 — are currently ongoing for many organisms 

including C. elegans, human and the pathogen Brucella melitensis. 

Transcriptomics. Transcriptomics provide information about both the presence 

and the relative abundance of RNA transcripts, thereby indicating the active 

components within the cell.  Since the mid-to-late 1990s, countless genome-wide 

expression studies have interrogated gene expression dynamics in many model 

systems and environments.  Microarrays31 and serial analysis of gene expression 

(SAGE)32 represent the most utilized approaches and have been applied to many 

model systems, as well as to the study of genes that are predominantly expressed in 

stem cells33, to the classification of molecular subtypes of human cancers34, and to 

the monitoring of host-cell transcriptional response to pathogens35.  Even though 

these types of transcriptomics studies provide crucial information regarding the 

expression state, or primary genomics readout of the cell, it must be recognized that 
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various levels of post-transcriptional control might rival its importance and are not 

captured by these analyses36.   

Proteomics.  Proteomics ultimately aims to identify and quantify cellular levels 

of each protein encoded within the genome. Methods based on two-dimensional gel 

electrophoresis and mass spectrometry are the most popular strategies37. High-

throughput quantitative western-blot methods have also been implemented, but 

require extraordinary efforts and resources38.  The proteomes of many cellular 

structures and organelles, such as the cytoskeleton and mitochondria, have been 

assessed39. Additional recent efforts are devoted to developing next-generation 

technologies that will allow for better characterization of proteome–phenotype 

relationships by further elucidating the link between protein-expression profiles and 

distinct cellular processes or conditions40.  In particular, one strategy in development 

involves overcoming the problem of detecting only the most highly represented 

proteins in biological samples by focusing on unique characteristic peptides for each 

protein or protein isoform40. 

Metabolomics/metabonomics.  Metabolomics seeks to identify the complete 

set of metabolites, or the metabolome, of the cell.  The related metabonomics field 

specifically studies the dynamic metabolic response of living systems to 

environmental stimuli or genetic perturbation, and for the purposes of this review will 

be treated as an equivalent data type41.  The metabolome represents the output that 

results from cellular integration of the transcriptome, proteome and interactome 

(described in the next section)42, and therefore provides not only a metabolite 

components list but also a functional readout of the cellular state.  As one of the 

newer ‘omics’ data types, the methods are still being refined and typically rely on 
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mass spectrometry, NMR spectroscopy and vibrational spectroscopies43 to analyze 

the metabolite contents that are extracted from isolated cells or tissue.  Given the 

highly diverse set of biomolecules and the large dynamic range of metabolite 

concentrations that require detection, modern techniques must capture hundreds of 

distinct chemical species.  Despite these challenges and the consequent limitations, 

metabolomics is fast becoming a popular tool in studying the cellular state of many 

systems including plants44, the human red blood cell45 and microbes46, as well as in 

metabolic engineering applications47, in pharmacology and toxicology48 and in human 

nutritional studies49. 

Localizomics.  Localizomics seeks to identify the subcellular location of all 

proteins in the cell, which can provide key insights into the cellular function of the 

individual proteins as well as their probable interacting partners.  In general, these 

efforts — more so than most other ‘omics‘ data types — require extraordinary efforts, 

as each molecular species must be tagged or detected by antibodies, visualized by 

microscopy and assigned, often manually, to a specific subcellular domain or 

organelle.  Accordingly, complete localizome determination has been restricted to 

model systems, such as E. coli50 and yeast51, which are most amenable to 

manipulation by standard molecular-biology techniques.  Recent experimental efforts 

have generated a genome-wide resource of individual promoter constructs, thereby 

setting the stage for the determination of the C. elegans localizome52, and 

computational techniques are allowing for the in silico prediction of protein localization 

in eukaryotes53 on the basis of amino-acid and protein-domain families previously 

associated with subcellular locations.  Furthermore, recent technological 

advancements — such as laser scanning cytometry and tissue microarrays, which 
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can visualize simultaneously the presence of many biological species in many 

different cell or tissue samples — are transforming traditional histochemical and 

cytochemical methods from low- to high-throughput tools. This has spurred the 

nascent field of histocytomics, which has the potential to bring localizomics to more 

experimentally challenging systems such as mammalian cell and tissue culture54. 

Emerging component data-types. High-throughput technologies for the 

detection and measurement of other cellular components are also becoming 

available.  For example, lipidomics55 aims to identify and classify the complete 

inventory of lipids and their associated interacting factors within the cell, and 

glycomics56 seeks to do the same for carbohydrates and glycans. However, these 

methods are in their infancy and relatively few data sets have been generated so far; 

therefore data integration efforts using these ‘omics’ data types remain on the 

horizon. 

1.2.2  Interactions data 

The protein–DNA interactome. Data concerning the interactions between 

proteins and DNA, particularly between transcription factors and their target 

promoters, fundamentally define the genetic regulatory network of the cell.  

Determining the structure of this network is important to understand how cells modify 

their transcriptional state during developmental processes57 and in response to 

environmental, extracellular, intracellular and intercellular signals.  The combination of 

chromatin immunoprecipitation (ChIP) with whole-genome promoter or tiling arrays58, 

commonly known as ChIP-chip or genome-wide location analysis59, has become the 

premier tool for high-throughput elucidation of gene regulatory interactions. 
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In recent years, researchers have exploited ChIP-chip to study various 

transcription factors in many model systems.  Studies have investigated RNA 

polymerase binding to promoters in E. coli60, yeast61 and humans62.  Comprehensive 

investigations of the yeast transcription-factor regulatory network have also 

appeared63.  Furthermore, several studies have investigated the regulatory 

interactions of important human transcription factors such as c-myc26, NF-κB64, p5365 

and CREB66.  A recent study also exploited ChIP-chip to interrogate non-specific 

protein–DNA interactions, which have important roles in defining the transcriptional 

state of cells, by examining histone acetylation and methylation patterns in yeast67.  

They found that histone acetylation occurs primarily at the beginning of genes, 

whereas histone methylation can be located throughout transcribed regions. 

The protein–protein interactome.  Protein–protein interactions, for example in 

signalling cascades and enzyme-complex formation, dictate many cellular processes.  

Identifying all functional protein–protein interactions will be important for 

understanding the integrated cellular network structure and function68.  In recent 

years, several techniques, including experimental yeast two-hybrid69 and co-affinity 

purification coupled with mass-spectrometry techniques, as well as computational 

approaches that predict protein–protein interactions by relying on shared 

characteristics of known interacting proteins70 or phylogenetic evolutionary 

information71, have provided many genome-scale protein–protein interaction maps. 

So far, reasonably comprehensive protein–protein interaction networks72 have 

appeared for bacteria (E. coli73 and Helicobacter pylori74), the malarial pathogen 

Plasmodium falciparum75, yeast76, the fruitfly Drosophila melanogaster77, the 

nematode C. elegans78 and humans79.  Many follow-up studies have analyzed the 
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patterns of interacting components, or topological properties, that are exhibited by the 

resulting networks80 and have debated the potential underlying biological implications. 

For example, studies have asked whether the apparent power-law distribution of 

protein–protein interaction connectivity exists to confer robustness against 

perturbation of network components81.  Further studies have assessed the fidelity of 

protein–protein interaction data (estimated to be as low as 50% for yeast two-hybrid 

screens) and how to best capture the ‘true’ network82.  Additional efforts are aimed 

towards developing high-throughput, small-molecule screens designed to identify 

molecules that interact with, and disrupt, protein–protein interactions83. 

1.2.3  Functional-states data 

Phenomics. Phenomics refers to the high-throughput determination of cellular 

fitness or viability in response to genetic and/or environmental perturbations.  Several 

high-throughput strategies are currently used to accomplish this task.  Phenotyping 

microarrays facilitate a high-throughput, parallelized assessment of the growth 

capabilities of wild-type and mutant microbes84.  Chemogenomics applies a similar 

approach by rapidly screening the phenotypic effect of libraries of compounds on 

whole biological systems, and also has functional-genomics capabilities85.  Likewise, 

RNA interference (RNAi) screens, in which each gene product is functionally knocked 

down but not deleted, are invaluable tools in assessing genotype–phenotype 

relationships and have been used extensively in studies of D. melanogaster, C. 

elegans and human systems86.  Comprehensive studies in E. coli50 and yeast87 have 

also produced detailed information regarding gene and pathway essentiality by 

examining cellular viability following single and double gene deletions, respectively. 



14 

Recently developed techniques in the field of fluxomics88 also provide 

functional-state data by quantifying the specific flux of metabolites through enzymatic 

reactions within the cell.  This approach has so far been limited to studies of microbes 

however, and studies that integrate fluxomics and other high-throughput data have 

yet to appear in the literature. 

1.3 Integrating ‘omics’ data sets 

The growing availability of ‘omics’ data is providing researchers with 

unprecedented, large-scale views of biological systems.  In recent years, great strides 

have been made towards extracting insights from these data by studying the 

properties and content of ‘omics’ datasets, ultimately developing general methods to 

integrate various genome-scale data types.  These approaches generally tackle three 

specific tasks: first, identifying the network scaffold by delineating the connections 

that exist between cellular components; second, decomposing the network scaffold 

into its constituent parts, or network modules, in an attempt to understand the overall 

network structure; and third, developing cellular or systems models to simulate and 

predict network behavior that gives rise to cellular phenotypes (Figure 1.3).   

1.3.1 Identifying the scaffold 

Protein–DNA and protein–protein interactome data define the interactions that 

comprise cellular networks.  As previously noted, however, these data sets can be 

prone to high error rates82.  Researchers attempt to mitigate this issue by developing 

methods that integrate multiple ‘omics’ data types, yielding scaffolds that are likely to 

reflect real cellular networks more closely.  The methods described below aim to 

refine protein–DNA or protein–protein networks by reducing the number of false-
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positive interactions, therefore, allowing for explicit and accurate definitions of 

enzymatic complexes, as well as gene regulatory and signalling networks. 

A common approach to uncovering gene regulatory networks focuses on 

integrating transcriptomics and genomics information.  One strategy to accomplish 

this involves, first clustering high-throughput gene-expression data sets, then isolating 

the upstream regions of clustered genes, and finally analyzing for common cis-

regulatory motifs89.  Additional methods circumvent the need for multiple expression 

data sets, and instead rely on directly correlating the probability of transcription-factor 

cis-regulatory binding motifs with downstream relative gene-expression values89.  If 

the identified motifs correspond to known transcription-factor binding sites, the 

regulatory network that is responsible for the observed transcription state can be 

inferred.  The MODEM (module construction using gene expression and sequence 

motif) algorithm extends this idea by employing the REDUCE (regulatory-element 

detection using correlation with expression) algorithm to find regulatory motifs, and 

subsequently allows for the inclusion of either ChIP-chip or transcription-factor 

perturbation experiments90 to delineate the regulatory network.  The success of these 

methods, however, often is hampered due to the inherent high degree of variability, or 

‘noise’, of microarray expression data and the general difficulty in identifying often 

degenerate regulatory-motif signatures in genomic sequences. 

Another increasingly popular approach to identifying gene-regulatory networks 

involves the integration of protein–DNA interaction data with transcriptomics data.  

Bar-Joseph et al.91 developed an algorithm known as genetic regulatory modules 

(GRAM) to accomplish this task.  GRAM first identifies all protein–DNA binding events 

that are indicated by ChIP-chip results for a given set of transcription factors.   A gene 
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subset identified through analysis of the binding data is then selected on the basis of 

highly correlated gene expression.  The binding data are then revisited with relaxed 

binding-detection criteria to add additional gene targets that share highly correlated 

expression with the initially chosen subset and that use the same set of 

Figure 1.3 | ‘Omics’ data-integration approaches for identifying, decomposing and 
modelling cellular networks. Many investigators are devoting significant efforts to 
investigating the properties of ‘omics’ datasets and developing general methods to 
integrate these data.  These techniques generally accomplish three particular tasks: first, 
identifying the network scaffold second, decomposing the network scaffold; and third, 
cellular-systems modelling and analysis.  a | Identifying the network scaffold. This panel 
depicts the general strategy for identifying all interactions between cellular components 
that comprise the gene-regulatory network scaffold by integrating microarray expression 
and chromatin immunoprecipitation (ChIP)-chip data. ChIP-chip data specify the 
interactions between a transcriptional regulator and its target gene, and various statistical 
approaches can be used to derive the specific regulatory relationships (that is, 
transcriptional activation or repression) between components.  b | Network-scaffold 
decomposition. This procedure is generally carried out by integrating ‘omics’ data in the 
context of a given or inferred network structure, followed by deconstructing the network 
into network modules. These modules are then commonly used either to infer 
organizational principles or active portions of the network.  c | Cellular-systems modelling 
and analysis. The availability of these ‘omics’ datasets opens the door for integrative 
efforts that incorporate these data into whole-cell or systems models.  Genome-scale 
models are under development and involve, first, the incorporation of data into a network 
model, followed by the mathematical representation of that model, to ultimately facilitate 
simulation and analysis. 
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transcriptional regulators.  This iterative process results in the specification of a gene-

regulatory network and can be used to study its modularization (see below).  

Furthermore, given a reconstructed network, techniques are available to determine 

computationally which perturbation experiments will promote the most rapid 

elucidation and expansion of the network in the future92,93.     

Systematic approaches that infer the structure of the protein–protein 

interaction network have appeared.  In recent years, Bayesian classification methods 

have emerged as a common approach to overcoming the problem of noisy interaction 

data.  The general approach combines and uses subtle evidence from disparate data 

sources in an effort to filter out false positives from the list of possible protein–protein 

interactions. First, features shared by known interacting proteins (known as ‘gold 

standard’ positives) and features characteristic of known non-interacting pairs (known 

as ‘gold standard’ negatives) are identified.  Then, integrated characteristics for 

pairwise combinations of proteins are compared against the same characteristics for 

known interacting protein pairs and known non-interacting protein pairs, generating a 

likelihood score for each potential interaction.  The result is a probabilistic interactome 

in which all pairwise combinations of proteins are represented, the highest scoring of 

which represent the most likely structure of the protein–protein interaction network.   

Using this approach to elucidate the yeast protein–protein interaction network, 

Jansen et al.94 integrated mRNA correlation transcriptomics data, genomics (which 

included functional annotation and other ontological data) and data on whether genes 

are essential or not from high-throughput phenotyping assays in yeast. This Bayesian 

approach allowed them to derive a probabilistic structure for the entire yeast protein–

protein interaction network.  Recently, this approach was adopted95 to integrate 
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genomics data in the form of functional annotation, ontological and shared-protein-

domain data, orthologous protein–protein interaction data from other model 

organisms and mRNA co-expression-based transcriptomics data, to build a 

comprehensive probabilistic human protein–protein interaction network containing 

40,000 interactions, which, when accounting for differences in gene number, is 

comparable to results obtained for model organisms.  Both studies confirmed 

selected predicted interactions by detailed follow-up experiments.  Furthermore, given 

that interacting proteins tend to perform similar functions or participate in similar 

cellular processes, the confirmed interaction results are useful in assigning functional 

annotations to hypothetical proteins shown to interact directly with protein(s) of known 

function.   

Although these integrative efforts improved protein–protein interaction 

detection results compared to using any one data type alone, neither study was able 

to recover all of the known interactions, and false-positive rates remained high.  This 

discrepancy could be a product of technical limitations associated with the 

experimental protocols used to generate the data or perhaps due to differences in 

growth conditions used to generate the experimental data.  With these factors in 

mind, subsequent analyses that aim to identify the organizational principles of these 

networks, some of which are described below in the context of scaffold 

decomposition, may themselves be confounded by incomplete or incorrect 

interactions that are likely to exist within these derived scaffolds.  In fact, a recent 

computational effort suggests that all such protein-protein interaction data may in fact 

be dominated by non-specific interactions96, a consideration that must be kept in mind 

in all studies relying on these data.  
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1.3.2 Scaffold decomposition 

Many available methods complement scaffold-building techniques by 

decomposing them into network modules.  These methods generally attempt to 

identify the modular structure and organizational principles of networks, or to 

integrate ‘omics’ datatypes with known or pre-defined molecular scaffolds — for 

example, from those derived from or generated by interaction data using the methods 

described in the previous section — in order to pinpoint the portions of the network 

that are most active under a given condition and therefore best explain the observed 

systemic behavior. 

One approach designed to study the modular structure of networks involves 

the identification of significantly enriched motifs, or interaction patterns, that exist 

within the network (Figure 1.3B).  Yeger-Lotem et al.97 searched for enriched two-, 

three- and four-protein motifs in an integrated protein–protein, protein–DNA network.  

The identified enriched motifs are thought to represent the basic building blocks that 

comprise the cellular network.  The incorporation of localizomic data also aids in 

isolating the most biologically relevant motifs98, as interacting components are most 

likely to exist in the same subcellular compartment or organelle.   

Zhang et al.99 recently expanded on this idea by combining protein–protein 

interaction, ChIP-chip (protein–DNA interaction), gene co-expression 

(transcriptomics), synthetic-lethal (phenomics) and protein sequence homology 

(genomics) data to decompose an integrated yeast interaction network into modules.  

After constructing a comprehensive yeast interaction network from these data, 

significantly enriched three-node (and some four-node) network motifs were then 

detected and organized into network themes consisting of overlapping motif 
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structures.  Network themes were then further grouped into thematic maps, which 

provide a topological overview, specifying links between different functional 

subsystems, and ultimately imposing a hierarchical structure onto the network.  

Additional efforts, such as the statistical analysis of network dynamics (SANDY) 

algorithm100, are also extending these analyses to reflect the dynamic properties of 

the network by assessing topological features under various environmental 

conditions101. 

Tanay et al.102 took a slightly different approach to the same network 

modularization problem with their statistical-algorithmic method for bicluster analysis 

(SAMBA) algorithm.  A bipartite graph is constructed first in which genes are linked to 

gene properties that are derived from ‘omics’ data.  Genes sharing a statistically 

significant number of properties are then identified and together represent a network 

module.  Modules can then be analyzed using methods from graph theory to define 

connectivity statistics and ultimately assess their global organization within the 

network.  As previously noted, however, these studies aimed at examining network 

organization rely on high-quality scaffold identification and can therefore be 

significantly compromised by erroneous data. 

Much effort has also focused on identifying portions of the cellular network 

likely to be responsible for an observed phenotype.  For example, a method for 

identifying ‘active subnetworks’ by integrating interaction and transcriptomics data 

was developed103.  First, a network scaffold was assembled based on the interaction 

data and the statistical significance for each component within the assembled 

network was independently assessed.  Then, a simulated annealing-based search 

algorithm was used to identify subnetworks enriched for differentially expressed 
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genes.  Subnetwork enrichment was assessed by comparing an aggregate statistical 

measure for all components in the identified subnetwork against randomly selected 

subnetworks of the same size from the same expression data.  Highly significant 

enriched subnetworks indicate a probable involvement in the phenotype under study. 

Another network-decomposition approach integrates many biological networks 

in an effort to predict synthetic-lethal interactions104.  Decision trees integrating 

various characteristics for pairwise gene combinations, such as localization, 

functional annotation and shared sequence homology, in a training set are 

constructed and then used to predict whether the combined perturbation of two genes 

will lead to a growth-deficiency phenotype.  This method could prove invaluable in 

focusing experimental studies of network robustness in systems that can be 

genetically manipulated less easily. 

Rather than predicting synthetic-lethal interactions, Kelley and Ideker105 used 

an integrated network to uncover mechanistic explanations for growth-deficient 

double-deletion strains, and thereby elucidated underlying network organizational 

principles.  First, an integrated network comprised of protein–protein and protein–

DNA interactions, as well as enzyme–enzyme interactions that are specified by 

metabolic reaction maps defined in the Kyoto Encyclopedia of Genes and Genomes 

(KEGG)106 was contructed.  Using a log-odds scoring scheme, within- and between-

pathway network motifs were identified in an effort to explain the synthetic-lethal 

interactions. Within-pathway motifs correspond to instances where genetic 

interactions occur between genes whose products are involved in the same pathway, 

whereas between-pathway cases involve genes whose products participate in distinct 

pathways or processes.  The application of this method as a predictive tool was also 
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assessed and it was determined that between-pathway motifs are generally better 

predictors of synthetic-lethal interactions in yeast, as one might expect, given that the 

perturbation of multiple independent pathways is likely to have a larger impact on 

cellular fitness than multiple perturbations of a single pathway.  As an additional 

application, these network motifs were also shown to be potentially useful in 

identifying network organizational properties and in making protein-function 

predictions. 

1.3.3 Cellular modelling and analysis 

Cellular modelling and analysis. With the emergence and development of 

‘omics’ technologies that are providing systems-wide measurements of virtually all 

classes of biomolecules, significant work is being devoted to developing methods that 

facilitate whole-cell modelling, simulation and analysis.  Although the level of 

precision of most systems-wide measurements is not yet sufficient to detail specific 

levels or concentrations of cellular components, these data are beginning to open the 

door for integrative efforts that strive to model the entire cell. 

The constraint-based reconstruction and analysis (COBRA) technique107 has 

emerged in recent years as a successful approach to modeling systems on a genome 

scale.  In contrast to many existing computational modeling approaches, the COBRA 

method seeks to clearly distinguish biologically feasible from biologically infeasible 

network states, rather than exactly predicting network behavior.  By relying primarily 

on network stoichiometry, COBRA avoids the need to define kinetic rate constants 

and other parameters that are difficult or impossible to determine accurately in the 

laboratory.  This technique begins with developing a network reconstruction based on 

annotated genome sequence, known biochemistry and other high-throughput 
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resources, such as proteomics, localizomics and phenomics data108.  Governing 

constraints, such as reversibility and maximum capacity of enzymatic reactions, can 

then be imposed on the network, thereby defining the feasible network states107. 

Since 1999, more than a dozen genome-scale metabolic network 

reconstructions for various micro-organisms have appeared in the literature from each 

major taxa of the tree of life108.  Models of organelles and individual human cells, such 

as the mitochondria and the red blood cell, are also available.  Each network 

reconstruction captures the components of the system and the interactions between 

them, thus effectively representing two-dimensional genome annotations109.  

Furthermore, the COBRA technique’s combination of genome-scale models and 

associated analytical methods has proven useful in basic research, by aiding 

researchers in identifying metabolic systems properties and in directing experimental 

design107,108, as well as in applied disciplines such as metabolic engineering110.  

Additionally, when viewed in light of genome-wide expression data, these models can 

be used to uncover the transcription regulatory structure of metabolic networks111.  So 

far, however, these models have had their main success in assessing the metabolic 

capabilities of cells, but do not account for many other important aspects of cellular 

biology.  Efforts aimed at incorporating regulatory information into metabolic models10 

in addition to developing matrix-based formalisms to describe gene regulatory112, 

transcription and translation113,114, as well as signalling processes115 using the 

COBRA approach have begun, but much work remains to be done in order to capture 

the true internal state of the cell through whole-cell modeling. 

Significant advances are also being made in modelling developmental gene-

regulatory networks.  These genetic modules are of primary interest as they ultimately 
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dictate the growth and differentiation of multicellular systems.  Developmental 

programs are encoded in DNA sequence and these models are derived by integrating 

genomics and localizomics data to establish developmental regulatory interactions 

within and between various cell types, followed by detailed experimental validation116 

of these relationships.  Each interaction can be verified unambiguously using 

established experimental techniques — regulatory relationships are either confirmed 

or refuted based on the developmental impact of mutations in DNA promoter regions 

— and are therefore independent of molecular concentrations or kinetic constants.  

Although the sea urchin model is the most mature, developmental gene-regulatory 

network models are becoming available for many organisms57. 

1.4 From constraint-based models to laboratory evolution 

As noted in the previous section, constraint-based models have emerged as a 

powerful means to model and analyze cellular systems.  In particular, constraint-

based models of metabolism have achieved relatively widespread usage for various 

organisms in numerous applications by laboratories around the world.  Taking the E. 

coli model of metabolism117 as an example, in recent years dozens of studies have 

used this model as a core for metabolic engineering design applications118-120, 

investigations of bacterial evolution121-123, various network structure analyses124-128, 

phenotypic capability and behavioral studies129-133, and most recently as a vehicle for 

biological discovery134,135. 

Of these application areas, phenotypic capability assessments have been 

arguably the most important in terms of model development and validation.  Since the  

development of the E. coli metabolic model began more than fifteen years ago136, 

experimental data has been essential to determine not only important model 
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parameters137, but also to validate the inclusion of model content10,130.  Furthermore, 

model quality, defined as the degree to which the model accurately reflects the 

behavior of the biological system, can be assessed directly by examining the 

agreement of model-based predictions with appropriate experimental measurements. 

Over the years growth phenotype data have been the predominant criteria to 

effectively benchmark model quality.  These assessments range from relatively 

qualitative measures such as growth/no growth checks against available high 

throughput phenotyping data of gene deletion strain and defined growth medium 

simulations10,130,138, to more precise predictions of specific growth rates and secretion 

profiles under defined conditions139-141. 

In general, constraint-based models perform quite well.  For example, growth/-

no growth predictions using flux balance analysis (FBA) typically achieve 80% or 

better accuracy when compared against high throughput phenotyping data for various 

gene deletion strains and growth conditions10,130,138,142.  The constraint-based model 

for E. coli, in particular, has also proven effective in accurately predicting maximum 

cellular growth rates, in terms of biomass accumulation given specific substrate and 

oxygen uptake rates, as well as byproduct secretion profiles for several defined 

growth environments140,141.  Furthermore, FBA and related computational methods 

such as the minimization of metabolic adjustment (MOMA)131 and regulatory on/off 

minimization (ROOM)132, show that the model can be used to accurately predict 

intracellular fluxes for specific metabolic reactions, with FBA performing well under 

wild-type conditions and the latter methods achieving better predictive accuracy for 

gene deletion strains. 
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Interestingly, however, soon after the publication of the first post-genomic 

constraint-based model of E. coli metabolism141, it was observed that the growth 

simulations for certain environmental conditions failed to agree with experimental 

results140.  For example, simulations of E. coli growth on minimal medium with 

glycerol as the sole carbon source yielded growth rates approximately double that 

observed in the laboratory.  Since the model is formulated to calculate the optimal 

behavior of the organism under the given environmental conditions, this observed 

discrepancy led to the hypothesis that E. coli is maladapted to certain environmental 

conditions.  Given time and repeated exposure to this environmental perturbation, 

however, the working premise postulated that the organism will adapt and begin to 

behave optimally as predicted by the model.  Indeed, this idea was validated in the 

laboratory as a 40 day span of laboratory evolution (often used interchangeably as 

Figure 1.4 | Adaptive evolution leads to convergence with model predictions under 
certain conditions.  This conceptual schematic depicts the observation that, for certain 
growth substrates, E. coli initially exhibits suboptimal growth behavior with respect to 
constraint-based model simulations (left panel).  Following laboratory, or adaptive, 
evolution, however, the organism behaves more similar to model simulations as 
evidenced by the move toward the predicted line of optimal growth (blue data points on 
above plots) for respective oxygen and substrate uptake rates.   
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the term adaptive evolution) resulted in increased growth rates that better reflected 

model predictions (Figure 1.4). 

Later efforts extended this work and found that prolonged exposure to several 

additional suboptimal growth substrates (M9-minimal medium supplemented with α-

ketoglutarate, pyruvate, and L-lactate, respectively, as the sole carbon source) during 

laboratory evolution yielded strains that exhibited growth characteristics similar to 

those predicted by the model143.  Furthermore, laboratory evolution following genetic 

perturbations in the form of single144 or multiple gene deletions120 also yielded strains 

that displayed growth behavior in general agreement with model predictions.  In sum, 

this work shows that E. coli can readily adapt, in these cases optimal growth behavior 

is typically achieved in just several hundred generations, to both environmental and 

genetic perturbations. Furthermore, these studies highlight that constraint-based 

models of metabolism are quite good at predicting the optimal growth behavior of E. 

coli even in cases that are initially not preferred by the organism, without requiring 

any knowledge of the underlying adaptive changes that drive the organism toward 

optimality under adaptive pressures.  The nature of these changes are of primary 

interest, however, as they provide a window to the genotype-phenotype relationship 

that is fundamental to all of biology.  

1.5 Adaptive evolution 

The work described in the previous section was pioneering in that it links 

genome-scale modeling to laboratory studies of adaptation.  However, it constitutes 

only a small fraction of the robust body of literature representative of the field of 

adaptive evolution.  Laboratory evolution, which as noted is used throughout this 

dissertation interchangeably with adaptive evolution, has long served as a powerful 



28 

method to investigate the genotype-phenotype relationship by, in essence, generating 

new phenotypes through the accumulation of adaptive mutations.  E. coli, in 

particular, has been used extensively as a model system for studies of asexual 

evolution in the laboratory145.  Early work focused on studying the 

acquisition/evolution of new metabolic pathways in E. coli that arise when the 

organism adapts to growth on unusual substrates.  These types of studies generally 

involved the identification and characterization of mutant strains that acquired the 

ability to grow under conditions in which the parent strain could not.  For example, 

following treatment with a chemical mutagen or by growth selection on minimal 

medium, mutant E. coli strains that acquired the ability to utilize propanediol146 as a 

sole carbon source for growth were isolated.  Subsequent mapping of the responsible 

loci revealed that the L-fucose system could be co-opted to allow utilization of 

propanediol as a growth substrate.   

A similar body of work examined the recovery of growth ability on lactose by a 

mutant E. coli strain that lacks a functional β-galactosidase, which hydrolyzes lactose 

and is the critical element in lactose metabolism147.  Using stringent growth selection 

on lactose-supplemented minimal medium plates, several mutant strains that 

recovered lactose utilization activity were isolated.  Follow-up analyses revealed that 

a mutation in a previously unknown gene, dubbed ebg (evolved β-galactosidase 

gene), conferred the ability to metabolize lactose.  An additional mutation in a 

repressor gene of ebg restored the entire lactose utilization system to wild-type 

capabilities. 

Another extensive line of work has focused on the analysis of a long-term 

experimental evolution of E. coli in which twelve independent populations derived 
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from a single progenitor were propagated on glucose minimal medium by serial 

passage for 20,000 generations.  These twelve independently evolved populations 

have been used in many studies, including examinations of the adaptive dynamics of 

morphological and fitness changes that occur over time 148, patterns of antagonistic 

pleiotropy (when a beneficial adaption in one circumstance is detrimental in another, 

forcing a trade-off) 149,150, and in the assessment of the balanced polymorphisms that 

arose in these populations 151.  Additionally, this set of strains was used recently to 

produce strong statistical evidence that the acquisition of mutations within certain 

genes, across multiple or often all of the adapted strains, were the product of natural 

selection rather than ‘hot spots’ or relaxed selective constraints 152. 

Several other interesting studies have observed adaptations over shorter time-

periods.  One line of work has extensively studied the frequent acquisition of 

attenuating mutations to rpoS observed in E. coli strains adapted to growth in 

nutrient-limited chemostats, which alleviates catabolic repression of genes needed to 

metabolize uncommon substrates153, but leaves the organism less tolerant to external 

stresses such as extreme pH.  A recent study attempted to correlate the rate at which 

rpoS mutations were accumulated in a variety of stressful environments, RpoS 

accumulation in the adapted strains, and a phenotypic-based measurement of their 

relative fitness154.  Unfortunately, likely due to the impact of additional mutations aside 

from the rpoS mutation, on the measured phenotypes, the results did not produce 

clear conclusions.  Studies on the impact of specific mutations to global regulators, 

like rpoS, most likely require the means to study the mutation in isolation.   

In all of this research, conclusions were drawn about evolutionary 

mechanisms without the benefit of complete genome sequences of evolved strains.  
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Various techniques were utilized to identify mutations, such as screening genes 

associated with observed expression profile changes155,156,  and IS element 

“fingerprinting” to infer lineages and dynamic events (e.g., periodic selection)150,157,158.  

However, this strategy is not sufficient for identifying the comprehensive set of causal 

mutations.  Accordingly, much of this work focused on defining population 

characteristics such as, mutation rates156, distribution of beneficial mutations and their 

selection coefficients159-162, genetic variation within evolving cultures163,164, and the 

fitness landscape (in terms of the number and availability of alternative adaptive 

paths and their relative fitness) (Figure 1.5).  Additional lines of work have focused on 

studying the coexistence of divergent strains in laboratory evolutions as a proxy to 

further understanding properties of ecological balance and speciation149,151,165-168.     

Unlike bacteria, the genomes of bacteriophages are small enough that 

comprehensive genome resequencing has been practical for some time169.  Studies 

of such systems have demonstrated the casual role of individual mutations on 

specific phenotypic and pleiotropic effects, and even made and tested predictions on 

the effect of different mutations to a gene on fitness170. However, given their small 

genomes and relative biological simplicity (host-dependent transcription, minimal 

regulatory and signaling networks, etc.), findings and conclusions from adaptive 

studies using viral systems cannot be readily extended to other organisms. 

The availability of cost-effective whole genome resequencing technologies, in 

addition to the many other associated post-genomic technologies (Figure 1.2), is 

transforming and invigorating experimental evolution research.  These high 

throughput strategies provide researchers with the capability to understand more 

comprehensively the changes and mechanisms that underlie adaptation to various 
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pressures (Figure 1.5).  In recent years, studies have utilized these technologies in 

acquiring system-wide measurements of molecular species to gain a deeper 

understanding of the changes that underlie adaptive evolution.  For example, 

transcriptional profiling was used to study adaptive gene expression changes in E. 

coli in response to growth at high temperature 171, as well as in response to growth for 

20,000 generations on glucose-supplemented minimal medium in E. coli172.  

