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ABSTRACT OF THE DISSERTATION

The Genetic Basis for Adaptation of Escherichia coli to Growth in Minimal

Media

by

Thomas Conrad

Doctor of Philosophy in Chemistry

University of California San Diego, 2010

Professor Bernhard Ø. Palsson, Chair

Professor Alexander Hoffmann, Co-chair

Bottom-up, genome-scale metabolic reconstructions have been used to model the growth

phenotypes of E. coli in various conditions. Experimental discrepancies with model predictions

indicate 1) modeling failed to predict an achievable state of E. coli due to errors in model param-

eters or network structure; OR 2) adaptive evolution is required to achieve the computationally

predicted state. The modeling predictions of the iAF1260 E. coli metabolic reconstruction were

tested experimentally for over 4,000 scenarios, uncovering both improvements to be made to

network structure and hypotheses for the discovery of novel isozymes and pathways in E. coli.

Furthermore, the genetic and molecular basis for adaptation to a computationally predicted

growth state was determined through whole-genome resequencing of eleven strains adapted to

growth in lactate M9 minimal medium and through detailed studies of highly-adaptive RNA

polymerase mutants at the kinetic, physiological, and systems biology levels.

xii



Chapter 1

The Systems Biology Approach to

Studying Adaptive Evolution

1.1 Summary of Constraints-Based Modeling of

Metabolism

The stoichiometric form of a system of chemical reactions can be represented math-

ematically using a matrix (Figure 1.1). In this representation, metabolites such as glucose,

NADH, or ammonium ion are designated a row in the matrix and reactions are each designated

a column in the matrix. The stoichiometry of each reaction is given by assigning a number

to each metabolite in the reaction column: a positive integer for metabolites produced by the

reaction in the “forward” direction, a negative integer for metabolites consumed by the reac-

tion in the forward direction, and a zero for metabolites unaffected by the reaction. Reactions

must be mass balanced, with the exception of exchange reactions. Exchange reactions represent

the exchange of metabolites from inside the system to outside the system (for instance, from

growth media to a bacteria) and are therefore typically represented as a single metabolite that

is formed from nothing or disappearing into nothing. The matrix comprising a set of reactions

1
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Figure 1.1: Summary of Systems Biology Approach to Adaptive Evolution
The schematic summarizes the creation and refinement of metabolic reconstructions and their
use for prediction. Genome-scale bottom-up metabolic reconstructions are first drafted using
the organism’s genome annotation and then curated using available literature that describes
the organism’s metabolism and genetics. The application of constraints allows predictions of
phenotype using optimization or sampling. Experimental discrepancies with model predictions
can indicate areas where the model is incorrect, potentially leading to model refinement and
biological discovery. Alternatively, other discrepancies may indicate that the predicted pheno-
type is achievable by adaptive evolution. A phenotypic phase-plane is shown on the bottom
left of the figure representing growth rate (GR) for a range of substrate uptake rates (SUR)
and oxygen uptake rates (OUR). In this depiction, two planar regions arise, which intersect to
form the line of optimality (LO), and wild-type E. coli does not show a phenotype correspond-
ing to the LO until after adaptive evolution. The genetic basis of such an adaptation can be
determined using comparative genome sequencing (an example study is described in Chapter
3).
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defined in this way is called the stoichiometric matrix (S).

Usually researchers are interested in constructing a stoichiometric matrix for an organ-

ism because they are interested in some aspect of the flux through the metabolic network.

Fluxes are represented by a flux vector v. The ith element of v corresponds to the nth col-

umn (reaction) of S. Multiplying the stoichiometric matrix by the flux vector gives a vector

describing the rate of change of metabolite levels. Commonly, a steady state assumption is

made in which no net change of metabolite levels is allowed. This is mathematically defined

as the constraint: S•V=0. Further constraints on specific fluxes can be applied on the system

using the lower (l) and upper bound (u) vectors.

Feasible flux states, given the constraints of lower and upper flux bounds and the steady

state requirement, can be determined using random sampling, but often researchers are inter-

ested in the “best” flux state for satisfying some metabolic objective. For exponentially growing

bacteria, the cellular objective is usually assumed to be the biomass function. The biomass func-

tion is modeled as an exchange reaction, describing the proportion of molecules that must be

exchanged in order to produce a “unit” of biomass (for instance, 1 gram of dry weight). The

biomass function is typically included as part of the stoichiometric matrix. A properly defined

stoichiometric matrix, constraints, and biomass function provides all of the elements necessary

for a flux balance analysis (FBA) modeling calculation that will predict an optimal growth state.

FBA is essentially a linear optimization problem, the solution to which maximizes biomass flux

given the defined network and constraints. Use of linear optimization is fortunate because it is

fast and highly scalable.

In the pre-genomic age, an organism’s stoichiometric matrix was reconstructed piecewise

from literature describing characterized enzymes. With the publication of genome sequences in

many species, the primary basis of a metabolic reconstruction is the genome annotation. Even

for species in which not a single enzyme has been directly characterized, genome sequence alone

can lead to the generation of automated reconstructions through homology. Included in these
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genome-scale reconstructions are gene-protein-reaction (GPR) relationships that can be used to

determine combinations of genes for which expression can be used to infer presence of a catalytic

enzyme for that reaction. For instance, the aconitase reaction in the TCA cycle has the GPR

“acnA or acnB,” indicating that expression of either the acnA gene or acnB gene is necessary

and sufficient for the reaction to be active (higher forms of regulation such as allosteric binding

or enzyme phosphorylation are typically not considered by pure metabolic models).

Automated reconstructions generated from the genome annotation are unlikely to prop-

erly reflect the metabolism of the organism. For instance, the model might have many gaps,

in which reactions are missing from pathways, or FBA simulations may indicate that growth

is infeasible in environments where the organism has proven capable of growing. The genome

annotation may be incorrect in some cases, leading to reactions that shouldn’t be included in

the reconstruction. Finally, some reactions may be beyond the scope of what you are trying to

model. Therefore, an iterative approach must be taken in which simulations and gap finding

are used to identify problem areas in the model, which are then targeted for refinement by liter-

ature searches or experimental approaches [1]. Even highly curated metabolic reconstructions

such as for E. coli [2, 3, 4] continue to be refined as new literature and experimental studies

indicate improvements to be made.

1.2 Refinement of Constraints-Based Models by Gene Essen-

tiality and Gap Filling Studies

Comparison of model predictions of gene essentiality to experimental data [5] is a

standard technique to assess model accuracy and detect areas for refinement or further experi-

mentation for organisms in which a gene knockout protocol exists [6, 7, 8, 9, 10]. Gene deletions

are modeled using the reconstruction’s GPRs: reactions that are dependent on the knockout

gene(s) are assigned lower bound and upper bound flux constraints of zero. Specific minimal
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media growth environments can be modeled by allowing exchange reaction flux through only

metabolites found in the minimal media. Rich media can be modeled by allowing flux through

all exchange reactions – metabolites that do not have a corresponding transport reaction in the

model cannot be utilized by intracellular enzymes. On the experimental side, gene deletions are

usually grown in liquid media and growth is assayed by optical density after a period of time

that is more than sufficient to allow maximal growth of the wild-type. However, genome-scale

double-deletion studies usually prefer to assay growth on rectangular agar plates by automated

measurements of colony size due to higher scalability. Gene essentiality studies can identify

several types of issues with the models, including missing or extraneous pathways or isozymes,

GPR errors, or missing or extraneous biomass components.

Genome scale gene deletion studies were previously performed for E. coli in LB rich

medium, glucose MOPS minimal medium, and glycerol M9 minimal medium [11, 12]. Results

indicated that the vast majority of genes that were conditionally essential for growth in minimal

medium were genes responsible for metabolic processes. Analysis of these genes revealed several

missing metabolites in the biomass objective function and errors in the modeling of ammonium

ion and glycerol transport, leading to refinement of the metabolic model [4]. Further studies of

E. coli gene essentiality leading to additional model refinements are described in section 2.3.1

of this thesis.

Gap filling is another aspect of iterative model development. Simply put, gap filling

is the process of adding missing reactions or genes to the model. Because usefulness of the

models increases with completeness and because these studies are frequently equivalent to

generating new biological knowledge, there has been significant interest in developing systematic

approaches to gap filling.

There are several approaches to identifying gaps in a metabolic network. One method

does not require any experimental data to carry out: gaps can be suggested by the model

structure itself, in which “dead-end metabolites” sometimes indicate a gap [13]. A “dead-end
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metabolite” is a metabolite that is connected only to irreversible reactions in which it is always

a reactant or always a product. In this case, there are reactions to produce but not reactions

to consume the metabolite, or vice versa, and so any flux producing or consuming a “dead-end

metabolite” violates the steady state requirement ( 1.1). Biologically meaningful gaps must be

distinguished from “scope gaps” representing pathways intentionally left out of the model or

gaps due to pathways that are actually incomplete in the organism. The GapFind algorithm

[14] uses linear optimization to extensively identify gaps due to “dead-end metabolites” in a

metabolic network.

A second approach uses growth phenotyping to identify network gaps. For instance,

in gene essentiality studies false negative predictions are frequently encountered, in which a

gene knockout unexpectedly grows in some condition. These cases suggest there is a missing

isozyme or pathway in the network that compensates for the gene deletion in the biological

system. Secondly, Biolog phenotypic microarrays [15] are often used to assay for hundreds of

wild-type or mutant phenotypes simultaneously. These assays utilize a sensitive tetrazolium dye

that measures the respiration of cells, in many cases allowing growth curves to quantitatively

be compared. Use of Biolog plates detected 54 growth environments for which the metabolic

model was unable to accurately predict growth of wild-type cells, indicating network gaps [16].

Two more recent techniques for identifying network gaps are metabolomics [17] and

reactome arrays [18]. The metabolomics approach is based on the idea that if a metabolite is

observed in the metabolome, there must be a pathway in the organism’s metabolism to produce

it. This technique is limited by the small fraction of molecules that can currently be reliably

identified by metabolomics studies. A metabolomics approach to gap finding is described in

§ 2.3.2. Reactome arrays contain hundreds of metabolites covalently attached to the plate and

weakly bound to a fluorescent molecule. Upon addition of an active, his-tagged enzyme to the

array, transformation of the substrate is said to result in the release of the quenched fluorescent

molecule, resulting in a fluorescent signal. Furthermore, transformation of the substrate exposes
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cobalt ion linked to the array, which then immobilizes the active enzyme on the array. Enzymes

and products of reaction are in many cases identifiable by mass spectrometry. While published

results look very promising, there have been expressed concerns over the legitimacy of their

findings [19], and so its unclear whether reactome arrays will be a realistic approach to gap

filling in the near future.

Just as there are several approaches to gap identification, there are numerous ways

to attempt to fill gaps in the metabolic network. The SMILEY algorithm utilizes a mixed

integer linear programming algorithm to systematically test the ability of additions of novel

reactions from a reaction database to a metabolic network to pass a threshold of some objective

[16]. Two examples of an objective would be threshold production of biomass by the model

in a previously unpredicted growth condition or threshold production of a novel metabolite

observed in a metabolomics screen. Typically the Kyoto Encyclopedia of Genes and Genomes

(KEGG) [20] is used a source for the reaction database, since it includes metabolic reactions

known across thousands of species in all kingdoms of life. The SMILEY algorithm was used

to fill gaps identified by phenotypic screening of E. coli on Biolog plates [16], leading to the

annotation of new functions for seven genes.

Two other algorithms also utilize a reaction database for gap filling: GapFill [14]

and GrowthMatch [21]. The GapFill algorithm works by adding reactions from a universal

database, adding transport “reactions”, or changing reversibility of reactions in the model.

GapFill determines the minimal set of reaction changes needed to reduce the total number

of gaps in the network. GrowMatch is essentiality an extension of the Gapfill algorithm that

makes similar reaction changes to reconcile model predictions with gene essentiality data.

Although the above algorithms propose reactions to fill gaps in the network, finding

reactions to fill the gaps is just the beginning. The added reactions are at this point only hypo-

thetical. Additional work is needed to find candidate genes that could allow the hypothetical

reactions and to provide evidence for gene function. The most straight-forward approach for
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finding candidate genes is to carry out homology searches in the E. coli genome for genes known

to code the enzyme of interest in other organisms using the BLAST algorithm [22]. Gene ex-

pression measurements, knockout phenotypes, and in vitro enzymatic assays can be used to

test candidate (hypothetical) genes for the proposed function. C13 “isotopomer” studies using

wild-type and gene knockout strains can provide additional high-confidence in vivo evidence

for a novel assignment of gene function [23].

1.3 Validation of Model-Predicted Phenotypes

An interesting question asked when constraints-based models of metabolism were rel-

atively new was whether the models could predict the cellular growth rate. To make such a

computation for aerobic growth in minimal media, the oxygen uptake rate (OUR) and sub-

strate (carbon source) uptake rate (SUR) were used as input into an FBA calculation, and

the of biomass production was output. A 3D plot of the optimal biomass rate as a function

of SUR and OUR is known as a phenotypic phase plane (see Figure 1.1). The shape of the

phenotypic phase plane graphs was a convex cone formed by at least two intersecting planar

regions. Edges exist on the cone where the planar regions intersected. One of these edges

known as the line of optimality (LO) represents the optimal ratio of SUR to OUR to produce

high biomass, typically the ratio at which there is just enough oxygen for respiration given

the rate the carbon source is uptaken and metabolized. The various regions and other edges

represent either not enough oxygen (in which case there is excess carbon, usually leading to

one or more fermentation products), or excess oxygen (in which case the cell is required to

use energetically expensive pathways to dispose of the excess oxygen). Early experiments with

acetate and succinate carbon sources at various SURs indicated E. coli grew at SUR, OUR,

and biomass rate corresponding to the LO [24].

Of course, it was only a matter of time before conditions were identified in which E.

coli was not not observed to grow along the LO. Such a situation was true for E. coli K-12
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MG1655 grown in glycerol M9 minimal medium. It was suggested that the reason for E. coli ’s

sub-optimal growth was that the bacteria needed to adapt some aspect of its regulation to

the environment. Following 40 days of continuous exponential growth in glycerol M9 minimal

medium by serial passaging, the E. coli grew on the LO and furthermore the growth rate more

than doubled [25].

These results suggest that the metabolic model accurately calculated the optimal SUR

to OUR ratio and that adaptive evolution may have a tendency to change bacteria so that they

grow closer to the LO after some period of continuous exponential growth. Further studies of

adaptive evolution of cental metabolic gene knockouts found that in 39 of 50 (78%) cases, the

mutants were able to adapt to the computationally predicted growth rate [26].

1.4 Other Historical E. coli Adaptive Evolution Experiments

Owing to short generation times, large population sizes, repeatability, and the ability

to preserve ancestor strains by freezing for later direct comparison of distant generations, mi-

croorganisms are useful for studying adaptive evolution [27]. For instance, many early sequence

level studies of spontaneous mutation used the lacI system of E. coli (and in fact after more

than thirty years of research this system continues to be used for genetics studies) [28, 29].

The past twenty years have seen many attempts at characterizing more complicated cases of

laboratory adaptive evolution.

Adaptive evolution studies of bacteria grown in chemostats date back as far as the

chemostat itself [30]. Fascinatingly, E. coli adapted to this environment for more than five

hundred generations sometimes generates a diversity of phenotypes, including acetate cross-

feeding among subpopulations of clones [31]. Sequencing of isolates evolved in chemostats

with low glucose concentrations showed the intuitive result that E. coli acquired mutations

to genes involved in glucose transport [32]. However, it was later discovered that strains

undergoing adaptation in chemostats very frequently acquire mutations to stress related genes
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including rpoS, the “stress” sigma factor of E. coli [33]. These rpoS mutants exhibit increased

nutritional competence, at the expense of stress resistance. The phenomenon has since been

widely observed, leading to the idea of a trade-off between stress and nutritional competence

in bacteria sometimes referred to as the SPANC balance (“self-preservation and nutritional

competence”) [33, 34, 35, 36].

Those studying adaptive evolution in chemostats are fond of pointing out the diversity

generated from these adaptations, seemingly contracting established “winner take all” concepts

of bacterial adaptation in which the fittest clone gradually out-competes inferior mutants to

extinction. However, the level of diversity observed may be due to a combination of an insuffi-

cient number of generations for competition to take place and a relatively low selection pressure

between competing mutants. Selections for fast growth-rate performed by serial passage of bac-

teria rarely result in populations with diverse phenotypes or genotypes [37, 38].

The work of Lenski et al has involved studying a long-term laboratory adaptive evolu-

tion of E. coli in glucose-limited media for 50,000 generations and counting. Rapid increases in

growth rate and cell volume were acquired during the first 2,000 generations [39], followed by

very subtle and gradual adaptation that continues today as the same cell lines continue to be

passaged daily. Interestingly, the stress response was also seen to be affected in these experi-

ments, with mutations to the spoT gene found in 8 of 12 parallel lines after 20,000 generations

[40]. The spoT gene is an important part of the ppGpp-regulated stringent response, discussed

in § 4.1. A surprising outcome of the experiments was the development of a citrate-utilizing

variant after more than 30,000 generations of adaptation [41]. The ability to utilize citrate

was found to depend on historical contingency: the E. coli needed to possess a certain genetic

background that had been acquired by previous adaptation.
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1.5 Genome-Scale Adaptive Evolution Studies Driven by Mod-

eling Results

Following the discovery of cases where E. coli wild-type and mutants evolved to acquire

the model-predicted phenotype (§ 1.3), there was interest in studying how adaptation occurred.

Transcriptomic, isotopomer, and genomic resequencing studies studies were undertaken to un-

derstand adaptive evolution on a systems level.

Gene expression in E. coli adapted to growth in glycerol and lactate M9 minimal media

was measured using microarrays [42]. In this study, there were few categories of genes that

were enriched for differential expression consistently in evolved versus pre-evolved strains. In

retrospect, the reason for this was likely because the seven end-points in this analysis comprised

two sub-groups that were evolved by separate researchers, perhaps using different protocols, as

a secondary analysis showed enrichment of many more functional categories within the indivual

sub-groups. Therefore, the conclusion previously made by the authors that the end-points had

vastly divergent expression states was an overstatement.

Flux-profiling obtained by isotopomer measurements (which use an adapted metabolic

model to trace a radiolabel from the labeled lacte carbon source to the variably labeled amino

acid “outputs” detected by mass spectrometry) indicated non-divergent changes to metabolism,

involving a ramping-up of existing pathway usage rather than a re-routing of metabolic flux

[43].

The determination of mutation profiles on a genome scale depends on an efficient se-

quencing method. Sequencing by Sanger typically requires the synthesis of thousands of primer

pairs designed on the assumption that most of the genome will not be mutated (unless a library

of vector-ligated genomic DNA fragments is created), and can only sequence 500-800 base-pairs

per reaction, thereby costing on the order of one-hundred thousand dollars to sequence a single

bacterial genome. The availability of DNA-arrays, in which mutations could be detected by
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differential hybridization to probes of wild-type sequence [44, 37], reduced this cost approx-

imately ten-fold . A further 10-fold decrease in cost has been achieved by the development

of next-generation sequencing platforms [45], such as Illumina or 454. Third-generation tech-

nology, such as single-molecule methods being developed by Pacific Biosciences, could further

greatly reduce the cost of sequencing.

In 2006, a landmark study was published in which the entire genomes of seven parallel

evolved strains were sequenced using tiling arrays [37]. It was not clear prior to this study how

many mutations there would be or where the mutations would be located. Surprisingly, only 2-3

mutations were found in most strains. Recombination was used to introduce single mutations

one at a time back into the E. coli genome and it was determined that indeed the 2-3 discovered

mutations were sufficient to recover the growth phenotype of the evolved strain, suggesting that

all or most mutations had been identified in these strains. Furthermore, in contrast to previous

studies that had performed targeted sequencing of specific genes in E. coli undergoing adaptive

evolution in chemostats [31, 32, 33, 34, 35], the discovered mutations appeared to penetrate

100% into the population after 40 days, suggesting different selection dynamics for adaptation

in batch culture. Mutations were found consistently in the glycerol kinase genes. Surprisingly,

mutations were also found very frequently in the rpoB and rpoC genes encoding the beta and

beta’ subunits of the RNA polymerase. Chapter 4 describes the in-depth characterization of

these highly adaptive RNAP mutants and Chapter 3 describes the whole genome sequencing

of 11 E. coli strains adapted in parallel in lactate M9 minimal medium using second generation

sequencing technologies.



Chapter 2

Model Validation and Discovery

2.1 Background

2.1.1 Gene Essentiality

A gene is said to be essential if its removal from the genome causes loss of organism

viability. The study of essential genes is important for construction of minimal genomes, iden-

tification of novel drug targets [46], and modeling of metabolism [12, 10]. However, gene

essentiality is clearly contextual [47]. For instance, the set of essential genes of E. coli in rich

media is different than in minimal media where the bacteria will need to produce more biomass

components themselves rather than simply importing them from the environment. Addition-

ally, there are commonly cases where the gene regulatory state of the cell determines whether

a gene is essential or not, and altering gene regulation through adaptive evolution or additional

gene deletions may affect whether or not a gene is ”essential.”

