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Global regulators are critical controllers of cellular function. They possess the 

ability to coordinate multiple cellular pathways simultaneously to orchestrate a unified 

response to environmental change. Recent research has demonstrated that both proteins 

and RNAs can function in key regulatory roles and each provides unique advantages in 

their control characteristics. Given the power of these regulators, there is strong interest in 

utilizing regulatory systems in a variety of metabolic engineering applications including 

coordination of metabolic pathways and as dynamic pathway controllers. However, the 

potential to utilize these systems to produce dynamic and coordinated metabolic responses 

is only beginning to be realized. My dissertation focuses on characterizing global 

regulatory systems and specifically small RNA (sRNA) based regulatory systems for their 

use as dynamic global controllers for metabolic engineering.  

Chapter 2 starts by discussing a computational analysis of how a group of genes 

dynamically controlled by a single regulator can produce higher metabolite levels over 

time. This Chapter demonstrates dynamic control as an underutilized strategy to improve 

metabolite production. Chapter 3 evaluates how to characterize large regulatory systems 

using the E. coli Carbon Storage Regulator as a case study. It interweaves multiple lines of 

omics evidence and follow up experiments to determine the regulatory targets of the Csr 
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system. Using these data, we constructed a thermodynamic model to predict if CsrA will 

cause repression of cellular genes (Chapter 4). The work in these chapters represents a new 

way of thinking about sRNA regulators and their role in metabolic engineering and has 

broad applicability to other Protein-RNA regulators and other regulatory elements. 

Additionally, the appendices contain other published works I have written at UT-Austin 

including a description of an important side project that examined RNA structures inside 

cells. Below I list the four published works from my research at the University of Texas at 

Austin. My dissertation also describes two works that at the time of my defense will be in 

the review process in quality academic journals. 
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Chapter 1 

1.1 INTRODUCTION 

Beginning around the turn of the century, two major topics that have garnered 

increasing attention from the biological community are the explosion of studies on 

regulatory RNAs and the growing number of omics strategies that produce systems level 

biological data. Regulatory RNAs popularized by a study exploring gene silencing in C. 

elegans (1) have now been found in a vast amount of organisms playing a myriad of 

regulatory roles, from silencing individual genes to controlling global regulatory systems 

(2). Omics studies have also increased in usage dramatically over the past 15 years, with 

the development of next-gen sequencing, and improvements in proteomic and other omics 

techniques (3). My dissertation is focused on how regulatory RNAs and omics studies 

come together to understand and engineering biological systems.  

 Regulatory RNAs show strong promise as engineering tools to manipulate gene 

expression levels. First, their rapid production and quick turnover make them strong 

candidates for use as dynamic controllers of metabolic pathways (4, 5). Second, given 

that these RNAs can impact gene expression on a global scale, these sRNA regulators 

coordinate and tune multiple cellular pathways simultaneously. As a model system to 

evaluate the impact of these properties, I have studied regulatory networks of Escherichia 

coli extensively both in vivo and in silico with a special emphasis on the Carbon Storage 

Regulator (Csr) system as a model of sRNA-protein regulation. The subsequent 

introduction sections provide a review of the current state of research in three key areas 

of my work, [1] kinetic modeling of dynamic regulatory control, [2] previous research on 

the Csr system, and [3] target prediction and thermodynamic modeling of the regulatory 

systems. 
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1.2 BACKGROUND 

1.2.1 Dynamic control of cellular systems offers engineering potential 

Cells have developed important dynamic controls for essential and complex cellular 

processes. These processes include circadian rhythms (6), yeast glycolytic oscillations (7), 

enzymatic cycling (8), and photosynthesis (9). One unifying theme among these processes 

is that the dynamic control allows cells to turn on or off features temporally in response to 

regular environmental conditions. This allows for finely tuned stress responses and robust 

growth properties (10).  

Conversely, the vast majority of cellular engineering approaches have not 

implemented dynamic control. Traditional cellular engineering approaches focus on gene 

knockouts or overexpression to increase production of metabolites or proteins of interest. 

These traditional pathway engineering approaches have resulted in significant 

improvements in cell properties (11), but struggle to deliver when production requires 

inherent tradeoffs. For example, Clostridia species can be used to produce butanol, but the 

presence of that butanol triggers sporulation and subsequent loss of cell functionality (12). 

As such the levels of product must be controlled to avoid sporulation requiring a more 

nuanced strategy rather than strong overexpression of pathways. More generally this 

problem occurs whenever there are growth or metabolic tradeoffs in producing the product 

of interest.   

Dynamic control of metabolism can be implemented in multiple ways. These ways 

include on/off regulatory switches (13), regular periodic patterns (14), or more complex 

expression patterns. These dynamic control patterns had been theorized to improve cellular 

function (15, 16), but developing a dynamic engineering strategy more complex than 

inducing gene expression has not been well studied. As such, we became interested in the 

impacts of more complex cellular tuning. Specifically, we realized that periodic or 
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oscillatory patterns were important regulatory elements in nature (7, 10, 17, 18) and saw 

an opportunity to apply these concepts in metabolic engineering.  

Computational models can be used to initially estimate the impact of dynamic 

control on metabolism. Although models of E. coli metabolism existed since the early 

1990’s (19), it was not until 2002 that a kinetic model of E. coli metabolism which could 

capture dynamic patterns was introduced (20). This model provided a basis for many 

studies on E. coli central carbon metabolism and a foundation for more complex kinetic 

models of the system (21-23). As a well-studied model, it provides a strong initial 

framework to incorporate dynamic control and evaluate if this control improves metabolite 

production.  

In order to ultimately implement this strategy inside cells, in vivo oscillatory 

systems are required. Since the proposal of the Goodwin oscillator in 1963 (24), multiple 

groups have built synthetic oscillators and demonstrated their oscillatory capabilities inside 

cells (25). These oscillators have varied in in the fundamental source of the oscillations 

(26-28) and the circuit components contributing to the oscillations (proteins, promoters, 

metabolites, sRNAs). Although periodic control had proven benefits in other disciplines 

such as traditional chemical engineering (29), these oscillators were not constructed with 

the intent to utilize them for metabolic engineering purposes. 

1.2.2 RNA-protein and global regulation as demonstrated by the Csr system 

In bacteria and specifically, E. coli, many studies demonstrate the critical nature of 

sRNA based regulation of gene expression (30, 31).  Particular interest has been given to 

sRNA global regulators and their various impacts on cells (32). In E. coli, two RNA-protein 

global regulatory systems have been identified as significantly impacting cellular function, 

Hfq (33) and the Csr system (34). Hfq, which contributes in the control of hundreds of E. 
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coli mRNAs, generally acts by facilitating sRNA-mRNA interactions (35). Ultimately, the 

sum of these interactions have significant impacts on the cell as hfq mutants display 

decreased growth rate, increased cell size, and increased sensitivity to UV light (36). 

The other major RNA-protein global regulatory system in E. coli, the Csr system, 

also has significant impact on cellular function. Research has shown that the Csr system 

controls diverse cellular properties including bacterial virulence, cell morphology, biofilm 

formation, and flagellar synthesis (37). The Csr system is comprised of four basic 

regulatory elements, CsrA, CsrB, CsrC, and CsrD. CsrA protein, the main system effector, 

interacts with a large number of cellular mRNAs and affects their translation (38, 39). The 

sRNAs, CsrB and CsrC, thought to be functionally redundant (40), compete for CsrA 

binding and sequester the CsrA protein away from its targets. Given the large number of 

high affinity CsrA binding motifs repeated throughout CsrB and CsrC sequence (40, 41), 

these sRNAs possess strong ability to titrate CsrA rather than the traditional role of sRNAs 

in RNA-RNA interactions (32). The fourth element, CsrD is a specificity factor for RNaseE 

that through association with glucose uptake systems (i.e. ELII-A) causes the degradation 

of CsrB and CsrC (42, 43). As such, Csr system regulation interlocks RNA and protein 

regulators in a system that would lack efficacy without either piece. 

CsrA controls gene expression by directly binding to mRNAs (44, 45). Generally, 

that binding occurs at the 5’ Untranslated Region (UTR) of transcripts (37). Studies of 

CsrB and CsrC identified the sequence GGA as an important recognition motif for CsrA 

binding (41). Further studies of CsrA-bound transcripts determined more surrounding 

sequence variations of the motif including CAGGA and AAGGA motifs (46-50).  

In addition to sequence, several mRNA features are also important for CsrA binding 

including the number of CsrA binding sites on the mRNA and the RNA structure 

surrounding binding sites. First, CsrA is known to dimerize to form two RNA binding 
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pockets (51) allowing a CsrA dimer to bind two binding sites at once on a transcript (52). 

As such, there is some potential for cooperativity in CsrA-RNA binding. Inter-site 

distances of approximately 18-65 nucleotides are thought to facilitate strong, cooperative 

CsrA binding to both sites (52, 53). Interestingly, CsrA has also been shown to bind to 

transcripts containing only one strong CsrA binding site (49, 54) indicating that either CsrA 

dimers can recognize weaker binding sites, can leave one of its RNA-binding pockets 

unoccupied, or can bind two different RNAs simultaneously. Another important structural 

consideration for CsrA binding is secondary structure. Specifically, multiple studies have 

demonstrated that pentamer or hexamer loop hairpins containing GGA sequences have 

high affinity for CsrA binding (48, 50, 52). GGA sites outside of hairpins have also been 

shown to be bound by CsrA albeit at lower affinities (47).  Given these observations, CsrA 

requires a composite of sequence, structure, and context conditions to achieve strong 

binding to target transcripts. 

On the sequence level, these binding site features are very similar to the Shine 

Delgarno sequence suggesting a role for CsrA in competing with ribosomes for the 

ribosome binding site (RBS). Indeed, the majority of studies have observed that CsrA 

represses translation consistent with what would result from inhibiting ribosome function 

(45, 54-56). This repression has been noted in two forms, repression where binding of CsrA 

causes transcript instability and degradation (44, 55) and repression where CsrA causes 

translation inhibition but has limited impact on transcript abundance (45, 49). Interestingly, 

CsrA binding, in limited cases, has also been demonstrated to activate expression from 

select transcripts (57-59). These effects have been attributed to blocking RNasE sites or 

promoting alternative transcript structural confirmations (59). Overall these features 

suggest that mapping the extent of direct Csr system regulation would require large scale 

studies on multiple cellular levels (i.e. transcripts, proteins, etc) to capture system impact. 



 6 

Partly as a result of having a relatively common and short recognition motif, the 

CsrA protein has been implicated in control of a very wide breadth of cellular processes 

(34, 37, 39, 42, 56). A number of high throughput studies have examined Csr system 

targets and effects (54, 56, 60-63). Combined these studies have implicated over 1000 E. 

coli genes as having Csr regulation. To put this in perspective, these studies suggest that 

roughly 20-25% of the entire E. coli genome is impacted by Csr regulation. Importantly, 

these studies vary significantly in approach including CsrA immunoprecipitations (61), 

C13 flux analyses (62), proteomics (60), transcriptomics (54, 56), and transcript 

degradation studies (56) and as a result project different targets and effects of the Csr 

system. Each of these studies is valuable as they create a breadth of genes associated with 

the Csr system and provide a wealth of opportunities for follow up experiments. 

Combined, these large studies capture a great challenge of deciphering complex data, 

namely, how do you consolidate multiple high throughput data streams and draw 

meaningful conclusions from them? 

1.2.3 Capturing regulatory systems using target prediction and thermodynamic 

modeling 

 One major challenge of understanding global regulators is being able to predict 

their targets and behavior. Modern biology has the tools available for high throughput 

characterization of cellular systems, but is still developing the computational tools to take 

full advantage of this data (3, 64). With accurate tools to predict both regulator targets and 

the effects of regulation, we have predictive power to guide future experiments.  

Given our research with the Csr system, we were interested in forming predictive 

models of the RNA-protein regulators using the Csr system as case study. Some previous 

models of RNA-protein interactions have been developed. These RNA-protein interaction 

predictions that account for sequence only, secondary structure, or a variety of other factors 
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(65). These predictions can focus on searching for the consensus RNA binding site, the 

binding pockets within proteins, or both (66, 67).  

 Separately there are some models which do predict regulatory effects. One early 

example of modeling regulator effects was made by Covert and Palsson (68). Using a flux-

balance analysis (FBA) model of E. coli metabolism as a base, they superimposed binary 

representations of global regulators on top of the model indicating whether the regulator 

would turn the gene on or off (68). Kinetic models of metabolism have also described some 

regulators by adding terms to account their control on metabolic enzymes that they regulate 

(22).  

In order to build a thermodynamic model of post-transcriptional CsrA regulation 

that captured both targets and effects several classical modeling frameworks are available 

for adaptation. The first available modeling concept is derived from tools for predicting the 

targets of transcription factors (69). These programs search for consensus binding motifs 

across genomic sequences to identify genes associated with a given transcription factor 

(70, 71). Often these searches involve the use of a position weight matrix (PWM) that 

accounts all possible degeneracies in a binding motif (72). Constructing this matrix either 

requires in vitro SELEX data look at transcription factor binding to many mutated 

permutations of the motif or the sequences motifs of multiple targets known to be bound 

by the factor (73). This PWM provides a classical way to identify binding sequences. 

 The second available tool is to use previous modeling efforts on the Csr system. To 

my knowledge, three groups have predicted E. coli CsrA targets on a large scale 

computationally (53, 56, 60). Two of these predictions have focused on identifying CsrA 

targets by searching mRNA sequences for the GANGGAN[A/U] consensus motif (56, 60). 

In addition to searching for a similar motif, the third prediction took into account the 

number of motifs available on a transcript and tried to identify a ‘subset’ of CsrA targets 
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which had multiple strong CsrA binding sites (53). In total these works suggest over 800 

genes potentially associated with CsrA and provide framework for identifying CsrA 

targets. It is unclear from these predictions, however, if these genes would be repressed or 

activated by CsrA or to what extent. The PWM strategies and previous CsrA models 

provide an initial framework to determine CsrA targets. 

The final available concept to help design a model of CsrA regulation targets and 

effects are translational predictions models. Specifically, the RBS calculator which uses 

structure and sequence to predict the translation initiation rates of mRNAs (74, 75). This 

calculator determines the total free energy required for the ribosome to bind to a messenger 

RNA and initiate translation. As a result of the calculator utilizing sequence and structure 

information, the calculator is sensitive to changes both in sequence and structure that may 

affect translation rates. Combined, these concepts allow us to form a model of CsrA 

translational repression. 

 

1.3 RESEARCH OBJECTIVES AND ACCOMPLISHMENTS 

 The remainder of this dissertation covers the research I have performed at the 

University of Texas at Austin by adapting the works I have published or are near 

publication. 

 Chapter 2 contains a kinetic modeling study of E. coli central carbon metabolism 

exploring the use of dynamic optimization to control cellular metabolism. In this chapter, 

I outline a dynamic approach for improving the production of phosphoenolpyruvate (PEP) 

in silico.  Using sensitivity analysis, I identify a cluster of enzymes that are most impactful 

for PEP production. These enzymes are then optimized dynamically for all nine genes in 

the cluster and observe increased PEP accumulation over time. To simplify implementation 
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of this circuit, I demonstrate that periodic control of only three enzymes generates a 1.86-

fold increase in total PEP accumulation over 8 hours of simulated time. 

 The content of Chapter 3 describes my efforts to develop an omics data analysis 

approach for determining global regulatory targets. This work, using the E. coli Csr system 

as a case study, integrates multiple omics evidences (i.e. transcriptomics, proteomics, and 

CsrA pulldowns) to determine a core set of genes that are likely to be CsrA targets. Follow 

up experiments using fluorescence reporters attached to each gene’s 5’ UTR confirm that 

CsrA does have a regulatory effect on many of these genes. This study doubles the number 

of CsrA targets with strong supporting evidence and provides a generalizable method to 

determine targets of global regulators from omics studies. 

 Chapter 4 discusses my modeling work for the prediction of CsrA targets. It 

outlines a model which identifies CsrA targets from sequence data, uses thermodynamic 

modeling to predict the secondary structure of the CsrA-mRNA complexes, and determines 

the amount of translational repression the target will have from CsrA binding. We evaluate 

model accuracy by comparing the model prediction to the experimentally measured CsrA 

repression for approximately 240 genes. This model expands on previous models of CsrA 

targets by not only predicting if CsrA will bind to a target, but where on the target CsrA is 

most likely to bind, and if binding will result in translational repression. 

 The Appendix outlines my other published works written at UT. Appendix A 

comprises a perspective paper on how omics experiments and modeling techniques 

synergize to generate meaningful conclusions about biological phenomena. Appendix B 

contains a review about current approaches in dynamic metabolic engineering. 

Specifically, it outlines how synthetic dynamic circuits have been improved over time, 

exchanging old parts and replacing them with promoters, riboswitches, and metabolite 

sensors that make circuits more robust and higher performing. Appendix C describes a 
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system I developed jointly with another graduate student, Jorge Vazquez, to sense RNA 

structures inside living cells. The fluorescence sensor system, named the iRS3 system, 

provides a fluorescence readout of which regions along a given RNA are most accessible 

for binding by other cellular factors. 
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Chapter 2 

Optimizing Metabolite Production Using Periodic Oscillations 

* This work was published in (76). SS performed the research, was the primary author of 

the document, and edited the document during the revision process. 

2.1 INTRODUCTION 

A central goal of synthetic biology is to create new tools and strategies to improve 

production of metabolites, chemicals and proteins from microbial sources.  A particular 

focus of this field has been the advancement of genetic constructs to exquisitely control 

gene expression in cells. Traditionally, researchers have modified microbial production 

strains in a variety of ways that include gene knockouts, gene overexpression, and 

heterologous pathway expression (77-79). With expanding availability of genome-wide 

datasets and large metabolic models, emphasis has shifted from single-gene manipulations 

to genome-wide alterations to improve microbial production processes (80-83).  Many of 

these techniques allow entire clusters of genes to be manipulated simultaneously and are 

designed to fine tune metabolic regulators for optimal production of a desired product. In 

this study, we propose a novel method to improve metabolic production of a desired 

product that relies on time-periodic oscillations of cellular enzymes. 

Natural oscillations have been observed in many biological systems (10, 84, 85). 

Early studies have established that oscillations within cellular circuitry can have profound 

impact on the behavior of a culture (86).  In E. coli, oscillations have been studied both 

experimentally and computationally. Experimentally, glycolytic oscillations have 

traditionally been generated in response to periodic control of the feed source or external 

stresses (18, 87-90). Likewise, Chassagnole et al. demonstrated that oscillations observed 

experimentally could be described using a kinetic model of central carbon metabolism (20, 
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88). Additionally, several theoretical studies have shown that oscillations in enzyme levels 

could increase intracellular concentrations of metabolites in simplified biological circuits 

(16, 91).  We consider oscillating enzymes within the context of E. coli metabolism and 

suggest ways that these ideas could be implemented experimentally. Computationally, our 

principal contribution is the use of dynamic optimization to tune these oscillatory responses 

in a way that maximizes production of a desired metabolite. This contrasts the exclusive 

use of parameter sensitivity to make control decisions, as used in earlier works (16, 91).  

In this work, we explore optimized time-periodic oscillations of a subset of 

enzymes within a metabolic pathway as a strategy to increase metabolite production. Our 

hypothesis is based on well-established results from the operation of chemical reactors. 

This literature shows that the amount of product generated over time can be increased by 

operating reactors in a non-steady state, time-periodic regime (92, 93). 

As a prototype system, we use a modified version of a previously published kinetic 

model of E. coli central carbon metabolism (Figure 2.1) (20). Within this system, we 

explore the use of oscillations in enzyme levels to increase intracellular levels of a key 

metabolite, phosphoenolpyruvate (PEP). PEP is an important metabolite both in cellular 

physiology and a key precursor for industrially-important compounds (94). Specifically, 

PEP levels control the flow of glucose into the cell and allosterically regulate enzymes 

within central carbon metabolism (95, 96).  In addition to its cellular functions, PEP is a 

limiting precursor for microbial production of aromatic amino acids (97), which are 

important building blocks for products in the chemical, pharmaceutical, and food industries 

(94, 98). In light of these facts, many metabolic engineering strategies have been employed 

to improve PEP availability for aromatic amino acid production (38, 95, 99, 100). These 
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studies provide valuable insights into the changes in levels of metabolites, like PEP, that 

can be achieved through genetic modification. 

Figure 2.1. Model system of central carbon metabolism. Each node is a single metabolite 

and these nodes are connected by reactions. Effectors, indicated in white ovals, control 

the reaction rates of several of the model reactions. Effectors that upregulate a reaction 

are marked with a +, whereas those that downregulate the reaction are indicated by a -. 

Enzymes in orange circles are most influential for PEP production. 
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In this study, we expand an established model of E. coli central carbon metabolism 

(20, 101, 102) by adding two gluconeogenesis reactions from another experimentally-

validated model (22) and incorporate enzyme levels into the model using methods 

described previously (103, 104). Addition of  the phosphoenolpyruvate synthase (PPS) and 

fructose-1,6-bisphosphatase (FBP) reactions is motivated by previous research results that 

suggest they are important controllers of PEP levels (97, 105). Following the incorporation 

of these reactions, we used sensitivity analysis to identify several key enzymes that impact 

production of PEP.  The levels of these enzymes were then assumed to vary in a periodic 

fashion, and were modeled as cosine waves whose amplitude, period, and phase properties 

were optimized to maximize metabolite production (Methods, Dynamic Optimization). 

Finally, we explored the oscillatory properties of an experimentally feasible small synthetic 

circuit to increase PEP production.  

2.2 RESULTS  

Sensitivity analysis identifies key enzymes for PEP production 

A key aspect of this study was to identify appropriate enzyme candidates that could 

be periodically varied in time to increase PEP production. Enzyme levels are incorporated 

into our model as an additional term to the reaction rate of each enzyme (Methods, Kinetic 

Model). We assumed that the enzyme levels in the original model were at steady state and 

arbitrarily set their values to one. As a result, changes in enzyme levels are defined as 

deviations from this nominal value. To identify enzymes that are important for PEP 

production, we conducted a sensitivity analysis of the system using step tests. These 

consisted of monitoring the evolution of PEP levels in time after increasing each enzyme 

level to be 50% greater than its steady state value (1 to 1.5). Based on this analysis (Figure 

2.2), nine enzymes appeared to affect PEP levels: phosphofructokinase (PFK), 
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glyceraldehyde phosphate dehydrogenase (GAPDH), pyruvate kinase (PK), 

phosphoenolpyruvate carboxylase (PEPC), ribose-phosphate pyrophosphokinase (RPPK), 

serine synthesis (SER), synthesis 1 (SYN1), 2-Dehydro-3-deoxyphosphoheptonate 

aldolase (DAHPS), and glucose-6-phosphate dehydrogenase (G6PDH).   Sensitivity 

analysis indicated that increasing the levels of PFK or GAPDH led to increased PEP levels. 

This result is somewhat expected, since these two enzymes represent critical branch points 

for simultaneously controlling flux down the main glycolysis pathway and flux returning 

from the pentose phosphate pathway. 

 

 

Figure 2.2. Sensitivity analysis identifies the enzymes most important for PEP 

production. The bar graph shows the ratio of PEP levels when the indicated enzyme level 

is raised 50% above its normal, steady state level (a value of 1.5 in the simulation). 

Upregulated enzymes that caused a change greater than 2% change in PEP levels (black 

bars) were deemed significant for PEP production. 
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Individually increasing levels of the remaining seven enzymes resulted in 

decreased levels of PEP. Four of these enzymes (PEPC, SYN1, DAHPS, and PK) 

catalyze reactions that directly consume PEP at the PEP node (Figure 2.1). Two of these 

enzymes, SER and RPPK, catalyze reactions that are located upstream of the PEP node 

direct flux out of the model. Finally, G6PDH is one of the main factors that determines 

whether  the metabolic flux follows glycolysis or the pentose phosphate pathway (20). 

The latter three enzymes likely reduce PEP production by playing a more general role in 

directing metabolite flux out of the boundaries of the system. 

Individual enzyme oscillations result in moderate increases in PEP production 

 Practical implementation of enzyme oscillations (further discussed below) 

depends on the heterologous expression of an enzyme from a plasmid source. In this 

scenario, it is typical that enzyme concentrations would reach much higher levels than 

natural expression levels in the cell. To represent the high amount of expression that can 

be obtained from inducing strong promoters (106), we allowed enzyme levels to reach 20 

times their nominal levels in our simulations.  With this assumption in place, we first 

explored independent oscillations of each of the nine PEP-influencing enzymes. As shown 

in Figure 2.3, a wide range of increases in total PEP levels (1%-28.3% relative to the case 

of no oscillation) is observed across the nine enzymes identified as sensitive. While 

individual enzyme oscillations show smaller improvements than simulated knockouts or 

over expressions (data not shown), these results showed the potential of oscillating 

intracellular enzyme levels to positively affect PEP levels compared to the unoptimized 

case without alterations to natural patterns of gene expression (Figure 2.3). After 

examining the benefits of individual oscillations relative to the base case of no oscillation, 
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we reasoned that the oscillating multiple metabolic enzymes simultaneously could further 

push PEP gains. 

 

Figure 2.3.  PEP concentration gains by oscillating individual enzymes. A comparison of 

the increase in PEP concentration as a result of oscillating each of the indicated enzymes. 

The enzymes oscillated by describing their levels as a cosine function and optimizing the 

properties of each wave. Gain in PEP levels is measured as a ratio of the total PEP 

concentration in the oscillating case over the total PEP concentration in the time invariant 

case. All optimizations were run over an 8 hour time horizon.  

Optimal periodic oscillation of PEP-influencing cluster enzyme further increases 

PEP levels 

We next analyzed the effect of combined oscillations in our system. We grouped all nine 

sensitive enzymes together into a “PEP-influencing cluster” and focused on optimizing collective 

expression of this cluster as a unit to mimic natural systems, where large groups of enzymes are 

co-regulated to produce a specific phenotype (107). This PEP-influencing cluster represents the 

theoretical maximum number of enzymes that we hypothesized could influence PEP levels. We 

modeled oscillations of all the enzymes in the PEP-influencing cluster using simple cosine 

forcing functions (Methods, Dynamic Optimization).  Then, we optimized properties of the waves 
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(i.e. amplitude, frequency and phase) for maximum PEP production. Levels of each enzyme were 

independently optimized to maximize PEP levels given constraints on metabolite levels derived 

from experiments (Methods, Dynamic Optimization) (108-110).  

We observed that oscillations of this nine enzyme cluster (Figure 2.4A), caused PEP 

levels to oscillate (Figure 2.4B). These PEP oscillations resulted in a 2.2-fold increase in total 

PEP levels over an 8 hour time horizon relative to the non-oscillating unoptimized system, 

suggesting that regulating multiple enzymes in a periodic fashion needed to be further explored as 

a metabolic optimization strategy. We also compared the oscillatory strategy to a time invariant 

optimization of the levels of the nine enzymes (Figure 2.4B). The time invariant optimization 

calculates the PEP gain possible by fine tuning enzyme levels at constant levels. We were 

encouraged to see that oscillating enzymes produced more PEP than the unoptimized case (Figure 

2.4B). It is important to point out that we constrained PEP levels in our simulations to a 10-fold 

range (1mM-10mM) similar to the total variability of PEP concentrations reported in the 

literature (110, 111).  We have also verified that describing the variation of enzyme levels in 

terms of square waves in the optimization calculation leads to a similar increase in the 

concentration of the PEP (data not shown).  