Transcriptional profiling of chemostat-based laboratory evolution of yeast173, and  

proteomic changes associated with the strains adapted to glucose-minimal medium 

for 20,000 generations have been reported174.  In addition to these relatively small 

scale studies focusing on small numbers of adapted populations, a larger study, 

which in many ways serves as a foundation for much of the adaptive evolution work 

Figure 1.5 | Navigating the adaptive fitness landscape.  This adaptive fitness landscape 
depicts some key concepts and questions that currently face researchers in the field of 
adaptive evolution.  For example, within an environment or other perturbation (a gene 
deletion, for example) to which an organism is maladapted, options, or adaptive paths, 
exist for an organism to improve its fitness (when found in an adaptive valley as in A by 
adopting strategies that allow it to become better suited for the given conditions (by 
climbing an adaptive peak as in B.  Identifying the changes and understanding the 
mechanisms that underlie this process are key issues being tackled by the field.  This 
situation is well-suited for genome-scale analysis enabled by post-genomic technologies 
and is at the core of much of this dissertation.  This image is reproduced with permission 
from Elena and Sanjuan2. 
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presented in this dissertation, was conducted in which seven strains evolved in 

parallel on L-lactate- and glycerol-supplemented minimal medium, respectively, were 

transcriptionally profiled at three timepoints during adaptive evolution175.  Additional 

gene expression profiling was conducted to evaluate systemic changes that occur 

during adaptation to single176 and multiple gene deletion strains120. 

Recent efforts are also beginning to take advantage of the diminishing costs of 

re-sequencing that have accompanied the development of several new technologies 

such as 454 sequencing177, tiled microarray-based comparative genome 

sequencing178, and polony sequencing179, to comprehensively assess the DNA 

sequence changes that accompany adaptive evolution.  Much of the work presented 

in this dissertation follows along these lines and exemplifies how systems biology and 

post-genomic technologies are beginning to have a strong impact on the adaptive 

evolution field. 

1.6 Dissertation Overview 

Broadly stated, the topic of this dissertation is the analysis of transcriptional 

regulatory networks.  To this end, there are dual focal points; first on the static 

modeling of the E. coli transcriptional regulatory network, and second on the dynamic 

analysis of how the E. coli regulatory network changes during adaptive evolution.  

The former activity centers on the development of a novel approach to modeling 

transcriptional regulatory networks and applying the methodology to E. coli.  The 

latter activity focuses on an analysis of how E. coli adapts to environmental 

perturbations using various post-genomic and traditional experimental techniques.  

Accordingly, the remaining chapters in this dissertation discuss the following: 
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Chapter 2:  This chapter introduces the R-matrix as a novel pseudo-stoichiometric 

approach to representing and analyzing transcriptional regulatory networks.   

Chapter 3:  The work presented in the previous chapter is extended by applying the 

R-matrix technique to representing the E. coli transcriptional regulatory 

network. 

Chapter 4:  This chapter shifts gears from the previous two and begins the 

discussion of the adaptive evolution work presented in this dissertation by 

focusing on E. coli adaptation to glycerol-supplemented minimal medium.  

Targeted re-sequencing of forty-five strains subjected to adaptive evolution in 

parallel in this environment is presented, in addition to follow-up studies of 

identified RNA polymerase mutants.    

Chapter 5:  A study of E. coli adapted to another environmental perturbation, namely 

growth on L-lactate-supplemented minimal medium, is described.  Whole-

genome re-sequencing results followed by detailed mutation analysis for each 

strain is presented.  Follow-up studies on certain mutations aimed at 

elucidating mechanistic changes are also communicated. 

Chapter 6:  This chapter builds on the prior two by discussing the common themes 

emerging from studies of E. coli adaptation to environmental perturbations.  In 

addition to discussing the results from glycerol- and L-lactate-adapted strains, 

a detailed treatment of their relation to results from prior E. coli laboratory 

evolution work in the literature is presented. 

Chapter 7:  This concluding chapter discusses the work presented herein in a 

broader context.  A special emphasis is placed on how the work can be 
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extended through similar lines of investigation and also on its potential 

implications for other areas of basic and applied research.  A viewpoint on 

where systems biology currently stands and seems to be headed as it 

matures is also presented throughout. 

 The material presented in this dissertation constitutes significant advances on 

several fronts.  First, the R-matrix framework for modeling transcriptional regulatory 

networks, while largely proof-of-concept in the context of this dissertation, will likely 

prove quite useful as an integrative method for compiling and analyzing the rapidly 

growing body of ChIP-chip and genome-wide transcriptional profiling data, in addition 

to providing a novel means to studying other systems and pathways.  In terms of 

adaptive evolution, the glycerol-adapted strain results provide a broader view of the 

options available to E. coli in adapting to growth on this substrate.  Additionally, the 

apparent role and malleability of RNA polymerase during this process is explored in 

detail.  Furthermore, the L-lactate-adaptation re-sequencing results and follow-up 

analysis provide a novel view of the genetic basis to another environmental 

perturbation.  Moreover, in combination and in the context of previous E. coli 

laboratory evolution results, common themes are emerging from these data that are 

allowing for the development of a model that describes a common adaptive strategy 

for E. coli when faced with environmental perturbations.  Therefore, when taken 

together, this dissertation provides a novel approach to modeling regulatory networks 

as static entities, while additionally providing an unprecedented view into the dynamic 

nature of these networks and highlighting the critical role they play in determining the 

cellular phenotype. 
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Chapter 1, in part, is a reprint of the material as it appears in Joyce AR and 

Palsson BO. The model organism as a system: integrating 'omics' data sets. Nat Rev 

Mol Cell Biol 7(3): 198-210 (2006).  The dissertation author was the primary author 

and the co-author participated in and supervised the project. 
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Chapter 2 

The R Matrix Formalism 

Complex regulatory networks control the transcription state of a genome.  

These transcriptional regulatory networks (TRNs) have been mathematically 

described using a Boolean formalism, in which the state of a gene is represented as 

either transcribed or not transcribed in response to regulatory signals.  The Boolean 

formalism results in a series of regulatory rules for the individual genes of a TRN that 

in turn can be used to link environmental cues to the transcription state of a genome.  

This chapter presents a formalism that captures such a set of regulatory rules in a 

matrix form.  This regulatory, or R matrix formalism allows for the systemic 

characterization of the properties of a TRN and facilitates the computation of the 

transcriptional state of the genome under a given set of environmental conditions.  

Additionally, it provides a means to incorporate mechanistic detail of a TRN as it 

becomes available.  In order to introduce these concepts, the R matrix for prototypic 

TRNs are developed and characterized.  We illustrate how the matrix representation 

of TRNs in this fashion captures the possible expression states of a given network, 

and furthermore, how the fundamental subspaces of the matrix provide a way to 

study key TRN features and how they may assist in experimental design. 

2.1 Introduction 

With the delineation of multiple genome sequences, there is an increased 

interest in understanding how the genes within a given genome are regulated through 

complex transcriptional regulatory networks (TRNs).  Consequently, there is an effort 
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underway to reconstruct the TRNs of model organisms2.  Because the number of 

regulated genes and associated regulatory proteins is quite large and their 

interconnectivity is extensive, there is a significant need for a structured framework to 

integrate regulatory rules and interrogate TRN functions in a systematic fashion.  

Additionally, such a framework should, in the ideal case, generate hypotheses for 

experimental investigation to further characterize a given regulatory program. 

Several approaches have been used to characterize features of TRNs, for 

example by utilizing Bayesian networks3, Boolean networks4-7, and stochastic 

equations8 (see Ref. [9] for a review of many such methods).  While most of these 

methods have been applied to relatively small systems due to a lack of relevant data, 

there are notable exceptions10-13.  Two of these are briefly described.  First, a 

reconstruction of the regulatory network that controls sea urchin development has 

been formulated, and the temporal profile of 40 genes involved in the embryogenesis 

of the sea urchin characterized13.  Second, an integrated analysis of metabolic and 

regulatory networks in Escherichia coli was performed10 through dual perturbation 

experiments14.  This systematic approach to reconstructing and interrogating the 

integrated network of E. coli led to the novel characterization of multiple regulatory 

rules, and an expansion of a genome-scale TRN, based on a model-driven analysis 

of multiple high-throughput data sets. 

Although the components and component interactions of large-scale TRNs 

have been reconstructed, the properties of the functional states of these networks 

have not yet been extensively investigated.  Consequently, there is a need for a 

structured, self-contained representation of TRNs that can be quantitatively 

interrogated.  This chapter presents a novel approach for describing a TRN including 
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inputs and outputs to the set of internal reactions defined by the regulator-target gene 

interactions.  This functional matrix form has been dubbed the R matrix and connects 

environmental cues to transcriptional responses.  It can be used to compute the 

expression (i.e., functional) state of the TRN that it represents.  To illustrate this 

approach, the regulatory network matrix for the lac operon TRN in E. coli is 

characterized and the fundamental subspaces of the matrix are described.  

Furthermore, this matrix representation of transcriptional regulation is used to 

efficiently sample all possible expression states of a prototypic TRN. 

2.2 Conceptual framework and methods 

The process of converting a network map to a functional description of the 

network is depicted in Figure 2.1.  Networks are comprised of components and 

interactions between them, often graphically displayed as maps that illustrate the 

relationships between the input state of a network and its corresponding output state.  

Maps can be represented mathematically as incidence matrices 15.  If the underlying 

chemical reactions of the network can be delineated, the network can be described 

with a stoichiometric matrix, S, that captures the reaction stoichiometries 16.  Once the 

network boundaries are defined, inputs and outputs are delineated and a system is 

defined.  Matrix analysis methods can then be used to generate functional 

descriptions of network properties and states 17.  (For background about the 

generation of a stoichiometric reconstruction as well as the associated analysis 

techniques as previously reported and applied to metabolic and signaling networks, 

see also Supplementary Material 1.)  In this section, we describe how regulatory 

interactions can be represented in a similar fashion to S using a regulatory network 

matrix, R, to describe a TRN. 
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2.2.1 Building R 

The R matrix fundamentally describes the connections between environmental 

cues and transcriptional responses (Figure 2.2).  In general, the inputs are 

environmental cues, including the presence and absence of extra-cellular 

metabolites, reaction fluxes, and specific conditions such as certain pH values.  The 

internal reactions, often not known in fine chemical detail, are represented by 

regulatory rules that describe the activation or inhibition of gene transcription in 

response to environmental cues.  The outputs are the synthesized protein products 

Figure 2.1 | Toward a functional description of a biological system.  The general 
process of converting descriptive network map to a functional representation of the system 
is shown.  A network is composed of components and the interactions between them 
(§1.3.1) and is frequently represented like the map in the top panel.  This map can be 
represented mathematically as an incidence matrix that captures the stoichiometry of the 
the underlying chemical transformations in the network.  Furthermore, after applying 
system boundaries to define inputs and outputs, matrix analysis techniques can be used 
to generate functional descriptions of the system, as shown in the bottom panel. 
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that result through a combination of the signaling inputs acting upon the regulatory 

rules, and consequent transcription and translation. These relationships between 

inputs and outputs can be represented in a matrix of regulatory rules (Rrules in Figure 

2.2D).  The metabolite-reaction relationships represented in this manner   

represented constitute a pseudo-stoichiometric formalism.  The term “pseudo-

stoichiometric” indicates that each column of the matrix accounts for the relationship 

Figure 2.2 | Building the R matrix.  A | This schematic depicts a TRN including inputs, 
internal reactions, and outputs.  Inputs can be environmental cues as well as reaction 
fluxes.  Internal reactions consist of regulatory rules that dictate the activation and 
inhibition of gene transcription.  The resulting transcriptional state of the system 
represents the output of the TRN.  B | A logical AND regulatory rule is shown in this panel 
in which the presence of both metabolite A and B are required for the expression of Gene 
1.  C | Similarly, a logical OR regulatory rule is depicted in which the presence of 
metabolite C or D is sufficient to induce expression of Gene 2.  D | The R matrix that 
captures the rules graphically depicted in panels C and D is represented in which each 
row corresponds to a molecular species in this system, and each column represents a 
system reaction. 
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between regulators and the genes that they control without necessitating mass 

balance.  Conceptually, the regulators are “consumed” and the gene products are 

produced.  This convenient representation is a reflection of the general lack of detail 

typical of most regulatory interactions.  Importantly, this formalism is able to account 

for mass-balanced relationships as they become available for more regulatory 

interactions within TRNs18. 

To complete defining R for the complete system, the Rrules matrix from Figure 

2.2D is expanded (1) to include the converse of the regulatory rules, and (2) to 

include exchange reactions that balance the production of proteins.   Including the 

converse of the regulatory rules (i.e., the regulatory reactions that lead to the 

inhibition of gene transcription in our sample system) is necessary to reflect the lack 

of protein production for a given set of environmental cues.  Many regulatory rules are 

inhibitory, such that the expression of a protein depends on the absence of a given 

metabolite or transcription factor.  Additional rows for the absence of metabolites and 

protein products and columns representing the regulatory reactions associated with 

the converse of the regulatory rules are included (Figure 2.3A).  Again, these 

relationships are represented in pseudo-stoichiometric form. 

Further, the pseudo-stoichiometric formalism needs to be supplemented by 

exchange reactions that balance the production of proteins (Figure 2.3A).  These 

exchange reactions describe the role of the proteins as outputs of the TRN.  Once 

they are produced, the proteins can exit the TRN and perform their associated 

cellular tasks.  Therefore, columns representing the exchange of proteins are 

incorporated.  These columns have an entry of -1 in the corresponding row to indicate 

that the protein leaves the TRN (i.e., it is “depleted” from the TRN). 
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The TRN responds to environmental signals, whose state (i.e., presence or 

absence) needs to be specified.  As shown in Figure 2.3B, the R* matrix is further 

combined with the environment matrix (E), which characterizes the environment 

against which a set of regulatory rules is to be evaluated, yielding R.  The columns of 

the E matrix denote the availability of metabolites and protein products.  Just as the 

continuous production of proteins (the outputs from the TRN) is balanced by 

exchange reactions, the columns representing a particular set of environmental cues 

serve to balance the set of environmental cues internal to the system.  Thus, these 

Figure 2.3 | Completing the R matrix. A | Adding the converse and exchange reactions 
(shaded in pink and green, respectively) to Rrules from Figure 2.2 generates R*.  B | By 
appending R* to the environment matrix (E), which specifies environmental signaling 
stimuli (shaded in green).  



60 

 
 

exchange reactions describe the role of the environmental cues as inputs to the TRN.  

Once they enter the TRN, they can participate in the regulatory reactions and initiate 

gene transcription.  Since the compounds in R* must be balanced with the 

environment in E, the resultant adjacency matrix R is used to calculate expression 

(i.e., functional) states of a TRS.  In a similar fashion, the analysis of the functional 

states of stoichiometric networks through compiled in the stoichiometric matrix S 

needs the definition of exchange reactions and their associated connections with a 

particular environment 19. 

2.2.2 Analysis of TRN functional states 

Many methods for analyzing genome-scale stoichiometric matrices have been 

developed and used to gain biological insight17,20-25.  One such approach is called 

extreme pathway analysis26.  Extreme pathway analysis has previously been applied 

to metabolic and signaling networks to determine the set of systemically independent 

pathways through a network27-29.  Briefly, the extreme pathways are a minimal and 

unique set of generating vectors that define the edges of the convex solution space 

that contains all valid steady-state flux distributions in a network.  Any possible 

solution or flux distribution can be described as a non-negative linear combination of 

these extreme pathways.  In effect, the extreme pathways span a convex space that 

circumscribes all potential functional states (i.e., phenotypes) of a network.   

Analogously, extreme pathway analysis of a TRN yields a set of generating 

vectors that encompasses all possible expression states of the network.  

Consequently, extreme pathway analysis represents an in silico technique for 

evaluating global characteristics of gene expression.  The extreme pathways are a 

set of systemically independent, convex basis vectors.  As such, they represent the 
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extreme states of the TRN; any possible expression state of a TRN is a non-negative 

combination of these basis vectors.  Following the formalism previously developed26, 

the internal regulatory reactions, or relationships, can only have non-negative weights 

while the environmental reactions, or relationships, may have values of -1 or +1 to 

represent the absence or presence of a given component, respectively.  As described 

below, the pervasiveness of signal inputs, percentage of environments in which a 

given gene is expressed, numbers of genes expressed together, and correlated gene 

sets represent the type of data that can be readily generated for a TRN by analyzing 

R in different environments using this approach. 

2.2.3 The four fundamental subspaces of R 

The four fundamental subspaces of a matrix, namely the null space, left null 

space, row space, and column space, describe key properties the system that it 

represents19.  Singular value decomposition (SVD) is used to decompose a matrix 

into three matrices, often referred to as U, Σ, and V30, that can be utilized to delineate 

the four fundamental subspaces19,30. 

Each of these four fundamental subspaces contains particular information 

about the original matrix.  A vector e that satisfies the equation (R)•e = 0 lies in the 

null space.  Every such vector, therefore, can be multiplied into all rows of R (i.e., 

each metabolite, transcription factor, and protein product of the regulatory network) 

and yield 0.  Consequently, each vector e that is part of the null space represents a 

balance for a given network component (row of the matrix) between the internal 

regulatory network (or TRN) and the environment.  Therefore, a given vector e is the 

collection of active/inactive genes (columns of the matrix) that balance the regulatory 

network with the environmental cues (see28 for further description of similar pathways, 
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as seen in the JAK-STAT signaling pathway of the human B-cell).  Thus, these 

pathways represent link-neutral states of the TRS; each internal component (row) has 

corresponding input and output reactions.  The null space of R* captures all possible 

balanced expression (i.e., functional) states of the TRS that it represents.  

For the equation RT•u = 0, the set of vectors u that satisfy the equation lie in 

the left null space, where RT is the transpose of R.  The multiplication of each row of 

RT, or conversely each column of R, by a given vector u yields 0.  Consequently, 

each vector u represents an invariant pool of network components (rows of R) across 

all genes (columns of R).  Therefore, the left null space of R* contains pools or 

aggregates of network components that are invariant across all the regulatory rules of 

the TRS.  Thus, these pools represent node-neutral states of the TRS; each internal 

reaction or relationship (column) has an input node and an output node.  For 

example, in detailed reconstructions, these pools represented by u may be groups of 

open reading frames (ORFs) that are coordinately regulated and can be classified as 

transcriptional units (TU). 

The columns of R (that are vectors in the column space of R) contain 

information regarding the similarity or difference between how genes (and the 

corresponding protein products) are regulated.  For example, a small angle between 

a pair of columns (i.e., the corresponding vectors) in R indicates that the regulatory 

rules of the two corresponding genes are very similar and affect the state of the TRS 

in a similar fashion.  Conversely, a large angle between a pair of columns in R 

indicates that the genes are regulated by very different sets of rules.  Note that, for 

any given gene, multiple columns may be required to capture different parts of a 

complex Boolean regulatory rule. 
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The rows of R (that are vectors in the row space of R) contain information 

about the overall similarity of network component participation in the generation of 

expression states.  For example, for rows corresponding to environmental cues, the 

row vectors describe the influence that these environmental cues have in generating 

an expression state.  A small angle between pairs of rows in R indicates that the 

corresponding environmental cues have very similar effects on the expression state 

of the network, whereas a large angle between a pair of these rows in R indicates 

that the corresponding environmental cues have very different effects on the 

expression state of the network.  Although not investigated in the present study, the 

further exploration of this concept may yield important insight into how a TRN moves 

from one functional state to another.  

These properties contained within the fundamental subspaces of R can 

translate to experimental design.  For example, in selecting a set of environmental 

conditions to probe the functions of a given TRN, the set of inputs which generate 

very different effects on the expression state of the TRN would provide the most 

information in a given experiment.  These fundamental properties of R are described 

in more detail in the context of the lac operon in E. coli, as well as the prototypic 

system described below. 

2.3 Results 

The matrix formalism for representing TRNs described herein was evaluated 

using a small-scale reconstruction of the lac operon TRN in E. coli.  Furthermore, 

these concepts were further explored using a larger prototypic TRN constructed to 

reflect the types of transcriptional regulatory properties observed in a previous 

reconstruction of the genome-scale E. coli TRN10.  Ultimately, the ability of the 



64 

 
 

framework to incorporate mechanistic detail as it becomes available on the genome 

scale is illustrated. 

2.3.1  Case study 1:  The lac operon regulatory network 

In an effort to explore this modeling framework and assess potential 

challenges, the TRN that dictates the expression of the lac operon in E. coli was 

modeled (Figure 2.4).  For the purpose of this investigation, the system is defined to 

include the lac operon (lacZYA) and the proteins that each operon gene encodes; the 

inhibitor of the operon (lacI), an activator of the operon (Crp); and the intracellular 

inducer molecule allolactose, which inhibits the LacI inhibitor thus activating lacZYA 

transcription (Figure 2.4A). 

Having defined the system and Boolean rules that specify the regulatory logic 

of this TRN (Figure 2.4B), the TRN can be formulated and the associated R matrix 

constructed (Figure 2.4C).  As previously described, each row in R describes a TRN 

component (i.e., gene, metabolite, transcription factor, or protein product), and each 

column specifies a regulatory event, or reaction.  For the purposes of this analysis, 

each gene/operon is depicted within the matrix twice:  lacI and lacI*, as well as 

lacZYA and lacZYA*.  The former entity represents the open form, whereas the latter, 

asterisk-marked entity represents the actively transcribed form of the gene.  This level 

of detail is not required in formulating R as the actively transcribed form of the gene is 

only a transient entity between transcription and translation.  However, as more 

mechanistic detail about ORFs and other network relationships becomes available for 

actual TRNs, the formalism presented herein can readily incorporate it. 
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Null space vectors e that satisfy (R)•e = 0 and left null space vectors u that 

satisfy (R)T•u = 0 were then generated for the defined lac TRN.  All possible network 

Figure 2.4 | The lac operon R matrix.  A | The defined system includes the lac operon 
(lacZ, lacY, lacA), the inhibitor gene lacI, the activator Crp, and the inducer, allolactose 
(Allo).  B | The Boolean rules capturing the regulatory logic of the system are summarized.  
C | The R matrix for the lac operon regulatory system is shown with each row 
corresponding to system components and each column specifying regulatory reactions in 
pseudo-stoichiometric form.  A “-1” entry represents a component being consumed and a 
“+1” represents a produced component.  D and E | The null space and left null space of R 
are depicted, respectively.  F | The two extreme pathways from the null space shown in D 
are presented.  Pathway 1 illustrates the activation of the lac operon, whereas pathway 2 
illustrates LacI-mediated inhibition of the lac operon.
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expression states are defined by the two vectors that span the null space (Figure 

2.4D).  (It is important to note that, in calculating these expression states, it was 

assumed that Crp is a part of the TRN and always present whereas allolactose is 

variable.  This assumption was made to avoid accounting for the specific regulation of 

Crp production in order to preserve the relative simplicity of this example.  In other 

words, only two possible environments were evaluated, one in which allolactose is 

present and another in which it is absent.)  These vectors are the extreme pathways 

of the TRS.  For reaction names prefaced with a “v,” a 1 indicates that the reaction is 

active, and a 0 indicates that it is inactive.  In the remaining reactions that specify flow 

across the system boundary, a 1 indicates flow out of the system (for example, a 

protein is produced), a -1 indicates flow into the system, and a 0 indicates that the 

associated component is neither produced nor consumed.  Note that each entry 

denotes an active connection, and series of connections lead to a causal path.  The 

first vector represents the LacI-mediated inhibition of the lac operon. The second 

vector defines the inhibition of LacI by allolactose, thus allowing for Crp-activated 

expression of lacZYA.  These two vectors thus represent the two expression states of 

the lac operon system, and they are further depicted graphically (Figure 2.4F). 

Analysis of the left null space identified two intra-network pools in the defined 

lac TRN that are represented by two convex vectors that represent the extreme states 

of the TRN, calculated by determining the extreme pathways of the transpose of  R 

(Figure 2.4E).  In the vectors specified for u, a 1 represents that the system 

component denoted by the column header in the pool is present, and a 0 indicates 

that the system component is absent from the pool.  The pool depicted by the first 

vector specifies the lacI gene pool, as the open (lacI) and actively transcribed (lacI*) 
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forms of the gene together represent a conserved quantity within the system.  

Likewise, the second vector describes the conserved lac operon pool by specifying 

the lacZYA-lacZYA* conserved quantity.  For the lac operon system, these two pools 

are relatively straightforward; lacZYA and lacI will be either open or actively 

transcribed.  Thus, the corresponding pool represents this invariant group.  For larger 

systems, these pools may be groups of open and/or actively transcribed sets of 

genes.  Such invariant groupings may correspond to complex regulated TUs, or 

regulons, across a genome. 

Pools of ORFs are not the only type of conserved quantities that could emerge 

from R.  For example, one could explicitly model the activation of a transcription factor 

by a small molecule or metabolite (i.e., cyclic AMP (cAMP) activation of Crp).  In this 

case, one would expect to detect a free transcription factor/metabolite/metabolite-

bound transcription factor pool within the system (i.e., following from the previously 

mentioned example, a Crp/cAMP/Crp-cAMP pool would be identified).  This pool 

would emerge because the collective presence of Crp, cAMP, and Crp-cAMP would 

be constant, assuming cAMP is not allowed to flow out of the system of course.  

Similarly, complex groupings of metabolites and transcription factors may emerge 

from genome-scale regulatory network analysis. 

2.3.2  Case Study 2: A prototypic TRN 

The use of the R matrix formalism for analyzing the classical lac operon 

shows that it behaves as expected for a well defined system, thus validating the 

approach at a small scale.  The next question that arises involves evaluating how 

amenable this approach is to larger TRNs.  To this end, a larger prototypic TRN that 

accounts for typical features found in the E. coli TRN10, such as number of regulatory 
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inputs per gene (Figure 2.5C), was assembled and evaluated.  The set of rules for 

this 25 gene prototypic TRN account for the presence or absence of six compounds 

(labeled a through f) and five protein products that act as transcription factors for 

other genes (Prot 1, Prot 6, Prot 8, Prot 11, and Prot 14) (Figure 2.5).  With this 

prototypic network in hand, the functional states of the system are investigated and 

the fundamental subspaces of the associated R matrix are explored in the remainder 

of this section.    

Possible functional states of the prototypic TRN. The evaluation of all possible 

environments (all possible combinations of inputs) facilitated the identification and 

Figure 2.5 | The prototypic TRN.  A | A 25 gene prototypic TRN, including six 
extracellular signals (a through f) and five transcription factors, is depicted.  B | The 
corresponding Boolean regulatory rules dictate the expression of each genes are listed.  C 
| Relevant summary statistics characterizing the network are shown at left and a 
comparison with relevant features from the E. coli TRN as delineated in Ref. [1] is shown 
at right. 
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analysis of the properties of the prototypic TRN.  The prototypic TRN was sufficiently 

small to generate and evaluate all possible environments; however, for actual TRN, 

sampling procedures may be required to generate similar characterizations.  For 

example, Monte Carlo sampling of biochemical network function has previously 

generated interesting results for the properties and kinetic constraints in metabolic 

networks22,31-33. 

For the prototypic regulatory network with six signaling inputs, there are 64 

(=26) possible environments (each input can either be present or absent). Thus 64 

functional, i.e., expression, states, were computed, one for each of the 64 possible 

environments.  (A total of 64 adjacency matrices (R) were generated by iteratively 

combining R with each of the 64 possible environment matrices (E), as described 

previously (Figure 2.3B).  Based on this analysis, the percentage of these 64 

environments in which particular genes are co-expressed was calculated (Figure 

2.6).  The co-expression of 13 genes is most frequent, occuring in about 31% of the 

environments.  By contrast, there are no environments in which fewer than 11 or 

greater than 18 genes are expressed together.  This feature indicates that the 

minimal set of inputs (or absence of inputs) that correspond to the expression of any 

genes results in the expression of 11 genes.  Furthermore, for all possible inputs, no 

more than 18 of the 25 genes can be expressed, indicating exclusivity of certain input 

combinations.  The inset of the Figure 2.6 further emphasizes this point by depicting 

the cumulative distribution of the gene expression levels in the environments; there 

are zero genes that are expressed in 100% of the environments, whereas all 25 

genes are expressed in none of the environments.  Such functional dependencies 
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between environmental cues and network-wide expression states would be difficult to 

delineate without the structured framework that R affords. 

The percentage of environments in which a given gene is expressed was also 

calculated (Figure 2.6B).  These data offer insight into genes that may be essential 

for fundamental biological processes such as cell survival or cell growth.  Since Gene 

9 is expressed in nearly 94% of the possible environments, these in silico expression 

data suggest that this gene may be necessary for critical cellular objectives.  

Figure 2.6 | Percentage participation of genes across all possible environments.  A | 
The percentage of all environments (x-axis) in which the corresponding numbers of genes 
are expressed (y-axis) is shown.  For example, as indicated by the arrow, 13 genes are 
expressed in approximately 31% of environments.  The inset shows the cumulative 
distribution of this analysis.  B | The percentage of environments in which each gene is 
expressed is shown.  For example, as indicated by the solid arrow, Gene 9 is expressed in 
approximately 94% of environments whereas Gene 17 (striped arrow) is expressed in only 
~6% of environments. 
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Furthermore, the expression of Gene 9 is dependent upon the absence of both 

Metabolite c and Protein 6, and this interconnectivity within the regulatory network 

makes it difficult to identify the significance of Gene 9 simply by looking at its 

regulatory rule.  Since the set of all possible inputs is not indicative of the “typical” or 

“average” environment a given regulatory system may encounter, particular 

environments are certainly more probable than others for a given regulatory network.  

The present analysis interrogates the structure of the regulatory network and the 

extreme points of all its possible states.  Recent studies have demonstrated that 

metabolic networks occasionally operate at the extremes of their network 

capabilities34,35; thus, characterizing the set of possible states that encompass the 

capabilities of a network is particularly relevant. 

The set of possible expression states was also evaluated to identify the 

correlated presence (and absence) of groups of genes.  Specifically, the correlation 

coefficient (rij) between any two genes i and j in the network across all 64 

environments was calculated.  The matrix of pair-wise correlation coefficients for all 

25 genes was computed (Figure 2.7).  Pairs of genes that are expressed together 

have positive correlation coefficients, whereas a pair of genes in which one gene is 

expressed and another gene is not expressed has a negative correlation coefficient.  

Genes whose expression is completely independent of each other have an r-value 

equal to zero.  Because regulatory rules are inherently complex (e.g., the expression 

of Gene 17 is dependent upon the simultaneous presence of Protein 8 and Protein 

11, whereas the expression of Gene 16 is dependent upon the simultaneous 

presence of Protein 6 and absence of Protein 8), it is difficult to identify correlated 

gene sets without the kind of formalism and associated analysis presented herein.  
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Correlated gene sets can describe which genes function together as well as which 

genes function independently and may provide insights into genes that are part of the 

same regulated units, much as correlated reaction sets represent reactions in 

metabolic and signaling networks that always function together28,36. 

The null space of R.  As described in §2.2.3, the extreme pathways are 

convex basis vectors of the null space of a matrix that satisfy constraints which 

ensure that the associated pathways are biologically relevant.  Thus, these extreme 

pathways correspond to basis vectors that together describe the expression state for 

a given set of environmental conditions.  All possible expression states for a given 

TRN are therefore non-negative linear combinations of these extreme pathways. 

A total of 133 unique extreme pathways were calculated for the prototypic 

TRS.  These pathways can be grouped together to form all possible expression 

states of the prototypic TRN.  The expression state for any particular environment 

(e.g., the presence of Metabolite a and Metabolite b, and the absence of Metabolite c, 

Figure 2.7 | The correlation between in silico gene expression across all possible 
environments encountered by the prototypic TRN.  The pairwise correlation of 
expression between all genes in the prototypic TRN is indicated and color coded according 
to the legend.  For example, Gene 13 and Gene 15 are strongly correlated (solid arrow), 
whereas Gene 16 and Gene 17 are anticorrelated (striped arrow). 
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Metabolite d, Metabolite e, and Metabolite f) can be described by the combination of 

individual extreme pathways (a subset of the 133 extreme pathways for the prototypic 

TRN) that correspond to the activity (i.e., the presence or absence) of the associated 

Figure 2.8 | Expression states of the prototypic TRN defined by combinations of 
extreme pathways.  A | The 42 extreme pathways corresponding to the environment in 
which all 6 input metabolites are present are depicted graphically on this prototypic TRN 
network map.  B | Similarly, the 62 extreme pathways that represent the expression state 
of the prototypic network under the condition in which all input metabolites are absent is 
shown.  Triangles correspond to the metabolite inputs, squares represent genes, circles 
are transcriptional regulators, and octagons are protein products of regulated target genes.  
Gray elements denote inactivity, whereas colored components are those relevant for the 
given environment.  Green arrows indicate an activating reaction, whereas red lines 
describe inhibitory interactions.  Lines that join together at small diamonds are logical AND 
interactions, whereas multiple inputs directly at a gene node represent logical OR 
relationships.    
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environmental cues.  For example, 42 of 133 extreme pathways correspond to the 

environment in which all six metabolites are present (Figure 2.8A).  Consequently, 

these 42 extreme pathways together constitute an expression (i.e., functional) state 

for the environment in which all six metabolites are present.  Likewise, the expression 

state defined by the 62 extreme pathways corresponding to the environment in which 

all metabolite signals are absent are indicated in Figure 2.8B.  

The left null space of R.  The basis vectors for the left null space of the matrix 

of the prototypic system identified intra-network pools in the TRS.  For the case of the 

prototypic system, these were expected groupings of the genes and gene products.  

For example, one such intra-network pool consisted of Protein 14, Protein 20, and 

Protein 22.  The expression of Protein 20 and Protein 22 both require the presence of 

Protein 14.  Consequently, these proteins comprise a single pool within the TRN that 

is coordinately regulated as a single TU.  For TRNs of a larger scale as is seen in 

actual biological systems on the order of the genome-scale reconstruction of E. coli, 

more complex groupings may emerge. 

