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Bacterial chemotaxis as a model 
for systems biology 



Systems biology: ���
Biology of cellular networks 

Proteins and genes are organized in networks:  
How can we understand the operation of networks?  
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Quantitative experiments	



Modeling / Simulation	





Properties of cellular networks	



Model systems:  
 
E. coli 
 
 
 
 
 
S. cerevisiae 

•  Chemotaxis and motility 
•  Two-component sensors 
•  Sugar transport network 
•  Chaperone network 
•  Min system 
 
 •  Mating pathway 
 
 

Network analysis: 
•  Network connectivity 
•  Real-time dynamics and signal processing 
•  Spatial organization and assembly 
•  Robustness to perturbations 
•  Regulation and micorevolution 



E. coli chemotaxis as a model for simple 
behaviour	



Adapted cells (no gradient) 

Random walk 

Cells in a gradient 

Biased random walk 

Direction-dependent adjustment of tumbling probability 
Temporal comparison as optimal strategy for bacteria  

Berg & Purcell, Biophys J, 1977 

Berg & Brown, Nature, 1972 

CCW (run) 
 ~ 1 sec 

CW (tumble) 
 ~ 0.1 sec 

Δc"
~1 s!

Attractant"

Vladimirov et al., PLoS Comp Biol, 2008; 2010	



Adjustment of tumbling angle 
Vladimirov et al., PLoS Comp Biol, 2010 
Saragosti et al., PNAS, 2011	





E. coli chemotaxis as a model for signalling	
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Sourjik & Wingreen, Curr Opin Cell Biol, 2012 
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Chemoreceptor clusters 



E. coli chemotaxis as a model for signalling	
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E. coli chemotaxis as a model for signalling	
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FRET 

Mapping network interactions by FRET	



Sourjik & Berg, PNAS, 2002a,b 
Kentner & Sourjik, Mol Syst Biol 2009 

Kentner & Sourjik, Annu Rev Microbiol 2010 

Direct 
interaction	



(Probably) 
indirect 

interaction	





Studying network dynamics by FRET	


FRET	
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=> Computational analysis 
Signal processing and response kinetics   



Dose-response relationship in chemotaxis	



Sourjik & Berg, PNAS, 2002 

~20-30 fold signal amplification by the cluster 

Attractant	


(e.g., MeAsp)	



FRET-based readout of 
intracellular pathway activity  

Where does this amplification come from? 

Receptor	





Signal amplification in receptor clusters	



Maddock & Shapiro, Science, 1993 
Sourjik & Berg, Mol Microbiol, 2000 
Briegel et al., Mol Microbiol, 2009 

Sourjik & Berg, Nature, 2004; Mello & Tu, PNAS, 2005; Keymer et al., PNAS, 2006 

Monod-Wyman-Changeaux (MWC) model 
(Monod et al., 1965) 

A! A! A! A!

BB42CH15-Tu ARI 6 April 2013 16:16

The MWC model

The all-or-none cluster Nearest-neighbor receptor 
interaction

Active receptor (dimer)

Inactive receptor (dimer)

The Ising model

Figure 3
The difference between the Monod-Wyman-Changeux (MWC) model and the Ising model. In the MWC
model, receptors within a functional cluster (shaded ) are synchronized in an all-or-none fashion, whereas
those from different functional clusters are independent of each other. In the Ising model, receptors are
coupled through nearest-neighbor interactions.

Förster resonance
energy transfer
(FRET): in E. coli
chemotaxis, FRET is
used to measure the
level of CheY-P/CheZ
complex, from which
the CheY-P level can
be inferred

N receptors, the free energy difference between the all-active state and the all-inactive state is
simply N ! f (m, [L]). Therefore, the average activity can be obtained analytically:

〈a〉 = (1 + exp(−N ! f ))−1, 5.

which together with the expression for ! f (m, [L]) from Equation 3 leads to the explicit expression
for 〈a〉:

〈a〉 = L(1 + [L]/Ka )N

L(1 + [L]/Ka )N + (1 + [L]/Ki )N , 6.

where L = exp(−N fm(m)) is the equilibrium constant. Equation 6 is the familiar expression for
the average activity of an all-or-none MWC complex (12, 35).