Our optimization revealed that PEP is able to reach higher levels by causing a key 

enzyme that removes PEP from the system (PEPC) to simultaneously be at low levels while 

enzymes that help to produce PEP (GAPDH and PFK) are at  high intracellular levels. To 

quantify the relationship between changes in enzyme levels and changes in PEP levels, we 

calculated correlation coefficients for the time series data corresponding to enzyme levels in the 

PEP-influencing cluster (Figure 2.4C). Correlation coefficients indicate how closely changes in 

one variable (a given enzyme level) correlate to changes in another variable (PEP levels). PFK, 

GAPDH, PEPC, G6PDH, RPPK and DAHPS form a highly-correlated, synchronized group of 
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enzymes that is primarily responsible for the changes in PEP levels. PK and SER form a 

secondary enzyme group that also tunes PEP levels (Figure 2.4C). 

 

Figure 2.4. Optimization of PEP-influencing cluster increases intracellular PEP 

concentration. A. Resulting profiles from an optimization of enzyme levels with an 8-

hour time horizon. B. Oscillations in PEP levels (black line) resulting from oscillations in 

enzyme levels. The line with smaller and larger dashes represents the PEP levels without 

oscillations (unoptimized case) and when systems optimized for PEP production without 

any oscillations (PEP time invariant enzyme levels). C. Correlation coefficients for the 

oscillating case shown above. The coefficients are colored using a gray scale with the 

strongest positive (1) and negative (-1) correlations being darkest and weakest correlation 

colored lightest. 
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A simple oscillatory circuit can improve metabolic output 

Up to this point we had considered the theoretical maximum number of enzymes that 

could be in our oscillatory circuit to qualitatively evaluate the potential of synthesizing multi-

enzyme clusters to improve PEP production.  However, given the experimental convenience of 

manipulating a smaller number of genes, we tested the impact of constructing an experimentally 

feasible smaller oscillatory circuit.  

To select the enzymes in this circuit, we analyzed all combinations (of enzymes within 

the nine enzyme cluster) of two-enzyme clusters to understand which combinations positively 

impacted PEP the most (data not shown). We did not consider all 32 enzymes for this analysis 

given the weak influence of most enzymes on PEP levels. We confirmed that individual enzymes 

that resulted in the largest PEP gains when oscillated independently (i.e. GAPDH, PEPC, or 

PFK), also produced the largest PEP gains when oscillated with a second enzyme. In particular 

we noted the largest PEP gain from oscillating GAPDH and PFK simultaneously. To this cluster 

we added a third enzyme, RPPK (which is essential for cellular viability), to test for additional 

PEP gains from oscillations that would be difficult to obtain through traditional methods.    

We optimized periodic expression of RPPK, GAPDH, and PFK  by simulating these 

genes in a recently described light-inducible system (112) (Figure 2.5A). In this circuit, the 

bacterial two-component system, YF1 (histidine kinase repressed by light)/FixJ (response 

regulator), represses the expression of transcripts from the FixK2 promoter. A second repressor 

protein, lambda phage cl, is expressed from the FixK2 promoter which represses the lambda 

phage promoter pR.  A reversible physical input (i.e. light) simultaneously represses production 

of genes controlled by FixK2, and cause pR promoter genes to be expressed since the promoter is 

no longer being repressed. Importantly, in the presence of light, GAPDH and PFK genes are 

expressed and RPPK is suppressed simultaneously.  
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 The optimized circuit (Figure 2.5B) showed a significant increase in PEP levels (1.86-

fold increase in total PEP concentration) relative to the levels observed in the unoptimized case 

with no oscillations (Figure 2.5C). Although oscillating the cluster produced less PEP than time-

invariant optimization of the three enzyme levels, we were encouraged by the fact that the 

oscillating three-enzyme circuit produced far more PEP than the unoptimized case and 85% as 

much PEP as the oscillating nine-enzyme circuit (Figure 2.5C). This data validated the potential 

of selecting influential enzyme clusters and of periodically oscillating them as a way to increase 

targeted production of a metabolite of interest.   

 

Figure 2.5. Oscillating the RPPK-GAPDH-PFK cluster resulted in a significant increase 

in the concentration of PEP. A. An illustration of a light-inducible regulatory cluster that 

could be built for oscillating enzymes. The light-repressed two component system, YF-

1/FixJ, expressed constitutively from the promoter IQ, controls gene expression from the 

pFixK2 promoter. The lambda repressor protein, Cl, can repress expression from the 

lambda phage promoter, pR. When the absence of light activates this system, the 

response regulator, FixJ, is phosphorylated and represses expression of Cl and RPPK, 

simultaneously increasing expression of GAPDH and PFK. B. Resulting enzyme profiles 

from oscillating RPPK-GAPDH-PFK circuit for 8 hours. Each enzyme was allowed to 

reach a maximum of 20 times its steady state levels. C. PEP levels over 8 hours in 

response to the oscillating enzymes in B.  
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2.3 DISCUSSION 

We have shown that tuned periodic oscillations of selected enzyme levels in a metabolic 

pathway can have a positive effect on metabolite production. These findings agree with 

observations made in chemical reactors that a higher cumulative yield of product can be reached 

by operating the reactor in a periodic fashion (29, 92, 93). In this study, we report an 

experimentally viable three enzyme oscillating cluster that can lead to a 1.86-fold increase in PEP 

production compared to the original (unoptimized) system.   

The motivation of this work was to evaluate the tradeoff between drastic alterations in 

gene expression and more moderate metabolic changes (i.e. oscillations) that can lessen metabolic 

burden and tune essential genes.  We expected that constitutive overexpression of enzymes over 

time (where levels are always at a maximum) would lead to higher PEP levels than the periodic 

oscillation cases (where those maximum enzyme levels are only periodically achieved). 

Therefore, a key question was how the levels of PEP increase obtained by periodic enzyme 

oscillations compare to traditional strategies of genetic deletions and enzyme overexpression. On 

average an increase of 32% in PEP levels was observed by deleting individual genes that were 

negatively correlated with PEP production, relative to the oscillation of these same individual 

genes. A similar trend was discovered when individual enzymes that positively correlated with 

PEP production were constitutively overexpressed relative to when they were independently 

oscillated. 

To gauge the accuracy of our projections we compared the results of our simulated 

knockouts and overexpression to experimental data on these modifications (78, 100, 113-115). 

This comparison shows that, while qualitatively correct, our model is significantly 

underestimating the metabolite concentration increases gained by mutant strains (i.e. our model 

projects a PEPC (ppc) mutant to have a 1.67-fold  increase in PEP concentration, but 
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experimental data shows that the knockout produces a 3-fold increase [40]). We suspect that, 

likewise, our model underestimates the gains in PEP levels obtained from oscillatory simulations. 

We believe that oscillatory strategies could prove valuable for several reasons. First, 

oscillations provide an additional way to manipulate expression of essential genes. Second, this 

approach can reduce the metabolic burden in cells that is observed as a result of constitutive 

overexpression of multiple proteins. Although our model cannot capture these effects, it has been 

well established that consistently overexpressed proteins can become a large metabolic burden on 

the cell representing as much as 15-40% of the total cellular protein produced by recombinant 

cells (116-118). Third, oscillations could be valuable in situations where there are growth 

tradeoffs in producing the final product. For example, if the final product is toxic to cell growth 

(119) or causes cells to form spores (12), then enzyme oscillations could allow cells some 

recovery time and prolong their viability. Finally, oscillatory strategies could also be valuable if 

recombinant enzymes are oscillated synchronously with natural periodic rhythms found in many 

cells types (6, 120, 121).  We also envision using oscillatory strategies to tune global regulatory 

genes resulting in the simultaneous coordination of many genes and pathways. For these reasons, 

a dynamic strategy can provide a complementary approach to current methods depending on the 

particular metabolic optimization problem.  The method outlined here is generally applicable to 

any organism that is genetically pliable and for which a kinetic model can be constructed.  

Oscillating enzyme levels inside cells requires (1) a method to induce periodic changes in 

vivo and (2) the ability to create and manipulate regulatory clusters. Since the creation of the 

Goodwin oscillator (24) in the 1960s, researchers have been creating more robust and 

sophisticated synthetic oscillators (122). The Repressilator, is another created by Elowitz and 

Leibler, is a good example of a synthetic oscillator, where each of the three genes inhibit 

transcription of its successor and cause sustained oscillations to form (26). These simple 
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oscillators have led to the development of a fast, robust tunable synthetic oscillator inside living 

cells (122). In addition to these oscillators, light inducible systems have shown the potential to 

modulate gene expression in a highly controllable fashion (123, 124).  While many synthetic 

oscillatory systems have been rigorously tested computationally and validated experimentally, 

their incorporation into larger regulatory circuitry has been less explored. The number of 

innovations in the engineering of synthetic circuits to control gene expression in vivo is expected 

to continue to rise. 

 Manipulation of regulatory clusters, whether naturally occurring or rationally designed, 

has already proven to be an effective method to improve metabolite production (80, 99). Changes 

in system and flux profiles can be achieved by altering global regulatory systems, including 

methods such as knocking out transcriptional regulators (125), tuning promoters (81), and altering 

post transcriptional regulatory systems (80). Some of these methods have already been applied to 

increase carbon flow through the PEP node. For instance, by manipulating the Carbon Storage 

Regulator system using overexpression and knockouts, intracellular PEP levels can be increased 2 

to 3-fold (60, 99). Oscillating components of regulatory circuits, like parts of the Carbon Storage 

Regulator system, provides the potential additional advantage of bypassing the negative impact of 

multiple gene deletions and/or gene overexpression on cell growth that has been widely reported 

in the literature. 

Oscillating enzymes levels could be a useful strategy for improving production of 

metabolites in conjunction with traditional methods. Oscillations would be ideal when controlling 

the levels of genes that hinder or completely impair cellular growth, including many genes in 

central carbon metabolism (126). These oscillatory clusters can tune and coordinate expression of 

multiple cellular enzymes. It is important to note that oscillations of individual proteins could be 

further customized by tuning the promoters, altering ribosome binding sites, and using different 
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protein degradation tags to change the rate of degradation for each protein. Exploiting customized 

regulatory “parts” to creatively control gene expression has become common in the construction 

of synthetic genetic circuits (127).While initial synthetic oscillatory circuits may take the simpler 

form similar to the RPPK-GAPDH-PFK circuit, our future research will also consider larger 

circuits that tune multiple genes directly from the chromosome.  

2.4 METHODS 

Kinetic Model 

The kinetic model used in this study is an adaptation of the model created by 

Chassagnole et al. (20) (Figure 2.1). The metabolite concentrations are modeled by 

dynamic mass balance equations, resulting in a set of ordinary differential equations of 

the form:  

        (1) 

where S is the n x m dimensional stoichiometric matrix, r is an m-dimensional vector of 

reaction rates, C is an n-dimensional vector of metabolite concentrations, P is a k-

dimensional parameter vector, e is an m-dimensional vector of enzyme levels. The 

second term is a dilution factor that accounts for biomass generation demands on that 

metabolite (µ = specific growth rate).  

 One of the drawbacks of the original model (20) is that the accumulation of co-

metabolites (ATP, NAD, etc.) is expressed as explicit time dependent functions rather 

than as mass balance equations. Since we ran simulations over a significantly longer time 

frame than originally modeled, we removed the time-dependent descriptions of the co-

CPCerS
dt

dC
 ),,(
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metabolites and replaced them with constant values following the approach taken in other 

studies (22, 104).  

 Enzyme levels were added to the originally published model (20) by introducing 

an additional term, Ē, into the reaction rate (renz) equations:  

   

    (2) 

Where rmax is the maximum reaction rate, ê is the steady state enzyme concentration 

(arbitrarily set to equal one) and e is the current enzyme concentration, such that enzyme 

levels (Ē) are observed as deviations from their steady state values similar to previous 

studies (103, 104).  

Incorporating Gluconeogenic Reactions 

 The model contains mass balance equations for 18 metabolites in the glycolysis, 

gluconeogenesis, and pentose phosphate pathways.  It contains 32 reactions, including 

two gluconeogenic reactions catalyzed by phosphoenolpyruvate synthase (PPS) and 

fructose-1,6-bisphosphatase (FBP), which were taken from a previous study (22). The 

parameters for these equations were taken directly from the aforementioned work of 

Usuda et al.(22) with the exception of the rmax values which were recalculated using the 

top-down approach previously described by Rizzi et al. (128).  
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Optimizations 

 A sensitivity analysis of enzyme levels on PEP levels was carried out by 

performing a battery of step tests on the dynamic model.  Specifically, with the model 

initially at its nominal steady state, the concentration of each enzyme was increased to 1.5 

times its steady state value; the model was subsequently simulated for a sufficiently long 

period of time for a new steady state to be reached. The subset of enzymes that led to 

more than a 2% change in PEP levels became the targets of the optimization.  For the 

optimization calculations, it was assumed that the levels of each key enzyme vary in time 

following a simple sinusoidal function, 

         (3) 

Where A is the amplitude, t is the time, ω is the frequency, φ is the phase, and h is a 

constant bias (h = 1).   

gPROMs (129) was used to determine the optimal values of these parameters. The 

optimization was formulated as: 
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       (4) 

 

Where Cmetabolite represents the concentration of metabolites in millimoles/liter, ω in 

radians/second, φ in radians. 

Constraints on the amplitudes of the enzyme level waves allow enzymes to have a 

maximum of 20 times their steady state concentration (Lower bound: 1/20th). We 

assumed that enzymes that improve PEP production (GAPDH and PFK) would be added 

to the oscillatory circuit on a plasmid without modifying the genomic copies of the gene.  

To model this assumption, the levels of GAPDH and PFK were not allowed to reach 

below their original steady state levels of 1.0. The constraints were within the fold 

changes in enzyme levels described in experimental studies (109, 130).  

Constraints for metabolite concentrations (i.e. Cpyr, Cpep, Crib5p, Ce4p, and Cg6p) 

were set using the fold change observed in experimental studies as constraints (108, 110). 

These studies were chosen because they consider large scale E. coli responses to 

perturbations and metabolic profile changes that could be achievable by manipulating 

artificial regulatory systems. 

As a control to compare the performance of the dynamic optimizations, time 

invariant optimizations were also run by replacing the time dependent enzyme level 

descriptions (Equation 3) with a constant term for the enzyme level (h). These constant 

levels were then used as the optimization variables to maximize PEP production. In these 

optimizations, all enzymes were allowed to vary between 0 and 20 except for essential 

enzymes which were allowed to vary between 0.25 and 20. With these exceptions all 

18.0005.0 4  peC

87.836.1 6  pgC
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other constraints and conditions controlling the dynamic optimization were applied to the 

static optimizations. 

Correlation Coefficients 

Correlation coefficients for the time series corresponding to enzyme and 

metabolite levels were calculated in MATLAB based on the Pearson product moment 

correlation coefficient formula:  

  (5) 

Where x is a matrix of the time-dependent enzyme levels of enzyme I and y is a matrix of 

the time-dependent enzyme levels of enzyme j. The resulting matrix was then colored 

using a grayscale to indicate the highest and lowest correlation values. A correlation 

coefficient close to one indicates a strong correlation. 
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Chapter 3 

Integrating Omics evidence to determine the target of a global 

regulator, Csr system, a case study 

3.1 INTRODUCTION 

One of the major challenges of understanding cellular physiology is to decipher the 

mechanisms and circuitry of regulatory networks (3). Although many high-throughput 

tools (e.g. proteomics, transcriptomics, metabolomics) have become available to identify 

and study the effects of global regulators (108, 131), on their own these studies often leave 

unanswered questions regarding the biological importance of any trends observed. For 

instance, one of the major challenges of analyzing these large overarching regulatory 

systems is determining the repertoire of targets. Given that a great number of proteins, 

metabolites, and RNAs vary in response to environmental changes, any single ‘omics 

technique may produce false positives and any single growth condition may miss gene 

expression patterns that happen under other conditions (132). Even two ‘omics studies of 

the same type performed under different growth conditions can produce different results, 

making it difficult to draw solid conclusions about the targetome (60, 61). Other challenges 

in large-scale studies include decoupling direct from indirect regulatory effects in the 

absence of known mechanisms (133, 134). Importantly, it is difficult or impossible to 

derive meaningful mechanistic insights using only one high-throughput technique. 

Classical molecular genetics and biochemical techniques are effective for determining 

mechanistic information (55), but are cumbersome for gathering information on global 

biological patterns. The potential for extracting mechanistic information on the wide 

ranging effects of global regulators from ‘omics experiments remains unrealized.  
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Nevertheless, the use of omics studies for comprehensive characterization of global 

response pathways is beginning to be realized (108, 135, 136). For instance, by integrating 

multiple omics datasets, the number of false positive targets can be reduced and the real 

effects of a network response can be quantitated (137, 138). Likewise, direct and indirect 

effects can be decoupled by performing coimmunoprecipitation experiments with native or 

epitope-tagged regulatory factors (46). Up to this point, coimmunoprecipitation studies 

have focused on characterizing direct targets, and in separate experiments, transcriptomic 

and proteomic approaches have focused on identifying changes in gene expression. 

In this this study, we proposed an Integrative FourD omics approach (InFO)  that 

consists of collecting and analyzing systems data using (i) multiple genetic backgrounds 

and (ii) multiple omics approaches (transcriptomics, proteomics, and 

coimmunoprecipitations) to evaluate global changes in gene expression in the context of 

organizational operons after (iii) imposing a particular environmental stress to amplify the 

regulatory features of the network throughout (iv) multiple time points to monitor dynamic 

regulation on a global scale  (Figure 3.1A). We used these four distinct dimensions to 

dynamically profile patterns in gene expression changes as a result of systematic 

inactivation of each major components of the bacterial carbon storage regulator (Csr) 

system. In this way, we profiled the diversity of responses of genes in the Csr regulon and 

offer clues to the underlying regulatory mechanisms, which can guide follow up studies 

using classical biochemical and genetics approaches. As reflected by recent large scale 

studies (46, 56, 63), interest in the widely conserved Csr (Rsm) system (139-141) stems 

from it being one of the global sRNA-protein based regulators known in E.coli (besides 

Hfq (33)) and has a strong effect on bacterial virulence. Furthermore, the global regulatory 

capabilities of the Csr system have attracted attention for their possible use in metabolic 
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engineering applications (99, 142) and in engineering complex dynamic control systems 

(2, 4, 143). 

Figure. 3.1. Investigating the Escherichia coli carbon storage regulator system. (A) The 

Integrated 4D omics (InFO) approach. This experiment focuses on integrating ‘omics 

measurements to determine the targets and circuitry of a regulatory network. The four 

arms of the approach are using multiple mutant strains, multiple time points, multiple 

omics analyses and a stress to trigger the regulatory system. (B) An illustration of the 

basic components of the carbon storage regulator (Csr) system. CsrA binds to a wide 

variety of cellular mRNAs, which affects target transcript and/or protein levels. CsrA is 

antagonized by CsrB and CsrC RNAs, which bind to CsrA and prevent it from interacting 

with its targets. CsrD promotes degradation of CsrB and CsrC via EIIAGlc activation. 

The BarA and UvrY two-component system senses environmental stimuli such as 

formate or acetate levels and activates csrB and csrC transcription.  

 Many of the challenges involved in characterizing the targets and 

mechanisms of a global regulatory network are embodied by studies of the Csr system. The 

Csr system of E. coli has four basic components:  the CsrA and CsrD proteins and the CsrB 

and CsrC small RNAs (39, 40, 43, 144) (Figure 3.1B). CsrA regulates many cellular 
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processes by binding to the 5’ untranslated region (UTR) of mRNAs and altering their 

translation, stability and/or transcription termination (55, 57, 145, 146). CsrB and CsrC 

bind to and sequester CsrA from its RNA targets, as observed in vivo and in vitro (48, 147). 

In association with EIIAGlc, CsrD mediates RNase E cleavage and degradation of CsrB and 

CsrC (37, 42, 43). As a highly dynamic network, the Csr system responds to a variety of 

environmental conditions, such as the availability of nutrients (61), pH (148), and acetate 

levels (149) through their effects on the BarA/UvrY two component system, which 

activates csrB/csrC transcription (150, 151) and the presence of glucose through the effect 

of glucose on CsrD activity (37, 42). 

Computational predictions (53, 60, 66), mass spectrometry analyses and ‘omics 

studies (56, 60, 61, 152) have suggested a large collection of mRNAs (~1400) that are 

potentially regulated through CsrA interaction with a ANGGA consensus motifs (47, 53). 

However, these studies only partially overlap and, therefore, leave the full extent of the 

network unclear. Differences in hypothesized CsrA targets from these studies have been 

attributed, in part, to differences in environmental conditions and in growth phases (56, 60, 

61) as it is understood that levels of CsrA, CsrB and CsrC change as the cell transitions 

from exponential to stationary phase (40, 153). Because the Csr system is a global 

regulatory network that: (i) is affected by environmental factors and is sensitive to changes 

in growth phase, (ii) depends on multiple RNAs and proteins, (iii) affects a large collection 

of genes, and (iv) employ diverse regulatory mechanisms, it represents an excellent 

challenge for the InFO approach. 

Here, we used the InFO approach to identify potential CsrA targets, map their 

dynamic changes in expression during carbon starvation, and develop mechanistic insights 

about the roles of CsrA in regulation. We performed proteomics, transcriptomics, and high 

throughput sequencing crosslinking immunoprecipitation (HITS-CLIP) experiments to 
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track the network dynamically (over the course of 5 hours) in response to a carbon 

starvation-imposed stress where the Csr system is expected to play an important role (42, 

61, 154). This characterization was performed using a csrA mutant and a csrB and csrC 

double deletion strain to determine genes significantly affected by these components. 

Although a variety of recent multi-omics studies have tracked cellular responses to 

environmental stress (108, 135, 155), few studies have examined the contribution of a 

regulator to that stress response. 

An important aspect of our study was to obtain a newly hypothesized targetome 

based on integrating multiple analyses that generated a total of 126 datasets. Specifically, 

we demonstrated that the use of integrated dynamic ‘omics experiments expands the value 

of systems studies to uncover large numbers of CsrA targets that are difficult or impossible 

to identify with more traditional (lower throughput) strategies and cannot be 

mechanistically probed with single high-throughput approaches. We identified 136 

potential direct CsrA targets, of which 72 were proposed based on computational (53) or 

experimental analysis (60, 61), and 64 are novel. Using a fluorescence-based in vivo assay, 

we confirmed that 51 are regulated by CsrA in a manner consistent with omics data. In 

concert these genes greatly enrich the number of genes which are well characterized targets 

of the Csr system. 

3.2 RESULTS 

Designing a four dimensional systems profiling approach  

Our first goal was to assess the time and stress dimensions of our analysis. To study 

the Csr system in the transition between two physiologically important states, we imposed 

a starvation stress on the cells by culturing them in M9 minimal media with 0.2% glucose 

to mid log-phase (OD600= 0.6) followed by immediate resuspension in an equal volume of 
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M9 lacking glucose. We then tracked the stress response of CsrA protein and CsrB RNA 

expression levels over six total time points (Figure 3.2), two before the stress (t=-10, and 

0 minutes) and four post-stress (t=30, 60, 180 and 300 minutes). This  

Figure 3.2. The Csr system responds to carbon starvation stress. (A) Western blot of 

CsrA-FLAG (approximately 8 kd) levels from wild type strain in response to carbon 

starvation stress over 5 hours. Membrane was probed with α-FLAG antibodies, stripped, 

and then probed with α-GroEL antibodies as a loading control. Binding was visualized 

using chemiluminescent reagents. Below is the quantification of the Western blot. CsrA 

values were normalized using GroEL levels. (B) Northern blot of csrB levels over 5 

hours after carbon starvation stress. CsrB, 369 nucleotides (nt) long, was blotted with 32P-

labeled csrB northern probe. Below, the same membrane was restriped and reprobed for 

16s rRNA levels as a loading control. Below is the quantification of the Northern blot. 

CsrB values were normalized using 16s rRNA levels.  

total time span of 300 minutes is similar to the timescale of classic proteomics starvation 

experiments (156, 157). We observed that CsrA levels did not change significantly over 

this timeframe as detected by Western blotting analysis (Figure 3.2). This result is 
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consistent with reported observations of CsrA protein stability (154) and with previous 

reports of only a modest increase in CsrA levels when reaching stationary phase (153). In 

contrast, levels of CsrB exhibited an observable decrease in cellular levels within 30 

minutes post-stress, as measured by Northern blotting analysis (Figure 3.2). We assumed 

that CsrC would follow a roughly similar trajectory to CsrB (40) given the similarity of the 

CsrB/C synthesis and turnover pathways. Given the reported low expression levels of CsrD 

(43), we suspected that this protein might not change drastically in response to stress. These 

initial assumptions were later confirmed with data from our proteomics and transcriptomics 

studies, where we profile the Csr components (data not shown).  

In addition to the stress and time scale analyses, we integrated two other dimensions 

in this approach: the use of multiple ‘omics techniques and genetic backgrounds. We 

conducted proteomics and transcriptomics studies to identify genes that were affected 

(directly or indirectly by components of the Csr system) at either the transcriptional or 

translational levels. Furthermore, we used CsrA HITS-CLIP experiments to identify 

mRNA transcripts that interacted directly or indirectly with the CsrA. We used E. coli K-

12 MG-1655 and two mutants of this strain: one lacking the Csr sRNAs (ΔcsrBΔcsrC) and 

the second with a transposon insertion at codon 51/61 of the CsrA protein (39). It is referred 

to hereafter as the csrA::kan strain. Because deletion of csrA causes a severe growth defect 

(158) the original csrA::kan transposon mutant strain has been studied extensively and has 

significant effects on cellular phenotypes (44, 58). The ΔcsrBΔcsrC and csrA::kan 

transposon mutants were compared to an E. coli MG-1655 strain containing a 

chromosomally-encoded CsrA-FLAG tagged gene. Note that for the purposes of this study,  
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Figure. 3.3 Design of InFO strategy captures intercellular changes in response to stress. 

Three strains, a wild type strain, and two Csr system mutant strains (ΔcsrBΔcsrC and 

CsrA transposon mutant strains) were each grown in triplicate in separate experiments to 

an O.D. of 0.6. The cultures were sampled ten minutes before the stress was imposed and 

just before the stress. The stress was imposed by pelleting each culture and resuspending 

in M9 media lacking glucose (Methods, Large Scale Sample Collection). After the stress, 

samples were harvested at four time points (t = 30, 60, 180, and 300 minutes after stress). 

The samples were then processed and to2tal protein, total RNA, and RNA crosslinked to 

CsrA were prepared for mass spectrometry and RNA-seq. The resulting omics data was 

analyzed to classify genes.  

the CsrA-FLAG tagged MG-1655 strain is referred to as wild type (wt). The genetic 

dimension of this systems profiling approach was designed to distinguish the carbon 

starvation stress response from the pleiotropic CsrA-dependent cellular response by 

directly altering CsrA or indirectly affecting its activity by eliminating CsrB and CsrC 

sRNAs. With all four design elements considered, we conducted experiments that collected 

the growth rate for each strain and gathered 126 samples for proteomics, RNA-seq, and 

CsrA HITS-CLIP analyses (Figure 3.3, Methods).  

Resolution of carbon starvation and Csr system dependent changes in gene 

expression 

To differentiate genes that responded to the Csr system from genes that responded 

generally to the carbon starvation stress, we used a two-way analysis of variance (ANOVA) 
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of the proteomics data using the strain and the time points to account for the stress as the 

two factors in the analysis. We expected that decoupling these effects at the proteome level 

would be most relevant due to the post transcriptional nature of CsrA regulation. The 

ANOVA identified 1903 proteins that responded significantly (p<0.05) to the genetic 

differences in the Csr network, the time points, or an interaction of these two factors (Table 

3.1).  

