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1 Summary 

Information storage and processing in bacteria are mediated by cellular networks. While 

molecular details underlying the functioning of many bacterial networks are well known, the 

constraints under which their organization and regulation were optimized during evolution remain 

less understood. In this study, we approached the problem from two related angles. First, we 

investigated the limits of proteomic resource allocation to a cellular function, using the Escherichia 

coli (E. coli) motility pathway as a model system. Second, we explored the limits of network 

robustness to changes in the relative abundance of its components (i.e., stoichiometry), with the 

E. coli chemotaxis pathway serving as a benchmark example of a simple, well-characterized 

signal transduction network. 

To comprehensively characterize the motility-growth trade-off over a wide range of 

flagellar expression levels, we quantified the relation between the expression of flagellar genes 

and motile behavior, as well as the impact of motility on the growth fitness of E. coli. We further 

compared strategies of resource investment used by a number of laboratory strains and natural 

isolates of E. coli. We demonstrate that major limitations on resource investment in motility, at 

both high and low levels of gene expression, arise from hydrodynamic constraints on bacterial 

swimming. Although bacterial motility initially increases with the investment in the expression of 

flagellar genes, it saturates at high levels of expression despite further elevation in the number of 

flagella. Mathematical modelling suggests that this saturation is due to the physical limitation on 

E. coli’s ability to enhance its swimming by adding more than a certain number of flagella. 

Together with the fitness cost of flagellar biosynthesis and operation, this creates the 

physiologically relevant range within which the expression level of flagellar genes can enhance 

motility at the cost of growth fitness. 

Within this range, strategies of resource allocation towards motility depend on the medium, 

growth rate, and E. coli isolate. In the nutrient-rich medium, E. coli MG1655 and other tested K-

12 strains appear to maximize their motility up to the physical limit while avoiding an excessive 

cost of expression beyond this limit. Motility-growth trade-off is also observed during carbon-

limited growth, where motility is not maximized, but instead varies inversely with growth rate and 

appears to correlate with the level of motility at which the benefit of chemotaxis toward additional 

nutrients saturates. Furthermore, the expression of flagellar genes becomes bimodal at very low 

expression levels, possibly to avoid the production of poorly motile cells. Finally, the motility of 

natural E. coli isolates is limited to the same range as observed in K-12 derivatives, although its 
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levels vary between isolates and, in some cases, are sensitive to the mechanical properties of 

the growth environment – probably reflecting the niche-specific selection. 

To address the second question, we constructed a library of the E. coli chemotactic 

pathway, in which we systematically varied the expression levels of individual genes using the 

ribosome binding sites (RBSs) of different strength, and estimated the functionality of multiple 

pathway variants. By connecting operon compositions of the candidates to their phenotypes, we 

revealed several prominent patterns underlying their performance (i.e., the ability to spread in soft 

agar). In particular, the expression levels of the regulatory proteins CheR and CheZ, which 

modulate the activity of the input (CheA) and output (CheY) modules of the network – appeared 

to have the strongest impact on pathway functionality. Besides, while the coordinated expression 

of antagonistic components – previously shown to be critical for the pathway functionality – did 

play a role, it was not essential, suggesting that overall pathway performance may involve higher-

order interactions that remain to be explored. 
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2 Zusammenfassung 

Informationsspeicherung und -verarbeitung in Bakterien werden durch zelluläre 

Netzwerke vermittelt. Während die molekularen Details der Funktionsweise vieler bakterieller 

Netzwerke gut erforscht sind, sind die Bedingungen, unter denen ihre Organisation und 

Regulation im Verlauf der Evolution optimiert wurden, weniger gut verstanden. In dieser Studie 

haben wir uns dem Problem aus zwei verwandten Perspektiven genähert. Erstens untersuchten 

wir die Grenzen der proteomischen Ressourcenallokation für eine zelluläre Funktion, wobei wir 

den Motilitätsweg von Escherichia coli (E. coli) als Modellsystem verwendeten. Zweitens 

erforschten wir die Grenzen der Netzwerkrobustheit gegenüber Veränderungen in der relativen 

Häufigkeit seiner Komponenten (d.h. der Stöchiometrie), wobei der Chemotaxisweg von E. coli 

als Beispiel für ein einfaches, gut charakterisiertes Signaltransduktionsnetzwerk diente. 

Um den „Trade-off“ zwischen Motilität und Wachstum über einen breiten Bereich von 

Flagellen-Expressionsniveaus umfassend zu charakterisieren, quantifizierten wir den 

Zusammenhang zwischen der Expression von Flagellengenen und dem Bewegungsverhalten 

sowie den Einfluss der Motilität auf die Wachstumsfitness von E. coli. Darüber hinaus verglichen 

wir Strategien der Ressourceninvestition, die von verschiedenen Laborstämmen und natürlichen 

Isolaten von E. coli genutzt werden. Wir zeigen, dass erhebliche Einschränkungen bei der 

Ressourceninvestition in die Motilität – sowohl bei hoher als auch bei niedriger Genexpression – 

aus hydrodynamischen Begrenzungen des bakteriellen Schwimmens resultieren. Obwohl die 

bakterielle Motilität zunächst mit zunehmender Expression von Flagellengenen ansteigt, erreicht 

sie bei hohen Expressionsniveaus eine Sättigung, dabei nimmt die Anzahl der Flagellen weiter 

zu. Mathematische Modellierungen deuten darauf hin, dass diese Sättigung durch eine 

physikalische Begrenzung der Fähigkeit von E. coli verursacht wird, seine Schwimmleistung 

durch das Hinzufügen von mehr als einer bestimmten Anzahl von Flagellen zu verbessern. 

Zusammen mit den Fitnesskosten der Flagellenbiosynthese und -funktion entsteht dadurch ein 

physiologisch relevanter Bereich, innerhalb dessen die Expression von Flagellengenen die 

Motilität auf Kosten der Wachstumsfitness erhöhen kann. 

Innerhalb dieses Bereichs hängen die Strategien der Ressourcenverteilung für Motilität 

vom Medium, der Wachstumsrate und dem jeweiligen E. coli-Isolat ab. In nährstoffreichen Medien 

scheinen E. coli MG1655 und andere getestete K-12-Stämme ihre Motilität bis an die 

physikalische Grenze zu maximieren, während sie gleichzeitig übermäßige Kosten durch 
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übermäßige Genexpression vermeiden. Ein Zielkonflikt zwischen Motilität und Wachstum zeigt 

sich auch unter kohlenstofflimitierten Bedingungen, wobei die Motilität hier nicht maximiert wird, 

sondern umgekehrt proportional zur Wachstumsrate variiert. Sie scheint mit dem Motilitätsniveau 

zu korrelieren, bei dem der Vorteil der Chemotaxis in Richtung zusätzlicher Nährstoffe gesättigt 

ist. Außerdem wird die Expression der Flagellengene bei sehr niedrigen Expressionsniveaus 

bimodal, möglicherweise um die Produktion schlecht beweglicher Zellen zu vermeiden. 

Schließlich ist die Motilität natürlicher E. coli-Isolate auf denselben Bereich begrenzt wie bei K-

12-Derivaten, obwohl sich ihre Ausprägung zwischen den Isolaten unterscheidet und in einigen 

Fällen von den mechanischen Eigenschaften der Wachstumsumgebung beeinflusst wird – was 

vermutlich eine nischenspezifische Selektion widerspiegelt. 

Zur Beantwortung der zweiten Fragestellung konstruierten wir eine Bibliothek des E. coli-

Chemotaxiswegs, in der wir die Expressionsniveaus einzelner Gene systematisch durch 

Ribosomen-Bindungsstellen (RBS) unterschiedlicher Stärke variierten und die Funktionalität 

mehrerer Netzwerkvarianten bestimmten. Durch die Verknüpfung der Operonzusammensetzung 

der Kandidaten mit ihren Phänotypen konnten wir mehrere auffälige Muster identifizieren, die 

ihrer Leistung (d.h. der Fähigkeit, sich in Weichagar auszubreiten) zugrunde liegen. Insbesondere 

die Expressionsniveaus der regulatorischen Proteine CheR und CheZ – die die Aktivität der 

Eingangs- (CheA) und Ausgangsmodule (CheY) des Netzwerks modulieren – hatten den 

stärksten Einfluss auf die Netzwerkfunktionalität. Darüber hinaus spielte die koordinierte 

Expression antagonistisch wirkender Komponenten – deren Bedeutung für die 

Netzwerkfunktionalität bereits zuvor gezeigt wurde – zwar eine Rolle, war jedoch nicht zwingend 

erforderlich. Dies deutet darauf hin, dass die Gesamtleistung des Netzwerks möglicherweise von 

höhergeordneten Wechselwirkungen abhängt, die noch nicht vollständig erforscht sind. 
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3 Introduction 

3.1 Gene and cellular networks – key structural and 

functional units of the bacterial cell 
 

Storage and processing of information by bacteria follow certain rules. As was first 

discovered by Jacob and Monod in their seminal work on the lac operon1,2, genes involved in 

lactose metabolism are controlled by a single promoter and are co-transcribed as a single unit – 

an operon. Such clustering of genes from the same functional group has turned out to be the key 

design principle in the architecture of bacterial genomes. At a cellular level, it provides coordinated 

expression and regulation of genes and helps to maintain stoichiometry3, while reducing the 

regulatory information needed for an optimal expression pattern4. 

Apart from the benefits of co-regulation, there could be several other reasons driving the 

emergence and preservation of operons and clusters during evolution. For instance, according to 

the selfish operon model5, which considered the evolution under the weak selection regime, 

operon structure enables the preservation of function during horizontal gene transfer (HGT) and 

prevents its loss through genetic drift. However, later studies demonstrated that essential genes 

also form clusters6. Besides, no association was found between HGT and the formation of new 

operons4. On the other hand, the persistence model7, which takes into account essential and rare 

genes, suggests that by occupying less space, genes in clusters are less prone to deletions and 

insertions. Interestingly, a theoretical study by Ballouz et al.8 showed that the evolution of gene 

clusters requires a specific set of conditions to be met, namely: a high rate of HGT and a low rate 

of rearrangements (essential conditions for the selfish operon model to work), low number of 

genes in the pathway and a high population size8. 

The interactions between functionally linked genes from single or multiple operons and 

their regulatory elements (transcription factors, promoters, enhancers, etc.) form a gene network. 

Gene networks are one of the main components of a higher-order unit – cellular networks – which 

refer to the interconnected molecular processes, including protein-protein networks, metabolic 

and signaling pathways. Those networks enable the cell to respond to changes in the external 

environment or its internal state, by switching between different genetic programs and producing 

condition-specific sets of proteins that are currently needed. However, cellular networks operate 

in a very noisy environment, resulting from stochastic changes in the components of reactions 

(intrinsic noise) and overall fluctuations in cellular components (extrinsic noise)9,10, with the latter 
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being the major contributor to phenotypic variation in E. coli9,11. To produce a proper response, 

networks have evolved to maintain their function under different sources of perturbations – a 

property known as robustness. 

 

 Robustness of cellular regulatory networks 

 

At the level of a network, robustness is defined as the ability to maintain components, 

structure, and function despite both internal fluctuations (noise) and external environmental 

changes12. 

Depending on the scale, two types of robustness can be distinguished: evolutionary 

robustness and regulatory robustness (as discussed in Silva-Rocha and de Lorenzo12). The first 

refers to the insensitivity of a network to mutations, allowing  it to tolerate variations in the 

components without losing the function13,14 via the mechanism of genetic and functional 

redundancy. Although the increase in the number of network variants facilitates noise 

propagation12, redundancy can also enhance information transfer15 and help to keep metabolic 

networks in balance12,16. The second type, regulatory robustness, operates at the level of a single 

cell within one cell cycle. It attributes to the ability of a network to carry out a given function and 

maintain the structure and topology despite variations in the concentration of the network 

components12. Interestingly, a theoretical study14 revealed a non-trivial interconnection between 

two types of robustness. By simulating the evolution of a simple stochastic network, the authors 

hypothesized that for acquiring both evolutionary and regulatory robustness, phenotypic variance 

induced by mutations has to be smaller than biological variance in isogenic population. This 

suggests that genetic robustness evolves only when the noise in gene expression exceeds a 

certain threshold14. 

As it was mentioned above, noise in prokaryotic regulatory networks originates from 

stochastic behavior of the gene expression machinery components, with stochastic effects playing 

a more critical role at a low number of transcription factors. One of the primary mechanisms by 

which biological networks manage noise is their topology. 

3.1.1.1  Network architecture as a mechanism for noise suppression 

 

It has been shown17,18 that certain connectivity patterns, called ‘network motifs’ (Fig. 1), 

recur in different transcriptional regulatory networks at frequencies much higher than those found 

in randomized networks, suggesting an important functional role in information processing. Apart 
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from affecting dynamics and response time19, some network topologies can also suppress noise 

propagation. 

 

Fig. 1. Principal motifs found in transcriptional regulatory networks. a, Feedback loop, where X is a 
transcription factor and Y – effector gene/operon; b, Feed-forward loop with X being a general transcription factor, 
Y – a specific transcription factor, and Z being an effector gene/operon; c (left), the most abundant variant of the 

feed-forward loop where all interactions have a positive sign – type I coherent feed-forward loop. Sx, Sy are the input 
signals (inducers) of X and Y; c (right), a classic example of type I FFL in E. coli – cAMP-CRP-dependent regulation 
of arabinose metabolism20. X, Y, X1-XN, – transcription factors, Y1-YN, Z, W,–effector genes (d-f) (terminology is 

used from18). The figure is Adapted from 12 

 

For instance, the negative autoregulation feedback loop (a subtype of a motif shown in 

Fig. 1a) is usually represented by a transcription factor that downregulates its own production, 

and it controls the expression of more than 50% of transcription factors in E. coli12,21. Since 

transcription factors are the central elements, the hubs, driving cellular decision-making, such 

design keeps their concentration insensitive to noise, thereby limiting the range over which 

concentrations of the network components fluctuate12,22. Besides, negative autoregulation was 

shown to reduce the heterogeneity in gene expression within isogenic population22,23 and to 

transform the distribution of expression levels from bimodal to unimodal23. 

Another network motif that is overrepresented in transcriptional networks is a feed-forward 

loop (Fig. 1b). Here, the general transcription factor X (activated by the input signal Sx) regulates 

the effector gene/operon Z both directly and indirectly, by interacting with a specific transcription 

factor Y (activated by the input signal Sy). This design results in two scenarios: either both X and 

Y are needed to activate Z expression (AND logic), or only one of them is already sufficient (OR 

logic). Depending on the signs of direct and indirect paths, two types of FFL can be distinguished: 
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coherent (same sign) and incoherent (opposite signs)19. A specific variant called the type I 

coherent FFL (where all interactions are positive), which is the most abundant in both E. coli and 

S. cerevisiae20, also plays an important role in noise management. A classic example of type I 

coherent FFL with AND logic is the cAMP-CRP-dependent regulation of arabinose metabolism in 

E. coli (Fig. 1c). It was demonstrated20 that this motif acts like a sign-sensitive delay element: the 

expression of the araBAD operon (Z) is delayed when cAMP (Sx) is present (ON step), but shuts 

down immediately once cAMP disappears (OFF step). This system enables E. coli to filter out 

short-term fluctuations in cAMP concentration, so it only starts consuming arabinose when 

glucose is absent for a prolonged period and prevents cells from superfluous production of 

arabinose utilization proteins when conditions change (i.e., when the starvation signal, cAMP, is 

gone)19,20. Another type I coherent FFL, in which X and Y have an additive effect on Z expression 

(OR logic), was found in the flagellar gene network of E. coli24. Here, the master regulator (FlhDC) 

activates the alternative sigma factor (FliA), and both drive the expression of the genes encoding 

some of the basal body and motor proteins. In this context, the motif prolongs flagellar gene 

expression by introducing a delay at the OFF step lasting for one cell cycle, protecting bacteria 

against the loss of the input signal (deactivation of FlhDC) when conditions suddenly change24. 

On the other hand, the incoherent type I FFL (where X activates Z and Y and Y represses Z)19, 

present in the system involved in galactose metabolism25, generates pulses of the output and 

speeds up the response time. Finally, the abundance of the remaining principal motifs (Fig. 1d-f), 

which are harder to identify by computational algorithms, also suggests their important functional 

role in optimal gene expression, such as detailed temporal control of gene expression (i.e., the 

single input module in the flagellar network)18, clustering of operons into meaningful regulatory 

units (multiple-input modules)18,26, etc. 

 

3.1.1.2  Mechanisms for noise management beyond network architecture 

 

Since the noise level in a network grows with its size and most biological networks are 

quite large, robustness may not always be achieved solely by network topology, implying the need 

for additional mechanisms. Interestingly, a computational study27 demonstrated that depending 

on the type (protein- or mRNA-based) and the level (transcription or translation) of regulation the 

same network architecture (negative autoregulatory feedback loop) can be more or less efficient 

at noise management. In particular, the design variant with mRNA controlling its own translation, 

which is widespread in eukaryotes and is represented by microRNAs binding to introns, was 

shown to be the most efficient in noise suppression. Moreover, another study28 exploring the 
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contribution of post-transcriptional regulation to noise reduction across different organisms 

(bacteria, yeast, and mammals) highlighted the important role of RNA-binding proteins (RBPs) 

and non-coding RNAs in this process. The authors found that RBPs, usually acting as central 

regulators in networks, are expressed at significantly higher mRNA and protein levels, resulting 

in significantly lower protein noise compared to non-RBPs. In addition, the study revealed a crucial 

role for ncRNAs in noise filtering in the networks of E. coli. They are usually involved in 

cooperative interaction with transcription factors through mixed bifan motifs (similar to RBPs in 

eukaryotes) and regulate many feed-forward and feed-back loops – the motifs that inherently 

suppress noise12,18-20. 

Another layer of regulation is provided by posttranslational modifications (e.g., 

phosphorylation, methylation). A remarkable example in this regard is the chemotaxis pathway of 

E. coli, which modulates bacterial motility enabling them to navigate spatiotemporal chemical 

gradients29-32. E. coli, as many other bacteria, swims by rotating the long filamentous structures 

called flagella, which are powered by the proton motive force33,34. The directionality of rotation is 

reflected in two different modes of movement – smooth swimming (run, counter-clockwise 

rotation), and random reorientations (tumble, clockwise rotation), so that their motion resembles 

a random walk (Fig. 2A). However, in the presence of gradients the frequency of switching 

between the two modes changes, resulting in a biased random walk (Fig. 2A), and this function 

is performed by the chemotaxis system. The chemotactic pathway of E. coli is one of the most 

explicitly studied signal transduction networks30,31,35. Its upstream (signal input) module is formed 

by the chemotactic receptors with different ligand specificity that are coupled to the histidine 

kinase CheA via the adaptor protein CheW (Fig. 2B). 
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In the absence of gradients, an activated (autophosphorylated) CheA phosphorylates the key 

component of the downstream (output) module – the response regulator CheY – which binds to 

the flagellar motor and shifts its rotational bias toward the clockwise direction, increasing the 

tumbling frequency36. The activity of CheY is additionally regulated by the phosphatase CheZ, 

 

Fig.2. Chemotaxis system of E. coli. A (top), E. coli swims by rotating its helical flagellar filaments 

powered by proton motive force, which results in two modes of movements: smooth swimming (runs) 
and random reorientations (tumbles). A (bottom), A schematic representation of swimming trajectories 
in the absence (random walk) and the presence (biased random walk) of gradients. B, A schematic 
overview of E. coli’s chemotactic network. In the absence of ligands (green polygons), histidine kinase 
CheA (A) gets activated upon autophosphorylation (Ap) and phosphorylates the response regulator 
CheY (Y, Yp). Phosphorylated CheY (Yp) binds to the flagellar motor and shifts its rotational bias toward 
the clockwise (CW) direction, which results into an increased tumbling frequency. Two counteracting 
partners – methyltransferase CheR and methylesterase CheB – form adaptation module of the system 
and, together, fine-tune the activity of receptors. 
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which enhances the rate of its dephosphorylation. The crucial element connecting the input and 

output of the system is the adaptation module, which is formed by methyltransferase CheR and 

methylesterase CheB, with the activity of the latter being enhanced by CheA (Fig. 2B). Together, 

these counteracting partners fine-tune the activity of receptors: methylation facilitates CheA and 

CheY phosphorylation leading to an increased tumbling rate, which prevents receptors from 

inactivation upon ligand binding and allows bacteria to adapt to saturating concentrations of the 

attractant. This phenomenon is known as sensory adaptation37. 

Interestingly, as was shown in the classical studies on this matter37,38, this adaptation 

module enables the network to keep some of its key properties, such as the precision of 

adaptation, robust against variations in biochemical parameters (protein concentrations). 

3.1.1.3 Benefits of noise 

Although in the majority of cases, noise has a negative impact on the network 

performance, suppressing it is not the only evolutionarily selected scenario. Instead, regulatory 

noise has been preserved over the years of bacterial evolution, implying that under certain 

conditions it may have a beneficial effect on organismal fitness. For instance, stochastic noise is 

the only solution when it comes to extreme perturbations in functioning of large networks, 

changing lifestyles and switching of cell fate (see Silva-Rocha and de Lorenzo12, Norman et al.39 

for the reviews). While sometimes, stochastic switching itself can promote a long-term 

heterogeneity as in the classic example40 of β-galactosidase production at low levels of inducer, 

many stochastic switches are connected to certain regulatory architectures that reinforce the 

commitment39. 

One of the most widespread mechanism relies on bistable switches, which bring the 

system to two alternative stable steady states, making intermediate states inaccessible. The 

famous example of bistability is the developmental switch of phage λ41, which is controlled by the 

double negative feedback loop consisting of two repressors: CI and Cro. An increased production 

of CI results in strong Cro repression and locks the cell in the lysogenic state. In the opposite 

scenario, when Cro becomes prevalent, it blocks CI expression both directly and indirectly, by 

inhibiting the expression of a positive CI regulator, CII, forcing the phage to follow the lytic cycle42. 

Another remarkable example, where bistability provides a clear fitness benefit is the regulation of 

motility in Salmonella enterica43-45. Contrary to other bacterial species, S. enterica utilizes motility 

primarily for efficient host colonization rather than foraging, so the expression of flagellar genes 

is activated by nutrients availability. However, since flagella bear strong antigenic properties46, 

the environment-specific control of its production is crucial for the survival of bacteria. Flagellar 
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genes in Salmonella (as in its closely related E. coli) are organized in a hierarchical manner47-50. 

Class I genes produce the master regulator (FlhDC), driving the expression of the downstream 

genes (class II) and the alternative sigma factor FliA (σ28) which activates the expression of the 

late (class III) genes, including the structural component of the flagellar filament –flagellin (fliC). 

In this system, bistability is governed by an intricate double negative feedback loop between YdiV 

(the repressor of FlhDC) and FliZ (the repressor of YdiV), which locks the system in non-motile 

(high YdiV) or motile (high FliZ) states44. This nutrient-sensing switch allows Salmonella to 

dynamically adjust the fractions of invaders (motile) and reservoir (non-motile) cells promoting 

efficient host colonization and protection from the host immune system45. 

Another regulatory architecture is commonly based on the linked positive and negative 

feedback loops, and it generates the so-called ‘excitable systems’, characterized by three defined 

states: rest, excited and refractory. While spending most of the time in the rest state, large 

perturbations of deterministic (external signals) or stochastic origin push the system to the excited 

state. However, the slower-acting negative feedback loop gradually makes the excited state less 

stable. An example of the excitable system is the competence state in B. subtilis51, which occurs 

naturally in a minor fraction (~10%) of population upon entering a stationary phase. Competence 

is governed by the master regulator ComK, whose expression is regulated through the 

coordinated action of a fast positive and a slow negative feedback loop. 

While the mechanisms of cell fate determination described above generate phenotypic 

heterogeneity in isogenic populations, sometimes bacteria can also introduce reversible changes 

to their genome, known as ‘phase variation’39. The well-studied examples of this behavior include: 

the induction of swarming motility in B.subtilis by frame-shift mutations52, the regulation of 

alternate flagellin expression in S. typhimurium by promoter orientation53, the activation of fimbrial 

adhesins (type I fimbria) in pathogenic E. coli strains by site-specific recombination54, and the 

production of another surface adhesin, Antigen 43, governed epigenetically by DNA methylation55. 

 The role of stoichiometry in pathway functionality 

Although bacteria have evolved numerous mechanisms to suppress or exploit noise in 

their regulatory networks, there is a limit to the changes that the networks can handle. An 

important parameter contributing to functionality is stoichiometry, defined as the relative 

abundance of network protein components. One of the most prominent examples where proper 

stoichiometry is essential for function is the formation of ribosomes. In a nutshell, bacterial 

ribosome assembly involves the formation of functional small (30S) and large (50S) ribosomal 

subunits from their constituent ribosomal RNAs (rRNAs) and proteins (r-proteins) via an 
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alternating series of RNA conformational changes and protein-binding events (extensively 

reviewed in Shajani et al.56). While most small (S) and large (L) subunit proteins are essential for 

the ribosome assembly, several proteins that are dispensable for both assembly and translation, 

still contribute to the assembly efficiency, which is reflected in the slow growth phenotype of 

deletion mutants56. As was demonstrated long time ago, sudden overexpression of one r-protein 

repressed expression of the remaining genes in that operon (discussed in Zengel et al.57). This 

elegant control mechanism is based on autogenous translational repression, where 

unincorporated r-proteins block ribosome access to their own mRNAs by binding to specific sites 

that mimic rRNA target sites58,59. 

A remarkable study by Lalanne et al.60 demonstrated that in-pathway stoichiometry is 

quantitatively conserved across diverse bacterial species (E. coli, B. subtilis, V. natriegens, and 

C. crescentus) and even across prokaryotes and eukaryotes (budding yeast). By systematically 

analyzing protein stoichiometry for 21 ancient pathways, which have undergone over 2 billion 

years of evolution in the exemplary bacterial species, the authors showed that the majority of 

proteins had less than a twofold deviation in their relative in-pathway abundance and overall more 

than 86% of gene clusters shared between E. coli and B. subtilis produced conserved protein 

stoichiometry. Interestingly, the authors revealed that structural and regulatory remodeling of 

pathways in different bacteria is compensated post-transcriptionally via species-specific 

regulation, while RNA polymerase readthrough at transcription terminators serves as a general 

mechanism for tuning the expression of neighbouring genes. Moreover, another study61 revealed 

that the length and function of operons impose major constraints on the control of operon 

stoichiometry. A quantitative analysis of E. coli proteome demonstrated that shorter operons and 

operons encoding subunits of a single protein complex were more tightly controlled for 

stoichiometry than those encoding components of the same metabolic pathway. This difference 

was partially attributed to the shorter gene intervals (distances between adjacent genes) in the 

‘complex’ operons compared to the ‘pathway’ operons, enabling ribosomes to scan along the 

mRNA and initiate translation of the downstream genes (70S scanning initiation). On the other 

hand, the differential expression of enzymes within a pathway was mostly defined by their catalytic 

efficiency, so that the enzymes with lower catalytic efficiency were produced at higher amounts 

than the highly efficient enzymes. Taken together, these data indicated that operon organization 

per se serves as a global regulatory mechanism ensuring the unified transcription of the entire 

operon, while gene-specific translational control, which operates at shorter time scale (< 1 min)62, 

enables the real-time fine-tuning of protein amounts in complexes and pathways. 
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From this perspective, the bacterial chemotaxis pathway provides an interesting example 

of the system that exhibits the features of both a ‘complex’ and a ‘pathway’, with the stoichiometry 

of certain protein components being crucial for its function. 