Gene essentiality experiments have been undertaken in many organisms including My-

coplasma genitalium [48], E. coli [11, 12, 49], Pseudomonas putida [10], Saccharomyces

cerevisiae [50], and mouse [51]. These high-throughput studies have used three approaches.

1) Genetic footprinting [52, 49, 10]. A transposon library is created in which a viral sequence

13
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is randomly inserted into the genome. The mixed population library is then placed in a growth

condition. PCR, or more recently whole-genome tiling arrays, can then be used to assess lo-

cations of viral inserts that are under-represented in the population and this information can

be used to infer essential genes. 2) RNA-mediated interference (RNAi) [53]. Double-stranded

DNA corresponding to a particular gene results in degradation of the transcript resulting in a

gene “knock-down.” 3) Systematic construction of knock-out libraries [50, 11, 12]. This is the

most direct approach for measuring gene essentiality, but it is also the most labor intensive.

Profiling of conditional gene essentiality can be done using custom-made microarrays if the gene

knockouts can be identified by a genetic bar-code [50]. Otherwise, high-throughput growth

profiling is obtained using 96-well plates or agar [11, 12].

The development of a fast, scalable, targetable, and reliable method of sequence deletion

in E. coli [54] and the highly accurate sequencing of the E. coli K-12 MG1655 genome [55]

made it possible to make a complete set of E. coli gene knockouts. Researchers succeeded in

obtaining 3985 gene knockouts out of 4288 genes targeted [11]. The set of knockouts is known

as the Keio Collection and is available to researchers. The knockouts are in-frame deletions

extending from the second codon to the 7th codon from the 3’ end of the gene (corresponding to

the C-terminus of the coded protein), reducing complications arising from slightly overlapping

genes and polar effects in which expression of downstream genes is affected by the deletion.

The Keio Collection has been used to study gene essentiality. First, cases in which they

were unable to obtain viable knockouts are candidates for essential genes [11]. Secondly, condi-

tional gene essentiality was determined in glucose MOPS [11] and glycerol M9 minimal media

[12] by measuring growth in liquid culture on 96-well plates. Analysis of these conditional gene

essentiality results led to model refinements including additions of certain co-factors to the

biomass function and changes in gene expression requirements (gene-protein-reaction relation-

ships, or GPRs) for transportation of glycerol and ammonium ion into the cell. Furthermore,

the data suggests a number of hypotheses, including the existence of currently unknown alterna-
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tive enzymes for some genes. Therefore, gene essentiality studies are useful for both refinement

of metabolic models and hypothesis generation.

2.1.2 Gap Filling

Despite extensive study, the understanding of E. coli metabolism is not entirely complete

and even in the last few years discoveries of new metabolic capabilities continue to be made

[16, 23]. Therefore, there exist missing knowledge in metabolic models of metabolism that can

result, for instance, in incorrect predictions of gene essentiality. Conversely, identifying probable

gaps in metabolic models can result in discovery of new gene functions in E. coli, leading to a

more complete understanding of E. coli metabolism.

The presence of a model root no-consumption metabolite, meaning a metabolite that

is produced but not consumed, or a root no-production metabolite, meaning the opposite,

indicates the presence of a model gap. Under a steady state constraint, reactions involving

either of these two types of metabolites will be blocked (unable to carry non-zero flux). There

are three types of model gaps [13]. 1) Biological gaps are gaps that truly exist in the organism’s

metabolism. For example, E. coliK-12 strains have an incomplete O-antigen synthesis pathway

due to a mutation in these strains [56]. 2) Scope gaps represent known reactions that were

intentionally left out of the network, usually for simplicity. 3) Knowledge gaps comprise all

other gaps, and represent missing knowledge or uncertainty. These types of gaps represent

knowledge boundaries and draw attention to areas of metabolism where something remains

to be learned. The GapFind algorithm can be used to generate a complete list of gaps in a

metabolic network [14]. SMILEY [16] and GapFill [14] are two algorithms that can suggestion

reactions from a reaction database that will fill gaps in the network.

Besides examining network structure in isolation, missing reactions in the metabolic

network can be inferred from other experimental data. One study [16] compared the growth

capabilities of E. coli under hundreds of conditions using phenotypic microarrays [15] to growth
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capabilities predicted by the model. SMILEY was used to suggest missing reactions in the

network, and then a combination of homology searches and gene expression measurements was

used to suggest genes for the missing reactions, resulting in assignment of new functions to

seven genes. Another study used metabolomic datasets to refine draft metabolic models based

solely on genome sequence [17]. Additional details of gap finding and gap filling are discussed

in § 1.2.

In this chapter I describe gene essentiality studies and gap filling studies that generated

experimental hypotheses, suggested model refinements, and provided evidence for novel gene

functions in E. coli. The gene essentiality experiments are an extension on the conditional

essentiality studies previously described [11, 12] for E. coli, in which the contextual nature of

essentiality is more fully explored. The gap filling experiments utilize a metabolomics-based

gap filling strategy: the detection of novel metabolites in metabolomic datasets were used to

hypothesize novel pathways, which were then tested in in vitro enzymatic assays.

2.2 Materials and methods

2.2.1 In silico Prediction of Gene Essentiality

The iAF1260 E. coli K-12 MG1655 metabolic reconstruction [4] was downloaded in

SBML format from the BiGG knowledgebase [57] and imported into MATLAB using the

COBRA Toolbox [58]. The parent strain of the Keio Collection, BW25113, is derived from

MG1655 and is missing several genes that are present in MG1655: araBAD, rhaBAD, and

lacZ. Therefore, we disallowed any flux through the associated reactions (RBK L1, XYLK,

XYLK2, ARAI, RBP4E, RMK, LYXI, RMI, RMPA, LACZ) by setting the upper and lower

flux bounds of the reactions to zero. The lower bound (l.b.) values of exchange reactions were

set as follows to simulate M9 minimal media: the l.b. of EX ca2(e), EX cbl1(e), EX cl(e),

EX co2(e), EX cobalt2(e), EX cu2(e), EX fe2(e), EX fe3(e), EX h2o(e), EX h(e), EX k(e),
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EX mg2(e), EX mn2(e), EX mobd(e), EX na1(e), and EX nh4(e) were set to -1000, and the

l.b. of EX cbl1(e) was set to -0.01. For aerobic growth, oxygen uptake was allowed by setting

the l.b. of EX o2(e) to -18.5. Anaerobic growth was modeled by setting the l.b. of EX o2(e)

to zero. The carbon source was modeled as follows: for glucose, the l.b. of EX glc(e) was set

to -8; for L-lactate, the l.b. of EX lac L(e) was set to -16; for succinate, the l.b. of EX succ(e)

was set to -16.

After setting bounds for each condition, the predicted effect of the single deletion of

each gene in iAF1260 for each condition was computed using the COBRA “singleGeneDeletion”

function. This function uses FBA to determine optimal biomass production rate (growth rate)

given the additional constraints of there being no flux through reactions associated with a

certain gene in the network. A gene was considered essential for the simulated condition if

deletion of the gene reduced optimal growth rate to less than 5% of the “wild-type” model as

computed by FBA.

2.2.2 Gene Essentiality Screens

First Round

Stocks of Keio knockout mutants were streaked onto LB agar + kanomycin (50 μg/mL)

from odd plate replicates, only, in the case of iAF1260 genes, or from both the odd and even

plate replicates in the case of the 196 regulatory genes studied. Two single colonies from each

plate were inoculated into wells of separate 96-well plates containing 200 μL of LB media +

kanomycin (50 μg/mL). These pre-culture plates were incubated overnight at 37◦C without

shaking. Plates were then centrifuged and pelleted cells were washed twice with 200 μL of 1X

M9 salts per well. Disposable replicator pins were used to transfer cells from the pre-culture

plate to four new plates: two containing glucose M9 minimal medium, one containing lactate

M9 minimal medium, and one containing succinate M9 minimal medium. There was 200 μL

of the minimal medium per well, and the minimal media also contained 50 μg/mL kanomycin.



18

The four 96-well plates were covered with Aeraseal breathable film (Sigma) to minimize cross-

well contamination. For aerobic condition, the plates were incubated at 37◦C without shaking

in a sterile cabinet. For anaerobic condition, the plates were incubated at 37◦C in an anaerobic

chamber ([O2]<50 ppm). After 48 h, absorbance at 600nm of each well was determined using

a VERSAmax microplate reader (Molecular Devices).

A well was considered to have no growth or slow growth if its absorbance was less than

a cut-off value specific to each of the four conditions. The cut-off value was determined by

visual inspection of a histogram of absorbance values for all wells measured from a given con-

dition.“Normal” growers are supposed to result in measurements lying in the roughly Gaussian

shaped distribution that makes up most of the data, while slow- and non-growers are supposed

to result in measurements falling outside the upper 0.95 area of the Gaussian distribution. If

both colonies of a gene knockout were determined to have normal growth, then the gene was

considered a true positive if the model had predicted growth for the knockout, or a tentative

false negative if the model indicated the knockout should not have grown or previous experi-

ments in glucose MOPS minimal medium had indicated the gene was essential [11]. Similarly,

if both colonies of a gene knockout were determined to have slow/no growth , then the gene

was considered a true negative if the model, or a tentative false positive otherwise. A gene

was considered inconclusive if for any condition only one colony showed slow/no growth. A

regulatory gene was considered tentatively essential if its knockout resulted in slow/no growth

in at least one replicate of any condition.

Second Round

Tentative false positive genes, inconclusive genes, and tentatively essential regulatory

genes were rescreened with two colonies each, this time from even numbered plates, otherwise

using the same method as before. A gene was considered essential for a condition if at least one

colony showed slow/no growth in the condition in both the first and second round screens. If
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an essential gene was predicted by the model to be non-essential in the experimental condition,

then the gene was concluded to be a genuine false positive for that condition. Growth in the

knockouts corresponding to tentative false negative genes could result from trace amounts of

nutrients remaining from LB pre-cultures after washes, or from contamination of the stock. To

minimize the risk of these complications, in the second round screen of tentative false negative

genes we used four colonies from each knockout (taken from even-numbered plates) and washed

four times with 200 μL 1X M9 salts instead of twice. If at least two out of four colonies of the

gene knockout still demonstrated normal growth, then the gene was concluded to be a genuine

false negative.

2.2.3 E. coli Metabolomics

Internal Standards

100 mM stocks of the internal standards were prepared by solubilizing 0.21325g

monopholinoethanesulfornic acid (MES), 0.18121g methionine sulfone (MS), and 0.25428g D-

camphor-10-sulfonic acid (CSA) in separate 10mL volumetric flasks containing H2O. 2μL of

each internal standard stock was added to 100mL of methanol to create the internal standard

mix.

Metabolite Extraction

Wild-type E. coli was inoculated into 50mL of 2g/L glucose M9 minimal medium and

growth to an OD approximately 0.5 in a 37◦C water bath and 120 rpm shaking. For ”blank”

samples, 50mL of glucose M9 minimal media without bacteria was placed in the 37◦C water

bath for three hours with 120 rpm shaking.

A millipore ispore 0.4μm HTTP membrane filter was washed with 37◦C 10mL 0.9%

NaCl just before filtering the cells. 40mL of culture was then transferred onto the membrane

and washed twice with 37◦ H2O. The membrane was then submerged face-down in 5mL of the
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methanol/internal standard mix and sonicated for 30 seconds using a water bath sonicator.

After 10 minutes at room temperature, 4 mL of the metabolite extraction was transferred into

a mixture of 4mL chlorogorm and 1.6mL H2O. This mixture was then vortexed intensely for

30 seconds and afterwards centrifuged at 5,000 rpm for 5 minutes. 3.5mL of the aqueous (top)

layer was transferred to a fresh tube and then aliquoted in 0.4mL units onto eight Millipore

Ultrafree-MC 5,000 NMWL filter units and centrifuged for four hours at 10,000 rpm. The

filtrate was then evaporated using a centrifugal evaporator. Samples were stored at -80◦C.

2.2.4 Protein Over-Expression and Purification

The ASKA Collection is a complete set of clones containing a histidine-tagged version

of each known or predicted ORF in E. coli in an IPTG-inducible plasmid expression system.

ASKA clones for the protein of interest were grown over night on LB agar + chloramphenicol

plates. Single colonies were grown over-night in 3 mL LB media + chloramphenicol. These

cultures were used to inoculate induction media. ”Overnight Express” Autoinduction System

1 (Novagen) was used to induce overexpression of the protein following manufacturer protocol.

Sixteen hours after inoculation into the induction media, cultures were transferred to deepwell

plates and centrifuged. Pellets were stored at -80◦ for at least 90 minutes before beginning

protein purification.

Frozen pellets were resuspended in 200 μL lysis buffer (Table 2.1 describes the compo-

sition of buffers used for protein purification). Samples were then incubated for 15 minutes at

room temperature with mixing by pipette every 5 minutes. 25μL of MagneHis beads (Promega)

were added to each sample. The beads were then washed three times with Wash 1 buffer and

three times with Wash 2 buffer. Afterwards, the beads were stored in Storage Buffer at kept

at 4◦C (the proteins were stored without eluting from the beads). Samples were taken for

SDS-PAGE during the procedure: 2μL just before adding MagneHis beads, 2μL from lysis

buffer after adding MagneHis beads (representing proteins not bound to the beads), and 5μL
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Table 2.1: Protein Purification Buffers

Reagent Lysis
Buffer

Wash
Buffer 1

Wash
Buffer 2

Storage
Buffer

HEPES 50mM 50mM 50mM 50mM
NaCl 300mM 750mM 300mM 100mM
Tween 0 0.05% 0.005% 0
Imidazole 80mM 100mM 100mM 0
Glycerol 0 0 0 50%
DTT 0 0 300μM 300μM
Bugbuster (No-
vagen)

1X 0 0 0

Benzonase 31.25
U/mL

0 0 0

rLyzozyme (No-
vagen)

1.2525
U/mL

0 0 0

Complete mini
(protease in-
hibitor)

1/2 capsule 0 0 0

from mixture of storage buffer and MagneHis heads just before storage (representing purified

proteins on the beads).

2.2.5 In Vitro Enzymatic Assays

Enzymatic assays were performed with the enzymes still attached to the magnetic beads.

Beads were washed with solution: {50mM tricine, 20mM KCl, 5mMMgCl2, 5mMMnCl, 100μM

Ca2+,0.05% Tween-20}. 3X reaction buffer was prepared for the assays: {150mM tricine, 60mM

KCl, 15mM MgCl2, 15mM MnCl, 300μM Ca
2+,0.15% Tween-20, 3mM MES, 1.5mM MS}. For

each reaction assay, triplicates of the following experiments were performed: “blank”, in which

the enzyme but not reactants are present; “+enzyme”, in which the enzyme and reactants are

present; and “-enzyme”, in which the reactants but not the enzyme are present. Reactants

(usually at 1mM final concentration), reaction buffer, and sometimes other ions required for

enzyme activity were added to a final volume of 40μL. Many of the enzymes tested had known

activities besides the novel activity we were testing for. Therefore, when possible we assayed

for known activity to demonstrate whether the protein is active or not. The following is a
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description of specific assays, with an approximate mass of products used for programming

detection by the quadrupole-MS detector:

PrkB (novel reaction): {1mM ATP (506), 10mM D-Ribulose-5-P (229)}. Expected

Products: {ADP (426), D-Ribulose 1,5-bisphosphate (309)}.

LeuA (known reaction): {1mM 2-oxoisovalerate (115), 1mM acetylCoA (808,809), H2O}.

Expected Prodcuts: {(2S)-2-isopropylmalate (174,175),CoASH (766)}.

LeuA (novel reaction): {1mM pyruvate (87), 1mM acetylCoA (808,809)}. Expected

Products: {citramalate (174,175), CoASH (766)}.

Reaction mixtures were separated from the magnetic beads using a magnet and diluted

10-fold with water. These samples were then subjected to analysis by LC-MS, using a short

LC column present to remove noise from the samples rather than separate metabolites. The

experiments examined negative ions only, for which an 80% methanol 20% triethylamine sol-

vent system was used. Data collection and analaysis was carried out using Agilent Chemstation

software. Detection used selected ion monitoring (SIM). SIM values used are indicated par-

enthetically next to the names of the metabolites directly above. Integrated peak areas were

normalized using peak area of the MES internal standard.

2.3 Results

2.3.1 Gene Essentiality Screens

Comparisons of gene essentiality data to metabolic model predictions have been used

for model refinement [12, 10]. Of 4288 genes in the primary E. coli K-12 MG1655 genome

annotation [59], 3985 genes have corresponding knockout strains in the Keio Collection of

K-12 single gene knockouts. We chose to focus on the 1118 genes in both the Keio Collection

and the iAF1260 E. coli metabolic reconstruction. Errors such as duplications of the deleted

gene were recently discovered in the Keio Collection in 43 mutants [60], further restricting
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Table 2.2: Statistics of Gene Essentiality Results

Condition TP TN FP FN

glucose +O2 935 79 45 19
glucose -O2 926 80 48 21
lactate +O2 920 83 58 14
succinate +O2 912 85 63 15

our study to 1075 mutants. High-throughput determination of the growth phenotypes of these

knockout strains was obtained using growth in liquid culture in 96-well plates. The conditions

studied were glucose M9 minimal medium (aerobic), glucose M9 minimal medium (anaerobic),

lactate M9 minimal medium (aerobic), and succinate M9 minimal medium (aerobic). The use

of defined media for the growth condition allows precise modeling of the environment using the

iAF1260 metabolic reconstruction.

We found that the experiments agreed with model predictions in 93.5% of cases (Table

2.2). The results can be grouped into four categories: true positives (TP), true negatives (TN),

false positives (FP), and false negatives (FN). True positive growth predictions are cases in

which growth is both predicted and observed and true negative growth predictions are cases in

which growth is neither predictor nor observed. False positive growth predictions are cases in

which growth was predicted but not observed and false negative growth predictions are cases

in which no growth was predicted but was nonetheless observed. Analysis of the results focuses

on the false positive and false negative growth predictions, since it is the failure modes that

indicate missing knowledge and model refinements.

False Negatives

About 14% of testable model predictions indicating an essential gene for the condition

were contradicted by the experimental result (a “false negative”). The false negatives are shown

in figure 2.1. In the majority of cases, a false negative prediction was found across all four

conditions. Most false negative genes were also found to be non-essential in previous studies
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[11, 12]. Many more false negatives were found in the previous studies, which we attribute

to insufficient washing of pre-culture cells (grown in LB). However, in four cases (purK, thyA,

purA, and iscS ) the genes were found to be essential in both previous screens. These results are

likely due to some contamination during or before pre-culture in our screens, and we did not

analyze these genes further. We suggest less trivial explanations for the other false negatives.

Our modeling approach to predict gene essentiality assumes that the network is in a

steady state. In some cases an essential reaction produces a by-product that must be degraded

by a downstream pathway in order to prevent metabolite accumulation. However, if the flux

through such a reaction is small, then accumulation of the metabolite may be negligible in

growing cells. Even so, the hard mathematical constraint for a steady state will lead to a

no growth prediction for simulated knockouts resulting in loss of the reaction that degrades

the by-product. Three false negatives (luxS, pfs, and aldA) appear to stem from this type

of prediction. The luxS and pfs genes encode two enzymes of the S-adenosyl-L-methionine

(SAM) pathway. SAM is involved in several pathways, where it donates a methyl group,

becoming S-adonsyl-L-homocysteine. At first glance, one might expect the SAM recycling to

be essential for the cells. However, modeling suggests this is not the case, as simply adding a

reaction that removes S-adensoyl-L-homocysteine from the system is sufficient for a predicted

biomass yield in the simulated mutants that is nearly identical to the wild-type. The result

suggests that the prediction of these genes as essential is due to blockage of S-adenosyl-L-

homocysteine, violating a steady state. While recycling of SAM is non-essential, pfs is involved

in other reactions, including the degradation of 5-deoxyadenosine. While the model predicts

5-deoxyadenosine is not necessary to produce except under anaerobic conditions (through the

anaerobic heme biosynthetic pathway), during actual growth 5-deoxyadenosine is produced

under some conditions and can accumulate in pfs mutants. The accumulation can result in

biotin auxotrophy due to inhibition of biotin synthase by 5-deoxyadenosine [61]. We observed

that pfs is essential during aerobic growth of K-12 in lactate and succinate M9 minimal media,
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Figure 2.1: Genes with a false negative model growth prediction for at least one condition
False negative growth predictions are grouped into four types of suspected causes: 1) probable
contamination: previous studies suggest the genes should always be essential in minimal media,
and so the observed growth could be due to contamination of the bacterial stock; 2) blocked
metabolite: when the gene deletion is simulated in the model, the model is unable to maintain
a steady state because a “by-product” of an essential biochemical reaction cannot be degraded
in the mutant and therefore no feasible growth solution is found, although these situations do
not necessarily result in lethality; 3) possible isozyme or alternative pathway: genes of this class
are thought to be essential for producing necessary biomass components such as amino acids or
co-factors and so the ability of the respective gene knockouts to grow suggests other genes not
in the model can substitute for the deleted gene; 4) two false negative cases led to identification
of specific changes to be made to the metabolic model.
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but interestingly not in aerobic or anaerobic growth with glucose carbon source, suggesting that

5-deoxyadenosine accumulation is not significant in these conditions. Similarly, the adlA gene

encodes an enzyme that degrades glycolaldehyde. Deletion of the aldA gene results in a no

growth prediction due to steady state constraints, but allowing removal of glycolaldehyde from

the system results in predictions of normal growth in the mutants. Experimentally we find that

the aldA mutants grow in all four conditions, suggesting that accumulation of glycolaldehyde

in the mutants is not growth inhibitory.