Significant (p <0.05) Variance from # of Proteins 

Strain Only 1280 

Time Point Only 88 

Interaction Only 58 

Strain AND Time Point  235 

Strain AND Interaction 72 

Time Point AND Interaction 9 

Strain AND Time point AND 

Interaction 
161 

No Significant Factors 1912 

Table 3.1. Two-way ANOVA indicates proteins that respond to the strain, stress, or both 

factors.  

We detected about 3800 unique proteins with high confidence (5% FDR) in these samples 

and were able to eliminate about 50% of the proteins from further analysis because their 

expression changes were determined to be mediated independently from effects of carbon 

stress or the Csr system. Within the remaining 1903, 88 failed to respond to the strain-

imposed differences in the Csr regulatory pathway and were attributed to carbon stress 

responses. Several hundred proteins were impacted by both strain and stress, indicating 

that the Csr system and the stress were impacting a partial overlapping set of genes. Many 

of the proteins that responded over time in these analyses have been previously linked to 

E. coli carbon starvation stress response in literature (159-161). This indicated that the 

nutritional stress imposed in this study caused a general stress response. After eliminating 
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the genes that did not show a Csr-dependent response in the ANOVA, we sorted the 

remaining 1800 genes into different patterns associated with Csr regulation.  

Systems level classification of the Csr targetome by integrative FourD profiling   

The premise of our pattern classification was to distinguish genes that exhibited 

different responses at the protein and transcript levels in the wild type strain compared to 

the csrA::kan and the ΔcsrBΔcsrC mutant strains. Since CsrA regulates genes by a variety 

of mechanisms (55, 57, 59, 145), we expected to observe a variety of distinct dynamic 

patterns. Supported by consistent and complementary proteomic and transcriptomic 

dynamic signatures, we defined five response categories (Methods Classification of Csr 

system impacted genes) within a group of 233 genes. We determined that the remainder 

of the detected genes either had no distinct pattern or were present at levels that were too 

low to infer statistically significant patterns. All genes classified from the ‘omics data are 

referred to hereafter as “classified genes”.  

We also sub-classified genes based on HITS-CLIP data as not all classified genes 

were expected to directly interact with CsrA. Although not definitive evidence of direct 

CsrA-RNA interactions, an association with CsrA in HITS-CLIP analysis suggested genes 

to serve prime candidates for follow-up testing. As proof of principle, we confirmed that 

well characterized CsrA mRNA targets (glgC, cstA, hfq, flhD, sdiA, moaA, nhaR, pnp, 

pgaA, csrA, relA, ycdT, and dgcZ) displayed a consistent signature in the HITS-CLIP 

experiments. All of these mRNAs were confirmed to interact with the CsrA protein by 

footprinting analysis in previous studies (45, 49, 54, 55, 57, 58, 145, 146, 162, 163). The 

normalized abundance of 10 of these RNAs ranked in the top 35th percentile in the 

abundance of all transcripts identified in at least two time points in the HITS-CLIP 

experiments. Using this signature as a metric, we defined genes as “associated with CsrA” 
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if their transcripts were found in the top 35th percentile of all the transcripts identified in 

the HITS-CLIP studies in at least two time points (Table 3.2). Although this designation 

may produce false positives or false negatives when taken by itself, we reasoned that, when 

used in conjunction with the other ‘omics data, this metric would identify genes that are 

most likely valid CsrA targets. Henceforth, we refer to genes of Classes I-IV that are 

associated with CsrA in HITS-CLIP experiments as “potential direct CsrA targets”. 

Altogether 136 of the 233 classified genes fall into the latter category (Table 3.2).  

Gene bnumber Class  -10 0 30 60 180 300 
CsrA 

Literature 

glgC b3430 I 3.54 4.55 8.25 15.36 13.02 17.45 
1,2, 3, 4, 

5 

pgaA b1024 I 23.27 48.7 78.51 76.4 78.76 90.02 1,2, 4, 5 

nhaR b0020 I 18.13 19.64 14.08 20.06 13.07 13.88 1,2, 3, 5 

dgcZ b1535 I 26.49 50.24 77.58 36.62 37.19 36.09 2, 4, 5 

galM b0756 I 15.14 13.31 12.47 16.99 14.52 19.17 5 

gadA b3517 I 5.71 6.42 2.07 4.51 1.02 0.99 3, 4, 5 

cbpA b1000 I 13.58 18.03 8.72 15.23 6.22 8.44   

groS b4142 I 10.08 12.51 10.71 12.02 8.26 6.93 5 

groL b4143 I 8.54 10.36 9.54 14.45 9.18 8   

aidB b4187 I 13.83 20.53 7.18 15.38 4.46 5.34  
gstA b1635 I 7.44 9.29 6 10.85 5.35 5.9 5 

ucpA b2426 I 22.79 32.96 4.7 12.66 6.44 8.11 3, 4, 5 

yhiI b3487 I 8.76 19.91 24.24 39.16 29.14 32 3, 4, 5 

rbbA b3486 I 42.68 41.18 57.3 93.12 74.82 82.21 3 

mdtA b2074 I 70.77 80.53 59.83 78.87 39.1 51.92   

yfhM b2520 I 48.27 49.68 28.79 35.95 38.75 41.65  
sdhA b0723 I 40.9 48.06 53.02 82.73 32.78 30.96   

cysI b2763 I 29.08 38.36 29.65 63.31 22.99 32.97 3 

cysJ b2764 I 28.22 39.57 28.65 55.28 33.02 28.58   

yebE b1846 I 45.06 65.18 33.26 46.73 19.1 14.5  
ybaL b0478 I 42.61 59.61 28.43 43.89 36.95 38.24 4, 5 

Continued on next page 
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Gene bnumber Class  -10 0 30 60 180 300 
CsrA 

Literature 

maeB b2463 I 27.08 25.88 29.24 45.81 29.86 39.12 3, 5, 6 

fucO b2799 I 49.59 61.54 23.82 47.94 31.92 42.57 5, 6 

mdtE b3513 I 44.47 57.35 55.25 65.37 41.1 63.79 5 

mdtF b3514 I 52.64 52.79 71.36 75.1 66.34 77.61   

sdhB b0724 I 40 40.92 47.56 91.38 41.01 36.51  
malQ b3416 I 50.19 57.21 23.97 53.42 49.3 59.18   

tauD b0368 I 100 91.87 100 0.05 75.73 88.59 5, 6 

alaA b2290 I 31.98 45.49 53.8 60.61 76.34 97.52   

ydeP b1501 I 77.62 84.71 100 97.19 83.09 99.39  
yaji b0412 I 38.23 42.02 31.06 62.47 41.63 44.59 4 

pspA b1304 I 57.3 80.14 71.36 32.56 46.88 21.12  
ybhG b0795 I 43.2 51.97 21.47 56.74 52.08 61.16 5 

rpoS b2741 I 0.53 0.66 3.02 7.39 4.9 5.6 6 

sucA b0726 I 21.75 16.51 53.02 52.26 34.39 30.93 5 

sucB b0727 I 12.42 10.79 36.8 50.27 29.33 23.96 3, 5 

yihX b3885 I 34.19 24.23 26.12 33.6 25.7 52.65   

sucC b0728 I 15.27 14.28 45.42 42.06 29.78 27.45  
glsA b0485 I 24.46 25.54 12.71 16.55 4.6 6.1   

malY b1622 I 34.33 38.86 55.94 59 94.41 59.87 5 

ydjA b1765 I 14.51 16.05 45.71 49.38 39.58 58.5 3 

iscS b2530 I 14.97 13.58 44.9 49.51 18.26 16.12 3, 5 

ltaE b0870 I 20 26.62 32.02 47.44 32.63 34.01 5 

chrR b3713 I 36.55 23.29 43.58 66 51.84 82.34  
ldtA b1990 I 24.38 30.09 11.14 17.37 11.47 11.66   

uspG b0607 I 10.05 14.39 6.55 7.7 3.28 3.03 5 

yebF b1847 I 15.33 19.67 16.46 15.59 14.41 12.99 5 

amyA b1927 I 24.32 26.19 13.4 28.14 16.71 17.23 5 

hdeB b3509 I 3.02 3.37 3.34 1.31 1.36 1.26 6 

hdeA b3510 I 1.55 1.22 1.49 0.92 0.41 0.55 6 

poxB b0871 I 21.02 19.2 21.49 30.28 18.45 15.77   

hemG b3850 I 17.01 29.49 28.72 35.19 31.46 44.95  
evgA b2369 I 16.69 18.49 30.77 12.3 0.08 67.63 4, 5 

dnaK b0014 I 10.6 11.81 7.04 11.71 4.74 3.38  
ompC b2215 I 0.74 0.42 11.72 1.02 9.57 12.08 3 

degQ b3234 I 39.41 53.92 40.78 45.61 34.5 43.04 6 

asd b3433 I 1.48 0.76 15.51 13.88 24.62 25.24 3, 6 
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Gene bnumber Class  -10 0 30 60 180 300 
CsrA 

Literature 

hemX b3803 I 38.48 31.7 25.24 30.97 24.11 37.14  
gpt b0238 I 47.02 29.26 62.75 20.4 77.32 56.49   

yfhG b2555 I 35.23 49.34 84.19 79.97 55.79 52.29  
ansB b2957 I 71.95 82.93 79.79 94.54 62.7 0.07 3, 4 

phoU b3724 I 30.6 50.76 59.83 0.01 40.86 51.49  
cstA b0598 II 22.36 29.91 3.31 10.36 5.21 7.46 1,2, 4, 5 

gadB b1493 II 4.26 5.14 1.81 4.33 0.71 0.9 4, 5 

gadC b1492 II 8.05 7.15 4.35 7.65 2.47 2.79   

hflC b4175 II 13.44 13.26 40.01 33.34 31.15 30.22  
ldcC b0186 II 35.47 45.01 24.37 42.72 28.98 39.08 4 

pgm b0688 II 7.95 12.09 16.7 31.06 25.56 30.05 3, 5, 6 

malP b3417 II 57.46 52.82 22.48 40.36 52.82 56.72 3 

nuoG b2283 II 37.55 46.98 32.29 55.99 30.24 35.63 3 

yhjG b3524 II 45.39 47.18 20.77 38.41 18.99 18.05 3, 4 

glpR b3423 II 36.64 47.51 100 68.65 51.31 65.64 5 

cyoB b0431 II 9.12 8.3 37.24 66.74 62.51 67.28 3, 4 

yqjD b3098 II 5.27 5.86 4.09 10.47 5.24 5.31  
yqjE b3099 II 6.18 7.66 6.66 13.78 7.57 11.78   

acnA b1276 II 33.92 30.93 10.45 22.65 11.36 17.35  
dacC b0839 II 15.57 20.29 7.24 18.02 7.98 11.19 5 

frdA b4154 II 54.17 58.34 13.95 16.79 16.71 21.5  
fumA b1612 II 24.16 36.65 2.79 10.72 4.49 5.48 6 

gatC b2092 II 9.05 12.75 4.67 12.56 16.22 25.82 3 

mscS b2924 II 3.84 4.71 27.65 15.54 28.3 24.7 5 

pntB b1602 II 4.57 4.57 34 29.9 30.17 29.16 6 

dps b0812 II 1.25 0.93 0.74 0.58 0.49 0.58 3 

ydgA b1614 II 12.02 15.51 7.36 11.22 9.29 11.72 3, 5 

slp b3506 II 10.94 14.49 8.89 10.96 3.31 3.06 5, 6 

ydhQ b1664 II 9.45 16.24 5.42 11.01 4.01 5.93 5 

elaB b2266 II 2.28 1.65 0.94 2.16 1.1 1.32 5, 6 

yhbO b3153 II 28.39 29.04 13.52 42.68 13.99 11.34  
bfr b3336 II 10.57 15.84 12.16 6.12 5.91 10.12 4, 6 

proP b4111 II 4.52 6.58 8.22 16.93 17.34 20.03 3 

fbp b4232 II 17.57 14.76 8.8 21.88 19.63 24.37 5 

talA b2464 II 13.14 11.04 18.11 18.1 9.85 8.14 5, 6 

Continued on next page 
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Gene bnumber Class  -10 0 30 60 180 300 
CsrA 
Literature 

glgB b3432 II 1.39 2.78 5.51 12.72 14.63 18.87 3, 6 

ybjP b0865 II 26.1 20.9 10.94 18.69 12.53 12.02 5, 6 

ycaC b0897 II 31.82 23.77 19.28 17.94 19.8 17.82 5, 6 

maeA b1479 II 20.17 28.01 34.4 33.96 43.24 59.06 4, 6 

dcrB b3472 II 30.02 33.28 43.22 31.09 42.47 35.6   

yhjD b3522 II 60.17 76.72 34.56 47.04 36.38 38.83  
yeaY b1806 II 48.38 58.34 31.95 41.9 12.95 20.66 5 

fdoH b3893 II 59.11 59.32 24.91 40.12 13.09 15.95 5 

ahr b4269 II 62.51 71.1 30.18 45.85 19.05 19.05 6 

frdB b4153 II 38.39 71.1 25.34 21.1 21.2 23.78 3 

nuoC b2286 II 38.23 35.41 32.35 45.56 21.65 35.53   

ddlA b0381 II 36.76 50.83 51.1 53.84 54.99 54.09  
yegR b2085 II 100 100 100 54.77 100 100   

tsx b0411 II 43.99 36.9 50.19 26.7 55.6 64.06  
hflK b4174 II 11.17 14.9 25.12 24.67 15.25 16.86 4, 5 

dkgA b3012 II 15.12 17.93 3.8 7.98 3.93 5.69 3 

hchA b1967 II 14.06 13.72 8.31 8.27 2.19 2.68 5 

wrbA b1004 II 8.65 8.65 3.37 7.21 2.36 1.73  
glcB b2976 II 55.45 63.21 23.13 29.57 34.68 39.4 3 

ybeL b0643 II 13.76 15.96 1.37 4.95 1.72 2.44  
osmE b1739 II 4.33 3.9 3.69 4.1 3.23 3.09 4 

mlaA b2346 II 9.33 12.78 8.11 13.86 4.51 4.51  
eno b2779 II 3.61 3.34 4.58 0.63 4.26 4.77 6 

yhcB b3233 II 8.98 8.49 22.19 10 9.54 6.46  
gabD b2661 II 50.01 41.59 5.16 25.24 10.02 9.92 3 

pckA b3403 II 100 100 100 100 100 100 3, 5, 6 

cohE b1145 II 27.8 52.96 56.88 43.14 58.85 39.57   

dsrB b1952 II 22.36 12.72 6.78 11.68 2.95 1.91  
clpB b2592 II 19.02 29.57 13.46 24.04 8.85 6.9   

yiiS b3922 II 24 33.12 41.66 13.6 30.31 20.41  
dppF b3540 II 66.84 74.74 100 63.07 82.83 100 3 

dppD b3541 II 66.32 76.09 100 96.34 90.96 92.89  
cyoA b0432 II 4.08 6.23 22.09 39.66 30.83 28.67   

oppA b1243 III 17.27 21.2 36.41 4.05 24.27 30.56 3 

pta b2297 III 29.34 26.92 27.8 19.6 37.9 37.73   
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Gene bnumber Class  -10 0 30 60 180 300 
CsrA 

Literature 

mtlD b3600 III 41.99 41.04 24.33 34.35 27.49 38.75 6 

ugpB b3453 III 28.29 32.86 1.98 6.64 2.92 5.37 3, 6 

yeaG b1783 III 6.15 7.92 0.68 2.7 0.85 1.14 6 

lsrF b1517 III 100 97.17 14.56 12.46 29.47 27.36 6 

ytfQ b4227 III 71.95 73.57 3.43 7.54 5.86 10.45 6 

skp b0178 IV 2.67 3.79 7.3 7.36 10.63 11.4   

yaeP b4406 IV 7.74 9.18 5.72 14.01 5.66 4.6  
fepA b0584 IV 6.74 7.47 53.48 24.15 65.93 53.04   

aroG b0754 IV 9.08 8.53 28.07 6.56 34.07 36.46  
clpA b0882 IV 4.68 5.83 5.07 8.16 6.25 5.07 6 

aroA b0908 IV 13.79 13.4 49.86 25.08 36.95 27.33  
kdsA b1215 IV 24.53 23.63 39.9 20.09 33.44 26.2 3 

fliY b1920 IV 7.16 9.69 3.48 9.04 2.67 4.26  
ybiT b0820 IV 18.53 24.27 50.13 35.74 42.75 44.66 4 

yceD b1088 IV 2.6 3.2 13.69 3.79 16.56 18.58 6 

putA b1014 IV 74.39 76.29 55.68 72.7 42.41 33.42 3 

ugd b2028 IV 49.42 36.34 53.58 28.93 90.43 61.29  
purK b0522 IV 22.57 23.21 81.4 100 100 93.94   

potD b1123 IV 12.51 16.8 49.52 31.51 56.09 44.12 3 

guaA b2507 IV 13.23 11.44 67.4 40.5 65.69 74.95 3 

purL b2557 IV 24.42 33.43 86.01 73.65 87.72 99.97 3 

bisC b3551 IV 50.01 47.04 61.51 68.82 67.24 67.43   

entF b0586 IV 7.06 7.36 38.2 30.71 45.1 37.17 3 

carB b0033 IV 20.47 30.89 62.3 65.58 77.98 81.21 3 

yafC b0208 IV 50.67 72.74 82.63 63.64 79.95 70.38  
yecC b1917 IV 49.91 39.02 81.19 57.32 17.75 21.74   

pdxB b2320 IV 27.77 24.66 49.97 53.57 45.57 46.6 3 

ppk b2501 IV 34.39 42.8 52.52 28.24 41.55 30.18 3, 5 

thiG b3991 IV 5.31 6.02 21.32 30.79 27.18 26.17  
uxaC b3092 IV 52.71 74.74 74.14 35.37 78.12 68.86 6 

ycaK b0901 IV 74.64 100 80.98 41.4 100 70.03  
aroD b1693 IV 43.32 63.93 95.81 48.55 100 100   

ybaK b0481 IV 44.03 51.85 76.25 48.9 100 76.66  
hipB b1508 IV 70.77 56.14 100 63.93 44.61 100   

yebY b1839 IV 19.72 30.77 61.67 16.91 29.75 34.44  
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Gene bnumber Class  -10 0 30 60 180 300 
CsrA 

Literature 

proX b2679 IV 53.67 71.52 71.21 77.88 70.21 65.81 5, 6 

yjbD b4023 IV 22.66 11.01 46.23 16.86 35.26 55.65 6 

ymgD b1171 IV 37.91 38.2 71.09 30.31 25.87 30.7 5 

rnk b0610 IV 15.4 22.14 27.58 29.4 31.39 27.12 5, 6 

fhuE b1102 IV 37.65 46.54 64.17 21.57 81.26 75.97   

purM b2499 IV 26.66 24.31 91.12 65.5 92.01 82.46  
polA b3863 IV 56.12 46.85 48.03 44.81 69.16 74.06 5 

uxuA b4322 IV 64.12 72.1 91.41 75.43 100 68.49  
uxuB b4323 IV 67.47 65.49 72.38 77.97 67.78 100   

purE b0523 IV 30.14 33.32 100 65.87 100 100 3 

yahJ b0324 IV 62.12 61.69 76.25 85.19 80.04 90.53   

purT b1849 IV 40.85 43 91.12 68.98 93.77 0.12  
mreB b3251 IV 11.57 12.05 36.96 31.6 38.62 34.57 3 

purD b4005 IV 34.61 45.23 94.93 86.29 97.34 100 3, 5 

yjgM b4256 IV 59.88 57.75 57.5 68.98 60.37 55.47   

proS b0194 IV 18.34 16.02 50.75 36.18 46.02 40.19  
entC b0593 IV 8 9.24 48.29 45.74 45.77 62.8 4 

ribB b3041 IV 31.98 27.14 46.18 15.28 17.96 13.7  
patA b3073 IV 6.91 8.17 1.63 4.57 1.52 1.76   

glmS b3729 IV 20.27 21.9 30.72 22.29 34.03 32.29 3 

glnD b0167 IV 40.95 41.54 74.33 69.81 68.66 82.34 3 

yadG b0127 IV 50.5 59.48 84.66 47.77 56.01 100  
gmd b2053 IV 73.07 46.18 92.3 97.05 100 94.63   

cdd b2143 IV 41.99 32.35 18.75 31.95 26.62 34.6  
csdE b2811 IV 63.57 71.83 39.78 68.2 82.04 32.41   

creA b4397 IV 64.82 61.29 92.06 59 69.38 65.31  
csiD b2659 V 41.99 52.6 2.93 12.35 5.72 5.39   

gabT b2662 V 38.39 33.12 5.31 25.17 12.13 11.87  
yajO b0419 V 19.33 17.2 5.1 12.41 5.38 6.04 3 

ygiW b3024 V 10.45 12.03 13.05 12.48 6.61 7.05 5 

ugpC b3450 V 52.04 58.81 26.19 55.41 23.43 44.43   

ysgA b3830 V 14.72 12.48 14.37 24.59 13.68 20.26 5 

osmY b4376 V 2.91 3.63 4.55 7.75 2.59 3.59   

tktB b2465 V 8.17 11.57 6.11 15.51 3.95 4.45 5, 6 

yqjG b3102 V 43.5 40.19 17.24 25.85 13.33 15.21 4 
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yahK b0325 V 47.93 25.73 32.12 39.12 23.04 25.97  
uxaB b1521 V 67.53 77.61 46.52 25.45 55.23 42.49 5, 6 

uvrA b4058 V 32.73 47.44 41.01 51.73 43.28 50.4  
nuoF b2284 V 33.77 36.27 30.51 56.22 34.31 49.2   

xseB b0422 V 12.37 20.42 20.4 37.41 38.33 52.54  
truC b2791 V 44.47 42.02 63.66 11.06 49.12 66.07 3 

yqcA b2790 V 37.23 45.2 91.41 16.57 57.62 52.54 4, 5 

nudK b2467 V 53.51 63.3 93.86 28.84 94.12 100   

moaB b0782 V 20.17 28.56 48.53 34.5 38.47 32.49 5 

flu b2000 V 60 73.71 81.69 75.24 73.48 84.56 5 

yraR b3152 V 47.85 74.52 29.27 44.26 24.66 17.48 5 

nuoB b2287 V 33.61 37.48 26.09 27.59 18.12 30.25 3 

uxaA b3091 V 55.37 65.69 56.63 50.63 87 0.03 6 

ompF b0929 V 3.12 3.82 6.58 0.45 14.13 8.41 3, 6 

pliG b1178 V 6.31 8.33 23.65 3.97 25.84 25.92 6 

ompA b0957 V 0.15 0.17 1.55 1.93 1.77 2.08 3 

glgA b3429 V 3.65 4.92 7.42 18.87 12.67 17.09 3 

gatA b2094 V 9.28 12 9.73 6.79 10.89 11.42 3, 6 

gatY b2096 V 4.24 5 1.66 2.52 1.83 1.37 3 

fdoG b3894 V 40.85 35.87 17.79 28.99 10.33 17.04 3, 5 

ybaA b0456 V 14.18 25.8 2.99 5.32 2.89 4.8  
ubiF b0662 V 21.8 31.28 10.88 25.17 6.95 10.33 3 

minD b1175 V 9.59 8.57 15.29 15.12 28.13 29.57 5 

ychN b1219 V 13.36 17.31 7.27 19.03 17.29 19.97 6 

ydhZ b1675 V 21.82 19.29 7.76 9.92 6.16 6.61  
yeaD b1780 V 32.06 45.84 32.74 18.62 34.47 32.91 5 

yedY b1971 V 43.95 48.9 23.82 39.66 15.67 14.06  
fbaB b2097 V 11.43 11.65 13.17 24.23 13.82 19.11   

fadI b2342 V 51.79 76.58 5.94 20.54 23.02 29.04  
secB b3609 V 8.23 8.25 4.84 8.01 5.1 4.26   

yidC b3705 V 19.47 23.13 68.69 51.5 79.95 70.5 3 

ydbC b1406 V 49.47 64.84 12.59 24.89 18.85 28.45 6 

yhfA b3356 V 0.08 24.2 46.39 17.43 57.43 44.78 3 

yhfG b3362 V 22.01 27.89 8.66 21.95 13.46 8.85   

hemE b3997 V 27.44 24.52 38.32 59.31 45.01 35.99 5 

iadA b4328 V 60.54 47.64 65.22 61.22 42.12 24.87 5 
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Table 3.2 Classification of Classified genes in the ‘omics study. The table contains the 

percentile abundance of a given gene in the HITS-CLIP experiment over time. The chart 

also indicates whether the gene has been connected previously to the Csr system in the 

literature, where 1 marks a footprinting experiment, 2 marks a gel shift assay, 3 indicates 

the results of previous CsrA immunoprecipitations (Edwards et al 2011), 4 (Mckee et al 

2012) and 5 (Kulkarni et al 2014) indicate computational predictions of CsrA targets, and 6 

transcriptomics studies from (Esquerre et al 2016). 
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Class I 

Genes were included in Class I if: higher protein and transcript expression levels 

were observed in the csrA::kan mutant relative to the wild type strain. After identifying 

genes with statistically significant Class I patterns, we also analyzed all other genes within 

the operon, as recorded in RegulonDB (164) to determine if they followed the same pattern. 

Figure 3.3A illustrates an example of a potential Class I direct CsrA target, the 

monocistronic gene aidB. In total, we identified 62 Class I genes, 42 of which are potential 

direct CsrA targets. This pool includes novel potential direct CsrA targets, such as aidB, 

evgA, and glsA. We also classified several well characterized CsrA targets (e.g. glgC, nhaR, 

and pgaA) as having a Class I pattern. This is consistent with the reported CsrA effect on 

regulation of these genes, namely that CsrA represses their expression (44, 55).  

 

Class II 

Class II genes displayed a strong CsrA dependent response, manifested by: higher 

protein expression levels of the gene in the csrA::kan mutant strain, but no difference in 

transcript levels in the csrA::kan or the ΔcsrBΔcsrC mutant relative to the wild type strain. 

One possible mechanism for Class II genes is that CsrA inhibits translation of the target 

gene but does not affect transcript stability as described previously (145). In total, we 

identified 63 members of this class, including 54 potential direct CsrA targets. Notable 

novel members of this pool of 54 are acnA dcrB and ybeL. As shown in Figure 3.3B, dacC 

is an example of a member of this class. 
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Figure 3.4. Genetic responses to Csr components. For each class I-V, we show a 

representative gene in addition to the other components within its operon (62). The 

classified member of the operon is indicated by a color (I – Orange, II – Blue, III – 

Purple, IV – Red, and V – Green); other genes of the operon are shown in gray. Error 

bars depict standard deviation of three replicates. (A-E) Genes are representative of 

patterns in each class. Specifically, Class I and II class have lower expression of the 

gene’s protein and transcript or just protein respectively in the wild type than the 

CsrA::kan mutant. Class III and IV have the inverse patterns to Class I and IV. Class V 

genes show no statistically significant relationship to CsrA::kan expression, but 

significant differences between the ∆csrB∆csrC mutant and the wild type.   
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Class III 

Class III genes display lower protein and transcript expression levels of the gene in 

the csrA::kan mutant than in the wild-type strain. One possible mechanism for Class III 

genes is mRNA stabilization by CsrA as shown for flhD (165). In this case, CsrA binding 

blocks RNaseE mRNA cleavage (59). We were not able to detect the FlhD protein, 

however, the flhDC transcript displayed increased expression in the presence of CsrA. As 

shown in Figure 3.3C, pta is an example of a Class III potential direct CsrA target which 

has not been suggested previously in literature. In total, we identified 7 members of this 

class, 1 of which, pta was novel potential candidate CsrA targets. Given its small size, it’s 

surprising that the vast majority of these targets were already associated with CsrA.  