3.1.2.1 Stoichiometry-function relationship in the bacterial chemotaxis system 

Bacterial chemotaxis system is the sensory component of the cellular motility apparatus, 

which navigates bacteria through the environmental gradients. While its working principle has 

been discussed already in relation to the network robustness (Section 3.1.1.2, Fig. 2), this section 

mostly focuses on the stoichiometry and the mechanisms underlying its maintenance in the most 

extensively studied model—the E. coli chemotaxis pathway29,30,35,63. 

The chemotaxis pathway of E. coli consists of five transmembrane receptors with different 

ligand specificities and six core proteins: the receptor-coupled histidine kinase (CheA), the 

adaptor protein (CheW), the response regulator (CheY) and its phosphatase (CheZ), as well as 

methyltransferase (CheR) and methylesterase (CheB), which together form the adaptation 

module. Ligand binding to the receptors modulates autophosphorylation activity of CheA via the 

adaptor protein CheW. The activated CheA (CheA-P) phosphorylates CheY (CheY-P), which 

binds to the flagellar motor and controls the direction of its rotation. To adapt to constant 

stimulation, cells modulate receptor methylation levels, with highly methylated receptors 

exhibiting increased efficiency in kinase activation. 

In the chemotactic signaling complex, receptors and chemotactic proteins are present at 

different amounts64. The basic unit of the complex is formed by the trimer of chemoreceptor 

dimers, a dimer of CheA, two CheW monomers, 2.4 CheY, 0.5 CheZ dimers, 0.08 CheB, and 

0.05 CheR (Fig. 3). CheA kinase exists in two forms: the "long" form (CheAL) that activates CheB 

and CheY, and the truncated "short" form (CheAS) that lacks the phosphorylated histidine and 

binds to CheZ. While the absolute abundance of individual components can vary up to 10-fold 

under different growth conditions, the stoichiometry of the complex remains almost constant64, 

indicating its high functional importance. 
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As was first demonstrated in the classic work by Alon et al.37, variations in the 

concentrations of individual chemotactic proteins changed certain properties of the network, 

namely, steady-state tumbling frequency and adaptation time. Nevertheless, the ability of the 

network to adapt its behavior (tumbling frequency) to the pre-stimulus level – called exact 

adaptation29,65 – remained unaffected and was attributed solely to the network architecture, as 

suggested by earlier theoretical model38. Furthermore, later studies66-68 showed that while the 

system’s output (tumbling frequency/chemotaxis efficiency) is robust against the concerted 

variation in the levels of all core proteins (primarily due to the balanced enzymatic activities in the 

pathway), it is much more sensitive to the uncorrelated changes in concentrations of individual 

components66,67. On the other hand, the coordinated changes in the expression of the response 

regulator CheY and its counteracting partner CheZ revealed even greater pathway resilience than 

predicted from the network topology66. 

This precise stoichiometry maintenance was partially attributed to the transcriptional co-

regulation of the network’s genes organized in two operons: mocha, which consists of the motAB 

 

Fig. 3. The basic unit of a core signaling complex. Values for the stoichiometry of the complex are expressed as 

molecules per CheA dimer. CheA kinase exists in two forms: a "long" form (CheAL) that activates CheB and CheY, 
and a truncated "short" form (CheAS) that lacks the phosphorylated histidine and binds to CheZ. Adapted from Li 
and Hazelbauer64. 
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genes encoding the subunits of flagellar motor and cheAW, and meche, containing the remaining 

signaling proteins and two chemotactic receptors (Fig. 4). A strong correlation in single-cell protein 

levels observed for certain pathway components (e.g., CheY and CheZ, CheR and CheB)66 was 

further explained by selective pairwise translational coupling between the adjacent genes68. Apart 

from the transcriptional co-regulation67, translational coupling between cheY and cheZ exhibited 

an additional positive effect on the chemotaxis efficiency, highlighting its strong selective 

advantage68. Overall, corroborating the findings of Zhao et al.61 and Lalanne et al.60, pairwise 

translational coupling in the chemotaxis pathway of E. coli is a powerful mechanism of the 

stoichiometry maintenance, whose importance is highlighted by the specific gene ordering in the 

chemotaxis operons of different bacterial species68.  

 

Fig. 4. Chromosomal organization of the chemotaxis operons in E. coli 
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3.2 Economic principles of bacterial networks 

organization 
Microorganisms, like all living systems, must achieve multiple physiological objectives, 

which may change when encountering new environments. Each of the objectives requires a 

specific set of proteins, therefore cells have to constantly track their environment to regulate the 

production levels of each type of protein as needed. To achieve this, they have evolved numerous 

regulatory mechanisms responsible for distributing their limited resources to specific physiological 

functions69,70. Bacteria, including Escherichia coli, have become convenient models to address 

this fundamental resource allocation problem71, with a primary focus on proteome partitioning72-

75. 

 Global proteome resource allocation strategies in bacteria 

Proteins are the most abundant component, accounting for about half of the bacterial cell 

dry mass76. The entire set of proteins, the cellular proteome, is formed by different functional 

groups, with the biggest of them corresponding to translation, central carbon metabolism, folding, 

sorting and degradation, and biosynthesis76,77. As mentioned above, overall protein content 

changes under different growth conditions74,78,79, implying the existence of an interdependence 

between the growth rate and gene expression. A remarkable study72 on this matter first showed 

that allocation of resources into protein biosynthesis in bacteria – using E. coli as a model 

organism – indeed follows certain rules known as growth laws. Based on the model describing 

those laws, the proteome can be divided into three main sectors (Fig. 5A): a fixed core sector (Q), 

comprising essential proteins whose concentration is not affected by growth conditions, and two 

adjustable sectors, with ribosome-affiliated proteins (R) and proteins required for nutrient uptake 

as well as constitutive proteins (P). By growing E. coli under a broad range of carbon-limited 

conditions and estimating the size of different sectors, the authors demonstrated that the fraction 

of ribosomes, represented by the RNA/protein mass ratio, expands with the growth rate, whereas 

the fraction of proteins from the P sector correspondingly decreases (Fig. 5B, Growth law 1). On 

the other hand, perturbing the growth rate by inhibiting translation, revealed another linear 

dependence of the proteome partitioning on the growth rate (Fig. 5B, Growth law 2): the size of 

the R-sector increased proportionally to the degree of translational inhibition, serving as a 

compensatory mechanism for the reduction in cellular translational capacity. 
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Later studies73 uncovered the molecular mechanism underlying those laws and provided 

a more resolved model of the proteome partitioning. In this model, the P-sector was subdivided 

into catabolic, anabolic and uninduced proteins. While the uninduced fraction generally decreased 

with the growth rate, catabolic and anabolic proteins revealed the opposing and limitation-specific 

(carbon/non-carbon) dependencies on the growth rate. The observed trends were ultimately 

explained by an integral feedback system, in which the cAMP signaling—modulated by metabolic 

precursors such as α-ketoacids—coordinated the expression of catabolic, biosynthetic, and 

ribosomal proteins to align with the cell’s metabolic demands during exponential growth. A very 

recent study80 went beyond the E. coli model and tested if those growth laws hold across bacterial 

species using B. subtilis and V. natriegens as exemplary models of the distantly related and the 

fast growing bacterial organisms, respectively. Contrary to what the growth law would predict, the 

faster growth was not driven by higher ribosome fraction, but by the faster enzyme kinetics and 

the increased maximum translational elongation rate (ER), so the maximal growth rate that a 

specie could achieve under certain conditions was shown to be directly proportional to the ER 

across all organisms. 

 

Fig. 5. Bacterial growth laws. A, Different fractions of bacterial proteome: Q – core proteins, whose expression 

does not depend on growth conditions, R, P – adjustable sectors containing ribosome-affiliated proteins (R) and the 
remaining proteins, including constitutive and proteins involved in the nutrient uptake (P). B, Scaling of R and P 
sectors with the growth rate upon nutrient limitation (Growth law 1) and upon translation inhibition (Growth law 2). 
Data are taken from Scott et al.72 



Page | 27  
 

While those investment strategies have been proposed to maximize growth72-74,81, the 

principle does not always apply82,83 and cells may instead prioritize other targets such as energy 

yield or stress response84,85. Furthermore, while previous studies have mostly focused on the 

optimized expression of catabolic72,73,81,83, anabolic73,74 or ribosomal2,73,74 genes, how microbes 

allocate resources to multiple functions that are not directly required for growth remains unclear86. 

The most prominent example of such a costly physiological function is swimming motility. 

 Motility – a costly bacterial function with an indirect relation to growth 

Motility is an important property for most living organisms, including bacteria. It enables 

them to move towards resources, colonize the environment and disperse their progeny (see 

Wadhwa et al.87, Nakamura et al.88 for the review). The most explicitly studied mode of bacterial 

motility is flagellum-mediated swimming33,87-89, driven by the rotation of long helical flagellar 

filaments powered by a motor, which is usually proton-driven34. These filaments can be placed 

over the entire surface of the cell body (‘peritrichous’ distribution) as in E. coli, Salmonella and B. 

subtilis, at the cell poles (‘polar’ distribution) as in V. cholerae90 and P. aeruginosa91,92 or even 

reside within the periplasm as in spirochetes93. 

In bacteria with peritrichous flagellation, the coordinated counterclockwise rotation of 

multiple flagellar motors causes their filaments to form a bundle—called a ‘flagellum’ —that 

generates thrust and propels bacteria in the environment (Fig. 6A). The direction of motor rotation 

is regulated by the chemotaxis system, which results in two modes of motion: smooth swimming 

(runs) and random reorientations (tumbles) (Fig. 6A; for a more detailed description of the 

chemotaxis system and its function see also Fig. 2 and the corresponding section). Given the 

structural complexity of bacterial flagellum, its assembly and operation are precisely controlled 

(Fig. 6B). Flagellar genes (nearly 50 in E. coli) are organized in multiple operons of three 

transcriptional classes that are regulated in a hierarchical manner26 (extensively reviewed in 

47,49,50). Class I master regulator FlhD2C2 activates the expression from class II operons encoding 

flagellar export, basal body components and two antagonistic regulators: FliA (σ28), activator of 

the class III genes and its anti- σ factor FlgM94, which blocks FliA activity ensuring that cells do 

not start producing flagellin (FliC) before the assembly of the hook and basal body (HBB) is 

completed. Once this checkpoint is passed, FlgM is exported out of the cell via type III secretion 

system, so that FliA can activate the downstream genes encoding the components of the filament 

assembly, motor proteins and, at the very last stage, the chemotaxis system. Interestingly, flgM 

is also expressed from class III promoters together with the chemotaxis protein. Its secretion 

chaperone FlgN was shown95 to enhance the translation of class III flgM transcript and promote 
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FlgM secretion, whereas class II FlgM mostly stays in the cell. Thus, class II FlgM acts as a 

checkpoint regulator, while the resynthesis of FlgM after secretion might play a role in preventing 

the over‑activation of the late genes (filament, chemotaxis).  

 

Fig. 6. A, Flagellum-mediated swimming motility of E. coli. Multiple flagellar filaments driven by the motor rotation, 

form a single flagellar bundle called ‘flagellum’. Depending on the direction of rotation (counterclockwise, CCW or 
clockwise, CW) that is modulated by the chemotaxis system, bacteria move in series of ‘runs’ (smooth swimming) 
and ‘tumbles’ (random reorientations). B, Flagellar assembly process on structural (left) and genetic level 

(right).Details are discussed in the text 
 

Such sophisticated control over the flagellar genes ensures not only the coordinated 

assembly, but also serves as an elegant decision-making instrument that allows cells to 

synthesize flagella only under the appropriate conditions. The biosynthesis of the motility 

apparatus (primarily flagellar filaments) consumes several percent of the total cellular protein 

budget in E. coli and other bacteria (2-8% in E. coli, depending on growth conditions)32,70,96-98, 

imposing a major burden on cell growth. Consistent with this high fitness cost, a clear trade-off 

between growth and motility was observed during experimental evolution of E. coli99-101. 
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Similar to catabolic genes from the P-sector of cellular proteome (Fig. 5A, B), the flagellar 

regulon in E. coli is also controlled by cAMP signaling102, such that flagellar gene expression 

increases in minimal medium during  the growth on poor carbon sources in accordance with the 

so-called ‘C-line’75,103 (Fig. 7A). The physiological relevance of such an investment strategy 

remains debated. One proposed explanation is that it ensures an anticipatory allocation of 

resources towards motility, in proportion to the potential benefit of finding additional nutrient 

sources via chemotaxis, which is higher in nutrient-poor environments103 (Fig. 7B). Another, 

related, interpretation is that an increased investment in motility in nutrient-replete conditions may 

promote the chemotaxis-driven range expansion of bacterial populations104. Alternatively, it has 

been suggested that an elevated flagellar gene expression at lower growth rates compensates 

for the changes in the bacterial cell size, in order to maintain a constant minimal number of flagella 

per cell that is needed to keep most of the population motile105 (Fig. 7C).  

 

Fig.7. Resource allocation into flagellar gene expression in E. coli. A, Growth-rate dependent expression of 
flagellar genes shown as activity of tar promoter (chemotactic receptor for aspartate, class III gene). B, C – 
Physiological reasoning behind cAMP-dependent regulation of flagellar genes. B, Explanation 1 (Ni et al.103): under 
carbon limitation, the expression of flagellar genes (activity of flagellin (PfliC) promoter) scales proportionally to the 
potential benefit from chemotaxis (shown as the percentage of wild-type cells in the coculture with non-chemotactic 
mutant ΔcheY in the presence of external nutrient gradients under the non-shaking conditions). C, Explanation 2 

(Honda et al.105): flagellar gene expression is coordinated with growth rate-dependent changes in bacterial cell size 
to maintain a constant minimal number of flagella per cell and keep population motile across different conditions. 
Adapted from Ni et al.103 (A, B) and Honda et al.105 (C).  
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While these interpretations are not necessarily mutually exclusive, they may also be 

affected by the physiology of the particular E. coli strain or by the growth conditions being used. 

Moreover, while these studies primarily focused on explaining the relative growth-dependent 

changes in flagellar gene expression, the dependence of motility on the absolute investment was 

only explored within the range below the native level of flagellar gene expression105. In contrast, 

the factors that determine the upper physiological limit of resource allocation in motility remained 

unknown. 
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4 Aims and scope of the study 

This study aimed to reveal and explore the fundamental constraints that shape the evolution of 

bacterial cellular networks. 

First, we investigated the limits of resource allocation into a function, using the network that 

controls flagellum-mediated motility in E. coli as a model system. While previous studies have 

mostly focused on the investment of proteomic resources into core functions such as metabolism 

and translation, which have a direct impact on growth, how bacteria allocate their limited 

resources to costly and auxiliary functions such as motility remains less understood. To address 

this question, we titrated the absolute expression level of the flagellar regulon – both below and 

above the native level of E. coli K-12 MG1655 – and studied its impact on swimming velocity and 

growth fitness under various growth conditions. We further extended this analysis to natural E. 

coli isolates, in which investment in motility may have evolved under different environmental trade-

offs. 

Second, we studied the limits of network robustness to changes in the relative abundance of its 

components, using the E. coli chemotaxis pathway as a well-characterized, exemplary simple 

network. Although prior studies have shown that overall stoichiometry, and specifically the 

coordinated expression of antagonistic components, is crucial for pathway functionality, this 

question has not been addressed systematically. To vary the abundance of individual chemotaxis 

proteins simultaneously, we constructed a library of pathway variants in which the expression 

level of each gene was independently modulated via ribosome binding sites (RBSs) of different 

strengths. By matching the spreading abilities of candidates from a representative sample – used 

as a readout of pathway functionality – with their operon compositions, we aimed to reveal the 

patterns underlying different spreading phenotypes.
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5 Results 

5.1 Limits of resource investment in bacterial motility 

 Model system 

To investigate how motility and growth depend on the allocation of cellular resource to 

flagellar biosynthesis over a broad range of expression levels, we engineered a derivative of E. 

coli K-12 strain MG1655 with titratable expression of the flhDC operon that encodes the master 

activator of the entire flagellar regulon (Fig. 8A, Table 4). Different from a recent study with a 

similar design based on the Ptet promoter105, we utilized a stronger Ptac promoter inducible by 

isopropyl β-d-1-thiogalactopyranoside (IPTG). To reduce its basal activity, the lacI repressor gene 

was inserted upstream of the Ptac promoter and the strain was transformed with pTrc99a plasmid 

vector carrying another copy of lacI. For comparability and to be consistent with the previous 

work103, other strains were also transformed with pTrc99a. Expression of the flagellar regulon in 

the resulting Ptac strain at different levels of Ptac-flhDC induction was quantified using a green 

fluorescent protein (GFP) reporter for flagellin (fliC gene) promoter activity (PfliC), which was 

previously shown to well reflect the production of flagella in E. coli100,103,106. Reporter activity was 

measured using either a plate reader to follow changes in the mean expression over time (Fig. 

8C), or flow cytometry to determine the distribution of single-cell expression levels within the cell 

population at a defined time point in mid-exponential phase (Fig. 8B). We confirmed that both 

readouts yielded similar results for E. coli cultures grown in nutrient-rich tryptone broth (TB) 

medium, and that our design of the inducible Ptac strain enabled covering the expression levels 

of flagellar genes both well below and well above the native MG1655 (wild-type; MG1655 WT) 

expression (Fig. 8B, C). This is in contrast to the previous study105, which only covered the 

expression range below the native level in strain HE204 that was engineered to have an MG1655-

like regulation of flagellar gene expression104.  
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Fig. 8. Motility gene expression in E. coli K-12 strain MG1655, with native (MG1655 WT) or synthetic (Ptac) 
regulation of flagellar genes used as our model system. A, Schematic representation of the flhDC operon in E. 
coli K-12 strain MG1655, with native (MG1655 WT) or inducible (Ptac) regulation of expression. The native regulatory 
region of the flhDC operon, including the upstream IS1H insertion element, was replaced in the Ptac strain with the 

tac promoter inducible by isopropyl β-d-1-thiogalactopyranoside (IPTG) and a copy of the lacI gene (Lac repressor) 
was inserted upstream of the tac promoter to reduce the basal expression. As done previously103, the expression 
was further reduced in Ptac strain by transforming the pTrc99a plasmid vector carrying lacI; for a proper comparison, 
all K-12 strains also carried pTrc99a. B, Flow cytometry (FC) measurement of PfliC-GFP reporter activity in mid-

exponential cultures of MG1655 WT (IL28, see Table 4) or its Ptac derivative (IL29) grown in tryptone broth (TB) 
medium. Data are for three biological replicates (n = 3) shown in different hues (AU – arbitrary units). Flagellar gene 
expression in the Ptac strain was induced with the indicated concentrations of IPTG. C, Cell growth and PfliC reporter 
activity (GFP/OD600) were monitored in the indicated cultures of MG1655 WT (IL28, see Table 4) or its Ptac 

derivative (IL29) for 24 h by measuring absorbance (OD600) and GFP fluorescence every 10 min in the plate reader. 
Numbers represent the corresponding IPTG concentration for the Ptac strain. Standard deviation is shown by the 
shaded area around the curves (n = 3 biological replicates, mean ± s.d.). The figure is adapted from Lisevich et al.107 
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 Native regulation of flagellar genes in nutrient-rich medium maximizes 

swimming while limiting the cost of expression 

To investigate how motility changes as a function of gene expression below and above 

the wild-type levels, we characterized swimming behavior in populations of MG1655 WT and Ptac 

cells grown in a batch culture for 4-5 generations to the mid-log phase (OD600 = 0.4-0.6) using 

differential dynamic microscopy (DDM)108. We observed that population-averaged cell swimming 

velocity initially increased with expression at low levels of induction, but saturated at high levels 

of expression (Fig. 9A). Notably, this saturation occurred around the level of flagellar gene 

expression seen in the wild-type strain. A similar pattern was observed when either the fraction 

of well-swimming cells within the population, as determined by our motility assay, or the swimming 

velocity of only these cells were plotted individually (Fig. 10 A, B). Notably, although flagellar gene 

expression and motility are well known to be growth-phase dependent in wild-type E. coli 

strains109,110 (Fig. 8C), no apparent effect of sampling OD600 was observed in the narrow range 

used in our experiments (Fig. 10C). 
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Fig. 9. Dependence of motility and its cost on the expression of flagellar genes in nutrient-rich medium. A, 

Dependence of the population-averaged cell swimming velocity, calculated as the product of the swimming fraction 
and the swimming velocity of motile cells, in cultures of the indicated E. coli strains (IL28, IL29, IL121, IL149, and 
IL146) on the activity of the PfliC reporter as determined by flow cytometry. Motility and reporter expression were 
measured separately for each replicate culture (indicated by individual symbols). B, The growth fitness cost of 
flagellar gene expression. Fitness cost was determined as the percentage of cells (in %) of either the MG1655 WT 
or Ptac strain (labeled with CFP; IL26 or IL107, respectively), induced by different concentrations of IPTG in co-
cultures with the non-flagellated ΔflhC strain (labeled with YFP; IL25) after 24 h of growth with shaking (200 rpm) in 
TB medium. The strains were initially co-inoculated in a 1:1 ratio. PfliC activity measured in the plate reader was used 
to plot the data; Shown are the mean values (n = 3; mean ± s.d.) of PfliC activity and of fitness cost measured in three 
independent cultures of individual strains or in co-cultures with ΔflhC, respectively). The figure is adapted from 

Lisevich et al.107 

 

Two other derivatives of E. coli K-12, W3110111 and RP437112 that are both wild-type for 

motility, mapped to the same part of the expression-motility curve as MG1655 WT and were only 

slightly less motile (Fig. 9A), due to the lower fraction of motile cells for W3110 and to the lower 

swimming speed for RP437 (Fig. 9A, B). Although RP437 is commonly studied as a wild type for 

E. coli chemotaxis, its poorer swimming performance may be a consequence of its extensive 

mutagenization112. Consistently, a previous study showed that the motility of this strain can be 
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improved by experimental evolution100. Furthermore, since activity of flagellar regulon is 

counterregulated by the stationary phase sigma factor RpoS (σS)113-115, we also measured the 

impact of the ΔrpoS deletion on the expression-motility relation. Both flagellar gene expression 

and motility of MG1655ΔrpoS were similar to those in the wild-type MG1655 (Fig. 9A and Fig. 

10A, B), suggesting that the well-known rpoS polymorphism among E. coli strains116 is unlikely to 

affect the observed dependence of motility on gene expression in the mid-log phase. 

 

Fig. 10. The effect of flagellar gene expression on growth and motility of E. coli K-12 strains in nutrient-rich 
medium (TB). Changes in the swimming fraction (A) and the swimming velocity of motile cells (B) as a function of 
reporter activity (flow cytometry, FC) measured in the indicated E. coli K-12 strains (IL28, IL29, IL121, IL149, and 
IL146). PfliC activity was determined as median GFP intensity in the whole population (A) or only in GFP-positive 
cells (B) (see Methods for details). The same range of IPTG concentrations as indicated on panels a, b was used to 
induce the expression in Ptac strain. Motility and reporter expression were measured separately for each replicate 
culture (indicated by individual symbols). C, Dependence of the population-averaged swimming velocity on OD600 

for MG1655 WT (IL28) grown in TB medium. The figure is adapted from Lisevich et al.107 

 

Since much of the previous work on the cellular resource allocation in E. coli, including 

investment motility, has been performed under the conditions of balanced growth69,104,105,117, we 
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also measured the dependence of motility on gene expression during balanced growth for 

MG1655 WT and for the lowest and highest induction levels in Ptac strain. These balanced growth 

data mapped well to the expression-swimming curve obtained under batch culture conditions (Fig. 

9C). Most importantly, flagellar gene expression and motility in MG1655 WT mapped to the same 

point where motility plateaus, confirming that our conclusions also hold under balanced growth. 

Furthermore, the overall dependence of motility on expression and the position of MG1655 WT in 

these experiments were not affected by the absence of the lacI-carrying pTrc99a plasmid (Fig. 

9C), although the basal expression in Ptac strain increased as expected. 

We further investigated the cost of motility in a competitive growth assay, as commonly 

done to quantify relative growth fitness of bacteria118, by co-culturing CFP-labeled MG1655 WT 

or Ptac strains with a non-flagellated YFP-labeled ΔflhC strain. The fitness cost of flagellar regulon 

activity over a culture passage was determined as the reduction in relative cell number of the 

tested strain in the co-culture from the initial 50% at inoculation, as done previously100,103. This 

cumulative fitness cost gradually increased with the level of flagellar genes expression over the 

entire range of induction tested (Fig. 9B). Thus, expression of flagellar genes beyond the native 

level in E. coli K-12 strains does not appear to provide any additional benefit, but nevertheless 

imposes an increasing fitness cost. 

 

 Hydrodynamic constraints limit cell velocity at high levels of flagellar 

production 

The saturation of E. coli motility at high levels of flagellar gene expression could be due 

either to some bottleneck in the biogenesis of functional flagella or to limits in the physical 

propulsion by multiple flagella. To distinguish between these two possibilities, we first determined 

how the activity of the flagellar regulon corresponds to changes in flagellation. Staining flagella 

with an amino-specific fluorescent dye119 revealed a clear dependence of the number and length 

of flagella on the expression of the flagellar regulon (Fig. 11A). The average number of flagellar 

filaments per cell showed an approximately linear increase with the activity of the PfliC reporter 

(Fig. 11B, Fig. 12A). The length of flagellar filaments also showed a moderate increase followed 

by an apparent saturation (Fig. 11C, Fig. 12B). These results were consistent with increased 

amounts of intra- and extracellular flagellin, determined by immunoblotting (Fig. 13). Importantly, 

this correlation was observed not only below the wild-type expression levels, as reported 

before105, but also well above those in MG1655 WT. Thus, E. coli cells can synthesize more 
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flagella at levels of flagellar gene expression that exceed those of wild-type cells, but this increase 

does not translate into higher swimming velocity. 