The row and column spaces of R.  Analyses of the row and column spaces 

were calculated for the prototypic system (data not shown).  The data indicated 

patterns as described in the Conceptual Framework & Methods section above.  

Further investigation into the row and column spaces of genome-scale TRNs may 

generate predictions regarding optimal experimental programs for characterizing 

regulatory programs as described above.  Such interrogations may also reveal how a 

TRN moves from one expression state to another given environmental perturbations 

and genetic modifications. 
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2.4 Discussion 

This study describes a matrix formalism for studying TRNs that connects 

environmental cues to transcriptional responses.  The TRN of the lac operon in E. coli 

was described.  Furthermore, the TRN for a prototypic system that mimics features of 

the E. coli TRN was characterized and the fundamental subspaces of the 

corresponding R matrix were described.  Key results of this study are:  (1) the R 

matrix formalization of a TRN as an alternative to a Boolean formalism is developed 

and presented, (2) the utility of characterizing the null and left null spaces of R is 

shown, and (3) the exhaustive enumeration of the effect of all possible environments 

and consequent systemic interpretations is illustrated. 

The formalism presented herein is a conceptual shift in the representation of a 

TRN (Figure 2.1).  While a network map illustrates relationships between 

components of a network, it does not allow for the computation of functional states.  

However, TRNs can be represented mathematically with the pseudo-stoichiometric 

formalism presented herein.  With careful delineation of inputs and outputs, a TRN is 

defined from which functional states can be computed.  

There is a growing set of computational tools and approaches for the analysis 

of biological systems.  For example, stoichiometric matrices are analyzed with flux-

balance analysis (FBA), extreme pathway analysis26, Monte Carlo sampling17, and 

energy balance analysis (EBA)37, among many other such computational tools17.  

These analysis methods generate unbiased descriptions of the functional states of 

biochemical networks.  The R matrix formalism presented herein benefit from these 

independent efforts as many of the analysis tools can be used to characterize 

fundamental features of such systems. 
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Key properties of the TRN are found in the two null spaces of R.  As described 

in §2.3.1 and §2.3.2, the null space of R represents the set of causal pathways that 

connect given environments to the expression state of the TRN, accounting for the 

primary, secondary, and tertiary regulatory relationships.  This null space can be 

described by a unique set of link-neutral pathways in which all regulatory rules or 

links are balanced.  This balanced set of pathways can be calculated with extreme 

pathway analysis from which all expression (i.e., functional) states can be described 

(Figure 2.4F and Figure 2.8).  The left null space of R* contains the pools of invariant 

quantities of the TRN.  These invariant pools represent transcriptional units in the 

given system that may generate hypotheses regarding correlated regulatory 

programs.  Extreme pathways analysis can also be used to calculate these invariant 

pools by analyzing RT. 

All possible expression states of the prototypic TRN are readily evaluated.  

These data allow for the classification of the percentage of environments in which a 

given gene is expressed as well as the average number of genes expressed in a set 

of environments.  This analysis clearly delineates the genes that are generally active 

or generally inactive across a variety of environments, and thus perhaps more critical 

or less critical for network function, respectively.  For larger regulatory networks, 

sampling approaches may be required to perform similar analyses22.  Characterizing 

the space of possible expression states also leads to the identification of correlated 

gene sets.  These correlations identify how “related” the expression profiles are for 

the associated pairs, and can generate hypotheses regarding operon or regulon 

structure.  These correlations also identify genes that are anti-correlated or that 

behave independently. 
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The regulatory network R matrices are represented using a pseudo-

stoichiometric formalism.  As more data emerges regarding specific chemical 

transformations and interactions that define regulatory interactions, increasingly 

detailed matrices to include the precise underlying reaction stoichiometry may be 

generated.  The analysis of the lac operon network presented herein led to results 

representative of what may be seen in genome-scale analyses.  The analysis of the 

stoichiometric matrix for the set of regulatory mechanism reactions (e.g., the binding 

of a transcription factor and associated regulatory proteins to a specific region of 

DNA) may reveal much greater quantitative detail regarding regulatory networks18.  

However, this detailed information is not generally available for most cases.   

The matrix formalism presented herein is a structured method for organizing 

the set of hypotheses regarding regulatory network function.  For example, additional 

novel regulatory rules for the expression of genes can be readily added to the matrix 

as they are characterized and existing rules can be refined as the specific reaction 

stoichiometries are more clearly defined.  Any change in network properties resulting 

from the inclusion of new rules can be verified to support or refute the given 

hypothesis. 

Previous work has characterized essential nodes for the processing of 

signaling inputs to TRNs38.  These sub-networks, called “origons,” are believed to 

represent specific topological units of TRNs that detect the decomposed elementary 

components of complex environmental signals and subsequently develop a 

reassembled, large-scale transcriptional response.  Furthermore, “network motifs,” or 

patterns of interconnections that recur in many different parts of a network at 

frequencies higher than those found in randomized networks, have been evaluated, 
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and may define basic building blocks of TRNs39.  The study described herein differs 

from these previous efforts by focusing on the structure of an entire regulatory 

network that is reconstructed by delineating functional relationships between genes 

and inputs.  As such, the characterizations described herein are more directly 

connected to network function as opposed to network structure. 

With this formalism in hand, the challenge now becomes to scale it up and 

construct genome-scale TRN matrices for model organisms.  The construction of the 

E. coli TRN R matrix described in the next chapter represents an initial step toward 

this end.  With these matrices in hand for model organisms, experimental programs 

can be systematized and guided with predictions regarding which signaling inputs 

may provide the greatest characterization of network function.  Furthermore, these 

analyses will generate predictions regarding the coordinated regulatory programs that 

drive cellular phenotypes and thus enhance our general understanding how 

regulatory networks dictate cellular function in response to external stimuli. 

Chapter 2, in part, is a reprint of the material as it appears in Gianchandani 

EP, Papin JA, Price ND, Joyce AR and Palsson BO. Matrix formalism to describe 

functional states of transcriptional regulatory systems. PLoS Comput Biol 2(8): e101 

(2006).The dissertation author was a co-author on this paper and helped develop and 

conduct the research in addition drafting portions of the final manuscript. 
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Chapter 3 

The R Matrix at Genome-scale: Application to E. coli 

The R matrix work presented in Chapter 2 introduces key concepts and 

shows the potential utility this methodology for representing and analyzing 

transcriptional regulatory networks (TRNs).  Thus far, this approach has only been 

applied to the relatively small lac operon (§2.3.1) and 25 gene prototypic TRN 

(§2.3.2) toy systems.  Although these model systems are useful in terms of exploring 

the capabilities and behavior of the R matrix formalism, it remains unclear how the 

method will scale to more realistic biological systems.  This chapter represents first 

steps toward this end by assembling the R matrix for the E. coli TRN.  Specifically, 

the R matrix is derived directly from a previously developed genome-scale model of 

E. coli in which transcriptional regulatory rules are overlain on a constraint-based 

model of metabolism2.  This integrated transcriptional regulatory-metabolic model is 

well suited for these initial genome scale efforts as Boolean regulatory relationships 

are defined and the behavior of this model is well studied using constraint based 

analysis techniques2,4.  Prior to describing these efforts toward applying the R matrix 

framework at genome scale, however, a brief review and survey of the E. coli TRN is 

provided in the next section.   

3.1 The E. coli transcriptional regulatory network 

As noted in the previous chapter, complex regulatory networks ultimately 

control the transcriptional state of the genome.  Even relatively simple unicellular 

organisms have evolved wonderfully complex transcriptional regulatory networks to 
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respond to environmental stimuli.  External signals known to impact transcription in 

microorganisms include carbon source, amino acid, and electron acceptor availability, 

as well as pH level, and heat and cold stress.  Mapping the links between 

environmental growth conditions through signaling networks and ultimately to the 

resulting transcriptional response is of primary interest in life sciences research5.  The 

R matrix formalism was developed specifically to facilitate the representation and 

analysis of these relationships. 

E. coli is widely considered the most well studied organism and represents the 

model organism about which the most is known6.  Accordingly, significant efforts have 

Figure 3.1 | The E. coli TRN.  The EcoCyc-defined E. coli TRN is depicted in this network 
graph1.  Moving from left to right, global, major, and minor regulator nodes are shown 
regulating each other (indicated by edges between nodes, colored by type of regulation) as 
well as downstream target genes shown at right.  Regulator type is assigned based on the 
longest path from regulator to target gene rather than strictly by the number of direct 
targets.  Path length seems to generally be a better indicator of broader regulatory impact 
as longer paths indicates more influence on other regulators and thus more regulatory 
targets.  Accordingly, arbitrary cutoffs were assigned such that global regulators have a 
longest path greater than five, major regulators greater than 2, and all others considered as 
minor regulators.   This network was compiled and visualized using Cytoscape3. 
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focused on identifying the components and interactions that comprise the E. coli 

TRN.  These efforts range from large-scale experimentation using post-genomic 

techniques2,7, to compiling previously reported regulatory relationships into literature-

based representations of the E. coli TRN2,8.  Furthermore, a variety of useful online 

resources have been developed to integrate both high throughput as well as 

traditionally acquired regulatory interactions into comprehensive databases1,9. 

 EcoCyc1 and RegulonDB9 are arguably the best maintained of these online 

resources providing extensive information regarding transcription factor-target gene 

relationships.  RegulonDB also catalogs known promoter sequences, experimentally 

defined and computationally predicted operons, as well as environmental stimulus-

Figure 3.2 | EcoCyc regulator-operon/gene interactions.  The distribution of 
operon/gene gene targets per regulator is shown.  Each bar represents the number of 
operons/genes regulated by one of the 153 regulators reported by EcoCyc1.  The Crp 
global regulator is highlighted at top as having the largest number of downstream 
regulatory targets. 
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transcription factor definitions.  As an example of scale, the E. coli TRN represented 

in EcoCyc including 1311 components and 2710 interactions is shown in Figure 3.1.  

This representation highlights the hierarchical structure of the network in which highly 

connected global regulators act broadly influencing the expression of major and minor 

regulators and thus directly and indirectly affecting the transcription of numerous 

target genes.  Examples of global regulators include traditional regulators such as 

Crp, which senses cAMP levels and thus monitors the nutritional status of the cell, to 

nucleoid binding proteins such as H-NS and Fis which bind the chromosome thus 

influencing its topology within the cell in addition to directly impacting gene 

expression.  Alternative sigma factors such as rpoS are also found among this class 

by influencing the expression of diverse and numerous targets, in this case, in 

response to various cellular stresses. 

EcoCyc includes 153 transcriptional regulators, a few of which regulate many 

targets (i.e. the previously described global regulators), whereas the majority control 

few targets (Figure 3.2).  This apparent scale-free architecture10 and other 

organizational features of this network has been the subject of many research efforts 

in recent years11.  While these studies are interesting, their direct relevance to the 

functional state of the cell is often unclear relying on inferential associations, for 

example based on functional annotation of target genes to assign causal 

relationships to identified network motifs. 

The work presented herein circumvents this inherent limitation by focusing on 

the subset of the network to which causal relationships between environmental stimuli 

and transcription factors are directly ascribed.  In so doing, causal relationships 

between the environment and transcriptional state can be mapped.  The remainder of 
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this chapter describes initial efforts toward facilitating this effort by constructing a 

genome-scale R matrix for E. coli.  

3.2 Materials and methods 

3.2.1 Updating the integrated regulatory-metabolic model for E. coli 

The previously reported model known as  iMC1010v1 serves as the starting 

point for this work2.  In this model, Boolean rules that dictate regulatory interactions 

are overlain on a constraint-based model of E. coli metabolism (§1.3.3 and §1.4).  In 

this integrated transcriptional regulatory-metabolic model, the Boolean rules dictate 

the conditions under which model components are expressed thus ultimately defining 

the pathways available for metabolic model simulations8,12,13.  From a computational 

standpoint, this process is accomplished using dynamic flux balance analysis (FBA)14 

in which environmental conditions specify the activity or inactivity of model 

transcription factors, target genes, and ultimately model reactions.  FBA is then 

performed using the active model reactions which alters the composition of the 

environmental conditions (i.e. growth substrate is depleted, secreted compounds 

accumulate).  The new environmental conditions then form the basis for a 

subsequent round of the process by refining active and inactive components as 

appropriate for another round of FBA.  This iterative process continues accordingly 

for a user-specified duration.  

Prior to translating the Boolean rules into R matrix form, iMC1010v1 was 

updated.  First, three additional regulators (UlaR, MngR, and GntT) and their 

respective regulatory targets were added to the model based on recent reports.  

Furthermore, several regulatory rules were updated or refined to reflect recently 

published data.  Additionally, the metabolic portion of the model was overhauled to 
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synchronize with the recently updated E. coli metabolic model15 with isozyme and 

multidomain subunit enzymes defined by similar Boolean relationships. 

3.2.2 Compiling the R matrix from predefined Boolean rules 

In order to define R for E. coli, the Boolean rules from the updated integrated 

transcriptional regulatory-metabolic model for E. coli were translated into pseudo-

stoichiometric equations.  As described in §2.2.1, for target genes these equations 

involve the “consumption” of environmental stimuli and/or transcriptional regulators 

and resulting “production” of genes and gene products (Figure 3.3).  For regulatory 

targets, the environmental stimuli-transcription factor interactions are defined at the 

gene level, which then produce the functional protein products. 

An expression parser was written in Perl to automate the process of 

converting Boolean rules to R matrix equations.  First, the infix Boolean rule 

expressions from the integrated transcriptional regulator-metabolic model was 

converted to prefix notation16.  A binary expression tree was then generated to 

represent the prefix expression.   A simplified rule containing only AND and OR 

Figure 3.3 | Deriving R matrix equations from Boolean rules. The Boolean regulatory 
rule for sdhC is shown at top.  The conversion to three equivalent R matrix equations is 
shown at bottom.  Note that the regulatory factors (ArcA, Fnr, and Crp) are “consumed” 
and the transcribed gene sdhC (denoted here by its Blattner number) is “produced”.  This 
example also shows how NOT relationships result in the conversion of regulators to their 
converse equivalents.  Furthermore, the conversion of OR rules to multiple independent 
equations is shown, whereas AND relationships are compiled into single equations. 
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logical terms, in addition to environmental stimuli, transcription factors, and their 

converse equivalents was then generated by evaluating this expression tree to 

remove parentheses convert NOT relationships as appropriate.  Finally, R matrix 

equations were formulated from the fully evaluated Boolean expression.  Determining 

the converse R matrix equations for each transcription factor, as required by this 

formalism (§2.2.1) was conducted by simply prepending each rule by a logical NOT 

and running the same expression parser on this converse rule.   The compiled set of 

equations generate in this manner fundamentally define the E. coli R matrix. 

3.3 Results 

The initial steps toward applying the R matrix formalism to the E. coli TRN are 

presented.  In order to facilitate this process, a previously developed model of the E. 

Figure 3.4 | An updated integrated transcription regulatory-metabolic model for E. 
coli.  A hierarchical representation of the E. coli TRN specified in the updated 
transcriptional regulatory-metabolic model of E. coli is shown.  Global regulators (red), 
major, (purple), and minor (green) regulators, as well as target genes (yellow) are defined 
following the same criteria outlined in Figure 3.1.  Missing from this representation are the 
environmental and internal stimuli that act on the regulators, and in some cases directly on 
target genes for which the associated regulator interaction has not yet been defined. 
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coli TRN2 that operates on the metabolic network is updated to reflect recently 

published advances both in terms of novel regulatory interactions as well as an 

expansion of the underlying metabolic model15.  The resulting updated Boolean rules 

describing the regulation of the underlying components are then used to directly 

generate R matrix equations.  The compilation of these equations represents the 

scope of the R matrix for E. coli and shows the scale involved when applying this 

approach at the genome-scale. 

3.3.1 Properties of the integrated regulatory-metabolic model of E. coli 

Prior to compiling the R matrix an update of the existing integrated 

transcriptional regulatory-metabolic model2, known as iMC1010v1, was conducted.  

First, several additional transcription factors were added to the model based on 

recently published reports.  Furthermore, certain existing regulatory rules were refined 

based on a review of the recent literature in addition to based on improper behavior 

when model simulations were compared to experimental results (Gene Ko, personal 

communication, unpublished data).  Additionally, the underlying metabolic 

reconstruction was updated from iJR90417 to the recently expanded E. coli 

reconstruction known as iAF126015. 

Table 3.1 | Component breakdown for the 
updated integrated transcriptional 
regulatory-metabolic model of E. coli. 
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The results from this update are summarized in Table 3.1.  A model that 

includes 109 transcription factors responding to 126 environmental cues (i.e. growth 

medium components and internal fluxes), and 612 regulated target genes (including 

the transcription factors themselves) is the product of these efforts (Figure 3.4).  

These components ultimately influence 1919 metabolic enzymes and transporters.  

The large number of metabolic reactions relative to regulated target gene products 

reflects the presence of multifunctional enzymes and also the inclusion of certain 

unregulated genes that participate as subunits in enzyme complexes with regulated 

genes. 

3.3.2 Defining the scope of the R matrix for E. coli 

The updated regulatory-metabolic network was then used to construct the 

equations that comprise the R matrix for E. coli.  All told, the dimensionality of the R 

matrix is captured by the sum of components included in the network and the number 

of R matrix rules associated with those components.  Accordingly, the dimensionality 

of the E. coli R matrix as compiled herein is approximately 3000 by 4000 (Table 3.2). 

Figure 3.5 | Number of Boolean rule inputs and R matrix rules per gene. A | The 
distribution of the number of environmental stimuli or transcription factor inputs per gene in 
the integrated regulatory-metabolic model of E. coli are shown in this histogram.  B | 
Similarly, the number of R matrix rules associated per target gene are shown.  In both 
cases, most genes are influenced by few regulatory factors. 
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The number of R matrix equations per regulated targets generally mirrors the 

distribution regulatory factors per Boolean rule (Figure 3.5).  That is, the expression 

of most genes is described by very few R matrix equations.  Accordingly, the number 

R matrix rules for regulated genes are only modestly increased over the number of 

regulated components themselves. 

As detailed in §2.1.1, in order to properly account for genes that are regulated 

by the absence of regulatory factors, converse components (i.e. NOT_ArcA in Figure 

3.3) as well as converse rules must be introduced for each environmental stimulus 

and transcription factor.  Accordingly, this convention doubles the number of included 

environmental stimuli and transcription factor components.  The number of R matrix 

rules does not scale this simply, however.  Environmental stimuli do not require R 

matrix rules as they feed directly into the system as inputs.  In contrast, since 

transcription factors can also respond to the presence and absence of environmental 

stimuli as well as other transcription factors, the specific R matrix rules must be 

defined.  Furthermore, since certain regulators respond to multiple factors, the 

number of rules does not scale in a simple one-to-one manner.  As implied by Table 

Table 3.2 | The number of components and 
corresponding number of R matrix rule 
equations. 

NA, Not applicable.  
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3.2, however, few transcription factors respond to multiple factors such that the 

number of associated R matrix equations does not differ significantly from the number 

of corresponding components. 

The largest contributor to this matrix, both in terms of components and 

associated R matrix equations, is the metabolic enzymes and transporters that 

represent the functional readout of the system.  In many cases, these enzymes and 

transporters are multidomain entities requiring the interaction of many individual 

components.  Furthermore, certain activities can be carried out by multiple proteins or 

protein complexes.  Accordingly, the contribution of multisubunit complexes and 

isozymes gives rise to the large number of R matrix equations associated with these 

components.    

3.4 Discussion 

The results presented herein represent the first steps toward applying the R 

matrix at genome-scale.  Using a previously defined genome-scale representation of 

the E. coli TRN that includes direct interactions between environmental stimuli and 

transcription factors, the scope of applying this methodology to large biological 

systems was revealed.  As noted in Tables 3.1 and 3.2, for a system of nearly 3000 

total components, the R matrix scales to approximately 3000 components by 4000 

regulatory rules.  It is reasonable to expect that similar observations will be made for 

systems that maintain similar distributions of inputs per regulated gene (Figure 3.5) 

as well as multisubunit complex and isozyme composition for metabolic enzymes and 

transporters. 
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The next step for completing the application of this approach involves the 

incorporation of environmental species as system inputs as well as metabolic enzyme 

and transporter outputs (Figure 2.3B), followed by subsequent analysis using tools 

originally devised to study constraint-based models of metabolism18.  For example, 

extreme pathway analysis can be used to study to study the fundamental subspaces 

of this matrix (§2.2.3).  The functional states of the modeled TRN can be thus 

analyzed in the context of given environmental conditions.  The sheer number of 

environmental stimuli defined in this system, however, prohibits a comprehensive 

analysis encompassing all possible combinations as was performed for the prototypic 

TRN in §2.3.2.  Conducting such an analysis, however, is unnecessary given that E. 

coli has certain requirements for growth (i.e. carbon, nitrogen, phosphorous, and 

sulfur source availability) and thus only a subset of possible conditions need be 

considered.  Accordingly, screening all minimal environments that meet the E. coli 

growth requirements, as previously described4, would yield a more tractable scenario.  

Alternatively, if an examination of complex environments is desired, in which multiple 

carbon sources are present for example, one could sample the network behavior for a 

reasonable number of candidate environments. 

While this work focuses on the investigation of a previously constructed model 

of E. coli, this formalism may also prove useful for structuring and analyzing the 

considerable amount of emerging high throughput data for E. coli.  In just the last few 

years ChIP-chip data analyzing the genome wide binding profiles for several 

microbial transcriptional regulators, including Crp, Fnr, as well as various nucleoid 

binding proteins and sigma factors have appeared19.  Furthermore, the R matrix 

formalism need not be limited bacteria.  For example, ChIP-chip is being applied 
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increasingly in human studies20. Conceivably, as long as a proper environmental 

stimulus can be defined, these data are also amenable to modeling and analysis in 

this manner. 

In these potential broader applications, however, the importance of proper 

experimental design cannot be stressed enough.  In particular, a defined 

environmental perturbation is critical for proper mapping of regulatory response and 

interactions with downstream targets.  Furthermore, ChIP-chip data in isolation are 

not sufficient for this methodology to be successful.  Corresponding transcriptional 

profiling data in order to derive directionality of regulation (i.e. up or downregulation of 

targets) are also important.  The ideal design for the latter experiments involves a 

dual perturbation strategy in which both the environment (simply through growth 

condition shifts) and the transcription factor of interest (through gene deletion) are 

perturbed.  Additionally, relatively conservative criteria should be used in 

incorporating these data into the R matrix.  Strict transcription factor binding and 

differential cutoff standards should be adopted in order to capture high confidence 

interactions.  Standards that are too loose in this regard increase the likelihood of 

incorporating indirect or extraneous interactions, thus limiting the utility of associated 

analytical results.      

The R matrix approach also has implications beyond modeling new data or 

novel systems.  The pseudostoichiometric approach to defining regulatory 

interactions is akin to existing metabolic, signaling, and transcription/translation 

models of cellular systems.  Accordingly, future work could adopt this strategy, or 

directly incorporate the regulatory equations described herein to develop a 

comprehensive model of the cell (described at greater length in §7.1) and thus make 
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strides toward one of the foundational goals of systems biology.  Nonetheless, at the 

very least, the R matrix formalism adds a novel approach to the growing number of 

strategies to model and analyze TRNs21. 

Chapter 3, in part or in full, is a reproduction of the material as it appears in 

Joyce AR, Ko G, Gianchandani EP, Papin JA, and Palsson BO.  The genome-scale 

application of the R-matrix to modeling the E. coli transcriptional regulatory network. 

In preparation (2007).  The dissertation author is the lead author on this manuscript 

and the co-authors supervised the research and aided in manuscript preparation. 
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Chapter 4 

Adaptation to Glycerol: Establishing the Strategy 

As noted in the introduction to this dissertation, laboratory evolution has long 

served as a powerful tool to study microbial adaptation to various perturbations while 

simultaneously serving as a window to the genotype-phenotype relationship1.  The 

Palsson group, which is perhaps best known as a bioengineering laboratory that 

specializes in the development and analysis of genome-scale models of biological 

systems, was drawn to the field of adaptive evolution several years ago in a rather 

unique way.  As noted in §1.4, a generally good agreement between genome-scale 

model growth predictions and experimental results was observed for E. coli.  

Interestingly, for certain growth conditions, however, significant discrepancies 

between model predictions and experimental observations were noted4.  Rather than 

assuming that the model was incorrect in some manner, an interesting hypothesis 

was formulated to explain these disagreements.  Specifically, this divergence 

between model and experiment was postulated to be due to the fact that E. coli is 

simply maladapted to certain environments, whereas the model is formulated in such 

a way that simulations reflect the optimal growth characteristics for the organism 

under the specified conditions. 

Building on this idea, it was further proposed that given time and continuous 

exposure to the maladaptive condition, which in the case of growth conditions can be 

thought of as environmental perturbations, E. coli would adapt and eventually exhibit 

growth behavior that better matched the model predictions.  Accordingly, the tools of 

adaptive evolution were co-opted to directly test this theory by performing laboratory 
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evolution under carefully controlled settings for the incongruent conditions.  

Ultimately, this hypothesis was confirmed for several environmental perturbations4,5, 

and later for genetic perturbations as reflected by adaptation to single6 and multiple 

gene knockouts6. 

In recent years, attention has turned from simply observing these adaptive 

phenotypes to focusing on identifying the underlying mechanisms that enable the 

organism to adapt to environmental perturbations using both high throughput post-

genomic and traditional molecular biology techniques.  In particular, significant 

attention has been committed to elucidating the nature of the molecular changes 

responsible for adaptation to growth on glycerol- and L-lactate-supplemented minimal 

medium.  This chapter describes work devoted to the former glycerol case and the 

next focuses on the latter L-lactate results.  In order to properly motivate the new 

work on E. coli adaptation to growth on glycerol presented in this chapter, however, a 

reasonably comprehensive review of previous studies examining the properties of 

glycerol-adapted strains is provided in the next section. 

4.1 Molecular mechanisms underlying adaptation to growth on 

glycerol 

Considerable recent work has focused on characterizing the molecular 

changes associated with adaptation to growth on glycerol.  Gaining an understanding 

of the molecular components and fundamental underlying changes that drive 

adaptation to growth on glycerol-supplemented minimal medium is at the core of each 

or these studies.  Or to put it simply, what are the underlying changes and 

mechanisms that give rise to the dramatic phenotype improvement defined by the 
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significantly enhanced growth rate observed for these strains (Figure 4.1)?  To date, 

great strides have been made toward addressing this issue using post-genomic tools 

such as whole genome re-sequencing and transcriptional profiling, as wells as 

traditional structure/function studies as detailed in the following subsections.  

4.1.1 Re-sequencing glycerol-adapted laboratory evolution strains 

 The development and availability of cost-effective whole genome re-

sequencing7-9 is beginning to transform microbial research.  Taking advantage of 

these recent technological advances, the seven initially generated glycerol-adapted 

strains4,5,10 (G1, G2, GA, GB, GC, GD, and GE) were subjected to whole genome re-

sequencing by the Nimblegen microarray-based Comparative Genome Sequencing 

(CGS) method7.  Initial analysis of this data revealed that GA and GB are equivalent 

strains and G1 was started from a different strain than the others.  As such, GA and 

GB were referred to as GA/GB, and the G1 results were excluded from further 

analysis.  Through a combination of validating putative mutations reported by CGS 

Figure 4.1 | Growth rate trajectories for the initial glycerol-adapted strains.  These 
plots display two perspectives of the growth rate increase observed for the initial glycerol-
adapted strains, named G1, G2, GA, GB, GC, GD, and GE, generated in the Palsson 
laboratory.  A | Growth rate trajectories of glycerol-adapted strains during laboratory 
evolution are plotted. B | This three dimensional “fitness landscape” shows the change in 
oxygen uptake (OUR), substrate uptake (SUR), and growth rates relative to the wild-type 
(WT) progenitor strain.  Mid-points are from day 20 and end-points are from day 44 of 
laboratory evolutions. 
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and candidate gene re-sequencing, a total of 13 mutations were confirmed and 

therefore attributed to adaptation to growth on glycerol (Table 4.1)3.  Particularly 

notable mutations include those in glpK which encodes glycerol kinase, the enzyme 

that catalyzes the first step in glycerol metabolism by phosphorylating glycerol upon 

uptake, effectively trapping it within the cytosol.  Mutations at this locus were detected 

in each of the re-sequenced strains.  Also of primary interest are the mutations in the 

β and β′ subunits of RNA polymerase that were detected in four of the five strains 

indicating that it is also a critical target for adaptation to growth on glycerol. 

 Each of the validated mutations, with the exception of the large 1313 kb 

duplication in GC, was also introduced into the wild-type progenitor strain individually 

and in combination by site directed mutagenesis.  The growth rate of these site 

directed mutants was then assessed in order to assess their respective contribution 

to the growth rate increase observed during laboratory evolution on glycerol.  

Interestingly, growth rate measurements showed that the rpoB and rpoC mutations 

conferred the largest gain, whereas glpK and pdxK had substantial but reduced 

impact on growth rate.  Also of note were the negligible individual effects of the dapF, 

Table 4.1 | Validated mutations after 44 days of laboratory evolution.  These data are 
reproduced from Herring et al.3.
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murE, and rph mutations.  When introduced in combination with the other associated 

mutations for each respective strain, however, an epistatic interaction was observed 

in which the whole effect on growth rate was greater than the sum of the individual 

parts.  Recent direct competition experiments designed to sensitively measure 

relative fitness effects of the introduced mutations have verified this effect for dapF 

and murE11. 

 Double and triple site-directed mutant strains representing complete 

reconstructions that are isogenic with the respective glycerol-adapted strains 

matched the growth rate phenotype gain in four of the five (GA/GB, GD, GE, and G2) 

cases examined.  An attempt to reconstruct strain GC was not made due to its 1313 

kb duplication, which spans glpK, rpoB, and rpoC.  Reintroduction of the identified 

glpK mutation into wild-type alone was not sufficient to recover the complete growth 

rate of this evolved strain and may indicate the presence of heterozygous mutations 

not detected by CGS or Sanger sequencing.  Nonetheless, the ability for the identified 

mutations to completely recover the adaptive growth rate phenotype is striking and 

firmly establishes the causality of these mutations.  As such, these results serve as a 

basis for much of the work presented in the remainder of this chapter motivates the 

work presented in Chapter 5.  

4.1.2 Expression profiling glycerol-adapted laboratory evolution strains 

 A separate line of work that predates the whole genome re-sequencing project 

discussed in §4.1.1 sought to identify the genome-wide expression changes 

associated with adaptation to glycerol10.  Microarray-based (Affymetrix) mRNA 

expression profiling was performed at day 1, day 20, and at the endpoint of laboratory 

evolution for each of the seven initially generated strains (GA, GB, GC, GD, GE, G1, 



104 

 
 

and G2) in order to provide a coarse grained profile of gene expression changes over 

time.  Using the wild-type progenitor strain expression profile during growth on 

glucose as a reference, genes exhibiting statistically significant (t-test, FDR = 5%), 

differential expression were identified.  The general pattern that emerged from this 

time course analysis revealed a widespread initial response at day 1 of adaption in 

which over 1500 genes (39% of total for E. coli) exhibited significant changes in 

expression.  A dramatic decrease in differentially expressed transcripts followed with 

Figure 4.2 | Clustering of laboratory evolved strain expression states.  The 
relationships between glycerol- and L-lactate-adapted strain expression states are shown 
in this dendrogram.  The clustered data represent the mRNA profiles from evolved 
populations on glycerol- (GA, GB, etc.) or L-lactate- (LA, LB, etc.) supplemented minimal 
medium at day 20 (d20), day 44 (d44), and day 60 (d60).  Also shown are profiles 
representing day 0 of evolution (wild-type (WT) grown on glucose) and day 1 on glycerol 
(WT glycerol) or L-lactate (WT lactate), respectively.  The strains harboring identified 
mutations in RNA polymerase subunits are highlighted in red.  Hierarchical clustering was 
calculated using the correlation (1 – r, Pearson) distance metric and average linkage. 
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an average of 770 genes showing significant changes at day 20, and even less (498 

genes on average) differentially expressed at the endpoint of laboratory evolution. 

Somewhat surprisingly however, relatively few expression changes were 

shared among the glycerol-adapted strains.  Only 70 genes (51 annotated) exhibited 

differential expression in at least six of the seven strains despite the observed similar 

growth phenotypes (Figure 4.1).  In this commonly expressed subset, several tRNA 

genes were upregulated, perhaps reflecting increasing demands on the cell due to 

increasing growth rates, and significant downregulation of many motility and flagellar 

associated genes was observed.  The physiological effect of this latter group was 

directly observed by a significant decrease in motility by assaying growth on semi-

solid agar plates confirming the functional relevance of this finding. 

 When viewed in light of the whole-genome resequencing data, however, this 

lack of congruity between expression states is not altogether unexpected.  The 

identified mutations in rpoB and rpoC likely have a profound and potentially very 

different impact on the expression state of the cell as they target RNA polymerase, 

perhaps the most critical node of the gene expression network.  Furthermore, strains 

GC and G2 do not share a mutation at this locus, making them natural outliers.  

Indeed, when the expression data is viewed from a global perspective (Figure 4.2), 

the expression states of strains that harbor rpoB or rpoC mutations (GA, GB, GD, and 

GE) are reasonably similar, whereas strain G2 and strain GC do not fall within the 

same clade.  Comparisons between these strains revealed 672 ORFs with shared, 

statistically significant gene expression changes thus linking the genotypic RNAP 

change to global transcriptional regulatory changes.  Within this subset, a significant 

overrepresentation was found for genes associated with functional categories such as 
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cell motility, acid resistance, and stationary phase (all downregulated) as well as 

protein processing and ribosome structure (all upregulated). These changes may 

reflect, in the former case, the evolutionary trade-off associated with stress tolerance 

and metabolic capability mediated by levels of the stationary phase sigma factor 

rpoS12, and in the latter case, the increased needs for fundamental cellular building 

blocks required by increased growth rates. 