Many of the false negatives are likely due to other gene products in K-12 that can

carry out the essential function of the knocked out gene. Together with pabA and pabB, the

pabC gene product carries out an essential early step in the biosynthesis of tetrahydrofolate

(THF) from chorismate. Unlike pabA and pabB, pabC was not identified by mutation screens

for p-aminobenzoate auxotrophs, but was identified as the enzyme in an active fraction [62].

Because pabC was not identified in the genetic screens and is not essential like pabA and

pabB, it is likely that K-12 possesses an alternative enzyme for this reaction. The ygiE and

yrbG genes are essential for transport of metal ions in the model. In reality, there are many

poorly characterized putative metal ion transport genes in E. coli, and in some cases their

function might be redundant with ygiE and yrbG. Two other examples are the aspC and argD

genes encoding enzymes performing transamination reactions of amino acid metabolism. While

the reactions the enzymes carry out are probably essential, many aminotransferases have low

substrate specificity, and so the essential reactions are probably carried out by other enzymes in

the mutants. Cases such as these could be clarified by performing genome wide double-knockout

screens [63, 23], in which the alternative gene for the pathway may in some cases be revealed

by a no growth phenotype in the double mutant.

In two cases, analysis of the false negative result led to clear indications for model

refinement. Pyridoxal-5-phosphate (Vitamin B6) is essential as a co-enzyme for transamination

reactions. The epd gene encodes erythrose-4-phosphate dehydrogenase, which is responsible for
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an early reaction in the pathway. Genes for downstream reactions (pdxB and serC ) are essential

in the tested conditions, yet experiments consistently show that the epd gene is not essential.

Previous studies [64] also found that an epd mutant was still viable in minimal media, but also

found that an epd-gapA double mutant could not grow in minimal media. The result suggest

that the gapA gene (encoding the glyolytic glyceraldehyde-3-phosphate dehydrogenase) can also

act on erythrose-4-phosphate to carry out pyridoxal-5-phosphate synthesis in the absence of epd.

Therefore, the gapA gene should be added to the GPR for this reaction in the model. In a reverse

situation, in the iAF1260 model both the pyrI and pyrB genes are indicated as necessary for the

aspartate carbamoyltransferase reaction by the GPR. Gene essentiality experiments show that

pyrI, encoding the regulatory subunit of the enzyme, is not essential where as pyrB encoding

the catalytic subunit is essential. Therefore, pyrI is not necessary for catalytic activity of the

enzyme and should be removed from the GPR for the aspartate carbomoyltransferase reaction.

The ability of fumarate reductase genes (frdABCD) to grow in an anaerobic environ-

ment is surprising. During anaerobic growth of K-12 in glucose M9 minimal medium, fumarate

reductase is needed to allow anaerobic respiration with fumarate as the final electron acceptor

and menaquinone as the electron carrier. A search for essential reactions involving menaquinone

as a reactant or product in the iAF1260 model implicated only two reactions: fumarate reduc-

tase and dihydroorotate dehydrogenase. Therefore, according to the metabolic model fumarate

reductase is essential in the anaerobic condition to recycle menaquinone by catalyzing its oxida-

tion, allowing continued production of pyrimidines through the dihydroorotate dehydrogenase

reaction. Current knowledge states that gram-negative bacteria have a membrane-bound dihy-

droorotate dehydrogenase that utilizes only menaquinone during anaerobic growth [65, 66]. We

also found that a ubiE mutant incapable of producing menaquinone, but not other quinones,

was not viable in our growth conditions. Therefore, the growth of frd mutants suggests a

knowledge gap in the the recycling (oxidation) of menaquinone, possibly by reversal of one or

several of the pathways utilizing oxidized menaquinone.
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False Positives

In this study we found many “false positive” cases in which the metabolic model pre-

dicted growth yet the experimental result indicated no growth or slow growth. There are many

possible causes of false positive results. Firstly, they made be due to experimental limitations.

Optical density cut-offs to conclude growth versus slow/no growth were chosen to include the

bottom 5% of the “normal” growth distribution. Given our experimental procedure, there is

an approximately 0.23% chance of a knock-out with unaffected growth in some condition to

incorrectly be labeled as a non- or slow-grower and so overall we expect about ten cases of

genes that are incorrectly labeled as essential for some environment. In a related complication,

the gene knockout may not cause a no-growth phenotype, but a slow-growth phenotype that is

indistinguishable. In contrast, the model can only provide growth rates relative to the rate of

uptake of a carbon source, and in thus if growth is slow yet still yields the amount of predicted

biomass, the experiment result and model may disagree.

Other sources of discrepancies are due to errors in the metabolic model. Gene-protein-

reaction (GPR) relationships describe the gene transcription requirements for a reaction to

occur. For example, two subunits of an enzyme may need to be expressed for the enzymatic

activity to be present. Alternatively, if two isozymes exist, the model only requires one isozyme

to be expressed for the reaction to occur. A false positive result could indicate that the enzyme

coded by the alternative gene in the GPR does not have the indicated activity, has insufficient

activity for growth, or is not expressed. In a similar case the model may not require a certain

reaction at all to produce biomass, but is capable of utilizing alternative pathways. If the actual

organism is unable to move sufficient flux through these alternative pathways, the primary

pathway mutant will be unable to grow. Another source of model errors resulting in false

positives is an incomplete biomass function. The biomass function describes the amounts of

each cellular constituent produced in a replicated cell and therefore predicts the growth rate.

When needed components are left out of the biomass function, growth is predicted when the
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Figure 2.2: Genes with a false positive model growth prediction for at least one condition
False positive growth predictions are grouped into four types of suspected causes: 1) alternative
pathways: the models predict a high degree of robustness in E. coli due to detours (alternative
pathways) in the metabolic network, but flux through detour reactions may be constrained to
the extent that they are unable to compensate for the gene deletion; 2) similarly, the existence
of isozymes in the metabolic model leads to predictions of robustness that may not be true if
the isozyme is incapable of maintaining the levels of flux needed for growth (due to regulation
or a slow catalytic rate); 3) slow growth is sometimes impossible to distinguish from no growth
using our assays, and we suspect iron scavenging and ATP synthase gene mutants are slow
growers rather than nongrowers; 4) the model may compute essential genes to be non-essential
if their biosynthetic product is incorrectly excluded from the biomass objective function, as
seems to be the case for genes needed for biotin synthesis.
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cell lacks the capacity to produce these components. In many cases of false positives, the reason

for the false positive can be guessed, and the results can provide clues for model refinement.

We observed a total of 87 gene knockouts that had a false positive growth prediction in

at least one condition. Figure 2.2 shows genes falling into four categories: 16 genes for which

the corresponding reaction could be compensated for by an alternative pathway, 19 genes for

which an isozyme catalyzing the same reaction but coded by a different gene was wrongly

predicted to allow growth in some conditions, 16 genes for which we suspect the genes were

incorrectly deemed essential experimentally due to slow growth, and 4 genes for which growth

was wrongly predicted due to a missing component in the models biomass function.

There are several interesting cases involving the TCA cycle, anaplerosis, and gluconeo-

genesis in which alternative pathways of E. coli are unable to compensate for a gene deletion

in the primary pathway as the model predicts. Firstly, E. coli in lactate or succinate needs

to produce phosphoenolpyruvate (PEP) for gluconeogenesis. PEP can be produced directly

from pyruvate by the PEP synthetase enzyme (PpsA). Interestingly, the model predicts an

alternative, circuitous route from pyruvate to PEP (Figure XX, green and light blue arrows):

two acetylCoA molecules are produced from pyruvate by the pyruvate dehydrogenase complex

(PDH); the two acetylCoA feed into the tricarboxylic acid cycle (TCA) and glyoxylate bypass,

ultimately producing oxaloacetate (OAA); the OAA can be decarboxylated by the PEP car-

boxylase enzyme (Ppc) to make PEP. Our experiments suggest that it is possible to produce

PEP from OAA through the PEP carboxykinase enzyme (Pck) when succinate is the carbon

source, but the inability of the ppsA mutant to grow from a lactate carbon source indicates flux

through either the glyoxylate bypass or or Pck enzyme is insufficient for growth in the mutant

for this condition. In a related case, PDH genes (aceE, aceF, lpd) are incorrectly predicted to

be non-essential in aerobic conditions with all three tested carbon sources. In this case, flux

into the TCA cycle in PDH mutants is predicted to occur through the PEP carboxylase (Ppc)

enzyme which catalyzes the ATP-dependent reverse of the Pck reaction producing OAA from
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Figure 2.3: False positive model predictions in central metabolism for growth in lactate M9
minimal medium
Interestingly, the model had difficulties in computing essentiality of reactions around the pyru-
vate and phosphoenolpyruvate nodes. For pps and ppc genes, the modeling errors appear to
stem from predictions of flux through the glyoxylate bypass as an alternative pathway when
apparently sufficient flux for growth does not occur through the bypass. For aceE, aceF, and
lpd genes, in aerobic growth sufficient flux cannot be generated through the alternative route
from glycolysis to TCA requiring the Ppc enzyme. Green arrows indicate reactions in the
pathway utilizing the glyoxylate bypass for anaplerosis or gluconeogenesis while the light blue
arrow is specific for the alternative gluconeogenesis pathway (converting pyruvate to phospho-
enolpyruvate). The color of gene names indicates: blue, true positive growth prediction for
aerobic growth of the corresponding deletion mutant in lactate M9 minimal medium; orange,
true negative; red, false positive. The names of redox cofactors are shown in purple.
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PEP. The inability of PDH mutants to grow in the aerobic conditions tested suggests that there

is insufficient Ppc in the aerobic condition to allow growth, while in the anaerobic condition

Ppc should be preferred over PDH even in the wild-type since the Pck reaction creates flux into

the TCA system of reactions without producing NADH. In fact, we observe the gene for the

PEP carboxylase enzyme (ppc) is essential during anaerobic growth, as predicted. The enzyme

is also essential during aerobic growth, with the exception of when succinate was used as a

carbon source, because the enzyme is needed for anaplerosis. However, this is not what the

model predicts, as once again the model suggests using the glyoxylate cycle to regenerate TCA

intermediates (Figure 2.3, green arrows). These results indicate that reactions in the TCA

cycle and gluconeogenesis are significantly less robust than the metabolic network suggests,

likely due to regulation at the transcriptional or enzymatic level.

Another class of false positive growth positive growth predictions are those likely re-

sulting from a slow growth phenotype. The slow growth phenotype is caused by either deletion

of an ATP synthase gene (atpABCDEFGH ) or deletion of genes involved in iron scavenging

(fes, entABEF, fepBCD). ATP synthase genes were also noted in resulting in slow growth in

previous studies using glycerol M9 minimal medium. However, the iron scavenging genes were

uniquely found to cause slow growth in the current study, perhaps indicating the water used to

prepare the minimal media has a lower iron concentration.

Finally, the bioABFD genes were determined to be essential for growth in our study,

indicating that biotin biosynthesis is an essential process in media lacking biotin. The result is

consistent with experiments performed in glucose MOPS minimal medium [11], but not with

experiments performed in glycerol M9 minimal medium [12]. The discrepancy may be due

to carryover of biotin from the rich media pre-culture in the previous study. The model does

not predict that these genes are essential because biotin is not required to be produced by the

models biomass function (objective function). These false positive results indicate that biotin

should be added to the model’s biomass function.
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2.3.2 Metabolomics and Enzymatic Assays to Idenitify New Gene Functions

in E. coli

Metabolomics

E. coli metabolomic experiments performed seemed to indicate the existence of dozens

of previously unknown metabolites in E. coli (Baek Soek Lee, personal communication). These

novel metabolites were of high interest, because if actually present in E. coli, they suggest the

existence of many unknown metabolic pathways in the organism. However, close examination

of this list indicated compounds unlikely to be produced in E. coli including medium straight-

chain dicarboxylic acids (adipate and glutarate) and nicotine. These compounds were most

likely due to sample preparation. Unfortunately, the original experiments did not control for

the possibility of background signal due to sample preparation.

Due to the interest in identifying true novel metabolites in E. coli, it was considered

worthwhile to repeat the metabolomics experiments using “blank” controls (flasks not inocu-

lated with bacteria). Metabolites were extracted from E. coli and “blank” samples and then

measured using LC-MS. Each peak measured had a certain intensity, m/z, and retention time

on the column. Retention times were normalized using internal standards and peaks were iden-

tified by comparing m/z and retention time to those of a library of standards. Statistical tests

(2 sample t-tests) were then used to distinguish metabolite peaks that were significantly higher

in the E. coli samples relative to the blanks.

We found 62 anion peaks and 25 cation peaks that could be matched to standards

and that were significantly higher in the E. coli samples than the blanks. Only three of these

peaks represent metabolites not currently known to exist in E. coli (Figure 2.4): N-acetyl-

L-aspartate, uracil-5-carboxylate, and ribulose-1,5-bisphosphate. The existence of these three

metabolites in E. coli has been corroborated by C13 isotope and MS/MS experiments (Martin

Robert, personal communication).

N-acetyl-L-aspartate is not known to exist in bacteria but is an important compound in
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Figure 2.4: Novel E. coli metabolites found by this study
Metabolomics screens revealed three metabolites not currently known to be produced in E. coli :
N-acetyl-L-aspartate, uracil-5-carboxylate, and ribulose-1,5-bisphosphate. A fourth metabolite,
citramalate, was not consistently detected in the currently described screens, but was observed
consistently in previous screens under different growth conditions (Baek Soek Lee, personal
communication). Enzymatic assays described in this chapter suggest E. coli may have a path-
way that produces citramalate as an intermediate.

neuroscience. It could be produced by an acetylase acting on either the free amino acid or on

the residue as a part of protein which is later hydrolyzed. The reason for aspartate acetylation

in E. coli requires further investigation.

Uracil-5-carboxylate has a chemical structure highly similar to uracil and thymine, and

in fact it was thought to be an intermediate in a pathway connecting these two molecules in

Neurospora [67]. However, there is little biochemical evidence for this pathway in any organism,

and thus the significance of this metabolite in E. coli is unclear.

Ribulose-1,5-bisphosphate (RuBP), in contrast to the other two metabolites, is very

well-known, although not in E. coli. It is a reactant for the carbon fixating enzyme, ribulose-

1,5-bisphosphate carboxylase oxygenase (RuBisCO) (Figure 2.5). E. coli does not have any Ru-

BisCO homologue, but interestingly it does have a homologue for phosphoribulokinase (PrkB),

the enzyme catalyzing the production of RuBP from ribulose-1-phosphate. PrkB activity has

not been shown previously in E. coli. The RuBisCO enzyme has a famously low catalytic rate,

possibly as a trade-off for substrate specificity to avoid use of oxygen instead of carbon dioxide.
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Figure 2.5: Calvin Cycle
Ribulose-1,5-bisphosphate (RuBP) was identified as a novel metabolite in E. coli by the
metabolomics screens. This metabolite has a role in carbon-fixing organism in the Calvin Cycle,
as a substrate for the RuBisCO enzyme. Although E. coli does not have a functional Calvin
Cycle, it does possess a homologue for the phosphoribulokinase enzyme (PrkB) as well as known
pathways for producing the precursor of RuBP (ribulose-1-phosophate, or Ru1P). Furthermore,
addition of oxygen rather than carbon dioxide by RuBisCO produces a 2-phosphoglycolate
molecule that is known to be metabolized by E. coli, but has no known source (and is therefore
considered a “dead-end” of the metabolic model). In total, results suggest either a “broken”
pathway in E. coli resembling part of the Calvin Cycle, or a complete pathway in the case of
an enzyme similar to RuBisCO capable of splitting RuBP with addition of an oxygen molecule,
but such an enzyme is at this point only hypothetical. (This figure is an edited version of an
image of the Calvin Cycle found on WikiCommons).



36

Figure 2.6: SDS-PAGE of Protein Purification Samples (Selected Proteins)
Samples were collected during protein purification: (c) sample from crude extract after cell
lysis and before MagneHis beads were added; (f) liquid sample collected after magnetic beads
were added; (b) sample collected from suspension of washed beads, representing proteins bound
to the beads. The bands suspected to represent the proteins of interest (determined using a
standard ladder) are surrounded by a red box. For LeuA , the protein clearly is enriched on the
beads, indicating successful purification. However, the vast majority of PrkB did not attach to
the beads but came out in (f). The gel suggests lack of activity in the PrkB enzymatic assays
could be due first of all to lack of protein on the beads.

Interestingly, the product 2-phosphoglycolate (2pg) formed by addition of oxygen is known to

be metabolized by E. coli, but has no known source. Thus the results suggest a hypothetical

pathway that could form 2-phosphoglycolate, or else a “broken” pathway that has not yet been

totally eliminated by evolution.

Enzymatic Assays

The metabolomic results seemed to indicate clearly three previously unknown metabo-

lites in E. coli. For one of these, RuBP, there existed a homologue in E. coli that could explain

its production. Furthermore, there exists E. coli homologues (LeuACDB) for the production

of citraconate and citramalate (Figure 2.4), two metabolites found at significant levels in the

previous screens, but detected inconsistently in this study. We tested the homologues for the

expected enzymatic activity in vitro. His-tagged proteins were overexpressed using clones from

the ASKA Collection [68], purified using MagneHis beads, and assayed for activity by adding
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Figure 2.7: Evidence for an alternative pathway catalyzed by LeuACDB enzymes
(A) Top Pathway: formation of a leucine pre-cursor from 2-oxoisovalerate through acetylation
(LeuA) by AcetylCoA, isomerization (LeuCD) by addition and elimination of water, oxida-
tion (LeuB), and finally spontaneous decarboxylation. Bottom pathway: an analagous series
of reactions that begins with pyruvate. (B) LeuA known and novel enzymatic activities was
assayed by measuring reactant and product levels by CE-MS in vitro after 8 hours incubation
with or without enzyme. Results suggest that LeuA is capable of acting on pyruvate in addi-
tion to 2-oxoisovalerate, providing an explanation for the observation of citramalate in some
metabolomic screens.

reactants to the beads and measuring products by mass spectrometry.

No reaction was observed for the PrkB protein. Due to the high confidence identification

of RuBP in the metabolome and the high degree of homology of the prkB gene to phosphoribu-

lokinase genes in other organisms, we suspect that the lack of activity was due to experimental

difficulties. SDS-PAGE results of samples taken during purification suggest that the His-tagged

PrkB protein may not have attached well to the beads (Figure 2.6). Future efforts to purify

the protein could attempt to use the GFP-tagged ASKA clone or to construct a clone that is

His-tagged on the C-terminus instead of the N-terminus.
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Citramalte can result from the acetylation of pyruvate as part of an alernative pathway

for isoleucine biosynthesis. The LeuACDB enzymes catalyze the transformation of a leucine pre-

cursor from 2-oxoisovalerate through acetylation (LeuA) by AcetylCoA, isomerization (LeuCD)

by addition and elimination of water, oxidation (LeuB), and finally spontaneous decarboxyla-

tion (Figure 2.7). An analagous series of reactions begins with pyruvate, which has a very

similar chemical structure to 2-oxoisovalerate, and produces the citramalate and citraconate in-

termediates that were observed in some previous measurements of the metabolome (Baek Soek

Lee, personal communication). Based on gene homology, the KEGG database [20] suggests

that the E. coli LeuCD and LeuB enzymes can perform their functions in the pathway that

starts with pyruvate. By extension, we hypothesized LeuA could catalyze the acetylation of

pyruvate.

We successfully overexpressed and purified LeuA protein (Figure 2.6) on MagneHis

beads. Reaction mixtures of pyruvate and acetylCoA or 2-oxoisovalerate and acetylCoA both

resulted in acetylation of the 2-oxoacid in the presence, but not absence, of LeuA enzyme. The

results suggest that LeuA may function in a secondary pathway currently unknown in E. coli

that could potentially serve as an alternative route to isoleucine biosynthesis.