 

Fig. 11. Limitation of E. coli motility at high expression of flagellar genes. A-C, Changes in E. coli flagellation 
with varying expression of flagellar genes. Fluorescence microscopy images of MG1655 WT (IL28) or Ptac (IL29) 
cells grown either without (Ptac0) or with 50 μM IPTG (Ptac50), stained with amino-specific fluorescent dye to 
visualize flagella (A). Corresponding quantification of the number (B, N flagella) and length (C, in µm) of flagella as 
a function of PfliC activity measured by flow cytometry (FC, n = 3 biological replicates, mean ± s.d.). Data from the 
same experiments were used to quantify both the number and length of flagella; n = 106 cells from different fields of 
view (B) and n = 35, 46, 47 flagellar filaments in 10, 20 and 7 cells of MG1655 WT (IL28), Ptac0 and Ptac50 (IL29), 
respectively (C). The analysis of flagellar lengths was done using different numbers of cells to ensure that the number 

of filaments is comparable between conditions (see also Supplementary Fig. 3 for value distributions and significance 
analysis.D, Swimming velocity as a function of the number of flagellar filaments for MG1655 WT (IL28), Ptac0 and 
Ptac50 (IL29) strains, as well as the prediction by the physical model of the multi-flagellated microswimmer. Each 

dot represents an independent biological replicate. The model takes into account that cells with a higher number of 
flagella also have longer filaments, as observed experimentally. The error bars represent the standard deviation 
over n = 5,000 modeled cells with cell body size and motor orientations drawn randomly from expected distributions. 
The number of flagellar filaments in (D) is the average over only flagellated cells for the given strain. The figure is 

adapted from Lisevich et al.107 
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Fig. 12. Distributions of flagellar number and length in the population of MG1655 WT (IL28) and Ptac (IL29) 
strains (0, 50 μM IPTG). Each point on the violin plot is a single-cell measurement of flagellar number (A, n = 106 
cells from multiple fields of view) or length (B, n = 35, 46, 47 flagellar filaments in 10, 20 and 7 cells of MG1655 WT 

(IL28), Ptac0 and Ptac50 (IL29), respectively for the indicated condition. The analysis of flagellar lengths was done 
using different numbers of cells to ensure that the number of filaments is comparable between conditions. Normality 
of means was tested by the Shapiro-Wilk test (P ≤ 0.05 (a), and P ≥ 0.05 (b)). Due to the large sample size (n > 20), 
a two-sided t-test was used for both (A) and (B) to compare the differences between the population means. Since 
the hypothesis of equal variances was rejected (Levene’s test, P ≤ 0.05), we used Welch’s t-test followed by the 
Holm-Bonferroni method to correct for multiple testing, and the adjusted P values (****P ≤ 0.0001) are shown on 
both panels. NF on (a) indicates the fraction of non-flagellated cells for each condition. The figure is adapted from 
Lisevich et al.107  
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Fig. 13. The amount of intra- and extracellular flagellin increases as a function of flagellar gene expression. 

Immunoblotting analysis of flagellin (FliC, indicated by black arrow) in intra- and extracellular fractions of MG1655 
WT (IL28), Ptac (IL29) and ΔfliC (VS575, negative control) cells. Sample volumes were adjusted by OD600 
normalization prior to loading. Membrane staining for total protein was used as a loading control (bottom). MW, kDa 
– band profile of the prestained protein ladder; the black arrow indicates the 70 kDa band which is not visible in 800 
nm channel used for flagellin detection. See Methods for details. The figure is adapted from Lisevich et al.107 

 

Alternatively, this saturation of swimming with flagellar number could be explained by the 

physics of E. coli motility. The hydrodynamics of flagella-propelled bacterial swimming can be 

captured by mathematical models120,121 that consider the balance between the hydrodynamic 



Page | 41  
 

friction forces and torques on the flagellum, obtained from resistive force theory (RFT)122,123, and 

the cell body124,125. Using this force balance analysis Remy Colin built a comprehensive 

mathematical model describing the swimming of a multi-flagellated bacterium (see Lisevich et 

al.107 for the details) assuming that multiple flagella form a tight bundle that rotates to propel the 

cell, with the experimentally determined increase of flagellar length and flagellar number as a 

function of gene expression (Fig. 11B, C). 

 According to predictions of the model (Fig. 11D), the initial increase in swimming velocity 

stems from the increase of flagellar length and the increased thickness of the bundle formed by 

multiple flagella, while the saturation occurs at high number of filaments because the viscous drag 

of the cell body becomes negligible compared to the drag of the flagella themselves. As a 

consequence, any increase in thrust resulting from adding more flagella is offset by an equal 

increase in viscous drag, since the two have identical dependencies on flagellar length and bundle 

thickness. Similar effects are at play upon increased flagellar length in monoflagellated 

bacteria121. The model might overestimate the motility of E. coli with a single flagellum, because 

its assumption of a rigid filament is valid for flagellar bundle but not necessarily for an individual 

flagellum. Besides, it also does not capture all the complexity of flagella bundle hydrodynamics126.. 

Nevertheless, despite its simplifications, our model strongly indicates that the ability of E. 

coli to increase its swimming velocity by increasing the number and length of flagella is indeed 

limited by the hydrodynamics and mechanics of flagellar propulsion in viscous media. 

 

 Flagellar gene expression under carbon-limited growth does not 

maximize motility 

We next investigated whether the C-line-dependent regulation of E. coli flagellar genes in 

carbon sources that support different growth rates103 similarly serves to maximize swimming, or 

to maintain a constant level of motility as suggested before105, or whether it may optimize an 

alternative target. Consistent with previous studies75,102,103, the expression of flagellar genes in 

the MG1655 WT strain grown in the minimal medium was much lower in the presence of a good 

(glucose) than a poor (succinate) carbon source (Fig. 14A). Expression in the Ptac strain at a 

given induction was also lower during growth on glucose, but this dependence was weaker, as 

expected for promoters that are not catabolite repressed127. Importantly, the average swimming 

velocity (Fig. 14B) as well as growth fitness cost (Fig. 14C) in the Ptac strain showed the same 

dependence on flagellar gene expression for both carbon sources in the minimal medium. In the 

previous study105, motility of cells grown on different carbon sources only mapped to the same 

dependence when expression was plotted in units per cell, rather than per biomass, which is likely 
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consistent with our flow-cytometry based measurements that rather reflect the total amount of 

fluorescent reporter protein per cell. 

Different from the growth in nutrient-rich medium, the swimming velocity of MG1655 WT 

cells growing in minimal medium was clearly not maximized and depended strongly on the carbon 

source (Fig. 14B). Similar result was obtained under balanced exponential growth and without 

pTrc99a (Fig. 14B and Fig. 15), which is closest to the experimental conditions used by Honda et 

al.105. Thus, the much weaker dependence of motility on the growth rate reported in that study is 

most likely due to the difference between E. coli strains (see Discussion). 
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Fig. 14. PfliC activity, motility and fitness cost under carbon limitation. A, Flow cytometry measurements of the 
PfliC-GFP reporter of MG1655 WT (IL28) or Ptac (IL29) strains grown to mid-exponential phase in M9 minimal 
medium, with either glucose (left) or succinate (right) as the sole carbon source. Labels for different induction levels 
of Ptac are the same as in Fig. 1B. Flow cytometry histograms of three biological replicates are shown as violin plots 
in different hues (AU – arbitrary units). Horizontal dashed line indicates threshold PfliC activity level for cellular auto-
fluorescence defined as the signal from cells without fluorescent reporter. B, Dependence of the population-
averaged swimming velocity on the median PfliC reporter activity (flow cytometry, FC) for the carbon sources and 
strains indicated in the table below. Each dot represents an independent culture (biological replicate) for which both 
expression (PfliC reporter activity) and swimming were determined. Balanced growth experiments were performed 
with MG1655 WT not carrying pTrc99a (IL182). Flagellar gene expression in Ptac strain was induced as in panel 
(a), with 0 to 25 µM IPTG in glucose and 0 to 10 µM IPTG in succinate. C, Growth fitness cost of motility in M9 

glucose (M9+glu) and M9 succinate (M9+suc). Strains were initially co-inoculated in a 1:1 ratio, and fitness cost was 
determined as the percentage of either MG1655 WT (IL26) or Ptac (IL107) strain (induced with 1-25 µM IPTG in 
M9+glu or 1-10 µM IPTG in M9+suc) (labeled with CFP) in the co-cultures with the non-flagellated ΔflhC strain 
(labeled with YFP, IL25) after 72 h of incubation with shaking (200 rpm). PfliC activity measured in the plate reader 
(PR) was used to plot the data. The mean ± s.d. values (n = 3 biological replicates) are shown. The figure is adapted 
from Lisevich et al.107 
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Fig. 15. Dependence of the population-averaged swimming velocity on flagellar gene expression in the 
cultures of MG1655 WT and Ptac strains with (IL28, IL29) and without (IL182, IL183) an empty pTrc99a vector 
grown in batch (dots) or under balanced exponential growth (triangles), as indicated in the table below. The 

range of IPTG concentrations used for Ptac strain was the same as in Fig.14. Each point is an independent replicate 
culture. The figure is adapted from Lisevich et al.107 

 

Since in minimal media MG1655 WT did not maximize swimming, the native gene 

expression under carbon-limited growth might correlate with the potential benefit that could be 

achieved by performing chemotaxis towards sources of additional nutrients. Indeed, not only cell 

motility but also the benefit of chemotaxis in the presence of nutrient gradients increase in poor 

carbon sources103. Following this previous study, we measured the benefit of chemotaxis by 

providing localized sources of amino acids in co-culture between the Ptac strain (labeled with 

CFP) and its motile but non-chemotactic ΔcheY derivative (labeled with YFP) for different levels 

of flagellar gene induction (Fig. 16). Besides confirming previous finding that such measured 

fitness benefit of chemotaxis was generally higher in the presence of succinate as the primary 

carbon source compared to glucose103, we observed that also the saturation of chemotaxis benefit 

occurred at higher expression levels of flagellar genes in succinate (Fig. 16B). Importantly, the 

point of saturation was close to the native level of expression in the respective carbon source. 
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Fig. 16. Growth fitness benefit of flagellar gene expression in minimal medium. Schematic overview (A) and 
results (B) of pairwise growth competition between chemotactic MG1655 WT (IL26) or Ptac (IL107) strain (induced 
by different concentrations of IPTG) (labeled with CFP) and non-chemotactic ΔcheY strain (labeled with YFP, IL27) 

grown in the presence of localized nutrient source (agarose beads containing 12 % of casein hydrolysate) for 72 h 
without shaking. Strains were initially co-inoculated in a 1:1 ratio, and fitness benefit was quantified as the percentage 
of MG1655 WT or Ptac strain in the mixed population at the end of the experiment (n = 2 biological replicates). PfliC 
activity measured in the plate reader (PR) was used to plot the data (n = 1). Note that a different plate reader was 

used in these experiments, for consistency with a previous study by Ni et al.2 (see Methods). The figure is adapted 
from Lisevich et al.107 

 

 Bimodality of flagellar regulon activity at low expression levels 

Another notable finding was the appearance of two distinct subpopulations, with almost 

negative and strongly positive expression, at low average levels of reporter activity in the Ptac 

strain (Fig. 14A and Fig. 17). Interestingly, this separation is a function of the average reporter 

activity and does not depend on the carbon source (Fig. 14A and Fig. 18), and it was also 

observed at low expression in TB (Fig. 19). In this low expression range, the proportion of positive 

cells in the population increased up to a critical level of expression, after which the distribution 

became unimodal and it was rather the mean of the positive peak that increased with expression 

(Fig. 18). 
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Fig. 17. Flow cytometry measurements of PfliC-GFP reporter activity in the Ptac (IL29) cell population grown 
in M9 succinate. Flagellar gene expression was induced by different concentrations of IPTG (indicated by numbers); 
the Ptac strain lacking the reporter plasmid (VS1683) served as negative control (NC). The vertical dashed line 
indicates the threshold PfliC activity level for cellular auto-fluorescence defined as the signal from cells without any 
fluorescent reporters used to distinguish GFP-positive from GFP-negative cells. The figure is adapted from Lisevich 
et al.107 
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Fig. 18. Percentage of GFP-positive cells within the population of the indicated E. coli strains (IL28, IL29, 
IL164, IL165, IL175, and IL217) as a function of median PfliC reporter activity, both measured by flow 
cytometry as in Fig. 14. Each symbol represents an independent culture, with strains and growth conditions 

indicated in table below. Data are from the batch growth experiments shown in Fig. 9A, Fig. 10C, Fig. 14A, B, Fig. 
15, Fig. 17, Fig.19, Fig.20, and Fig. 21. The figure is adapted from Lisevich et al.107 
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Fig. 19. Distribution of PfliC-GFP activity levels in the population of Ptac (IL29) strain either induced by 3 µM 
of IPTG and grown in M9+glu or non-induced and grown in TB. The figure is adapted from Lisevich et al.107 

 

Flagellar gene expression in MG1655 WT cells grown under our standard conditions was 

above the critical level where bimodal behavior becomes apparent, even in the presence of 

glucose. To determine whether bimodality may also emerge in the wild type, we further reduced 

flagellar gene expression using prolonged growth under catabolite repression in glucose, either 

by starting from a higher (1:1000) dilution of the TB-grown overnight culture or pre-growing the 

overnight culture in glucose (Fig. 20). Indeed, upon such reduction the MG1655 WT cell 

population exhibited a bimodal pattern of expression similar to that observed in the Ptac strain. 

Thus, bimodality appears to depend solely on the expression level and not on the details of 

transcriptional regulation of the flhDC operon, on the growth medium or on the dilution factor. 
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Fig. 20. Distribution of PfliC-GFP activity levels in the population of MG1655 WT (IL28) grown in M9+glu. As 

stated in the legend table, cell cultures were prepared by diluting (1:100 or 1:1000) a TB-or M9 glucose-grown 
(M9+glu) overnight in the target medium. The figure is adapted from Lisevich et al.107 

 

Flagellar gene expression has previously been shown to be pulsatile in E. coli106,128 and 

bistable in the closely related species Salmonella enterica44, and both bistability (in S. enterica) 

and pulsatility (in E. coli) of expression were attributed to negative regulation of FlhDC activity by 

YdiV (RflP)128,129. We therefore tested whether regulation by YdiV could be responsible for the 

emergence of bimodality in our experiments. As expected, the expression level of flagellar genes 

in MG1655ΔydiV strain was elevated, and it was above the bimodality threshold in glucose even 

when the culture was inoculated from TB at a 1:1000 dilution (Fig. 21A and Fig. 18). However, 

the batch culture inoculated from the overnight pre-culture grown in glucose showed the 

expression level that was sufficiently lowered, and two distinct subpopulations could be clearly 

distinguished in both the MG1655ΔydiV and PtacΔydiV strains (Fig. 21A and Fig. 18). 

 



Page | 50  
 

 

Fig. 21. Flow cytometry analysis of PfliC-GFP reporter activity in the populations of the indicated E. coli 
strains under different growth conditions. As stated in the legend table (bottom), cell cultures were prepared by 

diluting (1:100 or 1:1000) a TB- or M9 glucose-grown (M9+glu) overnight in the target medium, as indicated in the 
legend. The figure is adapted from Lisevich et al.107 

 

These data suggest that negative regulation by YdiV is not sufficient to explain the bimodal 

activation of the PfliC reporter. We next investigated the involvement of another negative regulator, 

the anti-sigma factor FlgM that inhibits the expression of class 3 flagellar genes including fliC130. 

The deletion of flgM in Ptac strain expectedly increased the average PfliC activity, and it resulted 

in a broad and only weakly bimodal distribution of expression levels (Fig. 21B). Bimodality could 

no longer be seen in PtacΔflgMΔydiV (Fig. 21C), but the average expression in this strain 

remained high and could not be reduced below the bimodality threshold. Thus, negative regulation 

mediated by both YdiV and FlgM is important for the bimodal expression of flagellar genes, with 

FlgM apparently playing a more important role. 
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 Dynamics of flagellar genes activation at the single-cell level 

This work was done by MtL students Santiago Kuhl (2023) and Ava Jahad Mohammadi (2024) 

under my supervision. All the results presented here were taken from their lab rotation reports. 

To connect the growth condition-specific changes in flagellar genes expression, observed 

at the population level, with the single-cell behavior, we tracked the activation of flagellar genes 

expression in the microfluidic mother machine device shown in Fig. 22A. As a model system, we 

used the strain (IL162, Table 4) carrying the genome-integrated translational mCherry reporter 

downstream the flagellin gene, which was grown in M9 minimal media supplemented with different 

carbon sources (glucose, arabinose, fructose, and succinate). In this device, each channel was 

continuously supplied with fresh medium through an inlet, while the spent medium and cells flow 

out through outlets (Fig. 22A). For the experiment, cells were first pre-grown in the medium of 

choice for 24h. After loading in the device, cells were tracked for 70h by capturing phase contrast 

and fluorescent images every 5 and 10 minutes, respectively. Changes in the cell area and 

fluorescence intensity of a mother cell (Fig. 22B) were used to derive the growth rate and promoter 

activity (Fig. 22C). 
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Fig. 22. An overview of the experimental setup in the mother machine device. A, Schematic representation of 

the microfluidic mother machine device used in this experiment. A single inlet was used to load cells and flow media. 
In the top right, the switching junction of one channel is visible, along with several mother machine chambers within 
this channel, adapted from . B, Each chamber contains traps where cells remain confined, allowing us to track them 

over time. Since our goal was to monitor cells for 70 hours, we focused only on the mother cells, shown in red, 
adapted from Kim et al.106. C, Example of an image time series, showing single-cell fluorescence intensity and cell 

area over the 70-hour experiment. Growth rate and promoter activity were calculated for further analysis. The figure 
and its legend were adapted from the lab rotation report of Ava Jahad Mohammadi (MtL student, 2024). 

 

We observed an initial activation peak occurring across all growth conditions within the 

first ten hours of the experiment, which most likely corresponded to the recovery from the 

stationary phase (Fig. 23A). By quantifying the times between the adjacent peaks in the steady 

state (excluding measurements in the first ten hours), we could see that individual pulses were 

more separated in glucose comparing to other carbon sources, where they were mostly 

overlapping (Fig. 23B), which was also reflected in different pulsing frequencies (Fig. 23B). 

Interestingly, there was no single trend describing the relationship between the pulsing frequency 
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and the growth rate. While the expression dynamics in glucose, the condition with the highest 

growth rate, was characterized by lower promoter activity and separated pulsing events (Fig. 23, 

24), most likely due to the catabolite repression102, for the remaining carbon sources the pulsing 

frequency correlated positively with the growth rate. 

 

Fig. 23. Single cell dynamics of flagellar genes activation. A, Pulsatile pattern of fliC expression across different 

media (each line corresponds to the track of a single cell). Initial activation peak could be observed in the first 10 
hours of the experiment across all carbon sources. B, Distribution of times between adjacent peaks in different 

media. The figure and its legend were adapted from the lab rotation report of Ava Jahad Mohammadi (MtL student, 
2024). 
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Fig. 24. Relative growth rates (A) and pulse frequencies (B) across different carbon sources Relative growth 

rates were derived from the log ratio of the initial and final area in one cell cycle. Pulse frequencies were quantified 
as the number of peaks per cell per h. The figure and its legend were adapted from the lab rotation report of Ava 
Jahad Mohammadi (MtL student, 2024). 

 

Taken together, these single-cell data on the activation dynamics of flagellar genes nicely 

complemented the results obtained in the bulk population measurements, suggesting that 

changes in the expression level across growth conditions originate from the corresponding 

changes in the pulsing frequency in individual cells. Nevertheless, the exact relationship between 

the pulsing frequency and the growth rate remain to be understood. 
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 Activity of the flagellar regulon and motility in natural isolates of E. coli 

Finally, to investigate how investment in motility varies among E. coli strains that may have 

adapted to different ecological niches, we used the ECOR collection, which contains 72 isolates 

from different hosts and geographical regions131. From this collection, we first selected 61 strains 

that were sensitive to kanamycin and thus transformable with the PfliC reporter plasmid, and then 

discarded 23 non-swimming isolates that did not spread in porous (0.27%) TB agar. From the 

remaining 38 spreading isolates, a subset of 24 strains with moderate and good spreading abilities 

was chosen for further investigation (Table 5). Since the presence of pTrc99a had no impact on 

either cell motility or the activity of the PfliC reporter in TB (Fig. 10C), ECOR strains were not 

transformed with pTrc99a. 

Although the majority of ECOR strains grew faster than MG1655 (Fig. 25A) they exhibited 

a similar growth-phase dependence of flagellar regulon activity (Fig. 25B). Therefore, we used 

the same range of OD600 (OD600 = 0.4-0.6) as for MG1655 WT and Ptac to measure their 

expression and swimming. The activity of the PfliC reporter varied widely among the TB-grown 

isolates, yet it was consistently below or similar to that of the MG1655 WT strain (Fig. 25B and 

Fig. 26A). However, the swimming velocity of the majority of ECOR strains grown in liquid TB 

medium was lower than that of MG1655 WT or Ptac strains at comparable levels of PfliC reporter 

activity (Fig. 26A). Since previous studies showed that the motility of several pathogenic E. coli 

strains132 and other bacteria133 can be activated when cells are grown on a surface or in a porous 

medium, we measured the ability of ECOR strains to spread in porous 0.27% TB agar. Indeed, 

the spreading of most ECOR strains, including those that were poorly motile when grown in liquid, 

was comparable to that of MG1655 WT and Ptac (Fig. 26B). 
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Fig. 25. Growth, PfliC reporter activity of MG1655 WT, Ptac and the cohort of 24 natural E. coli isolates. Cell 
growth (A) and PfliC reporter activity (GFP/OD600) (B) for MG1655 WT (IL28) and the indicated ECOR strains grown 

in TB medium. Starting cultures were prepared by dilution (1:100) of a TB-grown overnight. Cells were grown at 
30°C for 24h and both absorbance (OD600) and GFP fluorescence were measured every 10 min in the plate reader. 
Representative data for one biological replicate are shown. 

 



Page | 57  
 

 

Fig. 26. Activity of the flagellar regulon, motility and spreading of MG1655 WT, Ptac and the cohort of 24 
natural E. coli isolates. A, Relation between flagellar regulon activity and motility for representative ECOR strains 
(indicated here and throughout by their number in the collection) compared to MG1655 WT (IL28) and Ptac (IL29) 
strains grown in a liquid TB medium; corresponding inducer concentrations (IPTG, µM) used for the Ptac strain are 
indicated by numbers in red. The same mid-exponential cell culture was used to measure the PfliC reporter activity 
in the plate reader (GFP fluorescence normalized to OD600) and a population-averaged swimming velocity (see 
Methods for details). Each point represents the mean value for both parameters measured in three independent 
cultures of each strain (n = 3), with error bars indicating the standard deviations. B Diameters of spreading zones 
formed by MG1655 WT, Ptac and ECOR strains in porous 0.27% TB agar, measured after 4–5 h incubation at 34 °C 
Bar charts represent the mean diameter across three individual colonies of each strain (overlaid as empty black 
circles) and error bars indicate standard deviations. 
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A possible explanation for this difference could be mechanosensitive activation of flagellar 

genes in cells grown in porous media or on a semi-solid agar surface, where flagella rotate under 

high load132,134-136. We therefore measured the activity of the PfliC reporter in cultures grown on 

0.5% TB agar plates. In this case, expression in individual strains correlated well with their 

spreading (Fig. 27A). While for several isolates we indeed observed an upregulation of reporter 

activity in such surface-grown compared to liquid-grown cultures (e.g. ECOR-72), this was not the 

case for the majority of ECOR strains (Fig. 27B and Table 5). However, when the motility of cells 

grown on an agar surface was subsequently analyzed in motility buffer (see Methods for details), 

the population-averaged cell swimming velocity was indeed higher for many ECOR strains 

compared to liquid-grown cultures, now showing a dependence of population-averaged swimming 

velocity on expression similar to that for the MG1655 WT and Ptac strains (Fig. 27C and Table 

5). This increase in motility was mostly due to changes in the fraction of swimmers (Fig. 28A) 

whereas the swimming velocity of motile cells differed much less between liquid- and surface-

grown cultures (Fig. 28B). 
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Fig. 27. PfliC reporter activity, and motility of MG1655 WT, Ptac and the cohort of 24 natural E. coli isolates. 
A, Dependence of the average spreading zone diameter (in mm) in porous 0.27% TB agar on P fliC reporter activity 
in E. coli strains grown on semi-solid 0.5% TB agar. B, Correlation between PfliC reporter activity in liquid and on the 
semi-solid TB medium. C, Dependence of the population-averaged swimming velocity on the reporter activity on the 
semi-solid TB medium. Shown are the data for 10 ECOR strains, MG1655 WT (IL28) and Ptac (IL29) strains 
measured in replicates (n = 3, mean ± s.d.), together with the non-replicate measurements for the remaining 14 
ECOR strains. 
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Fig. 28. Dependence of the fraction of motile cells (A) and the swimming velocity of these cells (B) on PfliC 
reporter activity of the indicated E. coli strains grown in liquid TB medium (L, bright dots) or on semi-solid 
TB agar (S, pale dots). Shown 24 are the mean values for the subset of 10 ECOR strains, MG1655 WT (IL28) and 
Ptac (IL29) strains measured in replicates together with the non-replicate measurements for the remaining 14 ECOR 
strains. 

 

Thus, the observed poor motility of many ECOR isolates grown in liquid medium cannot 

be generally attributed to the low activity of the flagellar regulon but rather hints at some deficiency 

in flagellar assembly or function in liquid-grown cell. Notably, however, both flagellar gene 

expression and swimming of all ECOR strains were always below or comparable to that of 

MG1655 WT, suggesting that the investment in motility by natural E. coli isolates is under similar 

constrains as in the K-12 strains.
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5.2 Identifying the limits of functionality of the bacterial 

chemotaxis pathway  

 Constructing the library of E. coli chemotaxis pathway 

To investigate how the functionality of the chemotaxis pathway depends on the expression 

levels of individual components, I constructed a plasmid library, using the variants of core genes 

from mocha (cheAW) and meche (cheRBYZ) operons (Fig. 29A) with Strong, Moderate or Weak 

ribosome binding site (RBS) and parts for the backbone from the Golden Gate Cloning Toolbox 

called Marburg Collection137. While keeping the native order (cheAWRBYZ), all core genes were 

joined in a single operon, resulting in a total of 36=729 expected constructs. To enrich the fraction 

of the full-length operon variants, I amplified the operon product from the first golden gate reaction 

(Fig. 30, Part 1) using three different forward primers (with a fixed RBS of cheA). To assemble 

the final plasmid libraries, those purified PCR products of the full-length operon (carrying different 

variants of cheA) were mixed with the dropout constructs (Fig. 30, Final library) and transformed 

into the E. coli DH5α strain. At the last stage, the extracted libraries were transformed into the 

pathway-deficient target strain (E.coli MG1655ΔfluΔcheAWΔmeche, IL141) lacking the region 

downstream motB gene, including cheAW and terminator from mocha operon and the entire 

meche operon (Fig. 29B). 
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Fig. 29. Genomic organization of E.coli's chemotaxis pathway (A) and (B) the sequence of the region 
downstream motB in the pathway-deficient strain E.coli MG1655ΔfluΔcheAWΔmeche (IL141). Created with 

Biorender. 
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Fig. 30. Schematic overview of the assembly strategy. First, the sequences of cohesive ends, BsaI recognition 

sites and the variants of the ribosome binding sites (RBS) were attached to each of the core genes via PCR. Second, 
the purified PCR products of each gene (with three variants of the RBS) were first mixed in an equimolar ratio and 
then those mixtures were used for the first golden gate reaction. Next, to enrich the fraction of the full-length operon 
variants, the product of that reaction was amplified with flanking primers (three forward primers (FW1-3) with the 
defined RBS of the first gene cheA and the reverse primer (RV) complementary to the 3’-end of cheZ). the operon 
libraries (Part 1) and the dropout constructs (Part 2) were assembled via golden gate cloning. Created with 
Biorender. 
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In the first attempt, the dropout construct with the native Ptar promoter was used for the 

library construction. Although the colonies tested in a pilot run (n = 10) had different spreading 

abilities and all carried the full-length operon, when I scaled up the screening, non-spreaders 

turned out to be highly overrepresented in all three libraries (Fig. 31).  