Class IV 

Class IV genes displayed lower protein expression, but not lower transcript levels 

in the csrA::kan strain. This pattern has not previously been observed in connection with 

CsrA regulation, but it is conceivable that CsrA binding could increase protein expression 

without affecting transcript stability (166). In this class, we identified 56 genes, 33 of which 

were sub classified using HITS-CLIP data as potential direct CsrA targets. YbiT is an 

example of a gene in this class (Figure 3.3D). Eighteen members of this potential target 

pool have not before been hypothesized as CsrA targets. We noted that that many of these 

genes were not strongly associated with CsrA in our HITS-CLIP experiments than in the 

other classes. This could suggest that some of these protein expression patterns were the 

result of indirect regulation or growth defects caused by the CsrA transposon mutation.  To 

determine if individual genes were indirect or directly regulated by CsrA translation 

fusions and an in vivo protein-mRNA interaction assay were performed as described in 

subsequent sections. 
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Class V 

Class V genes displayed significant increased or decreased expression levels on 

both the protein and the transcript levels in ΔcsrBΔcsrC strains, but not in the csrA::kan 

strain, relative to the wild type strain. The unique dependence on the sRNAs in this class 

was unexpected given the paradigm that CsrA protein regulates by binding to mRNA 

transcripts and that the CsrB and CsrC sRNAs sequester the CsrA protein. In total, 45 genes 

were classified in this category, of which nudK is an example gene in this class (Figure 

3.3E). It should be noted that 37 genes in this category display a strong association with 

CsrA in our HITS-CLIP analysis. These data suggested that multiple explanations should 

be considered for the members of this class. One potential explanation is that genes require 

a higher amount of active CsrA then is present in wild type cells grown in our experimental 

conditions to observe regulatory effects. Under this paradigm the removal of CsrB and 

CsrC increases the levels of active CsrA in the cells enough to observe phenotypic 

differences in this group of genes. Given the large number of other possibilities to explain 

the ‘omics patterns of these genes, further research is required to assess the relationship of 

the Csr system to this class of genes. 

Fluorescent reporter assays to authenticate CsrA regulation of multiple target genes  

After generating a list of potential direct CsrA targets, we designed follow up 

experiments to characterize CsrA-gene interactions. As a starting point to validate these 

interactions, we performed translational expression assays to study the impact of CsrA on 

potential CsrA target genes. This assay was based on the knowledge that CsrA interacts 

with the 5’ UTR of its targets to regulate their expression (139). Assuming our candidates 

would largely behave the same way, we designed a plasmid that fused the 5’ UTR of a 

given candidate gene to a GFP reporter (Figure 3.5A).  
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Figure 3.5. CsrA regulation determined using fluorescent reporter constructs. (A) The 5’ 

UTR assay measures fluorescence output of 5’ UTR-reporter constructs that contain the 

5’ UTR of a candidate CsrA-regulated gene and the first 100 nucleotides of its coding 

sequence (CDS), expressed as an in-frame GFP fusion, and transcribed from a 

constitutively active promoter. Flow cytometry is used to determine if CsrA induction has 

a statistically significant effect on fluorescence. (B) Differential effects of CsrA on the 

expression of fluorescent reporter constructs. The number of 5’ UTR constructs in which 

CsrA significantly increases, decreases, or has no impact on GFP expression. Colored 

bars represent genes of class: I, Orange; II, Blue, III; Purple, IV; red, V; green, Negative 

and black, positive controls.  
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This plasmid was transformed into a ΔcsrAΔcsrBΔcsrCΔcsrDΔpgaAΔglgC strain 

(CML 577) along with a second plasmid, pHL600, which contained an IPTG-inducible 

CsrA (154).With this experimental setup, we compared the resulting GFP fluorescence of 

5’ UTR-GFP reporters under two conditions: (i) with induction of and (ii) without 

induction of CsrA. Our hypothesis was that true CsrA targets should display either 

translational upregulation (consistent with patterns observed for Class III and IV) or 

translational downregulation (consistent with patterns observed for Classes I and II) in the 

presence of CsrA.  

For these assays, we tested 125 potential direct CsrA targets (failed to clone the last 

9) representing all classes (Table 3.2). For these experiments, we initially created and tested 

two 5’ UTR-GFP fusions as negative controls, phoB and gmk, since CsrA had been shown 

to not bind these UTRs (54, 61). Unfortunately, GFP was observed at background 

fluorescence in our assay when controlled by these UTRs so we mined our ‘omics data for 

other UTRs to serve as a control. Among those we considered was 5’ UTR of fecA whose 

protein and transcript levels did not respond to CsrA and was not pulled down in HITS-

CLIP experiments. After cloning this 5’ UTR into our reporter construct we observed that 

the construct did show appreciable GFP expression, but did not respond to CsrA induction 

so we established this UTR as our negative control. We also tested well established CsrA 

targets (sdiA, glgC, hfq, ycdT, pgaA, cstA, nhaR) from previous literature as positive 

controls. Although not all of these constructs produced fluorescence, the fusions that 

expressed showed expected response patterns to CsrA. With these controls established, we 

tested samples by growing the cells to OD 0.3, inducing CsrA, and waiting 3 hours, we 

measured the fluorescence using flow cytometry and observed CsrA-dependent 

upregulation of 8 potential targets, downregulation of 52 potential targets, and no effect on 

33 other genes (Figure 3.5B). We also noted 48 additional constructs were tested but they 
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failed to exhibit any fluorescence likely due to poor expression caused by a variety of 

factors. 

In spite these limitations, we confirmed that 56% (51/91) of potential direct CsrA 

targets, which were found to be functional, were affected by CsrA regulation in a manner 

consistent with their original classification. The disagreement with remaining 44% was 

largely due to genes which the omics data suggested could interact with CsrA, but did not 

show a significant shift in our assay. This difference could be due to indirect effects 

captured by the omics data or a need for more measurements of some samples to establish 

statistical significance. 

3.3 DISCUSSION  

In this paper, we demonstrate the genome-wide application of InFO in determining 

targets of a global regulatory network. While we present several methods for predicting 

and characterizing genetic targets of complex regulators, it is important to note that no 

single test presented would have been adequate to identify potential direct targets of a 

regulon. The value of this method is that it weaves together multiple indirect lines of 

evidence using HITS-CLIP, proteomics, and transcriptomics of multiple genetic mutants 

under the dynamic conditions from an environmentally induced stress to identify 

potential targets of a global regulatory network. This integration narrowed the CsrA 

target pool from about 1600 hypothesized targets in the literature to 136 potential direct 

CsrA targets that show convincing evidence in our InFO analysis. To evaluate the novelty 

of the 136 potential direct CsrA targets identified in this work, we compiled all previous 

large ‘omics studies and computational predictions on the Csr system that inferred CsrA 

targets (Table 3.2). We observed that 86 genes (62.3%) had been previously associated 

with CsrA in the literature and that 50 genes (36.7%) are novel genes that could be 
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associated with CsrA (Figure 3.6). Of the 86 genes overlapping with literature, 23 were 

only previously suggested from computational predictions (53, 60), and 31 from only 

CsrA-pulldown studies (61), demonstrating  to add significance evidence for CsrA 

association to observations in previous literature.  

  

Figure 3.6 Venn diagram indicating the overlap of gene identified from omics evaluation 

in this study to previous literature. 

After identifying a pool of relevant genes (136) from ‘omics data, our fluorescent reporter 

assay data provided evidence that CsrA specifically impacts expression from the 5’ UTR 

of many of these genes. It also suggested a relative level of CsrA impact on expression, 

i.e. regulation, of the tested 5’ UTRs. For instance, our data suggests that CsrA 

expression has a greater impact on the glgC, glsA, and acnA UTRs than it does on evgA 

and ybaL. Qualitatively, this assay identifies 5’ UTRs that are more or less sensitive to 

CsrA, providing information not only suggesting what is a target, but also a rough 

hierarchy of which targets are most affected on a genome scale.  

Our TriFC experiment allowed us to identify 17 genes that we consider bonafide 

direct CsrA targets. Of these 17, five, glgC, nhaR, dps, proP and ucpA, had previous 

experimental evidence connecting them with E. coli CsrA. GlgC and nhaR are well 

studied in their relationship to CsrA and are already known as direct targets (44, 45, 60-
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62). Dps and proP, on the other hand, were associated with CsrA in only a single 

pulldown study (61). UcpA has been associated with CsrA in a single pulldown study 

plus in computational predictions. Six of the 17 genes, gstA, ybaL, evgA, gadB, ydhQ, 

and fdoH, were only predicted as CsrA targets in computational studies (53, 60), likely 

for the multiple strong CsrA binding sites contained in their 5’ UTRs. The current 

research significantly expands our knowledge of how CsrA impacts these nine targets. 

The remaining six, aidB, sdhA, yebE, sucC, glsA, and clpB, had not been, to our 

knowledge, previously suggested in the E. coli CsrA literature (38, 54, 56, 60, 61, 63). 

Our data suggests, in total, 17 new direct CsrA targets, which significantly enriches the 

pool of targets that have been tested for direct interaction with CsrA. 

One of the most interesting novel CsrA targets we identified was the succinate-

quinone oxidoreductase gene, sdhA. SdhA was consistently impacted by the Csr system 

in all our experiments, raising the question of how CsrA might be impacting this gene 

(Table 3.2). We discovered that some of its operon members have been previously 

associated with CsrA in E. coli (53, 56, 61, 167) and in Salmonella (46). In the process of 

reviewing these sources, we learned that the CsrA regulatory element for sdhA was 

contained within the 3’ end of the coding sequence of sdhD. This suggests a mechanism 

where CsrA, from a single binding site, may directly impact the translation of two 

proteins simultaneously via different mechanisms. This contrasts with previous examples 

of CsrA operonic control in which CsrA exhibits regulation by binding in the transcript’s 

5’ UTR (44, 55) or by binding in the intergenic region between two members of an 

operon (45). This has significant implications for identification of CsrA regulated genes, 

because crosslinking studies may miss regulated genes, and suggests a role for CsrA in 

fine tuning the expression ratios of different proteins from the same operon. 
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The dynamic nature of our study played an important role in our understanding of 

Csr system targets. This is especially relevant considering the large growth rate 

differences observed between the wild type strain and csrA::kan mutant. By sampling 

any single time point, our results may have attributable to physiological differences in the 

growth of the strains. However, with multiple observations after a stress, which directs 

cells to a similar physiological state, consistent differences in expression between the 

wild-type and Csr mutants had a higher probability of being true Csr-related differences. 

Second, imposing a carbon starvation stress revealed a pool of genes that are 

differentially affected by CsrA pre and post stress and impacted the classification of 20 

genes, leading to the identification of 1 novel CsrA target, sucC (Table 3.2, Material and 

Methods, Classification of CsrA impacted genes). The basis of stress-dependent 

differential response to CsrA regulation remains to be determined. Finally, the dynamics 

allow us to capture the important role of CsrB and CsrC in altering gene expression 

profiles when a stress causes growth arrest. In this work, we captured the impact of CsrB 

and CsrC on changing these expression profiles, demonstrating that CsrB and CsrC have 

a large impact on the protein levels of a variety of genes when cells cannot dilute CsrA 

concentration through cell division (154). These observations can have particular impact 

when adapting the Csr system to metabolic engineering applications or understanding 

how the Csr system contributes to bacterial colonization of nutrient poor environments. 

In addition to identifying new targets, we were also interested in identifying 

similar sequence features of these genes that may aid in future prediction of CsrA 

regulated genes. In addition to analyzing the sequence features of the 5’ UTRs of all 

classed genes, we derived an additional approximately 4300 5’ UTRs sequences (using 

annotations from RegulonDB and the E. coli genome (NCBI accession: CP014225.1)) to 

compare sequence features of classed genes to the entire genome (164). From this 
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analysis, we observed that class I and II genes have significantly more ANGGA motifs 

than the approximately 4300 non-classified genes. 81% of Class I genes have at least one 

ANGGA motif in their tested sequence, 71% for Class II, 57% for Class III, 46% for 

Class IV, 64% for Class V, and 51% for the remaining 4300 genes. This analysis agrees 

with previous findings that suggest ANGGAs are an effective way to identify CsrA 

repressed targets (53), with the caveat that an ANGGA motif search would have missed 2 

genes, dps and clpB, which we identified as CsrA targets in this study. As far as activated 

targets, when tested in the fluorescent reporter assay, most Class III/IV genes either did 

not work (no fluorescence above baseline) or were not impacted by the presence of CsrA. 

This might suggest that many of these genes were activated indirectly by CsrA in our 

‘omics studies, potentially explaining why the amount of ANGGA’s present in these 

groups is more similar to the genome average. However, we did observe CsrA increasing 

expression of MtlD (III), YtfQ (III), Pta (III), AroD (IV), PurM (IV), and UxuB (IV), 

suggesting that CsrA does have a limited role in direct upregulation of genes, as 

previously thought (56, 57, 59). Interestingly, of the class III genes, five of its seven 

members were identified as upregulated by CsrA in a recent work by Esquerre (56), 

which, in combination with the data in this paper, makes a convincing argument for 

further characterization of CsrA regulation of class III genes.  

Taken together, these findings have broad applicability to the study of gene 

regulatory networks. While the InFO approach was explicitly aimed at the CsrA post-

transcriptional regulator, it can be applied to many transcriptional regulators using ChIP-

seq or ChIP-exo (151) in place of the CsrA immunoprecipitation. This study 

demonstrates the basic design principle that integrating multiple streams of ‘omics data 

allows for strong conclusions even if a particular data stream is inherently noisy. The 

strength of combined data facilitated our study of the Csr regulon and provided new 
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avenues to research in order to better understand how CsrA regulates its targets. As the 

InFO method is applied to other regulatory systems and their targets, a more complete 

picture of the targets and effects of other regulators can be obtained, enabling detailed 

mapping of regulatory networks that contribute to important cellular phenotypes. 

3.4 METHODS 

Stress Experiment 

Single colonies of Escherichia coli strains CML 377, CML 378, and CML 379 were 

inoculated into 5 mL of Luria-Bertani (LB) broth (Becton Dickinson) and cultured at 37 

°C overnight. 330 µl of overnight culture was added to 33 mL of M9 plus a final 

concentration of 0.2% glucose and then cultured overnight at 37 °C, shaking at 200 rpm. 

Biological triplicates of a single strain were grown on the same day.  

The 33 mL culture was added to a Fernbach flask containing 1.65 liters of M9 plus 

0.2% glucose medium. We chose to perform the experiments in M9 minimal media because 

it has well defined growth properties and composition. Each culture was grown to an 

optical density at 600 nm (OD600) of 0.6. We noted that strain CML 379 takes about 10 

hours longer than CML 377 and CML 378 to reach OD 0.6. 

Once the cultures reached OD of 0.6, a carbon starvation stress was imposed by 

resuspending each culture in glucose free media and incubating these cultures at 37ºC (see 

Large scale sample collection). Cell samples were collected ten minutes prior to this stress 

and at 0, 30, 60, 180, and 300 minutes after the stress (t-10, t0, t30, t60, t180, t300). 

Large scale sample collection 

Samples were prepared at the t-10 time point as follows. Cells from 275 mL of 

culture was collected by centrifugation in 50 mL conical tubes at 4000 rpm (4 °C) for 8 

minutes, flash frozen on dry ice, and stored at -80 °C for further processing (100 mL for 
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mass spectroscopy, 40 mL for RNA-seq, 135 mL for crosslinking). For the t0 time point, 

275 mL of each culture was collected under the same conditions and resuspended in 50 mL 

of glucose-free M9, before a second centrifugation at 4000 rpm for 8 minutes and 

subsequent flash freezing.  

The remaining 1.1 L of every culture was divided equally into centrifuge bottles 

and centrifuged at 5000 rpm (25°C) for 10 minutes in a super-speed centrifuge (Thermo 

Sorvall RC 6 Plus). Cell pellets were resuspended in 12.5 mL glucose-free M9. 

Resuspensions were added separately to 4 one-liter flasks each containing 262.5 mL 

glucose-free M9, and were incubated at 37 °C. At each remaining time point (t30, t60, t180, 

t300), a flask containing 275 mL of culture was pelleted, flash frozen, and stored in the same 

manner as the t-10 sample for mass spec and transcriptomic analysis. 

Cell samples for mass spectrometry analysis were resuspended in 50 µl of TRIS-

HCl (pH 8.0), lysed, digested with trypsin, and cleaned up according to previously 

published protocols (Houser 2015). Prepared samples were sent to the University of Texas 

ICMB proteomics facility for LC-MS/MS analysis using a Dionex UPLC purification 

followed by tandem Mass spectrometry (Thermo Orbitrap Elite Mass Spec) similar to 

previously published protocols (Houser 2015). 

To prepare samples for RNA-seq, total RNA was isolated according to a previously 

published protocol (168) and concentrations were quantified using a NanoDrop (Thermo 

Scientific). 1 μg of purified RNA was treated with DNase I (RNase-free) (NEB) and 

repurified with a second total-RNA extraction. Purified samples were submitted to the 

University of Texas ICMB Genomic Sequencing and Analysis Facility (GSAF) for RNA 

library preparation and Next-Gen sequencing (Illumina NextSeq 500 platform). 

Crosslinking immunoprecipitation was used in combination with high-throughput 

sequencing (HITS-CLIP) to analyze the RNA bound to CsrA (169). A chromosomally-



 61 

encoded CsrA-FLAG fusion protein present in strain CML 377 was used to purify CsrA-

RNA complexes from the cell. Immediately after growing cells to an OD of 0.6, a 200 mL 

sample was taken from larger culture and crosslinked with formaldehyde (0.5% final 

concentration) and then processed according to a previously published protocol with three 

minor changes (170). First, samples were temporarily stored at -80 °C for later processing 

after crosslinking and glycine quenching rather than the post-centrifugation wash step as 

done in the published method. Second, samples were sonicated (Microson XL2000 

Ultrasonic Homogenizer) with four 5-second pulses as opposed to 40 half-second pulses. 

Finally, after total-RNA extraction and DNaseI digestion, samples were purified again with 

ethanol and sent to the UT GSAF facility for RNA library preparation and Next-Gen 

sequencing (Illumina NextSeq 500 platform). 

 

Northern and Western Blotting 

Northern and western blots were performed according to established techniques to 

determine if CsrA or CsrB responded to the carbon starvation stress (147, 168).  

Transcriptomics Analysis 

We obtained the resulting sequence files from the UT GSAF facility for 90 total-

RNA and HITS-CLIP of CsrA samples (Single End length-75). After using FastQC 

(Babraham Bioinformatics) to check for read quality, we determined that the sequences 

were of sufficient quality not to be trimmed. Using Bowtie 2.2.1, we aligned the 

sequences to the E. coli K-12 genome using end-to-end alignment, allowing for 1 

mismatch (171). The majority of the runs aligned more than 90% of the reads to the E. 

coli genome. However, two out of seventy two runs aligned poorly to the genome (<50% 

alignment). These were 2 of the 3 replicates for the total-RNA in the 300-minute time 
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point in the ΔcsrBΔcsrC mutant. As a result, these replicates were removed from the data 

analysis and we ignored the 300-minute time point in drawing conclusions about the 

relationship between the wild type and ΔcsrBΔcsrC strains. Successful alignments were 

converted to SAM files using SAMtools (172) and counts of total reads in a gene were 

calculated using HTseq count (173). We used the number of reads that aligned only once 

to the E. coli genome to normalize the data using RPKM normalization (174): 

 

 

where readsgeneX is the numbers of reads of gene X, lengthgeneX is the length of gene X in 

base pairs and readstotal is the number of reads aligned once to the genome in the run. For 

all three strains, triplicates of each time point were averaged and standard deviations were 

calculated.  

HITS-CLIP analysis 

RNA-seq data from the HITS-CLIP experiments were aligned and normalized as 

described in transcriptomics analysis.  HITS-CLIP data was obtained for only the wild 

type strain. Once normalized, we removed the rRNAs and tRNAs because rRNAs and 

tRNAs are not known to associate with CsrA and have been observed as contamination in 

previous pull down studies of CsrA (61). We then ordered the remaining RNAs according 

to abundance and assigned each gene a percentile according to the formula: 
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aligned transcripts.  Using this formula, transcripts with low percentile rank numbers 

were strongly associated with CsrA. Since we observed many RNAs pulled down at 

varying levels, we used well characterized CsrA targets (i.e. targets which have been 

footprinted with CsrA) as a metric for which genes were significant. We observed that 

vast majority of these well characterized targets (7 of 9) were in the top 35th percentile in 

at least two time points. As such, we noted all genes in the top 35th percentile in at least 

two points as “associated with CsrA”. Given the promiscuous nature of formaldehyde 

crosslinking, we do not believe everything in this category is a true CsrA target, but 

consider this categorization as corroborating evidence to be used in concert with other 

methods of determining potential direct CsrA targets.   

Proteomics Analysis 

After receiving raw files back from raw files University of Texas ICMB 

proteomics facility for each sample, we matched these spectral counts to the E. coli K-12 

genome using Proteome Discoverer. The results were filtered for high confidence 

peptides with 0.1 FDR. The 54 files were normalized by:  
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where ProteinXobserved is the number of unnormalized peptides observed with high 

confidence in the run, total_pepobserved is the total number of peptides observed in the run 

with high confidence, and 50,000 is an arbitrary scaling factor. Triplicates from each time 

point were averaged and standard deviations were calculated. These normalized protein 

runs allowed us to compare protein levels in the wild-type strain to the CsrA transposon 

mutant and ΔcsrBΔcsrC strains to classify genes. From all 54 runs we detected about 

3800 unique proteins showing at least one high confidence peptide in one run. About 
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1000 of these proteins were identified in all 54 samples, with 1780 proteins identified in 

at least 27 samples as analyzed by mass spectrometry. Proteins with less than 25 

normalized peptides detected were considered to have too little data to analyze.   

Classification of Csr system impacted genes 

Potential direct CsrA targets were classified on the basis of proteomics and 

transcriptomics data by means of a classification scheme. The basic premise of this 

classification was that true Csr system targets show statistically significant differences, as 

measured by standard deviation, in their gene expression levels.  Specifically, we 

considered a gene expression statistically different in the wild type as compared to a mutant 

strain if the standard deviation bars of the wild type and the mutant did not overlap. Proteins 

which were poorly detected were removed from the analysis, as described in the SI Material 

and Methods, and genes were grouped into five classes, as described below.  

Class I candidates  

Classified gene’s protein levels are statistically higher in the csrA::kan than in the 

wild type for at least 4 time points AND transcript levels are higher for at least 3 time 

points. 

Class II candidates  

Classified gene’s protein levels are statistically higher in the csrA::kan mutant than 

in the wild type strain for at least 4 time points. 

Class III candidates  

Classified gene’s protein levels are statistically lower in the csrA::kan mutant than 

in the wild type for at least 4 time points. Candidate transcript levels are also lower in 

csrA::kan mutant than in the wild type strain for at least 3 time points. 
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Class IV candidates 

Classified gene’s protein levels are statistically lower in the csrA::kan than in the 

wild type strain for at least 4 time points. 

Class V candidates 

Classified gene’s protein levels are statistically higher or lower in the ΔcsrBΔcsrC 

mutant than in the wild type for at least 4 time points. Classified gene’s transcript levels 

agree with the direction of the ΔcsrBΔcsrC mutant: wild type relationship at the protein 

level and have 3 statistically significant differences on the transcript level in the same 

direction as the protein. The classified gene does not have significant differences when 

compared to the csrA::kan mutant.  

Classifying pre-stress candidates 

We adopted the use of 4 statistically significant effects of Csr system components 

on a protein and 3 significant effects on the levels of a transcript as our standards for 

identifying CsrA- or CsrB/C-regulated genes. However, we also wanted to identify genes 

that only respond to Csr components pre- or post-stress. As a result of processing 4 post-

stress time points, post stress responders were detected in our initial evaluations.  However, 

we also wanted to identify pre-stress responders. We identified pre-stress responders by 

examining the mass spectrometry data at time points -10 and 0 minutes before stress and 

looking for statistically significant differences between the csrA::kan and the wild type that 

were present only at those two time points. We then binned the latter candidates with a pre-

stress designation. 

5’ UTR assays 

We performed fluorescent reporter translational assays to more directly determine 

if the 5’ UTRs of potential direct CsrA targets could mediate changes in gene expression 
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in response to CsrA. The mechanics of this assay are shown in Fig. 4. The 5’ untranslated 

region (UTR) reporter consisted of the 5’ UTR of the gene of interest and 100 nucleotides 

of the coding sequence (CDS) of the gene attached in frame to a GFP reporter (154). Given 

the amount of coding sequence included in this design, this method will have likely have 

lower success rates in studying membrane and secreted proteins. Design and construction 

of 5’ UTRs is described in SI Materials and Methods. 

UTR-GFP fusion plasmids (Table S4) were paired with a second plasmid, pHL600, 

which contained an inducible CsrA gene (Table S4). The two plasmids for this system 

were expressed in the CML 577 strain (Table S5) (154). Cells were grown overnight and 

inoculated into fresh LB media. These cells were grown at 37°C with agitation to an 

approximate OD600 of 0.3. At this time, half the samples were induced to express CsrA 

by adding IPTG to a final concentration of 0.1 mM. Fluorescence was measured 3 hours 

later by flow cytometry. Measurements were taken after 3 hours to limit visualization of 

indirect impacts of CsrA induction while allowing enough cell divisions to dilute otherwise 

stable GFP concentrations.  

To determine the relative amount of CsrA repression or activation, a ratio was of 

GFP reporter expression was calculated.  

  

 Constructs were tested in biological duplicate to verify the observed trends. To 

evaluate significance, we only counted as impacted by CsrA if [1] their average 

fluorescence was above background (>11 au), and [2] they appear significant using one 

tailed heteroscedastic student t-test (p-value < 0.05) (Figure S6). Although the experiments 

were performed in duplicate, our negative control fecA and a variety of other genes do not 

show significant changes in a t-test indicating that this analysis is capturing real trends. 
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Chapter 4 

Thermodynamic model of CsrA regulation has predictive power 

4.1 INTRODUCTION 

Global regulation is important for survival and adaptation to new and changing 

environments. These transitions required the rewiring of expression and simultaneous 

coordination of potentially hundreds of genes for a rapid and robust response. To elicit 

such a response, network genes have to contain, in essence, a cellular barcode that links 

them to regulator of interest. For transcription factors and RNA binding proteins, this 

barcode is often found in the form of a sequence motif found of the relevant target nucleic 

acid.  Even after a core sequence motif is discovered, significant effort is required to find 

the true extent of the network. This effort often results because the context of the motif is 

most often important (i.e. secondary structure, motif correctly positioned in a promoter or 

untranslated region, multiple binding sites for dimerization, etc). This challenge of context 

has important implications for the computational prediction of regulatory networks as 

models have either required significant experimental data or taken sweeping approaches 

that introduce many false predictions. 