2.4 Discussion

Gene essentiality and gap filling studies in E. coli are important for extending knowl-

edge of the bacteria’s metabolism and refining its metabolic model to allow more accurate

predictions. Gene essentiality results were 93.5% consistent with predictions, indicating that

the models already represent a very accurate understanding of metabolism. However, a signif-

icant number of the failed predictions indicate missing biological knowledge. Furthermore, the

metabolomics results obtained in these studies show clearly show the existence of previously

unknown metabolites in E. coli, suggesting the potential to discover new biochemical pathways

in E. coli.
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In the analysis of false negative gene essentiality predictions, 8 genes knockouts were

identified as not being predicted to grow due to missing isozymes or pathway in the metabolic

model. A previous study [23] combined the ΔtalAtalB “false negative” knockout with 31 other

single gene knockouts of central metabolism genes. The use of multiple knockouts identified a

combination of gene knockouts that resulted in slow growth and followup experiments based on

this observation were able to conclude the existence of a new pathway in E. coli. Combining the

eight “false negative” gene knockouts with other gene knockouts should be possible in a high

throughput manner due to new methodologies [63, 69] and could potentially give clues to totally

new pathways in E. coli. The identification of novel metabolites in E. coli suggests a number

of novel reactions in E. coli including a new pathway to produce isoleucine from pyruvate.

An issue with the hypothesized pathway is that the intermediates citramalate and citraconate

were detected only in previous metabolomic screens that did not include proper controls. The

inconsistent detection of the intermediates in the most current dataset could be due to the

growth condition or specific E. coli strains used, as the previous experiments primarily looked

at lactate-adapted or glycerol adapted MG1655 strains in lactate or glycerol M9 minimal media,

whereas the most current dataset only considers the growth of wild-type MG1655 in glucose

M9 minimal medium. In general, measuring the metabolome in more conditions should give a

more complete list of novel metabolites in E. coli, and clarify the existence of the citramalate

and citraconate intermediates in MG1655.

In vitro enzymatic assays show a potential new activity for the E. coli LeuA enzyme

that would explain the citramalate intermediate observed in some metabolomic datasets. Gene

homology suggests that the LeuCD and LeuB proteins could serve to complete a pathway

that connects pyruvate to the isoleucine biosynthetic pathway. The LeuCD isomerization of

citramalate to citraconate by addition and elimination of water has been tested in vitro using

H2O
18. Preliminary results indicate that LeuCD has this activity in vitro (Jeff Orth, personal

communication). Assay of LeuB has proven more difficult, as thus far not even its known
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activity has been observed in purified protein samples.

Even if all enzymes show the novel activity in vitro and the presence of the citramalate

and citraconate intermediates is shown definitively, it remains a challenge to show how the

pathway is significant in vivo. Although this pathway could serve as an alternative route

to isoleucine biosynthesis, the first enzyme in the currently known pathway, ilvA is essential,

suggesting that the alternative pathway alone is not sufficient for growth. It might be interesting

to test whether adaptive evolution of an ilvA knockout would eventually result in LeuACDB

mutants capable of isoleucine autotrophy.



Chapter 3

Genetic Basis of Adaptation of E.

coli to Growth in Lactate M9

Minimal Medium

Short-term laboratory evolution of bacteria followed by genomic sequencing provides

insight into the mechanism of adaptive evolution, such as the number of mutations needed for

adaptation, genotype-phenotype relationships, and the reproducibility of adaptive outcomes.

In the present study, I describe the genome sequencing of 11 endpoints of Escherichia coli that

underwent 60-day laboratory adaptive evolution under growth rate selection pressure in lactate

minimal media. Two to eight mutations were identified per endpoint. Generally, each endpoint

acquired mutations to different genes. The most notable exception was an 82 base-pair deletion

in the rph-pyrE operon that appeared in 7 of the 11 adapted strains. This mutation conferred

an approximately 15% increase to the growth rate when experimentally introduced to the wild-

type background and resulted in a approximately 30% increase to growth rate when introduced

to a background already harbouring two adaptive mutations. Additionally, most endpoints had

a mutation in a regulatory gene (crp or relA, for example) or the RNA polymerase.

41
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The 82 base-pair deletion found in the rph-pyrE operon of many endpoints may function

to relieve a pyrimidine biosynthesis defect present in MG1655. In contrast, a variety of regula-

tors acquire mutations in the different endpoints, suggesting flexibility in overcoming regulatory

challenges in the adaptation.

3.1 Background

One hundred and fifty years after the publication of The Origin of the Species, evolu-

tion is still a topic of great interest for researchers today due in large part to advances in DNA

sequencing technology. De novo genomic sequencing is being carried out on a massive scale

and large databases of biological sequence data, such as the NCBI Entrez Genome Project

and Genomes OnLine Database (GOLD), are constantly expanding. This genomic informa-

tion has been interrogated using comparative genomics to infer evolutionary histories and basic

principles of evolution in bacteria (see [70] for a review). While a wealth of knowledge has

been learned from these studies, they are usually coarse-grained, focusing on gene loss, hor-

izontal gene transfer (HGT), and general statistics of sequence changes. The importance of

individual single nucleotide polymorphisms (SNPs) and small insertions/deletion (indels) when

comparing divergent strains is difficult to determine using comparative genomics, because these

changes occur with high frequency and are often selectively neutral, necessitating intensive use

of population genetics to distinguish selective mutations [71].

More recently, platforms allowing a base-by-base comparison between highly similar

genomes have been developed [44, 72]. Such technology can now be utilized to perform before-

and-after experiments, where the genetic changes in a population occurring during real time are

measured. This advance allows the unprecedented ability to observe the genetic basis of adaptive

evolution directly, rather than through inference of evolutionary histories. Additionally, these

studies allow the contribution of mutations to adaptation to be observed clearly.

Owing to short generation times, large population sizes, repeatability, and the ability
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to preserve ancestor strains by freezing for later direct comparison of distant generations, mi-

croorganisms have been used to study adaptive evolution [27]. Whole-genome resequencing

of microorganisms following adaptive evolution has the potential to discover fundamental pa-

rameters of adaptive evolution in bacteria, including the number of mutations acquired during

adaptation, functions of the mutated genes, and repeatability of the genetic changes in repli-

cate experiments. However, presently only a small number of studies of adaptive evolution in

bacteria have included resequencing of the genome [73, 74, 37]. One such study included the

resequencing of yeast evolved to glucose, phosphate, or sulfate limitation in a chemostat [75].

While yeast was constrained in which genes mutated in the sulfate-limited condition due to a

single optimal adaptive solution to the condition, glucose- and phosphate- limited conditions

had a number of equivalent solutions to the condition and so more variability in observed mu-

tations was observed. Their work suggests that the parameters of adaptive evolution vary with

condition.

We previously reported the sequencing of E. coli following short-term ( 40 day) adaptive

evolution in glycerol minimal media to obtain its computationally predicted phenotype [37].

The number and location of genes was highly similar among replicates, with mutations in the

glycerol kinase and RNA polymerase genes present in most evolved strains. Experiments showed

that a single mutation in glycerol kinase or RNA polymerase genes could account for up to 60%

of the adaptive improvement in growth phenotype. However, because adaptive evolution in only

a single condition was studied, it is not clear whether findings, such as the number, consistency,

and impact of mutations, are typical for short-term adaptive evolution of E. coli in minimal

media.

E. coli K-12 MG1655 that has undergone adaptation in lactate M9 minimal media

shows fitness gains of a magnitude similar to those observed in glycerol M9 minimal media

[42]. Herein we describe analogous experiments detailing the sequencing of E. coli adaptively

evolved in lactate minimal media, and the fitness benefits of the discovered mutations. We
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found that changing the carbon source affects adaptive parameters, including the number of

mutations needed for adaptation and the diversity of genotypic outcomes.

3.2 Materials and methods

3.2.1 Adaptive Evolution

E. coli K-12 MG1655 (ATCC#47076) (LactF-LactK) or a derivative (WT-A or BOP265

[37]) with identical growth rate (LactA-LactE) was used to inoculate starting cultures grown

in 2 g/L L-lactate M9 minimal medium. Adaptive evolutions were carried out as previously

described [37]. Serial passage was carried out for 60 days (LactA-LactE) or from 45 to 50 days

(LactF-LactK; at least 700 generations) until growth rate remained stable from day to day.

Single colonies (clones) of the endpoints designated LactA-1, LactB-1, etc. were isolated for

sequencing by Nimblegen and Solexa.

3.2.2 Whole-genome Resequencing of Evolved Strains

Nimblegen Resequencing. Genomic DNA was prepared from the endpoint clones

were extracted, concentrated by ethanol precipitation, and sent to Nimblegen Systems (Reyk-

javk, Iceland) for comparative genome sequencing [44] using E. coli K-12 MG1655 (ATC

#47076) as the reference strain.

Solexa Resequencing. 5μg genomic DNA isolated from single colonies of the endpoint

strains was used to generate the genomic DNA library using the Illumina genomic DNA library

generation kit following the manufacture protocol (Illumina Inc, San Diego, CA). Briefly, bacte-

rial genomic DNA was fragmented by nebulization. The ends of fragmented DNA were repaired

by T4 DNA pol., Klenow DNA pol., and T4 PNK. The Klenow exo minus enzyme was then

used to add an ”A” base to the 3’ end of the DNA fragments. After the ligation of the adapters

to the ends of the DNA fragments, the ligated DNA fragments were subjected to 2% 1X TAE

agarose gel. DNA fragments ranged from 150 bp to 300 bp were recovered from the gel and pu-
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rified using the Qiagen mini gel purification kit. Finally, the adapter-modified DNA fragments

were enriched by PCR. The final concentration of genomic DNA library was determined by

Nano drop and validated by running 2% 1X TAE agarose gel. 4 pM genomic DNA library was

used to generate the cluster on the Flowcell following the manufacture protocol. The genomic

sequencing primer v2 was used for all DNA sequencing. A 36 cycle sequencing run was carried

out using the Illumina 1G analyzer following the manufacture protocol for LactA-LactE. LactB

and LactD were later rerun on a 2G analyzer along with LactF-LactK.

Genome sequence assembly and polymorphism identification. The Solexa out-

put for each resquencing run was first curated to remove any sequences containing a ”.”. We

then used MosaikAligner (Stromberg MP, Marth, G.T., unpublished data) to iteratively align

reads to the E. coli reference sequence (GI:48994873), where in each iteration a limit was placed

on the allowed number of alignment mismatches. This limit iterative increased from 0 to 5, and

unaligned reads were used as input to the next iteration that had a more lenient mismatch limit.

An in-house script was then used to compile the read alignments into a nucleotide-resolution

alignment profile. Consistency and coverage were then assessed to identify likely polymorphic

locations. Locations at which coverage was greater than 10X and for which indels were observed

or the count of a SNP was greater than twice the count of the reference-sequence-matching nu-

cleotide were considered to be likely polymorphic locations.

False negative rates were determined for this sequencing method by carrying out poly-

morphism identification using an E. coli reference sequence which had 1000 SNPs, deletions,

and insertions added at random, known locations. Insertion sizes were randomly, uniformly

distributed between 1 and 4 bp and deletions were between 1 and 99 bp. Mutations were not

permitted to overlap. Detection rates of SNPs, deletions, and insertions were determined sep-

arately by counting the fraction of each type of mutation that was marked as polymorphic by

the above script when sequence data from an endpoint was mapped to the mutated reference

genome.
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Verification of reported SNPs by PCR. Primers were designed to amplify 600

bases around the reported SNP for PCR followed by verification of the reported SNP by Sanger

sequencing. DNA extraction performed using DNAeasy spin columns (Qiagen). PCR was per-

formed using HotStar Taq Mastermix (Qiagen). Sanger sequencing was performed by EtonBio

(San Diego, CA).

3.2.3 Construction and Evaluation of Isogenic Mutants

Site-directed Mutagenesis. Mutagenesis was performed using a scarless method

known as gene gorging [76]. Primers were designed 500-600 bp on either side of each mutation,

then the 18 bp recognition sequence for I-SceI was appended to both primers (see Supple-

mentary Table 6). The mutations were amplified from the endpoint clones then cloned into

pCR-BluntII-Topo (Invitrogen). The mutations were verified by Sanger sequencing then the

plasmids transformed into the WT strain along with pACBSR using transformation and storage

solution (TSS) (Epicentre) according to the manufacturers instructions. Colonies were resus-

pended in RDM (Teknova) then lambda Red and I-SceI were induced with arabinose. After 7-9

h incubation at 37◦C, the cells were diluted and plated on LB plates + 25 μg/ml chlorampheni-

col and grown overnight at 37◦C. For each mutation, 31-190 colonies were PCR amplified using

primers adjacent to those used for mutagenesis so that any remaining plasmid DNA would not

amplify if present. The resulting PCR products were screened by various methods depending

on the mutation. Large deletions were identified by gel electrophoresis, while most mutations

required restriction digestion to distinguish from WT. In cases where no restriction difference

could be used, PCR products were screened by hME Genotyping (Sequenom) or Sanger se-

quencing. Screened colonies were saved by patching on LB plates. After screening, 1 or 2

clones carrying the mutant allele as well as a WT clone to serve as control were struck on LB.

Colonies were screened for loss of the mutagenesis plasmid pACBSR by patching on LB and LB

+ chloramphenicol plates. Plasmid-free clones could often be identified in this simple way, but
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when this failed, they were re-struck on LB and screened again until a chloramphenicol sensi-

tive clone was identified. The mutants and controls were grown overnight in LB, then stored at

-80◦C after the addition of glycerol. Double- and triple- mutants were made by repeating the

gene gorging procedure starting with single-mutants instead of WT. The mutations in each of

the final strains were verified by PCR amplification and Sanger sequencing.

Growth Rates. Growth rate experiments were performed by measuring the A600 (OD)

of triplicate cultures over several time points in which the 0.05 ≤ OD ≤ 0.30. Growth conditions

used were identical to the conditions used for adaptive evolution, except flasks were placed in

a 30◦C water bath instead of the 30◦C air incubator used for adaptive evolution. Growth rate

was defined as the slope of the linear best-fit line through a plot of ln(OD) versus time (hours).

3.2.4 Population Genetics

Allele Frequency Estimation. Ten to twelve clones were randomly selected from

M9-lactate agar plates inoculated with frozen stocks of the day 60 adaptive evolution culture.

A 200-300 bp region surrounding each mutation was amplified from extracted DNA by PCR

and Sanger sequenced to determine its presence in each clone.

Allele Appearance Estimation. The approximate time point that each mutation

fixed in its relevant population was estimated by screening the frozen stocks of culture saved

at intermediate time points during each evolution to lactate. The predominant presence or

absence of each mutation in a time point was determined by PCR of the 200-300 bp region

surrounding the mutation, followed by Sanger sequencing.

3.3 Results

3.3.1 Comparative Genome Sequencing

Five parallel adaptive evolutions of E. coli MG1655 (LactA, LactB, LactC, LactD, and

LactE) over 60 days ( 1100 generations) [42], and later six additional adaptive evolutions
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Table 3.1: Mutations found in Lactate-Adapted Strains, First Set

End-
point

Gene Class Nucleotide Codon Protein
Change

LactA crp regulator t452a CTG→CAG L151Q
hfq regulator c28t CCG→TCG P10S
ydjO unknown t138g GGT→GGG G46G

LactB gcvT metabolic Δ1bp (971) frameshift
LactC rph-pyrE metabolic Δ82bp frameshift

cya regulator c547t CTT→TTT L183F
infC translation g283a GAA→AAA E95K

LactD rph-pyrE metabolic Δ82bp frameshift
ppsA metabolic c288a ATC→ATA I96I
atoS regulator a1367c CAA→CCA Q456P
relA regulator a956c TAT→TCT Y319S
rho regulator c304t CGC→TGC R102C
hepA regulator c2665t CAA→TAA Q889(stop)
kdtA cell envlp t701a GTA→GAA V234E

LactE ppsA metabolic c17t TCG→TTG S6L
acpP metabolic g50t GGC→GTC G17V
hfq regulator c28t CCG→TCG P10S
crp regulator t497c ATC→ACC I166T
ydcI regulator g41a CGC→CAC R14H
yjbM unknown g141a ATG→ATA M47I

(LactF, LactG, LactH, LactI, LactJ, and LactK) over 50 days ( 750 generations), were carried

out using continuous exponential growth in 2 g/L L-lactate M9 minimal media at 30◦C, resulting

in an average 90% increase in the growth rate versus the starting strain. To determine the

genetic mechanism of adaptation in these strains, the genomes of single colonies from each

endpoint culture were sequenced using Nimblegen Comparative Genome Sequencing (CGS) [44]

and later 1G Solexa or 2G Solexa sequencing. Regardless of the sequencing method, reported

mutations were tested for actual presence in the endpoint colony using Sanger sequencing. The

confirmed mutations are shown in Tables 3.1 and 3.2.

Nimblegen CGS has been used previously to identify the SNPs, deletions, and dupli-

cations acquired by bacteria during adaptive evolution [37]. This approach is based on the

decreased hybridization of mutated DNA to corresponding probes in genomic tiling arrays

relative to hybridization of non-mutated DNA. In this study, CGS identified a total of 93 mu-
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Table 3.2: Mutations found in Lactate-Adapted Strains, Second Set

End-
point

Gene Class Nucleotide Codon Protein
Change

LactF rph-pyrE metabolic Δ82bp frameshift
kdtA cell envlp. g292a GGG→AGG G98R
rpoC regulator c2524t CGT→TGT R842C
argS translation g110c GGC→GCC G37A

LactG rph-pyrE metabolic Δ82bp frameshift
trpB metabolic g462t GCG→GCT A154A
nadB metabolic c405t GCC→GCT A135A
rpoB regulator a1664c TAC→TCC Y555S
rpoS regulator Δ1bp (609) frameshift
kdtA cell envlp. g292a GGG→AGG G98R
osmF cell envlp. ins T after

873
AAA→TAA K292(stop)

proQ cell envlp. g(-8)t promoter
LactH rph-pyrE metabolic Δ82bp frameshift

pdxB metabolic g286t GTG→TTG V96L
ilvG 1 metabolic Δ1bp (977) frameshift
rpoB regulator Δ1bp (4006) frameshift
kdtA cell envlp. g292a GGG→AGG G98R
wcaA cell envlp. Δ4bp

(506..509)
frameshift

LactI rph-pyrE metabolic Δ82bp frameshift
relA regulator g4c GTT→CTT V2L
proQ cell envlp. ins T after 15 frameshift

LactJ rph-pyrE metabolic Δ82bp frameshift
mrdA cell envlp. c157a CGC→AGC R53S
rpsA translation a490t AAC→TAC N164Y
kgtP cell envlp. g1083a AAG→AAA K361K
kgtP cell envlp. Δ1bp (1212) frameshift

intergenic g3630812t
LactK ppsA metabolic g61a GTA→ATA V21I

rpoC regulator Δ9bp
(3611..3619)

in frame ΔV1204-
R1206,
M1040I

ryhA regulator c(-9)t promoter
treA osmotic g676a GCG→ACG A226T
secE cell envlp. g350a CGC→CAC R117H
secF cell envlp. g109a GCT→ACT A37T
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tations in five evolved strains (LactA-LactE). Of these, we found 14 confirmed SNPs and 67

false positives. 22 reported SNPs were actually discrepancies between the sequences of MG1655

used to create the tiling arrays and the MG1655 strain used to begin the adaptive evolutions.

The observed false positive rate (one per 340,000 base pairs (bp)) is highly similar to the rate

previously observed [37] for CGS.

We later attempted sequencing of the endpoint strains using G1 Solexa (LactA, LactB,

LactC, and LactE), and then G2 Solexa (LactB, LactD, LactF-LactK). Instead measuring

DNA hybridization, Solexa relies on the generation of short sequence reads through reverse-

termination synthesis. The reads are mapped onto a reference genome, and consistent non-

exact matches are reported as mutations. G1 Solexa succeeded in detecting several mutations

in LactA and LactE missed by analysis of CGS data for these strains. However, depending

on the mapping technique and stringency used for reporting mutations, analysis of G1 Solexa

data resulted in either many false negatives or many false positives. When sequencing by G2

Solexa became available, the average coverage of sequenced strains greatly improved from 10X

coverage using G1 Solexa to more than 40X. The high coverage of reads generated by G2 Solexa

resulted in a false positive rate of only one false positive per 9,200,000 bp.

Analysis of G2 Solexa data from 8 endpoint strains resulted in the confirmation of 30

SNPs, 14 deletions, and three insertions, in total. Based on low calculated false negative rate (1-

2%) for SNPs and deletions, it is very unlikely that more than a few of these types of mutations

were not identified in strains sequenced using G2 Solexa. However, detection of small insertions

(1 to 4 bp) was less consistent (13% false negative rate) than detection of SNPs and deletions,

and larger insertions were not generally detectable by our methods. Therefore, it remains a

possibility that several insertions are currently left undetected in these strains.

Additionally, while Solexa sequencing is an excellent tool for determining SNPs and

deletions on the genome scale in bacteria, it has the disadvantage that locations of duplicated

genome segments and chromosomal rearrangements cannot be determined due to short read
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length. Pulse field gel electrophoresis [77] or sequencing using longer read lengths, such as 454

[78], or paired reads can provide information on these mutation events. Because these methods

are not included in our study, it must be kept in mind that genomic rearrangements may have

occurred, but cannot be observed. Despite these shortcomings, approximately five mutations

were detected per endpoint strain, and we believe these are informative for the process of

adaptive evolution occurring in these cultures.