 

Fig. 31. High-throughput spreading assay of the candidates from Ptar promoter-based library of E.coli 
chemotaxis operon. Shown are the representative plates (96 candidates plate) and summary statistics with the 
number of spreading (nS) and non-spreading (nNS) candidates from the libraries with Strong (cheA_Strong), 
Moderate (cheA_Moderate) or Weak (cheA_Weak) variant of cheA’s ribosome binding site (RBS). 

 

When a subset of those non-spreaders (n = 60) was analyzed via PCR and restriction digestion, 

most of them carried either misassembled constructs or empty vectors. After checking the 

extracted library and a number of constructs from individual DH5α colonies by test digestion, I 

found that the candidates with misassembled constructs became heavily enriched when the 

library was transformed into the target non-chemotactic strain (IL141, Table 4). This result 

suggested that the constitutive expression of the operon driven by the strong Ptar promoter – which 

is inactive in the non-motile DH5α strain and is highly active in the motile IL141 – imposes a strong 

selection pressure against the correct variants of the assembly. Therefore, I reconstructed the 

library using another dropout construct with the tightly controlled inducible Ptet promoter. This 

modification indeed helped to increase the fraction of true positives in the population, so next I 

proceeded with the library analysis. 
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 Selection strategy and sample description 

Since expression of the operon was under the control of an inducible promoter, as a first 

step, I needed to find optimal concentrations of the inducer – anhydrotetracycline (aTc). To do 

this, I tested 10 random colonies from each library (cheA_Strong, cheA_Moderate, cheA_Weak) 

in the spreading assay on soft agar plates, supplemented with a range of aTc concentrations (0, 

1, 5, 25 ng/mL). Although Ptet promoter is relatively tight, there was still some level of basal 

expression even in the absence of aTc (Fig. 32), such that only a minor increase in its 

concentration (from 0 to 1 ng/mL) was already optimal for the majority of candidates, resulting in 

the best spreading performance.  

 

Fig. 32. Spreading assay of the candidates from cheA_Strong, cheA_Moderate and cheA_Weak libraries 
induced with a range of anhydrotetracycline (aTc) concentrations (0-25 ng/mL). Briefly, 10 random candidates 
from each library (cheA_Weak, cheA_Moderate, cheA_Strong) were inoculated on soft agar plates, supplemented 
with different concentrations of aTc (0, 1, 5 or 25 ng/mL), and incubated at 34C for 4h. Each plate also had the wild-
type E. coli MG1655Δflu (IL242) and a non-chemotactic (IL243) strains transformed with the dropout construct 
serving as positive (PC) and negative (NC) controls, respectively. 
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Next, I aimed to systematically analyze the spreading abilities and operon compositions 

using a moderate sample size (90-100 individual colonies). Thus, 30 candidates from each library 

(cheA_Strong, cheA_Moderate, cheA_Weak) were first analyzed in the spreading assay on soft 

agar plates supplemented with 1 ng/mL of aTc. This preliminary analysis revealed that non-

spreading variants were overrepresented in the cheA_Moderate (80%) library, whereas in 

cheA_Weak and cheA_Strong, their fraction was only around 50%. 

Since the non-spreading phenotype could originate either from non-functional operon 

compositions or misassembled constructs (e.g. that lack some part of the operon), to distinguish 

between these two possibilities, the non-spreading candidates were analyzed by colony PCR with 

primers flanking the operon. Using a set of control samples – spreaders, constructs with 

misassembled operons, empty vectors, and initial libraries – allowed to identify the candidates 

that had problems with the assembly (Fig. 33). The analysis revealed that the overwhelming 

majority of non-spreaders from cheA_Moderate and cheA_Strong libraries carried empty vectors 

or misassembled constructs, whereas 10/16 non-spreaders from cheA_Weak had full-length 

operons (Fig. 33). Since I had to exclude the candidates with misassembled constructs from 

further analysis, I tested the remaining colonies from the transformation plates in the spreading 

assay. Differences in transformation efficiency between the libraries (highest in cheA_Weak, 

lowest in cheA_Strong) and uneven distribution of spreaders (mostly abundant in cheA_Weak, 

least in cheA_Moderate), which I primarily selected for to increase the number of candidates with 

full-length operons, introduced a selection bias and resulted in a final sample of 89 candidates 

(ncheA_Strong = 24, ncheA_Moderate = 16, ncheA_Weak = 49). 
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Fig. 33. Colony PCR of non-spreading candidates from the libraries (cheA_Strong, cheA_Moderate and 
cheA_Weak). PCR was performed with flanking primers to amplify the entire operon. Upper panel (Controls) 

contains the result of PCR from control samples. Notation: PC-S, PC-M and PC-W – colony PCR of spreaders from 
each library; libS, libM, libW – PCR of the whole library; NC-S, NC-W – negative controls from Strong and Weak 
libraries (non-complete assemblies); E-M (colony PCR of the candidate carrying only empty vector: KanR and p15A 
ori). Black arrow indicates the expected size of the full-length operon (~6000 bp). 

 

Whole plasmid sequencing identified 15 additional candidates that had problems with 

assembly (e.g. carried empty vectors or incomplete operons), 5 duplicate samples, and 7 

candidates with mutations in the RBS. Interestingly, those mutations were enriched in the 

Moderate variant of RBS (4/7 cases), suggesting that they might have originated from primer 

synthesis errors (Table 1, Fig. 34). Besides, the distribution of these mutations was not random: 
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in all cases, they were present in the RBS of cheW, and two of these samples had additional 

mutations in the Moderate RBS of either cheB or cheY (Table 1, Fig. 34). Among the remaining 

three candidates, one lacked the RBS upstream cheZ and the other two had mutations in the 

sequence downstream of the RBS, which is identical across all RBS variants (Table 1). 

Surprisingly, all of these candidates were spreaders, except for the one with a premature stop 

codon in cheB (Table 1). Given this exceptional case, there might also be strong selection against 

detrimental operon compositions. Finally, it is also possible that mutations have little or no impact 

on gene expression or protein levels. However, to test this hypothesis, both parameters need to 

be measured directly. 

Table 1. Operon compositions and spreading radii of the candidates with mutations in RBS 

Sample 

Spreading 
radius, 
norm to 
WT cheA cheW cheR cheB cheY cheZ 

s8 0.52 Strong Moderate* Strong Weak Strong Moderate 

ts3 0.38 Strong Moderate* Strong Moderate* Weak Weak 

ts6 0.27 Strong Moderate* Strong Moderate Moderate* Weak 

w12 0.53 Weak Strong Moderate Strong Weak NO RBS 

w44 0.35 Weak Moderate* Strong Weak Moderate Weak 

w47 0 Weak Weak Moderate Strong, 

cheB 
c.A604>T 
(p.R202*) 

Strong Strong**  

w98 0.8 Weak** Weak Moderate Strong Strong Weak 
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Fig. 34. Multiple sequence alignment of Moderate RBS variants with mutations. The figure was 
created using Geneious Prime software. 

 

After filtering out all misassembled constructs, duplicates (n = 5) and mutant samples, I 

ended up with 62 candidates, which I used for further analysis. To get a rough estimate of the 

range of their spreading abilities, I looked at the distribution of spreading radii in the sample (Fig. 

35). Due to the selection strategy, only a few candidates in the sample did not spread at all (n = 

5), whereas the remaining 57 clones covered a wide range of spreading abilities. Based on the 

values of spreading radii (sr), all the candidates were divided into three arbitrary spreading 

groups: Poor (sr ≤ 0.4, n = 18; including non-spreaders), Intermediate (0.4 < sr < 0.6, n = 15), and 

Good (sr ≥ 0.6, n = 29), with the latter group representing approximately 50% of all candidates. 
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Fig. 35. Distribution of spreading radii in the sample. Spreading radii were measured in motility assays and 
normalized to the value of MG1655Δflu (positive control) that was present on every experimental plate. Based on 
the spreading radius, the candidates were divided into three arbitrary Spreading Groups: Poor (P, n = 18), 
Intermediate (I, n = 15) and Good (G, n = 29). 

 

Surprisingly, except for the accumulation of cheZ_Strong in the Poor and cheR_Moderate 

in the Good spreaders (Fig. 36), no other apparent spreading-specific patterns were observed, 

suggesting that a large genotypic space of variants produces similar phenotypes. 
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Fig. 36. Full operon compositions of the candidates from different spreading groups (n = 62). Within each 

spreading group, candidates are organized in order of increasing spreading radius. 
 

 Distribution of RBS-gene variants in the library and spreading groups 

Despite the small sample size, all genes from the operon were found in three possible 

variants: with Strong, Moderate and Weak RBSs, indicating a high-efficiency of the assembly and 

a good quality of the library (Fig. 37A). Yet, while some RBS-gene variants (e.g., cheB and cheZ) 

were present at comparable frequencies in the library (Fig. 37A), certain variants were notably 

over- and underrepresented. Apart from overabundance of cheA_Weak (55%) due to the 

sampling bias, the distribution of cheW variants was skewed towards cheW_Strong (52%), and 

cheR_Moderate, cheY_Moderate, and cheY_Weak also showed disproportionate presence (Fig. 

37A). 

Next, I checked the distributions of RBS-gene variants across spreading groups (Fig. 37B), 

and how the frequency of individual gene variants changed with spreading radius (Fig. 38). While 

the overrepresented cheA_Weak was present in each spreading group at comparable 
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frequencies, the abundance of cheA_Moderate gradually decreased with increasing spreading 

ability (Fig. 37B, Fig. 38, cheA), indicating that the observed change is spreading-specific. 

Interestingly, a similar tendency was observed for cheW_Moderate, whereas cheW_Strong 

showed enrichment in Good spreaders (Fig. 37B, Fig. 38, cheW). 

 

Fig. 37. Distribution of RBS-gene variants in the library (A) and in each spreading group (B) 
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Fig. 38. The distribution of RBS-gene variants changes with spreading radius 
 

Another spreading-specific pattern was a strong enrichment of cheR_Moderate in Good 

spreaders (Fig. 37B, cheR). Although the next gene in the operon, cheB, showed some 

tendencies (e.g., depletion of cheB_Weak and enrichment of cheB_Strong in Poor and 

Intermediate spreaders), the pattern was not particularly prominent (Fig. 37B). The most striking 

tendency was the enrichment of cheZ_Strong in the Poor and Intermediate groups and its almost 

complete depletion in Strong spreaders (Fig. 37) – a pattern already noticeable from operon 

compositions (Fig. 36). 
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All those tendencies suggested that changes in the expression of individual genes in the 

operon have different impacts on spreading (Fig. 36, Fig. 37B). Therefore, I next performed a 

more detailed analysis to identify the genes and gene pairs that were enriched in the particular 

spreading group. 

 Enrichment of RBS-gene variants and their pairwise combinations 

across spreading groups. 

As it was already noticeable from the distributions of RBS-gene variants (Fig. 37B, Fig. 38), 

some of them demonstrated a clear group-specificity. Thus, to identify the variants with the 

strongest enrichment in each spreading group and to see how significant this enrichment is, I 

applied a two-sided Fisher’s exact test (see the details in Methods). Since most of the differences 

were found between Poor and Good spreaders, I restricted the analysis to those two groups while 

excluding the Intermediate spreaders. 

The analysis revealed five RBS-gene variants with significant enrichment in Poor 

(cheR_Strong, cheZ_Strong) and Good (cheR_Moderate, cheZ_Moderate, and cheZ_Weak) 

spreaders (Table 2, Fig. 39), confirming the tendencies observed in RBS-gene distributions 

across spreading groups (Fig. 37B, Fig. 38).  
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Table 2. Results of Fisher’s exact test for the enrichment of single and pairwise RBS-gene combinations across 

spreading groups. Due to the properties of the analysis, as an output, it returns a comparison, in which both RBS-

gene variants/ pairwise combinations were enriched in each spreading group. 

 

Hits Gene/gene 

pair 

Compari

son 

p-

valueadj 

Enr. in Poor Enr. in Good 

cheZ_Strong VS 
cheZ_Moderate 

cheZ Single 

gene 

0.00012 cheZ_Strong cheZ_Moderat

e 

cheZ_Strong VS cheZ_Weak cheZ Single 

gene 

0.00014 cheZ_Strong cheZ_Weak 

cheR_Strong VS 
cheR_Moderate 

cheR Single 

gene 

0.03188 cheR_Strong cheR_Moderat

e 

cheA_Weak_cheZ_Strong VS 
cheA_Weak_cheZ_Moderate 

cheA:cheZ Pairwise 

combinati

ons 

0.034 cheA_Weak_

cheZ_Strong 

cheA_Weak_c

heZ_Moderate 

cheA_Weak_cheZ_Strong VS 
cheA_Weak_cheZ_Weak 

cheA:cheZ Pairwise 

combinati

ons 

0.0193 cheA_Weak_

cheZ_Strong 

cheA_Weak_c

heZ_Weak 

cheW_Strong_cheZ_Strong 
VS 
cheW_Strong_cheZ_Moderate 

cheW:cheZ Pairwise 

combinati

ons 

0.0193 cheW_Stron

g_cheZ_Stro

ng 

cheW_Strong_

cheZ_Moderat

e 

cheW_Weak_cheZ_Strong VS 
cheW_Strong_cheZ_Moderate 

cheW:cheZ Pairwise 

combinati

ons 

0.040 cheW_Weak

_cheZ_Stron

g 

cheW_Strong_

cheZ_Moderat

e 

cheW_Strong_cheZ_Strong 
VS cheW_Strong_cheZ_Weak 

cheW:cheZ Pairwise 

combinati

ons 

0.0193 cheW_Stron

g_cheZ_Stro

ng 

cheW_Strong_

cheZ_Weak 

cheR_Moderate_cheZ_Moder
ate VS 
cheR_Weak_cheZ_Strong 

cheR:cheZ Pairwise 

combinati

ons 

0.0193 cheR_Moder

ate_cheZ_M

oderate 

cheR_Weak_c

heZ_Strong 

cheR_Moderate_cheZ_Weak 
VS cheR_Weak_cheZ_Strong 

cheR:cheZ Pairwise 

combinati

ons 

0.0193 cheR_Moder

ate_cheZ_W

eak 

cheR_Weak_c

heZ_Strong 
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Fig. 39. Heatmap of the distribution of individual RBS-gene variants across spreading groups (Poor and 
Good). Shown are the frequencies (by color) and counts (numbers within the cell) of individual gene variants with 
Weak, Moderate or Strong RBS in different spreading groups (Poor, n = 18; Good, n = 29; n – is the number of 
candidates in the group). RBS-gene variants with significant enrichment (see Table 1) in each spreading group are 
highlighted with black rectangles. 

 

The analysis of pairwise RBS-gene combinations identified seven significant hits 

(comparisons, see Methods for the details), with six combinations enriched in Good and three in 

Poor spreaders. All of them involved cheZ as a partner gene (Table 2, Fig. 40).



Page | 77  
 

 

 

Fig. 40. Heatmap of the distribution of pairwise RBS-gene combinations across spreading groups (Poor and 
Good). Shown are the frequencies (by color) and counts (numbers within the cell) of pairwise gene combinations 
with Weak, Moderate or Strong RBS in different spreading groups (Poor, n = 18; Strong, n = 29; n – is the number 

of candidates in the group). The variants with significant enrichment (see Table 1) in each spreading group are 
highlighted with blue rectangles. 

 

However, apart from the combinations between cheR and cheZ, the significant hits among 

individual genes (Table 2, Fig. 39), certain variants of cheA:cheZ and cheW:cheZ were also found 

enriched (Table 2, Fig. 40). While the distribution of cheA:cheZ combinations across spreading 

groups was most likely driven by the variants of cheZ (Fig. 37A), the RBSs of cheR and cheW 

seem to have an additional contribution to the spreading phenotype when appear in the different 

context of cheZ. For instance, while the combinations between cheZ_Strong and 
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cheW_Strong/cheW_Weak were present at the same frequency in Poor group, it was not the case 

for Good spreaders, where 19 candidates had cheW_Strong and only 7 candidates carried 

cheW_Weak. The impact of the partner’s gene RBS was even more evident in the cheR:cheZ 

combination, as both genes had different RBS in the pairs enriched in Poor and Good spreaders 

(Fig. 40, cheR:cheZ). Besides, cheA and cheW with strong RBS were also more frequent in Good 

spreaders compared to the variants with moderate RBS, with their p-values slightly above the 

0.05 cutoff (Appendix, Table A2). Thus, all pairwise combinations recognized as significant by 

Fisher’s test consisted of the hits from the most enriched individual RBS-gene variants. 

Interestingly, another biologically important pair between the response regulator (CheY) and 

deactivating phosphatase (CheZ)29,30,37 (see also Fig. 2 and the corresponding section) did not 

show statistically significant enrichment in any spreading group. Nevertheless, there was a clear 

tendency: the variants that were present at the highest frequency in Good spreaders (e.g. 

cheY_Moderate_cheZ_Weak, cheY_Moderate_cheZ_Moderate) were completely absent from 

the Poor group (Fig. 40, cheY:cheZ). 

Next, I analyzed the distribution of two other important pairs – cheA:cheW (kinase and 

adaptor protein) and cheR:cheB (adaptation module)29,30,37 Although they were not identified as 

significant by Fisher’s test, prior work showed that uncoordinated expression of cheR and cheB, 

which are typically maintained at very low levels in the cell, is detrimental for the chemotaxis 

efficiency67,68. Interestingly, cheA_Weak_cheW_Strong was the most abundant combination in 

Good spreaders, indicating that the system is resilient to unconcerted variation in cheA and cheW 

expression (Fig. 40, cheA:cheW). In contrast, two prominent patterns were observed in 

cheR:cheB pair. In addition to the overall strong enrichment of cheR_Moderate in Good 

spreaders, its combinations with cheB_Weak and cheB_Moderate were completely absent in the 

Poor group (Fig. 40, cheR:cheB), supporting the importance of low and coordinated expression 

of both genes for pathway functionality67,68. 

 

 Linear regression analysis of gene and gene pair effects on spreading 

To reveal key contributors to the spreading phenotype among RBS-gene and pairwise RBS-

gene combinations, I applied a linear regression model. As an input, the model took a numeric 

matrix in which one column represented the response variable (spreading radii of all the 

candidates in my sample), and six other columns corresponded to different RBS-gene variants 

(cheAWRBYZ), which were predictor variables expressed in the experimentally measured values 
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of the RBS strength (Fig. 41). These values were the expression levels obtained from control 

constructs containing the Ptar promoter (which I used in the first attempt at library construction), 

RBS of interest and sfGFP. To reduce the effect of noise on the model predictions, I brought 

spreading and expression levels to the same scale (0 to 1) by normalizing absolute expression 

levels after background subtraction to the level of the construct with Strong RBS (Fig. 41). 

Although the strengths of Moderate and Weak RBSs derived from those control constructs were 

almost the same (Fig. 41), the distribution of different RBS-gene variants across spreading groups 

suggested that the actual strength is most likely context-dependent (e.g., compare 

cheR_Moderate and cheR_Weak on Fig. 37B), therefore, I kept them as separate levels 

throughout the analysis. 

 

Fig. 41. Schematic representation of the input matrix used for the linear regression model. The first column 
contains spreading radii values (sr) of all candidates (n = 62), while the next six columns store the information about 
their operon compositions expressed in the experimentally measured values of RBS strength (absolute expression 
levels from control constructs with different RBSs normalized to the expression level of a Strong variant). Shown are 
the real operon compositions of candidate 1 and candidate 62 from my sample. 

 

Among individual genes, the model identified three significant hits – cheR, cheB, and cheZ 

– with the latter having the largest and negative coefficient (Fig. 42), meaning that a full increase 

in cheZ expression (from 0 to 1) reduces spreading radius by 0.4 (assuming that the expression 

of other genes remains unchanged). Overall, except for cheB, which had the smallest coefficient, 

the model’s predictions agreed with the results of Fisher’s test (Table 2, Fig. 39). However, when 

Intermediate spreaders were excluded from the regression analysis to match the conditions of 

Fisher’s test, only cheR and cheZ remained significant (Fig. 43. 

 

 



Page | 80  
 

 

Fig. 42. Results of the linear regression model for individual genes in the operon (all spreading groups were 
used in the analysis; n = 62). Dots are the estimated coefficients (ꞵ), error bars are 95% confidence intervals (CI) 
calculated as ꞵ±t*SE(ꞵ), where t is the value of t-statistic and SE(ꞵ) is the standard error of ꞵ, both given by the 
model. Statistically significant predictions (CI does not include 0) are labelled by red asterisks. 

 

 

Fig. 43. Results of the linear regression model for individual genes in the operon (only Poor and Good 
spreaders were used in the analysis; n = 47. Dots are the estimated coefficients (ꞵ), error bars are 95% confidence 

intervals (CI) calculated as ꞵ±t*SE(ꞵ), where t is the value of t-statistic and SE(ꞵ) is the standard error of ꞵ, both 
given by the model. Statistically significant predictions (CI does not include 0) are labelled by red asterisks. 

 

Since the sample selection was biased toward cheA_Weak and cheA_Strong, I also built 

separate models for each cheA variant (Fig. 44). Importantly, the signs and overall behavior of 

the coefficients were not affected by stratification, so the general trend remained unchanged. 
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However, there were also some cheA-specific differences. For instance, in the presence of 

cheA_Strong, cheY coefficient increased and became significant, while the effect of cheZ was no 

longer the strongest but rather comparable to those of cheY and cheB. In contrast, in two other 

models, cheZ had the largest negative coefficient and appeared to be the only significant hit. 

However, due to the small sample size of cheA_Moderate group (n = 9), the certainty of model’s 

predictions is not strong, which is reflected in the large confidence intervals of the coefficients 

(Fig. 44). 

Taken together, these data corroborated the results of Fisher’s test and confirmed that cheZ 

expression has the strongest impact on spreading. Furthermore, predictions of the stratified 

models indicated that the detrimental impact of cheZ overexpression might be context-dependent 

(Fig. 44). 

 

Fig. 44. Linear regression models stratified by the RBS variant of cheA. Shown are predictions of the models 

for three groups of samples with Strong (cheA_Strong), Moderate (cheA_Moderate) or Weak (cheA_Weak) variant 
of cheA. Dots are the estimated coefficients (ꞵ), error bars are 95% confidence intervals (CI) calculated as ꞵ±t*SE(ꞵ), 
where t is the value of t-statistic and SE(ꞵ) is the standard error of ꞵ, both given by the model. Statistically significant 
predictions (CI does not include 0) are labelled by red asterisks: * - p-value < 0.05, ** - p-value < 0.01, *** - p-value 

< 0.001. 
 

To check for the impact of pairwise gene combinations on spreading, I applied a quadratic 

regression. Two significant hits identified by the model were cheR:cheZ (with the largest 

coefficient) and cheY:cheZ (Fig. 45). The positive sign of the coefficients implied that coordinated 

expression of those partner genes is important for spreading. Besides, the distributions of RBS-
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gene variants across spreading groups (Fig. 37B, Fig. 38) suggested that low expression of both 

partner genes in these pairs (cheR:cheZ and cheY:cheZ) facilitates spreading. 

Given the minor difference between the numeric values of Weak and Moderate RBS (Fig. 

41), they were most likely not distinguished by the model. However, as mentioned above, the 

behavior of these RBS is likely context-dependent. Thus, since they were kept as separate 

categories, none of the combinations between cheZ and cheY were recognized as significant by 

Fisher’s test (Table 2, Fig. 40). Besides, cheY_Strong and cheY_Moderate were present in Good 

spreaders at comparable frequencies (Fig. 37B, Fig. 39), which could potentially explain the small 

value of the coefficient for the cheY:cheZ pair, whose lower margin was close to zero (Fig. 45). 

Finally, when the fit was performed on Poor and Good spreaders, cheR:cheZ remained the only 

significant pair (Fig. 46). 

 

Fig. 45. Quadratic regression of the pairwise interactions between genes in the operons of Poor. 
Intermediate and Good spreaders. Dots are the estimated coefficients for each predictor (gene pair, ꞵ), error bars 
are 95% confidence intervals (CI) calculated as ꞵ±t*SE(ꞵ), where t is the value of t-statistic and SE(ꞵ) is the standard 
error of ꞵ, both given by the model. Statistically significant predictions (CI does not include 0) are labelled by red 
asterisks. 
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Fig. 46. Quadratic regression of the pairwise interactions between genes in the operons of Poor and Good 
spreaders. Dots are the estimated coefficients for each predictor (gene pair, ꞵ), error bars are 95% confidence 
intervals (CI) calculated as ꞵ±t*SE(ꞵ), where t is the value of t-statistic and SE(ꞵ) is the standard error of ꞵ, both 

given by the model. Statistically significant predictions (CI does not include 0) are labelled by red asterisks. 
 

Thus, although no additional patterns were uncovered, a combination of statistical and 

regression analyses provided the statistical certainty for some of the observed tendencies (e.g., 

decrease of cheZ and cheR expression with spreading). However, due to biased and limited 

sampling, as well as ambiguous estimate of the RBS strength, these findings require further 

investigation. 

 

 Operon compositions of the variants with enriched pairs 

Since both analyses revealed several clear tendencies – suggesting distinct and combined 

contributions of individual genes and gene pairs to spreading – the next step was to examine the 

context in which these combinations appear. Interestingly, when the samples were clustered by 

significantly enriched pairwise combinations, three distinct supergroups emerged: combinations 

found exclusively in Poor (P), in both groups (PG), and only in Good spreaders (G) (Fig. 47, Table 

A3). Variants in the first supergroup (P) included cheR_Weak and cheW_Strong in the context of 

cheZ_Strong (Fig. 47, P). Among these, four candidates were non-spreaders, and one (m10) 

carried both pairs (Fig. 47, Table A3). While some trends could potentially explain the transition 

from non-spreader to Poor spreader, they were strongly context-specific, making it difficult to draw 
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any general conclusions, especially given the small sample size. In the second group, all 

candidates except one, which also had both combinations (w9, Fig. 47, Table A3), were Poor 

spreaders. Interestingly, the only difference between this strain (w9) and a non-spreader (w7) was 

the presence of cheR_Moderate in w9 (Fig. 47 Table A3), highlighting the strong impact of cheR 

expression on spreading. Finally, combinations found exclusively in Good spreaders included 

cheR_Moderate, cheW_Strong and cheA_Weak, all appearing in the context of cheZ_Weak or 

cheZ_Moderate. 

 

Fig. 47. Operon compositions of the candidates with significantly enriched pairs identified by Fisher's test. 

The enriched pairs were found in 42/47 candidates. Shown are the samples grouped by significantly enriched 
pairwise gene combinations (from Fisher’s test) and arranged by increasing spreading radii (from top to bottom). 
Their names and normalized spreading radii (sr) values are shown on the left. Combinations found only in Poor (P), 
in Poor and Good (P, G) or only in Good spreaders are grouped within one black frame. 