4.1.3 Structure/function studies of glycerol kinase 

 While the identification of adaptive mutations and investigations of their 

respective effects on growth rate are quite valuable, also of primary interest are the 

specific effects of each mutation on the associated protein product.  Each of the glpK 

mutations described in §4.1.1 resulted in non-synonymous amino acid substitutions 

or in frame expansions to the protein.  Furthermore, the glpK gene expression levels 

actually decrease at day 20 and further decrease at day 44 of laboratory evolution 

with respect to the initial upregulation observed at day 1 of evolution10.  Both of these 

observations suggest that the resulting amino acid changes directly impact the 

functionality of glycerol kinase.  Accordingly, six sequence variants were cloned and 

further analyzed to determine their effect on catalytic properties of the enzyme. 

 Using classical enzymatic techniques13 and partially purified protein from cell 

free extracts, the Vmax of mutant enzymes showed elevated rates with respect to wild-

type (Table 4.2).  Furthermore, each of the mutants, with the exception of strain GE, 

exhibited a reduced sensitivity to fructose-1,6-bis-phosphate (FBP) inhibition as 

evidenced by an increased inhibition constant, KI-FBP.  Therefore, the glpK mutations 

appear to directly alter kinetic and regulatory properties of the enzyme.  Although it 

remains possible that the latter effects, by relieving inhibitory factors, might simply 
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represent the major feature that facilitates enhanced glycerol kinase activity, which 

was long ago recognized as the rate-limiting step in growth on glycerol by E. coli 

MG165514,15. 

Having summarized the major findings regarding these glycerol-adapted 

strains to date, the remainder of this chapter describes recent efforts to extend the 

work described in this section.  First, a broadened study of glycerol-adapted strains is 

described to explore the compendium of mutations that confer a selective growth 

advantage on glycerol-supplemented M9-minimal medium.   The generality of the 

common features observed in the re-sequencing of the initial glycerol-adapted strains 

(§4.1.1), specifically the repeatedly observed mutations to glpK and RNA polymerase 

subunits, is explored through this extended analysis.  Furthermore, the specific 

effects of mutations to RNA polymerase are investigated using genome-scale DNA 

binding profiles as well as in vitro measurements of mutant RNAP kinetic properties.  

Mutations and amino acid changes are listed with respect to gene and amino acid 
sequence position, respectively.  *Vmax units are μmol glycerol/min/mg; WT, wild-type; FBP, 
fructose-1,6-bis-phosphate. 

Table 4.2 | Biochemical measurements of glycerol kinase mutants. Data is reproduced 
from Herring et al.3. 
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The implications of these results are then discussed in a broader context and used to 

establish a more detailed picture of how E. coli adapts to growth on glycerol-

supplemented M9-minimal medium. 

4.2 Materials and methods 

4.2.1 Laboratory evolution of E. coli on glycerol 

 Laboratory evolution was conducted by serial passage essentially as 

previously described4-6,10,16.  Briefly, wild-type E. coli K-12 MG1655 (ATCC #47076) 

was struck on glycerol-supplemented (2 g/L) M9-minimal medium agar plates and 

incubated at 30°C for 24 hours.  Single colonies were picked to directly inoculate 250 

mL glycerol-supplemented M9-minimal liquid medium cultures in 500 mL Erlenmeyer 

flasks to initiate each independent laboratory evolution strain.  These cultures were 

then propagated for 25 days (300-400 generations) by inoculating fresh pre-warmed 

medium each day taking care to adjust the inoculum volume such that the cultures 

remained in exponential growth phase (OD A600 ≤ 0.3-0.5) (Figure 4.3).  Twenty-five 

days was chosen as a cutoff due to the observation that a plateau in the growth rate 

trajectory was typically reached by day 20 (Figure 4.1A) in previously generated 

glycerol-adapted strains10.  Forty-five independent glycerol-adapted strains (five 

batches of nine strains) were generated following this procedure.  Strains are named 

eBOP41-49, eBOP51-59, eBOP61-69, eBOP81-89, and eBOP91-99 according to 

internal laboratory convention.  Growth rate changes over time were monitored 

approximately by calculating the slope of the line on a semi-log plot defined by the 

initial inoculum OD and final OD prior to passage into fresh medium on the following 

day.  Frozen glycerol stocks were prepared periodically and stored at -80°C for 

retrospective analyses at a future date. 
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4.2.2 Targeted re-sequencing 

 Each of the forty-five glycerol-adapted strains was subjected to targeted re-

sequencing to determine if similar mutations were acquired at key loci identified in the 

previous whole-genome re-sequencing of the glycerol-adapted strains3 (§4.1.1).  

Accordingly, the β and β′ RNA polymerase (RNAP) subunits rpoB and rpoC as well 

Figure 4.3 | Laboratory evolution by serial passage.  This schematic depicts the 
laboratory evolution protocol followed in this study.  Each adaptively evolved strain is 
started from a single colony and propagated in 250 mL of liquid medium in 500 mL 
Erlenmeyer flasks.  Prolonged exponential growth is maintained throughout the course of 
adaptive evolution by daily passage of cultures into fresh medium prior to entry into 
stationary phase, as shown in the top plot of a prototypical growth profile with 
characteristic lag phase, followed by exponential growth phase, and culminating in 
stationary growth phase.  As depicted in the bottom plot, inoculum at the time of passage 
is adjusted to account for increasing growth rates (slope of log plot) over evolutionary time.  
Glycerol stocks of adapting populations are prepared periodically throughout this process 
and stored at -80°C for future analysis.
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as the glycerol kinase-encoding gene glpK were re-sequenced.  Crude genomic DNA 

extracts were prepared by boiling a small aliquot of cells in 25 μL EB buffer (Qiagen) 

for 15 minutes.  After a brief high speed centrifugation (13,200 rpm) to pellet cell 

debris, 2 μL of the supernatant was used as template in PCR reactions using ExTaq 

DNA polymerase (Takara).  PCR primers were designed using Primer317 to amplify 

overlapping 0.5-1 kb amplicons of each target gene (two for glpK, and four each for 

rpoB and rpoC).  The order in which PCR reactions were conducted was prioritized 

for rpoB and rpoC according to the location of previously identified mutations in 

keeping with the hypothesis that similar regions of the respective gene would likely be 

mutated.  Therefore, the rpoB amplicon (gene positions 904-2085) and the rpoC 

amplicon (gene positions 2680-3974) were given highest priority.  In the event that 

mutations were identified in these initial amplicons, further screening of the respective 

loci was not conducted given the observation that two or more mutations have never 

been identified within these loci in any of the glycerol-adapted strains.  Conversely, 

when mutants were not identified, the remaining amplicons for each loci were 

screened. 

 Prior to preparation for sequencing, PCR amplicons were visualized on a 1% 

agarose gel to confirm a unique product, and quantified by spectrometry (A260, 

Biomate3, Thermo).  PCR products were then purified using the QIAquick PCR 

purification kit (Qiagen) and submitted for offsite Sanger sequencing.  Figure 4.4 

indicates the primers used in re-sequencing reactions and the regions amplified.  

Sequence traces were visualized using ChromasPro (Technelysium) and mutations 

identified by alignment against reference sequences downloaded from EcoCyc18.  

Identified mutations were confirmed by Sanger sequencing of the same amplicon 
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using the reverse primer.  In the event of ambiguity in results, a second round of PCR 

followed by Sanger sequencing was conducted to confirm or refute the initial finding.      

4.2.3 Colony screening of strains without mutations at day 25 

 Mutations in glpK, rpoB, and rpoC were not detected in several strains (Figure 

4.6).  A small pilot study consisting of colony screening was conducted in order to 

determine whether this absence reflects the mutational targeting of other loci, or, 

alternatively, if mutations do exist but have not yet reached fixation in the population 

of cells in each culture.  This latter case would provide ambiguous or inconclusive 

results in the initial screen described in §4.2.2.  Therefore, colonies were isolated on 

glycerol-supplemented (2 g/L) M9-minimal medium agar plates by diluting day 25 

frozen stock into 1 mL of rich defined medium (RDM, Teknova), streaking out 100 μL 

of further diluted (1:1000) cells, and incubating at 30°C for 24 hours. 

 Crude genomic DNA preparations were then prepared for five individual 

colonies by picking them into 25 μL EB buffer (Qiagen) and boiled for 15 minutes.  

After a brief high speed centrifugation (13,200 rpm), 2 μL of supernatant was used as 

Figure 4.4 | Gene position and frequency of glpK, rpoB, and rpoC in the forty-five 
glycerol-adapted strains.  These histograms report the location as well as the frequency 
of mutations in terms of gene position for glpK, rpoB, and rpoC.  Gene position is 
represented along the x-axis and counts (bin size = 50 nt) are noted on the y-axis.  The 
primer names and approximate sequence read lengths are indicated directly on each plot. 
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template in PCR reactions to amplify glpK, rpoB, and rpoC fragments using ExTaq 

DNA polymerase (Takara).  PCR products were checked for uniqueness on a 1% 

agarose gel, quantified by spectrometry, and Sanger sequenced.  Sequence traces 

were visualized using ChromasPro (Technelysium) and mutations identified by 

alignment against reference sequences downloaded from EcoCyc18.   

4.2.4 RNA polymerase ChIP-chip 

RNAP ChIP-chip was performed for wild-type E. coli K-12 MG1655 (ATCC 

#47076), glycerol-adapted strain GB (Table 4.1), and the associated site-directed 

mutant that is isogenic with wild-type except for the rpoC mutation (Δ3132-3158) 

identified in strain GB.  Glycerol-supplemented (2 g/L) M9-minimal medium batch 

cultures during mid-log growth phase (OD A600 ≈ 0.3) were cross-linked by incubation 

in 1% formaldehyde (37% solution, Fisher Scientific) at room temperature for 25 min.  

Following quenching the unused formaldehyde with 125 mM glycine at room 

temperature for an additional 5 min incubation, the cross-linked cells were harvested 

and washed three times with 50 mL of ice-cold TBS.  The washed cells were 

resuspended in 0.5 mL lysis buffer composed of 50 mM Tris-HCl (pH 7.5), 100 mM 

NaCl, 1 mM EDTA, protease inhibitor cocktail (Sigma) and 1 kU Ready-LyseTM 

lysozyme (Epicentre).  The cells were incubated at 37oC for 30 min and then treated 

with 0.5 mL of 2xIP buffer composed of 100 mM Tris-HCl (pH 7.5), 200 mM NaCl, 1 

mM EDTA, and 2% (v/v) Triton® X-100.  The lysate was then sonicated four times for 

20 seconds each in an ice bath to fragment the chromatin complexes using a Misonix 

sonicator 3000 (output level = 2.5).  Cell debris was removed by centrifugation at 

37,000×g at 4oC for 10 min, and the resulting supernatant was used as cell extract for 

the immunoprecipitation. 
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To immunoprecipitate the RNAP-DNA complexes, 6 μL of anti-RNAP β 

subunit mouse antibody (Neoclone) was then added to the cell extract.  For the 

control (mock-IP), 2 μg of normal mouse IgG (Upstate) was added into the cell 

extract.  Reactions were then incubated at 4oC overnight, and 50 μL of washed 

Dynabeads® Pan Mouse IgG or protein A magnetic beads (Invitrogen) were added to 

the mixture.  After a 5 hour incubation at 4oC, the beads were washed, in order, twice 

with the IP buffer (50 mM Tris-HCl (pH 7.5), 140 mM NaCl, 1 mM EDTA, and 1% (v/v) 

Triton® X-100), once with wash buffer I (50 mM Tris-HCl (pH 7.5), 500 mM NaCl, 1% 

(v/v) Triton® X-100, and 1 mM EDTA), once with wash buffer II (10 mM Tris-HCl 

buffer (pH 8.0), 250 mM LiCl, 1% (v/v) Triton® X-100, and 1 mM EDTA), and once 

with TE buffer (10 mM Tris-HCl (pH 8.0), 1 mM EDTA).  After removing the TE buffer, 

the immunoprecipitated DNA-protein complexes were eluted from the beads in 200 

μL of elution buffer (50 mM Tris-HCl (pH 8.0), 10 mM EDTA and 1% SDS) and 

incubated at 65oC overnight for reverse cross-linking.  

After reversal of the cross-links, RNA was removed by incubation with 200 μL 

TE buffer with 1 μL of RNaseA (Qiagen) for 2 hours at 37oC.  Proteins in the DNA 

sample were then removed by incubation with 4 μL of proteinase K solution 

(Invitrogen) for 2 hours at 55oC.  The sample was then purified with a PCR 

purification kit (Qiagen).  Prior to shipment to Nimblegen where sample labeling, 

microarray hybridization, and visualization steps were carried out, gene-specific 

quantitative PCR was carried out for promoter regions of gapA, tpi, fbp, pgi, and 

dmsA using the isolated DNA samples as template to confirm immunoprecipitation 

quality. 
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4.2.5 ChIP-chip data analysis 

 Raw *.gff data files were obtained from Nimblegen and parsed to isolate the 

log2 ratios for each probe in each sample.  Positive values at each probe represent 

enrichment of immunoprecipitated DNA, and thus RNAP binding, whereas negative 

values indicate lack of enrichment and lack of RNAP binding.  Pearson correlation 

coefficients were used to assess the quality of replicates and in all cases were found 

to be quite high (r ≥ 0.95).  Boxplots and median absolute deviation calculations 

revealed similar intensity levels and data distributions across all samples. 

 Since these samples were not treated with rifampicin to stall the RNAP at 

promoters, the typical binding profile consists of broad plateaus spanning promoters 

and coding regions rather than sharp peaks at specific promoters.  Accordingly, 

standard peak finding metrics, such as turning point identification techniques19, were 

not of great utility as small differences in absolute peak location among replicates, 

despite similar plateaus, could yield false negative calls.  Given this observation, in 

addition to the fact that the goal of this endeavor was to identify changing binding 

profiles at known loci, a rather simple metric was used to assess promoter occupancy 

by RNAP.  To this end, the area under the log2 ratio enrichment curve (smoothed 

twice using a moving window of 300 bp as previously described19) was calculated for 

a 400 bp interval centered on known promoter sites and gene start sites, downloaded 

from RegulonDB20 and EcoCyc18, respectively, and used in all further analysis to 

reflect RNAP binding levels at specific loci. 

 Differential binding at promoter and gene start sites between glycerol-adapted, 

RNAP site-directed mutant, and wild-type samples was identified by performing one 

way ANOVA followed by a Tukey’s post-hoc test to identify specific differences 
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between samples.  Cases in which RNAP promoter occupancy values were negative 

for all samples were not considered for further analysis as they indicate lack of 

binding.  All calculations were performed using Matlab (The Mathworks, Inc).  Both 

Matlab and Excel (Office 2007, Microsoft) were used to visualize log2 ratio enrichment 

curves and to generate summary data statistics.  Downstream analysis of E. coli 

regulons  and COG (Clusters of Orthologous Genes) classes was facilitated using 

information from EcoCyc18 and the latest annotation of the E. coli genome21, 

respectively. 

4.2.6 In vitro assessment of RNA polymerase kinetics 

 In order to further study the impact of the identified adaptive mutations on 

RNA Polymerase (RNAP), an in vitro assessment on RNAP mutant kinetics was 

performed.  Specifically, mutant RNAP escape rates at the his hairpin pause site22 

was investigated.  Mutant alleles in rpoB and rpoC were cloned, transferred to 

appropriate expression plasmids, and sent to the Landick laboratory for analysis. 

 Briefly, the rpoC alleles were amplified with Pfu DNA polymerase (Stratagene) 

from genomic DNA isolated from associated glycerol-adapted strains (Table 4.3) 

using PCR primers matching rpoC regions that flank SalI and BspEI restriction 

enzyme sites on plasmid pRL662 (provided by R. Landick).  Each respective rpoC 

allele was then ligated into pRL662, which contains the wild-type rpoC sequence 

using Quick Ligase (New England Biolabs) following digestion with SalI and BspEI.   

Following verification of the correct sequence by Sanger sequencing, these 

alleles were further subcloned into pVS7 (provided by R. Landick), which contains a 

C-terminal His-tagged rpoBC open reading frame.  Alleles were PCR amplified, again 
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using Pfu DNA polymerase (Stratagene), directly from the modified pRL662 plasmid 

using primers that flank BsmI and XhoI restriction enzyme sites.  Following digestion 

with BsmI and XhoI, both insert and vector were gel purified (QIAquick gel purification 

kit, Qiagen). The pVS7 vector fragment was then treated with Antarctic Phosphatase 

(New England Biolabs) prior to use int the ligation reaction with the mutant BsmI-XhoI 

rpoC fragment (Quick Ligase, New England Biolabs). 

In similar fashion, rpoB mutants were amplified from the associated glycerol-

adapted strains (Table 4.3) with primers matching regions that flank ClaI and BspEI 

restriction enzyme sites on plasmid pRL702 (provided by R. Landick), which harbors 

the wild-type rpoB sequence.  Following digestion with ClaI and BspEI, the rpoB PCR 

fragment containing the mutant allele was ligated into the pRL702 vector.  Further 

subcloning into pVS6 (provided by R. Landick), which is identical to pVS7 but lacks 

the C-terminal β′ His tag, was then conducted by PCR amplifying a fragment from 

pRL702 that flanks the NcoI and SbfI restriction enzyme sites.  PCR products and 

pVS6 vector were then digested with NcoI and SbfI, the vector treated with Antarctic 

Table 4.3 | RNAP Mutants cloned for in vitro pause-
escape assay.  

Sequence and amino acid changes are listed in terms of 
gene and polypeptide position, respectively. Δ, deletion. 
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Phosphatase, and the resulting products ligated using Quick Ligase (New England 

Biolabs). 

In all cases, mutations on each plasmid were confirmed by Sanger 

sequencing and sent to the Landick laboratory for RNAP expression, purification, and 

performance of in vitro kinetic assays.  The RNAP pause escape assays described in 

(§4.3.4) were conducted as previously described23,24. 

Associated site-directed mutants for each RNAP mutation were conducted 

using the ‘gene gorging’ technique25,26 as described in detail in §5.2.3.  Growth rates 

for each site-directed mutant were measured as outlined in §5.2.4.          

4.3 Results 

 This study builds on prior work that comprehensively identified the sequence 

changes responsible for the acquisition of a selective growth advantage of seven 

different E. coli strains adapted to glycerol-supplemented minimal growth medium3,10. 

Forty-five additional glycerol-adapted strains were generated and targeted re-

sequencing of previously identified loci shown to be important for glycerol-adaptation.  

Furthermore, the impact of mutations to the β and β′ RNA polymerase (RNAP) 

subunits was examined using an in vivo assessment of the genome-wide binding 

profile of RNAP using ChIP-chip, as well as in vitro assessments of changes in RNAP 

kinetic properties.   

4.3.1  Generation of forty-five additional glycerol-adapted strains 

 In order to assess further the compendium of mutations that can confer 

selective growth advantage on glycerol-supplemented M9-minimal medium, 45 

additional adaptively evolved strains were generated through serial passage of log- 
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Figure 4.5 | Growth rate trajectories of forty-five glycerol-adapted strains.   This 
heatmap depicts the growth rate trajectories for each of the forty-five glycerol adapted 
strains clustered according to similarity.  Each row corresponds to an individual strain and 
each column represents a day of evolution.  Each element is color-coded according to the 
growth rate (scale at bottom) for the strain on that particular day of evolution.  The 
dendrogram at left details the hierarchical clustering relationships between growth rate 
trajectories calculated using the Euclidean distance metric and average linkage. 
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phase cultures for 25 days (300-400 generations) (Figure 4.5).  As observed in the 

initial seven strains similarly adapted to growth on glycerol3,10, each strain exhibited 

the characteristic robust increase in growth rate (μ) with most strains at least doubling 

from μ ≈ 0.25 to μ ≈ 0.5. 

Interestingly, although each strain exhibited a dramatically enhanced 

phenotype, the growth rate trajectories showed some degree of variability.  For 

example, the strains that comprise the red cluster in Figure 4.5 show a rapid 

transition to a high final growth rate.  In contrast, the green cluster strains typically 

took longer to transition to a relatively low final growth rate.  The strains that make up 

the blue cluster share properties of the other two as evidenced by the rapid initial 

transition, but rather prolonged climb to generally lower final growth rates compared 

to the red cluster.  Also of note is strain eBOP65 which represents an outlier in that its 

growth rate trajectory is characterized by a unique, almost linear climb to a low final 

growth rate.  While these observations are certainly of note, it does not appear that 

they correlate with the identified sequence mutations acquired over the course of 

adaptive evolution as noted in the next section and further examined in the §4.4. 

4.3.2  Identification of mutations in glpK, rpoB, and rpoC 

 The whole genome re-sequencing results of strains G1, G2, GA, GB, GC, GD, 

and GE3 revealed that the RNAP and glycerol kinase were important loci for 

adaptation to glycerol as evidenced by the independent acquisition of mutations in the 

associated genes.  The rpoB, rpoC, and glpK genes were therefore selected as ideal 

candidate loci to focus on in order to assess whether the initial observations for 

glycerol-adapted strains represent a general strategy for adaptation to this non-

preferred substrate.  
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Figure 4.6 | Mutations identified in 45 glycerol-adapted strains at day 25 of 
laboratory evolution.  Mutations in glpK, rpoB, and rpoC acquired by the 45 glycerol-
adapted strains are tabulated in terms of gene position.  Each strain is listed at far left in 
the first column, mutations in glpK are listed in the first block of columns at left, rpoB 
mutations listed in the center block of columns, and the rpoC mutations are listed in the 
rightmost column block.  The primer used in the sequencing reaction to identify the 
respective mutation is listed in the first column of each locus block.  Blue rectangles 
highlight strains that lack an identified glpK mutation, and the red rectangles show strains 
without an identified rpoB or rpoC mutation.   
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The results from Sanger sequencing of glpK, rpoB, and rpoC in these forty-

five strains following adaptation does indeed indicate that these loci are critically 

important.  As summarized in Figure 4.6, mutations in glpK as well as rpoB or rpoC 

were acquired in the majority of strains by day 25 of laboratory evolution.  A total of 

19 unique mutations at 16 loci were identified in glpK, 2 mutations were found in 

rpoB, and 4 mutations were located in rpoC. 

Figure 4.7 shows the co-occurrence in each of the 45 evolved strains of 

mutations identified in glpK and rpoB or rpoC.  The majority of identified mutations 

are SNPs, although only indels were found in rpoC and a small duplication (gene 

position 191-193) was observed in glpK for one strain.  All mutations were 

nonsynonymous or, in the case of the duplication, result in an in-frame amino acid 

addition.  Gene position 218 was by far the most targeted mutation site in glpK (17 

Figure 4.7 | Co-occurrence of glpK and rpoBC mutations in the 45 glycerol-adapted 
strains.  This two dimensional representation of the identified mutations compiles and 
reports the glpK and rpoBC pairwise genotype for each of the 45 glycerol-adapted strains.  
Each column corresponds to the identified glpK mutation noted at top, and each row 
corresponds to the mutation in rpoB or rpoC listed at left.  Mutations are referenced by 
gene position along with the corresponding single nucleotide change in the case of SNP’s 
and the range is listed in the case of the duplication (dup) and deletions (Δ).   The color of 
each element in the heatmap (scale at right) indicates the number of strains with the 
corresponding pairwise genotype. 
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strains), whereas the 3611-3619 deletion in rpoC was the dominant RNAP 

mutationidentified in the RNAP genes (31 strains).  Furthermore, most strains 

harbored mutations in both glpK and rpoB or rpoC with the predominant genotype 

being glpKa218c/rpoCΔ3611-3619 (8 strains). 

While most strains acquired mutations at these loci by day 25 of laboratory 

evolution, certain strains lacked identifiable mutations in glpK or rpoBC and some 

lacked mutations at both loci.  In total, glpK mutations were not identified in six 

strains, rpoB or rpoC mutations were not identified in four strains, and four strains 

lacked detectable mutations at either loci.  Following up on this result, a small pilot 

study examined whether this absence reflects cases where different mutations or 

Mutations are listed with respect to gene position. 

Table 4.4 | Detected mutations in colony screen of 
glycerol-adapted strains lacking previously 
identified glpK, rpoB, or rpoC mutations. 
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perhaps epigenetic events are driving adaptation to glycerol, or alternatively whether 

mutations are present in the culture, but have yet to reach fixation.  By screening a 

small number of colonies isolated from the day 25 cultures, mutations in glpK and 

rpoC were detected.  In many cases, multiple mutations in glpK were identified 

indicating that multiple subpopulations remain in competition at day 25 of laboratory 

evolution (Table 4.4).  Based on these initial results, a more extensive study has 

been initiated to continue laboratory evolution of these strains for an additional 20 

days to allow for the dominant subpopulation to overtake the culture (T. Conrad and 

B. Palsson, personal communication). 

4.3.3 RNAP binding profile of glycerol-adapted and RNAP-mutant strains 

RNAP ChIP-chip analysis of the GB glycerol-adapted strain, associated rpoC 

Δ3132-3158 site-directed mutant strain, and wild-type E. coli was conducted in order 

to gain a better understanding of the in vivo effect of this mutation.  Using an antibody 

specific for the β subunit of RNAP, the genome-wide binding profile was determined 

for each of these strains during exponential growth on glycerol-supplemented M9-

minimal medium.  Binding of RNAP was calculated with respect to known promoters 

catalogued by RegulonDB20, as well as all gene starts compiled in the latest E. coli K-

12 annotation21.   

Generally speaking the binding profiles indicate that the GB strain is the 

relative outlier as the site-directed mutant and wild-type strains were more similar to 

each other than either was to GB.  Furthermore, absolute differential binding between 

samples, for example in which one sample shows robust binding relative to 

undetectable levels in another, is relatively rare.  Rather, most loci exhibited 

differential binding by way of modulation where the same target is bound but at 
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different relative levels among the samples.  To further analyze these cases, ANOVA 

followed by a Tukey’s post-hoc tests was used to identify statistically significant 

differences in the respective binding profiles at specific loci (Figure 4.8A).   Nearly 

Figure 4.8 | RNAP ChIP-chip analysis of glycerol-adapted strain GB, rpoC Δ3132-
3158 site-directed mutant strain, and wild-type E. coli.  This figure summarizes the 
genome-wide RNAP binding profile for glycerol-adapted strain GB, the corresponding rpoC 
Δ3132-3158 site-directed mutant strain (KI), and wild-type (WT) E. coli during exponential 
phase growth on glycerol-supplemented M9-minimal medium. A | This pie chart 
summarizes the statistical analysis of gene start RNAP-binding by partitioning the data 
based upon the Tukey’s post-hoc test results following ANOVA.  Each class is defined 
using a 3 digit binary code based upon observed differential binding.  For example, as 
indicated in the key at bottom left, the ’110’ class showed differential binding between GB 
and site directed mutant as well as between GB and wild-type, but not between the site-
directed mutant and wild-type.  Classes corresponding to adaptation related changes (‘111’ 
and (‘110’) as well as those likely due to the rpoC deletion (‘011’) are highlighted. .The 
class denoted as ‘NA’ were excluded from further analysis due to negative log2 ratios (see 
§4.2.5) for all samples, indicating lack of RNAP binding. B | The binding profile at the ilvC 
locus is shown for all samples as an example of a case where strain GB exhibited robust 
binding, whereas the site-directed mutant and wild-type did not.  C | The binding profile 
throughout the hisL operon is shown and provides an example of a likely rpoC mutation-
specific effect as all samples exhibit robust binding at the promoter (at left) but only wild-
type shows binding throughout the remainder of the operon.  For panels B and C, log2 ratio 
(L2R) traces averaged across replicates are shown with respect to genome position. Blue 
dots correspond to translational start sites on the positive strand whereas red dots 
correspond to negative strand ATG sites.   
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1600 of the 4485 loci examined showed negative log2 ratios near the translational 

start site across all samples, indicating a lack of RNAP binding, and thus were 

excluded from further analysis.  An additional 806 loci exhibited no differential 

expression across samples.   As such, these loci were not considered in further 

analyses. 

Several of the remaining cases are of primary interest and serve as the focus 

for further analysis.  Two classes in particular stand out as being directly indicative of 

adaptation related changes. These classes, designated ‘111’ and ‘110’ (Figure 4.8A), 

include those loci differentially expressed between all samples and cases in which 

GB is differentially expressed to wild-type as well as the site directed mutant, 

respectively.  A combined analysis of these two classes reveals two striking albeit 

related themes.  This subset of differentially expressed loci are enriched for stable 

RNA species and associated proteins (88/170 members of the Translational, 

ribosomal structure and biogenesis class from COG, p < 1E-10, Fisher’s exact test).  

This striking observation may in large part stem from enhanced fis activity that likely 

accompanies the higher growth rate in this strain.  Indeed, in an analysis of the target 

genes for this nucleoid binding protein, which also has known gene regulatory 

properties, 96 of 156 known targets were found in this adaptation-related subset (p < 

1E-18, Fisher’s exact test).  Further supporting this notion is the elevated RNAP-

binding at fis in strain GB relative to the other samples, in addition to the more than 3-

fold upregulation in fis gene expression relative to wild-type previously observed in 

this strain10.  Additionally, although to a lesser extent, cell cycle control and cell 

division associated genes are also enriched in this set (14/34 of Cell cycle control, 

cell division, chromosome portioning COG class genes, p < 0.05, Fisher’s exact test).  
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Taken together, these observations likely reflect changes associated with the higher 

growth rates achieved by GB relative to the site directed mutant and wild-type strains. 

The genes in class ‘011’ from this analysis are also of fundamental interest 

since they likely represent direct rpoC mutation effects.  Genes in this class exhibit 

similar RNAP binding between strain GB and rpoC mutant strains, whereas both of 

these strains show differential RNAP binding relative to wild-type.  While enrichment 

analysis does not yield the same sort of obvious themes as previously described for 

the adaptation-related classes, some interesting observations can be made.  One 

striking finding is that hns, which encodes the heat-stable nucleoid structuring protein 

(H-NS), exhibits increased RNAP binding in strain GB and the site directed mutant 

relative to wild-type. H-NS is an abundant protein known to bind a broad range of 

targets across the chromosome, thus playing a role in defining its topology, and is 

generally associated with transcriptional repression27.  This feature likely explains the 

decreased binding at several stress response-associated genes, such as the gad and 

hde operons which are known to by repressed by H-NS18.  In addition to the general 

repressive behavior, however, this protein has also been associated with the 

activation of stringently controlled promoters28, a property that will be discussed 

further in §4.4 and §6.2.      

A related finding notes that several genes known to be sensitive to guanosine 

tetraphosphate (ppGpp) levels are found in this set.  As discussed further in §4.4 and 

§6.2, the so-called alarmone ppGpp mediates the stringent response29 associated 

with amino acid starvation binds RNAP in concert with DksA30,31, thus dictating a 

broad transcriptional program.  Notably, the hisL and argT operons, which are 

induced and repressed by ppGpp32, respectively, exhibit binding patterns consistent 
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with low ppGpp levels.  For example, the hisL operon shows high levels of binding at 

the promoter, similar to wild-type, but a general lack of binding throughout the 

remainder of the operon (Figure 4.8C).  In contrast, all members of the argT operon 

exhibit enhanced RNAP binding.  It should be noted, however, that certain other 

canonical ppGpp-associated loci, notably livJ which is induced by ppGpp, don’t fit this 

pattern.  RNAP-binding is elevated at this locus, which encodes a branched chain 

amino acid transporter subunit, which is a binding profile consistent with elevated 

ppGpp levels.  Further work is therefore required to resolve this apparent 

discrepancy, but it is nonetheless noteworthy that a ppGpp-related mechanism may 

be at work in these mutated RNAP subunits.      

The RNAP ChIP-chip data were also analyzed with respect to known 

promoters as catalogued by RegulonDB20.  A total of fifty-eight promoters showed 

RNAP binding profiles likely to be mutation related using the previously described 

criteria for class ‘011’.  Aside from a higher prevalence of adenosine as the initiating 

nucleotide (40% promoters contained an ‘A’ transcriptional start nucleotide), no 

obvious binding features were identified in these promoters.  For example, 

BioProspector33, a Gibbs sampling-based motif finder, did not report particularly 

strong or unique TATA-binding sequence features in these promoters. 

4.3.4  The RNAP mutants significantly impact in vitro kinetics 

 To begin to assess the mechanistic effect of each RNAP mutant, an in vitro 

study of their respective impact on transcriptional pausing was conducted.  Each 

mutant allele identified in this study in addition to the GD rpoB mutant identified 

previously3 was cloned, the mutant RNAP protein complex purified, and pause 

escape half-life assessed using the canonical class I his leader hairpin pause site22-24.  
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Five of the seven alleles tested (2 of 3 rpoB mutants and 3 of 4 rpoC mutants) 

exhibited a decreased pause half-life relative to the wild-type polymerase (Figure 

4.9).  The decrease ranged from a striking 15-fold decrease in pausing (rpoC Δ3132-

3157 and rpoC  Δ3611-3619) to a less robust nearly two-fold reduction (rpoB 1576 

c>t). 