3.3.2 Summary of mutations found

Accounting for SNPs, deletions, and insertions, we found a total of 53 mutations across

eleven lactate-evolved strains. The number of mutations found in adapted strains was between

two and eight. Approximately two-thirds of discovered mutations were SNPs. These were

mostly found within the coding region, with only two cases (proQ and ryhA) where SNPs

were found in a promoter region and one case where a mutation was found in a non-promoter

intergenic region. Although most SNPs resulted in an amino acid substitution, four of 36

SNPs in the dataset were so-called silent mutations. The indels identified by resequencing were

located in coding regions and, except for a 9-basepair deletion in the rpoC gene of LactK, were

out of frame.

Sequencing using Solexa suggested the existence of genomic duplications in several end-

point strains. Data for these strains indicated certain genomic regions which had a higher

coverage of mapped reads than the rest of the genome (Figure 3.1, Table 3.3). The increased

fold coverage in these regions was calculated across all strains as average coverage across the

region divided by average coverage across the genome. Some strains had regions with two- to

four-fold coverage, and this was considered indicative of duplication when most other strains

had 0.9-1.1X coverage in the same region (if these regions represented experimental or map-

ping issues the enriched coverage regions would have been seen in all strains). We found a

total of four regions that were duplicated in at least one adaptive end point. The duplications
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Figure 3.1: Large Genomic Duplications
By viewing the coverage of mapped Solexa data graphically across all genomic coordinates,
four large duplications were found in the lactate endpoints, two of which are present in two
endpoints. The image shows the coverage of mapped Solexa reads from LactK in the region
of a large duplication. In total, the following duplications were found. They are described in
Table 3.3.

Table 3.3: Large Duplications found in Lactate-Adapted Strains

End-point Appx. Size Genomic Coordinates

LactA 87 kb 3946000-4033000
LactB 44 kb 1248300-1292200
LactE 140 kb 3620000-3760000
LactE 87 kb 3946000-4033000
LactF 12 kb 1774000-1786000
LactK 41 kb 1253000-1294000

are described in Table 1. Notably, the duplication in LactF doubled the copy number of the

ppsA gene, which was mutated in three evolved strains (LactD, LactE, LactK). The change

in expression levels of genes in these regions due to increased copy number may provide some

competitive advantage to the strains, as was observed previously in Salmonella typhimurium

adapted to limiting amounts of various carbon sources [79].

3.3.3 Functions of mutated genes

Mutations affected many different genes with a broad range of cellular functions, but

the majority of mutations belong to genes with primary functions relating to metabolism,

regulation, or the cell envelope (Figure 3.2).
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Figure 3.2: Frequency of mutations
The main graph shows the number of endpoint strains in which a specific gene was mutated
out of the 11 adaptive endpoints. The smaller graph shows the number of endpoint strains
that have acquired a mutation in at least one gene of a general category, such as metabolism or
the cell envelope. The bar color of specific genes in the main graph corresponds to the gene’s
category classification in the smaller graph.

The most frequently mutated metabolic genes were ppsA and rph-pyrE. The E. coli

MG1655 laboratory strain used for adaptive evolution has a defect in pyrimidine biosynthesis

caused by a 1bp deletion in the rph-pyrE operon that results in low levels of orotate phosphori-

bosyltransferase encoded by pyrE [80]. The recurring deletion in rph-pyrE extends past the 3

end of the rph gene, to a region of the operon that is close to an attenuator loop (Figure 3.3).

The deletion shifts the stop codon of the rph gene closer to attenuator loop through a frameshift.

Previous experiments suggest that, due to links between translation and the attenuation before

transcription of the pyrE gene, proper regulation of pyrE expression by intracellular uracil

levels is achieved by moving the MG1655 rph stop codon closer to the attenuator loop [81].

Thus, mutation to the regulatory structure could function to increase orotate phosphoribosyl-
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Figure 3.3: The rph-pyrE Δ82-bp mutation.
An 82-bp deletion in the rph-pyrE operon was found in 7 of 11 lactate adapted strains. The
mutation maps to the end of the rph gene, just before the pyrE attenuator loop, causing the
translational stop codon (TAG, shown in bold) to move from some distance upstream of the
attenuator to just downstream of the loop, likely relieving repression of pyrE by the attenuator.
The sequence in and around the deleted region of the operon is shown. The sequence of the
deleted region is shown as highlighted, while a 10-bp sequence that repeats after 82 bp is
surrounded with a box. The repeating sequence may explain the frequent occurrence of the
deletion as a result of DNA polymerase slippage during DNA replication [87].

transferase toward normal levels [80]. However, although the nature of the mutation clearly

suggests such a mechanism, previously determined gene expression data did not show signifi-

cant upregulation of pyrE gene expression in the LactC and LactD strains, which harboured

the rph-pyrE deletion. More experiments are needed to conclude an adaptive mechanism for

the rph-pyrE mutations.

The ppsA gene encodes the gluconeogenic phosphoenolpyruvate synthase protein and

was mutated in four endpoint strains, including a duplication. Gene expression studies indi-

cated ppsA was consistently upregulated in lactate-adapted endpoints relative to the pre-evolved

MG1655 strain [42]. In vitro kinetic assays of phosphoenolpyruvate synthase and quantification

of the ppsA transcript in the ppsA site-directed mutants, including a mutant with a synony-

mous substitution (silent mutation), indicated that the mutations cause increased expression

of ppsA rather than altered enzyme kinetics (results not shown). Recent evidence shows that

symonymous mutations can result in drastic changes in expression levels of the gene [82]. Up-

regulation of ppsA expression through mutations to the ppsA gene or other means may be of
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key importance for growth of MG1655 on lactate due to the need for gluconeogenesis to produce

biomass precursors.

A diverse set of regulatory genes acquired mutations, including cyaA, crp, hfq, relA, rpoS,

and ryhA. The cyaA and crp genes encode the key proteins for catabolite repression, adenylate

cyclase and catabolism repressor protein (CRP). A direct relationship also exists between the

hfq and ryhA genes; ryhA codes for a small RNA which interacts with hfq and may provide

regulation [83]. The relA gene product synthesizes ppGpp in response to low levels of amino

acids, initiating a stringent response [84]. A mutation was found in rpoS, the gene encoding

the σs sigma factor responsible for the general stress response and transition to stationary

phase. Interestingly, crp, relA, and hfq have also been shown to regulate σs levels [84, 85, 86]

suggesting that controlling σs-levels may be a common consequence of the different regulatory

mutations. Statistically significant enrichment for downregulation of genes in the σs-regulon in

four of five endpoint strains with expression profiles further suggests that countering the stress

response is important for adaptation of MG1655 to lactate minimal media [42]. Alternatively,

the variability of differential expression patterns seen in this same dataset also suggests there

may be several adaptive ways for MG1655 to alter its transcription state, and down-regulation

of the stress response may be a common indirect consequence of other adaptive changes to the

expression network driven by mutation to various regulatory genes.

In addition to those mutations affecting metabolism and regulation, there are many

mutations affecting the cell envelope such as those in kdtA (mutated in four endpoints), which

is involved in lipopolysaccharide (LPS) synthesis, and those in proQ and secF, which have roles

in transport of membrane proteins. The cell envelope provides E. coli with an interface to its

environment, and previous work has shown the importance of changes to the cell envelope in

adaptive evolution of E. coli [88]. However, we are unable to infer specific functions of mutations

to these genes.
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Figure 3.4: Temporal order of acquired mutations
DNA extracted from frozen intermediate time points of the adaptive evolutions was Sanger
sequenced at genomic locations corresponding to mutations in the endpoints. Time points that
were sequenced for mutations are indicated by an arrowhead. The arrow is white if no mutations
were identified that were not identified at a previous time point. The first day each mutation
was observed is indicated with a dark arrow. Curves represent the growth rate trajectory during
the period of adaptive evolution. (a)LactA,(b)LactC,(c)LactD,(d)LactE.

3.3.4 Time of Appearance of Acquired Mutations

In order to determine the approximate time of appearance of each mutation in LactA,

LactC, LactD, and LactE, the frozen stocks of each lineage, sampled at intermediate points

during their evolution, were screened for the appearance of each mutation found in the endpoint

by Sanger sequencing of PCR-amplified mutation regions (Figure 3.4). A SNP was considered

present if the dominant signal peak from Sanger sequencing indicated the mutation, although

SNPs were at times observed at lower levels in the population as non-dominant peaks in the

sequencing trace.

One may reasonably expect to see stepwise increases in growth rate during adaptation

as additional mutations are acquired. However, in LactA, LactC, and LactD, mutations tend
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to be detected in groups, rather than step-wise, in time-points corresponding to the end of an

approximately two-week period of rapid adaptation (day 14 or 19). The sudden appearance of

multiple mutations may be indicative of competition within the population between different

mutants during the period of rapid adaptation, but a countless number of other interpretations

are possible. While other strains experienced a period of rapid adaptation, LactE had a gradual

evolutionary trajectory, with mutations appearing more slowly over the sixty days of adaptation,

and in a step-wise fashion. Mutations in yjbM and acpP were not yet dominant in the sequence

traces of these screens, suggesting they were not yet fixed in the LactE population at day 60.

For mutations which were not found to fix in the population, we screened several in-

dividual colonies of the endpoint population for presence of the unfixed mutation. Of twelve

day 60 LactE colonies, four had the yjbM mutation and the acpP mutation. The remaining

eight colonies had neither mutation. The appearance of new mutations at day 60 may suggest

adaptive evolution was incomplete in this strain, although a further 10 days of adaptive evo-

lution failed to result in a significant increase in growth rate [42]. In addition to these two

mutations, an atoS mutation detected using whole genome sequencing of LactD was not de-

tected in the day 60 population of LactD. Further sequencing of this gene in the LactD endpoint

using twelve additional colonies revealed no detectable mutation in atoS within the population.

Because isolated single colonies from a mixed population were sequenced by Solexa and CGS,

this mutation may have been unique to that colony. Alternatively, the mutation was present at

a very low frequency in the adaptive endpoint culture.

3.3.5 Fitness Contribution of Acquired Mutations

Site-directed mutagenesis was used to create single and multiple mutants to directly

assess the contributions of mutations individually and in combination on the phenotype of

adaptive endpoint strains [37]. We created a subset of possible individual and combination

mutants drawn from mutations discovered in the LactA, LactC, LactD, and LactE endpoints.
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We attempted site-directed mutagenesis for all SNPs and indels found in the LactA, LactC,

LactD, and LactE endpoint strains, yet were unable to isolate mutants for every observed muta-

tion due to difficulties at the cloning step of gene gorging or in finding successful recombinants.

Of the four strains attempted, we were able to create a mutant with all discovered mutations

for LactC only.

The growth rate recoveries of the constructed mutants in lactate M9 minimal are shown

in Table 3.4. A 0% growth rate recovery indicates the mutant grows no faster than the

wild-type, pre-evolved strain in lactate minimal media while a mutant with 100% growth rate

recovery grows at the same rate as its respective adaptive endpoint. We found that most

single mutations produced from 1% to 26% growth rate recovery. The single exception was

the LactD kdtA mutation, which was auxotrophic for amino acids, requiring supplementation

of the M9 glycerol minimal media in order to grow. Addition of other mutations removed

this requirement, and, in general, combinations of mutations resulted in at least approximately

additive increases to the growth rate. In some cases, such as the LactC cya+infC+rph and

relA+ppsA mutant reconstructions, the addition of a mutation resulted in an increase in growth

rate that was significantly greater than the additive increase in growth rate expected from the

sum of individual mutations. Such observations suggest positive epistatic relationships between

the mutations, which are essentially synergistic contributions of groups of mutations to fitness.

Positive epistatic interactions between mutations acquired by the same strain during adaptive

evolution have previously been confirmed by highly-sensitive competition experiments [89].

Mutations of genes that are frequently found to mutate in the adaptive condition are

often the most beneficial [37, 75]. It was therefore unexpected that the rph-pyrE single mutant

induced only a 15% growth advantage since the mutation was found in more than one-half of the

adaptive endpoint strains. However, the addition of the rph-pyrE mutation to a LactC double

mutant increased the growth rate recovery by 30%, suggesting that the rph-pyrE mutation

may have positive epistatic interactions with co-acquired mutations. The rph-pyrE mutation
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Table 3.4: Growth rate recovery of site-directed mutants
To determine the causality of the observed mutations, site-directed mutagenesis was used
to place mutations individually and in combination into a wild-type (MG1655) background.
Growth rate recovery is defined as the difference in growth rate between the mutant and wild
type, divided by the difference in growth rate between the respective endpoint strain and wild
type.

Strain Mutations Growth rate
(± SD)

Known
mutations
present

Recovery

Wild-type 0.23 ± 0.02 - -

LactA crp 0.29 ± 0.02 1/3 26%
Endpoint 0.47 ± 0.03 - -

LactC rph 0.27 ± 0.002 1/3 17%
cya 0.26 ± 0.03 1/3 13%
infC 0.26 ± 0.003 1/3 12%
cya + infC 0.31 ± 0.01 2/3 39%
cya + infC + rph 0.40 ± 0.02 3/3 82%
Endpoint 0.44 ± 0.01 - -

LactD kdtA No growth 1/7 -
atoS 0.24 ± 0.01 1/7 2%
ppsA 0.23 ± 0.01 1/7 1%
relA 0.28 ± 0.01 1/7 19%
rho 0.25 ± 0.003 1/7 9%
relA + ppsA 0.33 ± 0.01 2/7 38%
kdtA + ppsA 0.27 ± 0.02 2/7 15%
kdtA + ppsA +
atoS

0.28 ± 0.01 3/7 21%

kdtA + ppsA +
atoS + rho

0.34 ± 0.03 4/7 42%

kdtA + ppsA +
atoS + rho +
relA

0.39 ± 0.01 5/7 64%

Endpoint 0.48 ± 0.05 - -

LactE yjbM 0.23 ± 0.02 1/7 1%
ppsA 0.25 ± 0.02 1/7 10%
crp 0.27 ± 0.02 1/7 17%
ppsA + crp 0.28 ± 0.03 2/7 24%
ppsA + crp +
yjbM

0.31 ± 0.04 3/7 37%

Endpoint 0.43 ± 0.02 - -
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may be commonly found in the endpoints because it has positive epistatic interactions with

a variety of mutational backgrounds. Alternatively, the appearance of the same 82 base-pair

deletion in several endpoint strains suggests that this particular deletion is prone to occur in

MG1655, and the mutation may frequently be found in endpoint strains simply because it gives

some benefit for growth in lactate minimal media and arises frequently in the population.

3.4 Discussion

The affordability and capability of DNA sequencing platforms has allowed the determi-

nation of the genetic basis of adaptive evolution in bacteria. This technology is new, and only

a handful of such studies have been reported. Because the parameters of adaptive evolution

(such as mutation number, types of genes mutated, distributions of mutation fitness effects, and

so on) vary with condition, more work is needed to reach general conclusions regarding genetic

changes occurring after short-term laboratory adaptations of bacteria. In terms of experimental

design, one clear lesson from the work described within is that the number and types of muta-

tions even between replicates may have substantial variance and therefore many replicates may

be needed to determine the variance of adaptive outcomes in a single condition and thus draw

meaningful comparisons between conditions. We anticipate fundamental patterns of adaptation

will become apparent as the increasing ease of these adaptive evolution sequencing studies leads

to more published studies in the near future, and we hope this work will be of use to those

designing such experiments.

The text of Chapter Three, with some modification, is a reprint of the material as it

appears in Conrad TM, Joyce AR, Applebee MK, Barrett CL, Xie B, Gao Y, Palsson BO,

Whole-Genome Resequencing of Escherichia coli Finds Variable Mutations Underlying Adapta-

tion to Lactate M9 Minimal Media, Genome Biology 2009, 10:R118. I was the primary author

of this publication and the co-authors participated and supervised the research, which forms

the basis for this chapter.
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Chapter 4

RNA Polymerase Mutants Found

Through Adaptive Evolution

Re-program Escherichia coli for

Optimal Growth in Minimal Media

Specific small deletions within the rpoC gene encoding the β’ subunit of RNA poly-

merase (RNAP) are found repeatedly after adaptation of Escherichia coli K-12 MG1655 to

growth in minimal media. Here we present a multi-scale analysis of these mutations. At the

physiological level, the adapted mutants grow 60% faster than the parent strain and convert the

carbon source 15% to 35% more efficiently to biomass, but interestingly grow about 30% slower

than the parent strain in rich medium. At the molecular level, the kinetic parameters of the

mutated RNAP were found to be altered resulting in a 4- to 30-fold decrease in open complex

longevity at an rRNA promoter and an approximately a 10-fold decrease in transcriptional paus-

ing with consequent increase in transcript elongation rate. At a genome-scale, systems-biology

level, gene expression changes between the parent strain and adapted RNAP mutants reveal

62
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large-scale systematic transcriptional changes that influence specific cellular processes, including

strong down-regulation of motility, acid-resistance, fimbria, and curlin genes. RNAP genome-

binding maps reveal redistribution of RNAP that may facilitate relief of a metabolic bottleneck

to growth. The results suggest that re-programming the kinetic parameters of RNAP through

specific mutations allows regulatory adaptation for optimal growth in new environments.

4.1 Background

Mutations to the primary RNAP genes in bacteria (rpoABCZ encoding the core α,

β, β’, and ω subunits and rpoD encoding the housekeeping σ subunit) exhibit a wide range

of pleiotropic effects on bacterial phenotypes [90, 91, 92, 93, 94],and it has been said that

mutations to RNAP genes can satisfy virtually any selection [95]. We recently described the

discovery of mutations in rpoB and rpoC following adaptive evolution of Escherichia coli K-12

MG1655 in glycerol M9 minimal medium (GMM) over a period of several weeks [37]. Com-

petition experiments using mutants harboring individual mutations acquired during adaptive

evolution in glycerol showed that changes to the RNAP were the most dominant driving force

of adaptation to this condition [89].

Some RNAP mutants exhibit changes in initiation kinetics that resemble the effects of

elevated (p)ppGpp on RNAP that occur during the stringent response [92]. Further, (p)ppGpp

is required for growth of E. coli in minimal media [96]. This raised the possibility that the

adaptive changes to RNAP might permanently change the enzyme in ways similar to that

achieved transiently by (p)ppGpp binding. Thus, we suggested that these mutations could be

adaptive through effects on transcription that might be related to those exerted by (p)ppGpp

[37].

Regulation of RNAP by (p)ppGpp, reviewed in [84], is modulated by the protein DksA,

which binds in the RNAP secondary channel. Binding of DksA or (p)ppGpp to the RNAP alone

or together deceases the kinetic stability (i.e., lifetime) of open complexes and causes decreased
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transcription from promoters that form short-lived open complexes (e.g., promoters for ribo-

somal RNA synthesis) and increased transcription from promoters that form long-lived open

complexes (e.g., promoters for some amino-acid biosynthetic operons). The reduction in open

complex lifetime caused by (p)ppGpp and DksA are thought to redistribute RNAP away from

rRNA transcription units to other genes such as those required for amino-acid prototrophy.

(p)ppGpp also is thought to increase transcriptional pausing and decrease transcript elonga-

tion rate [97, 98] Interestingly, the (p)ppGpp regulon has previously been observed to be

affected during adaptive evolution of E. coli in minimal medium [40]. Therefore, we sought to

understand whether the mutations to the RNAP genes were adaptive through effects related to

those previously reported for so-called stringent RNAPs [92], or by some other means.

Here, we describe the effects of three adaptive small deletions in RNAP at multiple

levels: 1) at the physiological level through changes in growth performance, 2) at the molecular

level through changes in RNAP kinetics as measured in vitro, and 3) at a systemic level through

showing redistribution of the polymerase and changes in gene expression.

4.2 Materials and methods

4.2.1 Adaptive Evolution

45 parallel adaptive evolutions of E. coli K-12 MG1655 were performed over 25 days in

2g/L GMM at 30◦C as previously described [37].

4.2.2 Targeted Resequencing

Primers were designed to amplify gene positions 904-2085 and 2680-3974 of textitrpoB

and rpoC, respectively. DNA was isolated from day 25 adaptive evolution endpoints and se-

lected regions were amplified using ExTaq DNA polymerase (Takara). Sanger sequencing was

performed by EtonBio (San Diego, CA).
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4.2.3 Site-Directed Mutagenesis and Knockouts

A scarless form of site-directed mutagenesis, gene gorging [37, 76], was used to introduce

the rpoC mutations from three glycerol M9 adaptive evolution endpoints into a wild-type E.

coli K-12 MG1655 background (methods described in 3.2.3).

Knockouts of the relA and spoT genes were made and confirmed using the method of

Datsenko and Wanner [54].