 

By comparing the three supergroups with each other, several general patterns emerged 

that may underlie the transition from Poor to Good spreaders. As cheZ expression decreases, the 

expression levels of cheA (kinase) and cheW (adaptor protein) tend to go up. At the same time, 
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components of the adaptation module (particularly cheR) are more commonly found with Weak 

and Moderate (cheR) RBS variants. In addition to the prominent enrichment of cheR_Moderate 

in Good spreaders, which is difficult to explain without direct measurements of protein levels, 

another unexpected finding was the heterogeneous distribution of cheY variants, showing little or 

no association with spreading phenotype. Although the data are preliminary and some patterns 

may be a byproduct of sample size limitations, this observation suggests that the system is 

relatively resilient to variation in the expression of its response regulator (CheY). In contrast, it 

seems to be more sensitive to changes in the expression of the regulators of CheY activity. In 

particular, the expression level of CheZ phosphotase, which directly deactivates CheY (see also 

Fig. 2, 3 and the corresponding sections), has the most pronounced impact on spreading, with 

the effect of other genes decreasing in the following order: cheR->cheW->cheA->cheB. 
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6 Discussion 

 

6.1 Resource allocation in bacterial motility 

 Physics constrains bacterial investment in motility 

How microorganisms regulate the allocation of their limited cellular resources under 

varying environmental conditions remains an open question. Although it might be expected that 

gene expression levels should have been evolutionarily tuned to maximize an organism’s fitness, 

such optimization is a multifactorial problem with mostly uncharacterized constraints and trade-

offs between conflicting objectives. Particularly challenging to understand are microbial strategies 

for allocating resources to costly functions that do not directly benefit growth or are not used under 

certain conditions, which can account for up to half of cellular protein resources86,138,139.  

Here, we investigated resource allocation to flagellar motility, the most prominent of such 

non-growth-related cellular functions in bacteria, by titrating expression of the flagellar gene 

regulon and quantifying its impact on E. coli motility. While it was already shown that the number 

of flagella and cell motility increase proportionally to expression in the range below the wild-type 

level105, it remained unknown whether flagella biogenesis and motility continue to increase above 

the native expression. By covering a wider expression range than done previously, we 

demonstrate that E. coli can increase its flagellation beyond the level observed in wild-type strains 

(Fig. 11). The effect on growth fitness increases proportionally with resource investment over this 

wide range (Fig. 9B), too, which is consistent with the fact that flagella biosynthesis is the major 

component of motility costs96,100,103. In contrast, cell swimming velocity only increases as a 

function of flagellar gene expression until the number of flagella reaches ~5, which corresponds 

to the number observed in the wild-type MG1655 cells, but saturates above this level. This 

dependence of swimming velocity on the number and length of filaments was well captured by a 

mathematical model (Fig. 11D) describing the swimming of a multi-flagellated bacterium using 

resistive force theory, in agreement with previous modeling of multiflagellar propulsion126,140,141. 

Thus, the observed saturation of cell velocity appears to be the consequence of hydrodynamic 

constraints on E. coli motility.  

Further supporting the general nature of this relation, not only the K-12 strains, but also 

the majority of motile natural isolates of E. coli mapped to the same unique expression-swimming 

relation under conditions that favored their motility (Fig. 27C). Although the activity of the flagellar 
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regulon differed among the wild-type E. coli strains tested and between conditions (Fig. 27B), it 

was invariably confined to the sub-saturating regime (Fig. 26A and Fig. 27C). In a subset of the 

natural isolates, flagellar gene expression in the nutrient-rich medium was most likely selected to 

maximize swimming velocity as in MG1655 and other tested K-12 strains. This suggests that the 

regulation of motility in MG1655 is well representative of highly motile E. coli strains. Such 

maximization of motility may be indicative of the high importance of swimming, e.g., for 

colonization of the environment32,104,142. However, even in these strains including MG1655, the 

expression levels remain constrained by the critical level at which swimming velocity saturates, 

suggesting that cells avoid unnecessary resource expenditures that provide no additional benefit. 

The expression levels in other E. coli isolates map to different points on the expression-swimming 

curve, covering the range below the saturation of motility. Such heterogeneity likely arises from 

different selection pressures on motility in the ecological niches occupied by different isolates, 

with motility being more or less beneficial in a particular niche. This is indeed consistent with the 

findings that differences in motility allow coexistence and niche segregation between E. coli 

strains, both in vitro25,143 and in an animal host144. 

 Growth condition-specific modulation of motility in ECOR strains 

While many E. coli strains, including the K-12 derivatives and some natural isolates, swim 

similarly well when grown in either liquid or porous media, we observed that the majority of natural 

isolates exhibit good motility only when grown in porous or semi-solid media, possibly reflecting 

conditions in the animal gut. The mechanisms underlying this effect require further 

characterization; however, this phenomenon does not seem to be solely explained by a previously 

reported mechanosensitive upregulation of the entire flagellar gene regulon in porous media132. 

Many E. coli isolates swim poorly when grown in liquid despite having comparatively high activity 

of the flagellar regulon (Fig. 27B), and only achieve motility that could be expected based on their 

gene expression when grown on semi-solid medium (Fig. 27C). For these isolates, growth in liquid 

may result in the assembly of poorly functional motors or flagella. One potential mechanism for 

such flagellar motor remodeling in E. coli could be the previously described recruitment of 

additional force-generating units under load134,136. However, it remains to be seen whether this 

recruitment is sufficiently long-lasting to explain why these isolates retain high motility even after 

transfer to a liquid environment. Of note, growth in 0.27% or on 0.5% agar as used in our 

experiments is not sufficient to induce E. coli swarming, a distinct type of flagella-mediated surface 

motility associated with the overproduction of flagella and cell elongation that can also be 

observed in K-12 strains145. Therefore, the observed surface-dependent activation of motility does 
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not correspond to swarming, although a potential regulatory connection between the two 

phenomena cannot be ruled out. 

 Investment in motility under carbon-limited growth 

When grown under carbon limitation, E. coli cells exhibited similar expression-swimming 

and expression-cost relations in the presence of both good and poor carbon sources (Fig. 14, 

15). However, under these conditions, the native expression of flagellar genes in E. coli MG1655 

clearly does not maximize swimming. Instead, it seems to correlate well with the saturation of the 

benefit that E. coli could derive from chemotaxis-dependent accumulation at the source of 

additional nutrients (Fig. 16), consistent with the strategy of anticipatory investment in motility 

under carbon limitation103. This contrasts with the study by Honda et al105, who observed only a 

minor difference in motility between E. coli cultures grown on different carbon sources, likely due 

to the difference between strains. Although the HE204 strain used by Honda et al was engineered 

as a motile version of the originally non-motile E. coli NCM3722 strain104,105 by placing the same 

IS1H insertion element as present in MG1655 upstream of the flhDC operon, the detailed 

regulation of flagellar gene expression in this engineered strain may differ from that in the naturally 

motile MG1655, resulting in higher basal expression of flagellar genes and lower responsiveness 

to the carbon catabolite repression. Such growth-related difference between these strains would 

not be unexpected given that NCM3722 (and its HE204 derivative) grow markedly faster than 

MG1655104. Nevertheless, our conclusions are not mutually exclusive, and it is possible that the 

increase in flagellar gene expression in poor carbon sources can both compensate for the 

decrease in the cell size and in addition result in higher motility of E. coli under these conditions. 

 Bimodality and pulsatility of flagellar gene expression 

The reduced activity of the flagellar regulon under carbon-limited growth revealed another 

prominent feature of its regulation in E. coli, namely the emergence of two distinct subpopulations 

of cells below a certain threshold of average PfliC reporter activity (Fig. 14A, 17, 19, 20). This 

bimodality may be related to the recently described pulsatile activation of flagellar genes in E. coli 

at intermediate expression levels of the master regulator FlhDC106,128. Moreover, as our data on 

the single-cell dynamics of flagellar genes activation clearly show (Fig. 23, 24), pulsing frequency 

strongly depends on the growth rate and the carbon source. For instance, in glucose, where 

flagellar genes are mostly repressed and where bimodality at the population level is observed, 

cells have significantly fewer activation peaks than in other carbon sources. However, despite the 

overall agreement, the population and single-cell data may not entirely correspond to each other 

due to differences in the experimental setups. In the mother machine device, where cells are 
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continuously supplied with fresh media, they are likely to be in an earlier growth phase than in 

batch culture. This could explain the absence of bimodality at the population level under the 

conditions (e.g., succinate) where both negative and positive cells are detected in the single-cell 

measurements. 

Besides, molecular details underlying the bimodal activation of flagellar genes remain to 

be elucidated. Although the previous work106,128 concluded that the pulsatility of expression is 

caused by the negative regulation of FlhDC by YdiV106, which acts as a digital expression filter128, 

our experiments suggested that a downstream negative regulator FlgM, plays at least an equally 

important role (Fig. 21B, C). Furthermore, based on the established quantitative relation between 

gene expression and swimming motility, we could speculate on possible physiological reasons 

for such differentiation into distinct subpopulations. The bimodality of gene expression in 

microorganisms is commonly interpreted as stochastic bet-hedging behavior, which may be a 

better strategy in an unpredictable environment than a single adaptive phenotype39,66,146. While 

similar arguments were used to rationalize the differentiation of a bacterial population into motile 

and non-motile phenotypes44,106,128, here we propose a different, though not mutually exclusive, 

explanation. We hypothesize that the bimodality, which occurs when the expression falls below 

the level at which two flagella per cell are synthesized and flagellar length decreases, serves to 

avoid the emergence of “average”, poorly motile phenotypes with a single and shorter flagellum, 

which may be unable to benefit from motility, yet still incur the fitness cost. Such “enforced” bet 

hedging may provide an alternative explanation for the evolutionarily selected bimodality of gene 

expression, which is likely to apply not only to bacterial motility, but also to other cases where an 

intermediate phenotype is less fit than either of the extreme phenotypes. Thus, the hydrodynamics 

of flagella-mediated motility may not only determine the upper limit of swimming velocity at high 

levels of flagellar gene expression, but may also explain its bimodality at low levels of expression. 

6.2 Functional robustness of the E. coli chemotaxis 

pathway 

 Library design and assembly – capabilities and limitations 

Robustness is the key property of cellular networks. In this study, we addressed a 

fundamental question of how the pathway functionality is affected by the biochemical fluctuations 

of its individual components. To test it in a systematic way, we refactored the chemotaxis system 

of E. coli by constructing the plasmid library of pathway variants, in which the expression level of 

each gene was defined by different ribosome-binding sites (Fig. 30). This strategy produced 
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variants covering a broad range of spreading abilities (i.e. functional pathways, Fig. 35), providing 

one of the few examples when refactoring approach, commonly used in metabolic pathway 

engineering147-150, proved to be working for a signal transduction network encoding such complex 

trait as chemotaxis. 

However, certain aspects of the library design revealed the limitations of our approach. 

First, given a strong selection pressure imposed by the synthetic pathway expression, variants 

with misassembled constructs became heavily enriched upon transfer of the library into the target 

strain, even when expression is tightly controlled (Fig. 31, 33). Since non-functional operon 

compositions and misassembled constructs produced the same non-spreading phenotype, 

distinguishing them from each other requires additional analysis via PCR or test digestion, which 

limits the efficiency and speed of screening. Alternatively, skipping this step will substantially 

increase the fraction of false-positives in the sample as well as the cost of the analysis. Since the 

current sample was relatively small, we applied whole plasmid sequencing for library analysis. 

However, as we aim to scale up the screening to around 3000 candidates (4X coverage of the 

library size), in future we are planning to switch to Nanopore sequencing. The advantage of this 

approach is its low cost and the ability to filter out the misassembled constructs already at the 

step of adaptor ligation (via PCR). Besides, to improve the efficiency of the selection step, we are 

planning to automate colony picking and screening (via the MaxGENESYS facility of MPI TM). 

Another aspect revealed by the preliminary data analysis was an almost identical strength 

of the Moderate and Weak RBS, as indicated by the expression levels from Ptar-based control 

constructs (Fig. 41). Although these synthetic RBS from iGEM Registry of Standard Biological 

Parts were previously characterized in V. natriegens chassis137, their behavior in E. coli (in the 

particular plasmid background) appeared to be different. Besides, since the promotor system 

might influence the expression level exhibited by different RBS, induced expression in the Ptet-

tetR system must be tested using relevant control constructs. In addition, RBS strength is likely 

affected by the operon context (Fig. 30B). As was discussed in the section 3.1.2., there is a strong 

transcriptional and translational coupling in the specific parts of the pathway66-68. Moreover, 

according to the previous work done in the lab (Müller et al., unpublished), the expression levels 

of some genes in the pathway are additionally controlled by the regulatory elements within their 

coding sequence. In particular, the translation efficiency of CheB is strongly downregulated by an 

internal mRNA element in the middle of the gene, whereas CheY translation is enhanced by an 

upstream AU-rich element. Since we did not specifically modify the coding sequences of the 
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chemotaxis genes, the refactoring strategy we applied most likely could not fully suppress native 

in-pathway regulation. 

 Enrichment and regression analyses revealed the patterns underlying 

the functionality of the chemotaxis pathway  

To investigate the genotype-phenotype landscape we did enrichment and regression 

analyses. The first approach is generally applied in comparative studies on differential gene 

expression151,152 and is typically carried out using Fisher’s exact statistical test153, which checks 

whether there is a non-random association between two categorical variables (in our case, the 

RBS strength of a gene/ gene combination and the spreading group). On the other hand, 

regression analysis shows the direction and magnitude of the effect, reflected in the sign and 

value of the coefficient, indicating how predictors (i.e., the numerically expressed RBS strength 

of a gene, Fig. 41) influence the response variable (i.e., the spreading ability). 

At the level of individual genes, Fisher test provided significance to the most prominent 

patterns that were already noticeable from the distributions of RBS-gene variants across 

spreading groups (e.g., overrepresentation of cheZ_Strong in Poor and cheR_Moderate in Good 

spreaders, Fig. 30B). When applied to pairwise RBS-gene combinations, all significantly enriched 

pairs were between the hits identified by the analysis of individual genes, such as the co-

occurrence of cheR_Moderate and cheZ_Weak/cheZ_Moderate in Good spreaders (Table 2, Fig. 

40). Overall, Fisher’s test provided statistical certainty for the largest differences between groups; 

however, due to the small sample size and structure as well as the properties of the analysis, 

some other biologically meaningful variants (e.g., cheA_Strong, cheW_Strong, enriched in Good 

spreaders) were not considered significant, since their p-values were close to the 0.05 cut-off 

(Fig. 40, Table A2). 

Predictions of the regression models quantitatively matched the results of Fisher’s test, 

indicating that the expression of cheR and cheZ alone, and their coordinated expression, have 

the strongest impact on spreading, with the magnitude of the effect being larger for cheZ 

expression. However, when Intermediate spreaders were also added to the analysis, which 

increased the sample size by 15, the contribution of another biologically meaningful pair 

(cheY:cheZ) became significant, although the coefficient was relatively small (Fig. 45). 

Taken together, both analyses confirmed the differential contribution of expression levels 

of certain genes to the spreading phenotype. Although the results were, to some extent, 

overlapping, the main goal at this step was to get an overall idea about the data and establish the 
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analysis pipeline. However, with this small test sample (n = 62) a descriptive approach and 

consideration of individual cases are more meaningful than the use of statistical methods alone. 

Yet, we believe that by increasing the sample size and providing reliable estimates of RBS 

strength (as discussed in the previous section), we should be able to increase the power of both 

analyses. In addition, this will allow us to test for higher order combinatorial effects (i.e., differential 

expression of 3-6 genes in the operon), which seem to be important for spreading. As a follow up 

on this analysis, we are also planning to systematically compare the variants that differ in only 

one RBS-gene variant (e.g. the Good spreader w9 and the non-spreader w7 on Fig. 47) to identify 

the features limiting functionality in the particular context. 

  The concentration of the regulators of the input and output modules 

has the strongest impact on pathway functionality 

It was previously shown that overall stoichiometry in general64,66 and the relative 

abundance of proteins with antagonistic functions (CheY and CheZ, CheR and CheB) in 

particular66-68 are crucial for the functionality of E. coli chemotaxis pathway. By simultaneously 

varying the expression levels of all chemotactic genes, we revealed that the pathway might be 

even more robust against variations in its biochemical parameters than previously thought. To our 

surprise, a large diversity of operon compositions led to good spreading (more than 60% of the 

wild-type efficiency) (Fig. 35, 36). Although certain RBS-gene variants were associated with 

particular spreading group (cheZ_Strong with Poor or cheZ_Moderate, cheZ_Weak with Good), 

they were also present in the opposite group (Table A1), indicating that overall functionality is 

strongly context-dependent. 

The main output of the pathway is tumbling frequency, modulated by the response 

regulator (CheY-P) binding to the flagellar motor29,30,33,36. Optimal tumbling rate is an important 

parameter of the pathway performance, which is particularly critical for motility in porous medium, 

as in both non-tumbling and constantly tumbling cells the ability to spread in soft agar is 

dramatically reduced154,155. In this regard, all chemotactic proteins can be divided into two groups: 

with positive (CheA, CheR, and CheY) and negative (CheB and CheZ) impact on the tumbling 

rate (Fig. 48). 
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Fig. 48. The impact of individual chemotaxis proteins on the pathway output. 
 

Two proteins directly modulate activity of the response regulator CheY: the histidine 

kinase CheA and the phosphatase CheZ. CheA activates (phosphorylates) CheY, while CheY 

deactivation (dephosphorylation), which also happens spontaneously, is greatly enhanced by 

CheZ. Therefore, it could be reasonable to assume that apart from the co-regulated expression 

of cheY and cheZ67,68 the coordinated production of cheA and cheZ should also be important for 

the optimal pathway performance. 

Surprisingly, we observed that the variance between cheY and cheZ expression in Good 

spreaders was greater than expected (Fig. 36) if tight coupling in cheY:cheZ pair was essential 

for spreading. Besides, although in the majority of Good spreaders cheA and cheZ were indeed 

expressed at comparable levels (Fig. 36, Fig. 47), the candidates with uncoupled cheA:cheZ 

expression had similar spreading radii (Fig. 47). Taken together, these data indicated that the 

broken stoichiometry in these two pairs could be compensated by some other means. 

In general, both analyses clearly demonstrated that the strongest selection pressure is 

imposed on the expression levels of the regulatory proteins (CheR and CheZ) that modulate the 

activity of the histidine kinase (CheA) and the response regulator (CheY). Methyltransferase 

CheR and methylesterase CheB form the slow-acting feedback loop, responsible for the 

adaptation of receptors to the saturating concentrations of ligands30,35,37. By adding methyl groups 

to the receptors at slow and constant rate38, CheR gradually restores the activity of CheA, which 
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in turn activates CheY, resulting in an increased tumbling frequency. Among all pathway 

components, CheR and CheB are present at the lowest levels64, maintained by the weak RBS 

(cheR) and intragenic mRNA secondary structure (cheB) (Müller et al., unpublished). Therefore, 

a non-monotonic trend in cheR expression, reflected in the overrepresentation of cheR_Moderate 

in Good spreaders (Fig. 37B, 38), suggests that the operon context might affect the ultimate 

translation efficiency. Thus, the selection for cheR_Moderate could either serve as a 

compensation for the reduction of translation efficiency due to residual native regulation, or, 

alternatively, in the refactored operon, this RBS variant could have the lowest strength. On the 

other hand, the concentration of another component of the adaptation module, CheB, shows 

much larger variation, which can be accounted for by several mechanisms. First, as mentioned 

above, the translation efficiency of CheB is primarily regulated by the intragenic element rather 

than its RBS (Müller et al., unpublished), which is likely why its concentration is not particularly 

sensitive to changes in the RBS within the synthetic operon. Besides, the presence of the negative 

feedback loop between CheA and CheB makes the pathway more robust to the changes in CheB 

concentration, since only the amount of activated (phosphorylated) CheB, which removes methyl 

groups from the receptors and thus reduces CheA activity, could affect the pathway functionality. 

Taken together, these results could explain the inconsistency in the RBS of cheB and cheR and 

the presence of candidates with cheB_Strong among Good spreaders (Fig. 36 and Fig. 47). 

Finally, the expression of cheZ, which directly inactivates the response regulator CheY, seems to 

be under the strongest selection pressure. 

Taken together, these preliminary data suggest that functionality of E. coli chemotaxis 

pathway is most likely determined by higher order interactions between individual components, 

which makes it more robust against the variation in expression of chemotaxis proteins than it was 

previously thought. Moreover, our data also indicate that functionality is mostly limited by the 

expression of the regulators of system’s input and output modules and not by the expression of 

the sensor and response regulator of the circuit (CheA and CheY). 

 Outlook 

As it was already stated above, the main purpose in the scope of this thesis was to establish the 

overall workflow and the analysis pipeline. The next essential step is scaling up, increasing the 

sample size to cover all possible combinations in the best-case scenario. First, we aim to build a 

more resolved genotype-phenotype map and analyze it following the established pipeline. Since 

the strength of RBS seems to be context-dependent, we will measure the actual protein levels in 

a subset of candidates with good and poor spreading ability. To characterize the phenotype in a 
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more detailed way, we will measure the actual output of the chemotaxis network – tumbling 

frequency and the chemotaxis efficiency. Besides, to conceptualize the pathway behavior upon 

simultaneous variation in the expression of all chemotaxis genes, we are planning to implement 

the mathematical model, which was previously developed in the lab156. Apart from that, we aim to 

investigate the adaptation of non-functional or poorly functional variants upon experimental 

evolution. 

Finally, this library assembly strategy will serve as a basis for transferring the chemotaxis 

pathways from other bacteria to address another important evolutionary question about the 

interchangeability limits of the pathway. The studies on gene cluster transfer (either synthetic or 

natural) are mostly focused on metabolic pathways147,148,157, the naturally occurring spread of 

resistance genes158,159 while the transfer of complex traits, such as motility and chemotaxis, 

remains largely unexplored. Chemotaxis pathway is an excellent example of the complex trait 

encoded by a simple network with a clear genotype-phenotype connection, which makes it a 

particularly convenient model for addressing this question. 

7 Materials and methods 

7.1 Table 3. Materials 

Category Item 

Equipment MicroPulser Electroporator (Bio-Rad) 

Electroporation cuvettes 0.1 cm (Bio-Rad) 

Nanodrop (ThermoFisher Scientific) 

BD LSRFortessa SORP cell analyzer (BD Biosciences, Germany) 

BioTek Synergy H1 plate reader 

TECAN Infinite M1000 PRO plate reader 

Nikon TI Eclipse, 10x objective with NA = 0.3, Phase 1 ring, CMOS camera EoSens 
4CXP 

Zeiss Elyra 7 inverted microscope with a 63x oil/1.46 oil objective 

PerfectBlue Semi-Dry Electroblotter (Peqlab, VWR, Germany) 

Odyssey Clx Infrared Imaging System (LI-COR Biosciences, Germany) 

GelDoc system (Peqlab) 

Microtiter plate orbital shaker: Infors Multitron shaker with 3mm throw 
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Magnetic stand for 96-well plate (manufactured by the institute) 

Eppendorf Thermomixer 

Eppendorf centrifuge 5910R 

Thermo Nanodrop 8000 

Consumables Q5 polymerase (NEB) 

Q5 5X Reaction Buffer (NEB) 

Q5 5X GC Enhancer (NEB) 

8 mM dNTP mix (ThermoFisher Scientific) 

T4 DNA Ligase (NEB) 

T4 10X Reaction Buffer (NEB) 

Restriction endonucleases (NEB): 

¶ BsaI-HF; 

¶ PvuI-HF; 

¶ EcoRI-HF; 

¶ EcoRV-HF; 

¶ XbaI;-HF 

¶ SphI-HF; 

¶ DpnI 

GeneRuler 1 kb DNA-Ladder, GeneRuler 1 kb Plus DNA Ladder (ThermoFisher 
Scientific) 

PageRuler™ Prestained Protein Ladder (ThermoFisher Scientific) 

Anti Flagellin rabbit polyclonal FITC conjugate primary antibody (Antikoerper; AA 2-
498-FITC, ABIN2831532, 1.5 mg/ml) 

IRDye 800CW Donkey Anti-Rabbit IgG secondary antibody (LI-COR Biosciences; P/N: 
926-32213, 1 mg/ml) 

2-well µ-Slide (ibidi, Germany) 

High Precision microscopy slides #1.5 24x60 mm (Marienfeld) 

24-, 96-well plates (Greiner Bio-One) 

Bottle-top filters (500 ml, polyethersulfone membrane, pore size 0.22 µm) (Merk) 

1, 5, 12 ml syringe (Braun Omnifix) 

Reaction kits PCR purification kit (ZymoReact) 

GeneJET PCR purification kit (ThermoFisher Scientific) 

GeneJET Gel-extraction kit (ThermoFisher Scientific) 

GeneJET Plasmid Miniprep Kit (ThermoFisher Scientific) 

BOMB high-throughput plasmid DNA extraction kit: 
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¶ Buffers: 
P1 (50 mM Tris-HCl pH 8.0, 10 mM EDTA, 200 µg ml-1) 
P2 (200 mM, NaOH, 1% SDS) 
P3 (2.3 M CH3COOK pH 4.8) 
PB (2.5 M NaCl, 10 mM Tris-HCl pH 8.0, 1 mM EDTA, 20% PEG 8000 (w/v), 

0.05% Tween 20, 1.14% Sera-Mag carboxylated beads (Cytiva, US)) 
PE (10 mM Tris-HCl pH 7.5, 80% Ethanol, MiliQ water) 
EB (10 mM Tris-HCl pH 8.5, ) 

DreamTaq 2X MM (ThermoFisher Scientific) 

Media and stock 
solutions 

SMM (3 g l-1 KH2PO4, 0.5 g l-1 NaCl, 6.78 g l-1 Na2HPO4, 1 g l-1 NH4Cl, 16 g l-1 tryptone, 
10 g l-1 yeast extract, 5 g l-1 glycerol) 

SOB medium (20 g l-1 bacto tryptone, 5 g l-1 bacto yeast extract, 8.55 mM NaCl, 10 
mM MgSO4 and 10 mM MgCl2, pH 7) 

SOC medium (SOB supplemented with 20 mM glucose) 

LB medium (10 g l−1 of tryptone, 5 g l−1 of yeast extract, 5 g l−1 of NaCl) 

LB agar plates (1.5% agar in LB medium) 

LB cryo storage medium (20% glycerol in LB medium) 

TB medium (10 g l−1 of tryptone, 5 g l−1 of NaCl) 

Soft TB agar (0.27% agar in TB) 

Semi-solid TB agar (0.5% agar in TB) 

M9 (5× stock made with 64 g l−1 (239 mM) of Na2HPO4-7H2O, 15 g l−1 (110 mM) of 
KH2PO4, 2.5 g l−1 (43 mM) of NaCl, 5.0 g l−1 (93 mM) of NH4Cl, 2 mM MgSO4, 0.1 mM 
CaCl2, 1μM FeSO4, and 1μM ZnCl2) 

Carbon sources: 0.4% glucose or 15 mM succinate 

Tanaka (20 mM (NH4)2SO4, 34 mM Na2HPO4, 0.3 mM MgSO4, 64 mM KH2PO4, 10 μM 

CaCl2, 1μM FeSO4, and 1μM ZnCl2) 

Carbon sources: 0.4% glucose or 15 mM succinate 

Rhamnose minimal plates: 

¶ A (15g agar in 500 ml ddH2O) 

¶ B (14.7 g K2HPO4-3H2O, 4.8 g KH2PO4, 2 g (NH4)2SO4) 
Autoclave A, B 
Next, add to B: 

1 ml thiamine HCl (10 mg ml-1) 
1 ml 1M MgCl2 
10 ml 100 mM amino acids 
10 ml 20% Rhamnose 
Mix A,B  

Antibiotics (1000X): 

Ampicillin (100 µg ml-1) 

Chloramphenicol (34 µg ml-1) 

Kanamycin (50 µg ml-1) 
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Isopropyl-β-D-thiogalactopyranosid, IPTG (100 mM) 

1x TSS  (5g PEG 8000, 0.3g  MgCl2 x6H2O, 2.5mL DMSO, fill up to 50 ml with LB, filter 

sterile) 

Buffers TAE (40 mM Tris base, 1 mM EDTA, 20 mM glacial acetic acid, pH 8) 

Tethering buffer (10 mM KPO4, 0.1 mM EDTA, 1 M methionine, 10 mM lactic acid, 

pH 7.0) 

Motility buffer (6.15 mM K2HPO4, 3.85 mM KH2PO4, 0.1 mM EDTA, 67 mM NaCl, pH 

7.0) 

Buffer A (10 mM KPO4 buffer, 0.1 mM EDTA dipotassium salt, 67 mM NaCl, 0.001% 

Tween-80, pH 7.0) 

Buffer B (same as Buffer A but adjusted to pH 7.8 with NaHCO3) 

SDS-PAGE running buffer (25 mM Tris, 192 mM glycine, 0.1% SDS) 

Western blot transfer buffer (25 mM Tris, 192 mM glycine, 20% methanol) 

Tris-buffered saline with Tween 20, TBS-T (150 mM NaCl, 20 mM Tris, 0.1% Tween 

20, pH 7.6) 

 

7.2 Table 4. Escherichia coli K-12 strains used in the 

study 
 

Strain Parental 

strain 

Plasmid Genetic modification Source or 

reference 

Description 

VS575 MG1655  ΔfliC::FRT  fliC knockout in 

MG1655 background. 