 Interestingly two mutants (rpoB 1921 g>a and rpoC Δ3120-3143) exhibit an 

increase in transcriptional pausing.  This disparity may reflect that the identified 

mutations may confer a growth advantage in different manners.  When introduced 

individually into the wild-type progenitor strain, each RNAP mutant confers a range of 

Figure 4.9 | Pause escape half-life and growth rate contribution of RNAP mutants.  
Pause escape half-life and growth rate (mean ±SD) of each RNAP mutant identified in this 
study are shown relative to wild-type.  Accordingly, values greater than one indicate 
increases relative to wild-type and values less than one reflect relative decreases.  The 
rpoB mutants (RNAP β subunit) are listed at top and rpoC mutants (RNAP β′ subunit) are 
shown at bottom.  Mutations are listed along the vertical axis by gene (amino acid) 
position. Deletions are designated by Δ.  Note that the rpoB 1685 a>t mutant growth rate 
data are reproduced from Herring et al.3.
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growth rate increases from just over 22% over wild-type by rpoB 1576 c>t to just over 

62% in rpoC Δ3132-3158 (Figure 4.9).  Given the variation in the growth rate data in 

addition to the pause halflife data, it seems likely that some of these mutations may 

be acting on different properties of the RNAP, each of which contributes to increased 

growth rate.  Nonetheless, these data show that the identified mutations have direct 

and significant mechanistic effects on RNAP. 

4.4 Discussion 

Significant insight regarding how E. coli adapts to growth on glycerol can be 

drawn from this study.  First, a remarkable degree of parallelism was observed in the 

45 strains adapted to growth on glycerol in terms of the repeated targeting of RNAP 

subunits and glpK.  Furthermore, a few mutations, notably at gene position 218 in 

glpK and also in the rpoC Δ3611-3619, were identified in many strains.  These 

findings firmly establish these two loci as the primary adaptive target for this 

environmental perturbation.  It should be noted, however, that this degree of 

parallelism, particularly with regard to the rpoC Δ3611-3619 mutation, makes it 

impossible to draw meaningful correlations between the mutations (Figure 4.6) and 

the adaptive growth rate trajectories (Figure 4.5). 

In addition to observing mutations in glpK previously identified in laboratory 

evolution experiments3 (§4.1.1), at gene positions 218 and 816 for example, a variety 

of other mutations were acquired with a reasonably broad distribution over the first 

1kb of the gene (Figure 4.4).  The proximity of most of these mutations to previously 

characterized mutants suggests that similar effects on enzyme kinetics are at work, 

for example by conferring relief of FBP-mediated allosteric inhibition, by relieving 

EIIAGlc-mediated inhibition, or by directly interfering with inhibitory tetramer 
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formation34-36.  Certain targeted regions, however, are not as well characterized.  In 

particular, gene positions 55 and 816 are repeatedly targeted but their respective 

roles for glpK activity remain uncharacterized.  Determining the crystal structure for 

these mutations in addition to those located at 518 and 541, as was recently done for 

the 692 g>a mutation in strain G134, would be particularly interesting to help round out 

our knowledge of this protein’s regulatory and possibly kinetic properties. 

The ChIP-chip results (§4.3.3) represent the first investigation of its kind in 

laboratory evolution strains and highlight the utility of this technique in discriminating 

between adaptive and specific mutation effects by studying the laboratory adapted 

strain alongside the associated single site-directed regulatory mutant.  Since global 

regulatory adjustments seem to be a common emerging theme from these laboratory 

evolutions, a topic discussed at length in §6.2, this approach, perhaps coupled with 

appropriate transcriptional profiling efforts, may prove critical to understanding the 

precise role played by the identified mutations in various regulatory factors.  

Additionally, the ChIP-chip data described herein for the rpoC Δ3132-3158 mutant 

seems to indicate possible ppGpp-resistant properties as evidenced by similar 

binding profiles of glycerol-adapted and RNAP-site directed mutant relative to wild 

type at certain stringent response associated loci.  The observed enhanced RNAP 

occupancy at hns, and resulting increase in expression10 and protein levels, could 

enhance expression of ppGpp-dependent promoters28, thus enabling production of 

enzymes required for minimal medium growth even in the presence of a ppGpp-

resistant RNAP.  Furthermore, the increased RNAP binding at the fis locus in addition 

to its transcriptional upregulation10 in strain GB could further increase growth rate by 

disrupting negative influences of H-NS at stable RNA-associated promoters27. 
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It should be noted that this adaptive strategy that would allow rapid growth in 

minimal conditions with a relatively poor carbon source may not hold for all RNAP 

mutants.  For example, one could also envision the circumstance where the mutant 

Figure 4.10 | Visualization of the identified rpoC deletions in gene sequence and 
protein structure space. A | This schematic shows the location of the rpoC mutations 
identified in this study, with rpoC domains subdivided according to Severinov2.  The 
specific sequence changes are detailed in the expanded regions with the wild-type 
sequence listed on top and the deleted region highlighted in red.  The green region 
highlighted for Δ3120-3143 indicates that the deletion results in an amino acid change in 
addition to deletion of 8 amino acids, whereas the remaining deletions result in perfect 
excision of  9, 9, and 3 amino acids, respectively. B | The four rpoC deletions (highlighted 
in red text) are mapped to the corresponding region of this elongation complex model of 
RNAP.  The rpoC 3611-3619 deletion falls within the jaw domain and the other three 
overlapping deletions fall within the SI3 domain.  C | This structural model provides a 
rotated view of the same image as in B.   (Protein structure images are based on the T. 
aquaticus structure and provided courtesy of R. Landick). 
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RNAP behaves as if constituitively mediating a stringent response, as has been 

previously observed37, thus facilitating higher expression of amino acid biosynthetic 

genes for example.  By doing so, however, a concomitant decrease in stable RNA 

species that is characteristic of the stringent response29 would result in lower growth 

rates.  These reduced levels in tRNA and rRNA expression from a stringent RNAP 

could be similarly compensated for, however, by upregulation of fis which, as noted 

previously.  The end result of this strategy would similarly allow the organism to grow 

fast even under limiting conditions. 

Indeed, the results from the in vitro RNAP pausing assay indicate that the 

observed mutations may impact the polymerase in different manners.  As previously 

noted, most RNAP mutants exhibited reduced pausing relative to wild-type.  

Interestingly, however, two RNAP mutants (rpoB 1921 g>a and rpoC Δ3120-3143) 

exhibit increased pausing.  With respect to the latter mutation in rpoC, this finding is 

quite surprising given that it overlaps with two other deletions in that region, both of 

which show an opposite effect in decreased pausing. As indicated in Figure 4.10A, 

however, this 24 bp deletion results in the insertion of an isoleucine in this region in 

addition to an eight amino acid deletion, whereas the other rpoC deletions result in 

perfect excisions.  It seems plausible that this added amino acid could introduce a 

conformational change of some kind that may subsequently alter its relative behavior 

in this in vitro assay, and conceivably may result in altered in vivo behavior. 

Similarly, differences in pausing observed for rpoB 1921 g>a relative to the 

other two rpoB mutations may stem from their differential localization on the subunit 

and thus potential differential effects on its molecular properties.  Over the years 

many mutations in rpoB and rpoC have been catalogued38.  Many of these mutants 
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were identified in screens for antibiotic resistance as rpoB, in particular, is one of the 

hallmark targets for mutations that confer resistance to rifampicin, for example.  

Indeed, one of the mutations isolated in this study, specifically the 1576 c>t rpoB 

mutant, has been previously isolated and is known to confer both sorangicin and 

rifampicin resistance39.  Furthermore, the 1685 a>t mutation also falls within a region 

of the protein associated with rifampicin resistance.  Both of these mutations are 

found in the RNA-product binding pocket, and the former has been shown to have 

reduced transcriptional termination40 properties, whereas mutation of a neighboring 

amino acid in the latter case has been shown to exhibit constitutive stringent behavior 

in vitro37.  The rpoB 1921 g>a mutation falls in a domain outside of this region in 

between rifampicin resistance domains, however, that is generally less well 

described. 

Also notable in the in vitro pausing results is the similar and dramatic 15-fold 

reduction in pausing relative to wild-type for the rpoC Δ3132-3158 and Δ3611-3619 

mutants.  The former mutation is found in the lineage specific sequence insertion 

sequence known as SI-3, whereas the latter deletion is located in the jaw domain.  

While these mutations are relatively distant in terms of their gene location, protein 

structure models reveal that they are found in reasonably close proximity (Figure 

4.10).  Furthermore, both of these regions are known to form distal contacts with the 

downstream DNA duplex and play key roles in mediating all three stages (initiation, 

elongation, and termination) of transcription24.  Taken together, these data suggest an 

interaction between these regions, and when mutated individually, confer similar 

effects on RNAP properties.  It is also worth noting that mutations in rpoB have been 

shown to rescue defects in a naturally isolated jaw domain deletion suggesting that 
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some or all of the rpoB mutations identified in this study may also interact with these 

domains24.  Accordingly, determining the effects of the identified rpoB and rpoC 

mutations on additional RNAP properties, such as elongation rate, ability to form 

stable open complexes, and termination24,41 will help address this hypothesis. 

In summary, this study adds several important pieces of information regarding 

E. coli adaptation to growth on glycerol-supplemented minimal medium.  The targeted 

re-sequencing of forty-five additional glycerol-adapted strains firmly establishes glpK 

and RNAP as the critical players in adaptation in this environment.  Furthermore, the 

detailed analyses of the RNAP mutations are allowing us to better formulate a 

rationale for its role in these laboratory evolution experiments.  The ChIP-chip data 

strongly suggests that interacting factors such as ppGpp, Fis, and H-NS all play major 

roles in addition to the identified mutations in glpK and RNAP subunits.  Furthermore, 

the in vitro pausing data clearly show that these mutations significantly impact RNAP 

kinetic properties.  Despite these observations and the insight that they provide, 

significant inconsistencies remain to be resolved.  Perhaps the key question to be 

addressed in future work involves determing whether or not the RNAP pausing 

results indicate that multiple adaptive strategies are adopted despite mutations in 

identical genes.  In vitro assays testing the mutation effects on other properties of 

RNAP, in addition to ChIP-chip and possibly associated transcriptional profiling using 

the other site-directed mutants will help in this regard.  The latter analyses will also 

help better resolve the other interacting factors at work in conjunction with these 

mutations.  Furthermore, tracing ppGpp levels over time during a standard growth 

phase using HPLC based methods would help more clearly establish this small 

molecule’s role in adapting laboratory evolution cultures.  These added pieces of 
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information will certainly help fill in our knowledge gaps regarding this adaptive 

process and bring us closer to deducing an overarching model for how E. coli adapts 

to environmental perturbation. 

Chapter 4, in part or in full, is a reproduction of the material as it appears in 

Joyce AR, Zhang J, Maggay A, Cho BK, Knight EM, Patel T, Herring CD, Landick R, 

and Palsson BO.  Identification and characterization of E. coli RNA polymerase 

mutants that drive adaptation to growth on glycerol, In preparation (2007).  The 

dissertation author is the lead author on this manuscript and the co-authors assisted 

in performing experiments and supervising the project.  
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Chapter 5 

Adaptation to Lactate: Elucidating the Strategy  

 As noted in the previous chapter, a genome-scale model of E. coli3-5 predicts 

the growth capabilities of the organism under many environmental conditions quite 

well.  For certain growth substrates, however, the model performs poorly initially, and 

only after the organism is adapted to the condition using laboratory evolution do 

model predictions agree with observed growth characteristics measured in the 

laboratory6,7.  The previous chapter explores in great detail the significant knowledge 

gained toward understanding adaptation to one such substrate, namely glycerol.  This 

chapter focuses on another maladaptive growth substrate, L-lactate, and delineates 

recent work toward identifying underlying molecular changes with the goal of 

understanding adaptation to this very different carbon source.  Prior to describing the 

new work recently conducted toward this end, a brief introduction to previously 

conducted research on L-lactate adaptation is presented.    

5.1 Laboratory evolution of E. coli on L-lactate 

 When provided in minimal medium as the sole carbon source for E. coli, L-

lactate enters the cell and is converted directly to pyruvate.  This key metabolite is 

then converted to phosphoenolpyruvate to be used in gluconeogenic as well as 

anapleurotic pathways, and is also used as the entry point to the TCA cycle to meet 

the energy demands of the cell.  When compared to model predictions, however, 

experimental data show that wild-type E. coli does not utilize this substrate optimally; 

that is, L-lactate is not maximally converted to biomass.  Instead, when grown at 
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37°C, oxygen uptake exceeded the level necessary for optimal carbon to biomass 

conversion, thus leading to futile cycles that consume resources without biomass or 

energy gain, ultimately leading to suboptimal growth rates.  When grown at 30°C, a 

slightly different suboptimal growth profile is observed in which substrate uptake 

exceeds oxygen uptake to the point where partial anaerobic growth and acetate 

secretion is observed6. 

 As was noted for growth on glycerol, however, through prolonged exponential 

growth on L-lactate-supplemented minimal medium through laboratory evolution by 

serial passage (Figure 4.3), substantial increases in growth rate were obtained.  One 

strain adapted to L-lactate at 37°C achieved an 84% increase in growth rate and two 

additional strains adapted at 30°C achieved over 130% increases6.  Furthermore, five 

subsequently generated strains, named LA, LB, LC, LD, and LE, subjected to 60 days 

(~1000 generations) of laboratory evolution in parallel from the same starting 

Figure 5.1 | Growth trajectories of L-lactate-adapted strains.  These plots provide two 
alternative perspectives of L-lactate adaptation over 60 days of laboratory evolution by 
strains LA, LB, LC, LD, and LE.  A | The change in growth rate (smoothed data from daily 
measurements) over time are plotted.  B | This three dimensional “fitness landscape” 
shows the adaptive changes in oxygen uptake (OUR), substrate uptake (SUR), and growth 
rates relative to the progenitor wild-type (WT) strain.  Intermediate points are 
measurements taken at day 20 and end-points are from day 60 of laboratory evolution.  
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progenitor wild-type strain made similar gains8 (Figure 5.1). 

 After generating several of these L-lactate-adapted strains, and thus 

establishing the phenotypic reproducibility of the process, attention turned to 

characterizing the changes that take place during laboratory evolution on this 

substrate.  Initial characterization efforts involved studies that examined growth 

properties on alternative non-evolutionary substrates such as the TCA intermediates 

α-ketoglutarate, malate, and succinate, the C2- and C3- acids acetate and pyruvate, 

respectively, as well as sugars like glucose and ribose6,8.  Generally speaking, the L-

lactate-adapted strains grew quite well on these substrates with respect to wild-type.  

With the exception of ribose in which a high degree of variability was observed, 2-fold 

to 4-fold increases in growth rate were typical for all substrates.  The largest 

increases correspond to growth on TCA cycle intermediate as well as C2- and C3-

acid-supplemented minimal medium, perhaps reflecting the metabolic network 

adjustment to gluconeogenic and anapleurotic pathways required for growth on L-

lactate likely to be beneficial for growth on these other substrates as well. 

 Recent work has shifted focus from these external measurements to internal 

assessments of systemic changes associated with adaptation to L-lactate.  13C-

tracing experiments were used to infer the internal flux state of the cell during 

adaptation9.  A general increase in already active central pathways was observed, 

rather than for example, a major flux re-distribution.  Other notable features include a 

general increase in L-lactate uptake and decrease in overflow secretion products, 

indicative of increased growth efficiency during adaptation.   

Another study used transcriptional profiling (also described in §4.1.2 with 

respect to the glycerol-adapted strains) to globally assess changes in gene 
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expression during adaptation.  A coarse grained analysis of expression over time was 

conducted by measuring genome-wide expression levels at day 1, 20, and the day 60 

endpoint of evolution in each of the seven previously described strains (named L2, 

L3, LA, LB, LC, LD, and LE) generated at 30°C.  As observed for the glycerol-

adapted strain, the expression timecourse is characterized by a widepsread initial 

change in the transcriptome (756 differentially expressed genes), followed by a 

dramatic reduction in differential expression at day 20 and day 60 (194 and 323 

genes, respectively).  Furthermore, a striking lack of consistency in differential 

expression was observed in the L-lactate-adapted strains with only two genes in 

common across at least six of the seven profiled strains. 

Some interesting observations can also be made by comparing the former 

carbon-tracing flux experiment to the latter gene expression results.  For example, as 

expected genes involved in L-lactate uptake and conversion to pyruvate are 

upregulated in agreement with the corresponding flux measurements9.  A surprising 

disparity was observed in genes surrounding the phosphoenolpyruvate (PEP)-

pyruvate-oxaloactetate (OAA) nodes of the metabolic network, however.  For 

example, the flux tracing experiments suggest that PEP is generated by conversion of 

OAA.  In contrast the gene expression data indicate that pyruvate phosphorylation by 

phosphoenolpyruvate synthase, encoded by ppsA, one of the two genes consistently 

upregulated across all adapted strains, is the primary mode of PEP synthesis. 

In order to help resolve the discrepancy between these data sets and to 

further identify the molecular changes and underlying changes that confer a selective 

advantage for growth on L-lactate supplemented minimal medium, whole genome 

resequencing was performed on five of these strains.  The remainder of this chapter 



144 

 
 

describes the whole genome resequencing data of strains LA, LB, LC, LD, and LE 

using Nimblegen CGS10.  In addition, a detailed analysis of the mutants and their 

effect on growth rate is presented.  Finally, the potential mechanistic consequences 

of certain mutations are also explored.      

5.2 Materials and methods 

5.2.1 Whole Genome Re-sequencing 

 Whole genome re-sequencing for L-lactate-adapted strains LA, LB, LC, LD, 

and LE8 was conducted using the Nimblegen Comparative Genome Sequencing 

(CGS)10 approach with wild-type E. coli K-12 MG1655 (ATCC #47076) as the 

reference strain.  Genomic DNA was isolated from single clones of each strain as 

described below.  Overnight precultures of LA, LB, LC, LD, and LE as well as the 

wild-type strain were grown at 30°C on L-lactate-supplemented (2 g/L) M9-minimal 

liquid medium.  Diluted culture was then spread on L-lactate-supplemented M9-

minimal medium agar plates and grown overnight at 30°C.  A single colony was 

selected for each strain and grown in 100 mL L-lactate-supplemented M9-minimal 

medium to mid-log phase growth (A600≈0.5) at 30°C.  Cells were harvested from 

between 5 and 8 1.5 mL aliquots of culture by centrifugation for 10 minutes at 7500 

rpm.  Genomic DNA was isolated from each aliquot of cells using the DNeasy Tissue 

kit (Qiagen) following the recommended protocol for gram-negative bacteria.  

Samples were assayed for quantity and quality by spectrophotometry (Biomate3, 

Thermo) using A260 and A280 readings. 

 Genomic DNA samples were then concentrated prior to shipment to 

Nimblegen by ethanol/sodium acetate (EtOH/NaOAc) precipitation.  Genomic DNA 
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aliquots for each strain were pooled and 1/10th volume of cold 3M NaOAc as well as 2 

volumes of cold 100% EtOH was added prior to an overnight incubation at -20°C.  

Pooled samples were then centrifuged at 4°C for 15 minutes at 10,000 rpm.  After 

removal of the supernatant, 200 μL of 70% cold EtOH was added and samples were 

centrifuged again at 4°C for 5 minutes at 10,000 rpm.  The supernatant was again 

removed by pipette and samples thoroughly dried by an uncapped incubation at 37°C 

for 20 minutes.  Samples were resuspended in TE buffer pH 8.0 to a final 

concentration of ≥1 μg/μL, checked for purity using A260/A280 spectrophotometric 

readings, and provided to Nimblegen for whole genome re-sequencing by CGS.  The 

complete detailed results from this analysis are presented in Appendix A (Figure 

A.1). 

5.2.2 Mutation confirmation 

 Each putative mutation identified by Nimblegen CGS was verified by Sanger 

sequencing.  Putative mutant alleles were amplified by PCR from genomic DNA 

isolated from LA, LB, LC, LD, and LE using primers flanking the SNP.  Wild-type PCR 

fragments were also generated and sequenced to confirm that the mutation does not 

simply reflect a difference between the reference sequence used by Nimblegen and 

the wild-type strain used in this study (E. coli K-12 MG1655 ATCC #47076).  PCR 

products were visualized on a 1% agarose gel to confirm unique product amplification 

and each sample was purified prior to sequencing using the QIAquick PCR 

Purification kit (Qiagen).  Primers were designed using Primer311 and sequence 

traces were visualized and aligned with respect to reference sequences downloaded 

from EcoCyc1  using ChromasPro (Technelysium). 
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5.2.3 Site directed mutagenesis 

 Verified mutations were introduced into the wild-type E.coli K-12 MG1655 

strain using a site directed mutagenesis technique known as “gene gorging”12.  The 

mutant allele was isolated from the associated evolved strain by PCR using Pfu Ultra 

DNA polymerase (Stratagene) and primers approximately 500 bp on either side of 

each mutation with the 18 bp I-SceI recognition sequence appended to each primer. 

Blunt ended PCR products carrying the mutant allele were then cloned into the pCR-

BluntII-Topo vector (Invitrogen).  Prior to transformation, each mutation and the 

proper incorporation of the I-SceI recognition sequences were verified by Sanger 

sequencing directly from the plasmid. 

 Mutant allele plasmids (Appendix B, Table B.2) were then co-transformed 

with pACBSR12 into the wild type strain using transformation and storage solution 

(TSS) (Epicentre) according to manufacturer recommendations.  On the following 

day, a single colony representing a successful double transformant was selected from 

the chloramphenicol/kanamycin (cam/kan) plate and suspended in rich defined 

medium (RDM) (Teknova).  The lambda (λ) red recombinase and I-SceI homing 

endonuclease, both encoded on pACBSR, were induced with arabinose (2 g/L).  After 

1 h of shaking incubation at 37°C, chloramphenicol was added to a final 

concentration of 25 μg/mL. Following an additional 7-12 h shaking incubation at 37°C, 

cells were diluted in 1 mL RDM and 100 μL each was plated on LB, LB-cam (25 

μg/mL), LB-kan (50 μg/mL), and LB-cam/kan (25 μg/mL and 50 μg/mL, respectively) 

solid medium and grown overnight at 37°C.  The LB-kan and LB-cam/kan plates 

represent controls for loss of the mutant allele plasmid, which harbors a kanamycin 
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resistance gene that should be cut by I-SceI leaving at least 100-fold less colonies 

with respect to the LB and LB-cam plates in the event of successful induction. 

 For each mutation, 24-144 colonies were screened for the mutant allele by 

PCR amplifying a fragment adjacent and outside those used for cloning the mutant 

allele to avoid amplification of any remaining plasmid DNA.  PCR products generated 

using the ExTaq DNA polymerase (Takara) were subsequently used in restriction 

enzyme length polymorphism (RFLP) assays or subjected to Sanger sequencing 

directly to identify clones that harbor the desired adaptive mutation (Table 5.1).  

^Mutations are listed with respect to gene position; †Fragments 
are listed with respect to gene position with negative numbers 
reflecting distance to ATG; ‡Sanger indicates mutations 
screened for by direct sequencing, otherwise the RFLP restriction 
enzyme is listed; *These mutants were not isolated due to 
refractory cloning (acpP, hfq) or repeated failure to detect the 
mutant (hepA). 

Table 5.1 | Colony screening strategy for identifying site-
directed mutants. 
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Screened colonies were saved for further isolation and analysis by patching on LB 

and LB-cam plates.  After screening, a positive clone carrying the mutant allele was 

selected from the patch plates and struck on an LB plate for the selection of single 

colonies.  The mutagenesis plasmid pACBSR was cured by serial plating followed by 

colony patching on LB and LB-cam plates.  Plasmid-free clones were identified simply 

by observing loss of cam resistance (i.e. lack of growth on LB-cam patch plate).  One 

to three rounds of serial plating was typically required for each mutant.  Positive 

mutants were struck on LB and a single colony was chosen to establish the mutant 

strain by growth on LB liquid medium, and storage in glycerol at -80°C (Appendix B, 

Table B.1).  Multiple mutant strains were constructed by repeating the gene gorging 

procedure starting with the appropriate mutant strain instead of wild-type.  It should 

be noted that the order in which mutations are introduced may be important.  In this 

study, the relA mutation, in particular, needed to be added last as induction of the λ 

red recombinase and I-SceI failed for unknown reasons in strains harboring this 

mutation.  It is unknown whether this finding is due to an interaction effect (it was only 

observed in the ppsA, relA double site directed mutant strain), or if this is a rare 

isolated incident and not indicative of a more pervasive phenomenon.  Mutations in 

each of the final strains were verified by PCR amplification and Sanger sequencing.  

All sequence traces were visualized and aligned with respect to reference sequences 

downloaded from EcoCyc using ChromasPro (Technelysium). 

 We were not able to isolate three mutants (acpP, hepA, and hfq).  The acpP 

and hfq alleles were both refractory to cloning.  While Pfu-based amplification, the 

standard approach used successfully for the remainder of mutants, failed for these 

alleles, proper PCR amplification was achieved using the Pico Maxx DNA polymerase 
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(Stratagene) with the mutations confirmed by Sanger sequencing.  TOPO TA cloning 

(Invitrogen), however, failed to isolate the correct mutant allele despite various 

troubleshooting attempts including extending the duration of the ligation step from 5 

to 30 minutes.  In the case of the hepA mutant, repeated attempts (more than 200 

colonies were screened) at isolating the mutant strain simply failed despite successful 

cloning of the allele and induction of λ red recombinase and I-SceI.     

5.2.4 Growth rate measurements of site directed mutants 

 Growth rates were measured for each of the site directed mutants in order to 

assess their respective contribution to the elevated growth rate observed in the L-

lactate adapted strains.  Frozen stocks were used to directly inoculate approximately 

100 mL of L-lactate-supplemented (2 g/L) M9-minimal liquid medium.  These 

precultures were stirred at approximately 1300 rpm in 250 mL Erlenmeyer flasks at 

30°C overnight.  Dense precultures were then diluted into fresh pre-warmed L-lactate 

M9-minimal medium for a starting optical density (OD) of A600≈0.04.  A final culture 

volume of 250 mL was stirred at 1300 rpm using a 6.3 cm Teflon stir bar in a 30°C 

water bath.  Samples were removed every 15-30 minutes to monitor the OD (A600, 

Thermo Spectronic Biomate3) change over time for subsequent growth rate 

calculations.  Semi-log plots of the data over time (ln(OD) vs. time) were used to 

identify the exponential phase of growth, using the r2 value of the data to regression 

line as a guide, and growth rates were calculated by determining the slope of the 

linear region of the semi-log plot using only OD values less than 0.3.  At least 

triplicate measurements were made for each site-directed mutant strain. 

 Interestingly, the kdtA single site-directed mutant strain failed to grow on L-

lactate-supplemented M9-minimal medium.  To further examine the impaired growth 
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ability on L-lactate-supplemented minimal medium of the kdtA site directed mutant 

strain, a simple medium supplementation experiment was conducted.  RDM 

(Teknova) components were added individually and in combination to small 3 mL 

cultures of the mutant strain started from cells washed twice with PBS following an 

overnight LB culture.  The requirement for amino acid supplementation was assessed 

by adding EZ supplement to L-lactate-supplemented M9 and MOPS minimal medium.  

Similarly, the requirement for nucleotide supplementation was tested by addition of 

ACGU solution to L-lactate-supplemented M9 and MOPS minimal medium.  Growth 

on these various media was assessed visually following a 24 hour incubation at 30°C.     

5.2.5 Quantitative RT-PCR measurement of ppsA gene expression 

 Real-time RT-PCR was used to assess the effect of the ppsA mutations 

identified in strains LD and LE on transcription levels by quantifying the ppsA gene 

expression levels in each of the evolved strains (LA, LB, LC, LD, and LE), a wild-type 

E. coli K-12 MG1655 control strain, as well as the ppsA site directed mutants.  Total 

RNA was isolated for each of the eight strains from cells harvested during mid-log 

phase growth (A600≈0.5) on L-lactate-supplemented (2 g/L) M9-minimal liquid 

medium.  Triplicate RNA samples (biological replicates) were stabilized using 

RNAProtect Bacterial Reagent (Qiagen) and isolated using the RNeasy mini kit 

(Qiagen) according to manufacturer recommendations.  Total RNA quality was 

assessed by visualization on a 1% agarose gel and A260/A280 spectrophotometric 

analysis (Biomate3, Thermo).   

Synthesis of cDNA was performed using SuperScript III (Invitrogen) 

essentially following the manufacturer instructions with the following modifications: 8 

μL 25 mM MgCl2 and 40 U SUPERase-In RNase inhibitor (Ambion) were including in 
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the cDNA synthesis reaction using 10 μg total RNA as template with a reaction cycle 

of 10 minutes at 25°C, 1 hour at 50°C, and 15 minutes at 70°C.  RNA was then 

removed by 20 minute incubation at 37°C with 2 U RNase H (Invitrogen).  Samples 

were subsequently purified using the QIAquick PCR Purification kit (Qiagen). 

 The resulting cDNA samples were used in real-time RT-PCR assays using the 

QuantiTect SYBR Green PCR kit (Qiagen) and iCycler iQ system (Bio-Rad).  Nine 

replicate measurements of ppsA gene expression (three technical replicates for each 

biological replicates) were performed for each strain.  The acyl-carrier protein-

encoding gene acpP was used as a reference for each assay.  A standard curve was 

generated by varying amounts of genomic DNA with fixed primer concentrations and 

used to calculate ppsA primer efficiency.  The reported relative expression levels for 

ppsA were determined by normalizing the average ppsA product to the average acpP 

product quantified from the same cDNA sample. 

5.3 Results 

 This study identifies the genetic basis for adaptation to another environmental 

perturbation, growth on L-lactate-supplemented minimal medium.  Similar to previous 

work that examined adaptation to growth on glycerol-supplemented minimal 

medium13 (§4.1.1), the whole genome re-sequencing results for five strains subjected 

to laboratory evolution in parallel is presented.  The contribution of each identified 

mutation to the observed fitness gains in this environment is described.  Furthermore, 

the specific effects of certain mutations are explored in detail using high throughput 

as well as targeted gene expression studies.   
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5.3.1 Whole genome re-sequencing of L-lactate-adapted strains 

 Whole genome re-sequencing of individual clones after 60 days (~1000 

generations) of laboratory evolution on L-lactate M9-minimal medium was conducted 

for each of five independent populations named LA, LB, LC, LD, and LE.  By 

hybridizing genomic DNA to microarrays using the Nimblegen Comparative Genome 

Sequencing (CGS) strategy with wild-type E. coli K-12 MG1655 (ATCC #47046) as a 

reference, a total of 93 putative single nucleotide polymorphisms (SNPs) were 

reported for the five L-lactate-adapted strains (Table 5.2, complete detailed results in 

Appendix A, Figure A.1). 

 Each putative SNP was checked by PCR amplification and Sanger 

sequencing.  Of the 93 reported SNPs, 14 were verified as representing sequence 

differences between the end-point laboratory evolution strain and the wild-type 

progenitor strain, indicating a fairly high positive rate of 85% that is in line with the 

CGS results from glycerol-adapted strains13.  None of the putative non-coding SNPs 

were confirmed; rather each verified mutation is located within a coding gene.  

Furthermore, none of the putative SNPs attributed to the LB strain were confirmed. 

Table 5.2 | Confirmed and putative SNPs reported by Nimblegen CGS for five 
L-lactate-adapted strains. 

SNPs, single nucleotide polymorphisms. 
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 The remaining strains (LA, LC, LD, and LE) contained between one and six 

verified SNPs acquired during adaptation to growth on L-lactate-supplemented 

minimal medium (Table 5.3).  With the exception of the ppsA mutation identified in 

strain LD, all mutations were nonsynonymous resulting in amino acid changes or, in 

the case of the LD strain hepA mutation, a premature stop codon was introduced 

truncating the protein by 79 amino acids.  The vast majority of mutations occur in 

annotated genes, the exception being yjbM, a putative protein conserved in several 

enterobacteria, found in strain LE. 

Strains LA and LE both acquired independent mutations in the global regulator 

crp.  Interestingly, strain LC acquired a mutation in cyaA which encodes adenylate 

cyclase, the enzyme that catalyzes the reaction producing cyclic AMP (cAMP), the 

small molecule sensed by crp that ultimately dictates its regulatory behavior14.  Two 

*Note that none of the putative mutations for the LB strain were verified. 

Table 5.3 | Confirmed mutations for the five L-lactate adapted strains*. 



154 

 
 

independent mutations in ppsA, encoding phosphoenolpyruvate synthase (PPS) an 

essential gene for growth on lactate and pyruvate15-17, were acquired by strains LD 

and LE.  Strains LD and LE also acquired mutations in relA, a ppGpp synthase, and 

hfq, a small RNA binding protein, respectively.  Both of these proteins play a role in 

the regulation and activity of rpoS, the sigma factor associated with stress response 

and entry into the stationary growth phase18-21. 

Other notable mutations include the rho mutation acquired by strain LD and 

the infC mutation acquired by strain LC, which potentially directly affect transcription 

and translation, respectively. The Rho transcription terminator factor encoded by rho 

is required for the termination of many RNA transcripts22,23, while infC encodes one of 

three translation initiation factors in E. coli and also plays a role in ribosomal 

recycling24.  The hepA mutation in strain LD represents another mutation with 

potential transcriptional effects.  This gene encodes an RNA polymerase (RNAP)-

binding ATPase that enhances RNAP recycling under conditions in which DNA is 

highly supercoiled25,26. 

The remaining annotated genes that harbor mutations are all involved in fatty 

acid metabolism to one degree or another. Strain LD acquired mutations in kdtA, 

which encodes KDO-transferase, an enzyme involved in lipopolysaccharide (LPS) 

synthesis27 as well as atoS, the sensor kinase of the AtoS/AtoC two component 

regulatory system that controls the expression of certain fatty acid catabolism 

genes28,29.  Strain LE harbors a mutation in acpP, encoding the acyl-carrier protein, 

which is a key component in fatty acid synthesis as it transfers fatty acyl 

intermediates among different enzyme active sites30.  Interestingly, a link was recently 

drawn between another mutated gene product identified in this study, acpP, and 
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ppGpp.  Specifically, direct binding of ACP and SpoT, the other ppGpp sythase in E. 

coli, was observed31.  This result indicates that fatty acid synthesis is monitored by 

SpoT and, when inhibited, induces the SpoT-mediated stringent response.  A similar 

direct interaction with RelA was not observed, however, so it remains unclear whether 

or not the relA mutation identified in strain LD might in some way relate to the acpP 

mutation identified in strain LE. 