Illustrating these points is the Carbon storage regulator (Csr) system from 

Escherichia coli (E. coli). This widely conserved bacterial global regulatory system (139), 

exhibits control on hundreds of genes through control of a simple RNA-based motif. In E. 

coli, three important components of the Csr system are CsrA, CsrB, and CsrC (39, 40, 44). 

The central regulatory component of the system, the CsrA protein, is an RNA binding 

protein capable of binding a large variety of mRNA targets and regulating their translation 

or RNA transcript stability (60). The small RNAs CsrB and CsrC antagonize CsrA by 
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binding to CsrA and occupying the binding pocket with which CsrA would otherwise bind 

its mRNA targets (44).  

The binding of CsrA to CsrB, CsrC, and its mRNA targets is facilitated by 

recognition of variants of a single motif GGA (48). This motif, first identified by its 

repetitive presence in CsrB, has been studied extensively. Variants of this motif have been 

identified as protected using RNA footprinting techniques for a number of the best 

described CsrA targets including but not limited to, glgC, pgaA, sdiA, cstA, and hfq (44, 

49, 55, 145, 146). In addition to footprinting assays, in vitro SELEX studies of synthetic 

RNAs designed to bind CsrA demonstrated the optimal sequence to be bound by CsrA and 

calculated the energetic penalties for different degeneracies of that sequence (48, 52). 

These SELEX and more recent studies established additional context for the GGA motif, 

specifically that CsrA often binds to ANGGA motifs and has strong binding to AAGGA 

motifs (46, 48, 50, 52). In addition, NMR studies of RsmE, a closely related homolog of 

CsrA in Pseudomonas aeruginosa, have physically captured the interactions between 

RsmE and a number of GGA based motifs and calculated the energy of binding to variant 

a multiple motif variants (47). Binding of this GGA motif has often associated in the 

literature with repression as this sequence motif is similar to the Shine Delgarno sequence 

and binding of CsrA can block access of the ribosome to the ribosome binding site (RBS) 

(53). 

Researchers quickly learned that the context of these motifs was important. For 

instance, early observations of CsrA binding to targets showed that CsrA predominantly 

bound to GGA motifs in the 5’ UTRs of transcripts (44, 55). SELEX and NMR data also 

suggested that having the core GGA motif in a hexaloop greatly increased the affinity of 

CsrA for binding over single stranded or other GGA hairpin structures (47, 52). In addition 

to these two observations, CsrA was also observed to dimerize and favored binding pairs 
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of GGA sites within a minimum distance of 10 nucleotides between them (52). 

Interestingly, several CsrA targets have been discovered which only contain a single GGA 

motif including the genes hfq and ycdT (49, 54). How CsrA preferentially binds these 

targets is not yet clear. Regardless, multiple factors play role in determining CsrA binding 

and affinity to a consensus GGA motif.  

Several experimental studies have been performed to measure the impact of CsrA 

on cellular pathways in E. coli. These studies identified genes impacted by the Csr system 

using CsrA pulldowns (46, 61), microarrays (54), proteomics (60), C13 flux analysis (152), 

transcriptomic analysis of mRNA degradation patterns (56). Recently, we also performed 

a large multi-omics study that identified and confirm many CsrA targets (175). Combined, 

these studies suggest that CsrA regulates 200-800 hundred genes in the cell under the 

conditions tested, though that estimate indicates a large degree of uncertainty given the 

difficulty of confirming if CsrA directly interacts with a given mRNA as opposed to the 

broad pleotropic and potentially indirect effects CsrA has on the cell. 

With the inherent challenges of predicting the CsrA regulatory network, several efforts 

have been made to computational predict targets of CsrA by searching the genome for 

GGA motif variants. The first attempt, to our knowledge, to find targets in this manner was 

performed by Mckee et al in 2012 (60). Their approach searched the genome for 3 

degenerate versions of the GGA motif found within about 25 nucleotide window of the 

translation initiation site for all E. coli genes. From this analysis, they suggested about 700 

genes as potential interacting partners with CsrA (60). An alternative approach was 

attempted by Kulkarni et al that was based on the total number of GGA motifs found in the 

UTRs of selected genes (53). Their predictions required multiple GGA sites to be present 

within the entire 5’ UTR and a small segment of the coding region within a distance that 

would promote cooperative binding to CsrA (10-60 nucleotides) to be predicted as a 
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possible target (53). With these constraints aimed at identifying a subset of targets that 

contain multiple binding sites for CsrA, they predicted approximately ~160 targets in E. 

coli (53). When comparing these two sets of predictions, we noticed that they varied widely 

in both the number and identity of the targets they predicted. Additionally, they identified 

potential CsrA targets, but they made no projections as to whether CsrA binding would 

result in translation repression.   

With these considerations in mind, we formulated a new model to identify CsrA 

targets that uses sequence information to generate a free energy based model to predict the 

affinity and the effect of CsrA binding to a specific mRNA target. A variety of free energy 

models have been developed to describe transcription factor binding to DNA (176-178), 

but less attention has been paid to post-transcriptional regulatory machinery. Beyond using 

a free energy model to predict CsrA binding, we use the predicted structures as a input into 

the RBS calculator platform to predict the impact of CsrA binding on translation rates 

(179). With these two model layers, we determine not only the structural impact of CsrA 

binding on a given mRNA, but also the resulting effects on translation. 

In this paper, we develop this CsrA binding model using a large set of experimental 

data on the CsrA association with 5’ UTRs. We then evaluate the impact of the context of 

potential binding sites by generating separate models for CsrA acting as a monomer and 

CsrA acting as a dimer and evaluate their accuracy when compared to our experimental 

datasets. These studies create repression predictions for a large number of CsrA targets 

provides an estimation for the affinity of CsrA to a potential targets. 
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4.2 RESULTS 

CsrA binding model 

Our goal was to design a minimal free energy model of CsrA binding from first 

principles. The model takes four basic steps to calculate the impact of CsrA binding on 

translation initiation of a transcript (Figure 4.1). These steps ultimately determine: A. 

multiple Minimum free energy (MFE) structures for the 5’ UTR with CsrA(s) bound and 

B. the translation initiation rates of given each of these structures.  

Figure 4.1. CsrA inhibition calculation uses four basic steps to calculate the impact of 

CsrA binding on translation. A) The model uses a position weight matrix, which assigns 

negative ΔG values to the nucleotides in the sequence AAGGA, to scan a 5’ UTR for 

potential CsrA binding sites and sorts all sites by their ΔG. B) The model calculates all 

possible pairs of CsrA binding sites and in some model iterations provides a bonus ΔG 

value for the potential of CsrA to dimerize when bound to two sites. C) A minimum free 

energy (MFE) structure for CsrA bound to each single site. The ΔG of each CsrA bound 

structure is compared to reference structure of the 5’ UTR completely unbound by CsrA 

to calculate a ΔΔG of CsrA binding. D) Each MFE structure is inputted into the RBS 

calculator to calculate the Translation Initiation Rate (TIR) of the Top 15 ΔG CsrA 

binding structures. After the TIR is calculated, an additional reduction of initiation rate is 

imposed if CsrA directly binds to the RBS footprint. 

In order to determine the impact of CsrA binding on transcripts, CsrA binding sites 

must be determined. These binding sites have largely been suggested to be on the 5’ UTRs 

of transcripts (55, 139), so we focused our search for CsrA motifs in the 5’ UTR (Methods, 

Defining 5’ UTRs for all transcripts). In bacteria, CsrA binding sites have been 

characterized in a number of papers as containing ANGGA motifs (48, 50, 52). 
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Specifically, Dubey et al performed a SELEX experiment defining the motif for E. coli 

CsrA and identifying changes in Kd that occurred when mutating each nucleotide in an 

AAGGA motif (48). From this experiment, we derived a position weight matrix (PWM) 

describing the ΔGCsrA_binding associated with changing each nucleotide in the motif 

(Methods, Development of model). 

The model starts by scanning the full sequence of a given UTR for five nucleotide 

sequences where CsrA is likely to bind. This likelihood is calculated by summing the ΔG 

contributions of each nucleotide in the 5-mer sequence and searching for 5 nucleotide 

sequences where the ΔGCsrA_binding<0. All sites, which met this criterion, were identified 

and sorted by their ΔGCsrA_binding.   

Since CsrA can bind to two binding sites on a transcript simultaneously (44, 146), 

the minimum free energies of all unique pairs of single CsrA sites were calculated by 

summing their ΔG’s of CsrA binding.  

   ΔGTotal_CsrA_Binding = ΔGCsrA_Binding_1 + ΔGCsrA_Binding_2 

Variants of this ΔGTotal_CsrA_Binding term to account for cooperativity of CsrA binding 

and hairpin formation are described in the methods (Methods, Development of Model). 

Once all possible combinations of CsrA binding singly or in pairs to a 5’ UTR had 

been identified, a minimum free energy structure was calculated for CsrA bound to each 

single and double site using ViennaRNA (180, 181).   The mRNA without CsrA binding 

was also calculated to determine the additional energy required, ΔΔGstructure_change, if any, 

for the mRNA to obtain a confirmation where CsrA can bind to the its target site: 

ΔΔGstructure_change = ΔGbound_structure – ΔGunbound  

With all these terms in place the total ΔG for the bound folded mRNA, 

ΔGBound_folded_RNA, can be determined by the summing the ΔG contribution from CsrA 
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binding (ΔGTotal_CsrA_Binding), the dimerization bonus (ΔGdimerization), and the ΔΔG for 

conformational changes (ΔΔGstructure_change). 

ΔGBound_folded_RNA= ΔGTotal_CsrA_Binding +ΔΔGstructure_change 

In addition to the ΔGBound_folded_RNA calculation, the results from ViennaRNA also 

outputted the traditional dot structure representation of each CsrA combination bound to 

the 5’ UTR.  

Once MFE structures were calculated for CsrA binding sites on each 5’ UTR, the 

top 15 CsrA single and double bound structures were inputted into the RBS calculator (182) 

to determine the translation initiation rate (TIR). In order to calculate the TIR, the calculator 

first determines the total change in energy (ΔGtotal) required for ribosome to bind to the 

mRNA of interest according to: 

  ΔGtotal = (ΔGmRNA:rRNA + ΔGstart + ΔGspacing  - ΔGstandby) – ΔGbound_folded_RNA  

Where ΔGbound_folded_RNA is the mRNA structure of interest as previously calculated 

from ViennaRNA and ΔGmRNA:rRNA , ΔGstart, ΔGspacing , and ΔGstandby, are ΔG terms 

described previously which account for mRNA binding to the ribosome (182). The rate of 

translation initiation (TIR) can then be obtained by use of a partition function relating the 

ΔGtotal to TIR: 

     TIR = e-(βΔGtotal)  

Where the Boltzman constant, β, was previous determined to be 0.45 ± 0.05 

mol/kcal in previous studies (182, 183).  

In addition to ΔGbound_folded_RNA factoring in CsrA binding an additional reduction 

to the translation rate was added to the model if CsrA was predicted to bind within the 

Shine Delgarno sequence (Methods, Model features): 

    TIRadj = TIR/e-βΔGtotal_CsrA_Binding 
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Where TIRadj is the adjusted Translation Initiation rate as impacted by CsrA 

binding. With this model structure, CsrA binding events that occur within the Shine 

Delgarno sequence result in a significant reduction of translation, but those outside of the 

footprinting can still result in lesser reduction of translation rates if the binding alters 

secondary structure of the 5’ UTR to partially occlude ribosome binding. It is also possible 

to predict that CsrA binds to a transcript, but fails to contribute to the initiation of 

translation or that the structure that RNA takes when CsrA binds could contribute to 

altering the translation initiation rate. Effectively, this model predicts an ensemble of 

potential CsrA-binding site interactions and calculates which binding events are most likely 

to affect translation. 

238 Translational fusion constructs show a range of responses to CsrA 

After formulating this model using first principles from previous knowledge of 

CsrA interactions, created a pool of 5’ UTRs to test the ability of the model to predict 

repression mediated by CsrA. We made this pool with two goals in mind, [1] to evaluate 

the impact of a variety of terms in the model on predicting the CsrA repression and [2] to 

test these 5’ UTR in an experimental system and confirm their behaviors.  

In order to test the predictive capabilities of the model, we selected about 250 5’ 

UTRs many of which had been associated with CsrA from several different sources. About 

100 of these UTRs, we identified previously as CsrA impacted genes from omics data and 

tested and observed CsrA regulation (175). In addition to these 100, we selected 70 genes 

which contained multiple GGAs sites in their 5’ UTR region and 70 genes which had been 

suggested to interact with CsrA from previous experimental literature (Methods, Defining 

5’ UTRs for all transcripts). We also selected approximately 10 genes that had no previous 

relationship to CsrA. By using genes associated with CsrA through omics, sequence motifs, 
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and previous literature, we evaluated the ability of the model to predict CsrA targets that 

were suggested from a variety of different types of studies. For these 5’ UTRs we tested 

their behavior experimentally for those UTRs not tested previously (175) and then 

simulated the effects of CsrA on these targets using the model we developed. 

Figure 4.2. Translational fusion experiment determines 25 genes whose expression is 

repressed in the presence of CsrA. (A) Schematic of the 5’ UTR assay to determine the 

response of genes to CsrA. The assay depends on a two plasmid system, one which 

contains a Lac inducible CsrA and the other which expresses the 5’ UTR of interest. The 

assay compares two conditions, 5’ UTR-GFP mRNA fluorescence when CsrA is present 

(induced condition) and when CsrA is absent, to determine the regulatory relationship of 

CsrA to the target 5’ UTR. When the induced fluorescence is less than the uninduced, 

CsrA represses translation of the target. When the induced fluorescence is greater than 

the uninduced, CsrA activates translation of the target. (B) Number of genes which 

display statistically significant differences using a student t-test (p<0.1) either repressed, 

activated, not impacted by CsrA, or display too little fluorescence to determine.  



 76 

The experimental system to test for CsrA regulation was based on the 

understanding that CsrA typically binds to the 5’ UTR or near the initiation of translation 

of target genes in order to alter the translation or transcript stability (139). Therefore, by 

fusing the 5’ UTR of a gene to GFP and observing GFP expression in the presence or 

absence of CsrA the impact of CsrA can be calculated (Figure 4.2A). To confirm that the 

assay is sensitive to CsrA, the glgC 5’ UTR (known to interact with CsrA) and the fecA 5’ 

UTR (no known interaction with CsrA) were established as controls in another work (175). 

This assay provided an ideal tool to determine genes that are impacted by CsrA regulation. 

In total, we tested 87 new 5’ UTRs and observed a wide range of responses to CsrA, 

including repression, activation, and no response to CsrA induction (Figure 4.2B). For each 

5’ UTR construct we gather duplicate measurements of the fluorescence after 3 hours under 

two conditions when CsrA was induced and when it was not. We determined if CsrA had 

an impact on the genes tested by performing a t-test comparing the induced and uninduced 

conditions to see if the populations were statistically different. For genes that showed 

differential fluorescence to CsrA, we calculated the amount of CsrA repression for a target 

as the ratio of observed fluorescence with CsrA expression uninduced to the fluorescence 

observed with CsrA induced. For these test conditions, the maximum rate of repression is 

between 8-32, since cell division is the primary mechanism that the fluorescence signal is 

diluted, and we observed between 3-5 doublings of cells over the course of the induction. 

Of the 87 genes tested 18 targets were repressed in relation to CsrA expression. When 

considered with our previous observations we identified a pool of 75 repressed genes, 57 

non-impacted genes, and 17 activated genes. Since the model was primarily designed to 

calculate translational repression, for the purposes of comparison to the model we lumped 

non-impact and activated genes into a single category of genes not repressed. Importantly, 

we observe a wide range of repression strengths among these potential targets of CsrA, 
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suggesting that regulation by CsrA is more complex than a binary repressed-not repressed 

relationship. More specifically, these findings suggest that CsrA is capable of modulating 

the expression of mRNA targets by either partially altering the translation initiation rate or 

by only partially binding the total number of mRNA targets.  

Model favorably captures CsrA-bound translation rates for 238 5’ UTRs when 

compared to experimental data 

Since a significant amount is known about CsrA binding to mRNAs we wanted to 

consider how adding more mechanistic detail to the model would improve the accuracy of 

our projections. In simplest form, we can predict CsrA binding to a single site on the mRNA 

as has been described previously in some cases (49). One layer of additional detail to 

examine is that CsrA has also been observed to bind to two sites on the same mRNA (44, 

55). A second detail is that these two site binding events have been shown to be cooperative 

at close distances (52). A third layer of detail is that CsrA binds with higher affinity to 

GGA binding motifs contained within hairpin stem loops (50-52). As a final layer of detail, 

since mRNAs can be present in multiple structural conformations, observed CsrA 

repression is actually a composite of the results of CsrA regulation on all mRNA structural 

confirmations present in a cell at a given time.   

Therefore, we were interested in understanding the impact of these details in the 

accuracy of prediction so we generate model variations that [1] calculated CsrA binding to 

one or two binding sites, [2] penalized CsrA events outside of hairpin or did not, and [3] 

accounted for CsrA impacts on the top structure or the ensemble of top three most stable 

structures. For two sites models only was also considered [4] a cooperativity bonus for sites 

that were close together (Methods, Development of Model). We hoped to evaluate which 

of these CsrA mechanistic features were more or less important for correctly identifying 
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CsrA targets. With these considerations in mind, we generated 10 model variants 

containing combinations of these 4 features to evaluate (Figure 4.3).  

We used the 10 models to predict TIRs for the 238 5’ UTRs. Initially, we examined 

the models for their ability to capture CsrA repression. One promising sign was that all our 

models predicted at least 40% (and some as high as 70%) of the UTRs to be repressed by 

the presence of CsrA. We expected this given that most of the 238 sequences we were 

testing had already been linked to the CsrA system in some way. Another positive sign that 

models was working was that we observed many predictions of CsrA binding to ANGGA 

sites, e.g. evgA, (Figure 4.4A), to the Shine Delgarno sequence e.g. ldcC (Figure 4.4B), 

and to sites observed experimentally in CsrA footprinting assays e.g. hfq (49) (Figure 

4.4C). We also observed that RNA structure made a significant difference in which sites 

CsrA was predicted to bind. Although a variety of tested UTRs contained strong CsrA 

binding sites some were predicted to be sequestered in secondary structure. The energetic 

cost for reconfiguring secondary structure to make CsrA binding sites available (ΔΔGmRNA) 

was at times substantial. For instance, the clpB 5’ UTR contains reasonably strong 

GAGGA potential binding, but access to this is blocked by very stable secondary structure 

resulting in predictions of CsrA binding to weaker but more available sites (Figure 4.4D). 

We also observed favorable structures for CsrA binding such as hairpin loop containing a 

CsrA binding site (e.g. PckA, Figure 4.4E). 
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Figure 4.3. Schematics of the ten model variants compared in this study. This figure 

illustrates the number of MFE structures considered in each model variant, how many 

CsrA are allowed to bind to the structure, and any penalties or bonuses included in 

ΔGTotal_CsrA_Binding term. The dimerization model only includes two variants because it 

requires CsrA binding to two sites.  
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Figure 4.4. Examples of CsrA-target predictions from a predictive model of CsrA binding 

including dimerization. Examples of genes where (A) the target gene EvgA contains the 

consensus binding site, (B) CsrA is predicted to bind within the RBS footprinting of the 

gene, (C) CsrA binding site agrees with classical footprinting data, (D) strong secondary 

structure, as indicated by positive ΔΔG, makes a strong CsrA site unlikely to be available 

for binding. (E) CsrA binding site predicted to be contained within a hexamer loop 

hairpin structure. (F) Pie chart illustrating the accuracy and predictive power of the 

dimerization model of CsrA binding for predicting 138 CsrA targets. Calculations for 

positive predictive value (ppv), negative predictive value (npv), and accuracy are 

indicated in the Methods. 

Once we determined that all models captured some examples of CsrA regulation 

we compared our models to find which was most accurate in predicting our experimental 

data. One of the first observations we made was that the predicted rate of repression for all 

models was much greater than what is detectable in our experimental assay. Since the 
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quantitative correlation between our models was not strong, we performed a qualitatively 

comparison of what repression is between our models and data (Methods, Qualitative 

Comparison). Once we established qualitative metrics for repressed genes in the model and 

our experiments, we calculated the number of genes for which the model Correctly 

Predicted Inhibition (True Positives), Incorrectly Predicted Inhibition (False Positives), 

Incorrectly Predicted No effect (False negatives) and Correctly Predicted No effect (True 

negatives) for each model type.  

One observation that clearly stood out from this data was that predictions where 

CsrA was allowed to bind to two sites simultaneously greatly increased the percentage of 

targets that were correctly predicted as repressed. We also observed that Vienna RNA 

rarely predicted CsrA binding sites within hexaloop or pentaloop hairpins which are 

structures traditionally associated with CsrA binding (48, 50). As result, when we imposed 

a hairpin penalty on ΔGTotal_CsrA_Binding for CsrA binding sites outside of hairpins the penalty 

had very little effect on the structure predicted (Table 4.1). 

 Top Structure 15 structure Ensemble 

  Single  Double Single  Double 

Dimerization 3 8 59 111 

"No Hairpin" penalty 4 6 77 108 

No adjustments 3 3 59 108 

Table 4.1 Number of structures containing a CsrA binding site within a pentamer or 

hexamer loop hairpin for each model variation. 

Consequently, the models with penalties for lacking GGA hairpin structures behaved 

similarly to the model with no adjustments in most circumstances. We also observed that 

the highest positive predictive value (ppv) was obtained from the model which allowed 

CsrA to bind to two sites, gave a bonus for dimerization, and considered only the 

ΔGbound_folded_RNA top structure (Figure 4.4F). This result suggested that of our four factors 
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CsrA binding to two sites rather one was the primary factor that increased accuracy of the 

model. Encouraged this high positive predictive value, we decided to perform the 

remainder of our analyses using this two site dimerization model (Figure 4.3 Model #9). 

Once we established a model that had predictive power, considered ways to 

improve its predictive capabilities. Given that this model has two distinct parts, one 

predicting translation initiation rates and the other predicting CsrA affinity and binding 

sites, we wanted to investigate if the predicted putative strength of the CsrA interaction 

was related to the specificity of the prediction. This was based on the premise that the top 

ΔGbound_folded_RNA structure would be heavily dependent on the ΔGtotal_CsrA_binding which in 

our dimerization model was defined by the ΔG of CsrA binding to each of two sites plus 

the dimerization bonus term. As such the ΔGtotal_CsrA_binding is strongly dependent on the 

position weight matrix and the lowest values come from aligning with the input AAGGA 

sequence. Therefore, the ΔGtotal_CsrA_binding is a rough quantitative proxy for the amount of 

degeneracy a site has from the input motif. With this in mind, we considered that the 

predictions might be more accurate for lower ΔGtotal_CsrA_binding that were more similar to 

input SELEX sequence. To consider this hypothesis, we calculated the cumulative 

distribution of Correctly Predicted Inhibition (True Positives), Incorrectly Predicted 

Inhibition (False Positives), Incorrectly Predicted No effect (False negatives) and Correctly 

Predicted No effect (True negatives) across a range of ΔGbound_folded_RNA from -30 to -15 

(RT units). We discovered that the model maximized its predictive accuracy at a 

ΔGbound_folded_RNA of approximately -22.5. This increases the models accuracy to 0.80, 

suggested that when the binding sites is very similar to input sequence the model is very 

accurate at predicting the results of our experiments.  
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4.3 DISCUSSION 

In this work, we develop a MFE model of CsrA translation that predicts whether 

CsrA binding will repress target translation. We consider a number of model permutations 

including having one or two CsrA binding sites, using a single or an ensemble of free 

energy structures, and modifying the ΔGTotal_CsrA_binding to account for potential dimerization 

of CsrA binding sites and the importance of hairpin structures for CsrA binding (Figure 

4.1). Using experimental results from 238 5’ UTRs tested experimentally for CsrA 

interaction, we demonstrate that many of our model permutations have predictive power 

and identify the CsrA double site model with dimerization bonus as a particularly strong 

model (Figure 3F).  

One of the noticeable differences between this study and current literature is that 

we predicted a range of sequences to which CsrA could bind, with only about 25% of all 

sequences containing a GGA in the last three positions of the 5mer. This represents a 

significant departure from recent literature which has focused heavily on the GGA motif 

(47, 48, 50, 52, 73, 184, 185). However, this is not without precedent, though, as some 

alternative non-GGA CsrA binding sites have been suggested previously (53), and the 

variation in the GGA motif and the surrounding context is likely an important understudied 

piece in understanding Csr regulation.  

Importantly, the model expands our knowledge of which targets will be repressed. 

While it has long been acknowledged that CsrA would impact the 5’ UTR of region of 

transcripts (41, 46, 55), modeling has not as of yet tried to predict which CsrA binding 

events will actually cause repression and in what relative amounts. We acknowledge that 

the model puts a significant emphasis of CsrA binding events that occur in the RBS region 

and we wanted to evaluate how important binding to this region may be. To evaluate more 

deeply the importance of CsrA binding to the RBS region we plotted the location of 
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ANGGA sites (relative to the start codon) within all 4519 5’ UTR sequences upstream of 

genes in E. coli (Figure 4.5A). We observed two striking features. First, there is a very 

large cluster of ANGGA sites around the Shine Delgarno sequence. This was expected 

given the consensus AGGAGG Shine Delgarno sequence is very similar to the ANGGA 

motif. Second, there are a large amount of ANGGA motifs, specifically ATGGA motifs, 

at the start codon of genes. The high presence of ATGGA’s at the start codon is not also 

unexpected in theory assuming the vast majority of genes start with ATG and equal 

representation of all 64 codons about 300 genes would start with the sequence ATGGAN. 

Comparing this profile of ANGGA sites to our model, we also strongly observe these 

features suggesting the models accuracy at least coarsely captures these important sequence 

features (Figure 4.5B). 

Figure 4.5 Genome wide locational study of CsrA binding suggests two binding hot 

spots. (A) Histogram indicating the position of ANGGA motifs of all 4519 designed 5’ 

UTRs as measured distance from the AUG start codon. (B) Histogram indicating the start 

position of all CsrA sites for their top MFE structure in the dimerization model also 

measured as a distance from the first nucleotide in the AUG start codon. 
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Having a high number of CsrA sites at the Shine Delgarno sequence and the start 

codon has important implications for CsrA regulation and generally for cellular 

physiology. For instance, since the RBS and start codon contain such a high density of 

CsrA binding sites, it would be really important to understand the ability of CsrA to bind 

two sites at a distance of about 10 nucleotides apart. To further emphasize this importance, 

the dimerization model predicts that CsrA will bind to both the Shine Delgarno and the 

Ribosome Binding Site simultaneously in 11.76% of the top ΔGBound_folded_ENA structures 

of the 239 mRNAs. Previous literature has shown that CsrA has some ability to sites 

approximately 10 nucleotides apart although distances longer than this appear to be more 

favorable for CsrA binding (52, 53). Whether or not CsrAs can occupy binding sites on 

both the Shine Delgarno and the start codon simultaneously may have a profound role on 

CsrA regulation for a whole subset of genes. Also, if CsrA can tolerate even a little 

degeneracy in the last A of the ANGGA motif, the pool of genes with AUGGN motifs is 

potentially 25% of all E. coli genes, which makes the regulation of whether CsrA can bind 

to the start codon an important issue. The prevalence of AUGGA sequences as a result of 

start codons may also contribute to why this sequence was the most common motif UV-

crosslinked to CsrA in Salmonella (46). 