4.2.4 Physiological Measurements

Growth Rates

Pre-cultures of the strains grown in the same media as used to test the growth rate

were inoculated into GMM, lacatate M9 minimal medium, glucose M9 minimal medium, or LB

rich medium. At various time points during the growth curve samples were taken to measure

optical density (OD) at 600nm and glycerol/acetate content in the media. The growth rate

was estimated from the OD measurements over time using a linear fit over the natural log-

transformed graph of OD versus time (h). Glycerol and acetate concentrations were determined

by HPLC with detection at 410 nm. GUR was calculated by measuring the depletion of glycerol

over time, taking into account the amount of biomass present.

Biomass Yield

Reported biomass yields were estimated from the optical density of the samples.Biomass

can be estimated by a linear relationship to OD at 600nm [99]. Previously, a value of 0.44

gDW/L (grams dry weight per liter) per unit OD was used for E. coli. We measured in triplicate

the biomass of 50 mL cultures of MG1655, del27, eBOP43, and eBOP42 by filtration followed

by drying overnight at 60◦C. We determined a conversion of 0.54 gDW/L per unit OD using all

data (R2=0.77) and used this value to calculate the values in Table 4.3. However, MG1655 had

values reflecting a co-efficient closer to the previously determined value of 0.44 gDW/L per unit
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OD. Assuming the mutants actually have a higher co-efficient than wild-type, this complication

would only strengthen our inference that biomass yield increases in the mutants.

Motility Assays

Strains were grown to stationary phase in glycerol minimal media and then spotted onto

0.2% agar, 2 g/L glycerol + M9 salts plates and incubated at 30◦C. Plates were photographed

after 24, 48, and 72 hours. A strain was considered motile if its halo expanded between in the

time between 24 and 48 hours in at least three of five replicates. A similar method to determine

motility was described in [100].

4.2.5 Transcription Kinetic Assays

The following work measuring the kinetic parameters of the mutant polymerase enzymes

was performed by Andrew Joyce at UCSD and the Landick lab at UW-Madison.

Plasmids, Oligonucleotides, and Proteins

Plasmids and oligonucleotides used for kinetic assays are described in Table 4.1. Hex-

ahistidine tagged wild-type and mutant core RNAPs were isolated from E. coli BL21 λDE3 recA

(Invitrogen) transformed with either pRL4455 or pRL4455-derivative plasmids [101] following

induction by IPTG, and purified using metal-ion-affinity chromatography on a Ni-NTA-agarose

column, followed by chromatography on a heparin column [102]. Wild-type and mutant holoen-

zymes (core ββ’α2 and σ
70) were prepared by incubating 5-fold molar excess of σ70 with core

enzyme for 15 min at 30◦C. Linear DNA templates for in vitro elongation rate assays were

obtained by PCR amplification from supercoiled plasmid DNA and purified by QIAspin PCR

purification reagents (Qiagen, Valencia, CA). Plasmids were isolated and purified by Promega

reagents (Madison, WI).
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Table 4.1: Strains, Plasmids, and Oligonucleotides Used For Kinetics Study and qPCR

Name Description Source or
Note

Strains
BLR BL21λDE3 recA Invitrogen

Plasmids
pIA146 T7 A1 promoter-A29-rpoB transcription tem-

plate plasmid
[103]

pRLG6555 rrnB P1 (-66 +9) transcription template plas-
mid

[104]

Oligos
RNA27 CCUGACUAGUCUUUCAGGCGAUGUGUG his Pause Re-

constitution
NT39 GGTCAGTACGTCCATTCGATCTTCGGA

AGAGATTCAGAG
his Pause Re-
constitution

T39 CTCTGAATCTCTTCCAGCACACATTAG
GACGTACTGACC

his Pause Re-
constitution

947 GGAGAGACAACTTAAAGAG T7 A1 Up-
stream

21 GTCTGTCTCTGGGCGATCTG rpoB Internal
rrlB qPCR f AGGCCTTCGGGTTGTAAAGT rrlB qPCR

primer
rrlB qPCR r GTTAGCCGGTGCTTCTTCTG rrlB qPCR

primer
csrB qPCR f GATGGTGTTTCAGGGAAAGG csrB qPCR

primer
csrB qPCR r CATCCTGACCGGTTCTCATT csrB qPCR

primer
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Cloning of rpoC mutants

The rpoC alleles were amplified with Pfu DNA polymerase (Stratagene) from genomic

DNA isolated from associated glycerol-adapted strains using PCR primers matching rpoC re-

gions that flank SalI and BspEI restriction enzyme sites on plasmid pRL662. rpoC alleles were

ligated into pRL662 using Quick Ligase (New England Biolabs) following digestion with SalI

and BspEI. These alleles were further subcloned into pVS7. Alleles were PCR amplified 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. The

pVS7 vector fragment was then treated with Antarctic Phosphatase (New England Biolabs)

prior to use in the ligation reaction with the mutant BsmI-XhoI rpoC fragment.

In Vitro Transcriptional Pause Assay

Wild-type and mutant ECs were reconstituted 2 nt upstream from the pause site as

described previously [105]. RNA/DNA scaffolds were assembled in reconstitution buffer (20mM

Tris-HCl, pH 7.9, 20 mM NaCl, 0.1 mM EDTA) by heating 2 μM non-template strand DNA,

1 μM template strand DNA and 1 μM RNA for 2 min at 75 ◦C, rapidly cooling to 45 ◦C, and

then cooling to room temperature in 1 ◦C/min decrements. To form ECs, 100 nM core RNAP

was incubated with 50 nM RNA/DNA scaffold in the same buffer plus 5% glycerol, 10 mM

MgCl2, 1 mM DTT, 20 μg acetylated BSA/ml for 10 min at 22
◦C and then incubated 15 min

at 37 ◦C.

Reconstituted EC27 was incubated with 0.17 μM [α-32P]-CTP for 2 min at 37 ◦C to

form the EC28 halted 1 nt before the pause site, and then incubated with 10 μM unlabeled CTP

and 10 μM UTP for an additional 15 min to form the EC29 paused complex. Transcription

was restarted by addition of 5 μM GTP. Samples were removed at different time points and

quenched by the addition of an equal volume of 2xSTOP buffer (10 M urea, 98 mM Tris borate,

pH 8.3, 25 mM Na2EDTA, 0.05% bromphenol blue). Samples were heated for 2 min at 94
◦C
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and separated by electrophoresis though 15% denaturing polyacrylamide (19:1) gels (7 M Urea,

45 mM Tris-borate, pH 8.3, 1.25 mM EDTA). The pause half-life was calculated by nonlinear

regression analysis of the rate of escape from the pause site.

In Vitro Elongation Rate Assay

The in vitro elongation rate was determined using the standard conditions as described

previously [103]. Halted elongation complexes were formed with 25 nM linear T7 A1 promoter

DNA template and 40 nM RNAP holoenzyme in transcription buffer (20 mM TrisHCl, 20 mM

NaCl, 3 mM MgCl2, 14 mM 2-mercaptoethanol, 0.1 mM EDTA, pH 7.9). ECs were halted at

position A29 by incubation with 150 μM ApU, 10 μM ATP, 10 μM GTP, 10 μM [α-32P]-CTP

(32.5 Ci/mmol) for 15 min at 37◦C. Transcription was restarted by addition of 150 μM NTPs

and rifampicin to 100 μg/ml. Samples were removed at different time points and quenched with

an equal volume of 2xSTOP Buffer and analyzed as described above. The elongation rate was

calculated from the time required for 50% of halted elongation complexes to make full-length

RNA product.

Lifetimes of Open Complexes

Open complexes were formed by incubation of 10 nM RNAP holoenzyme with 2 nM

promoter template (supercoiled plasmid containing a rrnB P1 transcription template that pro-

duces a 157-nt transcript) for 10 min at 30◦C in transcription buffer (40 mM Tris-HCl (pH

7.9), 10 mM MgCl2, 1 mM DTT, 0.1 μg acetylated BSA/μl, 50 mM NaCl). ppGpp (100 M),

DksA (100 nM), or both was present as indicated in the figure legends. At time 0, 200 nM of

a 60 nt double-stranded DNA fragment containing the full con promoter was added as a com-

petitor [106]. At different times thereafter, 10 μl aliquots of the reaction were added to tubes

containing 1.25 μl NTPs (final concentration 500 μM ATP, 200 μM CTP, 200 μM GTP, 10

μM [α-32P]-UTP (10 Ci/mmol)) and incubated an additional 10 min. Samples were quenched
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with an equal volume of 2xSTOP Buffer and analyzed as described above. The open complex

half-life was calculated by nonlinear regression analysis of the relative rate of decrease in rrnB

P1 transcript over time.

4.2.6 RNAP ChIP-chip

Experiments to generate the ChIP-chip datasets were performed by B.K. Cho and Eric

Knight at UCSD.

Triplicate MG1655 wild-type and del27 mutant batch cultures in GMM were harvested

during mid-log growth phase (OD A600 ≈ 0.3) and cross-linked by incubation in 1% formalde-

hyde (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 37◦C 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, 1mM 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 37,000g at 4◦C for 10 min, and the resulting

supernatant was used as cell extract for the immunoprecipitation.

To immunoprecipitate the RNAP-DNA complexes, 6 μL of anti-RNAP β subunit mouse

antibody (Neoclone) was 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 4◦C

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 4◦C, the beads were

washed, in order, twice with the IP buffer (50 mM Tris-HCl (pH 7.5), 140 mM NaCl, 1 mM
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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 65◦C 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 37◦C. Proteins in the DNA sample were then

removed by incubation with 4 μL of proteinase K solution (Invitrogen) for 2 hours at 55◦C. 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.

The Nimblegen array contained 50-mers with 25 bp overlap, covering the MG1655

genome forward and reverse strands. Separately labeled anti-RNAP and mock samples were

hybridized to the array. Nimblegen performed normalization of raw data (paired files) by sub-

tracting the bi-weight mean for the log-ratio values. Data quality was checked by calculating

the Pearson correlation efficient of replicates (>0.95) and ensuring similar data distributions.

Binding to rRNA transcription units was determined by calculating the average sig-

nal over the genomic coordinates of the ribosomal operons as listed in EcoCyc [107]: rrsA-

ileT-alaT-rrlA-rrfA (rrsAp1) 4033262 to 4038659; rrsB-gltT-rrlB-rrfB (rrsBp1) 4164390 to

4169779; rrsC-gltU-rrlC-rrfC (rrsCp1) 3939539 to 3944842; rrsD-ileU-alaU-rrlD-rrfD-thrV-

rrfF (rrsDp1) 3421564 to 3427069; rrsE-gltV-rrlE-rrfE (rrsEp) 4205886 to 4211063; rrsE-gltV-

rrlE-rrfE (rrsEp) 2724210 to 2729470; rrsH-ileV-alaV-rrlH-rrfH (rrsHp1) 223485 to 228875.

Because amounts of both forward strand and reverse strand immunoprecipitated DNA should
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be approximately equal, both strands were used for quantifying RNAP binding. For each repli-

cate, the sum of signal across the ribosomal transcription units was normalized by the sum

of signal across the genome. The normalized value was averaged across three biological repli-

cates. Statistical significance of the difference in ribosomal binding signal between the MG1655

samples and the del27 samples was determined using a 2-sample t-test.

4.2.7 Comparative qPCR

RNA was extracted from triplicate cultures of MG1655 and del27 as described for gene

expression, except cells were harvested at A600 ≈ 0.10 for additional confidence that the cultures

were not near stationary phase. cDNA synthesized from the RNA (appx. 50 ng/μL) was diluted

10,000-fold. Primers were designed to amplify approximately 100bp segments of 23S rRNA and

csrB (Table 4.1) and were verified by ensuring stable ΔCT of a cDNA sample diluted between

1,000-fold and 100,000-fold. To determine ribosomal content, triplicate technical replicates were

used for each of the twelve biological replicates. The qPCR reaction was carried out using Power

SYBR Green qPCR Master Mix (Applied Biosystems) in a iCycler thermocycler and optical

module (Bio-Rad) using [1 cycle: 95◦C 10m; 40 cycles: 95◦C 15s, 52◦C 15s, 72◦C 30s; 1 cycle:

72◦C 10m].

4.2.8 Gene Expression Analysis

Gene Expression

Twelve microarrays were analyzed in total. Samples from triplicate flasks of E. coli

K-12 MG1655 and the three mutant knockins were collected by diluting in a 2X volume of

RNA Protect when the cells reached mid-log phase of growth (OD A600 ≈ 0.3) in GMM at

30◦C. RNA was extracted, synthesized into cDNA, fragmented using DNase I, labeled with

biotin using terminal transferase and DNA Labeling Reagent (Affymetrix), and hybridized to

Affymetrix E. coli 2.0 GeneChips using Affymetrix’s suggested protocol. Raw data have been
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deposited in NCBI’s Gene Expression Omnibus [108] and are accessible through GEO Series

accession number GSE15500. Microarrays were normalized using the method of Wu et al [109].

For each RNAP mutant, all active transcripts were determined by comparing against a set of 20

negative controls on the arrays (two sample t-test;FDR = 0.05). Genes that were significantly

expressed in neither the mutant or wild-type strain arrays were removed from the dataset and

not considered in further analyses.

Computation of differential expression

For each mutant, the grand mean was subtracted from all genes within the union of

active transcripts between the mutant and the wild-type arrays. Differential expression was

then computed with a permuted two-sample t-test. The significance cutoff was set at 1.5 fold

changes and a false discovery rate of 0.03 (determined using the method of Storey et al [110]).

GO class, COG, and Regulon enrichment

For each gene, the associated Gene Ontology (GO) classes, COGs, and regulons were

determined. GO classes were obtained from EcoCyc v 12.0 [107]; COGs were obtained from

the COG database [111]; and regulon structure was determined from RegulonDB 6.0 [112].

Enrichment within clusters and differentially expressed genes was determined using the hyper-

geometric test (FDR = 0.05).

4.3 Results

4.3.1 Mutations to RNAP Genes Occurring in MG1655 During Adaptation

to Glycerol Minimal Medium

Following the discovery of mutations in rpoB or rpoC in three of five fully re-sequenced

strains of E. coli K-12 MG1655 adaptively evolved in GMM [37], an additional 45 adaptive evo-

lution experiments of 25 days were carried out under the same condition. Targeted sequencing
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Table 4.2: Mutant RNAP Strains

Strain Mutation Change to
RNAP

textbfSource/
Reference

MG1655 “wild-type” K-12 ATCC
del27 Δ3132..3158 β’Δ(T1045-

L1053)
[37]

eBOP43 Δ3611..3619 β’Δ(V1204-
R1206)

this work

eBOP42 Δ3120-3143 β’M1040I,
Δ(I1041-R1048)

this work

RpoB8 rpoB a1538c βQ513P [90]
RpoB2 rpoB c1576t βH526Y [90]
RpoB114 rpoB c1592t βS531F [90]

of selected portions of rpoB and rpoC was performed to determine the frequency and locations

of mutations in RNAP genes. Mutations were found in the re-sequenced regions of rpoB or rpoC

in 37 of 45 day 25 strains. The most frequent mutation was a previously unobserved 9 base-

pair (bp) deletion rpoC Δ3611..3619 (β’V1204G, Δ[E1205-G1207] (eBOP43)) that occurred

in 31 of 45 endpoints and that is located in the so-called jaw domain of RNAP [103]. Two

endpoint strains had single nucleotide polymorphisms (SNPs) in rpoB (βH526Y and βE641K),

and the remaining four strains had other small, in-frame rpoC deletions that all occurred in the

so-called sequence insertion 3 (SI3) of E. coli RNAP (16) (β’Δ[T1045-L1053] (del27) found in

two day 25 strains; β’M1040I, Δ[I1041-R1048] (eBOP42) and β’Δ[G1043-N1051], found once).

The remarkable frequency of the rpoC Δ3611..3619 mutation may be attributed in part to a

7-bp sequence that repeats with a 9-bp interval at the location of the deletion. It has been

previously observed that deletions between direct sequence repeats in other parts of the rpoC

gene repeatedly arise, for example in selection for restoration of prototrophy in ΔrelAΔspoT

mutants [95].

The molecular biology of the RNAP has been well characterized. The RNAP α2ββω

core enzyme, aided by a variety of promoter-specific sigma factors, carries out transcription in

E. coli and mutations to the genes encoding the enzyme can have profound effects on phenotype

and transcription kinetics. The β and β’ subunits, encoded by rpoB and rpoC, form the catalytic
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Figure 4.1: The structure of the transcription elongation complex and the location of the
small deletions in the β’ subunit of RNAP
(A) (Left) Diagram of the transcription elongation complex. (Center) Structure of the RNAP
active site (1). Transcription occurs left to right. DNA, black; RNA, red; Mg2+ ions, yellow; in-
coming nucleotide, green; β’ subunit, light gray semi-transparent surface; trigger loop, orange;
SI3 insertion point, pink spheres; jaw domain, dark grey; previously identified jaw substitution
and deletion (2), teal; eBop43 deletion, red. (Right) Structure of SI3 (3). SI3, pink; ebop42
deletion, blue; del27 deletion, green. (B) The context of the small deletions of interest in the
β’ subunit polypeptide. The positions of the deletions in the β’ polypeptide are indicated by
colored rectangles.
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core of the RNAP including the DNA and RNA channels. The β and β’ subunit have eukaryotic

homologues (RPB1 and RPB2, respectively, in yeast RNAP II) with which they share 8-9 regions

of homology [113, 114]. Variability exists in other regions including three sequence insertions

(SIs) which are found in E. coli and other proteobacteria but not Gram-positive bacteria [115].

Two insertions in E. coli RNAP, SI1 and SI2, are located in the β subunit; the occurrence of

small indels within these sequences generally have only mild consequences for RNAP activity

and cell viability [116, 117, 118, 119]. In contrast, indels within SI3, an insertion in the E. coli

β’ subunit, have more dramatic effects [119, 120]. In vitro assays previously showed that SI3 as

well as a proximal domain on β’ known as the jaw may influence transcription through contacts

to DNA downstream of the active site. Deletion of the SI3 domain or a large portion of the

jaw domain destabilizes open complexes during transcription initiation and decreases pausing

during elongation [119, 103]. The RNAP substitutions and deletions that we identified in E.

coli adapted to glycerol minimal media were located mostly in the jaw and sequence insertion

3 (SI3) domains of the β’ subunit of RNAP (Figure 4.1).

The mutant RNAP sequences of eBOP43, del27, and eBOP42 were cloned into RNAP

overexpression plasmids from which purified mutant RNAPs were prepared to study the kinetic

properties of the mutant RNAPs in vitro. The mutant sequences were also recombined back

into the wild-type MG1655 genome (Table 4.2) to study the biological effects of the mutations

in isolation in vivo.

4.3.2 Physiology: Mutations to rpoC Increase Growth Rate in Minimal Me-

dia

Growth rates of wild-type MG1655 and the three studied RNAP mutants were deter-

mined in M9 minimal media with glycerol, glucose, or lactate carbon source, as well as in LB

rich media (Fig. 4.2, Table 4.3). The three RNAP mutants were found to grow 60% faster

than wild-type in GMM. Also, growth in both glucose and lactate M9 minimal media was sig-
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Figure 4.2: Growth rate measurements of RNAP mutants in minimal and rich media
The growth rates of three RNAP mutants derived from E. coli adapted to growth in glycerol
M9 minimal medium (del27, eBOP43, and eBOP42) and three RNAP mutants derived from
rifampin-resistant E. coli were determined in triplicate in M9 minimal media with various carbon
sources and in LB rich medium. Average growth rates of mutants relative to the wild-type are
shown and error bars represent the standard deviation of measurements. The glycerol-adaptive
mutants grow significantly faster than wild-type in minimal media with all three tested carbon
sources, but grow slower than wild-type in LB rich medium. Numerical results (absolute values)
are listed in Table 4.3.

nificantly faster for all three mutants, indicating that the adaptive effect is not specific to only

the glycerol carbon source, but extends to growth in minimal media with other carbon sources.

In contrast, the growth rates of all three RNAP mutants were decreased 17%-34% relative to

the wild-type strain in LB rich medium. These results show that the RNAP mutants reflect a

general adaptation to minimal media, with the trade-off of slower growth in rich media.