5.3.2 Analysis of mutation causality 

 In order to evaluate their individual contributions to the increased growth rate 

observed on L-lactate-supplemented M9-minimal medium, each mutation was 

introduced into the wild-type progenitor strain using the “gene gorging”12 site directed 

mutagenesis technique.  Eleven of the fourteen mutations (acpP, hepA, and hfq were 

not isolated, see §5.2.3 for details) were introduced into wild-type individually and in 

combination to reconstruct the associated L-lactate-adapted strain (Appendix B, 

Table B.1).  Growth rates of each site-directed mutant, L-lactate-adapted, and wild-

type were then determined in order to derive the mutation contribution to the 

observed fitness gain (Figure 5.2). 

 Several interesting observations can be made from these data.  First, none of 

the site-directed mutants, even those that completely reconstruct the genotype of the 

associated laboratory evolution strain (LA and LC), recovered the full adaptive growth 

rate.  In addition, the mutations in crp (29% recovery in LA, 22% in LE) and infC 

(19%) made the largest individual contributions to growth rate.  Furthermore, epistatic 

interactions between mutations are indicated by the results from certain multiple site- 

directed mutant strains.  For example, the rho mutation from strain LD appears to 

have a larger than additive impact when added to strains harboring the identified 
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kdtA, ppsA, and atoS mutations.  The relA mutation also seems to exhibit epistasis 

when added to the single ppsA as well as the kdtA, ppsA, atoS, and rho site-directed 

mutant strains, respectively.  Additionally, the reduced growth rate of the cyaA, infC 

strain relative to the single infC mutant strain alone seems to represent an example of 

negative epistasis.  The cyaA mutation is a complicated case, however, in that the 

single mutant, cyaA-infC double mutant strain, and LC laboratory evolution strains all 

exhibit peculiar growth curves characterized by a long lag phase after dilution from 

Figure 5.2 | Growth rate contribution of site-directed mutants.  The respective growth 
rate contributions of site-directed mutants corresponding to the identified L-lactate-
adaptation mutations are shown.  Values shown correspond to the percent growth rate 
recovery (± SD) by site directed mutants of L-lactate-adapted strain growth rate values with 
respect to wild-type (i.e. (L-lacate-adapted strain growth rate – site directed mutant growth 
rate)/(L-lactate-adapted strain growth rate – wild-type growth rate)).  Individual and 
combined site directed mutants are grouped by strain and listed along the vertical axis.  
*Note that the kdtA mutation from strain LD failed to grow without amino acid 
supplementation.    



157 

 
 

late-exponential phase precultures (data not shown).  This observation seems to 

highlight the importance of cAMP for normal cellular growth behavior14,32, although the 

precise effect of this cyaA mutation on cAMP levels remains to be determined.   

 Interestingly, when introduced into the wild-type progenitor strain, the LD 

strain derived kdtA mutation rendered the organism unable to grow on L-lactate 

minimal medium.  Supplementation with amino acids rescued its growth ability 

although further study is required to determine whether the strain uses the exogenous 

amino acids as a carbon and energy source.  Surprisingly, when introduced into the 

ppsA site-directed mutant, the combined strain exhibited growth albeit at slightly 

reduced levels relative to the ppsA single mutant strain.  Also interesting is the 

observation that the atoS mutation, when added to the kdtA-ppsA double mutant 

strain, seemed to reverse the negative effect of the kdtA mutation.  These effects are 

all relatively small (~2% changes), however, and will require additional more precise 

measurements, perhaps by way of direct competition experiments33,34, to confirm 

these observations.   

5.3.3 The ppsA mutations significantly impact gene expression 

 The identified ppsA mutations identified in strains LD and LE are interesting in 

that one yields a synonymous codon change, and the other is located near the ATG 

translational start of the transcript.  Furthermore, preliminary data suggests that 

protein activity is not significantly affected in the associated site-directed mutants 

using classical in vitro enzymatic techniques15 (Q. Hua and A. Joyce, unpublished 

data not shown).  Taking these observations into account, in addition to the 

consistent and strong upregulation of ppsA observed across all strains in the 
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previously described expression profiling data8, it was deemed likely that these 

mutations directly impact transcription. 

This hypothesis was tested by conducting quantitative real-time (RT)-PCR at 

this locus for wild-type, each of the L-lactate-adapted strains, and the two ppsA site-

directed mutant, or “knock-in” (KI) strains.  The results from ppsA RT-PCR using 

cDNA generated from total RNA extracted during exponential phase growth (OD 

A600≈0.5) shows that indeed a significant upregulation in expression directly results 

from introducing these mutantions into the wild-type progenitor strain (Figure 5.3).  

The LD-KI and LE-KI ppsA expression levels were enhanced greater than 3-fold over 

Figure 5.3 | RT-PCR-based ppsA gene expression results for L-lactate-adapted 
strains and ppsA site-directed mutants.  This plot reports the ppsA gene expression 
levels measured during exponential growth on L-lactate-supplemented M9-minimal 
medium by quantitative RT-PCR for wild-type, (red bars), L-lactate adapted strains (LA, LB, 
LC, LD, and LE, dark blue bars), and the ppsA site directed mutant strains (LD-KI and LE-
KI, light blue bars).  LD-KI and the wild-type strain are isogenic with the exception of the 
ppsA 288 c>a SNP introduced by site-directed mutagenesis.  Similarly, LE-KI shares the 
same genotype as wild-type except for the ppsA 17 c>t mutation also introduced by site-
directed mutagenesis.  Expression levels of ppsA are reported relative to control gene 
acpP levels (arbitrary units, mean ± SE) which were measured using the same cDNA 
samples.    
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wild-type.  Interestingly, both site directed mutants also exhibited higher expression 

levels than their corresponding laboratory evolution strain.  This result may reflect that 

the L-lactate-adapted strains have achieved increased systemic stability whereas the 

site-directed mutants are ramping up expression at a high initial rate to accommodate 

the new carbon source that will presumably decrease with continued exposure as 

sufficient PPS protein levels are achieved for sustained growth on this substrate.  

Otherwise, the results for the remaining L-lactate-adapted strains largely reflects the 

gene expression profiling data8, although the LB RT-PCR data is lower than the 

microarray data (~50% increase over wild-type for the former and ~150% increase for 

the latter). 

5.3.4 Regulatory impact of cAMP- and ppGpp-related mutations 

 In an effort to investigate the potential regulatory impact of the cAMP-related 

mutations, crp and cyaA, as well as the ppGpp-related mutations, relA and hfq, the 

expression of the target genes in the Crp and RpoS regulons were examined using 

previously generated data for these strains8.  EcoCyc1 has compiled from the 

literature a Crp regulon of 318 direct gene targets and an RpoS regulon with 115 

direct targets.  Investigation of the expression of these direct targets using the 

previously described genome-wide expression data for these strains8 yielded 

generally inconclusive results.  Very few direct targets were differentially expressed (t-

test, FDR = 5%) relative to wild-type grown on L-lactate, with the vast majority of 

those being downregulated in the case of both transcriptional regulators.  In fact, 

when viewed as a whole, a negative skew in the log2-ratio was viewed across all L-

lactate adapted strains for both the Crp and RpoS regulons, including in those 

samples without associated mutations.  Therefore, generally speaking, this previously 
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generated expression data is not much assistance for identifying or interpreting the 

specific effects of these mutations on the global regulatory network.  

5.4 Discussion 

 This study revealed many interesting findings regarding the ability of E. coli to 

adapt to growth on L-lactate-supplemented minimal medium.  Whole genome re-

sequencing of five strains adapted to L-lactate in parallel revealed that relatively few 

genetic changes accompany the observed large gain in fitness.  Furthermore, when 

introduced into the wild-type progenitor strain, most of the identified mutations were 

shown to be causal in leading directly to an increase in growth rate with respect to 

wild-type.  Additionally, the phosphoenolpyruvate synthase (PPS) node in the 

metabolic network was shown to be a key adaptive target in these laboratory 

evolution experiments by way of significant transcriptional upregulation, facilitated at 

least in part by mutations identified in strains LD and LE. 

Several observations can be made by examining the location of some of the 

identified mutations in the context of previously reported results.  Two independent 

mutations in crp were identified in strains LA and LE, with both mutations mapping to 

the helix-turn-helix DNA binding domain35 of this regulator.  Many crp mutants have 

been isolated and their effects studied over the years36.  Interestingly, some 

mutations at nearby amino acid positions, notably positions 142 and 144, appear to 

be consitituatively active by inducing transcription of target genes even in the 

absence of cAMP.  Interestingly, however, candidate gene resequencing in a 

previously generated lactate-adapted strain (strain L26) revealed a crp 110 c>a 

mutation (unpublished data) which is found in the N-terminal domain associated with 

Crp dimerization.  Accordingly, speculating that the mutations isolated in this study 
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confer constituitive Crp activity is premature and additional experimental 

characterization is required to further define their respective impact on Crp activity.   

The other cAMP-related mutation in the adenylate cyclase-encoding cyaA 

gene from strain LC is located in the N-terminal half of the protein thought to be 

responsible for its catalytic activity37,38.  Likewise, the mutation in relA from strain LD 

also maps to the catalytic N-terminal domain.  Furthermore, targeted resequencing of 

a previously generated L-lactate adapted strain, in addition to a pyruvate adapted 

strain6 (called L3 and P3, respectively), revealed relA mutations as well.  The L3 

mutation is also found in the N-terminal domain at gene position 782, whereas, the 

P3 mutation is the same as identified for LD at gene position 956.  In the case of both 

loci, however, further work will be required to delineate the specific affect of these 

mutations on protein activity. 

The rho mutation identified in strain LD localizes to the primary RNA binding 

site, which is responsible for recognizing the Rho utilization site39.  Although a number 

of mutagenesis studies have been conducted on this essential protein39, none have 

characterized this mutated region, thus leaving its impact unknown.  In addition, infC 

is another essential gene that has been studied at length24, and although the 

identified mutation lies five amino acids away from a residue that is critical for its 

function, the precise role of the identified mutation awaits further investigation.  

Furthermore, hfq mutants have exhibited pleiotropic growth phenotypes when 

deleted, and this particular mutation in strain LD falls adjacent to an RNA contact 

point40, however, its specific impact on activity will require future research.    

 Another particularly notable finding to come out of this study is that one of the 

L-lactate-adapted strains, LB, seemed not to acquire any mutations during 
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adaptation.  This observation is certainly perplexing given that like the other four 

strains, its growth rate nearly doubled during the course of a sixty day laboratory 

evolution experiment (Figure 5.1A).  Several viewpoints can be taken in rationalizing 

this surprising result.  Evolutionary theory generally posits that competition and 

selection does not operate on isogenic populations.  As such, these ideas would 

suggest that the respective mutations simply were not identified using the Nimblegen 

CGS technique.  Previous work on the glycerol adapted strains (§4.1) revealed that 

small indels were not detected by this microarray based technique.  If such mutations 

do exist, however, they are found in loci other than those targeted in the other re-

sequenced strains (Table 5.3), as all such loci were individually screened and were 

negative for mutations in strain LB. 

 A contrasting angle is provided by considering a developing body of evidence 

that suggests competition does in fact occur among isogenic individuals41.  Examples 

of this phenomenon are common in multicellular settings in which isogenic 

neighboring cells interact and compete during development and differentiation 

ultimately yielding a fitter organism.  Furthermore, clonal isolates of social amoeba 

compete and can be selected for based on their respective cell cycle phase.  These 

observations imply that competition and selection can operate independent of genetic 

mutation by acting on other molecular species in the cell.  In a sense, the enhanced 

transcription of ppsA observed across all L-lactate strains represents a trait that does 

not require, but does seem to benefit from (Figure 5.3), a sequence change, and 

could be selected for in these laboratory evolution settings.  Interestingly, other 

epigenetic phenomena have been observed in independently conducted laboratory 

evolution experiments42.  Ten of twelve populations of E. coli adapted to seasonal 
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growth (experiencing lag, exponential, and stationary phases of growth daily) on 

glucose-supplemented minimal medium exhibited increased DNA supercoiling 

relative to the wild-type progenitor strain after 20,000 generations. Although the 

precise nature of its beneficial effect on fitness remains poorly understood, DNA 

supercoiling is one example of an epigenetic effect that could be conferring higher 

fitness in strain LB in the absence of associated mutations. 

Similar lines of reasoning can be applied when considering the observation 

that the single and combined site-directed mutants failed to recover the associated L-

lactate adapted strain growth rate.  The best performance was achieved by the 

quintuple site-directed mutant harboring mutations in kdtA, ppsA, atoS, rho, and relA 

that recovered 50% of the growth rate achieved by strain LD (Figure 5.2).  This result 

stands in contrast to previous work on glycerol-adapted strains whose associated site 

directed mutants fully recovered the adaptive growth rate.  As in the case of strain LB, 

it is possible that CGS simply failed to detect certain causal mutations.  Likewise, in 

the absence of additional undetected mutations, yet to be determined epigenetic 

phenomena may be responsible.  It is also possible that growth on L-lactate requires 

a more significant flux redistribution than growth on glycerol, for example by requiring 

activation of gluconeogenic pathways and possibly a redox potential adjustment.  

This redistribution, even in the presence of beneficial mutations, could require a 

conditioning period in which the appropriate enzymes are expressed at sufficient 

levels and fluxes diverted to allow for higher growth.  In the previously discussed 

glycerol-adapted strain study (§4.1.1), RNAP mutations were selected for on glycerol 

minimal medium plates (Supplemental Methods from Herring et al.13) and therefore 

were exposed to glycerol prior to growth rate assessments, whereas the L-lactate 
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site-directed mutants were not.  It remains unclear to what extent this pre-conditioning 

period affected the site-directed mutants, however.  In any case, further 

experimentation is required to discern between these possibilities.  In particular, a 

repeat analysis of the L-lactate-adapted strains using an independent whole genome 

re-sequencing technology, such as the 45443, Solexa44, or polony45 techniques, will 

shed significant light on this issue and help direct future experiments. 

 Another key finding in this study was revealed through the resequencing, 

transcriptional profiling, and RT-PCR results that highlight the importance of the PPS 

node of the metabolic network for growth on L-lactate.  Like glpK in the glycerol-

adaptation study13 (Chapter 4), ppsA serves as a mutational target, but not in every 

strain.  The dramatic transcriptional upregulation and likely subsequent increased 

PPS protein levels observed across all strains, however, apparently confers the same 

ability to enhance substrate uptake and utilization in these strains.  Accordingly and in 

contrast to the glpK mutational effects on protein kinetic properties, the adaptive 

advantage of targeting ppsA seems to stem from higher transcript, and therefore 

higher enzyme levels.  Further support for this notion comes from the RT-PCR 

(§5.3.3) results that show mutations observed in strains LD and LE directly stimulate 

enhanced transcription.  Interestingly, targeted resequencing of the previously 

introduced strains L2, L3, and P36 revealed that, similar to strain LD, gene position 

288 was also targeted with c>t mutations in L2 and L3, and c>a for P3.  

Given the proximity of the strain LE mutation to the ATG translational start at 

gene position 17 it seems likely that the observed increase stems from relieving 

template secondary structure.  The attraction of an enhancing transcription factor, or 

conversely, the occlusion of an inhibitory factor are also possibilities.  The mutation in 
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strain LD is more difficult to explain.  The relatively long distance between this 

mutation and the promoter region would argue against a direct effect on interacting 

regulatory factors, although it remains possible that an inhibitory template secondary 

structure is weakened or ablated altogether.  A codon usage effect is also possible, 

although this synonymous mutation shifts to the lesser abundant isoleucine codon46.  

Computational simulations of translational efficiency, however, suggest that wild-type 

and mutant ppsA sequences remain equally optimal from this perspective (T. Allen, 

personal communication).  Examples of synonymous codon usage directly influencing 

protein secondary structure have appeared47,48 and may have some relevance in this 

Figure 5.4 | The Crp regulon.  This network graph depicts the expansive regulon 
mediated by Crp (indicated at top left) including both its direct and indirect regulatory 
interactions described in EcoCyc1.  Moving from left to right, global, major, and minor 
regulator nodes are shown regulating each other (indicated by edges between nodes, 
colored by type of regulation) as well as downstream target genes shown at right.  
Regulator type is assigned based on the longest path from regulator to target gene rather 
than strictly by the number of direct targets.  Path length seems to generally be a better 
indicator of broader regulatory impact as longer paths indicates more influence on other 
regulators and thus more regulatory targets.  Accordingly, arbitrary cutoffs were assigned 
such that global regulators have a longest path greater than five, major regulators greater 
than 2, and all others considered as minor regulators.   This network was compiled and 
visualized using Cytoscape2. 
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case, although there is some debate over the extent and importance of this 

relationship49,50.  Recent computational work also suggests a link between codon 

usage and protein folding in that the nucleic acids sequence may encode folding 

information51-54, although identifying the specific benefit of the relationship in this 

context, for example by facilitating higher efficiency folding, would certainly require 

further experimental investigation.    

By targeting the cAMP and ppGpp global regulatory molecules, the former 

through crp and cyaA mutations in strains LA, LC, and LE and the latter through relA 

and hfq mutations in strains LD and LE, a major regulatory adjustment likely occurred 

in these strains during laboratory evolution.  For example, Crp is reported to directly 

regulate 318 target genes, 30 of which are also regulators.  Accordingly, Crp’s 

regulatory domain extends to over 1000 downstream direct and indirect targets 

(Figure 5.4), although many of these targets are through its regulation of 

nontraditional regulators, such as the sigma factors (excluding the housekeeping 

sigma factor rpoD) and nucleoid binding proteins fis, hns, and ihfA. 

Recent high-throughput efforts have aimed to further clarify the regulatory 

domain of Crp.  Transcriptomic analysis of crp deletion strains individually55 and in 

combination with other regulator deletions56 have further examined this important 

regulon, confirming previously identified activation and repression targets as well as 

extending the regulatory domain to several stress response genes, for example.  

Since the differential expression of genes in knockout relative to wild-type 

backgrounds is used as the readout from which to derive regulatory interactions, 

however, it is often difficult to discern direct versus indirect effects.  Examination of 

upstream regulatory domains for consensus binding sequences was used 
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successfully in several cases, but given the general degeneracy of the regulatory 

motif code, this strategy may not perform well in all cases.  ChIP-chip analysis can be 

used to circumvent this issue, however, as it solely detects direct regulatory targets.  

A recent report of Crp binding in the presence and absence of glucose using this 

technology appeared, although only 68 definitive targets were identified57.  The 

authors attribute this phenomenon to high background signal due to weak binding 

across the chromosome under inducing (absence of glucose) conditions.  

Furthermore, they argue that this evidence supports a role for Crp as a nucleoid 

binding protein, thus having a role in shaping the chromosomal topology in addition to 

its response regulatory functionality.  Further work is required to confirm or refute this 

notion.  Nonetheless, this work highlights the importance of this global regulator and 

the significant role it likely plays in these laboratory evolution experiments.        

The ppGpp-mediated regulon is more difficult to define as this small molecule 

effector binds to and influences RNAP directly, as discussed in the previous chapter, 

and also influences rpoS, the sigma factor that mediates stress response and entry 

into stationary growth phase.  To date, 5 regulators have been found to be under 

direct RpoS control, and over 20 if indirect interactions are included.  The end result 

is a widespread regulatory influence including 115 direct targets which extends to 

over 500 if indirect influences are considered (Figure 5.5). 

Unfortunately, aside from noting a general negative trend in the expression of 

target genes relative to wild-type, analyzing the previously generated transcriptional 

profiling data for these L-lactate strains8 in the context of Crp and RpoS regulons was 

not informative (§5.3.4).  Given the widespread regulatory influence of these 

regulators, it is possible that subtle changes in these regulators or their downstream 
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targets could have influential effects that were simply not robust enough to pass the 

fairly stringent criteria used to detect differential expression.  It is also possible that 

much of the previously identified regulon is of little consequence under these 

conditions.  In the case of Crp, for example, much of the work previously conducted 

to specify regulatory interactions has focused on glucose/non-glucose environments 

often in otherwise rich medium conditions (i.e. LB growth medium).  It is possible that 

under the minimal conditions used in this study Crp and RpoS behave rather 

differently.  Accordingly, future detailed experimentation using these adapted strains 

will likely yield considerable insight into the specific effects of the identified cAMP- 

and ppGpp-related mutations on these respective regulons.  In particular, ChIP-chip 

analysis for the adapted strains, associated site-directed mutants, and wild-type using 

antibodies for Crp and RpoS under these L-lactate-supplemented minimal medium 

Figure 5.5 | The RpoS regulon.  This network graph depicts the regulon mediated by 
RpoS (indicated at top left) including both its direct and indirect regulatory interactions 
described in EcoCyc1.  Moving from left to right, global, major, and minor regulator nodes 
are shown regulating each other (indicated by edges between nodes, colored by type of 
regulation) as well as downstream target genes shown at right.  Regulator type is 
assigned based on the same criteria described in the legend of Figure 5.4.  This network 
was compiled and visualized using Cytoscape2. 
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growth conditions would likely be of great utility.  It should be noted, however, that a 

Western blot using the commercially available antibody for Crp (Neoclone) exhibited 

reduced binding in strains LA and LE (data not shown), indicating an interference or 

occlusion by the identified mutations with the antibody epitope.  Furthermore, C-

terminal myc-tags introduced into strains LA and LE were unstable.  Given these 

results in addition to Crp regulation typically being mediated by the C-terminus 

interaction with RNAP, targeting the N-terminus in future myc-tagging efforts may 

yield more productive results. 

In summary, this study provides significant insight into the genetic basis of E. 

coli adaptation to growth on L-lactate.  Furthermore, the respective growth rate 

contributions and likely mechanistic consequences for the ppsA mutations represent 

first steps toward underlying the mechanistic consequences of these mutations and 

ultimately their role in adaptation.  Key questions remain, however.  Perhaps chief 

among them involves why the site directed mutants failed to fully recover the adaptive 

growth rate and similarly why we failed to detect mutations in strain LB.  Additionally, 

further elucidation of the precise regulatory role played by the cAMP- and ppGpp-

related mutations is required to understand their adaptive significance.  

Measurements of these molecules during a standard growth cycle in the adapted 

strains may also yield insight into their respective roles.  In similar fashion to the 

previous chapter, gaining a further understanding of these questions through high-

throughput and traditional experimental approaches will allow us to formulate a 

clearer picture of these adaptive processes and bring us closer to developing a 

comprehensive model of adaptation under these and similar environmental 

perturbations. 
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Chapter 5, in part or in full, is a reproduction of the material as it appears in 

Joyce AR, Maggay A, Conrad T, and Palsson BO.  Adaptation to growth on L-lactate 

by E. coli involves adjustments of gluconeogenic pathways, as well as cAMP- and 

ppGpp-associated regulatory networks. In preparation (2007).  The dissertation 

author is the lead author on this manuscript and the co-authors assisted in performing 

experiments and supervising the project.    
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Chapter 6 

Adaptation to Environmental Perturbations: Emerging 

Themes 

The results presented in Chapters 4 and 5 represent significant advances in 

our knowledge of how E. coli adapts to environmental perturbations.  We are 

beginning to gain an understanding of the molecular changes and mechanisms that 

allow E. coli to adapt and thrive in conditions that present an initial challenge to the 

wild-type organism.  This work shows that adaptation to glycerol is characterized by a 

strikingly consistent theme in which mutations to glpK and RNAP subunit genes are 

primarily responsible.  In contrast, adaptation to L-lactate exhibits a more diverse 

repertoire of possible strategies with ppsA, as well as cAMP- and ppGpp-related 

genes representing common adaptive targets.  Interestingly, however, while 

adaptation to glycerol- and L-lactate-supplemented minimal medium certainly 

proceeds in a somewhat different fashion in terms of targeted genes and subsystems, 

intriguing similarities are becoming apparent. 

This chapter highlights three common themes in particular that have emerged 

from the work on E. coli adaptation to these rather different growth substrates.  

Specifically, adaptation to each of these growth environments appears to result in 

changes that yield a local substrate capacity adjustment (§6.1) coupled with changes 

that confer a global regulatory network adjustment (§6.2).  Furthermore, in both cases 

we repeatedly discovered mutations in genes important for fundamental cellular 

maintenance processes such as transcription and translation (§6.3).  Finally, a 
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general survey of other common features will be noted including certain features that 

might have been expected but that were not actually observed in these laboratory 

evolution experiments (§6.4).  In addition to discussing these changes in the context 

of glycerol- and L-lactate-adaptation, these findings will be related to results from 

prior E. coli laboratory evolution work in the literature, with relevant mutations 

Table 6.1 | Metabolic, global regulatory, and cellular maintenance mutations 
identified during E. coli laboratory evolution. 

*These classifications are quite broad and there is some category overlap, as noted for 
rpoB and rpoC.  †Mutations were found in three different laboratory evolution designs.  The 
chemostat strategy maintains E. coli at a defined growth rate for many generations; the 
exponential growth serial passage is the strategy used in this work (§4.2.1 and Figure 
4.3); and the seasonal serial passage strategy passages a defined volume daily into fresh 
medium thus allowing cultures to experience lag, exponential, and stationary phase, or all 
‘seasons’1, in the typical E. coli growth cycle. 
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summarized in Table 6.1. 

6.1 Adaptation by way of a metabolic capacity adjustment 

 A common feature observed in strains adapted to growth on glycerol as well 

as to growth on L-lactate is that key metabolic enzymes appear to be targets of 

adaptation.  For example, effectively all of the glycerol-adapted strains acquired 

mutations in the glycerol kinase (Chapter 4). These local mutations specific to 

glycerol assimilation and metabolism (Figure 6.1.A) generally seem to relieve 

allosteric inhibition by fructose 1,6-bisphosphate (FBP) and Enzyme IIAGlc  of the 

protein, allowing for faster kinetics, increased substrate uptake and utilization, and 

ultimately enhanced growth rates.   

Similarly, the available experimental evidence implicates ppsA as being the 

glpK-equivalent in the lactate-adapted strains.  As noted in Chapter 5, enhanced 

expression levels of this gene are consistent across strains and mutations at this 

locus were identified in two independent L-lactate-adapted strains.  Furthermore, 

when examined in isolation, these ppsA mutations induce a substantial upregulation 

in transcription when introduced individually into wild-type E. coli (Figure 5.3).    

Therefore, higher ppsA transcript levels likely yield higher protein levels that facilitate 

enhanced uptake and utilization of L-lactate during adaptation (Figure 6.1B). 

These observations show that adaptation to these substrates directly impacts 

metabolic targets important for each respective growth substrate, which is not an 

altogether surprising result. Interestingly, however, it does so in distinct manners.  For 

example, the glpK mutations observed in the glycerol-adapted strains seem to result 

in protein modifications that yield enhanced kinetic properties.  This observation, 
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coupled with the downregulation of the glpK transcript relative to day 1 of growth on 

glycerol2, shows that enhanced enzyme efficiency is the manner in which E. coli 

overcomes the initial bottleneck encountered during growth in this environment.  In 

contrast, the ppsA mutations seem to operate at the transcriptional level using 

Figure 6.1 | Adaptation to environmental perturbations cause a local capacity 
adjustment. A | This metabolic map depicts the initial steps of glycerol (glyc[e]) uptake 
and metabolism, and shows how the pathways feed into central metabolism.  The reaction 
catalyzed by glycerol kinase (encoded by glpK) is highlighted as a common mutational 
target in the glycerol-adapted strains.  The identified mutations generally seem to relieve 
allosteric inhibition thus facilitating enhanced substrate uptake and utilization.  B | The 
initial steps of lactate (lac-L[e]) uptake and metabolism are shown in this metabolic map 
that also indicates how the pathway feeds into central metabolism.  PEP-synthase is 
highlighted as a common mutational target in the lactate-adapted strains.  Additionally, the 
encoding gene, ppsA, was previously identified as the only common significantly 
upregulated gene among seven lactate-adapted strains2 adapted in parallel (see also 
§5.3.3) strongly implicating this gene as being responsible for the increased uptake and 
utilization observed in the lactate-adapted strains. 
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subsequent enhanced protein availability as the manner in which growth substrate 

capacity is improved.  These alternative strategies highlight the range of options 

available to adapting organisms when faced with a selective pressure. 

Furthermore, while there are a number of genes involved in glycerol 

metabolism, our results indicate that glpK is the only mutational target.  Likewise, 

although the generation of PEP is critical for growth on L-lactate, pyruvate conversion 

to PEP through PPS is not the only possible route3.  Accordingly, even though the 

notion that adaptation results in alterations of genes and pathways specifically related 

to the substrate used as the adaptive pressure is not altogether surprising, the nature 

of the specific changes are not easily predicted or hypothesized a priori.  This latter 

point highlights the utility and transforming potential for reasonably cost efficient 

whole genome resequencing technologies. 

In keeping with this theme of local metabolic mutations being important to 

adaptation to environmental perturbations, independent efforts have identified similar 

mutations when studying E. coli adaptation using alternative laboratory evolution 

schemes.  For example, chemostat cultures maintained for several hundred 

generations on lactulose, methyl-galactoside, or a mixture of the two substrates 

acquired mutations in the lac and mgl operon4.  Specifically, lac duplications in the 

lactulose cultures presumably enhance uptake and utilization of lactulose, whereas 

mgl deletions in methyl-galactoside cultures force uptake through another, perhaps 

more efficient permease than the methyl-galactose transporter that it encodes.  

Interestingly, the mixed culture adaptations give rise to specialists that acquire 

mutations ultimately yielding strains with a preference for one substrate over the 

other. 
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Another example of this phenomenon is provided by chemostat cultures 

adapting to growth in a limiting glucose environment in which mutations in mgl and 

ptsG were frequently observed5-7.  These mutations, by targeting glucose 

transporters, result in enhanced ability for glucose uptake.  Interestingly, in seasonal 

serial growth passage evolutions in which laboratory evolution cultures experience 

daily lag, exponential, and stationary phases, or all ‘seasons’ of the E. coli growth 

cycle, transporter mutations are also repeatedly observed.  In these cultures, also 

grown on glucose, mutations are acquired in the rbs operon resulting in null mutants 

for uptake and utilization of ribose as a carbon source8.  Furthermore, these 

mutations were shown to directly enhance fitness upon introduction into the 

progenitor strain, but the physiological basis of the benefit remains unclear and may 

reflect a fitness gain through the elimination of costly, unneeded functions.    

Mutations in regulatory genes that ultimately dictate a local metabolic effect 

have also been identified in laboratory evolution settings.  For example, mutations in 

galS, a repressor of the mgl transport system, were isolated in the previously 

described chemostat adaptations to methyl-galctoside4 and glucose5-7.  The dgsA 

(also known as mlc)-encoding regulator of glucose uptake and glycolysis represents 

another mutational target in chemostat laboratory evolutions7,9.  The advantage 

conferred by these mutations is likely due to the resulting upregulation of the lamB-

encoded porin that enables higher glucose uptake, obviously beneficial in these 

glucose-limited environments.  

Additionally, mutations in malT were isolated from cultures adapted to growth 

on glucose under a seasonal serial passage regime10 as well as in a chemostat5,7,9.  

In the former case, the malT mutants were directly shown to confer a fitness 
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advantage, perhaps due to interference with the transcription of the maltose transport 

genes.  Interestingly, however, in the latter chemostat experiments, the malT mutant 

resulted in constituitive expression of the maltose operon.  This seemingly 

contradictory finding may indicate that the parallel upregulation of lamb confers the 

selective advantage in similar fashion to the previously described dgsA (mlc) 

mutation.  These contrasting results are an interesting example of how the same 

locus can be targeted but in different ways depending on the nature of the selective 

growth environment.  Taken together these results highlight that local metabolic 

changes are a common and important feature in laboratory evolution experiments in 

which an environmental perturbation is used as the selective pressure.  Determining 

whether or not this feature extends to other perturbation schemes, for example, in 

studies of adaptation to gene deletions or antibiotic challenge, awaits future 

investigation.  

6.2 Adaptation by way of a global regulatory adjustment 

A more surprising result to emerge from these studies of adaptation is the 

repeated acquisition of mutations in global regulatory factors during laboratory 

evolution.  It is well known that the wiring of an organism’s regulatory network is 

susceptible to change and can be a driving force in microbial evolution11.  Indeed, 

mutations in the covS encoded sensor kinase of the covRS virulence-associated two 

component regulatory system discriminate between relatively mild pharyngeal Group 

A Steptococci and their more invasive counterparts responsible for necrotizing 

fasciitis, commonly known as “flesh-eating” disease12.  Additional work has identified 

a mutation in the iron regulator fur as contributing to metronidazole resistance in H. 

pylori13.  Furthermore, recent efforts have isolated mutations in individual transcription 
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factors that are thought to be directly responsible for dramatic morphological changes 

that accompanied maize14, tomato15,16, and rice17 domestication.  Nonetheless, it was 

surprising to observe major regulatory mutations on the microevolutionary time-scales 

of the experiments described in this dissertation under seemingly mild selective 

pressures, when compared to antibiotic challenge, for example. 

In both the glycerol- and L-lactate-adapted strains, mutations likely to confer a 

global transcriptional response always seem to accompany the local metabolism-

related mutations discussed in the previous section.  The vast majority of glycerol-

adapted strains acquired mutations in either the β (encoded by rpoB) or β' (encoded 

by rpoC) subunit of RNA polymerase (RNAP).  As reported in §4.3.4, in vitro assays 

indicate that the identified mutations in rpoB and rpoC significantly alter kinetic 

properties of RNAP.  Such effects clearly would result in broad transcriptional 

changes.  Indeed, a core set of 672 genes was identified with significant differential 

expression in common across the four fully re-sequenced strains with identified 

mutations in rpoB or rpoC2,18 (Figure 4.2).     