 As this model of CsrA binding continues to be used and developed, we believe it 

will provide other valuable insights about CsrA regulation. One important factor to 

consider about the models described is this work is that they were largely derived from first 

principles and assumptions about how CsrA binds from previous literature (47, 52). In fact, 

the only piece of data used empirically in the model was derived from a limited number of 

mutations in a SELEX experiment (48). As such there are many opportunities to improve 

the model by performing a more thorough mutational SELEX study of the CsrA binding 

motif and its surrounding context to fill out the position weight matrix accurately. These 
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things considered though, the fact that the model has predictive power only a minimal 

amount of input suggests that similar models of regulators could be generated and analyzed 

in a similar manner. We envision that the model principles described could not only be 

valuable for protein-based RNA regulator in other organisms, but also sRNAs that may 

bind and affect translation. Overall, we anticipate that this work we provide a generalizable 

strategy for modeling translation regulation in a variety of contexts. 

4.4 METHODS 

Development of model 

The model had two core components to study CsrA regulation: [1] calculation of 

the Minimal Free energies structures of an RNA with and without CsrA bound and [2] 

using the MFE structures as an input into the RBS calculator to calculate translation 

initiation rate.  

The basis of the model for CsrA-RNA interaction at a single site considers two 

main factors that contribute to the CsrA-mRNA protein interaction, the individual 

nucleotide contribution to CsrA recognition and the availability of the sequence to interact 

with CsrA based on secondary structure. In our model, we assign a thermodynamic value 

for the contribution of each nucleotide in the AAGGA consensus motif using a position 

weight matrix calculated from SELEX data. 
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It is important to note that the data only contains one mutation of the AAGGA motif 

allowing only for calculation of the Gibb’s free energy contributions of AAGGA and not 

other nucleotides. While PWM matrices have been used previously for the identification 

of CsrA targets (49, 73, 146, 185), we expand their use to large scale target prediction and 

repression calculations.  

Modifications to ΔGTotal_CsrA_Binding 

As suggested in literature, we also considered two additional features that affect 

CsrA binding cooperative binding and hairpin formation (50, 51). We, therefore designed 

a couple model variants to address these features. 

To account for the potential cooperativity between CsrA binding events, an energy bonus 

was added to the model. Previous research has indicated that dimerization often occurs 

between nucleotides between 10 to 50 nucleotides apart (52), we added a ΔGCooperativity term 

to the model which provided an additional ΔG bonus for GGA sites 6-50 nucleotides apart: 

   ΔGCooperativity = 0.001d2 + 0.05d – 5.0 

   Where Distance ≤ 5, Steric penalty of ΔG = 20 

ΔGTotal_CsrA_Binding = ΔGCsrA_binding_1 + ΔGCsrA_binding_2 + ΔGCooperativity 

Where d is the nucleotide distance between the two sites. Representing 

cooperativity in this way provides a diminishing cooperativity bonus for sites up to 50 

nucleotides apart and approximates the inter-site distance observed experimentally to allow 

strong CsrA binding (52). 

Separately, we also added a second adjustment to ΔGTotal_CsrA_binding by specifying 

that CsrA had to be bound in a hairpin structure with at least 1 set of paired nucleotides 

flanking the CsrA 5mer motif. This accounts for the observation that CsrA binds better to 
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GGA motifs within hairpins (47, 48). These two modifications were incorporated into the 

ΔGTotal_CsrA_Binding term as follows: 

  ΔGTotal_CsrA_Binding = ΔGCsrA_binding_1 + ΔGCsrA_binding_2 + ΔGhairpin penalty 

Where the hairpin penalty is equal 4 kcal/mol which approximates the affinity loss 

described in previous works when binding to an unstructured CsrA binding motif (47). 

We evaluate the model both including and excluding the cooperativity and hairpin terms 

to determine the importance of these terms for CsrA-induced repression. 

Minimum Free energy structures predicted by Vienna RNA 

Once ΔGTotal_CsrA_Binding was calculated for all possible CsrA binding sites, 

minimum free energy structures for all sequences were calculated using RNAfold in 

ViennaRNA. The program was run using the ΔGTotal_CsrA_Binding as an input, and the location 

of the CsrA binding site as a constraint, with the following other settings, RNA_model = 

RNA37, dangles = None, temp = 37.0, RT = 0.616. The calculation is performed with the 

constraint that the entire 5-mer CsrA binding site must be single stranded for binding. 

These calculations produced one MFE structure for all potential CsrA binding sites 

variations. The MFE structure and ΔGunbound_structure for the UTR sequence without CsrA 

binding was also calculated and then subtracted from the ΔGbound_structure for each structure, 

producing a ΔΔGStrucuture_Change.  

Calculations of CsrA repression levels 

The 15 single site and 15 double sites structural predictions with the lowest 

ΔGBound_Folded_RNA were inputted into the RBS calculator (74). The RBS calculator 

generates a prediction of the total ΔG for ribosome binding. 

ΔGtotal = (ΔGmRNA:rRNA + ΔGstart + ΔGspacing  - ΔGstandby) – ΔGbound_folded_RNA  
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Where CsrA binding impacts the ΔGbound_folded_RNA term. The ΔGTotal of ribosome 

binding was also calculated for the unbound structure to ultimately providing both a 

Translation Initiation Rate indicating both basal level and CsrA bound levels of expression.   

As an additionally reduction of TIR beyond that imposed by structural changes 

from CsrA binding, if CsrA binding occurring in the RBS footprint (defined somehow), 

the calculated TIR was divided a function representing the steric repression of the RBS by 

CsrA (e-βΔGtotal_CsrA_Binding) which greatly reduced predicted translation rate. This is justified 

as CsrA binding directly to the RBS region would significantly hinder ribosome 

recognition and translation. 

Metric for evaluation predictions of CsrA targets 

To establish a metric for what constituted CsrA repression in our data, we 

considered two key ideas the magnitude of repression and which structures in the ensemble 

were repressed. Concerning magnitude of repression, we observed that almost all structures 

that were repressed very strongly suggesting that repression had more of a binary 

relationship. Therefore, we considered all structures whose bound/basal ratio > 1 to be 

repressed.  

We also evaluated whether repression of a gene should be determined from the top 

predicted ΔGbound_folded_RNA or whether we included other structures from the ensemble of 

15 structures predicted. Based on thermodynamic theory, we assumed that predicted 

binding sites with a ΔG greater within 1.2 RT units of the lowest energy structure would 

not significantly contribute to the structure ensemble. With this in mind, we observed that 

by the 4th lowest energy member of the ensemble, the average UTR predicted was more 

than 1.2 RT units from the lowest energy structure suggesting that most of the ensemble 

structures are likely not present in the cell at physiologically relevant concentrations. As 
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such we evaluated each of the model variants in separate runs using the top structure only 

to evaluate repression, and using an average repression of the top 3 structures in the 

ensemble. The average repression of the ensemble assumes that if any of the top 3 

structures show repression the target will appear repressed.  

We used three metrics to evaluate the performance of the model, positive predictive 

value (ppv), negative predictive value (npv), and accuracy (acc): 

 

 

 

Where true positives are genes which are predicted repressed and experimentally 

repressed, true negatives are genes predicted to be not repressed and were experimentally 

not repressed, false negatives are genes where model incorrectly predicts no repression, 

and false positives are genes where the model incorrectly predicts repression when none is 

observed. 

5’ UTR translational fusion assay 

The first step testing candidates in the 5’ UTR assay was to designate the length of 

the UTR to be tested. We used Regulondb (164) to identify the shortest annotated UTR 

associated with each gene in the E. coli genome (NCBI accession: NZ_CP014225.1). 
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regulatory elements in the UTR. For genes that have no annotated 5’UTR and that appear 

inside of an operon, we chose a 100 nucleotide sequence preceding the translation initiation 
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operons (45). The same UTR design principles were used for all 4519 5’ UTRs sequences 

predicted computationally for consistency between experiments and predictions.  

Once designed, the 5’ UTR constructs were added to pHL 1756 between the SalI 

and SphI sites on the plasmid to generate an in frame fusion of the 5’ UTR plus coding 

sequence of the gene to GFP. The assay conditions for the 5’ UTR assay are described in 

another publication currently in review (175). In brief, once designed and constructed these 

UTR-GFP plasmids were transformed into a strain (HL 4142) described in previously 

published research, modified E. coli MG1655 K-12 cells containing 

ΔcsrABCDΔpgaAΔglgCAP deletions and IacIq added to the chromosome (154). Biological 

quadruplicates were grown to exponential phase (OD 0.3) and then two of four samples 

were induced with IPTG to stimulate CsrA expression and then grown for 3 additional 

hours after which green fluorescence was measured in a BD Facscalibur. 

After gathering the data, means of the fluorescence peaks for induced and uninduced 

samples were calculated and the fold change from uninduced to the induced was 

determined by dividing the mean uninduced fluorescence value by the mean induced 

fluorescence value. To determine if induced and uninduced populations were statistically 

different a student t-test was performed comparing the two induced and two uninduced 

samples and significance was established using a p-value < 0.1, although the majority of 

samples had a p-value < 0.05. To evaluate our model with this data, it is necessary to 

assume that any gene that displays statistically significant repression in the 5’UTR assay 

is directly interacting with CsrA. While we acknowledge that this not always accurate 

should be accurate enough. 

While we acknowledge that testing these samples in duplicates increasing the 

chances of inaccurate observations, several observations support the claim that these 

observations are real observations. First, many of the shifts were consistent across 
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duplicates indicating that the trend was observable from different biological duplicates. 

Second, our negative control UTR, fecA, established previously to not be impacted by 

CsrA (175), shows very little shift in response to CsrA induction (1.09x) this and other 

tested genes such as pflB, lpxC and yeaH also minimal shifts in response to the presence 

of CsrA. Given this result, it is likely that the large shifts in fluorescence for certain genes 

are the result of CsrA interaction rather than generally physiological changes that occur in 

response to CsrA expression. 
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Chapter 5 

Conclusion and Perspectives 

In this dissertation, I describe my efforts to study dynamic cellular regulation and 

discuss how principles learned from these regulators can be applied to metabolic 

engineering. From each of my projects, I have discovered principles that will be of value 

to the larger scientific community. 

To study dynamic regulation as an alternative strategy for metabolic engineering, I 

performed a study of dynamic pathway control using E. coli glycolysis, gluconeogenesis, 

and pentose phosphate pathway in silico. Enzymes critical to the production of 

phosphoenolpyruvate were determined using a sensitivity analysis. Then the levels of these 

enzymes were optimized dynamically using periodic forcing functions. From this 

optimization, it was determined that the PEP levels could be raised by 1.86 fold from the 

dynamic control of three enzymes. These studies demonstrated that dynamic control of 

metabolic systems could be an effective metabolic engineering tool.  

Since publishing this findings (76), additional engineering projects have used 

dynamic metabolic engineering principles to improve metabolite production (13, 186). To 

facilitate the use of dynamic engineering on a larger scale, several improvements to 

dynamic biological circuits should be explored.  One is development of a variety of 

titratable inducers that respond to inexpensive stimuli such as light, increased temperature, 

or common small molecules (4). Another is the development of biological circuits that have 

quick response times to activate and to reset when turned off as some biological circuits 

can never be reset after they are turned on and others take a significant amount of time to 

reset after deactivation (4). To obtain more control over response times, circuits which 

contain sRNAs or metabolites may improve response times as they naturally have quicker 
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responses to environmental changes than proteins or other cellular components. Therefore, 

further research into using these sRNA and metabolite components in dynamic circuits is 

a promising area of future study.  

I also examined how to best profile regulatory systems as a preparatory step for 

their use in metabolic engineering. Specifically, I studied sRNA-protein regulatory system 

using the Csr system as a case study. I used a combination of proteomics, transcriptomics, 

and CsrA immunoprecipitations dynamically to determine potential direct targets of the 

Csr system.  I identified over 225 genes that were impacted by the Csr system and grouped 

them into different classes based on their behavior in the omics data. Using follow up 

assays we identified over 90 genes that respond to Csr system regulation.  This strategy led 

to a generalizable pipeline to decipher a global regulatory system and determine its key 

targets. This study can be applied to other RNA-protein based regulators and demonstrates 

the value of dynamic multi-omics studies to characterize regulatory systems.  

This research presents many opportunities for further follow up studies including 

examining Csr system physiology more deeply and to refine the use of ‘omics techniques 

to characterize regulatory systems. Given its role in both pathogenesis and energy 

homeostasis in many bacterial species, the system itself is worthy of further study (37, 187-

189).  The ‘omics studies that we performed provide opportunities to further study the 

timing of factors that impact which genes are in the CsrA target pool over time.  

Additionally, the five classes of genes I identified should be more detail. Specifically, the 

Csr system is known to impact mRNAs by a variety of mechanisms, it possible that 

different classes in our data represent different mechanisms of Csr system control. Such a 

study would provide insights into how to use ‘omics data to infer mechanistic information. 

Finally, these studies on the Csr system reveals a few targets that were potentially 

upregulated by CsrA including mtlD, and ytfQ. Since upregulation is a rare result of CsrA 
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regulation and I recommend further studies of these upregulated genes to confirm that they 

are upregulated by CsrA and determine the mechanism of action. This knowledge would 

be especially useful to use these and other characterized 5’ UTRs as modular parts for 

metabolic engineering.  

A related opportunity to expand this research is to study of metabolic outcomes of 

Csr regulation. While these studies examined the impact of CsrA on proteins and 

transcripts, alterations of the Csr system are known to impact metabolite pools (60, 63). 

Therefore, the 5’ UTRs and CsrA interactions identified in my research should serve as 

tools to alter metabolite levels. This future application of my work highlight a more general 

problem with characterizing metabolites, more tools need to be developed for high 

throughput screening variants for a metabolite of interest, as very few metabolites can be 

screened on a large scale for better production mutants (190).   

In an attempt to use the data that we generated for prediction, the last part of my 

PhD was focused on model developed. Specifically, we generated a thermodynamic model 

that captured the results of our experiments on the Csr system. This model was derived 

largely from first principles and the results of a single SELEX experiment (48) and then 

compared to a large experimental dataset we collected using a fluorescence reporter 

system. A number of model variations were explored that account for experimental 

observations about CsrA (e.g. CsrA binds RNA-hairpins). The strongest model variant was 

predictive with 66% accuracy not only of which genes would interact with CsrA, but also 

if the interaction with CsrA would cause repression. To our knowledge, a thermodynamic 

model describing the effects of an RNA-protein post-transcriptional regulator on 

translation has not previously been described in literature.  

This thermodynamic model also provides opportunities for further research and 

improvement. If enriched with experimental data, this model could be highly predictive of 
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Csr behavior and morph from a qualitative description of CsrA repression to a quantitative 

one. The model could also be used to predict CsrA repression genome wide and gain insight 

into how many genes in theory we would expect CsrA to repress. 

The research contained in my dissertation is tied together by the effort to use 

experiments and computational modeling synergistically to draw meaningful conclusions 

about biological systems. The integration of modeling and experimental data is an 

important and evolving frontier for the system’s biology community. As such, I envision 

that this research applies to larger questions than the questions about the Csr system or 

bacteria. My work by investigating how to integrate multiple ‘omics data how to model 

these data, has explored questions that many other researchers are actively exploring (132, 

191). I expect in that in a small way, my research can be applied to larger goals of being 

able to capture cellular processes on multiple levels experimentally and to ultimately use 

those experiments to guide modeling and prediction.  
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Appendix  

APPENDIX A. PERSPECTIVE ON OMICS  

*Work in Appendix A published in (3). SS authored significant portions of the document 

and led the revisions. 

Two important questions that arise from genome-wide engineering approaches are: 

how can we systematically search the genome for targets that do something we care about; 

and, how do we achieve predictable system-wide tunability of gene expression? As part of 

these answers, systems biology approaches have most recently turned to cellular regulators. 

Already, the combination of systems-wide experimental approaches and 

mathematical modeling has allowed new ways of thinking about controlling and optimizing 

large-scale gene expression. In particular, the use of modeling tools supports the central 

vision of large scale genome engineering: that optimal gene targeting schemes can be 

determined a priori to allow rational synthesis of specific patterns that can best contribute 

to a desired trait. Recently, systems approaches to genome regulation have echoed “big 

data” approaches in biology, where a tremendous focus has been placed on the simultaneous 

large-scale characterization of all cellular effects (e.g. proteomics, transcriptomics, 

modomics) (80, 125, 192, 193). A vision of where the complete merging of computational 

and experimental systems approaches could lead us is depicted in Figure A.1.  
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The emphasis on the use of large biological data sets in strain engineering is 

evidenced by a number of experimental genome-wide engineering strategies that have 

recently emerged to rapidly evolve specific metabolic functions in the context of all natural 

metabolic pathways.  

Figure A.1. The “dream” of in silico-aided genome-wide engineering. 

These approaches (e.g. MAGE, CAGE, and TRMR (194-196)) are briefly described 

below and target both the coding content of the genome as well as multiple promoter regions 

to introduce genome-wide modifications that improve cellular fitness.  

Multiplex automated genome engineering (MAGE) is capable of attaining genomic 
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diversity by simultaneously introducing mutations in many locations of the genome in a 

single cell or across populations. In this way, MAGE rises as a cutting-edge technique by 

accelerating the evolution of improved metabolically relevant strains. This method allows 

for the automated large-scale programming and evolution of cells and has been showcased 

by applying oligo-mediated allelic replacement in E. coli. One end goal of this approach is 

the optimization of metabolic pathways with the ultimate purpose of overproducing 

industrially relevant compounds (194).  More recently, CAGE has been applied in the 

development of genome-wide replacement of all TAG for TAA stop codons in parallel 

across 32 E. coli strains (196). Likewise, hierarchical conjugative assembly genome 

engineering (CAGE), MAGE’s more powerful sibling, enables the recombination of 

genomic modifications in pairs by hierarchically transferring the codon deletions from a 

donor cell to a recipient cell in a series of successive conjugations. Remarkably, this method 

can be applied so that all 314 stop codon modifications can be introduced into a single fully 

recoded strain. Ultimately, CAGE arises as a complementary method to the proven ability 

of MAGE to introduce nucleotide-scale modifications across the genome and allows for the 

in vivo assembly of modified chromosomes (196). While MAGE and CAGE enable the 

large-scale genomic modifications of relevant genes, these approaches assume that the 

targeted locations are known a priori.  

Tractable multiplex recombineering (TRMR) (195) is another genome-wide 

methodology that combines multiplex DNA synthesis (197-201), recombineering (202-204) 

and barcoding technology (205, 206) for the simultaneous mapping of genetic mutations 
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and their corresponding traits. Application of this method has allowed perturbation of the 

expression levels of >95% of genes in E. coli by introducing DNA cassettes and barcode 

sequences upstream each gene. In general, a major breakthrough has been the ability to map 

thousands of genes in several conditions via the use of barcoded and microarray 

technologies. It is also worth noting that a series of other significant efforts have preceded 

the genome engineering methodologies summarized above.  Others have included whole 

genome assembly (207), developing a “minimization” method in which large segments of 

unstable DNA are eliminated in the genome (208), and transferring entire genomes across 

microorganisms (209). For a relatively recent review on genome engineering see (210). This 

wave of large-scale combinatorial and evolutionary methods to engineer entire biological 

systems has been enabled by major advancements in DNA synthesis tools and by techniques 

for manipulating, synthesizing and recombining DNA, in an almost a la carte manner (210). 

These experimental approaches have brought us closer to the dream of simultaneously 

targeting entire genomes for fast evolution.  This has been in part due to the realization that 

creating complex phenotypes requires simultaneous manipulations of multiple genes (211, 

212). These systems approaches have been highly justifiable by the understanding that 

control and regulation of cellular metabolism is distributed over multiple enzymes and that 

multiple mutations are required to alter expression even of a single enzyme (213). 

Importantly, what these approaches have in common is the emphasis on rationally creating 

the shortest evolutionary path to a desired trait. These techniques, in essence, try to rewire 

the many synergistic, regulatory, and feedback effects present in cellular circuitry. These 
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methods also aim to modify levels of enzymes involved in multiple enzymatic pathways 

(e.g. multiple knockouts that can redirect metabolic flux) for greater perturbation of 

metabolic behavior. However, to date most genome-wide approaches have been 

demonstrated in the context of model organisms. A challenge moving forward will be to 

showcase large-scale strategies to control global gene expression in a targeted way in other 

organisms besides E. coli and Saccharomyces cerevisiae. In addition, these methods operate 

ad hoc, targeting a vast number of enzymes and proteins that might not be functionally 

related to a desired phenotype. A major risk with these approaches is the tradeoff between 

achieving more diversity and perturbing larger gene sets as the latter can interfere with 

function; this is especially the case as these strategies can represent uncoordinated genome 

modifications. In this case, a major challenge is the risk of deteriorated strain performance 

given that resulting metabolic configurations do not take into account optimal 

interdependence of the affected pathways.   

To help predict beneficial genome targets that could be tuned simultaneously to produce 

optimal phenotypes, several genome-wide metabolic models and optimization frameworks 

have been constructed (214). Importantly, a series of optimization methods have been 

developed (83, 215-218) to formulate strategies a priori for rerouting metabolites by 

controlling gene expression in a highly rational way. As an example, the Maranas’ lab 

recently developed a cellular optimization framework called OptForce (an improvement to 

previous work with OptKnock and OptReg). This approach uses flux data from wild type 

cells to determine which genes need to be up -or down- regulated by identifying fluxes that 

would have to change significantly relative to wild type in order to achieve a metabolic 
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objective (83). Although similar to Optknock, OptORF (Box 1) has been developed to 

specifically account for potential manipulation of transcriptional regulation (217). In an 

attempt to further contribute to the modeling of regulation, a different group has developed 

a flux scanning technique, based on enforced objective flux (FSEOF) to maximize a biomass 

objective (219). Thus far, these simulations have been used to identify reactions (and 

therefore gene targets) that have large shifts in flux when product formation is high. It is 

encouraging that these (and other similar) methods have aided the rational design of several 

metabolite producing strains (220, 221).    

 

 

As we ponder upon where to go next with guiding genome-wide regulation, the “Utopia” 

of genome-wide engineering becomes an important frame of reference. That is, we would 

love for computational systems models to lay the path towards tapping into relevant 

patterns of gene expression that are actually important to the function in question. Recent 

collaborative databases such as K-base and subtiwiki (222) highlight current interest in 

dovetailing experimental and computational approaches into powerful engineering tools. 

The ability to obtain a coherent genome-wide engineering game plan “from the get-go” 

will likely offer an important advantage over the large-scale regulation of unsynchronized 

regulators (e.g. unrelated transcription factors) by random library approaches. In addition, 

experimentalists continue to envision several abilities that include: targeting the minimal 

number of molecules to induce significant strain diversity, simultaneously managing 

functionally diverse pathways, and preventing disruption of any other cellular activities by 

isolating the engineering of an individual metabolic function.  
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 So what can computational systems approaches do?  The prediction of organism-

wide impact of regulators and variants thereof on a specific phenotype requires thorough 

quantitative understanding of the expression of the regulating entities in the context of 

specific intra- and extra- cellular conditions. Moreover, one requires a clear map of the 

effect of changing these regulators on intracellular metabolic fluxes, proteins, and mRNA 

transcript levels. However, mathematical understanding of cellular regulation is in its 

incipient stages (223, 224). Given that current (metabolic flux and kinetic) models do not 

explicitly reflect the mechanistic influence of any form of gene regulation, full predictive 

capabilities for deciphering which regulators to target do not yet exist.  Yet, it would be 

remarkable to determine genomic targets a priori to create desired diversity for strain 

customization based on a desired optimization objective. Such a vision of in silico-aided 

genome engineering is depicted by Figure A.1. In the perhaps not-so-distant view of the 

future, a desired phenotype can be simply envisioned and inputted into a computational 

algorithm to obtain a detailed experimental strategy that would make it happen. It is 

foreseeable that a detailed map of a fully integrated regulatory and metabolic network can 

be generated using already built-in capabilities, resulting from large-scale genomics, 

proteomics, transcriptomics, and modomics data. In this way, it would be highly feasible 

to obtain (1) potential molecular and/or pathway targets, (2) genome engineering strategies 

and (3) simulation of how genome modifications would play out in a biologically-relevant 

way. Importantly, these would offer a highly guided strategy for executing effective 

systems-wide engineering at the bench. Moreover, this includes the vision of an iterative 

process where experimental data obtained from phenotypic evaluations will be used for 
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continual algorithm improvement. If we further stretch our imagination of the future, it is 

highly possible that, before too long, such an integrated in silico-experimental setup can 

operate in real time. It is even more exciting to consider the possibility of a feedback 

closed-loop system that would continually optimize a target living system for a desired 

phenotype base on generated data. As is, rapid progress is already being made towards 

complete integration of large-scale experimental and computational efforts that target both 

metabolic and regulatory pathways, although we are only at an early stage.  
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APPENDIX B. REVIEW OF DYNAMIC METABOLIC ENGINEERING STRATEGIES 

* Work in Appendix B was published in (4). SS coauthored with GG, specifically SS 

contributed by authoring significant portions of the work, generating the figures, and 

leading the revision process. 

Introduction 

Dynamic processes are critical to cellular function as they control how cells interact 

with their environment, respond to stress, and cue complex molecular events like 

development and reproduction. One of the first studies to recognize natural dynamics in 

biological systems was  published in 1729, describing how the mimosa plant used rhythmic 

patterns to open their flowers (225). Since then, much research has been dedicated to the 

dynamics of natural systems present in photosynthesis (9), circadian rhythms (6), 

glycolytic oscillations in yeast cells (7), and cell signaling systems (226) (Figure B.1). The 

ability to mimic these natural cycles was suggested with the Goodwin oscillator in 1963 

but rapid implementation of synthetic circuits didn’t begin until the early 2000’s, following 

the development of new tools and techniques such as PCR, Sanger sequencing and several 

DNA cloning developments. Now, enabled by advances in synthetic biology technologies 

(24, 227-231), the design and implementation of even more sophisticated and improved 

synthetic dynamic circuits is possible (26, 232, 233). These circuits have played important 

roles in the understanding of natural regulatory schemes, and with our increased 

understanding of these systems, novel circuitry will gradually become important for 

metabolic engineering. 

In general, these dynamic systems are formed as a composite of standard molecular 

biology parts.  At a basic level, the engineering of any dynamic circuit includes an inducer, 

a promoter, a gene regulator, and a desired output target gene. The output measurements 

can either be the expression levels of easily detectable proteins (like green fluorescence 
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protein (GFP) (122)) or a metabolite of interest (13, 27). For metabolic engineering, 

dynamic circuits can balance tradeoffs between healthy cell growth and producing a 

product that decreases cell viability (12, 234, 235). By optimizing these trade-offs, dynamic 

metabolic engineering has resulted in improved production of a variety of small molecules 

including lactate, gluconate, and isopropanol (235-237). Using dynamic circuits in this 

context has been well reviewed in the literature (238). 

 

 

Figure B.1. Key events that led to the development of dynamic synthetic biological 

circuits.  