This strain was used 

as the negative control 

in our immunoblot 

assay 

VS1671 MG1655  Δflu::FRT Ni et al, 

2020. 

PNAS103 

Used as the parental 

wild-type strain in our 

study. Deletion of the 

flu gene that encodes 

the major E. coli 

adhesin, antigen 43, 

prevents 

autoaggregation of 

motile planktonic cells, 

thus facilitating 

subsequent 

characterization of 

motility. 
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IL28 (MG1655 

WT) 

VS1671 PfliC-GFP 

& 

pTrc99a 

Δflu::FRTpTrc99a PfliC-GFP This study Used as the default 

wild-type MG1655 

strain in most 

experiments. VS1671 

transformed with the 

reporter plasmid for 

the flagellin promoter 

activity (PfliC-GFP) and 

an empty pTrc99a 

plasmid. 

IL182 VS1671 PfliC-GFP Δflu::FRTPfliC-GFP This study VS1671 transformed 

with the reporter 

plasmid for the 

flagellin promoter 

activity (PfliC-GFP).  

IL26 VS1671 pTrc99a-

CFP 

Δflu::FRT pTrc99a-CFP Ni et al, 

2020. 

PNAS103 

VS1671 strain 

(labelled with CFP) 

used in the pairwise 

competition assays to 

measure fitess cost or 

benefit of flagellar 

gene expression. 

VS1683 VS1671  Δflu::FRT-lacI-Ptac-flhDC Ni et al, 

2020. 

PNAS103 

Used as the default 

MG1655 strain with 

the synthetic IPTG-

inducible regulation of 

flagellar regulon 

IL29 (Ptac) VS1683 PfliC-GFP 

& 

pTrc99a 

Δflu::FRT-lacI-Ptac-

flhDCpTrc99a PfliC-GFP 

This study Used as the default 

titratable Ptac strain in 

most experiments. 

VS1683 transformed 

with the reporter 

plasmid for the 

flagellin promoter 

activity (PfliC-GFP) and 

an empty pTrc99a 

plasmid 

IL183 VS1683 PfliC-GFP Δflu::FRT-lacI-Ptac-

flhDCpTrc99a PfliC-GFP 

This study VS1683 transformed 

with the reporter 

plasmid for the 

flagellin promoter 

activity (PfliC-GFP)  

IL107 VS1683 pTrc99a-

CFP 

Δflu::FRT-lacI-Ptac-

flhDCpTrc99a-CFP 

Ni et al, 

2020. 

PNAS103 

VS1683 strain 

(labelled with CFP) 

used in the pairwise 

competition assays to 

measure fitess cost or 

benefit of flagellar 

gene expression. 
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IL146 (W3110 

WT) 

W3110 

rpoS* 

PfliC-GFP 

& 

pTrc99a 

W3110 rpoS*pTrc99a PfliC-

GFP 

This study One of the canonical 

K-12 derivatives, the 

original W3110 strain 

with a premature stop-

codon in rpoS gene 

(Hayashi et al, 2006. 

Mol Syst Biol2) 

transformed with the 

reporter plasmid for 

the flagellin promoter 

activity (PfliC-GFP) and 

an empty pTrc99a 

plasmid 

IL149 (RP437 

WT) 

RP437 PfliC-GFP 

& 

pTrc99a 

RP437 pTrc99a  PfliC-GFP This study Canonical E. coli 

strain for chemotaxis 

(Parkinson, 1978. J. 

Bacteriol3) 

transformed with the 

reporter plasmid for 

the flagellin promoter 

activity (PfliC-GFP) 

and an empty pTrc99a 

plasmid 

IL121 VS1671 PfliC-GFP 

& 

pTrc99a 

Δflu::FRT ΔrpoS::FRT 

pTrc99a  PfliC-GFP 

This study rpoS knockout in 

VS1671 background 

constructed via P1 

transduction from 

KEIO collection 

followed by FLP 

recombination and 

transformed with the 

reporter plasmid for 

the flagellin promoter 

activity (PfliC-GFP) and 

an empty pTrc99a 

plasmid. 

IL162 VS1671  fliC::fliC-RBS-mCherry opt 

::FLP 

This study Genomic mCherry-

based reporter of 

flagellar gene 

expression integrated 

downstream fliC gene. 

Used for studying the 

dynamics of flagellar 

gene activation in 

single cells. 

Constructed via P1 

transduction from 

OB135 strain160 

IL164 VS1671 PfliC-GFP 

& 

pTrc99a 

Δflu::FRT ΔydiV::FRT 

pTrc99a  PfliC-GFP 

This study ydiV knockout in 

VS1671 background 

constructed via P1 

transduction from 

KEIO collection 

followed by FLP 

recombination and 

transformed with the 

reporter plasmid for 
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the flagellin promoter 

activity (PfliC-GFP) and 

an empty pTrc99a 

plasmid. 

IL165 VS1683 PfliC-GFP 

& 

pTrc99a 

Δflu::FRT-lacI-Ptac-flhDC 

ΔydiV::FRTpTrc99a PfliC-

GFP 

This study ydiV knockout in Ptac 

background 

constructed via P1 

transduction from 

KEIO collection 

followed by FLP 

recombination and 

transformed with the 

reporter plasmid for 

the flagellin promoter 

activity (PfliC-GFP) and 

an empty pTrc99a 

plasmid. 

IL25 VS1671 pTrc99a-

YFP 

Δflu::FRT ΔflhC::FRT 

pTrc99a-YFP 

Ni et al, 

2020. 

PNAS103 

Non-motile strain used 

in the pairwise 

competition assays to 

measure fitess cost of 

flagellar gene 

expression. 

IL27 VS1671 pTrc99a-

YFP 

Δflu::FRT ΔcheY::FRT 

pTrc99a-YFP 

Ni et al, 

2020. 

PNAS103 

Motile and non-

chemotactic strain 

used in the pairwise 

competition assays 

measure fitess 

advantage of flagellar 

gene expression. 

IL173 VS1683  Δflu::FRT-lacI-Ptac-flhDC 

ΔflgM::FRT 

This study flgM knockout in 

VS1683 background 

constructed via P1 

transduction from 

KEIO collection 

followed by FLP 

recombination.  

IL175 VS1683 PfliC-GFP 

& 

pTrc99a 

Δflu::FRT-lacI-Ptac-flhDC 

ΔflgM::FRTpTrc99a PfliC-

GFP 

This study flgM knockout in 

VS1683 background 

constructed via P1 

transduction from 

KEIO collection 

followed by FLP 

recombination and 

transformed with the 

reporter plasmid for 

the flagellin promoter 

activity (PfliC-GFP) and 

an empty pTrc99a 

plasmid. 

IL217 IL173 PfliC-GFP 

& 

pTrc99a 

Δflu::FRT-lacI-Ptac-flhDC 

ΔflgM::FRT ΔydiV::FRT 

pTrc99a PfliC-GFP 

This study ydiV knockout in IL173 

background 

constructed via P1 
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transduction from 

KEIO collection 

followed by FLP 

recombination and 

transformed with the 

reporter plasmid for 

the flagellin promoter 

activity (PfliC-GFP) and 

an empty pTrc99a 

plasmid. 

IL220 DH5α pIL1 pIL1 Stukenberg 

et al., ACS 

Synth Biol., 

2021137 

DH5α strain 

transformed with pIL1 

(8_19 construct from 

Marburg collection, 

see Table 6 for the 

description) 

IL71 DH5α pIL2 pIL2 Stukenberg 

et al., ACS 

Synth Biol., 

2021137 

DH5α strain 

transformed with pIL2 

(2_23 construct from 

Marburg collection, 

see Table 6 for the 

description) 

IL73 DH5α pIL3 pIL3 Stukenberg 

et al., ACS 

Synth Biol., 

2021137 

DH5α strain 

transformed with pIL3 

(4_01 construct from 

Marburg collection, 

see Table 6 for the 

description) 

IL74 DH5α pIL5 pIL5 Stukenberg 

et al., ACS 

Synth Biol., 

2021137 

DH5α strain 

transformed with pIL5 

(8_23 construct from 

Marburg collection, 

see Table 6 for the 

description) 

IL75 DH5α pIL6 pIL6 Stukenberg 

et al., ACS 

Synth Biol., 

2021137 

DH5α strain 

transformed with pIL6 

(7_02 construct from 

Marburg collection, 

see Table 6 for the 

description) 

IL223 DH5α pIL7 pIL7 This study DH5α strain 

transformed with pIL7 

(see Table 6 for the 

description) 

IL53 VS1671 pIL8 Δflu::FRT 

pIL8 

This study VS1671 transformed 

with pIL8 (pKD46) 

IL76 RP437 pIL9 RP437 pIL9 The strain 

was kindly 

provided by 

the lab of 

Prof. John 

S. 

Parkinson  

Strain containing 

pKD45 (Table 6) for λ-

RED recombineering 

followed by 

counterselection 
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IL47 IL53  Δflu::FRT 

ΔcheA-cheZ::ccdB-KanR 

pIL8 

This study VS1671 with cheAW-

meche region 

replaced with ccdB-

KanR 

IL54 IL47  Δflu::FRT 

ΔcheA-cheZ 

pIL8 

This study Clean pathway-

deficient knockout with 

pKD46 

IL141 MG1655  Δflu::FRT 

ΔcheA-cheZ 

This study VS1671 strain lacking 

cheAW-meche region 

(non-chemotactic; see 

details in the text). 

Used as a target strain 

for the chemotaxis 

pathway library 

analysis  

IL190 DH5α pIL14 pIL14 This study DH5α transformed 

with Ptar-based 

plasmid library of the 

chemotaxis pathway 

ILECOLIB_Ptar IL141 pIL14 pIL14 This study A joint label for all 

IL141 colonies 

carrying different 

plasmid variants from 

the Ptar-based library 

(pIL14). Since this 

attempt of the library 

construction was not 

successful, the 

candidates are not 

labelled individually 

ILECOLIB_Ptet DH5α pIL15 pIL15 This study DH5α transformed 

with Ptet-tetR-based 

plasmid library of the 

chemotaxis pathway 

ILECOLIB_s1 IL141 pIL-s1 pIL-s1 This study s1 candidate from Ptet-

tetR library 

ILECOLIB_s11 IL141 pIL-s11 pIL-s11 This study s11 candidate from 

Ptet-tetR library 

ILECOLIB_s3 IL141 pIL-s3 pIL-s3 This study  s3 candidate from 

Ptet-tetR library 

ILECOLIB_s8 IL141 pIL-s8 pIL-s8 This study  s8 candidate from 

Ptet-tetR library 

ILECOLIB_s9 IL141 pIL-s9 pIL-s9 This study  s9 candidate from 

Ptet-tetR library 

ILECOLIB_s23 IL141 pIL-s23 pIL-s23 This study  s23 candidate from 

Ptet-tetR library 

ILECOLIB_s14 IL141 pIL-s14 pIL-s14 This study  s14 candidate from 

Ptet-tetR library 

ILECOLIB_s18 IL141 pIL-s18 pIL-s18 This study  s18 candidate from 

Ptet-tetR library 

ILECOLIB_s19 IL141 pIL-s19 pIL-s19 This study  s19 candidate from 

Ptet-tetR library 
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ILECOLIB_s20 IL141 pIL-s20 pIL-s20 This study  s20 candidate from 

Ptet-tetR library 

ILECOLIB_s25 IL141 pIL-s25 pIL-s25 This study  s25 candidate from 

Ptet-tetR library 

ILECOLIB_s26 IL141 pIL-s26 pIL-s26 This study  s26 candidate from 

Ptet-tetR library 

ILECOLIB_s30 IL141 pIL-s30 pIL-s30 This study  s30 candidate from 

Ptet-tetR library 

ILECOLIB_m1 IL141 pIL-m1 pIL-m1 This study  m1 candidate from 

Ptet-tetR library 

ILECOLIB_m10 IL141 pIL-m10 pIL-m10 This study  m10 candidate from 

Ptet-tetR library 

ILECOLIB_m11 IL141 pIL-m11 pIL-m11 This study  m11 candidate from 

Ptet-tetR library 

ILECOLIB_m23 IL141 pIL-m23 pIL-m23 This study  m23 candidate from 

Ptet-tetR library 

ILECOLIB_m24 IL141 pIL-m24 pIL-m24 This study  m24 candidate from 

Ptet-tetR library 

ILECOLIB_m21 IL141 pIL-m21 pIL-m21 This study  m21 candidate from 

Ptet-tetR library 

ILECOLIB_m25 IL141 pIL-m25 pIL-m25 This study  m25 candidate from 

Ptet-tetR library 

ILECOLIB_w4 IL141 pIL-w4 pIL-w4 This study  w4 candidate from 

Ptet-tetR library 

ILECOLIB_w5 IL141 pIL-w5 pIL-w5 This study  w5 candidate from 

Ptet-tetR library 

ILECOLIB_m27 IL141 pIL-m27 pIL-m27 This study  m27 candidate from 

Ptet-tetR library 

ILECOLIB_m28 IL141 pIL-m28 pIL-m28 This study  m28 candidate from 

Ptet-tetR library 

ILECOLIB_m29 IL141 pIL-m29 pIL-m29 This study  m29 candidate from 

Ptet-tetR library 

ILECOLIB_w1 IL141 pIL-w1 pIL-w1 This study  w1 candidate from 

Ptet-tetR library 

ILECOLIB_w3 IL141 pIL-w3 pIL-w3 This study  w3 candidate from 

Ptet-tetR library 

ILECOLIB_w7 IL141 pIL-w7 pIL-w7 This study  w7 candidate from 

Ptet-tetR library 

ILECOLIB_w16 IL141 pIL-w16 pIL-w16 This study  w16 candidate from 

Ptet-tetR library 

ILECOLIB_w17 IL141 pIL-w17 pIL-w17 This study  w17 candidate from 

Ptet-tetR library 

ILECOLIB_w18 IL141 pIL-w18 pIL-w18 This study  w18 candidate from 

Ptet-tetR library 

ILECOLIB_w9 IL141 pIL-w9 pIL-w9 This study  w9 candidate from 

Ptet-tetR library 

ILECOLIB_w10 IL141 pIL-w10 pIL-w10 This study  w10 candidate from 

Ptet-tetR library 

ILECOLIB_w12 IL141 pIL-w12 pIL-w12 This study  w12 candidate from 

Ptet-tetR library 

ILECOLIB_w13 IL141 pIL-w13 pIL-w13 This study  w13 candidate from 

Ptet-tetR library 

ILECOLIB_w14 IL141 pIL-w14 pIL-w14 This study  w14 candidate from 

Ptet-tetR library 

ILECOLIB_w15 IL141 pIL-w15 pIL-w15 This study  w15 candidate from 

Ptet-tetR library 
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ILECOLIB_w19 IL141 pIL-w19 pIL-w19 This study  w19 candidate from 

Ptet-tetR library 

ILECOLIB_w29 IL141 pIL-w29 pIL-w29 This study  w29 candidate from 

Ptet-tetR library 

ILECOLIB_w30 IL141 pIL-w30 pIL-w30 This study  w30 candidate from 

Ptet-tetR library 

ILECOLIB_w20 IL141 pIL-w20 pIL-w20 This study  w20 candidate from 

Ptet-tetR library 

ILECOLIB_w21 IL141 pIL-w21 pIL-w21 This study  w21 candidate from 

Ptet-tetR library 

ILECOLIB_w22 IL141 pIL-w22 pIL-w22 This study  w22 candidate from 

Ptet-tetR library 

ILECOLIB_w25 IL141 pIL-w25 pIL-w25 This study  w25 candidate from 

Ptet-tetR library 

ILECOLIB_w26 IL141 pIL-w26 pIL-w26 This study  w26 candidate from 

Ptet-tetR library 

ILECOLIB_w27 IL141 pIL-w27 pIL-w27 This study  w27 candidate from 

Ptet-tetR library 

ILECOLIB_s32 IL141 pIL-s32 pIL-s32 This study  s32 candidate from 

Ptet-tetR library 

ILECOLIB_s36 IL141 pIL-s36 pIL-s36 This study  s36 candidate from 

Ptet-tetR library 

ILECOLIB_s37 IL141 pIL-s37 pIL-s37 This study  s37 candidate from 

Ptet-tetR library 

ILECOLIB_s21 IL141 pIL-s21 pIL-s21 This study  s21 candidate from 

Ptet-tetR library 

ILECOLIB_m31 IL141 pIL-m31 pIL-m31 This study  m31 candidate from 

Ptet-tetR library 

ILECOLIB_m37 IL141 pIL-m37 pIL-m37 This study  m37 candidate from 

Ptet-tetR library 

ILECOLIB_m38 IL141 pIL-m38 pIL-m38 This study  m38 candidate from 

Ptet-tetR library 

ILECOLIB_m40 IL141 pIL-m40 pIL-m40 This study  m40 candidate from 

Ptet-tetR library 

ILECOLIB_w31 IL141 pIL-w31 pIL-w31 This study  w31 candidate from 

Ptet-tetR library 

ILECOLIB_w39 IL141 pIL-w39 pIL-w39 This study  w39 candidate from 

Ptet-tetR library 

ILECOLIB_w101 IL141 pIL-

w101 

pIL-w101 This study  w101 candidate from 

Ptet-tetR library 

ILECOLIB_w98 IL141 pIL-w98 pIL-w98 This study  w98 candidate from 

Ptet-tetR library 

ILECOLIB_w105 IL141 pIL-

w105 

pIL-w105 This study  w105 candidate from 

Ptet-tetR library 

ILECOLIB_w75 IL141 pIL-w75 pIL-w75 This study  w75 candidate from 

Ptet-tetR library 

ILECOLIB_w91 IL141 pIL-w91 pIL-w91 This study  w91 candidate from 

Ptet-tetR library 

ILECOLIB_w44 IL141 pIL-w44 pIL-w44 This study  w44 candidate from 

Ptet-tetR library 

ILECOLIB_w86 IL141 pIL-w86 pIL-w86 This study  w86 candidate from 

Ptet-tetR library 

ILECOLIB_w90 IL141 pIL-w90 pIL-w90 This study  w90 candidate from 

Ptet-tetR library 

ILECOLIB_w80 IL141 pIL-w80 pIL-w80 This study  w80 candidate from 

Ptet-tetR library 
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ILECOLIB_w47 IL141 pIL-w47 pIL-w47 This study  w47 candidate from 

Ptet-tetR library 

ILECOLIB_w81 IL141 pIL-w81 pIL-w81 This study  w81 candidate from 

Ptet-tetR library 

ILECOLIB_w49 IL141 pIL-w49 pIL-w49 This study  w49 candidate from 

Ptet-tetR library 

ILECOLIB_w72 IL141 pIL-w72 pIL-w72 This study  w72 candidate from 

Ptet-tetR library 

ILECOLIB_w43 IL141 pIL-w43 pIL-w43 This study  w43 candidate from 

Ptet-tetR library 

ILECOLIB_w62 IL141 pIL-w62 pIL-w62 This study  w62 candidate from 

Ptet-tetR library 

ILECOLIB_w61 IL141 pIL-w61 pIL-w61 This study  w61 candidate from 

Ptet-tetR library 

ILECOLIB_w50 IL141 pIL-w61 pIL-w50 This study  w50 candidate from 

Ptet-tetR library 

ILECOLIB_w41 IL141 pIL-w41 pIL-w41 This study  w41 candidate from 

Ptet-tetR library 

ILECOLIB_w59 IL141 pIL-w59 pIL-w59 This study  w59 candidate from 

Ptet-tetR library 

ILECOLIB_w94 IL141 pIL-w94 pIL-w94 This study  w94 candidate from 

Ptet-tetR library 

ILECOLIB_w78 IL141 pIL-w78 pIL-w78 This study  w78 candidate from 

Ptet-tetR library 

ILECOLIB_w85 IL141 pIL-w85 pIL-w85 This study  w85 candidate from 

Ptet-tetR library 

ILECOLIB_w53 IL141 pIL-w53 pIL-w53 This study  w53 candidate from 

Ptet-tetR library 

ILECOLIB_m7 IL141 pIL-m7 pIL-m7 This study  m7 candidate from 

Ptet-tetR library 

ILECOLIB_m15 IL141 pIL-m15 pIL-m15 This study  m15 candidate from 

Ptet-tetR library 

IL242 VS1671 pIL7 pIL7 This study VS1671 (MG1655Δflu 

WT) transformed with 

Ptet-tetR-KanR dropout 

construct (pIL7). Used 

as the positive control 

in the spreading assay 

IL243 IL141 pIL7 pIL7 This study IL141 

(MG1655ΔfluΔcheAW-

meche) transformed 

with Ptet-tetR-KanR 

dropout construct 

(pIL7). Used as the 

negative control in the 

spreading assay 

IL232 IL141 pIL-t-s1 pIL-t-s1 This study t-s1 candidate from 

Ptet-tetR library 

IL244 IL141 pIL-t-s2 pIL-t-s2 This study t-s2 candidate from 

Ptet-tetR library 

IL245 IL141 pIL-t-s3 pIL-t-s3 This study t-s3 candidate from 

Ptet-tetR library 

IL246 IL141 pIL-t-s4 pIL-t-s4 This study t-s4 candidate from 

Ptet-tetR library 

IL247 IL141 pIL-t-s5 pIL-t-s5 This study t-s5 candidate from 

Ptet-tetR library 
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IL248 IL141 pIL-t-s6 pIL-t-s6 This study t-s6 candidate from 

Ptet-tetR library 

IL249 IL141 pIL-t-s7 pIL-t-s7 This study t-s7 candidate from 

Ptet-tetR library 

IL250 IL141 pIL-t-s8 pIL-t-s8 This study t-s8 candidate from 

Ptet-tetR library 

 

7.3 Table 5. Natural Escherichia coli isolates from 

ECOR collection. 

Strain Host Phylo-

group 

Sensitivi

ty to 

kanamy

cin2 

Spreading 

rank3 

Isolates 

from the 

subset 

Swimming 

(L) ≈ 

Swimming 

(S) (good 

or poor)4 

Swimmi

ng (S) > 

swimmi

ng (L)  

Expressi

on (S) > 

Expressi

on (L) 

1 Human (F)1 A  no     

2 Human (M) A KanR      

3 Dog A  no     

4 Human(F) A  good û  û û 

5 Human (F) A  no     

6 Human(M) A  poor û poor   

7 Orangutan B1  good û  û  

8 Human (F) A KanR      

9 Human (F) A  no     

10 Human(F) A  good û good   

11 Human(F), 

UTI 

A  good û    

12 Human(F) A  moderate û  û  

13 Human(F) A  good û good   

14 Human(F), 

UTI 

A  good û good   

15 Human(F) A  no     

16 Leopard A  moderate û    

17 Pig A  no     

18 Celebese 

ape 

A KanR      

19 Celebese 

ape 

A KanR      

20 Steer A  poor     

21 Steer A  no     

22 Steer A  good û good   

23 Elephant A  no     

24 Human(F) A  modderate û poor   
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25 Dog A  no     

26 Human(infan

t) 

B1  good û  û  

27 Giraffe B1  poor     

28 Human(F) B1  no     

29 Kangaroo rat B1  good û    

30 Bison B1  good û  û  

31 Leopard D KanR      

32 Giraffe B1  poor     

33 Sheep B1  good û    

34 Dog B1 KanR      

35 Human (M) D  no     

36 Human (F) D  no     

37 Marmoset D KanR      

38 Human(F) D  good û    

39 Human(F) D  no     

40 Human(F), 

UTI 

D  poor     

41 Human (M) D  poor     

42 Human(M) D  good û    

43 Human(F) A  moderate     

44 Coguar D  moderate û    

45 Pig B1  good û good   

46 Celebese 

ape 

D  no     

47 Sheep D  poor     

48 Human(F), 

UTI 

D  moderate û poor   

49 Human(F) D  moderate     

50 Human(F), 

UTI 

D  no     

51 Human(infan

t) 

B2  good û good   

52 Orangutan B2  no     

53 Human(F) B2  poor     

54 Human B2  poor     

55 Human(F) B2 KanR      

56 Human(F), 

UTI 

B2 KanR      

57 Gorilla B2  good û    

58 Lion B1  good û    

59 Human (M) B2  no     
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60 Human(F), 

UTI 

B2  no     

61 Human(F) B2 KanR      

62 Human(F), 

UTI 

B2  no     

63 Human(F) B2  no     

64 Human(F), 

UTI 

B2  poor     

65 Celebese 

ape 

B2 KanR      

66 Celebese 

ape 

B1  poor     

67 Goat B1  poor     

68 Giraffe B1  poor     

69 Celebese 

ape 

B1  no     

70 Gorilla A  no     

71 Human(F), 

UTI 

A  no     

72 Human(F), 

UTI 

A  good û  û û 

1: (M) - male, (F) - female, UTI - urinary tract infection. Description is taken from Ochman, H. & Selander, R.K. Standard 

reference strains of Escherichia coli from natural populations. Journal of Bacteriology 157, 690-693 (1984).  