An analogous, albeit perhaps more complicated, situation is emerging from 

our study of the lactate-adapted strains. In this case, parallel cultures accumulated 

changes to related pathways rather than the same gene product.  As noted in §5.3.1, 

mutations in cAMP- and ppGpp-related genes were identified and confirmed in 4 of 

the 5 fully re-sequenced lactate-adapted strains.  The identified mutations in crp and 

cyaA, which encodes adenylate cyclase, likely result in broad transcriptional 

adjustments either directly through the hundreds of Crp-regulated gene targets, or 

indirectly via regulation of the stringent response sigma factor encoded by rpoS, 

which itself controls the expression of many target genes (Figure 6.2).  Equally as 
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interesting and broadly influential is the mutation identified in relA, which directly 

modulates the synthesis of (ppGpp).  The levels of this so-called “magic spot” 

molecule have been shown to directly influence a broad transcriptional response, also 

known as the stringent response19, through its positive regulation of rpoS and also 

through its direct binding of RNAP in conjunction with DksA.  This transcriptional 

program is generally characterized by the down-regulation of ribosomal genes and 

upregulation of amino acid biosynthetic genes among other pleiotropic transcriptional 

responses20.  The hfq mutation identified in strain LE also may fit into this scheme in 

Figure 6.2 | A global regulatory adjustment accompanies adaptation to 
environmental perturbations.  This schematic depicts the cAMP production (top) and 
guanosine tetraphosphate (ppGpp) synthesis (bottom) pathways and show how they are 
interconnected and can influence a global transcriptional response through Crp, the 
stationary phase-associated sigma factor encoded by rpoS, and RNA polymerase (RNAP).  
Genes in which mutations were identified are highlighted (glycerol-adaptive mutations in 
red, L-lactate-adaptive mutations in blue) with strains and mutation types indicated in 
parentheses. 
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that it mediates rpoS translation by interacting with various small RNA regulators21,22.  

Mutant Hfq likely plays a broader global regulatory role as well due to its known and 

similar regulation of many other targets by interacting with small RNA regulators that 

typically modulate translation.  

Interestingly, independent work identified mutations in the other primary 

ppGpp metabolism gene, spoT (Figure 6.2), repeatedly in strains adapted to glucose-

minimal medium by seasonal growth passage for 20,000 generations23.  The SpoT 

enzyme has bifunctional ppGpp hydrolase and synthetase activity and is thought to 

regulate ppGpp levels in response to all conditions other than amino acid starvation24.  

In eight of the twelve strains evolved in parallel, independent nonsynonymous 

mutations were identied, all of which are localized in the synthetase regions of the 

protein23.  Furthermore, a significant fitness advantage was observed in competition 

experiments when one of the eight (the other seven were not tested) spoT mutations 

was inserted into the ancestral strain.    

Related findings were observed in another line of work analyzing adaptation of 

E. coli in a chemostat under glucose-limiting conditions25.  Mutations in rpoS resulting 

in a null phenotype rapidly swept these glucose-limited cultures.  This observation is 

coincident with increases in mal and mgl expression, both of which are important for 

glucose scavenging.  Furthermore, the large-channel porin OmpF, a protein also 

important for scavenging, is under negative RpoS control.  Therefore, the 

derepression of ompF coupled with increases in mal and mgl expression resulting 

from the rpoS mutations likely improve glucose scavenging thus conferring a 

competitive advantage in this chemostat environment, despite the reduction in 

general stress response controlled by RpoS.  Interestingly, under an entirely different 
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laboratory evolution setting, another rpoS mutant was identified as well.  Specifcally 

strain G118,26, which was adapted to glycerol-supplemented minimal medium by serial 

exponential growth phase passage, acquired an rpoS mutation that results in an 84 

amino acid truncation.  The functional consequence of this mutation remains to be 

determined but may reflect a similar sacrifice in ability to respond to stress in favor of 

faster growth afforded by reducing the fitness cost associated with this process.    

While it has long been recognized that Crp and RpoS share regulatory target 

genes27, recent studies also have more directly linked the Crp-cAMP and ppGpp 

regulatory systems28,29.  For example, using E. coli strains deficient in the nucleoid 

proteins H-NS and StpA, crp was shown to be subject to negative stringent regulation 

by observing enhanced gene expression in a ppGpp-deficient spoT mutant strain28.  

Furthermore, a recent transcriptional profiling study of the glucose-lactose diauxie 

revealed a more extensive ppGpp-Crp-cAMP relationship. In contrast to the previous 

result, however, increasing ppGpp levels coinciding with glucose exhaustion seemed 

to result in upregulation of the Crp regulon genes.  This observation could simply 

reflect a correlative effect, however.  Given that cAMP levels also rise as glucose is 

depleted, Crp activity could increase in a simultaneous but independent manner.  

Nonetheless, these two regulatory systems are intimately related in the control of 

feast and famine growth cycles in E. coli and are almost certainly significantly 

impacted by the types of laboratory evolution experiments described in this 

dissertation. 

Expanding on this idea, these laboratory evolution experiments present the 

organism with a difficult challenge.  By maintaining the cultures in exponential phase 

growth, selection will favor the fastest growing individual cells over time.  However, 
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the minimal medium environment creates the additional pressure to synthesize all 

required amino acids de novo.  Therefore, the organism must contend with a 

paradoxical situation in which it must grow fast, but under limiting nutrient conditions.  

Specifically, amino acid deprivation during growth on minimal medium leads to the 

accumulation of ppGpp which inhibits binding to ribosomal RNA (rRNA) promoters, 

thus inhibiting rRNA synthesis and yielding lower growth rates30.  This inhibition 

effectively directs RNAP to other promoters, many of which are involved in amino acid 

synthesis, thus upregulating biosynthetic pathways for required biomass components.  

Only once sufficient amino acids are synthesized or acquired by exogenous addition 

to the growth medium can the organism resume higher growth rates. 

Given these circumstances and the data reported herein, it is tempting to 

postulate an overarching theory that integrates these findings and explains the role of 

global regulatory adjustments during adaptation to environmental perturbations.  It 

seems possible that the mutations observed in glycerol- and L-lactate-adapted strains 

and their respective downstream effects could result in tolerance to ppGpp 

accumulation due to amino acid starvation allowing for sustained high levels of rRNA 

transcription, while also maintaining sufficient levels of amino acid biosynthesis-

related transcription, through enhanced H-NS activity for example28.  Alternatively, the 

identified mutations could mimic the stringent response to promote required 

biosynthetic gene expression while simultaneously co-opting alternative mechanisms 

to enhance rRNA synthesis through increased DNA supercoiling for example, which 

is a trait that has been associated with laboratory evolution strains adapted to 

seasonal growth on glucose31.  Interestingly, given that these alternatives would 

provide an identical increase in fitness, strains evolved in parallel could choose one 
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or the other even when faced with the same selective perturbation.  Further work that 

focuses on the detailed effects of each respective mutation in isolation, similar to the 

previously presented ChIP-chip analysis of the rpoC Δ3132-3158 mutant (§4.3.3), will 

help shed light on these processes and ultimately assist in defining adaptive 

strategies.  Furthermore, more work is required to determine if the cAMP-related 

mutations directly play roles in ppGpp mediated effects, or result in independent 

benefits, by downregulating synthesis of unneeded components, for example. 

In developing such explanatory models, however, it should be kept in mind 

that some adaptive changes may not require specific mutations.  For example, DNA 

supercoiling was shown to be enhanced in several populations adapted to seasonal 

growth passage on glucose in parallel31, but associated mutations were only identified 

in a subset.  Furthermore, as shown in §5.3.2 and discussed at length in §5.4, a 

solely genetic basis for adaptation to an environmental perturbation may not be 

sufficient to completely explain enhanced fitness.  Independent work supports this 

ideas in that only approximately 33% of fitness gains have been recovered through 

genetic mutations observed during adaptation to seasonal growth on glucose-

supplemental minimal medium31,32.  Whole genome resequencing has yet to be 

conducted in these strains, however.  Accordingly it remains possible that yet to be 

discovered mutations may recover the remaining observed fitness gain when 

introduced into wild-type.    

Taken together, these findings regarding the malleability of these regulatory 

proteins are also notable not just because of the widespread impact these global 

regulatory factors have, but also because of the diversity of targeted factors.  

Effectively all levels of transcriptional regulation appear to be willing targets of 
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mutation during adaptation.  Mutations in traditional regulators, both local (§6.1) and 

global (crp) have been identified.  Furthermore, non-traditional global regulators 

(RNAP and rpoS) and enzymes involved in the synthesis of global regulatory 

molecules (cyaA, relA, and spoT) are also targets.  Finally and quite interesting is the 

targeting of post-transcriptional regulation by way of the strain LE mutation in the 

small RNA (sRNA) binding protein hfq (§5.3.1).  While sRNAs have received quite a 

bit of attention in recent years21,33,34, the full extent of their regulatory role remains 

unclear.  Further studies of the mutation in hfq identified in this study may help shed 

more light on the topic and also more clearly delineate the role of sRNAs in 

adaptation. 

6.3 Acquisition of mutations in critical cellular maintenance 

proteins 

As noted in the previous section, one of the more striking observations to 

come out of this laboratory evolution work is that mutations are repeatedly acquired in 

genes that play critical roles in fundamental processes such as transcription and 

translation.  At first glance, this finding seems completely counterintuitive; why would 

the cell adopt this strategy when mutations in these targets, some of which are known 

to be essential for cellular viability, will likely have pleiotropic effects that could be 

quite harmful to cellular function?  Interestingly, and perhaps contrary to conventional 

wisdom, not only are these types of genes frequently targeted, but their associated 

mutations often make the largest contributions to the observed growth rate 

enhancement during adaptation18 (§5.3.2).    
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The repeated isolation mutations in RNAP subunits described in the previous 

section and Chapter 4 are the most notable examples of this phenomenon since they 

are ultimately responsible for the entire transcriptional state of the cell.  The hepA and 

rho mutation in strain LD (§5.3.1) also are likely to significantly impact transcription 

with the former involved in RNAP recycling35,36 and the latter involved in transcription 

termination37,38.  Further work is required to delineate their specific respective 

contribution but the repeated targeting of multiple components of the transcriptional 

apparatus is certainly noteworthy. 

As evidenced by mutations in infC and hfq, in strains LC and LE, respectively 

(§5.3.1), protein translation has also been identified as a mutational target in these 

experiments.  The infC gene encodes one of three E. coli translation initiation factors 

and promotes dissociation of the ribosome into subunits, thus coupling ribosome 

recycling with initiation39. It has further been recognized to promote translation from 

mRNA with leader sequences, and suppress those without.  As noted in the previous 

section, Hfq facilitates translational regulation of various targets, including RpoS, by 

interacting with various regulatory sRNAs.  Future efforts, however, are necessary to 

specifically define their respective roles in adaptation. 

Independent laboratory evolution efforts have also identified mutations in 

proteins that mediate other critical cellular functions.  In seasonal serial passage 

adaptations to growth on glucose, mutations in topA and fis, which play roles in 

maintaining chromosomal topology, were identified31.  Each of these mutations were 

shown to increase the level of DNA supercoiling when introduced into the progenitor 

strain, a property that was characteristic of the evolved population from which they 

were identified.  Furthermore, both mutations, the DNA topoisomerase I-encoding 
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topA in particular, conferred a sizeable fitness increase over wild-type when studied 

in isolation.  While the exact nature of the benefit conferred by higher levels of DNA 

supercoiling requires further investigation, as discussed in §5.4, this case provides 

another level of selection, notably one that does not necessarily require sequence 

changes, at which adaptation could operate. 

Also noteworthy in this context is the emerging work from outside of the field 

of adaptive evolution, particularly in the metabolic engineering field, that is also taking 

aim at fundamental cellular processes by directly manipulating the transcriptional 

machinery to generate desired production qualities.  Working with yeast, researchers 

generated a library of mutants in the TATA-binding protein SPT15 to isolate mutant 

strains with higher glucose tolerance, which at high concentrations induce osmotic 

stress, as well as higher ethanol tolerance, both desired characteristics particularly in 

the ethanol industry40.  One mutant strain in particular harbored three mutations that 

gave rise to widespread gene expression changes and striking improvements in 

glucose utilization rate, biomass yield, and ethanol production.   

This approach has also recently been extended to bacteria.  Similar to the 

yeast work, random mutagenesis libraries were constructed for the general 

housekeeping sigma factor rpoD and screened for improved behavior under a 

number of different selective conditions41.  The broad potential utility of this approach 

for many applications was shown by identifying rpoD mutants that respectively confer 

enhanced ethanol tolerance, enhanced lycopene production capability, and dual 

ethanol/sodium dodecyl sulfate tolerance.  The relative success in each of these 

applications in addition to work in yeast described above highlight the significant 

potential of this approach in other areas.  
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Exploiting the apparent flexibility in high level, highly connected proteins that 

govern fundamental cellular processes in metabolic engineering applications may be 

an attractive option to enhance existing strains, or to partially replace portions of 

conventional designs that call for complicated, multiple target modifications.  In a 

sense, these data are forcing researchers to rethink the commonly held belief that 

highly connected proteins that perform critical cellular functions are effectively off 

limits when it comes to design efforts.  Furthermore, from a basic research 

standpoint, the apparent malleability of these important proteins fundamentally 

related to transcription, in particular, represents yet another indication that this 

process, once thought to be reasonably well understood, is indeed far more complex 

than previously suspected42. 

6.4 The relatively simple genetic basis for adaptation 

One of the more notable findings throughout this work is that relatively few 

mutations seem to underlie adaptation to the environmental perturbations studied 

herein.  With just two exceptions (strain LB had zero identified mutations (§5.3.1) and 

strain GC had a large duplication (§4.1.1) whose functional effect remains 

unexplored), between one and six mutations were identified per strain subjected to 

whole genome resequencing.  Furthermore, in the glycerol-adapted strains the 

identified mutations seemed sufficient to completely account for the observed fitness 

gain following laboratory evolution.  The large fitness gain conferred by these few 

mutations, particularly in the case of the glycerol-adapted strains18, is certainly striking 

but not altogether surprising as even in the context of cancer, mathematical modeling 

studies have shown that only a few mutations occurring at normal mutation 

frequencies are sufficient to confer the cancerous phenotype within human 
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lifespans43.  Furthermore, whole genome resequencing of H. pylori found that 

relatively few mutations were sufficient to confer metronidazole resistance in H. 

pylori13 (discussed in more detail in §7.3). 

Another interesting observation was the degree of parallelism observed in 

these experiments.  A common question across recent adaptive experiments is how 

often the same set of mutations will be acquired by parallel evolutions.  Fisher’s 

geometric model describing optimum fitness solutions in adapting organisms 

suggests that parallel adaptive trajectories should be common among repeated 

adaptation experiments44, keeping in mind that clonal interference could complicate 

this process.  Adaption of small targets like bacteriophage genomes45 and single 

genes transferred to a new organism and temperature46 found fifty-percent or more of 

the mutations consistently recur in repeated experiments, though the bacteriophage 

study demonstrated that the adaptive trajectories varied.   

In bacterial systems, the potential for improvement is spread over a broader 

range of genes, making consistent selection of a single adaptive walk less likely.  

Analysis of the strains evolved for 20,000 generations by seasonal serial passage on 

glucose-supplemented minimal medium revealed that many of the effected genes 

were mutated in most strains, though rarely was a specific mutation within a gene 

repeated10,23,32.  This result is similar to the findings presented herein with adaption to 

glycerol (§4.1.1 and §4.3.1), although the frequent acquisition of identical mutations in 

rpoC (Δ3611-3619) and glpK (gene position 218) (Figures 4.6 and 4.7) are striking 

examples of identical parallel mutations.  Similar findings were made in the L-lactate 

adaptated strains, although to a lesser extent as similar systems were targeted but 

not necessarily the same genetic loci.  In sum, these results suggest that adaptive 
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paths in bacteria are frequently parallel on the scale of the effected genes and 

systems but not necessarily the particular mutation. 

Another phenomenon that was observed, while not as pervasive but equally 

as interesting, is the acquisition of premature stop codons and deletions that extend 

through the end of certain genes during adaptation.  For example, a premature stop 

codon identified in hepA from Strain LD in the L-lactate adaptation experiments yields 

a protein truncated by 79 amino acids.  Furthermore, previous analysis of glycerol-

adapted strains identified a premature stop codon in rpoS that results in the 

previously noted 84 amino acid truncation26 in strain G1.  A smaller 5 bp deletion at 

the end of adenylate cyclase (cyaA) was also detected in this same strain, also likely 

resulting in a slightly truncated product18.  Furthermore, two deletions that extend 

through the end of genes in strain G2 were identified, namely in pdxK and rph18.   

Whether these results imply a sort of primitive bacterial alternative splicing 

mechanism by altering the respective activity of these proteins by way of truncation, 

or simply reflect the effective inactivation of these proteins remains to be determined.  

An alternative possibility with regard to the 3′ mutations in pdxK and rph is that these 

deletions could result in transcriptional attenuation of neighboring genes by full or 

partial deletion of a terminator sequence, for example.  This notion is certainly 

intriguing, particularly given that one of the L-lactate-adapted strains acquired a 

mutation in rho, which is a factor that plays a key role in the termination of many E. 

coli genes.  Furthermore, one of the RNAP mutations observed in the glycerol-

adapted strains is known to have altered transcriptional termination properties (§4.4).  

Further investigation is certainly required, however, prior to drawing any hard 

conclusions regarding the nature of these types of mutations.   
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Notably, none of the mutations thus far identified in these laboratory evolution 

strains are located in intergenic regions.  Intergenic mutations in transcription factor 

binding sites, for example, represent a potential mechanism to specifically target 

certain loci.  In yeast, for example, transcription factor binding site changes at 

otherwise isogenic loci seem to directly account for differential fermentative growth 

ability among several distantly related yeast species47.  Furthermore, so-called 

promoter-generating mutations were shown to rescue mutant E. coli and P. putida 

strains from auxotrophy by acquiring mutations in promoterless constructs containing 

the required biosynthetic genes introduced into the strain48,49.  As noted throughout 

the work described herein for adaptation to glycerol and L-lactate, however, 

transcriptional regulators themselves seem to be the mutational target, despite the 

potential for negative pleiotropic effects. 

So-called mutator genotypes were also not observed during adaptation.  

Mutator strains are frequently observed in antibiotic resistant microbes and typically 

acquire mutations that render methyl-directed mismatch repair systems defective, 

ultimately resulting in higher mutation rates.  These strains could be thought to have a 

competitive advantage in selective environments given that their increased mutation 

rate would increase their supply of adaptive mutations.  In Enterobacteriacae, P. 

aeruginosa, and H. pylori, mutator strains were shown to frequently emerge under 

antibiotic pressure ultimately conferring resistance50-53.  In H. pylori and E. coli, 

however, this characteristic was shown to come with a concomitant fitness cost as 

mutator strains were consistently outcompeted by their isogenic wild-type parent 

strain in antibiotic-free environments53, or lost fitness in secondary growth 

environments54,55.  Mutator strains of S. typhimurium similarly suffered from loss of 
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fitness in secondary environments following experimental adaptation in mice56.  

Based on these observations it seems that just as increased mutation rates increase 

the available pool of adaptive mutations, they also increase the likelihood that 

deleterious mutations are acquired.  This tradeoff may account for the lack of mutator 

strains identified in the laboratory evolution experiments described in Chapters 4 and 

5.  Additionally, the small passage volumes associated with increasing growth rates 

(Figure 4.3) likely minimize the appearance and sweep of mutators that hitchhike with 

beneficial mutations observed in chemostat evolutions5 and seasonal serial passage 

evolutions in which set volumes are passaged daily57. 

In addition to likely preventing the appearance of mutator alleles, the 

diminishing passage volumes, especially toward the end of laboratory evolution, also 

seemed to generally prevent the emergence of hitchhiker mutations.  The one 

possible exception is the yjbM mutation acquired by strain LE that conferred a small 

(~3%) fitness gain individually, and contributed a negligible, or possibly even negative 

effect when added to the crp-ppsA site-directed mutant strain (Figure 5.2).  

Furthermore, at first glance, the murE and dapF mutations in strains GD and GE , 

respectively (Table 4.1), appear to be possible hitchhikers as they make little to no 

fitness contribution18,58.  However, in a rather dramatic exhibition of epistatis, they 

confer a rather large fitness gain when introduced into the respective glpK-rpoBC 

double site directed mutant strain.  The relative fitness advantage of these mutations 

remains unclear.  A possibility includes their correction of a defect acquired by way of 

negative effect to emerge with the acquisition of the RNAP mutation that requires 

altered cell wall component biosynthesis. 
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The kdtA mutation in strain LD offers somewhat similar but contrasting 

example in that it resulted in a null growth phenotype in the absence of amino acid 

supplementation on L-lactate-supplemented minimal medium, and seems to confer a 

negative benefit when introduced into the LD ppsA site directed mutant.  Interestingly, 

however, addition of the LD atoS allele seems to reverse the negative growth effect 

(Figure 5.2).  Determining the time course of acquisition of these alleles by examining 

allelic frequencies during laboratory evolution would be an interesting way to gain 

insight into the dynamics at work here and help clarify the apparent antagonistic 

nature of these mutations.  Nonetheless, these examples highlight that even 

mutations with small apparent fitness effects, seem to play critical roles in adaptive 

processes and are certainly worthy of further investigation. 

In closing, it is certainly noteworthy that similar themes are emerging not just 

in the results presented in this dissertation but also in independently conducted 

laboratory evolution experiments.  The predominant theme appears to be that local 

metabolic mutations are often coupled with mutations that have a global regulatory 

effect the combined effect of which fundamentally drives adaptation to environmental 

perturbations.  The latter finding is quite exciting given that it highlights that even 

highly connected and, as such, critically important portions of the cellular network are 

quite mutable.  Furthermore, these observations are evident regardless of the 

laboratory evolution design, as they emerged in chemostat, seasonal serial passage, 

and exponential growth serial passage schemes (Table 6.1).  These previously 

reported independently generated strains did not have the benefit of whole genome 

resequencing, however.  It will certainly be interesting to see if these themes continue 

to pervade with future resequencing efforts of these laboratory evolution strains.  
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Additionally, and perhaps more interesting, it will be fascinating to determine if these 

themes extend to other perturbations such as genetic perturbation by way of gene 

addition or deletion, or antibiotic challenge.  In any case, the stage is set for some 

exciting work to be conducted in the coming years that will continue to provide 

significant insight into the nature of adaptive processes. 

Chapter 6, in part or in full, is a reproduction of the material as it appears in 

Joyce AR and Palsson BO.  Themes emerging from evolution in the lab. In 

preparation (2007).  The dissertation author is the lead author on this manuscript and 

the co-author supervised and participated in the project. 
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Chapter 7 

Concluding Remarks: Where Do We Go From Here? 

An alternative view is that this feeling that understanding is just a few 
steps away is a recurring and necessary delusion that keeps scientists 
from dwelling on the extent of the complexity they face and how much 
more remains to be discovered. 

Martin Raff1 

In this quotation from an editorial that appeared in Science in 1996, Martin 

Raff offers a contrasting rationale for the general optimism within the field of 

developmental neurobiology that at the time was confident that the major factors 

associated with this vastly complex field would be known by the turn of the century 

leaving only the details of mechanisms to be worked out.  This hopeful notion, as Raff 

surmised, proved premature, of course, as much work remains to be done.  Over the 

last several years, the general optimism associated with the emergence of systems 

biology as a discipline can be considered in much the same way.  The completion of 

the human genome and subsequent development of post-genomic technologies have 

created quite a stir and roused the imagination of scientists and the general public 

alike with the idea that the research community is on the verge of truly understanding 

biology, and perhaps more importantly on the brink of conquering disease. 

To be sure, the use of post-genomic technologies and related computational 

models continues to expand the capabilities of life sciences research.  Impressive 

research efforts are now tackling problems of types or on scales that were simply 

inconceivable not too long ago.  However, these new developments do not and 

should not in most cases supplant traditional, sometimes called reductionist, efforts in 
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biological research.  For example, computational models of biological systems in 

particular rely heavily on these experiments which provide measurements used to 

derive important model parameters that in most cases cannot be provided at the 

required level of precision by post-genomic techniques.   

Furthermore, traditional experimental work often fundamentally drives genome 

annotation efforts, which are relied upon heavily by computational modeling efforts to 

provide their content.  Biological models are and will always be fundamentally 

constrained in scope by the number of characterized components associated with the 

system of interest.  Similarly, post-genomic technologies also rely heavily on these 

detailed annotation efforts.  A differentially expressed gene strongly associated with 

cancer, for example, which lacks annotation is of far less direct utility to 

understanding the condition than one whose function has been previously 

determined.  To provide a concrete sense for the significance of this issue, 1803 of 

the 4510 loci included in the latest annotation for E. coli5 are annotated as conserved 

or predicted proteins with little to no further experimental evidence to support the 

putative annotations.  In other words, nearly 40% of the genes in the best studied 

organism to date remain poorly defined.    

In addition, these high throughput experimental and computational techniques 

should not stray from the long standing ideal of rigorous experimental design with 

their use in research.  With regards to high-throughput experimentation, it goes 

without saying that fundamental biological findings will rarely simply fall out of a large-

scale efforts that lack proper controls or careful thought devoted to how exactly the 

system is being perturbed, when samples should be taken, and how samples should 

be handled and prepared7.  Similarly, modeling efforts ideally will take care to test or 
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at least relate to specific biological phenomena using relevant experimental data as a 

guide.  In the absence of such considerations these efforts, however substantial, 

could ultimately remain little more than theoretical exercises.   

 Keeping these ideas in mind, this concluding chapter will discuss the work 

presented in this dissertation in a broader context.  A special emphasis will be placed 

both on how these efforts can be extended directly through similar lines of 

investigation, and also on their more indirect implications for other areas of basic and 

applied research.  Additionally, a viewpoint of where systems biology currently stands 

and seems to be headed as it matures in the coming years will be presented 

throughout.  

7.1 The next big challenge facing constraint-based modeling 

 The constraint-based modeling approach has proven immensely successful 

for computationally representing and analyzing metabolism8,9.   Additional efforts are 

showing great promise for using this methodology to model additional cellular 

systems, an example of which was described in Chapters 2 and 3 for modeling 

transcriptional regulatory networks.  Furthermore, independent work has produced a 

scalable, constraint-based framework to capture the metabolic requirements for gene 

expression and protein synthesis directly from the genome sequence10, and this 

approach has recently been utilized to represent the E. coli RNA and protein 

synthesis network11.  In addition, a constraint-based approach to modeling cell 

signaling networks has been developed12 and applied to the human B-cell JAK (Janus 

activated kinase)-STAT (signal transducer and activator of transcription) signaling 

network13.  Each of these approaches relies on the same basic principles used to 

model metabolic networks using a stoichiometric formalism.  The key insight is to 
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treat these molecular processes as a series of biochemical transformations that can 

be represented as individual reactions and ultimately simple mathematical equations.   

However, as the field currently stands, each respective framework produces 

models that exist as independent entities.  Arguably, the ultimate goal of systems 

biology is to integrate data from disparate sources and generate comprehensive 

models that reflect biological reality for entire cells.  Therefore, these constraint-based 

Figure 7.1 | The next big challenge: model integration. To date, constraint-based 
modeling and analysis has achieved its greatest success in representing and analyzing 
metabolic networks.  Additional efforts, however, have begun to apply this approach in 
computationally representing many other cellular processes including those shown in the 
above conceptual figure.  Thus far, however, these models have been developed and 
analyzed in isolation despite the obvious interrelation of these systems.  As shown above, 
cellular signals, or inputs, are recognized by the cell signaling network, which in turn 
stimulate regulatory processes.  These regulatory processes mediate RNA and protein 
synthesis ultimately leading to the production of enzymes that perform metabolic 
processes that result in cell growth and/or maintenance.  The dashed arrows highlight the 
interconnectivity of these networks in the form of shared molecular components or 
feedback mechanisms.  In principle, the constraint-based formalism can be used as a 
platform to capture these systems into a single, comprehensive picture.  Accordingly, one 
of the next major challenges facing the field is to integrate these models of disparate 
cellular processes, thus pushing toward one of systems biology’s foundational goals: to 
computationally represent and analyze models of entire cells and biological systems. 
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modeling strategies present an opportunity to take a significant step forward in 

realizing this aim through integrative modeling efforts.   

To elaborate, the interconnectivity between these distinct networks is clear.  

For example, a simplistic, but illustrative conceptual picture (Figure 7.1) can be 

envisioned in which system inputs are recognized by cell signaling networks that in 

turn stimulate regulatory processes.  These regulatory processes mediate RNA and 

protein synthesis ultimately leading to the production of enzymes that perform 

metabolic processes and lead to cell growth or maintenance.  Additional connectivity 

between the systems also exists in the form of feedback processes and shared 

currency metabolites such as ATP and GTP, for example.  Thus, in principle, the 

stoichiometric and pseudo-stoichiometric representations of the RNA and protein 

synthesis, cell signaling, transcriptional regulatory and metabolic networks could be 

integrated into a unified model of the cell.  While there are certainly computational 

challenges that will need to be overcome in order to facilitate the development and 

analysis of such a model, this notion seems feasible and is sure to be tackled in the 

near future.  Representing additional, more complicated cellular processes, such as 

differentiation and development, as well as accounting for multicellularity (although 

recent efforts in developing symbiotic multiorganism models14 represent a step 

forward in this regard) await novel research efforts and represent open problems to 

be addressed in the more distant future. 

It should be noted, of course, that integrative efforts on this scale may suffer 

from diminishing returns.  The scale of such an integrated model may challenge even 

the robust computational capabilities that exist today, thus limiting their general utility.  

Furthermore, the computational accuracy of model predictions may begin to suffer as 
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more constraints are introduced.  In a sense, this situation could give rise to the 

somewhat paradoxical state of affairs, similar to the overfitting problem that can 

plague data mining efforts, where as models become more comprehensive in content 

they actually become more limited in their simulation capabilities and accuracy.  

Nonetheless, the field will benefit from the knowledge gained in either case so that 

efforts going forward can be tailored appropriately.  

7.2 Adaptive evolution as a discovery platform 

 Much of the work presented in this dissertation, notably Chapters 4-6, 

highlight the long recognized notion that laboratory evolution is a powerful discovery 

tool.  The workflow established over the past several years and discussed at length in 

this dissertation, represent a platform for discovery on many levels of biological 

research.  Furthermore, the mutations identified and associated site-directed mutants 

effectively provide a set of reagents that lay the foundation from which a variety of 

follow-up studies can be launched.  For example, much of the work presented on the 

laboratory evolution strains in this dissertation could be categorized simultaneously 

as systems biology, molecular biology, and population biology research.   

To further clarify the point, the tools of systems biology were critical in 

determining all of the sequence changes acquired during adaptation15 (§4.1.1 and 

§5.3.1), acquiring systemic gene expression measurements for the adapted strains16 

(§4.1.2 and §5.1), and generating genome-wide RNAP-binding profiles for adapted 

strains and associated RNAP mutant (§4.3.3).  These data in turn helped shed light 

on the cellular components and subsystems adjusted during adaptation and 

highlighted that even the most highly connected nodes (i.e. crp and RNAP) are highly 

malleable during adaptation. 
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Furthermore, these systemic efforts ultimately enable more traditional 

molecular biology studies such as the described site-directed mutagenesis work 

(§4.1.1 and §5.3.2), the glpK (§4.1.3) and RNAP (§4.3.4) in vitro kinetic analysis, and 

the detailed gene expression assessment of ppsA (§5.3.3).  Additionally, population 

biology studies are also facilitated by laboratory evolution.  In the simplest case, 

analysis of the time course of multiple adaptive populations in parallel (§4.1, §4.3.1, 

and §5.1) represent one type of study in this field that could be use to assess 

convergent versus divergent adaptation paths.  Furthermore, once adaptive 

mutations are identified, their frequency in populations over time can be tracked15 to 

study population biology phenomena such as clonal interference17.  Direct 

competitions of strains as well as adaptive alleles in isolation and in combination can 

also be used in population studies of the fitness landscapes that fundamentally 

underlie these laboratory evolution experiments18.  

It should be noted that these adaptive evolution studies do require a 

somewhat altered perspective on the traditional ideal of hypothesis driven research.   

Notably, although some of the identified changes can be readily interpreted a 

posteriori, they seem hard to predict or hypothesize a priori19.  For example, although 

alleviation of a flux constraint in glycerol kinase appears intuitive in hindsight, there 

are several other genes uniquely associated with glycerol uptake and metabolism, yet 

glpK appears to be the only mutational target.  Therefore, while the standard ‘bottom-

up’ approach of a priori hypothesis testing of specific genes or molecular processes is 

possible in this context, it could be inefficient and ultimately unproductive.  

Accordingly, the logic of hypothesis building in this setting may be better 

suited if begun with a physiological question; for example, ‘can E. coli grow as fast at 
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45°C as at 37°C following adaptation by laboratory evolution?’.  If the answer is 'yes' 

then the question becomes ‘through what molecular mechanisms was the improved 

growth rate achieved'?  This and similar questions can then be addressed by full 

scale re-sequencing, identification of mutations, assessment of their causality, and 

examination of the changes in the properties of the gene products.  The product of 

this follow-up work can then serve as the basis for a synthesis of understanding of the 

systematic changes that occur in the underlying molecular processes, thus 

fundamentally addressing how genotype relates to phenotype and gives rise to traits 

that confer increased fitness.   