Below, we explore how common synthetic biology parts have been applied to and 

revamped the design of dynamic circuits with an emphasis on advances made in the past 

two years. We demonstrate how incorporation of new parts, such as temperature sensitive 

protein variants, ncRNAs, and novel metabolite sensing properties has improved properties 

such as stability, amplitude and rate of oscillations (Figure B.2). Specifically, we consider 



 107 

inducers at the core of these dynamics systems, proteins that provide regulatory function, 

metabolites that function as output reporters, and ncRNAs that provide novel modifications 

to control  mechanisms (239, 240). We expect that the use of dynamic circuits will continue 

to increase with better genetic tools for organism manipulation and with more advanced 

methods for measuring circuit productivity (241). 
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Figure B.2. Rewired genetic circuit change system properties. (A-F) Each dymamic 

circuit on the left represents an initial circuit design and those on the right represent a part 

or feature added to the circuit. The text to the right of these figures indicates how the 

added part improved the circuit. 
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Basic components of dynamics systems 

Inducers: Initiators of dynamic circuit expression  

To generate dynamics, a stimulus is required. Three common categories of stimuli 

have been used to trigger dynamic cascades:  environmental cues (e.g. O2, CO2, pH, light), 

changes in carbon source (e.g. glucose to lactose shift, glucose pulses), and chemical 

inducers (e.g. IPTG, L-arabinose). Inducers directly interact with transcription factors and 

change their ability to bind the promoters of target genes.  While synthetic transcription 

factor and promoter pairs have been used since the 1960’s to control gene expression 

(Figure B.1) (242),  recent research has focused on diversifying the set of inducers to 

include ones that are cheaper, more robust, and more controllable. It is worth noting that 

dynamic changes to environmental stimuli and carbon sources have been shown to be 

effective in increasing yields of engineered pathways by tuning naturally occurring 

dynamic patterns (243, 244).  

Rather than pulsing carbon sources, however, this review focuses on synthetic 

methods of gene regulation that most often rely on small chemicals (e.g. IPTG, arabinose, 

and anhydrotetracycline) to modulate the activity of specific transcription factors. These 

types of inducers have proven to be effective in controlling system dynamics and several 

of these systems are depicted in Figure B.2 (26, 122). Recently, quorum sensing molecules 

have been added to the set of tools that can trigger time-dependent changes in gene 

expression and dynamic population response (Figure B.2A) (245-247). The benefit of this 

strategy is the lack of required additional chemical inputs needed to trigger gene expression 

(248). Additionally, quorum sensing mechanisms can be beneficial for metabolic 

engineering strategies by delaying the expression of toxic proteins at low cell densities. 

An important challenge with using chemical inducers in dynamic circuits is 

generating the desired level of expression. In particular, many of these small chemicals 
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don’t readily dissipate, thereby leaving gene expression on permanently. This problem is 

especially critical with dynamic systems that require resetting of the inducing signal. 

Additionally, several heavily-used inducers, such as IPTG and arabinose, create a pattern 

referred to as “all or nothing” induction (249), where populations can be induced at 

intermediate expression levels but individual cells are either all the way induced or not 

induced at all. This creates limitations on the applications of these inducers in cases where 

intermediate responses are required for desired circuit performance. Use of novel inducer-

promoters systems, such as light activated promoters,  potentially avoid this problem by 

affecting all cells in a population in a more uniform way (123).  

Proteins: adopting roles as regulators and target genes   

Proteins are the central components of most dynamic systems used to control gene 

expression. For instance, proteins are often used in providing regulation required to 

implement toggle switches (13) and oscillators (25).  These proteins are often transcription 

factors like LacI, AraC, and FapR, illustrated in Figure B.2 (25), but can also be others, 

such as degradation enzymes (247). For higher effectiveness in dynamic circuits, proteins 

need controllable turnover and robust and synchronized expression levels within a cell 

population. A recent investigation  on synchronized expression demonstrated  how a 

quorum sensing oscillator (250) could have improved tunability by incorporating 

transcription factors, lacI and tetR, as new parts into the circuit that improve tuning of the 

amplitude and frequency of oscillations (Figure B.2A) (247).  

Recent research has also focused on modifying proteins to improve circuit 

robustness in responding to environmental perturbations (e.g. temperature changes or 

nutrient availability).  For instance, the Repressilator (26) is one of the original circuits 

capable of creating sustained oscillations. It implements a three gene circuit where one 
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gene represses the expression of the next gene until the last gene represses the first in the 

circuit. However, several groups illustrated computationally that it will only oscillate when 

certain growth rate or protein expression rates are met (251, 252). To improve robustness 

of negative feedback based circuits (like the Repressilator), positive feedback loops have 

been introduced (253) , like the circuit created by Stricker and colleagues (Figure B.2B) 

(122). However, the first generation of this circuit was shown to lose period robustness at 

high temperatures. To address this issue, a recent study incorporated a temperature 

sensitive variant of the LacI protein (ts-LacI) (Figure B.2B) (122, 254). This new feature 

made LacI a less effective repressor at high temperatures which compensated for the 

increased production of LacI at those temperatures. The compensation between 

effectiveness and abundance caused the cumulative LacI activity to stay constant across a 

range of temperatures in E. coli and as a result stabilized the oscillatory period (254). Other 

improvements to control the dynamics of  protein expression patterns, such as the rates of 

production, maturation, and degradation, will be necessary to allow protein levels to 

respond appropriately for applications in synthetic dynamic circuits (16, 76).  

Metabolites: connecting dynamic circuits with metabolism 

Metabolites have been known to contribute to oscillatory patterns in photosynthesis 

and yeast glycolysis since the 1950’s (Figure B.1). These metabolites normally function by 

interacting with a protein or RNA within the circuit and thereby changing their expression 

levels (and/or activity) in a concentration-dependent manner.  A prominent example of a 

dynamic synthetic circuit based on metabolite control is the Metabolator (27). The 

Metabolator creates metabolic oscillations because the metabolite, acetyl phosphate, 

differentially regulates the enzymes that produce and consume it on different timescales 

(Figure B.2C). Recent computational analysis of this circuit revealed that more stable 
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oscillations could be achieved if the repression and activation effects of acetyl phosphate 

could be reversed  (255). This reverse Metabolator could be created experimentally by 

switching the promoters that drive expression of the two genes in the circuit (acetyl-CoA 

synthase (acs) and phosphotransacetylase (pta)). This example illustrates the important 

contributions that mathematical models have had in quantitatively predicting new circuit 

designs and in aiding recent upgrades of classic synthetic circuits.   

Experimentally, other recent synthetic circuits have been created using metabolites 

as dynamic sensors. For instance, control of genes involved in the synthesis of malonyl-

CoA (a precursor of fatty acids, polyketides, and flavonoids) has been achieved by 

employing a B. subtilis transcription factor, FapR, that prevents transcription of target 

genes when not interacting with malonyl-CoA. This interaction was used to control 

expression of the repressor LacI, which was used to control expression of a malonyl-CoA 

synthase. As a result, when malonyl-CoA levels are low more malonyl-CoA accumulates 

for fatty acid production. However, when malonyl-CoA levels are high, its production shuts 

off to avoid accumulation of toxins that decrease productivity (256) (Figure B.2D).  This 

design was improved upon discovering that FapR could differentially regulate separate 

promoters based on the number of fapO sequences in the promoter region. This discovery 

made possible a revamped circuit that used FapR to turn on fatty acid synthases at the same 

time it turned off malonyl-CoA production. This circuit prevented toxic accumulation of 

malonyl-CoA and as a result increased production of fatty acids in E. coli (Figure B.2D). 

As an interesting note, the setup of this malonyl-CoA sensor system is similar to the setup 

of the Metabolator (Figure B.2C) with the exception that the fatty acid synthase (fas) does 

not feedback into the acetyl-CoA metabolite pool (Figure B.2). This observation illustrates 

that small changes in circuit layout can redirect the circuit to perform an entirely different 

function (e.g. changing from an oscillator to a toggle switch).  
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In summary, metabolites can be useful components of dynamic oscillatory circuits 

as their incorporation can tie circuit response to the availability of key substrates, connect 

circuit response to metabolic pathways and allow fast time scale dynamic responses, as 

metabolite levels can quickly change. 

Noncoding RNAs, bestowing dynamic circuits with distinct properties 

Recently, ncRNAs have also been incorporated into dynamic circuits (Figure B.1) 

(28). Enabled by continual development of genome-wide sequencing protocols and of 

bioinformatics analysis of the large number of existing transcriptome data sets (131, 257), 

our discovery of a high diversity of ncRNAs has demonstrated that several unique 

characteristics can make them valuable regulators. For instance, regulatory ncRNAs that 

function non-catalytically (i.e. they are degraded upon interaction with a target) are very 

effective repressors of gene expression (5). In this way, the regulatory effect of ncRNAs 

depends on the concentration of the mRNA target. Specifically, at low target mRNA 

concentrations ncRNAs strongly repress target expression but are less effective regulators 

at high mRNA concentrations. This property makes ncRNAs useful switches of gene 

expression, as demonstrated in natural circuits (258, 259), and presents a stark contrast to 

transcription factor-regulated gene expression, which is roughly proportional linearly to 

the concentration of the transcription factor. 

Indeed natural circuits regulated by ncRNAs demonstrate a number of unique 

properties compared with their transcription factor counterparts. Recently, researchers 

discovered a circuit in Stahylococcus that controls the expression of an adhesion gene (e.g. 

spa) and an exotoxin gene (e.g. hla) (Figure B.2E). They computationally compared the 

simple circuit, where the ncRNA, RNAIII, acts only to propagate the inducer signal to the 

in vivo circuit where the RNAIII directly controls spa and hla (Figure B.2E). 
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Transcriptional noise was found to be reduced as a result of dual regulation of its target 

genes (spa and hla) using RNAIII and the transcription factor Rot, and two target genes 

(Figure B.2E) (259). The dual regulation of the targets was demonstrated to provide precise 

control over the switch allowing spa to be turned off before hla is turned on, a valuable 

feature if co-expression of two genes is detrimental to cell survival.  

Regulatory sRNAs can also contribute delays that cause oscillations to occur. A 

recent computational prediction suggested that adding an miRNA to the Goodwin oscillator 

(Figure B.1) could increase the amplitude of oscillations by adding a longer time delay to 

the circuit (Figure B.2F) (260). A similar result was shown in mammalian cells, where 

researchers designed a synthetic oscillatory circuit that depended on a small antisense RNA 

to lengthen the time delay so that oscillations could occur (i.e. the Fussenegger oscillator, 

Figure B.1) (28). 

In general, sRNAs can contribute to dynamic synthetic circuits by: i) Providing 

tight repression of genes (259), ii) decreasing the metabolic load of the circuit by using less 

protein, iii) improving robustness to noise (5, 258), iv) tuning multiple targets 

simultaneously (259), and v) providing a time delay for oscillatory circuits (28, 260, 261). 

Regulatory ncRNAs are starting to be gain traction as parts for static metabolic engineering 

(262, 263) and we anticipate sRNAs will soon be more commonly employed in synthetic 

dynamic circuits.   

Outlook  

Although many parts are available for the construction and improvement of 

dynamic circuits, a higher diversity of parts will ultimately be used to further upgrade 

existing circuits. Comparisons of traditional circuits designs such as basic switches, 

Goodwin oscillators, and dual feedback oscillators to more recent dynamic schemes 
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demonstrates the types of major improvements in robustness to noise, sensitivity, and 

oscillatory properties that can be achieved by modular changes to synthetic dynamic circuit 

construction. These improvements have been facilitated by replacing, adding, or using new 

parts, that have distinctly different properties than their classic counterparts (e.g. regulatory 

ncRNAs). The impact that each part can truly have on a dynamic circuit is not surprising 

since the majority of dynamic circuits use a small core of promoters, proteins to drive 

desirable activity. Currently, very few dynamic circuits include ncRNAs, riboswitches, or 

metabolite sensors.  Careful selection of these components could be crucial for providing 

exquisite dynamics that create less metabolic burden on cells as circuits will quickly 

respond to changing metabolic stimuli (239). With these improvements, the circuits will 

have a greater capacity to balance the tradeoff between production and cell growth, 

allowing for healthier cell populations and higher rates of production (12, 235). These 

dynamic systems can advance our metabolic engineering efforts and help us to build 

genetic devices that harmonize with existing biorhythms.  
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APPENDIX C. USING IRS3
 SYSTEM TO PROBE RNA STRUCTURES INSIDE LIVING CELLS 

*The work in Appendix C was published in (264). SS coauthored work with JVA, 

specifically SS contributed to irs3 design and testing and writing and editing of the 

manuscript. 

Introduction 

Biotechnological applications of RNA have exploded in recent years, amplifying 

the need to develop tools to better understand RNA folding dynamics and structural 

changes. RNA structures have been extensively studied using a variety of in vitro 

techniques (265-267). Prominent among these techniques is the use of chemical or 

enzymatic modifications (e.g.  DMS, hydroxyl radicals, metal ions, RNase, S1 nuclease 

mapping) to map RNA structures (268-270). While these methods have provided valuable 

structural data, most do not provide information on RNA folding dynamics or structural 

changes in vivo.  

RNA folding is influenced by a complex cellular milieu that is difficult to replicate 

in vitro (271, 272). Cellular factors such as the speed and directionality of transcription, 

metabolite levels, RNA localization and other bimolecular interactions can all have a 

significant impact on the acquisition of native RNA structures (271-274). With these 

considerations in mind, a few groups have developed protocols based on chemical 

modification for characterizing RNA structures in vivo (275-278). One of the most recent 

examples of in vivo RNA structural probing is Selective 2’-Hydroxyl acylation Analyzed 

by Primer Extension (SHAPE) in living cells (278). This technique adapts traditional 

chemical probing to an in vivo setting. 

A common feature of chemical probing techniques is that they rely on non-targeted 

modification of RNA molecules. Since the chemical probe does not modify a unique 

sequence within the molecule, chemical footprinting methods are less likely to detect 
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transient differences within specific regions that hallmark rare folding intermediates (279). 

These rare folding intermediates can have alternative functions when compared to the final 

structure and can be important to understand RNA folding pathways (280, 281). In order 

to detect these intermediates in vivo, a more targeted approach would be required.  

In this work, we demonstrate the novel In vivo RNA Structural Sensing System 

(iRS3) for probing RNA structures in vivo. Our design exploits the ability of a previously-

designed, well-studied riboregulator to control green fluorescent protein (GFP) expression 

post-transcriptionally (2, 282). The fundamental premise of this approach is that highly 

structured areas are physically blocked from binding the designed structural reporter. In 

contrast, “open” regions that do not participate in any intra- or inter-molecular contacts or 

that are simply not hindered by the topology of the molecule will be more readily available 

to bind to the reporter. Hereby, we present the iRS3 as a useful tool, not based on chemical 

modifications, capable of probing RNA structure in living cells.  

To demonstrate the value of this system, we use the iRS3 to explore the structural 

organization of the Tetrahymena group I intron (gI intron). This gI intron is a well-studied 

(~400 nt) catalytic RNA (269, 283, 284) that has been structurally characterized by a 

variety of different in vitro techniques (285-288). The gI intron has also been confirmed to 

be catalytically active when expressed heterologously in E. coli (273, 289). We establish 

the ability of our system to distinguish between the wild type and two mutant introns and 

to identify some of the most accessible regions of each intron. When compared to all 

available DMS and hydroxyl radical footprinting data (including our own in vivo DMS 

data), results from our iRS3 probing revealed a higher potential to detect low abundance 

folding intermediates.  As such, the iRS3 methodology complements other in vivo and in 

vitro probing methods based on small molecule accessibility.  
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Material and Methods 

Plasmid and Strains 

To build our new in vivo reporter system, we modified the intron-harboring 

plasmids above to contain probes complementary to the gI intron. The pZER21αγ12aG 

plasmid incorporates two promoters to drive gene expression, the pBAD promoter which 

expressed the gI intron variants, and the pLtetO promoter which expressed the hairpin-GFP 

reporter. We designed complementary probes to be inserted immediately upstream of the 

hairpin-GFP reporter, creating a probe-hairpin-GFP reporter.  

Probe Complementary GI intron Seq Length Tm 

% 

GC Target region 

1 GATAACTTTTCCCTCC 16 42.8 43.8 P1 (nt 21-36) 

2 CCGATGCAATCTATTG 16 44.2 43.8 L2.1 (nt 67-82) 

3 CCCGCAATTTGACGG 15 51.2 60 
P3-J3/4 (nt 98-
112) 

3a TTGACGGTCT 10 31.4 50 P3 (nt 95-104) 

3b TCCCGCAATT 9 33.4 50 P4 (nt 104-112) 

4 AGTTTCCCCTGAGAC 15 46.9 53.3 L5b (nt 141-155) 

5 GCAAGGCCATCTCAA 15 48.9 53.3 P5c (nt 156-170) 

6 CGTCAGCTTATTACC 15 42.6 46.7 P5a (nt 179-194) 

7 CCATATCAACAGAAGATC 17 44.2 38.9 P6b (nt 234-251) 

8 GAAGAATACATCTTCCC 17 43.4 41.2 L8 (nt 280-296) 

9 ATTAGTTCCCAGCGG 15 47.8 53.3 P9.2 (nt 361-375) 

10 CGAGTACTCCAAAACT 16 44.9 43.8 P10 (nt 399-414) 

Table C.1 Complementary sequences probed by iRS3 and their associated regions on the 

gI-intron. 

The primary sequence of all constructs was confirmed by using primers E and F in 

sequencing reactions performed by the University of Texas core facility. We have provided 

the sequence of the wild type intron Probe 1 reporter (WTI Probe 1 reporter) in and the 

plasmid is available upon request. The probes (15-18 and 9-10 nucleotides) were designed 

to be fully complementary to the gI intron (target RNA) and to give good coverage of 
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regions representing the entire length of the intron (Table C.1). All probes were also 

purchased as oligonucleotide primers (25 nmol, standard desalting) from Integrated DNA 

Technologies (Coralville, IA).  

Computational Analysis of Probes 

NUPACK (290)was used to estimate Minimum Free Energies (MFE) of the probe-

reporter (EcoRI-Probe-CB-LP-RBS-+35 nucleotides) and to test for the strand-to-strand 

binding affinity between the probe reporters and the gI intron.  The following user input 

settings were used: RNA nucleic acid type at 25oC, 1 strand species and 1 strand max 

complex size for probe-reporters (structure for probe-reporter was predicted to test for base 

pairing interactions of probes with downstream GFP coding sequence), and 2 strand species 

and 2 strand max complex size for probe-reporters and introns. The concentration of the 

hairpin-GFP reporters and introns were assumed to be equimolar (2 μM) in order to test 

for the relative level of binding of the intron-hairpin complex. NUPACK was also used to 

calculate the binding energy (ΔMFE) using the same parameters above described.  

Flow cytometry  

For all experiments, the fluorescence output of each probe was measured using 

quadruplicate samples. Cells were grown overnight in Luria-Bertani medium (Benton-

Dickenson and Company, Sparks, MD) and 10 mg/mL kanamycin (Amersco, Solon, OH), 

seeded into 20 mL of LB plus 100 μL kanamycin (10 mg/mL stock), and regrown for 2 

hours. The remainder of the experiment was carried out under two conditions: (i) samples 

induced with 800 μL of 20% arabinose (final concentration 0.8%) and 20 μL of  

anhydrotetracycline (aTc) (final concentration 100 ng/μL), (ii) non-induced samples, 

where neither of the inducers were added. Five hours after induction, we sampled 100 μL 

to measure the optical density and an additional 100 μL was pelleted and resuspended in 
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1x PBS (Amersco) for flow cytometry. The flow cytometry data was collected with a 

Benton Dickinson FACSCalibur flow cytometer with a 488 nm argon laser and 530 nm 

FL1 logarithmic amplifier. Sample data was collected using CellQuest Pro (Benton-

Dickenson and Company) with a user define gate. Fluorescent measurements were 

collected from ~150,000 cells and analyzed using Microsoft Excel and JMP, a statistical 

software package. The medians of the populations for non-inducing and inducing 

conditions were normalized by the average fluorescence for all probes of a given intron 

variant.  

To generate the graphs in Figure 5, we determined fluorescence shifts by 

calculating differences in fluorescence between the average of median values for the 

induced and non-induced samples of the same probe five hours after induction of 

appropriate samples. To establish the significance of these shifts, we calculated the 

standard error of the mean (SEM) as propagated from the original data points. The dashed 

line represents the median of the fluorescence shift means for all probes. 

In vivo RNA extraction 

To extract RNA from cell cultures, 5 mL overnights were grown at 37°C and 

pelleted. The pellets were resuspended in trizol (Ambion) and allowed to sit at room 

temperature for 5 minutes. After incubation, 300 µl Chloroform: isoamyl mix (24:1) 

(Arcos) was added and mixed by inversion for 15 seconds. The extract was incubated at 

room temperature for 3 minutes and then spun down at 13000 rpm for 10 minutes at 4°C 

in a centrifuge. The top aqueous phase was transferred to a fresh tube and 270 µl 

isopropanol and 270 µl of 0.8M Sodium Citrate (Sigma): 1.2 M Sodium Chloride solution 

(Macron Chemicals) was added to precipitate the RNA. The sample was placed on ice for 

10 minutes and then spun at 13000 rpm for 15 minutes at 4°C in a centrifuge. The 
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supernatant was discarded and the pellet was washed with 1 mL ice cold 95% ethanol 

(EMD chemicals). The mixture was then spun down at 13000 rpm for 5 minutes at 4°C, air 

dried for 15 minutes, and resuspended in nuclease free water (Invitrogen). 

In vitro binding Assays 

An in vitro binding assay was performed to demonstrate the ability for probes to 

bind to intron expressed in cellular extracts. A 20 μM working solution of each 

oligonucleotide probe (Integrated DNA Technologies) was prepared and the probes were 

then radiolabeled with P32 ATPγ using a reaction mixture containing 1.5 μL of T4 

polynucleotide kinase (NEB), 2μL 10x polynucleotide kinase buffer (NEB), 1 μL of the 20 

μM working solution, 13.5 μL of double-distilled H2O, and lastly 1.5 μL P32 ATPγ 

(PerkinElmer Inc). The mixture was then incubated at 37°C for one hour.  

In vivo samples of the gI intron were harvested and purified using the techniques 

described previously (Methods In vivo RNA extraction). RNA from these sources was 

suspended in 7µl of buffered solution (50 mM KCl (Avantor Performance Materials Inc) 

and 80mM MOPS (pH 7.0 Amresco)) and denatured at 95˚C for 2 minutes. After 

denaturing, 10μL of the radioactive probes were immediately added to all samples, and 

hybridization occurred at 37˚C for 30 minutes. 2x RNA loading dye (NEB) was added to 

all samples and to the ladder to get a final concentration of 10% per volume, and then 

nuclease free H2O (Ambion) was added to make the sample volume consistent. 

The samples were loaded onto a 6% native polyacrylamide gel that was run at two watts 

for 24 hours. The gel was then carefully placed on blotting paper (VWR), loosely covered 

with saran wrap, and left to dry for 3-4 hours at 70°C in a vacuum dryer (BioRad). Upon 

removal from the dryer, the gel was exposed to a phosphor screen (GE Healthcare) for 3-4 
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hours at 4°C. Following exposure, the phosphor screen was imaged using a Typhoon 

Phosphorimager. 

Northern Blot Analysis of iRS3 transcript 

To determine the steady state levels of iRS3 transcript, RNA was extracted as per 

protocol described above from cells expressing the iRS3 reporter at 2.5 and 5 hours after 

induction. The RNA was run down an agarose/formaldehyde gel and blotted using 

previously described methods (291)(see Table C.1 for 16S rRNA and iRS3 transcript 

probes).  

In vivo dimethyl sulfate footprinting 

 

Primers fluorescent labeling 

5’ amine modified primers (IDT) were fluorescently labeled. First, the primers were 

purified using standard chloroform extraction and ethanol precipitation. The purified 

primers are then dissolved in anhydrous DMSO to a concentration of 20 µg/µL. For the 

labeling reaction 1 µL of the amine primer (25 mg/mL), 1.2 µL of distilled water, 15 µL 

of Borax buffer (0.1 M) and 3 µL of NHS-Dye (IRDye® 650 Infrared Dye, Li-Cor) were 

mixed and incubated in a dark place for 3-4 h. To purify the labeled primers, another 

ethanol precipitation was performed along with incubation at -20 °C. The samples were gel 

purified (20% polyacrylamide 7M Urea gel (thin gel) at 20 W). Finally, the primers were 

redissolved in 60 µL of nuclease-free water and their concentrations were estimated using 

the absorbance at 260 nm and the extinction coefficients provided by IDT for each primer. 

 

In vivo dimethyl sulfate treatment 

Cells containing wild-type intron (WTI) plasmid were grown overnight at 37°C in 

5 mL of Luria-Bertani medium (LB). The main culture was induced with 4 mL of 20% 

arabinose (final concentration 0.8%) at an OD600 between 0.15-0.3, and the culture was left 
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to grow for 5 hours at 37°C. Samples were then treated DMS and prepared as described in 

(292) and total RNA was extracted from cells using previously described methods. After 

extraction, 4 µg of total RNA were reverse transcribed using Superscript III RT 

(Invitrogen) as per manufacturer’s instructions. 

 

Capillary Electrophoresis 

A Capillary Electrophoresis (CE) system (Beckman Coulter A26572 

GenomeLab™ GeXP Genetic Analysis System) was used to separate the DMS treated 

fragments. Each cDNA sample obtained above was mixed with 1 µl of a DNA size standard 

600 ladder (GenomeLab Beckman Coulter 608095) and nuclease-free water was added to 

a final volume of 30 µl in a conical 96-well plate. A drop of mineral oil (GenomeLab 

Beckman Coulter) was added to prevent evaporation. Another flat bottom 96-well plate 

was prepared by adding 6-8 drops of separation buffer (GenomeLab Beckman Coulter 

608012) to as many wells as cDNA samples are to be run. The samples were separated in 

the CE system using the following parameters: temperature pre-set to 60 C, denaturation 

at 90 C for 150 s, injection at 2.0 kV for 30 s and separation at 3.0 kV for 90 min. Lastly 

the data obtained were analyzed using Capillary Automated Footprinting Analysis (CAFA) 

(293). The CE traces obtained were aligned to the ladder peaks using CAFA. Then, using 

CAFA, the fit data were filtered and normalized using the “no-DMS” control. All samples 

were run by technical and biological duplicates.  

Results 

Molecular design and optimization of iRS3  

Our design is an alteration of a previously published, highly-controllable 

riboregulator that inhibits the synthesis of GFP in the presence of a regulatory hairpin and 

promotes the synthesis of GFP in the absence of the same hairpin (282).  
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Figure C.1. Fundamentals of in vivo RNA Structural Sensing System (iRS3). (A) 

Accessible region on target RNA.  Our system is expressed on a plasmid using two 

promoters, pBAD and PLtetO. The RNA reporter construct (Probe X iRS3 construct) 

incorporates a GFP transcript (green) whose translation is inhibited due to ribosome 

binding site (RBS, blue) sequestration by a cis-blocking region (CB, orange) that is 

connected to the RBS through a flexible linker region (LR, black). If the probe (purple) 

targets an accessible region on the target RNA, an interaction will occur causing the 

hairpin loop to open, exposing the RBS, and lead to GFP expression. (B) Inaccessible 

region on target RNA. If the probe (red) targets an inaccessible region on the target RNA, 

there will be reduced interaction between the intron and the probe, the hairpin loop will 

not open and a negligible increase in fluorescence will be observed compared to non-

induced levels.  

As illustrated in Figure C.1, this new structural reporter is comprised of 5 segments 

at the RNA level: (1) a specific 15-18 nucleotide sequence (probe) that is complementary 

to a specific region of the target RNA sequence, (2) a cis-blocking (CB) region 

complementary to the Ribosome Binding Site (RBS), (3) a linker region (LR) in between 

the RBS and its complement, (4) a region containing an RBS, and (5) a region encoding 

GFP. The probe, which is the only variable feature of this system, acts as a sensor for a 

specific region within the target RNA. The RBS, LR, and the CB form a stable hairpin. 