We next investigated possible links between the adaptive RNAP mutants, regulation by

(p)ppGpp, and an improved growth rate in GMM. A ppGpp-null derivative of the del27 mutant

was constructed by introducing deletions of the relA and spoT genes. The del27ΔrelAΔspoT

strain was unable to grow without amino acid supplementation, showing that del27 is not phe-

notypically equivalent to so called stringent RNAP mutants that allow growth of relA−spoT−

strains in minimal medium [95]. Furthermore, a previously characterized rifampin-resistant

stringent RNAP mutant (rpoB114[S531F]), discovered via its effect on rpoD promoters [90],

exhibited an unchanged growth rate in GMM versus an isogenic MG1655 strain. In contrast,

rifampin-resistant mutants not known to allow growth of relA−spoT− strains but that affect

transcript elongation rate in vitro either decreased (rpoB8, which decreases elongation rate) or

increased (rpoB2, which increases elongation rate) growth rate in GMM (Fig. 4.2, Table 4.3).
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Figure 4.3: Motility Changes in RNAP mutants
Motility was assayed by a standard method using soft agar (0.2%) plates containing glycerol and
M9 salts. Five replicates were used for each strain. A strain was called motile if a halo developed
around the spot of inoculation after 48-72 hours in at least 3 replicates. Wild-type MG1655
consistently showed motility after 48 hours. (A) del27 was the only motile RNAP mutant
among those studied, however GlycB, the glycerol-adapted strain in which del27 was originally
identified, is not motile, presumably due to presence of other mutations. (B,C)The other two
mutants, eBOP43 and eBOP42, as well as their respective glycerol-adapted strains, GlycR3 and
GlycR2, are non-motile. Motility in the RNAP mutants correlated with the expression of fliA
as measured by microarrays. The fliA gene codes the sigma factor for motility and chemotaxis
genes, σ28.
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Therefore, the improved growth rate of del27 RNAP mutant in GMM results from changes in

properties of RNAP that differ from the classically defined stringent RNAP mutants. Con-

versely, non-stringent mutants (rpoB2 and rpoB8) affected growth rate in GMM proportional

to previously reported effects of these mutants on transcript elongation rate [121, 122].

The increased growth rates of del27, eBOP43, and eBOP42 mutants in GMM may be

explained either by increased overall metabolic flux or by an increase in the fraction of carbon

source being converted to biomass (biomass yield). Assuming a steady state, the uptake rate of

glycerol (GUR) is an indicator of the overall rate of metabolism. We found that both biomass

yield and GUR increased in all three rpoC mutants (by 14-35% and by 19-40%, respectively;

Table 4.3).

We made two observations that could explain the increased biomass yield in the mutants.

It was previously shown that a MG1655-derived strain with an flhD mutation that causes the

strain to become non-motile has a significant growth advantage in glycerol M9 minimal media

relative to the parent strain [123]. Loss of motility in MG1655 adapted to growth in GMM

has previously been observed [42]. Interestingly, we found complete loss of motility in the

eBOP43 and eBOP42 mutants and slightly decreased motility in the del27 mutant (Fig. 4.3).

Secondly, when uptake of a carbon source exceeds the capability of E. coli to produce biomass,

excess carbon may be excreted as acetate [124]. We found that acetate appeared at a slower

rate in del27 and eBOP42 growth media, and no acetate was detected in the eBOP43 growth

media. Therefore, the adaptive RNAP mutations result in both a higher metabolic rate and

more efficient use of the carbon source.

4.3.3 Molecular Biology: Adaptive RNAPMutants Exhibit Altered Kinetics

in vitro

Alteration of transcription kinetics through an RNAP mutation may have extensive

effects on the cell state, potentially resulting in faster growth. The RNAP substitutions and



81

Figure 4.4: The small deletions in rpoC alter RNAP kinetics in vitro
(A) Comparison of open complex longevity at the rrnB P1 promoter in the absence (gray
bars) and presence (white bars) of ppGpp/DksA. All open complex half-life measurements
were normalized to wild-type. The text above the gray bars is the relative decrease in half-life
for each mutant compared to wild-type RNAP. The text in parentheses above the white bars is
the relative decrease in open complex half-life in response to the presence of ppGpp/DksA for
each RNAP. (B) Comparison of in vitro transcription elongation rate. Elongation was assayed
by synchronized transcription on a linear T7 A1 promoter template containing a fragment of
the rpoB gene. (C) Comparison of his pause half-lives. Pause half-lives were assayed using
reconstituted transcription elongation complexes paused at the his pause site. Pause half-lives
were measured at least twice, with the individual values within 10% error of each other. The
text above each column denotes the fold-decrease relative to wild-type. Detailed graphs showing
measurements of open complex lifetimes and elongation rates are shown in Figure 4.5.

deletions that we identified in E. coli adapted to GMM were located mostly in the jaw and

sequence insertion 3 (SI3) domains of the β’ subunit of RNAP (Fig. 4.1). In vitro assays have

previously shown that deletion of the SI3 domain or a large portion of the jaw domain desta-

bilizes open complexes during transcription initiation and decreases pausing during elongation

[103, 119]. Thus, the location of the mutations suggested that they could affect the kinetics of

RNAP.

To investigate possible effects on RNAP kinetics, we used established methods to mea-

sure open complex longevity at the rrnB P1 (rRNA) promoter [104], elongation rate [103]

during transcription of textitrpoB, and pause half-life [105] at a well-established pause site.

The mutant RNAPs exhibited a decrease in open complex longevity at the rRNA promoter (Fig.

4.4 and Fig. 4.5). Relative to wild-type RNAP, the deletions in the SI3 domain decreased the
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open complex half-life by a factor of 4, and the deletion in the jaw domain decreased longevity

by a factor of greater than 30. Despite the decrease in inherent open complex longevity, the

mutant RNAPs maintained the ability to respond to the effects of the global regulators ppGpp

and DksA, similar to wild-type (Fig. 4.4). Thus, relative to wild type, the mutant RNAPs

would be expected to decrease initiation in vivo at promoters like rrnB P1 that are sensitive

to open complex longevity regardless of the physiological activity of (p)ppGpp and DksA (i.e.,

at both low and high (p)ppGpp and DksA levels or activities).

To assess how the small deletions affect transcript elongation, we first tested the effects

of the deletions on the overall rate of transcript elongation using a synchronized transcription

assay on a linear template containing a fragment of the rpoB gene. The mutant RNAPs

exhibited a modest (1.6 to 2.8-fold) increase in elongation rate relative to wild-type (Fig. 4.4

and Fig. 4.5). The increase in elongation rate was accompanied by decreases in prominent

pauses found in the rpoB gene (results not shown). The increase in apparent elongation rate

could be caused by an increase in the rate of nucleotide addition, a decrease in pausing over

the length of the transcript, or both [125].

We next investigated the observed decrease in pausing by assaying the kinetics of elon-

gation complex escape from a well-characterized pause site in the his operon leader region. Each

mutant RNAP decreased the his pause half-life by greater than a factor of 10 (Fig. 4.4). Thus,

the adaptive RNAP mutants exhibited a drastic decrease in pausing at a specific, model pause

site as well as generally decreased pausing in the rpoB transcription unit. Although we have not

ascertained whether all possible classes of pauses are affected, our results strongly suggest that

the adaptive RNAP mutants exhibit an increased elongation rate resulting at least in part from

significant decreases in transcriptional pausing. Changes to pausing and elongation rate may

have compound consequences including effects on RNA-folding, transcriptional-translational

coupling, transcription termination, recruitment of regulatory factors, and the general rate of

transcription [126].
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Figure 4.5: The small deletions in rpoC alter open complex longevity and transcriptional
pausing in vitro
(A) Comparison of open complex longevity at the rrnB P1 promoter. RPo longevity was
assayed on super-coiled pRLG6555 using a single round transcription assay. Plot of the relative
fraction of RPo remaining as a function of time in the absence of ppGpp/DksA. Each point
represents the average of three or more experiments. (B) Comparison of in vitro transcription
elongation rate. Elongation was assayed by synchronized transcription on a linear T7 A1
promoter template containing a fragment of the E. coli rpoB gene. The graph shows a plot
of the fraction of full-length RNA products as a function of time. Each point represents the
average of three experiments.

Kinetic changes in the mutants were similar to the previously studied SI3 and jaw

deletion mutants [103, 119]. The consistency of changes to the kinetics of the mutant RNAPs

suggests that these kinetic changes may be important to the adaptive properties of the mutants.

4.3.4 Systems biology: The Small Deletions in RNAP Exert Functional

Changes on Gene Expression

If the decreased open complex stability observed in vitro is significant in vivo, then the

mutations to RNAP are expected to cause a redistribution of the polymerase from transcrip-

tion of rRNA transcription units (TUs) to other regions of the genome [104]. Redistribution

would be detectable by observing the dynamic RNAP binding map in an RNAP mutant versus

MG1655 and by global measurements of gene expression.

A dynamic binding map of RNAP to the genome was determined for MG1655 and the

del27 mutant by chromatin immunoprecipitation using mouse antibody specific to the RNAP
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Figure 4.6: RNAP redistribution due to mutations and global expression changes
(A) Dynamic binding map of RNAP determined by ChIP-chip in the region of the TU containing
rrlG (coding 23S rRNA). On average, the binding signal of mutant RNAP across the seven E.
coli ribosomal TUs decreased significantly versus wild-type signal (p=0.0003). Binding maps
provided some evidence of increased binding of del27 RNAP to some TUs coding for amino acid
biosynthetic genes such as pheA. However, the binding map results do not necessarily correlate
with transcriptomic measurements. (B) qPCR using primers for rRNA and csrB revealed no
decrease in 23S rRNA content in the del27 mutant. (C) k-means clustering (k=5) of log2 ratios
of mutant expression relative to wild-type expression is shown. Functional enrichment was
determined by using the hypergeometric test (FDR=0.05) for various GO categories.
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β subunit followed by hybridization of immunoprecipitated DNA to a whole-genome tiling

array (ChIP-chip). Signal from probes covering the seven ribosomal TUs, normalized by total

positive signal across the genome, is on average 15% lower in the del27 mutant versus MG1655

(p=0.0003) (Fig. 4.6). The result is indicative of a redistribution of the del27 RNAP from

rRNA TUs to other genes.

The decreased binding of RNAP to ribosomal TUs is consistent with in vitro measure-

ments of del27 kinetics, but is surprising given that this mutant grows 60% faster than MG1655.

Previous work has estimated, for example, that the number of ribosomes per cell is approxi-

mately doubled when the growth rate of E. coli is increased 66% from 0.6 to 1.0 doublings per

hour (26). Therefore, to gauge rRNA levels we used comparative PCR with primers targeting

23S rRNA and csrB (a highly expressed gene with constant expression in the mutant strains

and MG1655) (Fig. 4.6). We observed no decrease and if anything an increase in 23s rRNA in

the del27 mutant. This is consistent with the increased elongation rate of the mutants at least

partially compensating for the decreased binding of RNAP to ribosomal TUs.

Gene expression of the RNAP mutants in the mid-log phase of growth in GMM was

compared to that of wild-type using Affymetrix E. coli 2.0 GeneChips. The mutations were

accompanied by upregulation of 491, 728, and 439 transcripts and down regulation of 492, 432,

and 430 transcripts in the del27, eBOP43, and eBOP42 mutants, respectively. Of the 486 genes

differentially expressed in all three datasets, 456 changes occur in a consistent direction for all

three mutants. Consistent with the hypothesized redistribution resulting from transcription

kinetic changes, eBOP43, which was seen in vitro to have a three-fold greater disruption of

rrnB P1 promoter open complex longevity versus the other mutants, has more than 50% more

upregulated genes than the other mutants.

To find changes common between the mutants, we performed k-means (k=5) clustering

of the log2 ratios of mutant expression relative to wild-type averaged over the three replicates

(Fig. 4.6). Only genes that showed two-fold or greater differential expression in at least
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one mutant were clustered. Although lack of knowledge about the kinetic properties of most

promoters precludes linking most specific expression changes to the hypothesized redistribution

of RNAP, it is of interest to speculate how the RNAP mutations increase fitness based the

functional significance of genes in these clusters. Three clusters exhibited likely functional

significance, due to the presence of strongly enriched functional properties. Cluster 5 contained

the most highly up-regulated genes in the mutants and was enriched for genes involved in

transport of zinc ions. The moderately down-regulated genes in cluster 3 were enriched for

genes involved in several metabolic functions including TCA, aerobic respiration, and amino acid

biosynthesis. Cluster 2, representing strongly down-regulated genes, was enriched for motility,

chemotaxis, cell adhesion (fimbria and curli), and acid resistance genes. Down-regulation of

these genes should provide a selective advantage in the growth environment, because their

functions are costly in terms of energy but confer little or no benefit [123].

The cell adhesion and acid resistance genes, associated with the ?S sigma factor, are

strongly down-regulated in all three mutants, while motility and chemotaxis genes, associated

with the σ28 sigma factor, are down-regulated in only two of three mutants, consistent with

the results of motility assays. Down-regulation of the σ28 regulon is associated with a 50-

fold reduction of fliA transcript encoding σ28, in the eBOP43 and eBOP42 mutants (Fig.

4.3). Decreased open complex stability has been shown to reduce transcription of the flhDC

transcription unit that encodes a positive transcriptional regulator of fliA [127], providing a

plausible link between changes to transcription kinetics and decreased motility in the mutants.

However, the del27 RNAP has similar kinetic properties as the other two mutants, but its σ28

regulon is not strongly down-regulated, indicating that down-regulation of the σ28 regulon is

not determined solely by kinetic changes in the mutants.



87

4.4 Discussion

Mutations to genes encoding transcription regulatory hubs have been found previously

in long-term adaptive evolutions of E. coli (28); the mutations to RNAP genes arising in E.

coli during adaption to GMM in our experiment are another example of an adaptive strategy

that targets a regulatory hub, in this case RNAP itself. We found: 1) mutations to rpoB

and rpoC genes corresponding to the RNAP jaw and SI3 regions were consistently selected

for during adaptive evolution of MG1655 in GMM; 2) these mutations are adaptive for growth

of MG1655 in minimal media, at the cost of slower growth in rich media; 3) these mutations

reprogrammed the kinetic parameters of RNAP by decreasing the longevity of open complexes

at a promoter, by decreasing pausing, and by increasing elongation rate; 4) gene expression

profiling and the genome-wide RNAP dynamic binding map are consistent with a redistribution

of the polymerase from stringently controlled TUs to other parts of the genome; and 5) the

mutations caused profound gene expression changes, including strong down-regulation of acid

resistance, curlin, and fimbria genes and sometimes motility genes.

The stringent response effector ppGpp is shown to be necessary for growth in minimal

media without amino acids, and mutations to RNAP can mimic the effect of (p)ppGpp (so

called stringent mutants). Thus, we initially hypothesized that the adaptive mutations might

be equivalent to such stringent mutants. However, we observed that a ppGpp-null deriva-

tive of del27 was unable to grow in GMM without adding amino acids, establishing that the

del27 RNAP mutation differs from stringent mutants. Additionally, a previously studied Rifr

stringent mutation (rpoB114[S531F]) conferred no growth advantage in GMM. Finally, neither

the kinetic changes nor the expression changes were fully consistent with the known effects

of ppGpp, which changes gene expression in patterns different from those we observe for the

adaptive mutations [128, 129] and which is generally observed to increase pausing and decrease

elongation rate [97, 98] (opposite to that observed for the adaptive mutant RNAPs). Therefore

we have ruled out the possibility that the mutations are adaptive simply because they mimic
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the effects of ppGpp.

We propose that the similar changes in open complex longevity and transcriptional

pausing observed for all three adaptive RNAP mutants reprogram RNAP for better growth

in minimal media. Decreased open complex longevity is expected to redistribute RNAP away

from promoters with short-lived open complexes (i.e., stringent promoters) and increase the use

of promoters rate-limited for initial RNAP binding. This could explain the observed drastic

changes to phenotype and to gene expression patterns. Decreased growth rate of the mutants

in rich media and decreased binding of RNAP to ribosomal transcription units observed in a

genome-wide dynamic binding map of RNAP support this interpretation. However, we empha-

size that this redistribution of RNAP is paradoxical, given that the mutations increase growth

rate, and that rate of rRNA synthesis and consequent production of ribosomes exhibits a near

universal positive correlation with growth rate [130]. The decrease in transcriptional pausing

and increase in elongation rate, properties that distinguish the adaptive RNAP mutations from

stringent mutations, may help compensate for the redistribution of RNAP away from ribosomal

TUs and explain why no decrease in rRNA level was observed despite the reduced open com-

plex longevity that classically decreases rrn transcription. Although antitermination proteins

loaded on RNAP just downstream of rrn promoters increase the rate of transcript elongation

in rrn genes to 80 nt/s in minimal glucose media [131], these antitermination proteins can

be gradually lost as evidenced by existence of a second boxA loading site midway through rrn

transcription units. Even a few pause-susceptible RNAPs are proposed to slow rRNA synthesis

significantly [132]. Thus, suppression of pausing by the adaptive mutations may target these

non-antiterminated RNAPs to increase rRNA synthesis. By reprogramming RNAP with spe-

cific kinetic properties, the adaptive mutations may increase the amount of RNAP available for

transcription of key genes that correspond to bottlenecks for biomass production in minimal

medium. Identifying such genes will be experimentally challenging, but could be done by using

genome-scale fitness profiling [133].
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Although speculative, we suggest two possible bottlenecks. Despite the downregulation

of several amino-acid biosynthetic genes, cysE, cysM, ilvD, and ilvM genes are upregulated in

the three studied adaptive mutants; this could indicate that cysteine or isoleucine synthesis is

limiting for the growth rate in GMM. Pyrimidine biosynthesis may represent another important

bottleneck to be overcome in GMM. Interestingly, the rpoB2 mutant found to have a growth

advantage in GMM was previously found to relieve the pyrimidine defect of MG1655 by de-

creasing attenuation within the rph-pyrE operon [80]. However, expression of the pyrE gene

was not observed to change in the three glycerol-adaptive mutants, so it is not immediately

clear that these RNAP mutations are adaptive through effects on the pyrimidine biosynthetic

pathway. The possible consequences of a redistribution of RNAP resulting in adaptation are

intriguing, and require further investigation.

These reproducible RNAP gene mutations are striking because they exert complex ef-

fects on the cellular phenotype, resulting in large fitness gains in GMM. Our recent work in

which we resequenced wild-type E. coli adapted to lactate minimal medium [38] and a phos-

phoglucoisomerase mutant adapted to glucose minimal medium has continued to show the

importance of mutations to the RNAP genes in adaptive evolution of E. coli, with mutations

observed in rpoA, rpoB, rpoC, and rpoS. Future efforts will continue to build on understanding

of the ability of mutations to the RNAP genes to adaptively rewire the transcription network

of bacteria.

The text of Chapter Four, with some modification, is a reprint of the material as it

appears in Conrad TM, Frazier M, Joyce AR, Cho BK, Knight EM, Lewis NE, Landick R,

Palsson BO, RNA Polymerase Mutants Found Through Adaptive Evolution Re-program Es-

cherichia coli for Optimal Growth in Minimal Media, PNAS (accepted for publication). I was

the primary author of this publication and the co-authors participated and supervised the

research, which forms the basis for this chapter.



Chapter 5

Adaptive Evolution: Present and

Future Directions

In this chapter I first summarize the results of the studies included in this thesis and

suggest future directions for the described work. I then provide some discussion on what

other scientists are doing with adaptive evolution studies, especially those using whole genome

resequencing, as this hopefully provides perspective on where future studies will be headed.

5.1 A Summary of the Described Work and Suggestions for the

Next Steps

The focus of this thesis has been the study of genetic and molecular mechanisms un-

derlying adaptations of E. coli to model-predicted phenotypes in minimal media, as well as

systematic studies to refine the utilized metabolic models to improve their predictive capa-

bilities. Thus, this work has focused on options of resolving cases in which model growth

predictions contradict experimental observations. In the case that the model is wrong about E.

coli ’s metabolic capabilities, work must be done to adjust the model to reflect its true capabil-

ities. In the other case, the growth discrepancy is likely due to restrictions caused by E. coli ’s

90
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regulatory network or tuning of enzyme’s kinetic parameters. Here, experience has shown that

adaptive evolution reliably corrects the discrepancy [25, 26, 37, 38, 134].

Efforts to test predictions of the metabolic model on a large scale and to refine its

structures and capabilities are described in Chapter 2. Gene essentiality studies in four growth

conditions found that the model was generally a good predictor of the growth capabilities of

E. coli mutants, but also identified dozens of model discrepancies. These discrepancies were

categorized according to the suspected cause of the discrepancy, in some cases the cause was

suspected to be missing information in the model (gaps). In the cases of six genes, specific

refinements were suggested to improve the accuracy of the model. In several other cases, I

suggest that the observed phenotype can mostly likely be explained by un-annotated alternative

isozymes or pathways may exist in E. coli. In a separate study, novel metabolites were observed

in the E. coli metabolome. Evidence for a novel pathway connecting the known metabolic

network one of the novel metabolites was obtained, although further work is needed to conclude

the existence of the pathway in vivo.

In Chapter 3, I describe the whole-genome resequencing of E. coli adapted to fast

growth in lactate M9 minimal medium. The spectrum of observed mutations appeared to

suggest mechanisms for adaptation, including altered flux through the phosphoenolpyruvate

synthase reaction through mutation, duplication, or otherwise altered regulation of the ppsA

gene and relief of the pyrimidine defect present in MG1655 through repeatedly observed 82-

basepair deletions in the rph-pyrE operon. Furthermore, evidence for positive epistasis between

adaptive mutations in evident in several reconstructed mutants.