2: KanR- the strains which grew on the LB agar + Kan (50 µg/mL) 

3: Assessed as the diameter of the spreading zone in soft TB agar (0.27% TB agar) 

4: Population-averaged swimming velocity measured after growth in liquid (L) or on the semi-solid medium (S); good - 

> 10 μm/sec, poor - < 10 μm/sec 

 

7.4 Table 6. Plasmids used in the study 
 

Name Source Description 

PfliC-GFP Ni et al, 2020. PNAS103 GFP reporter for fliC 

promoter activity based 
on pUA66 plasmid. 

sc101 Ori, KanR 

pTrc99a  Amann and Brosius, 1985. Gene161 Empty vector. pBR322 
ori, AmpR  with an 

additional copy of lacI 
gene 

pTrc99a-CFP Press et al, 2013. PLOS Genetics162 pTrc99a-based 
construct for the IPTG-
inducible expression of 

CFP protein used in 
'cost' assays 

pTrc99a-YFP Oleksiuk et al, 2011. Cell163 pTrc99a-based 
construct for the IPTG-
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inducible expression of 
YFP protein used in 

'benefit' assays 

pIL1 Stukenberg et al., ACS Synth Biol., 
2021137 

pMC0_8_19 construct 
(KanR part; pMB1-M ori) 
from Marburg Collection 

pIL2 Stukenberg et al., ACS Synth Biol., 
2021137 

pMC0_2_23 construct 
(Ptet-tetR part; pMB1 ori) 
from Marburg Collection 

pIL3 Stukenberg et al., ACS Synth Biol., 
2021137 

pMC0_4_01 construct 
(sfGFP_Vn dropout part; 
pMB1 ori) from Marburg 

Collection 

pIL4 Stukenberg et al., ACS Synth Biol., 
2021137 

pMC0_5_08 (TB1006 
terminator part; pMB1 

ori) from Marburg 
Collection 

pIL5 Stukenberg et al., ACS Synth Biol., 
2021137 

pMC0_8_23 (AmpR part; 
pMB1-M ori) from 

Marburg Collection 

pIL6 Stukenberg et al., ACS Synth Biol., 
2021137 

pMC0_7_02 construct 
(p15A origin part; pMB1 

ori) from Marburg 
Collection 

pIL7 This study Ptet-tetR-KanR dropout 
construct (p15A ori) 

assembled from pIL1-6 
via golden gate cloning 

pIL8 Datsenko and Wanner, PNAS, 2000164 pKD46 plasmid carrying 
λ-RED proteins 

pIL9 The plasmid was kindly provided by the 
lab of Prof. John S. Parkinson  

pKD45 plasmid used for 
λ-RED recombineering 

followed by 
counterselection. The 
plasmid carries ccdB 
toxin gene under the 
control of rhamnose-
inducible promoter 
(PrhaB-ccdB) and 

kanamycin resistance 
cassette oriented in the 
opposite direction (Pneo-

KanR) 

pIL10 This study Ptar-AmpR. An empty 

vector constructed from 
pIL4-6 and Ptar promoter 
sequence amplified from 

VS1671. Used as a 
negative control 
(background) for 

estimating the strength 
of Strong, Moderate, 
and Weak RBS from 
Marburg Collection 

pIL11 This study Ptar-RBS_Strong-AmpR. 
A test construct carrying 

E. coli sfGFP gene 
under the control of Ptar 
promoter and the Strong 
variant of RBS (RB0035) 
from Marburg Collection 
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pIL12 This study Ptar-RBS_Moderate-
AmpR. A test construct 
carrying E. coli sfGFP 
gene under the control 
of Ptar promoter and the 
Strong variant of RBS 

(RB0032) from Marburg 
Collection 

pIL13 This study Ptar-RBS_Moderate-

AmpR. A test construct 
carrying E. coli sfGFP 
gene under the control 
of Ptar promoter and the 
Strong variant of RBS 

(RB0031) from Marburg 
Collection 

pIL14 This study  Plasmid library of the 
chemotaxis pathway 

under the control of the 
native Ptar promoter 

pIL15 This study Plasmid library of the 
chemotaxis pathway 

under the control of Ptet-

tetR promoter. A joint 
label for three variants of 
the library with Strong, 

Moderate or Weak RBS 
of cheA (the first gene) 

pIL-s1 This study The construct from s1 
candidate (Strong RBS 

of cheA)  

pIL-s11 This study The construct from s11 
candidate (Strong RBS 

of cheA) 

pIL-s3 This study The construct from s3 
candidate (Strong RBS 

of cheA) 

pIL-s3 This study The construct from s3 
candidate from Ptet-tetR 
library (Strong RBS of 

cheA) 

pIL-s8 This study  The construct from s8 
candidate from Ptet-tetR 
library (Strong RBS of 

cheA) 

pIL-s9 This study  The construct from s9 
candidate from Ptet-tetR 
library (Strong RBS of 

cheA) 

pIL-s23 This study  The construct from s23 
candidate from Ptet-tetR 
library (Strong RBS of 

cheA) 

pIL-s14 This study The construct from s14 
candidate from Ptet-tetR 
library (Strong RBS of 

cheA) 

pIL-s18 This study  The construct from s18 
candidate from Ptet-tetR 
library (Strong RBS of 

cheA) 
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pIL-s19 This study The construct from s19 
candidate from Ptet-tetR 

library (Strong RBS of 
cheA) 

pIL-s20 This study  The construct from s20 
candidate from Ptet-tetR 
library (Strong RBS of 

cheA) 

pIL-s25 This study  The construct from s25 
candidate from Ptet-tetR 
library (Strong RBS of 

cheA) 

pIL-s26 This study The construct from s26 
candidate from Ptet-tetR 
library (Strong RBS of 

cheA) 

pIL-s30 This study  The construct from s30 
candidate from Ptet-tetR 
library (Strong RBS of 

cheA) 

pIL-m1 This study  The construct from m1 
candidate from Ptet-tetR 

library (Moderate RBS of 
cheA) 

pIL-m10 This study  The construct from m10 
candidate from Ptet-tetR 

library (Moderate RBS of 
cheA) 

pIL-m11 This study  The construct from m11 
candidate from Ptet-tetR 

library (Moderate RBS of 
cheA) 

pIL-m23 This study  The construct from m23 
candidate from Ptet-tetR 

library (Moderate RBS of 
cheA) 

pIL-m24 This study The construct from m24 
candidate from Ptet-tetR 

library (Moderate RBS of 
cheA) 

pIL-m21 This study  The construct from m21 
candidate from Ptet-tetR 

library (Moderate RBS of 
cheA) 

pIL-m25 This study  The construct from m25 
candidate from Ptet-tetR 

library (Moderate RBS of 
cheA) 

pIL-w4 This study  The construct from w4 
candidate from Ptet-tetR 

library 

pIL-w5 This study  The construct from w5 
candidate from Ptet-tetR 

library 

pIL-m27 This study  The construct from m27 
candidate from Ptet-tetR 

library (Moderate RBS of 
cheA) 

pIL-m28 This study  The construct from m28 
candidate from Ptet-tetR 
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library (Moderate RBS of 
cheA) 

pIL-m29 This study The construct from m29 
candidate from Ptet-tetR 

library (Moderate RBS of 
cheA) 

pIL-w1 This study  The construct from w1 
candidate from Ptet-tetR 
library (Weak RBS of 

cheA) 

pIL-w3 This study The construct from w3 
candidate from Ptet-tetR 

library (Weak RBS of 
cheA) 

pIL-w7 This study  The construct from w7 
candidate from Ptet-tetR 

library (Weak RBS of 
cheA) 

pIL-w16 This study  The construct from w16 
candidate from Ptet-tetR 
library (Weak RBS of 

cheA) 

pIL-w17 This study  The construct from w17 
candidate from Ptet-tetR 
library (Weak RBS of 

cheA) 

pIL-w18 This study  The construct from w18 
candidate from Ptet-tetR 
library (Weak RBS of 

cheA) 

pIL-w9 This study  The construct from w9 
candidate from Ptet-tetR 
library (Weak RBS of 

cheA) 

pIL-w10 This study  The construct from w10 
candidate from Ptet-tetR 
library (Weak RBS of 

cheA) 

pIL-w12 This study  The construct from w12 
candidate from Ptet-tetR 

library (Weak RBS of 
cheA) 

pIL-w13 This study  The construct from w13 
candidate from Ptet-tetR 

library (Weak RBS of 
cheA) 

pIL-w14 This study  The construct from w14 
candidate from Ptet-tetR 
library (Weak RBS of 

cheA)y 

pIL-w15 This study The construct from w15 
candidate from Ptet-tetR 
library (Weak RBS of 

cheA) 

pIL-w19 This study  The construct from w19 
candidate from Ptet-tetR 
library (Weak RBS of 

cheA) 

pIL-w29 This study  The construct from w29 
candidate from Ptet-tetR 
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library (Weak RBS of 
cheA) 

pIL-w30 This study  The construct from w30 
candidate from Ptet-tetR 
library (Weak RBS of 

cheA) 

pIL-w20 This study  The construct from w20 
candidate from Ptet-tetR 
library (Weak RBS of 

cheA) 

pIL-w21 This study  The construct from w21 
candidate from Ptet-tetR 

library (Weak RBS of 
cheA) 

pIL-w22 This study  The construct from w22 
candidate from Ptet-tetR 

library (Weak RBS of 
cheA) 

pIL-w25 This study  The construct from w25 
candidate from Ptet-tetR 
library (Weak RBS of 

cheA) 

pIL-w26 This study The construct from w26 
candidate from Ptet-tetR 
library (Weak RBS of 

cheA) 

pIL-w27 This study  The construct from w27 
candidate from Ptet-tetR 
library (Weak RBS of 

cheA) 

pIL-s32 This study  The construct from s32 
candidate from Ptet-tetR 
library (Strong RBS of 

cheA) 

pIL-s36 This study  The construct from s36 
candidate from Ptet-tetR 
library (Strong RBS of 

cheA) 

pIL-s37 This study  The construct from s37 
candidate from Ptet-tetR 

library (Strong RBS of 
cheA) 

pIL-s21 This study  The construct from s21 
candidate from Ptet-tetR 

library (Strong RBS of 
cheA) 

pIL-m31 This study  The construct from m31 
candidate from Ptet-tetR 

library (Moderate RBS of 
cheA) 

pIL-m37 This study  The construct from m37 
candidate from Ptet-tetR 

library (Moderate RBS of 
cheA) 

pIL-m38 This study  The construct from m38 
candidate from Ptet-tetR 

library (Moderate RBS of 
cheA) 

pIL-m40 This study  The construct from m40 
candidate from Ptet-tetR 
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library (Moderate RBS of 
cheA) 

pIL-w31 This study  The construct from w31 
candidate from Ptet-tetR 
library (Weak RBS of 

cheA) 

pIL-w39 This study  The construct from w39 
candidate from Ptet-tetR 
library (Weak RBS of 

cheA) 

pIL-w101 This study  The construct from 
w101 candidate from 
Ptet-tetR library (Weak 

RBS of cheA) 

pIL-w98 This study  The construct from w98 
candidate from Ptet-tetR 

library (Weak RBS of 
cheA) 

pIL-w105 This study  The construct from 
w105 candidate from 
Ptet-tetR library (Weak 

RBS of cheA) 

pIL-w75 This study  The construct from w75 
candidate from Ptet-tetR 
library (Weak RBS of 

cheA) 

pIL-w91 This study  The construct from w91 
candidate from Ptet-tetR 
library (Weak RBS of 

cheA) 

pIL-w44 This study  The construct from w44 
candidate from Ptet-tetR 
library (Weak RBS of 

cheA) 

pIL-w86 This study  The construct from w86 
candidate from Ptet-tetR 
library (Weak RBS of 

cheA) 

pIL-w90 This study  The construct from w90 
candidate from Ptet-tetR 

library (Weak RBS of 
cheA) 

pIL-w80 This study  The construct from w80 
candidate from Ptet-tetR 

library (Weak RBS of 
cheA) 

pIL-w47 This study  The construct from w47 
candidate from Ptet-tetR 
library (Weak RBS of 

cheA) 

pIL-w81 This study  The construct from w81 
candidate from Ptet-tetR 
library (Weak RBS of 

cheA) 

pIL-w49 This study  The construct from w49 
candidate from Ptet-tetR 
library (Weak RBS of 

cheA) 

pIL-w72 This study  The construct from w72 
candidate from Ptet-tetR 
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library (Weak RBS of 
cheA) 

pIL-w43 This study  The construct from w43 
candidate from Ptet-tetR 
library (Weak RBS of 

cheA) 

pIL-w62 This study  The construct from w62 
candidate from Ptet-tetR 
library (Weak RBS of 

cheA) 

pIL-w61 This study  The construct from w61 
candidate from Ptet-tetR 

library (Weak RBS of 
cheA) 

pIL-w50 This study  The construct from w50 
candidate from Ptet-tetR 

library (Weak RBS of 
cheA) 

pIL-w41 This study  The construct from w41 
candidate from Ptet-tetR 
library (Weak RBS of 

cheA) 

pIL-w59 This study  The construct from w59 
candidate from Ptet-tetR 
library (Weak RBS of 

cheA) 

pIL-w94 This study  The construct from w94 
candidate from Ptet-tetR 
library (Weak RBS of 

cheA) 

pIL-w78 This study  The construct from w78 
candidate from Ptet-tetR 
library (Weak RBS of 

cheA) 

pIL-w85 This study  The construct from w85 
candidate from Ptet-tetR 
library (Weak RBS of 

cheA) 

pIL-w53 This study  The construct from w53 
candidate from Ptet-tetR 

library (Weak RBS of 
cheA) 

pIL-m7 This study  The construct from m7 
candidate from Ptet-tetR 

library (Moderate RBS of 
cheA) 

pIL-m15 This study  The construct from m15 
candidate from Ptet-tetR 

library (Moderate RBS of 
cheA) 

pIL-t-s1 This study The construct from t-s1 
candidate from Ptet-tetR 
library (Strong RBS of 

cheA) 

pIL-t-s2 This study The construct from t-s2 
candidate from Ptet-tetR 
library (Strong RBS of 

cheA) 

pIL-t-s3 This study The construct from t-s3 
candidate from Ptet-tetR 



Page | 117  
 

library (Strong RBS of 
cheA) 

pIL-t-s4 This study The construct from t-s4 
candidate from Ptet-tetR 
library (Strong RBS of 

cheA) 

pIL-t-s5 This study The construct from t-s5 
candidate from Ptet-tetR 
library (Strong RBS of 

cheA) 

pIL-t-s6 This study The construct from t-s6 
candidate from Ptet-tetR 

library (Strong RBS of 
cheA) 

pIL-t-s7 This study The construct from t-s7 
candidate from Ptet-tetR 

library (Strong RBS of 
cheA) 

pIL-t-s8 This study The construct from t-s8 
candidate from Ptet-tetR 
library (Strong RBS of 

cheA) 

 

7.5 Table 7. List of primers 

Name Sequence Purpose 

IL1_DS_cheA
_strong_fw 

AAG GTC TCG TAC TAG AGA TTA AAG 
AGG AGA ATA ATC AGT GAG CAT 
GGA TAT AAG CGA TTT TTA TC 

Introduce strong RBS to cheA 

IL2_DS_cheA
_moderate_fw 

AAG GTC TCG TAC TAG AGT CAC ACA 
GGA AAG TAA TCA GTG AGC ATG GAT 
ATA AGC GAT TTT TAT C 

Introduce moderate RBS to cheA 

IL3_DS_cheA
_weak_fw 

AAG GTC TCG TAC TAG AGT CAC ACA 
GGA AAC CTA ATC AGT GAG CAT 
GGA TAT AAG CGA TTT TTA TC 

Introduce weak RBS to cheA 

IL4_DS_cheA
_rv 

TTG GTC TCC TGC CTC AGG CGG 
CGG TGT TC 

cheA amplification 

IL5_DS_cheW
_strong_fw 

AAG GTC TCG GGC AGA GAT TAA 
AGA GGA GAA TAA TCA ATG ACC GGT 
ATG ACG AAT GTA AC 

Introduce strong RBS to cheW 

IL6_DS_cheW
_moderate_fw 

AAG GTC TCG GGC AGA GTC ACA 
CAG GAA AGT AAT CAA TGA CCG GTA 
TGA CGA ATG TAA C 

Introduce moderate RBS to cheW 

IL7_DS_cheW
_weak_fw 

AAG GTC TCG GGC AGA GTC ACA 
CAG GAA ACC TAA TCA ATG ACC GGT 
ATG ACG AAT GTA AC 

Introduce weak RBS to cheW 

IL8_DS_cheW
_rv 

TTG GTC TCC GCG ATT ACG CCA CTT 
CTG ACG 

cheW amplification 

IL9_DS_cheR
_strong_fw 

AAG GTC TCG TCG CAG AGA TTA AAG 
AGG AGA ATA ATC AAT GAC TTC ATC 
TCT GCC CTG 

Introduce strong RBS to cheR 

IL10_DS_che
R_moderate_f
w 

AAG GTC TCG TCG CAG AGT CAC 
ACA GGA AAG TAA TCA ATG ACT TCA 
TCT CTG CCC TG 

Introduce moderate RBS to cheR 

IL11_DS_che
R_weak_fw 

AAG GTC TCG TCG CAG AGT CAC 
ACA GGA AAC CTA ATC AAT GAC TTC 
ATC TCT G 

Introduce weak RBS to cheR 
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IL12_DS_che
R_rv 

TTG GTC TCC ACT GTT AAT CCT TAC 
TTA GCG CAT ACA C 

cheR amplification 

IL13_DS_che
B_strong_fw 

AAG GTC TCG CAG TAG AGA TTA AAG 
AGG AGA ATA ATC AAT GAG CAA AAT 
CAG GGT G 

Introduce strong RBS to cheB 

IL14_DS_che
B_moderate_f
w 

AAG GTC TCG CAG TAG AGT CAC 
ACA GGA AAG TAA TCA ATG AGC AAA 
ATC AGG GTG 

Introduce moderate RBS to cheB 

IL15_DS_che
B_weak_fw 

AAG GTC TCG CAG TAG AGT CAC 
ACA GGA AAC CTA ATC AAT GAG CAA 
AAT CAG GGT G 

Introduce weak RBS to cheB 

IL16_DS_che
B_rv 

TTG GTC TCC TGG ATT AAA TAC GTA 
TCG CCT GTC 

cheB amplification 

IL17_DS_che
Y_strong_fw 

AAG GTC TCG TCC AGA GAT TAA AGA 
GGA GAA TAA TCA ATG GCG GAT AAA 
GAA C 

Introduce strong RBS to cheY 

IL18_DS_che
Y_moderate_f
w 

AAG GTC TCG TCC AGA GTC ACA 
CAG GAA AGT AAT CAA TGG CGG ATA 
AAG AAC 

Introduce moderate RBS to cheY 

IL19_DS_che
Y_weak_fw 

AAG GTC TCG TCC AGA GTC ACA 
CAG GAA ACC TAA TCA ATG GCG GAT 
AAA GAA C 

Introduce weak RBS to cheY 

IL20_DS_che
Y_rv 

TTG GTC TCC ATT CTC ACA TGC CCA 
GTT TC 

cheY amplification 

IL21_DS_cheZ
_strong_fw 

AAG GTC TCG GAA TAG AGA TTA AAG 
AGG AGA ATA ATC AAT GCA ACC ATC 
AAT CAA AC 

Introduce strong RBS to cheZ 

IL22_DS_cheZ
_moderate_fw 

AAG GTC TCG GAA TAG AGT CAC ACA 
GGA AAG TAA TCA ATG CAA CCA TCA 
ATC AAA C 

Introduce moderate RBS to cheZ 

IL23_DS_cheZ
_weak_fw 

AAG GTC TCG GAA TAG AGT CAC ACA 
GGA AAC CTA ATC AAT GCA ACC ATC 
AAT CAA AC 

Introduce weak RBS to cheZ 

IL24_DS_cheZ
_rv 

TTGGTCTCCAAGCTCAAAATCCAAGAC
TATCC 

cheZ amplification 

IL26_DS_Ptar
_native_multiR
BS_rv 

AAG GTC TCA AGT AAA GGC ACC TTC 
CTG AAA AC 

Amplify Ptar native followed by the 3’-overhang for 
different synthetic RBS 

IL30_DS_Ptar
_native_rev_e
mpty_vector 

AAG GTC TCA AAG CAA GGC ACC TTC 
CTG AAA AC 

Amplify Ptar native followed by the overhang for the 
terminator 

IL37_sfGFP_b
ackbone_fw 

AAGGTCTCGTACTAGAGACCGAAAGT
GAAACGTG 

Amplification of sfGFP_Vn Dropout from pIL3; 
Backbone assembly  

IL38_sfGFP_b
ackbone_rv 

GAGTGGTCTCAAAGCAGAGAC Amplification of sfGFP_Vn Dropout from pIL3; 
Backbone assembly  

IL39_p15A_fw AAGGTCTCGCGCTGCGCTAGCGGAGT
GTATAC 

Amplification of p15A origin from pIL6; Backbone 
assembly  

IL40_p15A_rv AAGGTCTCAAGCAAATTTAAAAGGATC Amplification of p15A origin from pIL6; Backbone 
assembly  

IL41_bla_fw AAGGTCTCGTGCTTTTCTACGG Amplification of AmpR cassette from pIL5; 
Backbone assembly  

IL42_bla_rv AAGGTCTCACTCCGGAGTTTACGGCT
AGCTCAG 

Amplification of AmpR cassette from pIL5; 
Backbone assembly  

IL50_sfGFP_E
c_only_fw 

AAGGTCTCGATGTCCAAGGGTGAAGA
G 

Amplify sfGFP codon-optimized for E.coli to use it 
for the construction of Ptar test set 

IL51_sfGFP_E
c_rv 

GAGGTCTCAAAGCTTACGACCCCTTAT
AAAGCTC 

Amplify sfGFP codon-optimized for E.coli to use it 
for the construction of Ptar test set 

IL53_sfGFP_E
c_RBS_strong
_fw 

AAGGTCTCGTACTAGAGATTAAAGAG
GAGAATAATCAATGTCCAAGGGTGAA
GAG 

Amplify sfGFP codon-optimized with artificial RBS 
strong for E.coli to use it for the construction of Ptar 
test set 
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IL54_sfGFP_E
c_RBS_moder
ate_fw 

AAGGTCTCGTACTAGAGTCACACAGG
AAAGTAATCAATGTCCAAGGGTGAAGA
G 

Amplify sfGFP codon-optimized with artificial RBS 
moderate for E.coli to use it for the construction of 
Ptar test set 

IL55_sfGFP_E
c_RBS_weak_
fw 

AAGGTCTCGTACTAGAGTCACACAGG
AAACCTAATCAATGTCCAAGGGTGAAG
AG 

Amplify sfGFP codon-optimized with artificial RBS 
weak for E.coli to use it for the construction of Ptar 

test set 

IL69_Irinatemp
l_cheZ_cheA_f
o 

GAACCGAGGTGACAGCGTGTGATTTG
TATTGCCTGATGTGGCGTG 

Amplify the linear fragment downstream cheZ 
(overlap extension PCR step 1) for the construction 
of the pathway-deficient strain (IL141) 

IL70_Irinatemp
l_cheZ_down_
re 

GCCAATCCTGGAAAGAGTATTAAGCG
TG 

Flanking primer for amplifying the linear template 
(overlap extension PCR, step 2) for the 
construction of the pathway-deficient strain (IL141) 

IL71_IrinacheZ
_down_check_
r 

CAGATAACACTAACGCCCAC Sequence the clean knockout (IL141) 

IL72_Irinatemp
l_cheZ_cheA_
re 

CACGCCACATCAGGCAATACAAATCA
CACGCTGTCACCTCGGTTC 

Amplify the linear fragment downstream cheZ 
(overlap extension PCR step 1) for the construction 
of the pathway-deficient strain (IL141) 

IL73_IrinacheZ
_neoR_for 

GACGTGGTCACGCCACATCAGGCAAT
ACAAATCAAAATCCGTCCCGCTCAGAA
GAACTC 

Forward primer to amplify the ccdB-KanR cassette 
from pIL9 

IL74_Irinache
A_cheA_ccdB
_rev 

GTTCCCACAATGCCATCAGCCGAACC
GAGGTGACAGCGTGGAGCCTGACATT
TATATTCC 

Reverse primer to amplify the ccdB-KanR cassette 

from pIL9 

IL75_motB_ch
eck_for 

GTCATACCGATGATTTCCCCTAC Sequence the clean knockout (IL141) 

IL76_Irinatemp
l_motB_end_f
or 

CGCTTAAGCGATCGCGGAC Flanking primer for amplifying the linear template 
(overlap extension PCR, step 2) for the 
construction of the pathway-deficient strain (IL141) 

IL84_Akan_8_
19_rev 

AAGGTCTCACTCCAAGATGCGTGATCT
GATCC 

Amplify KanR casette from pIL1 to assemble Ptet-
tetR dropout construct (pIL7) 

IL85_Akan_8_
19_fw 

AAGGTCTCGTGCTAAACGG Amplify KanR casette from pIL1 to assemble Ptet-
tetR dropout construct (pIL7) 

IL57_nlpC_fw CTGGCAGGCGAGACGAATCTAG Check ΔydiV (IL164, IL165) after P1 transduction 

IL58_selO_rv CTCAGCGTGTTAGCCAGTTC Check ΔydiV (IL164, IL165) after P1 transduction 

IL65_uspC_st
art_fw 

TAACCGCAACAGCGACAAG Check the upstream region of VS1671 (MG1655 
WT), VS1683 (Ptac) 

IL66_flhD_Pta
c_rev 

GAAGAGTCAGTGCCGCTAAC Check the upstream region of VS1671 (MG1655 
WT), VS1683 (Ptac) 

IL80_flgN_rev CTGTAATCCATTGCAACTG Check ΔflgM (IL173, IL175 strains) 

IL81_flgA_fw CAGCGGTGATGGGTTTAG Check ΔflgM (IL173, IL175 strains)  

 

7.6 Methods 
 

 Growth conditions 

E. coli strains described in the section 5.1 of the Results were grown either in batch cultures or 

under balanced growth. Unless specified otherwise, for the measurements in batch day cultures 

were prepared by 1:100 dilution of a TB-grown overnight (37°C, 200 rpm) in 10 ml of the 

respective medium supplemented with kanamycin (100 μg ml-1) for the strains transformed only 

with PfliC-GFP reporter plasmid (including all ECOR isolates). For pTrc99a-carrying strains, 



Page | 120  
 

ampicillin (100 μg ml-1) was also added to the medium. When minimal medium was used, cells 

were washed three times in medium without carbon source before inoculation. Cultures were 

incubated at 34°C with shaking (270 rpm) and harvested at mid-exponential phase (OD600 = 0.4-

0.6 for TB or 0.3-0.5 for M9) measured with spectrophotometer (Ultrospec 10 cell density meter, 

Amersham Biosciences). 