The stability of this hairpin is controlled by the expression of a separate molecule (e.g. the 
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Tetrahymena gI intron) in trans that can base-pair to the probe and destabilize the hairpin, 

most likely by steric hindrance and/or by subsequent structural reconfigurations upon probe 

binding. In addition, once the hairpin is opened, the iRS3 transcript could be further 

stabilized by interactions with the ribosome;  similar protection effects have been reported 

(294). Thus, the hairpin acts as an adaptor converting the extent of the RNA-probe 

interaction into fluorescence readout.   

We initially tested two designs for the riboregulator. The first design contained a 

NotI restriction site between the probe and the CB-RBS hairpin, which was intended to 

simplify cloning. However, we did not observe a significant shift in fluorescence upon 

induction of the intron (data not shown). As a result, we created a second design which 

contained the probe immediately adjacent to the CB-RBS hairpin. This probe design 

allowed us to detect a shift in fluorescence upon induction of the target and was therefore 

used for the remainder of our analyses.  

To determine an appropriate length for the complementary probes, we carried out 

binding predictions (see Methods: Computational Analysis of Probes) and discovered that 

15-18mers gave a more stable bound complex than 8-12mers (data not shown). Therefore, 

we chose to continue our studies with 15-18mers given their higher specificity, stronger 

binding, and their ability to provide more intron coverage for our initial studies. Although 

we proceeded with 15-18mers, our computational predictions did suggest that 8-12mers 

would still provide sufficient, albeit weaker, binding to be used for in these studies to 

increase the structural resolution of the system. From these preliminary studies, we 

developed a general methodology for designing the iRS3 system to target different RNAs. 
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Figure C.2. GI intron Tetrahymena Ribozyme Model System. This figure depicts the 

sequence and secondary structure of the Tetrahymena wild-type gI intron. Probe numbers 

are circled and indicated next to black dashed lines, which show the regions of the 

molecule being targeted by these complementary probes.  Structural domains are 

indicated by the letter “P” followed by a number. The dashes between the nucleotides on 

opposing sides of each stem loop indicate complementary base pairing, with the dots 

signifying G-U wobble base pairing. The quintuple mutant contains a total of five 

mutated regions (black boxes) and the letters outside of the boxes represent the new 

mutant sequences. These mutations abolish five key tertiary contacts within the group I 

intron molecule shown as thick gray arrows. The A-rich bulge mutant has the same A-

rich bulge mutation as the quintuple mutant, but contains no other mutations.  
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iRS3 fluorescence is specific to the interaction between probe and target RNA  

After determining an appropriate design for the iRS3 (Figure C.1), we then built 

several controls to verify that the fluorescence observed was specific to the recognition and 

binding of the probe to the target gI intron. All controls were built in the context of Probe 

1 (Table C.1). We hypothesized that a shift in fluorescence would result from the 5’ target 

region binding to its complementary probe-iRS3 reporter. The binding location of Probe 1 

on the intron (and all other probes used) is shown in Figure C.2. 

Using Probe 1, we tested if a fluorescence shift was specific to the intracellular 

presence of both the target gI intron (expressed by the pBAD promoter) and the iRS3 

transcript (expressed by the pLtetO promoter). For these experiments, we inoculated cells 

harboring the plasmid construct containing the target gI intron RNA and the iRS3 construct. 

We conducted flow cytometry assays under inducing (presence of intron) and non-inducing 

(absence of intron) conditions and ran each experiment in at least quadruplicates. For all 

experiments, we defined a fluorescence shift as the difference in fluorescence between 

means of induced and the non-induced replicates, five hours after inducing the appropriate 

samples. As illustrated in Figure C.3, significantly more fluorescence is observed only 

when the reporter transcript is expressed in the presence of the target gI intron. When the 

Probe 1-iRS3 reporter and the wild-type intron constructs were co-expressed in a ΔaraC 

knockout strain (where the pBAD promoter cannot be activated) no appreciable shift was 

detected (Figure C.3B). This experiment demonstrated that induction of intron expression 

is required to achieve a significant fluorescence shift.  

We then tested if fluorescence was specific to the binding of the Probe 1-iRS3 

reporter to the targeted 5’ end region of the intron. For this experiment, we designed a 

mutant gI intron where the local binding region to Probe 1 was altered by mutating a 9 base 

pair stretch in the center of the 16-mer target area (GGGAAAAGT25-33 CCCTTTTCG25-
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33) coupled with compensatory mutations (GCTA54-57  TGAT54-57) to preserve the native 

secondary structure. As shown in Figure C.3C, mutating the target region on the intron 

resulted in a smaller shift in fluorescence upon induction relative to the wild type gI intron-

Probe 1 system.  
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Figure C.3. Fluorescence shifts result from specific interactions between the reporter and 

the trans target RNA. Each sample contains the Probe 1 IRS3 construct co-expressed with 

a different target RNA.  (A) The wild type sample shows the interaction between wild-

type intron and the IRS3 -Probe 1 construct. (B) The wild-type intron and the IRS3 -Probe 

1 transformed into a ΔaraC knockout strain to impair expression of the group I intron. (C) 

The IRS3 -Probe 1 construct with an intron where 9/16 nucleotides in the target region are 

mutated, such that Probe 1 is no longer as specific to its target region. (D) The IRS3 -

Probe 1 construct co-expressed with a shorter target RNA that contains a complementary 

sequence to Probe 1. The box plots represent the 75% quartile (upper red line), the 

median (middle red line), and the 25% quartile (lower red line) of the median 

fluorescence of at least quadruplicate samples. Whiskers above and below the box plot 

indicate the furthest data point that is within 1.5x the interquartile range from the box. 

These results indicated that the interaction between the wild-type gI intron and the Probe 

1 reporter occurs specifically within the targeted region and, that it was necessary for a 



 130 

significant shift in fluorescence. The residual shift shown by the mutant intron can be 

explained by the few remaining nucleotides of complementarity that are located at each 

end of the mutated sequence. 

Lastly, we tested the dependency of observing a fluorescence shift on the structural 

context of the targeted area.  For this experiment, we built a much smaller transcript (~100 

nt compared to ~400 nt) that mimicked the gI intron by containing the complementary 

region to Probe 1. The strong interaction we observed suggests that even the smaller target 

RNA was sufficient to destabilize the hairpin (Figure C.3D), as long as the binding 

sequence was specific and present. In this way, we demonstrated that the probe can still 

bind outside of the molecular context provided by the gI intron. Importantly, these results 

implied that the use of this system could be extended beyond large molecules such as the 

gI intron.  

iRS3 can discriminate between accessible and protected regions along the group I 

intron 

After identifying a sensitive molecular design that led to fluorescence in the 

presence of specific binding between the Probe 1 reporter and an accessible region of the 

gI intron, we tested if the iRS3 could capture contrast in structural accessibility along the 

target gI intron. For these experiments, we designed nine additional constructs with 

different probing regions along the gI intron (Figure C.2, Table C.1), resulting in 33% 

sequence coverage of the gI intron. The probes were numbered sequentially according to 

their position in the primary sequence of the intron.  

We then tested the ability of the iRS3 system to report on different regions expected 

have a wider range of accessibility based on in vitro results (265, 295). We focused on the  

3’ end (corresponding to Probe 10), a more structurally hindered region relevant to the 

folding of the gI intron catalytic core (296) (corresponding to Probe 9), and the P5a domain  
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important to the activation of the ribozyme (297) (corresponding to Probe 6).  Once we 

confirmed that each of the four complementary probes could bind the intron in vitro (Figure 

C.4A), we incorporated each probe into the in vivo iRS3 reporter. As shown in Figure C.4B, 

using the iRS3 system, we observed a differentiated pattern where Probes 1 and 6 showed 

similar fluorescence shift, Probe 10 showed the largest shift in fluorescence and Probe 9 

the lowest shift in fluorescence upon intron induction. We also demonstrated using 

northern blotting analysis that the fluorescence observed from these probes does not 

correlate with detected levels of the probe-iRS3 mRNA transcript (data not shown). These 

results suggested that the iRS3 system could detect differences in accessibility between 

target regions by differential shifts in fluorescence.  
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Figure C.4. Pilot test reveals that fluorescence assay can detect relative levels of 

accessibility. (A) In vitro binding assays show that the probes can bind to the gI intron. 

Total cellular RNA containing the gI intron was extracted from cells, denatured and then 

hybridized to the corresponding P32 labeled probe. The resulting hybridized mixture was 

loaded onto a native polyacrylamide gel, dried, and imaged. Black arrows point to the 

location of the gI intron band.  (B) Representative flow cytometry curves from cells 

harboring the gI intron and the IRS3 construct non-induced (blue) induced (red) samples 

after 5 hours.  

It is important to note that prior to testing the different reporters, we performed a 

computational analysis using the NUPACK (290) software suite to test for self-

dimerizations or hairpin formation (see Methods: Computational Analysis of Probes). We 

also used NUPACK to test for the strand-to-strand binding affinity between the iRS3 



 133 

reporters and the target wild type intron. All probes designed and tested in this study were 

predicted to bind with the target region on the intron without many side interactions (data 

not shown), albeit with relatively different strength. As a result, we expected that each iRS3 

reporter probe needed to be individually normalized. That is, as confirmed experimentally, 

each probe affected the intrinsic stability of the hairpin in the iRS3 construct differently and 

lead to varying baseline levels of fluorescence. Differential baseline levels of fluorescence 

observed between probes can also be explained by the presence of a low amount of gI 

intron (confirmed by northern blotting analysis, data not shown), even under non-inducing 

conditions. 

Assaying a probe library along the group I intron  

After confirming that the iRS3 could discriminate between different levels of accessibility along 

the target RNA by displaying differential levels of fluorescence, we tested if fluorescence shifts 

represented a good measure of accessibility across a wide range of probes. We confirmed the 

binding capabilities of all probes to the gI intron by conducting in vitro binding assays in which 

we hybridized 5’ P32 labeled probes to denatured total RNA extracted from E. coli cells over-

expressing the gI intron (data not shown). After we saw that the probes could bind to the 

denatured intron, we incorporated the remainder of our designed probes into the structure sensing 

system and co-expressed each construct with the gI intron in cells. According to previous in vitro 

studies: (i) Probes 3, 4, 5, and 6 target important regions for the catalytic activity of the intron 

(298, 299), (ii) Probes 2, 5 and  6  target key tertiary contacts (300), (iii) Probe 7 targets the P6a 

and P6b domains of the gI intron (269), and (iv) Probe 3 (domains P3 and P4) targets a heavily 

base-paired region likely in the interior of the molecule and thus relatively hindered (295).  
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Figure C.5. iRS3 can capture difference in accessibility along the length of the wild-type 

group I intron. (A) Fluorescence shifts resulting from probing different regions along the 

length of the group I intron. (B) Map of the wild-type Tetrahymena gI intron marked with 

the relative accessibility for regions as determined by comparison of their fluorescence 

shifts. The data is separated into two general categories with regions showing protection 

(blue) or higher accessibility (red). Regions whose fluorescence shift mean falls within 

one standard deviation of the median in Panel A were marked in gray. (C) Footprinting 

data for regions assayed by probes. In vivo DMS data, performed as part of this work, 

was discretized by considering the normalized DMS reactivity values between 0.5 and 

1.5 as mildly protected (gray), values below 0.5 as protected (blue) and values over 1.5 as 

exposed (red). The in vitro DMS and hydroxyl radical footprinting data was adapted from 

using an equivalent discretization scheme. All chemical reactivities were normalized by 

the global average reactivity. The same general color scheme used in (B) is used in (C) 

where red indicates a more exposed nucleotide, blue a more protected nucleotide, with 

gray in between. Nucleotides marked in white indicate that the footprinting method is not 

capable of detecting accessibility for this nucleotide.  
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By selecting these key areas, we anticipated a wide representation of accessible and 

inaccessible regions as well as biologically-relevant areas within the intron. 

As shown in Figure C.5A, we observed meaningful differences in the accessibility 

of the ten regions probed. We calculated statistical error using the standard error of the 

mean (SEM) for the fluorescence shift, as propagated from the SEM of multiple 

determinations (≥ 4) of fluorescence at non-inducing and inducing conditions. We 

determined that accessibility of regions was significantly different from each other when 

the error bars on the fluorescence shifts did not overlap. Then we categorized each region 

as exposed, protected, or in between based on their corresponding fluorescence shifts 

(Figure C.5B).  

To explain the general accessibility of each target region, we conducted an in vivo 

DMS footprinting analysis covering approximately 92% of the entire intron (except about 

35 nucleotides at the 3’ and 5’ ends of the intron). Additionally, we compared the iRS3 

results to structural studies of the group I intron reported in the literature (265, 269, 301, 

302). A particularly useful study was performed by Russell and colleagues when they 

explored the structure of the group I intron using DMS footprinting and hydroxyl radical 

footprinting in vitro (302). We found reliable consistency between in vivo and in vitro DMS 

footprinting of the group I intron structure when looking at the overall protection level of 

each area targeted by our different probes (Figure C.5C). In general, our iRS3 reporters 

show some agreement with the in vitro hydroxyl radical footprinting (302) and DMS 

footprinting data (Figure C.5). Specifically, the region targeted by Probe 5 appear to be 

protected, Probes 4 and 6 targeted regions appear to be moderately protected and exposed 

respectively and, Probes 7 and 8 regions appear to be more exposed when doing a 

qualitative assessment of all three footprinting patterns (Figure C.5C). Overall, we noted 

two major differences when comparing Figures C.5B and C.5C.  
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First, in general the footprinting results generally estimate an overall higher 

exposure level (Figure C.5C) for the region targeted by Probe 9 than iRS3 determinations 

(Figure C.5A). This difference is likely due to the region being a stable and heavily based 

paired helix (31) potentially more difficult to be disrupted by oligonucleotide hybridization 

than modified by chemical probes. The discrepancy between hydroxyl radical footprinting 

and iRS3 is reasonably logical given that hydroxyl radical footprinting cleaves the RNA 

phosphodiester backbone and this cleavage is less influenced by base pairing in the intron 

structure (1,39). While DMS footprinting identified a few exposed nucleotides in the probe 

9 target region, this region has enough protected and undetermined nucleotides to preclude 

drawing conclusions about the global region’s accessibility from in vivo DMS. These 

findings strongly suggest that the iRS3 is a measure of global accessibility that may provide 

different information, specifically, how available an entire region is to form base pairing 

interactions.   

Second, iRS3 accessibility results for the region assayed by Probe 3 appear to 

contradict all footprinting studies in general (Figure C.5 and Figure C.6A). We reasoned 

that the greater accessibility of this region to the IRS3 reporter could reflect an ability of 

the probe to interact with folding intermediates in which the complementary segment of 

the intron is exposed. This hypothesis was supported by previous findings that transitions 

from some folding intermediates to the native form require transient disruption of the long-

range P3 base pairs (303, 304). Upon P3 disruption, the 5´ strand of P3 is expected to be 

accessible to probe 3, while the 3´ strand most likely forms the alternative base pairs alt P3 

(305, 306). To test whether the accessibility of probe 3 depends on exposure of the P3 

region, we split up the targeted area into two shorter target sequences: P3 (nt 95-104 

targeted by Probe 3a, 10 nucleotides) and P4 (nt 104-112 targeted by Probe 3b, 9 

nucleotides) (Figure C.6B). After demonstrating that these shorter probes bound to the 
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group I intron in vitro, we incorporated the probes into the iRS3 construct.  Interestingly, 

Probe 3a showed an even higher fluorescence shift than Probe 3 while Probe 3b displayed 

no fluorescence shift (Figure C.6C). We conclude that indeed, the high accessibility to 

probe 3 likely arises from interaction with the 5´ strand of P3, probably because the probe 

is able to interact with and trap partially-folded intermediate (see Discussion).  These 

results also confirmed our ability to obtain higher structural resolution in our system when 

using shorter probes. 

Figure C.6. iRS3 differs from in vivo DMS footprinting findings in the P3 domain of the 

gI intron.  Panel (A) shows a relatively low DMS reactivity for the 5’ strands of domains 

P3 and P4 in the gI intron suggesting an overall protected area. The upper plot is a 

representative footprinting pattern where the dashed box represents the region of interest. 

The lower plot is a subtraction between “DMS” and “no DMS” band intensities averaged 

for two independent determinations. Panel (B) illustrates the Probe 3 target area, where 

dash lines indicate the target segments of each probe and the letter “P” followed by a 

number indicates the different structural domains. Panel (C) shows the fluorescence shift 

for Probe 3 (domains P3 and P4) and shorter versions Probe 3a (domain P3) and Probe 3b 

(domain P4). 



 138 

iRS3 can discriminate between group I intron mutants  

We also examined if our system could be used to assay structural differences 

between RNA variants. For these experiments, we compared the wild type gI intron to two 

intron variants, the quintuple mutant and the A-rich bulge mutant (299). The quintuple 

mutant contains mutations in five critical tertiary contacts (Figure C.2) that are known to 

be highly disruptive to the tertiary structure and catalytic activity of the intron (300). Based 

on this, we hypothesized that the quintuple mutant would exhibit significant differences in 

accessibility using the IRS3 relative to the wild-type intron (300). Given that most of the 

targeted regions of the intron remained unaltered (at the primary sequence level) in the 

quintuple mutant, we used the same library of probe reporters designed for the wild type 

gI intron. As for the A-rich bulge mutant, it is a milder variant than the quintuple mutant 

as it disrupts only one tertiary contact (P5a, Figure C.2).  

As shown in Figure 7, expression of the quintuple mutant results in significantly 

different shifts in fluorescence (marked with asterisks) relative to the wild type intron for 

a large number of probes (See also Table C.2). From these results, we learned that several 

areas of the intron become accessible to oligonucleotides in vivo (e.g. domains P1 (Probe 

1), P3-P4 (Probe 3), and P6ab (Probe 7)), while others become more protected as a result 

of the quintuple mutations (e.g. domain P2.1, corresponding to Probe 2). Furthermore, the 

increase in fluorescence observed in the quintuple mutant relative to the wild type intron 

(~30%) indicates the potential of capturing increased molecular accessibility in the 

quintuple mutant that results from its lack of tertiary structure relative to the wild type 

intron (307).  
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Figure C.7. iRS3 detects different levels of structural disruption in intron variants. 

Structural differences between the wild type gI intron, quintuple mutant, and A-rich bulge 

mutants were measured by calculating the change of the fluorescence shift from the wild 

type. Standard error of the mean (SEM) for the fold change was calculated as propagated 

from the SEM for the fluorescence shifts. Differences in accessibility (compared to the 

wild type) for a given region were considered significant (marked with asterisks) if the 

SEM for the fold change did not overlap with wild type baseline (dashed line).  

Probe 

Wild type A-rich bulge mutant Quintuple mutant 

(-) 

intron 

(+) 

intron Shift 

(-) 

intron 

(+) 

intron Shift 

(-) 

intron 

(+) 

intron Shift 

2 

0.83 ± 
0.003 

1.13 ± 
0.08 0.30 

0.89 ± 
0.02 

1.21 ± 
0.02 0.32 

0.95 ± 
0.08 

0.97 ± 
0.05 0.02 

3 

0.50 ± 

0.02 

1.15 ± 

0.03 0.65 

0.54 ± 

0.01 

1.18 ± 

0.03 0.64 

0.58 ± 

0.01 

1.36 ± 

0.02 0.77 

4 

0.72 ± 
0.01 

1.07 ± 
0.02 0.35 

0.77 ± 
0.01 

1.22 ± 
0.03 0.45 

0.77 ± 
0.01 

1.17 ± 
0.04 0.40 

5 

0.66 ± 

0.03 

0.97 ± 

0.04 0.31 

0.71 ± 

0.02 

1.09 ± 

0.01 0.38 

0.61 ± 

0.003 

0.94 ± 

0.01 0.30 

6 

0.87 ± 
0.02 

1.33 ± 
0.09 0.46 

0.85 ± 
0.03 

1.25 ± 
0.06 0.40 

0.71 ± 
0.06 

1.20 ± 
0.03 0.48 

7 

0.86 ± 

0.01 

1.43 ± 

0.04 0.57 

0.93 ± 

0.01 

1.62 ± 

0.11 0.69 

1.55 ± 

0.01 

2.51 ± 

0.14 0.96 

8 

0.90 ± 
0.07 

1.44 ± 
0.11 0.54 

0.71 ± 
0.02 

1.23 ± 
0.14 0.52 

0.66 ± 
0.02 

1.11 ± 
0.09 0.45 

9 

0.71 ± 

0.02 

0.99 ± 

0.01 0.28 

0.75 ± 

0.02 

1.05 ± 

0.03 0.30 

0.62 ± 

0.04 

0.86 ± 

0.08 0.24 

Table C.2 Fluorescence fold changes 5 hours after induction WT, A-rich, and quintuple. 
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On the other hand, the A-rich bulge mutant shows notable differences mostly 

around the area of mutations, domain P5ac (Probes 4 and 5). The P5abc domain is known 

to be important to the stabilization and catalytic activity of the intron (295), and it is 

plausible that mutations affect tertiary contacts in this local area. It is important to note that 

the 9/10 probes were designed to target regions in the mutants that contain the same 

sequence as the wild type intron.  

  The area targeted by Probe 3 displayed particular differences in accessibility 

between the wild type intron and quintuple mutant. Specifically, Probe 3 showed an 

increased fluorescence shift in the quintuple mutant relative to the wild type intron 

indicating higher accessibility in this region. This was expected given that Probe 3 targets 

domain P3-P4, which does not properly base-pair in the quintuple mutant due to the 

absence of required long range interactions (295, 308-310).   Likewise, we captured 

differences between the wild type intron and the quintuple mutant via IRS3 fluorescence 

shifts in the P6b region (targeted by Probe 7). We expected that the P6ab area would be 

more accessible in the quintuple mutant because this domain normally contributes to a 

tertiary contact that has been mutated in the quintuple mutant (269).  Interestingly, for 

Probe 7, the A-rich bulge mutant shows a milder difference with respect to the wild type 

than the one shown for the quintuple mutant. This finding supports the iRS3 sensitivity to 

discriminate more subtle structural differences.  

Discussion 

In this work, we have combined the traditional idea of using nucleotide accessibility 

as a measure of RNA structure (265, 295) with a genetically encoded biosensor to sense 

that availability. The novelty of our approach lies in the creative implementation of oligo-

hybridization probing directly in living cells. In this work, we demonstrated the potential 
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of the iRS3 to be used as a powerful tool in the study of RNA structures in vivo. First, we 

showed the ability to capture differential structural accessibilities (as defined by base 

pairing interactions) with high specificity within various local regions throughout the 

Tetrahymena gI intron. We also established the ability of the iRS3 to capture structural 

differences between two variants of the intron. Finally we have also showcased the ability 

of the iRS3 to sense milder mutations as it is the case of the A-rich bulge mutant with 

respect to the quintuple mutant.  

Despite the fact that most of the regions of the gI intron exhibited similar structural 

behaviors in vivo and in vitro, for this stable model intron, we discovered some regions that 

behave differently when probed using oligonucleotides in living cells. The most 

unambiguous example of regions that behave differently when probed with the iRS3 in vivo 

was the region P3 (assayed by Probe 3), which appeared significantly more accessible by 

oligonucleotide hybridization in vivo, relative to all three standard techniques: in vitro 

hydroxyl radical footprinting and, in vitro and in vivo DMS footprinting techniques. This 

difference could exist because the misfolded RNA is not at a high enough concentration to 

be detected by classical primer extension, but is detectable through oligonucleotide 

probing.  

Figure C.8 illustrates the fundamental differences in using oligonucleotide probes 

vs. small molecules for in vivo RNA structural probing that can explain increased 

sensitivity to the detection of low abundance intermediates in our iRS3 approach. We 

illustrate the simplest case of a two state folding equilibrium system to represent the 

dynamics of folding in a region (Region X) presumed to be mostly protected (State 1). 

However, as expected given dynamic folding equilibrium, other structural conformations 

are also observed. These structures may be more exposed (e.g. State 2), but appear at a 

lower frequency (indicated by the larger equilibrium arrow pointing to State 1, Figure 
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C.8A). Based on these dynamics, the potential of modifying Region X (during its less 

favorable but more accessible equilibrium states) by a small molecule like DMS is rather 

low (Figure C.8B).  

Figure C.8. Oligonucleotide vs. small-molecule in vivo structural probing.  (A) 

Equilibrium between two conformations of the target RNA. The conformation on the left 

(State 1) exhibiting relative protection for Region X is more favorable. The less favorable 

alternative conformation (State 2) on the left exhibits increased exposure of Region X. 

The equilibrium arrows indicate the relative abundance of each state. (B)  The addition of 

a small-molecule to react with the target RNA results in single-hit kinetics where, on 

average, at most one specific A or C nucleotide is modified per molecule (“X” 

representing site of modification); the figure illustrates the low likeliness of modifying 

nucleotides within Region X. Equilibrium shown is same as described above. (C) An 

oligonucleotide has an increased probability to hit and bind Region X as it bares full 

base-pairing complementarity to Region X. Additionally, the oligonucleotide can benefit 

from capturing the less-favorable State 2 by locking the target RNA at the more exposed 

conformation, shifting the equilibrium towards the less favorable alternative 

conformation (illustrated by the longer blue arrow, relative to panels A and B).  

This is due to the intrinsic single-hit kinetics of these chemical probing approaches 

that result in, at most, one modification per molecule. These modifications can happen at 

any cytidine or adenosine of the molecule not specifically within the target region. In 
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contrast, an oligonucleotide that has strong complementarity for a target region can bind 

with high specificity to its target. This oligonucleotide-target interaction can lock less-

favorable structures in that state, shifting the equilibrium towards less abundant 

conformations and giving a signal for exposure that is larger than the exposure of the region 

in the absence of probe, when exposure is considered as a fraction of the RNA population 

(Figure C.8C). We suggest that this process underlies the ability of iRS3 to capture the 

presence of low level folding intermediates that are accessible to probe 3, whereas these 

intermediates are not observed in the steady state by DMS or hydroxyl radical footprinting 

methods (269, 305). The ability of the iRS3 to capture folding equilibrium intermediates of 

importance to the RNA folding pathway makes it a useful complement to current in vivo 

small-molecule based structural probing approaches.  

We believe that the structural information gained from the iRS3 can enrich in vivo 

RNA structural studies for a couple of reasons. First, the ability of the iRS3 to capture 

folding equilibrium intermediates of the RNA folding pathway makes it a useful 

complement to current structural probing approaches. Second, iRS3 probing provides a 

fundamentally different measure of structural accessibility than chemical methods, namely 

that accessibility of a region can be interpreted as the availability of a given region to 

participate in interactions with other macromolecules (i.e. DNA, RNA).  Given these 

capabilities, potential applications of the iRS3 include detecting alternative structural 

conformations, and observing the structural effects of tuning RNA-RNA interfaces using 

mutations. 

Another major appeal of this in vivo oligonucleotide-based structural probing 

approach is the ability to design the central riboregulator of the system to sense any target 

RNA in a rational way. Simple manipulation of the iRS3 plasmid (e.g. making plasmid 

compatible for golden gate cloning) should make the system highly amenable to insert any 
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probe of choice. Although this system could be incorporated in other organisms beyond E. 

coli, further studies are required to determine if the iRS3system can detect RNAs at native 

levels. Given these advantages, our method has the potential to provide a relatively easy-

to-use platform to capture dynamic structural changes in a wide range of RNAs within 

living systems.   
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