This progression could be called 'top-down' hypothesis building.  To some, 

this viewpoint will undoubtedly be less than satisfying, but it does seem more 

palatable than the strictly “data-driven” approach to hypothesis building attributed to 

certain systems biology efforts, sometimes labeling the field as little more than stamp 

collecting20.  Nonetheless, as highlighted perhaps most strikingly by the unexpected 

and repeated mutation of RNAP during glycerol adaptation15 (§4.3.2), the discoveries 

arising from these efforts are of great value, not only from the perspective of better 

understanding adaptation, but also from gaining novel structure-function insights from 

the identified mutated gene products. 
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7.3 Dual causation in biology: applied adaptive evolution 

To suppose that the eye with all its inimitable contrivances for 
adjusting the focus to different distances, for admitting different 
amounts of light, and for the correction of spherical and chromatic 
aberration, could have been formed by natural selection, seems, I 
confess, absurd in the highest degree. 

Charles Darwin21 

The adaptive evolution results presented in this dissertation represent 

advances strictly in terms of basic research.  While certainly interesting and 

informative, it would be unreasonable to extend or speculate on their implications 

outside of the microbial world to higher organisms.  Nonetheless, this work does have 

important potential implications in applied settings.  Perhaps chief among them is in 

the field of metabolic engineering22.  This field aims to engineer organisms to 

optimally produce chemicals and biochemicals by modifying their properties in 

targeted ways.  Furthermore, given the current geopolitical and socioeconomic 

climate, significant interest is turning toward using microbes to generate next 

generation biofuels through metabolic engineering23.  In recent years microbes have 

been genetically modified via the introduction, deletion, or overexpression of enzyme 

catalyzed-reactions or pathways to produce a wide ranging array of products from the 

potential nutriceutical lycopene with apparent anti-cancer and antioxidant 

properties24,25, to the anti-malarial compound artemisinin26. 

 Traditional metabolic engineering design strategies (represented by the green 

trace in Figure 7.2) often perform quite well initially following the implementation of 

the desired modifications.  Over time, however, these strains can lose their 

productivity due to various negative effects on the organism such as the downstream 

production of harmful byproducts, or through compensatory feedback mechanisms 
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that work against the desired production properties in an effort to restore 

homeostasis.  Furthermore, many strain designs rely on plasmid-based strategies 

that require selection and can be generally unstable due to copy number fluctuations, 

for example.  This situation therefore generally restricts bioprocessing environments 

to batch or fed-batch cultures and requires cell-line banking strategies as cultures 

must be started from frozen stocks each time. 

Figure 7.2 | Adaptive evolution meets metabolic engineering: a transforming 
innovation?  This figure depicts the potential impact that adaptive evolution could have in 
metabolic engineering applications.  Current strains used in industrial applications 
(represented by the green line above) often suffer from issues of instability and require 
various quality control protocols to be properly maintained.  Even in the case when strains 
initially perform well, as measured by high product secretion rates of the target molecule, 
strains can lose critical plasmids over time, for example, resulting in declining performance 
over time.  Future engineered strains (represented by the red line above) offer an exciting 
alternative by incorporating adaptation into the design strategy.  These strains could be 
subjected to adaptive evolution, if designed properly using OptKnock2,4 or similar strategy, 
self-optimize their growth and secretion properties, and open the potential for metabolic 
engineering in a continuous processing environment.  Therefore, even under the 
circumstances where these strains initially perform poorly relative to their traditionally 
designed counterparts, over time they will likely achieve higher performing, stable strains 
secreting the target molecule at higher rates.    
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 The development of genome-scale models and associated analytical tools that 

have a broad systemic perspective offer a powerful alternative approach to metabolic 

engineering.  The constraint-based models introduced in §1.3.3 and §1.4, in 

particular, provide a platform to quickly verify that knockout or gene addition 

strategies do not interfere with the cell’s ability to grow, and further that the desired 

compound will be produced.  A striking advantage in favor of this tool is that these 

steps can be accomplished without stepping foot in the wet lab thus cutting 

dramatically paring development time and required resources.  Furthermore, 

sophisticated methods have appeared in recent years to use genome-scale models to 

explicitly direct strain design efforts.  In particular, the computational strategy known 

as OptKnock2,27 identifies strain designs that couple the cellular growth objective with 

the production of a desired biochemical compound.  The key insight of this technique 

centers on its identification of design strategies (either gene additions or deletions) 

that produce target compounds while simultaneously maximizing the metabolic 

precursors required for cell growth.  Due to this coupling of product secretion and 

growth objectives, designs can be selected such that the secretion rate of the target 

product increases in concert with increasing cellular growth rate.  This notion opens 

the door for using laboratory evolution to concurrently drive increases in cellular 

growth and target molecule production rates. 

 In fact, a proof-of-concept study that follows this workflow was recently 

conducted by implementing several OptKnock strain designs for the production of 

lactic acid by E. coli and then subjecting these strains to adaptive evolution in an 

effort to enhance their growth and lactate secretion rates4.  In agreement with the 

conceptual framework upon which OptKnock is based, each of the three designs (two 
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double deletion strains and one quadruple deletion strain) exhibited significant gains 

in growth and lactate secretion rates during laboratory evolution. 

 This computational work, in addition to more recent strategies that improve 

computational tractability3, and the initial associated experimental success provide a 

foundation for an innovative phase in metabolic engineering going forward.  While this 

strategy has been thus far only implemented in E. coli, its extension to other 

organisms with more desirable growth properties (e.g. tolerance of ethanol, pathways 

to utilize of cellulosic feedstocks, etc.) is only dependent on the availability of an 

associated computational model.  Furthermore, the incorporation of many of the post-

genomic technologies described throughout this dissertation to characterize evolved 

strains offers the possibility of extending this approach into an iterative framework 

(Figure 7.3).  For example, genome-scale characterization following strain design, 

implementation, and adaptive evolution may suggest improvements that can be 

implemented directly, or can be factored into the model for another round of strain 

design prior to re-entering the workflow loop.  In principle, this iterative methodology 

should enhance significantly strain optimization and improvement efforts. 

In all likelihood whole genome re-sequencing will be most informative for 

strain characterization and improvement, as was the case for the glycerol- and 

lactate-adapted strains described in Chapters 4 and 5.  It will be interesting to 

determine if the metabolic capacity coupled with a global regulatory adjustment 

paradigm described in Chapter 6 holds for metabolic engineering strains as well.  In 

addition, re-sequencing data derived for these strains will be especially useful in 

guiding strain improvement efforts.  For example, mutated gene products may help 

identify bottlenecks in terms of strain growth or target molecule production.  By 
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combining identified mutations from independent strains using site-directed 

mutagenesis one may be able to further enhance growth and production properties, 

although additional mutations in fully adapted strains may be superfluous if an 

already identified beneficial mutation acts in similar fashion28.   

Furthermore, mutated targets may also serve as good candidates for directed 

evolution screens to identify more beneficial mutations in isolation or in combination.  

Figure 7.3 | Metabolic engineering as an integrative and iterative process.  The 
convergence of genome-scale computational models and analytical tools with laboratory 
evolution and strain characterization tools is enabling a new approach to metabolic 
engineering.  (1) Strains can now be designed to meet metabolic engineering objectives 
using OptKnock2 or other genome-scale model enabled approaches3 and (2) implemented 
in the lab by knocking out or introducing genes as appropriate.  (3) Designed strains can 
then be subjected to adaptive evolution in the laboratory, allowing the organism to self-
optimize growth and production rates, as shown schematically in panel 1 as the strain 
begins at t0 and attains optimal characteristics at tf after laboratory evolution.  (4) Strains 
can then be characterized using traditional and post-genomic approaches to identify 
potential bottlenecks through standard data analysis as well as model-based diagnostic 
techniques6.  These findings then could be accounted for in closing the cycle by entering 
another round of strain design.  This iterative process that integrates computational 
modeling, standard and post-genomic molecular biology, as well as adaptive evolution 
techniques in principle could be continued until converging on a production strain that 
meets the desired objective.  
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Researchers are beginning to use random mutagenesis coupled with appropriate 

screening conditions to identify desired characteristics in metabolic engineering 

strains with great success.  For example, transposon library screens using previously 

developed strains designed for lycopene production yielded strains with enhanced 

capabilities29. Alternatively, error prone PCR-based systems used to introduce 

mutations into components of the yeast and E. coli global transcriptional machinery 

(also discussed in §6.3) have also proven effective in isolating strains with enhanced 

production capabilities30,31.  The combination of comprehensive mutation identification 

through whole genome resequencing with this latter mutagenesis strategy certainly 

seems like an attractive proposal to further enhance the properties of metabolic 

engineering strains. 

Looking beyond metabolic engineering applications, another obvious 

extension of this work could be found in studies of antibiotic resistance in the context 

of infectious disease.  It is well appreciated that given enough time and sublethal 

exposure due to patient noncompliance, increasing prevalence of antibiotics in the 

food supply, or the proliferation of antibacterial hygiene products, pathogenic 

microbes can adapt and become resistant to antibiotics32.  Furthermore, multiple 

antibiotic resistance has emerged as a major public health concern32-34.  One could 

envision using a similar general experimental framework to the one discussed 

throughout this dissertation to investigate the development of resistance to antibiotics, 

to understand the underlying mechanisms, and possibly to suggest new therapeutic 

strategies.  Just as growth rate was used as the selective pressure to study 

adaptation to suboptimal growth substrates in Chapters 4 and 5, low doses of 

antibiotics could be used directly as a selective pressure to study how bacterial 
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pathogens develop antibiotic resistance in a controlled environment.  A recent study 

showed the promise of this idea by studying metronidazole resistance in H. pylori35.  

Following adaptation by serial passage on plates containing increasing 

concentrations of metronidazole, whole genome re-sequencing by Nimblegen CGS 

was used to identify resistance related mutations in two lineages of H. pylori and 

further used to establish the adaptive path taken by the organism in developing 

resistance. 

In principle, this experimental workflow could be used to study adaptation of 

any pathogen to any antibiotic, taking care of course to properly consider all safety 

and ethical implications given the sensitive nature of this work both for the 

researchers involved directly and also for the general public.  Perhaps more 

interesting, however, is the potential to use this strategy prospectively in testing the 

efficacy of new approaches to combating pathogenic microbes.  Many researchers 

are currently developing next generation antibiotics some of which employ the 

conventional technique of modifying naturally generated toxins used in the wild by 

bacteria to outcompete other species, and others that go beyond these traditional 

approaches.  For example, tigecycline is a recently FDA-approved derivative of 

tetracycline that has shown wide-ranging success in a variety of gram-positive and –

negative as well as anaerobic and certain known multidrug resistant pathogens36.   

Additional efforts are focusing on a dual target approach, for example by 

simultaneously interfering with DNA gyrase and topoisomerase IV37, in which multiple 

antibiotics are delivered in tandem.  Initial studies have shown promise as indicated 

by virtually undetectable levels of spontaneous resistance.  Another more innovative 

approach is rediscovering bacteriophages or purified phage components in 
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developing new antimicrobials38.  Cocktails in which multiple phages are delivered 

simultaneously, a strategy that is quite similar to the previously described tandem 

antibiotic approach, have proven effective in agricultural applications, but its 

extension to humans is contingent on overcoming significant regulatory hurdles. 

Common practice for testing these types of new therapeutics involves 

determining their efficacy upon initial exposure and, in some cases, their susceptibility 

in strains with well characterized resistance schemes is also examined to determine if 

known resistance mechanisms act on the antimicrobial treatment.  This latter situation 

is relatively rare, however, and in general little regard is paid to how the targeted 

pathogen might eventually circumvent these treatments through known or novel 

resistance mechanisms that might emerge during prolonged exposure.  An empirical 

test of new antimicrobials using adaptive evolution coupled with downstream analysis 

of the specific adaptive changes by way of whole genome resequencing and 

additional relevant techniques would likely be of great value.   

In the context of the above novel antimicrobial examples, although tigecycline 

appears effective against strains known to be resistant to other tetracycline-based 

compounds, it would be valuable to identify other potential mechanisms of resistance 

prior to introducing the product in practice.  Similarly, despite the early success of 

tande antibiotic treatments and bacteriophage cocktails, a more rigorous assessment 

of their efficacy over longer periods of exposure seems prudent.  Carefully controlled 

adaptive evolution experiments using new therapeutics as the selective pressure 

would assist in addressing these issues by not only determining the mechanisms by 

which a pathogen might achieve resistance but also by potentially yielding insight into 

the time course of adaptation.  These added pieces of information could suggest 
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modifications to the treatment in terms of recommended dosage to slow or prevent 

the development of resistance and also could suggest additional targets to consider 

in refining the composition and timing of the therapy.  In addition, the results of such 

experiments could be used to prioritize therapies for further development.  For 

example, those treatments to which resistance is exceedingly slow to develop, or in 

the best case, apparently nonexistent, should be given precedence in terms of 

bringing the therapies to market. 

As noted previously, however, great care must be taken in selecting the 

appropriate experimental design to minimize risk to the researchers directly involved 

in addition to the public at large.  For example, attenuated strains that pose little harm 

to individuals should serve as test cases to prevent the generation of so-called 

superbugs33 that would only exacerbate this public health issue.  Furthermore, it must 

be kept in mind that controlled laboratory environments are excellent from a scientific 

standpoint, but fail to reflect many of the realities of nature.  For example, many 

microbial resistance strategies involve acquiring exogenous genetic material from the 

environment in the form of plasmids, bacteriophages, and horizontal gene transfer 

from other organisms32, a situation that would not be possible without modification to 

the standard laboratory evolution setup described in this dissertation.  One such 

option would be moving to whole animal models as was done in a study of 

experimental adaptation of Salmonella typhimurium in mice39, although this type of 

design would require a significant increase in resources to carry out.  Despite these 

caveats the use of adaptive evolution in this setting has the potential to make a 

positive impact and should be further explored. 
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One final application, although vastly less developed than the above ideas 

and perhaps more than a bit whimsical in nature, would find a role for adaptive 

evolution in medicine.  Many recent efforts are drawing fundamental links between 

the gut microbiota and human immune system development as well as general health 

and disease processes40-43.  It seems reasonable to consider that as the nature of 

host-gut microbe interactions are further elucidated43-46, opportunities for the 

improvement of human health may emerge by altering the composition of commensal 

microbes in the gut.  In particular, an approach that involves engineering gut 

microbes to enable, for example, enhanced formation of cancer protective molecules 

like butyrate or reduced production of cancer promoting molecules from protein-rich 

diets41, followed by laboratory evolution to enhance their ability to compete in the 

complex gut microenvironment, could in turn offer significant benefits to the host (i.e. 

the unhealthy individual) upon recolonization  While many significant hurdles stand in 

the way of putting such an idea into practice, it may provide an useful alternative 

avenue to traditional drug or dietary supplement development efforts aimed at 

treating complicated, chronic diseases. 
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7.4 Systems biology moving forward: The importance of 

integration 

There are many examples of old, incorrect theories that stubbornly 
persisted, sustained only by the prestige of foolish but well-connected 
scientists. ... Many of these theories have been killed off only when 
some decisive experiment exposed their incorrectness. ... Thus the 
yeoman work in any science, and especially physics, is done by the 
experimentalist, who must keep the theoreticians honest. 

Michio Kaku47 

While this quote was written in 1994 with regards to the need for and 

importance of a tight synergy between theoreticians and experimentalists in physics, 

the sentiment is equally applicable to systems biology research.  Systems biology is 

often characterized by the derivation of models that take various forms just as the 

derivation of laws that govern physical principles is at the heart of research in the 

physical sciences.  In both fields the interplay of theoreticians that derive biological 

models or physical laws and experimentalists who confirm, refute, and refine them is 

critical for success in each respective field.  Success, of course, is a subjective entity, 

but could be generally considered as achieving reasonably good agreement between 

theory/model and experimental data, and in so doing move toward being predictive 

when simulating novel situations.  Using these thoughts as a guide, this section 

discusses issues critical to the continued progression of systems biology as a field by 

highlighting the importance of integration in this context of model building as well as 

in the related context of ‘omics’ data analysis, and concludes with a discussion of 

challenges currently standing in its way.   



224 

 
 

7.4.1 Building better models: marriage of theory and experiment 

Building on the above ideas and focusing on systems biology, while the many 

models of various biological systems that are appearing are interesting and 

potentially useful in their own right, without the aid of experimental data for 

benchmarking or refinement, they run the significant risk of straying from the 

biological system of interest, and thus losing practical value.  Therefore, the 

importance of integrating theory and experiment in systems biology cannot be 

overstated. 

The practice of iterative model building48 that is being increasingly adopted in 

systems biology represents a good example of coupling model and experiment.  In 

the context of constraints-based modeling, high throughput data is used to evaluate 

model predictions, the discrepancies of which serve as opportunities to improve the 

model.  Recent efforts have used gene expression data, ChIP-chip data, and high 

throughput phenotyping data to identify poorly represented portions of the model48-50.  

Using this information as a guide, the model can then be updated accordingly, with 

the ultimate goal of continually iterating in such a fashion to close in on increasingly 

accurate models of the system. 

Exciting new research efforts are revealing how these integrative strategies 

can be used as discovery tools, as well.  One such approach again uses high 

throughput phenotyping data in conjunction with potential metabolic model 

modifications to identify putative reactions likely to be available to the organism, but 

not yet included in the model51.  While this work was conducted successfully in E. coli, 

this integrative strategy has the broader potential to revolutionize the annotation of 

lesser studied microorganisms.  A related approach analyzes potential model 
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configurations (i.e. by varying the availability of pathways) in the context of available 

experimental data to effectively debug observed discrepancies between experimental 

measurements and model predictions6.  This application has significant potential in 

aiding metabolic engineering efforts by helping to identify and rectify production 

bottlenecks, for example. 

7.4.2 Integrating ‘omics’ data to ask big questions  

 Along similar lines, ‘omics’ data is often best utilized when integrated with 

complimentary, alternative ‘omics’ data sets.  In most cases, high throughput data of 

any type is informative in its own right.  However, significant value can be gained by 

analyzing such data in the context of other omics data types.  Taking an example 

from Chapters 4 and 5, the initial gene expression data acquired for the glycerol- and 

L-lactate-adapted strains16 (§4.1.2 and §5.1) were difficult to interpret in isolation.  

The addition of whole genome re-sequencing data, in particular, however, vastly 

enhanced our ability to interpret the data set (§4.1.1 and §5.3.4), and vice versa in 

reciprocal fashion.  

 In fact, many efforts are capitalizing on using this integrative approach to 

address areas of fundamental interest (Figure 7.4).  Some obvious examples include 

the many researchers using ‘omics’ integration to identify potential annotations for 

genes of unknown function52.  Perhaps more interesting, however, are the many 

investigations that are aimed at delineating systems-wide behaviour in addition to 

others that are addressing fundamental evolutionary questions through ‘omics’ 

integration.  In a sense, by integrating multiple ‘omics’ data sets to form networks and 

subsequently determining their functional states, we are now able to address both 

proximal (or system-specific) and distal (or broader-scale) evolutionary questions in 
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biology at a resolution that was previously impossible, as discussed in more detail in 

the next two subsections. 

From scaffolds to functional states  ‘Omics’ integration studies that are 

designed to characterize the behaviour of yeast have pervaded the literature in recent 

years.  One particular line of research that uses integrative techniques revolves 

around identifying all the key players that are involved in the yeast response to 

Figure 7.4 | ‘Omics’-data integration to address interesting biological questions at 
the systems level.  This array summarizes some of the potential biological insights that 
can be gleaned from the pairwise integration of omics data.  Each element in the array 
contains examples of the type of systemic information that can be gained by integrating 
omics data.  Reference numbers are noted in cells corresponding to applications described 
in the main text.  Empty cells represent more challenging integrations where applications 
are less obvious.  It should also be noted that omics data integration need not be limited to 
the two dimensional representation presented here.  Indeed, several researchers have 
extended these integrative analyses, effectively taking omics data integration to higher 
dimensions, by including three or more omics data types.  Some examples of this higher 
order integration are described in the main text.  ChIP-chip, chromatin-
immunoprecipitation-DNA microarray analysis; coAP-MS, co-affinity-purification-mass-
spectrometry; ORF, open reading frame; RNAi, RNA Interference; SAGE, serial analysis of 
gene expression; SNP, single nucleotide polymorphism; yeast 2H, yeast two-hybrid 
analysis.  
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various mutagens.  For example, the integration of single-gene-deletion phenotypic 

screens, localization experiments and protein–protein interaction data has provided a 

systems-level view of DNA-damage responses and the recovery from exposure to 

specific known carcinogens53.  A recent study expanded on this work by integrating 

genomics and phenomics data that were obtained while screening additional 

carcinogens and derived specific insights into the relative importance of DNA-repair 

modules for resistance to each compound54, ultimately revealing new functional 

interactions.  The yeast response to arsenic exposure was also elucidated through 

the integration of phenomics, transcriptomics and protein–protein interactions data55 

in an effort to understand the cellular response to this widespread, non-mutagenic 

carcinogen. 

C. elegans is another model organism that is increasingly being studied at the 

systems level using ‘omics’ data integration.  In particular, these integrative efforts 

have focused on more fully delineating all of the participants that are at work during 

specific biological processes.  For example, phenomics data from RNAi screens 

combined with protein–protein interaction data enabled the recent elucidation of 

additional factors that are involved in the RNAi process56. Integration of these data 

also led to the further elucidation of the Dauer formation family member-

7/transforming growth factor-beta (DAF-7/TGF-β) signalling pathway57, which 

participates in cancer pathogenesis, inflammation and developmental pathways, as 

well as to the identification of possible novel participants in the DNA-damage-

response58 process.  Incorporating gene co-expression data into these types of 

analyses has also allowed researchers to deduce the protein complexes and active 

network components that are responsible for early C. elegans embryogenesis59. 
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The integration of ‘omics’ data is also driving many recent studies in plants.  

Given the huge diversity of metabolic compounds that plants can produce, plant 

researchers have been spurring advances in metabolomic technologies and 

subsequent analytical procedures, many of which rely on the integration of ‘omics’ 

data.  For example, the integration of genomics and metabolomics data is driving 

functional-annotation efforts that assign specific enzymes to previously 

uncharacterized metabolic reactions60.  Transcriptomics and metabolomics data also 

are being integrated to assess the potential for inadvertent systems-wide impacts that 

could result from the genetic engineering of crops61, as well as to analyse the 

nutrient-starvation stress response62 in A. thalania.       

Many studies of human systems are also adopting ‘omics’ integration 

strategies to identify biomarkers that are associated with disease states, to elucidate 

signalling pathway components more fully, and to conduct detailed studies of 

important transcription factor mechanisms and activities.  Recently, metabolomics 

and transcriptomics data were integrated to define prognosis characteristics in human 

neuroendocrine cancers63.  Researchers used transcriptomics signatures to identify 

activated portions of the metabolic network to then direct corresponding 

metabolomics experiments designed to detect specific metabolic changes that are 

characteristic of the most aggressive types of this cancer.  This work ultimately 

resulted in identifying transcriptomics and metabolomics biomarkers for this disorder 

associated with particular pathways that are involved in GABA and imidazole-4-

acetate production, respectively.  Another study used protein–protein interaction and 

proteomics data to elucidate interferon (IFN)-mediated regulation in human liver cells 

more fully 64, which may lead to the enhanced understanding of the host response to 
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hepatitis C virus.  In an additional study, protein–DNA interaction and transcriptomics 

data were integrated from a number of human and mouse tissues to study CREB 

activity65. It was determined that the CREB-target gene activation cannot be 

explained by CREB-binding-site occupancy or the phosphorylation-state of the 

transcription factor alone, but instead, requires the selective recruitment to the 

promoter of other transcription factors, such as CREB-binding protein (CBP), and 

possibly additional cofactors as well.  Each of the above examples highlights how 

‘omics’ data sets can be integrated to provide comprehensive views of model systems 

and therefore better understand their overall behaviour in response to various 

environmental conditions and stimuli. 

Gaining evolutionary insights  In addition to the microevolutionary work 

presented in Chapters 4-6, many macroevolutionary studies are also benefiting from 

multi-‘omics’ datatype integration.  One question of fundamental interest in 

evolutionary biology is what cellular factors distinguish species and are likely to have 

played roles in speciation events, particularly those of close evolutionary relatives?  

For example, given that the chimpanzee and human genome sequence share ~99% 

identity, what other cellular factors account for the many morphological, behavioural 

and cognitive differences that exist between species?  Enard et al.66 used 

transcriptomics and proteomics data to show that significant changes in gene and 

protein expression patterns in brain may play more crucial roles than changes in 

other tissues.  A follow-up study that lends support to this idea integrated genomics 

and transcriptomics data, and identified a trend toward increased protein-coding 

changes between human and chimpanzee in brain-specific genes relative to other 

tissues67.  Additional work investigated brain-region-specific transcriptomes of 
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humans and chimpanzees68 and found general differences between species, 

although these differences were not related to any single brain region. 

Understanding the role played by changes in transcriptional regulatory 

networks throughout evolution is also of central interest.  As briefly noted in §6.4, 

Ihmels et al.69 integrated genomics and transcriptomics data to identify an 

evolutionary ‘re-wiring’ of the Saccharomyces cerevisiae transcriptional regulatory 

network that seems linked to its ability for rapid anaerobic growth.  They first identified 

differential correlations between mitochondrial ribosomal protein and ribosomal-RNA 

gene-expression levels between S. cerevisiae and a distantly related yeast species.  

A specific regulatory motif was subsequently identified in the genomic sequence, the 

absence of which explained the differential correlation patterns and strong 

fermentative growth ability of S. cerevisiae relative to the distantly related yeast 

species.  This association was then confirmed in nine other yeast species.  A similar 

study integrated genomics and transcriptomics data to study the dynamics of the 

evolution of transcriptional regulatory networks by examining ribosomal regulation in 

17 yeast species70. 

7.4.3 Challenges that lie ahead 

The current and potential utility of ‘omics’ integration is clear.  Deriving the 

molecular scaffold that provides the structure of cellular networks, interpreting 

biological data in terms of these scaffolds, and ultimately modelling how cellular 

networks behave in silico will continue to drive systems-level research and our 

general understanding of biological systems (§1.3).  Many challenges exist and must 

be confronted, however, prior to moving the field of systems biology through ‘omics’ 

integration significantly forward. 
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The primary problems facing the field involve data, software and model 

accessibility.  Currently, many, and perhaps most, high-throughput data integration 

efforts rely on supplementary data repositories to disseminate detailed results.  These 

resources are rarely standardized to facilitate downstream analysis by other 

researchers.  Although the data repositories detailed in Table 1.1 are working 

towards alleviating this problem, few are close to achieving the level of consistent 

utility of genomics resources such as GenBank.  The additional confounding issue of 

data reliability and reproducibility must also be appropriately addressed as these 

high-throughput databases mature.  As summarized in a recent editorial71 that 

assesses problems associated with transcriptional profiling, consistent standards for 

representing data — including an assessment of cross-platform and cross-laboratory 

consistency — are important issues that must be carefully considered in order for 

these resources to be of true utility to researchers in the field.   

Similarly, much of the software and code developed in ‘omics’ data integration 

efforts are either not made readily available, or are generally inaccessible to 

researchers who may be interested in applying the associated methods to their own 

problems of interest72.  One of the exceptions to this notion is the Cytoscape73 

software package that facilitates network modelling as well as high-throughput data 

integration and analysis.  The user-friendly interface and variety of analytical plug-ins 

make this tool readily accessible to all researchers.  In addition, the COBRA toolbox74 

represents another significant contribution to the field by making many of the 

commonly used computational analysis techniques8 associated with constraint-based 

models widely accessible to researchers through Matlab software packages and 

freely downloadable libraries.  Similar efforts will be required to make ‘omics’ data 
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integration and analysis as ubiquitous and accessible as a computational tool such as 

BLAST, for example, has become.   

Finally, the issue of making the contents of cellular models available to the 

research community is of primary concern.  As more and more cellular models are 

developed in an effort to fully describe biological systems, their distribution in a 

standardized form is required to facilitate their further development and general utility 

in biological research.  The Systems Biology Markup Language (SBML)75, for 

example, has been developed to provide a uniform framework in which models can 

be represented, and the recently initiated MIRIAM76 project and affiliated databases 

will facilitate the dissemination of uniformly structured and annotated models to the 

research community.  The adoption of these or similar standards will be important to 

the advancement of the field. 

7.5 Final thoughts 

Thus far, systems biology has primarily touched and in some ways 

transformed basic biological research using model systems.  In addition to standing 

on their own, as noted in §7.2 with respect to the laboratory evolution experiments 

presented herein, systems biology efforts also enable more traditional smaller scale 

studies that are equally important to basic research.  Furthermore, these high-

throughput approaches are also beginning to influence clinically relevant applications.  

For example, the budding field of toxicogenomics is being driven by the recognition of 

the potential power in interpreting standard toxicological studies in genomic, 

proteomic and metabolomic contexts77.  Nutrigenomics has also emerged as a field 

that aims to harness ‘omics’ data and systems biology strategies to study the complex 

interaction between the human body, nutritional intake and the environment78.  This 
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field has vast potential to make significant inroads toward understanding and 

developing treatments for the metabolic syndrome and related widespread chronic 

disorders79,80.  Similarly, sports sciences researchers are also working toward using 

‘omics’ data toward understanding adaptation of skeletal muscle to exercise as well 

as obesity81.    

Other medical disciplines also are feeling the impact of the ‘omics’ revolution.  

Multiple ‘omics’ data sets are beginning to shed additional light on the complex, 

chronic inflammatory neurological disease multiple sclerosis82.  Cancer research is 

also benefiting from integrated systems analysis using ‘omics’ data83.  Furthermore, 

based on early signs of promise, many researchers anticipate that these strategies 

will translate into drug-development applications84 and, ultimately, into personalized 

genomic medicine85. 

As touched on at the beginning of this chapter, however, the general optimism 

that is associated with the promise of systems biology, ‘omics’ data integration, and 

personalized health care86 must be tempered by acknowledging a potentially 

unsettling reality.  In this regard, an analogy can be drawn to Gödel’s incompleteness 

theorem, which essentially states that for any formal theory in which basic arithmetical 

facts (or axioms) are provable, it is also possible to construct an arithmetical 

statement that is true but neither provable nor refutable within the theory.  Extending 

this notion in the context of systems biology, the availability of complete information 

that ‘omics’ data potentially represents might not be sufficient to understand all the 

underlying principles that govern the functions of biological systems.  In other words, 

even if we acquire all of the ‘axioms’ that describe a biological system, the associated 

fundamental ‘truths’ that govern that system may not be fully revealed.  Nonetheless, 
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this is certainly an exciting time for the field of systems biology and further 

development of high throughput technologies and analysis techniques, in concert with 

model development and refinement, will continue to significantly impact biological 

research as investigators harness these strategies to tackle difficult and exciting 

problems on unprecedented scales. 

Chapter 7, in part, is a reprint of the material as it appears in Joyce AR and 

Palsson BO. The model organism as a system: integrating 'omics' data sets. Nat Rev 

Mol Cell Biol 7(3): 198-210 (2006).  Chapter 7 also reprints material, in part, from 

Joyce AR and Palsson BO. Toward whole cell modeling and simulation: 

comprehensive functional genomics through the constraint-based approach. in 

Systems Biological Approaches in Infectious Diseases. H. I. Boshoff and C. E. Barry 

III, Eds. Basel, Switzerland, Birkhauser Verlag. p. 265, 267-309 (2007). The 

dissertation author was the primary author for both publications and the co-author 

participated in and supervised the respective projects. 
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Appendix A 

Detailed Nimblegen CGS Results for the L-lactate-

adapted Strains 

Figure A.1 in this appendix tabulates the detailed Nimblegen CGS data for 

the L-lactate-adapted strains discussed in Chapter 5.  All putative mutations reported 

by Nimblegen are listed and color-coded according to Sanger sequencing results 

used to confirm, refute, or identify mutations as a sequence difference between the 

wild-type progenitor strain used in the laboratory evolutions and the reference 

sequence used to annotate the hybridization array.  Single nucleotide polymorphisms 

(SNPs) are listed with respect to the positive strand of the genome; therefore, 

mutations in genes that are encoded on the reverse strand are listed as the 

complement to the actual SNP.  Mutations are grouped according to the strain in 

which they were identified.  The associated gene name and gene position are listed 

for coding mutations, whereas the two adjacent gene names are listed for intergenic 

mutations.  
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Figure A.1 | Nimblegen CGS Data. Strain LA and LB putative SNPs. 
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Figure A.1 continued | Nimblegen CGS data.  Strain LC and LD 
putative SNPs. 
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Figure A.1 continued | Nimblegen CGS Data.  Strain LE putative 
SNPs.  All putative SNPs reported by Nimblegen CGS are tabulated and 
color-coded according to the key at top.  Mutations are grouped by 
strain, secondarily grouped by whether the SNP is coding or intergenic, 
and sorted within groups by genome position.  
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Appendix B 
Strains and Plasmids for L-lactate-adapted Site-
directed Mutants 

This appendix includes tables that report the strains and plasmids used in the 

reconstruction of L-lactate-adapted strains described in Chapter 5.  Table B.1 

summarizes the site directed mutant, or so-called knock-in, strain names and 

genotypes sorted by the associated L-lactate-adapted strains.  Similarly, Table B.2 

lists the plasmid names, alleles, and primers used to clone the alleles for site-directed 

mutagenesis. 

  All mutations are listed with respect to gene position.

Table B.1 | Site-directed mutant strains corresponding to L-lactate-adapted strains.
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Table B.2 | Plasmids and primers used to generate L-lactate adapted strain site-
directed mutants. 

Note that the I-SceI recognition sequence (TAGGGATAACAGGGTAAT)) is appended to 
the beginning of all primers.  Mutation alleles are listed with respect to gene position.  
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