For the balanced growth, we used the same setup as described in Honda et al.105. Briefly, MG1655 

WT and Ptac strains were streaked from stocks on LB agar plates supplemented with kanamycin 

(100 μg ml-1) and, where relevant, with ampicillin (100 μg ml-1) and incubated overnight at 37°C. 

Next day, 2-3 colonies were individually inoculated in 2 ml of LB and grown for 4-5 h (seed 

culture). After that, 1 ml of the seed culture was pelleted (6000 rpm, 5 min), washed once in the 

target medium, and diluted 1:9 in the target medium. OD600 values of the diluted samples were 

determined with spectrophotometer. Based on the measurements the samples were further 

diluted in fresh target medium (pre-culture) to the final OD600 = 0.002 and grown overnight (34°C, 

270 rpm). The corresponding IPTG amounts were added to the pre-cultures of an inducible Ptac 

strain. In the case of TB medium, two “pre-culture” steps were performed to prevent cells from 

reaching stationary phase. Based on the measured OD600 values, pre-cultures were diluted to the 

final OD600 = 0.01-0.02 in 10 mL of the target medium (experimental culture). Both expression and 

swimming were analyzed during steady-state growth (OD600 = 0.1-0.5). 

For high-throughput plasmid extraction, E.coli strains transformed with the library of the 

chemotactic operon (section 5.2) were inoculated from the glycerol stocks in 1 ml of SMM medium 

(Table 3) and grown overnight (37°C, 800 rpm). 

 Reporter activity measurements 

PfliC reporter activity was measured by either flow cytometry or plate reader assay. For flow 

cytometry, cultures grown in batch or under balanced growth conditions were diluted 1:50 in 

tethering buffer (6.15 mM K2HPO4, 3.85 mM KH2PO4, 0.1 mM EDTA, 1 µM methionine, 10 mM 

sodium lactate, pH 7.0) and fluorescence was detected using a 488 nm laser (100 mW) and a 

510/20 nm bandpass filter for GFP on a BD LSRFortessa SORP cell analyzer (BD Biosciences, 

Germany). 30,000 individual events were analyzed in each experimental run. Gating was first 

performed on an FSC-A/SSC-A plot and on an SSC-W over SSC-H plot to exclude doublets165. 

Events in the samples with fluorescence intensities higher than the background signal from the 

MG1655 WT or Ptac strain without the reporter plasmid were considered ‘positive’ 

(Supplementary Fig. 8). The proportion of ‘positive’ events per sample and summary statistics 

(mean, median fluorescence values) of both the ‘positive’ and the ‘whole’ population were 
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assessed during the measurements using BD FACSDivaTM Software v8.0.1. Data were collected 

in FCS 3.0 file format and analyzed using the flowCore package in R v4.2.2. 

For growth and expression measurements in the BioTek Synergy H1 plate reader. Unless 

specified otherwise, overnight cultures were inoculated into the 96-well plates (Greiner Bio-One) 

at a dilution of 1:1000 and grown at 34°C with double orbital shaking at a frequency of 548 cycles 

per minute (CPM) and a shaking amplitude of 2mm for 24 h (TB) or for 48-64 h (M9). GFP 

fluorescence was quantified using a monochromator-based filter set (excitation 485 nm, emission 

530 nm, with a bandpass ≤18 nm for detection). Fluorescence and optical density (OD600) were 

measured every 10 min. Since the experiment with ECOR strains was performed independently 

using a different fluorescence detector gain, the GFP/OD600 signal of MG1655 WT reaches a 

higher value on Fig. 25 compared to Supplementary Fig. 8C. For experiments shown in Fig. 16, 

the TECAN Infinite M1000 PRO plate reader was used instead for consistency with the previous 

study103. 

Reporter activity in ECOR isolates was also measured after growth in liquid TB medium in flasks 

or on the surface of semi-solid TB agar (0.5%). For the liquid medium setup, day cultures were 

prepared in the same manner as batch cultures of MG1655 WT and Ptac. For growth on the semi-

solid medium, 20 µl of the same overnight culture was spread on the surface of TB agar using 

glass beads. After drying for 15-20 min, the plates were incubated at 34°C for the same time as 

it took the strain to reach OD600= 0.4-0.6 (i.e., 2.5-4h) in liquid medium. Cells were gently washed 

from the plates with 2 ml of motility buffer (6.15 mM K2HPO4, 3.85 mM KH2PO4, 0.1 mM EDTA, 

67 mM NaCl, pH 7.0) and adjusted if necessary to final OD600 = 0.5, and 1 ml of a liquid-grown 

culture was also washed once in motility buffer. After another washing step, the cells were 

resuspended in 1 ml motility buffer supplemented with 1% glucose and 0.001% Tween-80. GFP 

fluorescence was measured in a TECAN Infinite 200 PRO plate reader at 480 nm wavelength, 9 

nm bandwidth for excitation and 510 nm wavelength, 20 nm bandwidth for emission. 

 

 Motility assay in soft agar 

Motility driven spreading of E. coli in 0.27% TB soft agar was analyzed as previously described41. 

Briefly, 2 µl of overnight cultures grown in TB (37°C, 200 rpm) were transferred to the soft agar 

plates, and the diameters of the spreading zones were measured after 4-5 h of incubation at 34°C 

by capturing images with an iPad camera or and quantifying the diameter of the spreading zone 

using ImageJ. 
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To analyze the spreading abilities of the candidates from the chemotaxis operon library, they were 

randomly assigned to several 10 cm U 10 cm soft agar plates containing 1 ng ml-1 of 

anhydrotetracycline (aTc) and kanamycin (100 ug ml-1). Ten candidates per each plate were 

tested, including the wild-type (IL242) and the pathway-deficient (IL243) strains transformed with 

the droupout construct. Plate images were captured with GelDoc system (Peqlab), spreading radii 

of the candidates were measured in ImageJ and normalized to the spreading radius of the wild-

type (IL242) present on each plate. 

 

 Analysis of swimming velocity 

Bacterial cell motility was analyzed as previously described103,166. Briefly, 1 ml of the same cell 

culture as prepared for flow cytometry was gently centrifuged (1500 g, 5 min), washed twice in 

motility buffer, and resuspended in 1 ml motility buffer supplemented with 1% glucose and 0.001% 

Tween-80. 3-5 µl of this cell suspension was introduced into a custom-made chamber between 

two coverslips, forming a cylindrical drop of ~500 µm height and ~3 mm diameter. Motility was 

imaged at least 100 µm away from all the edges of the drop to avoid boundary effects, by phase-

contrast video-microscopy (Nikon TI Eclipse, 10x objective with NA = 0.3, Phase 1 ring, CMOS 

camera EoSens 4CXP), with 10,000 frames being recorded at a rate of 100 frames per second 

(fps). Motility parameters, in particular the fraction of swimming cells and the swimming velocity 

of swimmers, are extracted from the movies using differential dynamic microscopy (DDM)108. 

 

 Pairwise growth competition 

Growth competition assays were performed as previously described103. Briefly, the overnight 

cultures of the MG1655 WT or Ptac strain expressing CFP and the ΔflhC strain expressing YFP, 

grown individually in TB (37°C, 200 rpm), were mixed in a 1:1 ratio to final OD600 = 0.0025 in 2.5 

ml of fresh media and cultured for 24 h (TB) or 48-72 h (M9 minimal medium) at 34°C and 200 

rpm. The expression of YFP and CFP was induced with 10 µM IPTG for the co-culture containing 

the MG1655 WT strain or by the corresponding IPTG concentrations used for induction of the 

chromosomal Ptac promoter. For the chemotactic benefit assay, differentially labeled non-

chemotactic ΔcheY strain and MG1655 WT or Ptac strains were grown in Tanaka minimal 

medium for 72 h without shaking in the presence of nutrient gradients generated by 40 µl volume 

agarose beads (2% agarose) containing 12% casein hydrolysate as described previously103. The 

initial and final proportions of CFP- and YFP-labeled cells were measured by flow cytometry on 

the BD LSRFortessa SORP cell analyzer (BD Biosciences). The sample was excited with lasers 
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at 447 nm (75 mW), 514 nm (100 mW), and 488 nm (20 mW), with the latter used to identify all 

cells.  CFP and YFP emission signals were detected at 470/15 nm and 542/27 nm, respectively. 

The fraction of CFP/YFP-‘positive’ events per sample was assessed during the measurements 

using BD FACSDivaTM Software v8.0.1. Summary statistics were collected in csv file format and 

analyzed in R v4.2.2. 

 

 Measurements of flagellar length and number 

For flagella staining, 1 ml of the mid-exponential cell culture grown in TB as described above was 

centrifuged (3000g, 3 min) and gently washed three times in Buffer A (10 mM KPO4 buffer, 0.1 

mM EDTA dipotassium salt, 67 mM NaCl, 0.001% Tween-80, pH 7.0). The cell pellet was 

resuspended in 400 µl of Buffer B (same as Buffer A but adjusted to pH 7.8 with NaHCO3), and 8 

µl of 10 µg ml-1 Alexa Fluor 594 succinimidyl ester dye dissolved in DMSO was added to the 

mixture. Samples were incubated at 30°C in the dark with gentle shaking (100 rpm) for 90 min, 

washed three times in Buffer A and diluted fivefold in Buffer A. 3-5 µl of cell suspension was 

applied to a 1% agarose pad (in tethering buffer) and transferred to a 2-well µ-Slide (ibidi, 

Germany).  

Fluorescence widefield images were acquired using a Zeiss Elyra 7 inverted microscope with 

a 63x oil/1.46 oil objective and a further 1.6X magnification. The sample was excited with a 561 

nm 500 mW laser (1% power) using a quadruple band dichroic and emission filter. The 

fluorescence emission of the succinimidyl ester was detected at 595/50 nm interval with a PCO 

4.2 Edge sCMOS camera, the exposure time was 100 ms. The number of flagella was quantified 

for 106 cells in total from multiple fields of view (per condition), including both flagellated and non-

flagellated cells. The length of flagellar filaments was measured using segmented line tool of 

ImageJ. 

 

 Immunoblot analysis of intra- and extracellular flagellin 

To shear flagellar filaments, a 1 ml aliquot of the mid-exponential cell culture was passed through 

a 1 ml syringe with the 26G needle 20 times, and centrifuged at 2500 g for 10 min. The 

supernatant and cell pellet, resuspended in 333 µl of TB medium, were further analyzed by 

immunoblot. To transfer the samples to the membrane after SDS-PAGE, a PerfectBlue Semi-Dry 

Electroblotter (Peqlab, VWR, Germany) was used at constant amperage for 1 h (150 mA for 8*6 

cm membrane and 1.5 mm thick gel). After transfer, the membrane was stained with Revert™ 

700 Total Protein Stain for Western Blot Normalization (LI-COR Biosciences, Germany) and, after 
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blocking, incubated overnight (4°C, orbital shaking) with the anti Flagellin rabbit polyclonal FITC 

conjugate primary antibody (Antikoerper; AA 2-498-FITC, ABIN2831532, 1.5 mg/ml) diluted 

1:10000. Next day, IRDye 800CW Donkey Anti-Rabbit IgG secondary antibody (LI-COR 

Biosciences; P/N: 926-32213, 1 mg/ml) were added to the membrane at a dilution of 1:10000. 

Fluorescence was measured using an Odyssey Clx Infrared Imaging System (LI-COR 

Biosciences, Germany) in two channels (700 and 800 nm). Images were analyzed and processed 

using ImageJ. 

 

 Design and assembly of the library of E. coli chemotaxis pathway 

To asses the effect of expression levels of individual genes on functionality of the pathway, I 

designed the library, in which each of the core genes (cheAWRBYZ, n = 6) was present in three 

variants – with Weak, Moderate and Strong ribosome binding site (RBS), resulting in the expected 

number of 36 = 729 combinations. 

To construct the library, I applied the Golden Gate cloning strategy. Briefly, each of the six core 

genes (cheAWRBYZ) was first PCR-amplified from E. coli MG1655Δflu WT cells with primers 

containing the previously characterized46 ribosome binding sites of a different strength, BsaI 

recognition sites and 4-bp overhangs defining the order of genes in the operon (see Fig. 30 and 

Table 7 for the details). Overhangs within the operon were selected from the optimized high-

fidelity set167. These PCR products were column-purified (ZymoReact), the variants of each gene 

with Weak, Moderate or Strong RBS were mixed at 1:1:1 ratio, and those mixtures were added 

at proper molar ratios to 20 µl of the golden gate reaction containing BsaI-HF, T4 DNA Ligase 

(0.5µl of each) and 1µl 10X T4 DNA Ligase Buffer. Next, the product of this reaction was amplified 

with three pairs of flanking primers (Table 7), so that each forward primer had the fixed RBS of 

cheA (cheA_Weak, cheA_Moderate, cheA_Strong). Dropout constructs, were assembled from 

the characterized parts present in Marburg Collection137 (see also Fig.30 for the details). To match 

the current design, the original overhangs of some parts (p15A ori, ABR, reporter dropout from 

Fig. 30) were replaced via PCR. 

Golden gate reaction was performed under the following conditions: 

Dropout assembly 

60 cycles: 37°C 5min, 16°C 5 min 

37°C 2h 

80°C 20 min 
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Final product assembly 

60 cycles: 37°C 5min, 16°C 5 min 

80°C 20 min 

 

 Library extraction and retransformation in the pathway-deficient strain 

1.5µl of each assembly mixture were transformed into the freshly made E. coli DH5α 

electrocompetent cells. Cell mixtures were incubated in the pre-warmed LB medium at 37°C for 

2h and 100 µl aliquots of each mixture were applied to the big plates LB agar containing the 

respective antibiotic (ampicillin for Ptar and kanamycin for Ptet variant of the library) and incubated 

overnight at 37°C. Next day, the plates containing the least amount of fluorescent colonies (with 

non-cut dropout constructs) were washed with 2-3 ml of LB + 20% glycerol to get a 4-6-fold 

coverage of each library size (n = 243), in the final sample. Per each library, all washed colonies 

were first combined, thoroughly mixed by vortexing and divided into 500 µl aliquots (n = 3-5) that 

were stored at -80. 

One aliquot that was used for library extraction, was first washed in 500 µl LB, diluted 1:49 in 1 

ml LB and, based on the measured OD600 values, the amount of buffers for pDNAs extraction was 

adjusted accordingly. Next, the cell pellet of each library was resuspended in 2.5 mL of 

resuspension buffer and split into 10 separate extractions that were combined after elution (30 uL 

of ddH2O per aliquot). 50ng of each of the extracted libraries were then transformed into the target 

pathway-deficient strain (IL141) constructed via λ-RED recombineering164 followed by 

counterselection. First, E.coli MG1655Δflu strain (VS1671) was transformed with pKD46 plasmid 

carrying λ-RED proteins (Table 6). Second, pKD45 (pIL9) plasmid was used as a source of the 

kanamycin resistance cassette and ccdB toxin gene (PrhaB-ccdB Pneo-KanR) that were PCR 

amplified with homology overhangs (40 bp) and inserted into the target region. Third, the scarless 

replacement template (Fig. 29B) was constructed via PCR and transformed into the strain carrying 

the resistance cassette and pKD46 (AmpR KanR). Next, the colonies of interest were selected on 

rhamnose minimal plates (3-4 days, 37°C) and additionally tested for AmpS, KanS. Finally, the 

presence of the correct insert was confirmed by Sanger sequencing. 

Due to the strong selection against the expression of the full-length operon, there was 50-fold 

enrichment of the fluorescent candidates with the dropout construct in IL141, comparing to DH5α 

strain. To facilitate the selection of correct (non-fluorescent) candidates after the recovery stage, 

cell mixtures were diluted 1:100 prior to plating. In total, 40-60 candidates from each library were 

stored for further analysis. 
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 High-throughput pDNA extraction from the selected candidates 

To analyze the composition of the library, individual candidates (selected colonies) were 

inoculated from stocks in 1 ml of SMM medium in deep 96-well plate (Table 3) and grown 

overnight (37°C, 800 rpm). Next day, cells were harvested (4000 rpm, 8 min) and plasmids were 

extracted according to the BOMB protocol with Sera-Mag carboxylated beads168 with custom-

made buffers (Table 3). The concentrations were measured with nanodrop (Thermo Nanodrop 

8000), and the samples were sent for the whole plasmid sequencing. 

 Bioinformatic analysis of the library 

Data preparation 

First, based on the QC report, the incorrectly assembled constructs and empty vectors were 

manually excluded from further analysis, which was performed in R with a custom-written pipeline. 

First, the RBS variants (Weak, Moderate, Strong) of individual core genes were identified 

according to their coordinates across all valid constructs, excluding the ones with mutations in 

RBS (n = 5), which were analyzed manually. When joined with the results of spreading assay 

(normalized spreading radii), those data served as the input for the downstream statistical 

analysis. 

Linear regression and quadratic fit 

To reveal key contributors to spreading phenotype among RBS-gene and pairwise RBS-gene 

combinations, I applied linear regression model and quadratic fit, respectively. As an input, the 

model took a numeric matrix, in which one column was the response variable (normalized 

spreading radii of all the candidates in my sample) and six other columns with different RBS-gene 

variants (cheAWRBYZ) were predictor variables expressed in the experimentally measured 

values of the RBS strength (Fig. 41). Those values were the expression levels obtained from 

control constructs, containing Ptar promoter, RBS of interest and sfGFP. To reduce the effect of 

noise on the model predictions, I brought spreading and expression levels to the same scale (0 

to 1) by normalizing absolute expression levels after the background subtraction to the level of 

construct with Strong RBS (Fig. 41). 

To test for the effect of sampling bias, I also performed a stratified linear regression, in which the 

RBS variant of cheA was used as a category. 

Fisher’s two-sided exact test 
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To identify the RBS-gene variants (ntotal = 3(RBS) ˣ 6(genes) = 18) and pairwise RBS-gene 

combinations (ntotal = 15(gene pairs) ˣ 9(RBS combinations per pair) = 135) that are significantly enriched in the 

particular spreading group, Fisher’s two-sided exact test was applied. This statistical approach is 

used to test for non-random association between two categorical variables (RBS-gene variants 

and their pairwise combinations and spreading group in my case) and performs well on small 

samples. Briefly, as an input, the analysis takes a 2ˣ2 contingency table containing the number of 

counts of RBS-gene variants (two per each table) found in each spreading group. It resulted in 3 

separate contingency tables per each gene, and 36 per gene pair, which looked as follows: 

Schematic contingency table of individual RBS-gene variants (per gene) 

  Spreading group (Variable 1) 

  Poor Good 

RBS-gene 
variant 
(Variable 2) 

Gene1_RBS(1-
3) 

  

Gene1_RBS(1-
3) 

  

 

Schematic contingency table of pairwise RBS-gene combinations (per gene pair) 

  Spreading group (Variable 1) 

  Poor Good 

RBS-gene pair 
(Variable 2) 

Gene1_RBS(1-
3)_Gene2_RBS(1-3) 

  

Gene1_RBS(1-
3)_Gene2_RBS(1-3) 

  

 

For each contingency table, the p-values assigned by Fisher’s test, were first adjusted for multiple 

testing using Benjamin-Hochberg correction and used to identify the significant hits, including both 

variants from the comparison. 
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8 Appendix 

8.1 Table A1. Distribution of single RBS-gene variants 

across spreading groups 

Gene RBS Spreading group Count Frequency Group size 

cheA Moderate Good 2 0.068966 29 

cheA Strong Good 9 0.310345 29 

cheA Weak Good 18 0.62069 29 

cheA Moderate Poor 7 0.388889 18 

cheA Strong Poor 2 0.111111 18 

cheA Weak Poor 9 0.5 18 

cheW Moderate Good 2 0.068966 29 

cheW Strong Good 19 0.655172 29 

cheW Weak Good 8 0.275862 29 

cheW Moderate Poor 6 0.333333 18 

cheW Strong Poor 6 0.333333 18 

cheW Weak Poor 6 0.333333 18 

cheR Moderate Good 19 0.655172 29 

cheR Strong Good 4 0.137931 29 

cheR Weak Good 6 0.206897 29 

cheR Moderate Poor 3 0.166667 18 

cheR Strong Poor 8 0.444444 18 

cheR Weak Poor 7 0.388889 18 

cheB Moderate Good 9 0.310345 29 

cheB Strong Good 7 0.241379 29 

cheB Weak Good 13 0.448276 29 

cheB Moderate Poor 5 0.277778 18 

cheB Strong Poor 9 0.5 18 

cheB Weak Poor 4 0.222222 18 

cheY Moderate Good 14 0.482759 29 

cheY Strong Good 9 0.310345 29 

cheY Weak Good 6 0.206897 29 

cheY Moderate Poor 7 0.388889 18 

cheY Strong Poor 8 0.444444 18 

cheY Weak Poor 3 0.166667 18 

cheZ Moderate Good 13 0.448276 29 

cheZ Strong Good 2 0.068966 29 

cheZ Weak Good 14 0.482759 29 

cheZ Moderate Poor 1 0.055556 18 
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cheZ Strong Poor 15 0.833333 18 

cheZ Weak Poor 2 0.111111 18 

 

8.2 Table A2. Results of Fisher’s test for all individual 

RBS-gene variants 

Highlighted are the hits recognized as significant by Fisher’s test. 

Gene RBS1 RBS2 p-valueadj Significant Enr. in 
Poor 

Enr. in 
Good 

cheZ Moderate Strong 0.000123 TRUE RBS2 RBS1 

cheZ Weak Strong 0.000145 TRUE RBS2 RBS1 

cheR Moderate Strong 0.031878 TRUE RBS1 RBS2 

cheA Strong Moderate 0.064658 FALSE RBS2 RBS1 

cheR Weak Moderate 0.064658 FALSE RBS1 RBS2 

cheW Strong Moderate 0.064658 FALSE RBS2 RBS1 

cheA Moderate Weak 0.126352 FALSE   

cheB Weak Strong 0.179695 FALSE   

cheW Weak Moderate 0.408669 FALSE   

cheB Moderate Strong 0.489077 FALSE   

cheW Strong Weak 0.489077 FALSE   

cheA Strong Weak 0.678073 FALSE   

cheY Moderate Strong 0.704881 FALSE   

cheB Moderate Weak 0.779343 FALSE   

cheR Weak Strong 0.779343 FALSE   

cheY Strong Weak 0.779343 FALSE   

cheY Moderate Weak 1 FALSE   

cheZ Moderate Weak 1 FALSE   
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8.3 Table A3. Samples from Poor and Good spreading 

groups in which the enriched pairwise 

combinations were found. 

Sample Spreading 
group 

#of 
combinations 

Combinations 

w10 Good 3 cheW_Strong_cheZ_Weak, 
cheR_Moderate_cheZ_Weak, 
cheZ_Weak_cheA_Weak 

w19 Good 3 cheW_Strong_cheZ_Weak, 
cheR_Moderate_cheZ_Weak, 
cheZ_Weak_cheA_Weak 

w27 Good 3 cheW_Strong_cheZ_Moderate, 
cheR_Moderate_cheZ_Moderate, 
cheZ_Moderate_cheA_Weak 

w41 Good 3 cheW_Strong_cheZ_Weak, 
cheR_Moderate_cheZ_Weak, 
cheZ_Weak_cheA_Weak 

w7 Poor 3 cheW_Weak_cheZ_Strong, 
cheR_Weak_cheZ_Strong, 
cheZ_Strong_cheA_Weak 

w80 Poor 3 cheW_Weak_cheZ_Strong, 
cheR_Weak_cheZ_Strong, 
cheZ_Strong_cheA_Weak 

w85 Good 3 cheW_Strong_cheZ_Moderate, 
cheR_Moderate_cheZ_Moderate, 
cheZ_Moderate_cheA_Weak 

w90 Poor 3 cheW_Weak_cheZ_Strong, 
cheR_Weak_cheZ_Strong, 
cheZ_Strong_cheA_Weak 

m1 Good 2 cheW_Strong_cheZ_Weak, 
cheR_Moderate_cheZ_Weak 

m10 Poor 2 cheW_Strong_cheZ_Strong, 
cheR_Weak_cheZ_Strong 

s14 Good 2 cheW_Strong_cheZ_Weak, 
cheR_Moderate_cheZ_Weak 
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s25 Good 2 cheW_Strong_cheZ_Weak, 
cheR_Moderate_cheZ_Weak 

s37 Good 2 cheW_Strong_cheZ_Moderate, 
cheR_Moderate_cheZ_Moderate 

ts2 Good 2 cheW_Strong_cheZ_Moderate, 
cheR_Moderate_cheZ_Moderate 

ts8 Good 2 cheW_Strong_cheZ_Moderate, 
cheR_Moderate_cheZ_Moderate 

w105 Poor 2 cheW_Strong_cheZ_Strong, 
cheZ_Strong_cheA_Weak 

w13 Good 2 cheR_Moderate_cheZ_Weak, 
cheZ_Weak_cheA_Weak 

w14 Good 2 cheW_Strong_cheZ_Weak, 
cheZ_Weak_cheA_Weak 

w17 Poor 2 cheW_Strong_cheZ_Strong, 
cheZ_Strong_cheA_Weak 

w26 Good 2 cheW_Strong_cheZ_Weak, 
cheZ_Weak_cheA_Weak 

w29 Good 2 cheW_Strong_cheZ_Moderate, 
cheZ_Moderate_cheA_Weak 

w4 Poor 2 cheW_Weak_cheZ_Strong, 
cheZ_Strong_cheA_Weak 

w45 Good 2 cheW_Strong_cheZ_Weak, 
cheZ_Weak_cheA_Weak 

w49 Poor 2 cheR_Weak_cheZ_Strong, 
cheZ_Strong_cheA_Weak 

w59 Good 2 cheR_Moderate_cheZ_Moderate, 
cheZ_Moderate_cheA_Weak 

w61 Good 2 cheR_Moderate_cheZ_Weak, 
cheZ_Weak_cheA_Weak 

w62 Good 2 cheW_Strong_cheZ_Moderate, 
cheZ_Moderate_cheA_Weak 

w72 Good 2 cheR_Moderate_cheZ_Moderate, 
cheZ_Moderate_cheA_Weak 
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w78 Good 2 cheW_Strong_cheZ_Moderate, 
cheZ_Moderate_cheA_Weak 

w81 Poor 2 cheW_Strong_cheZ_Strong, 
cheZ_Strong_cheA_Weak 

w86 Poor 2 cheR_Weak_cheZ_Strong, 
cheZ_Strong_cheA_Weak 

w9 Good 2 cheW_Weak_cheZ_Strong, 
cheZ_Strong_cheA_Weak 

w94 Good 2 cheW_Strong_cheZ_Moderate, 
cheZ_Moderate_cheA_Weak 

m23 Poor 1 cheW_Strong_cheZ_Strong 

m25 Poor 1 cheW_Weak_cheZ_Strong 

m29 Poor 1 cheW_Weak_cheZ_Strong 

m31 Good 1 cheR_Moderate_cheZ_Weak 

s20 Good 1 cheR_Moderate_cheZ_Weak 

s26 Good 1 cheR_Moderate_cheZ_Moderate 

s30 Poor 1 cheW_Strong_cheZ_Strong 

s36 Poor 1 cheR_Weak_cheZ_Strong 

s9 Good 1 cheW_Strong_cheZ_Moderate 

w16 Good 1 cheZ_Weak_cheA_Weak 
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