A detailed study that makes substantial progress in identifying the complex links be-

tween genotype and phenotype in adaptive RNA polymerase mutants is described in Chapter

4. The mutations, which greatly enhanced the capability of E. coli to grow in glycerol M9

minimal medium, were also found to have dramatic impacts on the transcription kinetics of

the RNAP complex. The kinetic changes correlated with an observed genome-scale displace-
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ment of the polymerase from transcription of stable RNA to other locations of the genome and

large-scale gene expression changes. The displacement of polymerase is further consistent with

the slow-growth phenotype of RNAP in rich media, suggesting it is less capable of recruiting

RNAP to growth-coupled rRNA transcription units, indicating an evolutionary trade-off.

A number of future directions are possible for this work.

1. The Effect of Adaptive Mutations on Pyrimidine Metabolism. The pyrimi-

dine defect of MG1655 results from a complex regulatory effect in which a frame-shift

mutation in therph-pyrE operon of MG1655 affects translation-transcription coupling

governing regulation of the downstream gene, pyrE, correlated with low orotate phospho-

ribosoyltransferase activity in cell lysates (correlation with expression of pyrE is unknown)

(§ 3.3.3). Interestingly, multiple lines of evidence suggest that the adaptive mutations to

the rph-pyrE operon repeatedly found in lactate-evolved strains, as well as mutations to

the RNA polymerase that decrease transcriptional pausing, result in relief of the pyrimi-

dine defect, increasing the competitive fitness of the cells. The one piece of contradictory

evidence is that pyrE gene expression levels do not appear to change in the mutants. Ad-

ditionally, the most direct evidence, measuring orotate phosphoribosoyltransferase in the

mutants and evolved strains, has not been obtained. It would be useful to obtain these

measurements, as increased activity in the adaptive mutants would indicate a mechanism

that increases activity of the pyrE gene product without increasing the levels of pyrE

transcript or mutating the primary structure of the enzyme.

2. Chromosomal Rearrangements in Lactate-Adapted Strains. A shortcoming of the

resequencing analysis performed on several E. coli lactate-evolved strains was the inability

to detect chromosomal rearrangements (§ 3.3.1). These may be detected by using longer

sequencing reads (as by 454 sequencing), optical mapping, or pulse-field electrophoresis.

However, an approach published in a recent study [135] (see also § 5.2.1) suggests it

may be possible to infer chromosomal rearrangements using only the existing sequencing
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reads. Identifying chromosomal rearrangements would provide a more complete picture

of the genetic changes underlying adaptation.

3. Comprehensive Study of Epistasis in Lactate-Adaptive Mutants. Another dif-

ficulty encountered in the study of lactate-adapted E. coli was the task of obtaining a

complete set of mutation reconstructions (§ 3.3.5). The knock-in procedure to obtain the

reconstructions was expensive and labor-intensive, and cases were encountered in which

cloning or recombination steps repeatedly failed despite troubleshooting attempts. Use

of an automated, multiplexing approach, specifically MAGE [136] (see also § 5.2.2), may

prove more efficient for obtaining a complete set of mutation reconstructions. A complete

set is needed to confirm that all causal mutations have been identified in the end-point

and to exhaustively catalog the epistatic relationships between mutants. Currently, there

are few examples of positive epistastic mutation interactions in the literature, and current

results suggest that they may be common in these evolutions (§ 3.3.5).

4. Genome-Scale Fitness Profiling of Evolved Strains. An irony of studies of E.

coli adaptive evolution in glycerol and lactate M9 minimal media is that after years

of study we still lack a complete understanding of the challenges that E. coli faced and

overcame in these growth conditions. Genome-scale fitness profiling [137] (see also § 5.2.2)

discovers adaptive cases of single gene perturbation (knockout or overexpression) and be

used to infer a set of adaptive mechanisms that can be utilized by the cell, thus improving

understanding the challenges for growth in these conditions. Furthermore, these datasets

could be analyzed in a model-based context by approaches described in § 5.2.2 to test

model predictions of optimal network utilization.

5. Genome-Scale Double Knockout Experiments To Detect Novel Isozymes and

Pathways. Analysis of gene essentiality results indicated several false negative growth

predictions that are thought to be due to the existence of alternative isozymes or pathways
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in E. coli (Figure 2.1). Testing the combination of these gene knockouts with all other

possible gene knockouts may reveal synthetic lethals, suggesting the second gene might

function as an isozyme or in an alternative pathway. Double-knockouts in E. coli are

currently being performed using a high-throughput protocol in the laboratory of Hirotada

Mori at the Nara Institute of Science and Technology. Analysis of these datasets to look

for synthetic lethals of interest could lead to hypotheses for further study.

6. E. coli Metabolomic Measurements Under Multiple Conditions. While in vitro

enzymatic assays have suggested a novel pathway for the LeuACDB enzymes (Figure

2.7), the metabolite originally inspiring these assays is unfortunately detected inconsis-

tently in our dataset from properly controlled metabolomic experiments, and detected at

substantially higher ion counts in previous experiments using separate growth conditions,

but which neglected to include certain controls (§ 2.3.2). These experiments suggest it

may be useful to obtain metabolomic profiles in multiple conditions, as each is expected

to provide a different snapshot of the metabolome, and metabolites that escape detection

under one growth condition may be detected clearly in another growth condition.

7. Adaptive Evolution Experiments to Test the in vivo Significance of a Sus-

pected Novel Pathway. Further work is needed to determine the significance of the

proposed LeuACDB alternative pathway in vivo. The novel pathway could function as an

alternative pathway for isoleucine biosynthesis. However, removal of the original pathway

by knocking out the ilvA gene results in isoleucine auxotrophy. Assuming the pathway can

be utilized as levels sufficient for growth, adaptive evolution could result in the necessary

genetic changes for isoleucine autotrophy in the ilvA mutant. Previously, there has been

success in carrying out adaptive evolution for a growth-prohibited condition by easing the

bacteria into the growth condition [138, 134], as could be done here by supplementing

the media with gradually decreasing amounts of isoleucine.
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5.2 Brief Overview of Contemporary Studies of Adaptive Evo-

lution, with an Emphasis on Studies using Whole-Genome

Resequencing of Microorganisms

5.2.1 Adaptive Evolution Genomic Resequencing Studies

Next Generation Sequencing Technologies

The invention of dideoxy termination sequencing and polymerase chain reaction methods

were two huge advances in science that eventually enabled the sequencing of whole genomes.

While successful, whole genome sequencing using shotgun cloning methods comes at an ex-

tremely high cost. Second-generation technologies now exist that can generate massive amounts

of genome sequence at a small fraction of the cost of using Sanger sequencing [142, 45]. However,

even with technological improvements over the last few years, next-generation sequencing still

generates shorter reads than Sanger sequencing. As a consequence, the truly de novo sequencing

of a genome into a single contig has proven difficult [74, 139, 140] using next-generation sequenc-

ing alone, however recently the complete de novo sequencing of an electricity-producing variant

of Geobacter sulfurreducens using only next-generation sequencing technology was published

[141]. Fortunately, sequencing applications for adaptive evolution are by nature comparative,

and therefore can rely on mapping to a reference genome rather than a de novo assembly.

Applications of Genomic Resequencing to Adaptive Evolution Studies

Reports of genome-scale resequencing studies appeared as early as 2005, with the publi-

cation of a study that used polony sequencing to detect mutations in a strain of an tryptophan-

auxotrophic E. coli K-12 MG1655 derivative that had undergone 200 generations of adaptation

in co-culture with a tyrosine auxotroph [143]. The following year, two studies came out de-

scribing parallel adaptive evolution in E. coli [37] and yeast [144], demonstrating cases in

which similar genetic changes occurred in parallel adaptive evolution experiments. Addition-
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ally, Velicer et al. reported the sequencing of the cooperative bacterium Myxococcus xanthus

that had undergone adaptation under asocial growth conditions, resulting in a “cheater” phe-

notype, followed by restoration of the cooperative phenotype [74]. A single mutation was

identified that alone caused the transition from cheater to cooperative phenotype.

A handful of other adaptive evolution genome resequencing studies have since appeared.

E. coli previously showed ability to adapt to loss of the gene encoding its phosphoglucoisomerase

(PGI) by changes in its redox chemistry relating to increased reliance on the NADPH-generating

pentose phosphate pathway [26, 99]. Mutations were later found in the resequencing of these

strains in transhydrogenases capable of transfering the reducing power from NADPH to NAD+

(Chaurusanti et al, in preparation). Addionally, mutations found in the rpoS genes suggested

changes to the stress response, possibly relating to the known trade-off between stress and

nutritional competence in E. coli [145]. In another study, resequencing of MG1655 adapted

to grow on non-native carbon source L-1,2-propanediol discovered mutations in the fucO gene

and promoter that enabled growth on this substrate by causing constitutive excpression of the

gene and preventing inactivation by a metal-catalyzed oxidation mechanism [134].

A challenge noted in Section 3.3.1 is determining chromosomal rearrangements using

short-read sequencing data. A recent whole genome resequencing study using yeast described

a novel method to detect chromosomal rearrangement “break-points” from Illumina sequenc-

ing reads [135]. A previous study resequenced dozens of yeast haploid and diploid strains

evolved in a chemostat with various limiting nutrients, discovering various interesting muta-

tions likely involved with transport of the nutrients [75]. Break-points for a SUL1 duplication

were determined in this case using high-density tiling arrays.

Whole-genome resequencing was applied one of the strains in the 20-year evolution

experiment of 12 parallel E. coli lines in glucose at various time-points in its 40,000 generation

evolution [146]. Phenotypic adaptation was fastest in the first 2,500 generations, after which

fitness increased at an approximately linear rate over the next 17,500 generations. In contrast,
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the accumulation rate of mutations was approximately constant over the entire first 20,000

generations (after which the strain acquired a mutator phenotype and the mutation rate greatly

increased). Therefore, a surprising discrepancy was noticed between genome and organism

evolution, given that a steady mutation rate is usually an indicator of genetic drift, and evidence

exist that most mutations were beneficial before the development of a mutator phenotype.

5.2.2 New Approaches to Studying Adaptation

Genome-Scale Experimental Methods

As genomic sequencing gets faster and cheaper, the rate limiting step for adaptive

evolution resequencing studies becomes not sequencing, but studying the mutations identified

by sequencing by introducing mutations one at a time into the parent strain. For instance, in

some cases adding a single mutation by gene gorging [76] can take several weeks and require

the sequencing of hundreds of colonies, making the construction of these “knock-in” strains

expensive and frustrating. Furthermore, a very basic problem that is frequently encountered

in adaptive evolution studies is that it is not clear what kind of environmental challenges are

being addressed by the adaptation. Methods have been developed during the last couple of

years that help address these difficulties.

Array-based discovery of adaptive mutations (ADAM) [147] is an alternative method to

performing whole-genome sequencing and knock-ins to identify the causal mutations acquired

during adaptation – that is, those mutations that increase the competitive fitness of the cell.

The concept is similar to transposon-based gene essentiality studies [49], in which a library

of diverse clones with randomly inserted transposons is subjected to competition, after which

depletion of transposon at a certain genomic location suggest the corresponding gene is essen-

tial, or at least important, for the growth condition. ADAM uses P1vir general transduction

simultaneous introduce a selectable marker and homologous (wild-type) DNA sequence to a

bacterial chromosome. Occasionally the inserted DNA swaps with DNA containing a muta-
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tion, resulting in reversion for that cell. If the mutation provided an adaptive advantage in

the selection condition, but not a control condition, then marker near that mutation will be

depleted relative to the control on the microarray. In cases of adaptive evolution in which many

neutral or deleterious mutations are co-acquired with beneficial mutations, such as studies in-

volving mutagens or mutator strains, ADAM is superior to conventional methods in providing

information on which mutations are essential.

Whole-genome fitness profiling [137, 133] is a strategy for determining possible strategies

for adaptation. Enrichment of systematically disrupted or overexpressed genes is determined

using microarrays, indicating cases where up-regulation or down-regulation of a gene induces

a competitive advantage in the bacteria. The method is useful both for determining a range

of possible adaptive strategies for the challenge and for providing context for transcriptomic

or proteomic measurements, in which large numbers of changes make analysis difficult. The

short-comings of the method are a lack of fine-tuning for expression (the experiment may miss

the “adaptive range” of expression) and the ability to perturb only one gene at a time.

An approach known as MAGE (multiplex automated genome engineering) may help

overcome difficulties in creating “knock-in” strains [136]. While the biology behind MAGE

is similar to gene gorging, single colonies are not selected, but a diverse population of cells is

created by several rounds of multiplexed ssDNA-λ-Red recombination. In principal, the method

allows all combinations of “knock-in” strains to be created at once. However, a difficulty that

must be overcome is isolating the particular mutants of interest from the population. Thus,

while MAGE has shown proof-of-concept for “accelerated evolution” experiments, it remains

to be shown whether it is practical for introducing mutations of interest into the parent strain

in various combinations.
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Analysis of Adaptive Evolution ’Omic Datasets in a Model Context

Typical analyses of gene expression datasets have focused on determining the differen-

tially expressed genes and looking for enrichment of groups of upregulated genes or downreg-

ulated genes in certain categories, such as GO annotation [148], COGS [111], or targets of

a transcriptional regulator. While these analyses often give interesting results, the meaning of

enriched categories may not be clear. Considering transcriptomic and proteomic datasets in a

model context can provide an interesting dimension to an analysis.

The GIMME algorithm (Gene Inactivity Moderated by Metabolism and Expression)

provides a score for an ’omics dataset based on how consistent expression data is with the

model’s gene expression requirements to maintain objective (such as biomass production) [149].

According to GIMME, gene expression datasets from both glycerol-adapted E. coli strains [37]

and lactate-adapted E. coli were in all cases more consistent with the achieving biomass produc-

tion in the metabolic model than the parent strains. Further studies analyzing transcriptomic

and proteomic datasets in the context of optimal flux distributions calculated by flux balance

analysis of an E. coli metabolic model indicated that E. coli adapted to upregulate genes needed

for reactions active in the optimal flux distribution and to downregulate genes inactive in the

optimal flux distribution [150]. Thus analysis of the ’omics datasets in a metabolic network

context suggests changes to the metabolic network may be important for adaptation in the

studied conditions.

Studies of population dynamics

E. coli reproduces asexually, by binary fission. In the absence of F-conjugation, trans-

ducing viruses, or foreign recombinase enzymes, E. coli will not share its genetic material, as

is the case with sexually reproducing diploids. Therefore, bacteria such as E. coli are some-

times thought to follow simple evolutionary dynamics in large, rapidly growing populations

where beneficial mutations penetrate the population and accumulate one at a time (clonal re-
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placement) [151]. However, the reality is often more complicated, as multiple subpopulations

of clones possessing different beneficial mutations may arise simultaneously in the population.

Because the bacteria cannot mate, the subpopulations will instead compete – a phenomenon

known as clonal interference [152]. Because of clonal interference, often even very highly ben-

eficial mutations will only slowly penetrate the population, giving rise to gradual, rather than

“step-wise” evolution trajectories.

Dynamics of subpopulations during adaptation can often be studied by adding geneti-

cally tagging a fraction of the population so that a subpopulation can be distinguished by color

or antibiotic resistance. Early studies [153, 31] exploited the low frequency acquisition of se-

lectively neutral mutations resulting in T5 resistance to monitor the entrance of fitter mutants

into the population. Since a very small fraction of the population was T5-resistant, beneficial

mutations were overwhelmingly likely to appear outside of the T5-resistant population, result-

ing in a transient decrease in the number of T5-resistant cells over time as fitter mutants that

were T5-susceptible outgrew the T5-resistant subpopulation. Another study used mass spec-

trometry to track the relative frequency of alleles in the adaptive population over time, showing

directly an instance of clonal interference in which a glycerol kinase mutation appeared briefly

before being outcompeted by a fitter varient [37].

Fairly recently, a study used three fluorescent markers to simultaneously monitor three

sub-populations of asexually evolving yeast in glucose-limited chemostats [154]. Their results

show complicated competitive dynamics between the subpopulations, such as cases where one

subpopulation temporarily has a competitive advantage, only for another subpopulation on

the verge of extinction to acquire superior mutations and take over the population, whereas

in another case the three subpopulations appear to exist at very stable, roughly equal, levels

over 400 generations of adaptation. Their results show that in the chemostat environment

populations of “interferring” clones can sometimes be surprisingly stable. Finally, another study

of adaptive evolution in a chemostat showed that the phenotypic diversity of the population
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steadily increased for 26 days of adaptation, further challenging the traditional “winner-take-

all” view of asexual adaptation [35]. However, it must be acknowledged that this phenomenon

has only been observed in chemostat environments, with clonal replacement being by far more

commonly observed in serial passage adaptive evolution experiments [40, 37, 38].

5.2.3 Applications: Metabolic Engineering

Bacteria can be thought of as living chemical factories, or biocatalysts, turning crude

raw materials into new cells and by-products, such as lactic acid, succinate, or even biofuels.

These by-products can be highly valuable, if they can be produced and isolated more cheaply

than by using non-biological industrial methods. Some of the challenges involved with produc-

ing profitable strains can be solved by a combination of metabolic engineering and adaptive

evolution approaches [155]. For instance, even if a bacteria is innately capable of producing and

excreting some commodity chemical, it is necessary to reroute the bacteria’s metabolic flux to

obtain a high yield. Often, this can be achieved by gene deletions of specific targets, as chosen

by “rational design” or an algorithm utilizing a metabolic model such as OptKnock [156, 157].

The OptKnock algorithm is valuable in that it provides rerouting solutions in which production

of the commodity chemical is flux coupled to biomass production. In other words, in order for

the bacteria to grow at its maximal rate, it will need to excrete a certain proportion of the

carbon source as the chemical of interest. Although this approach does not result in maximal

production of the chemical, it has the advantage that the strains should be very stable, where

as higher producers that are not flux coupled to biomass production will gradually adapt to

produce less of the commodity chemical in order to grow faster.

Engineered strains do not generally initially function as calculated. In growth-coupled

designs, adaptive evolution has been shown to improve yields of various products, including

L-alanine [158], ethanol [159], and lactate [160]. In an engineered mutant with multiple

cytochrome oxidase mutants designed to function in an anaerobic state in the presence of
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oxygen, adaptive evolution was needed for the mutant to grow in minimal media [138]. Finally,

the products the bacteria are engineered to produce may be toxic to the cell; adaptive evolution

can be used to develop tolerance to toxic chemicals such as ethanol [147, 133].

5.2.4 Applications: Human health

Antibiotic Resistance

The development of antibiotics in the 20th century is one of the major causes for the

longer lifespans and higher quality of life that we enjoy today. However, knowledge of the

problem of antibiotic resistance came only shortly after the scientific discovery of penicillin.

Bacteria encounter antibiotics in nature, and so somewhere in the world there tends to be

genes that give resistance to that antibiotic. Through horizontal gene transfer, that gene can

spread to infectious bacteria, such as those being slaughtered by the antibiotics of the day.

Resistant bacteria are then selected for and eventually can become a medical problem, with the

emergence of resistant clinical strains, and eventually multi-drug resistant strains.

The situation is further complicated in the case of several antibiotics for which bacteria

do not need to acquire a foreign gene for resistance, but can evolve resistance through chromo-

somal mutations. Examples in which resistance forms by mutation of the gene coding the target

are dihydrofolate reductase (DHFR) mutation for trimethoprim resistance [161] and the DNA

polymerase β subunit for rifampin resistance [90]. Additionally, chromosomal mutations (com-

pensatory mutations) can enhance the resistance conferred by the primary mechanism [162],

as was observed in additional trimethoprim resistance of Streptococcus pneumoniae conferred

by compensatory mutations in the DHFR gene [163].

Laboratory adaptive evolution followed by whole genome resequencing can be used

as a tool to discover the primary and compensatory mutations that confer resistance to new

classes of antibiotics. Daptomycin is a relatively new cyclic lipoprotein antibiotic that is highly

effective against gram-positive bacteria, including MRSA [164]. Mechanisms of resistance were
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not well understood, so a laboratory adaptive evolution study was undertaken in which Staph.

aureus was exposed to gradually higher concentrations of daptomycin [73]. Genome sequencing

of strain with evolved resistance uncovered several mutations, including two mutations that

were then observed in clinical resistant strains. Interestingly, mutations to rpoB were also

seen, possible arising as compensatory mutations or as an adaptation to the growth condition.

Another study sequenced the genomes of bacteria therapeutically colonized into the bladders of

several patients [165]. The results appeared to indicate that the bacteria would evolve differently

to adapt to individual hosts.

Cancer

It is has been noted that neoplasms undergo asexual adaptive evolution, usually starting

from a clonal population [166]. The tumor cells are essentially evolving to bypass cell cycle

controls and apoptosis, increase mutability, adapt to a variety of local environments, and evade

targeting by drugs. For instance, it has been found that resistance to 5-fluorouracil and Glivec

in chronic myeloid leukemia and colorectal cancel, respectively, arises from gene mutations

[167, 168]. There has been recent interest in applying concepts of evolution and ecology to the

study of cancer [169].
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