Comparison with Experiments
The Ising-type model was first used to describe receptor cooperativity by Duke & Bray (13).
However, quantitative modeling of E. coli chemotaxis took off when quantitative data became
available, in particular the in vivo measurements of the kinase activity of the intact receptor cluster
developed by Sourjik & Berg by using the Förster resonance energy transfer (FRET) technique
(47). These FRET measurements were performed for different stimuli in wild-type cells and for
different mutant strains. They have generated a rich set of quantitative data to test and refine the
idea of high cooperativity enabled by receptor clustering.

The first quantitative explanation of the FRET data using an Ising-type model was done
by Mello & Tu (31), who showed that the input-output data (measured by FRET) for both
wild-type cells and various CheRB (adaptation disabled) mutants can be explained only when
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Tu, Annu Rev Biophys, 2013 

active	

inactive	



Sensitivity to small stimuli ~ N 

Bray, Science, 20001 



Integration of chemotactic stimuli	



Amino acids 

Sugars 

Dipeptides, AI-2 

pH, O2, redox potential 

Osmolarity Temperature 

Multiple gradients"

?	


Signal integration:  

Net response is determined by the net 
energy change due to ligand binding 

Σδ(Δfi ) 

Neumann et al., EMBO J, 2010; Kalinin et al., J Bacteriol, 2010; 
Neumann et al., PNAS, 2012; Yang & Sourjik, Mol Microbiol, 2012 
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Mapping complex stability and ���
protein mobility by FRAP	



prebleach"

bleach"

0.3 sec"

3 sec"

30 sec"

300 sec"

• Protein exchange rates 
• Diffusion coefficients 

FRAP 	



Schulmeister et al., PNAS, 2008 
Schulmeister et al., BMC Microbiol, 2011 

Recovery kinetics 
cytoplasmic 

mixed  
(clustered + 
cytoplasmic) 
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Stable core 
(τ > 450 s)	



Adaptation enzymes	


(τ ~ 15 s)	



Response regulator	


(τ < 5 s)	



• Exchange times match protein function 
• Complex stability is tuned by the environment 



Application of FRET and FRAP to study other 
cellular networks in bacteria	



• Assembly, dynamics and regulation of flagellar motor 

• Assembly and dynamics of receptor clusters  
 
 
• Substrate processing by the chaperone 
network 

 
• Secretion through the Sec system 

• Size-dependence of protein mobility 

• Network of two-component sensors (TCS) 
  
• Network of sugar transporters 

Li & Sourjik., Mol Microbiol, 2011; Böhm et al., Cell, 2010; Zarbiv et al., J Mol Biol, 2012; 
Press et al., PLoS Pathog, 2013 

Kumar & Sourjik, Mol Microbiol, 2012; Seyffer et al., NSMB, 2012 

Kuhn et al, Traffic, 2011 

Kumar et al., Biophys J, 2010 

Sommer et al., PLoS One, 2013; Sommer et al., in preparation 

Grosse et al., in preparation 

Thiem et al., EMBO J, 2007; Schulmeister et al., PNAS, 2008;  
  Schulmeister et al., BMC Microbiol, 2011 



Robustness as a fundamental property���
of both designed and evolved systems	



Instructions 

Perturbations 

Robust flight path 

Control 
modules 

Stimuli 

Robust response/behaviour 

Network 
compensation 

Perturbations 

Kitano, 2004 
Carlson & Doyle, 2002 
Yi et al., 2000 
Barkai & Leibler, 1997  



Stochastic variations in protein levels (gene 
expression noise)	



SD	


mRNA	



DNA	



Protein	



SD	



SD	



SD	



Stochasticity of 
transcription 

Stochasticity of 
translation 

Clonal population 

RNAP	


TF	



Ribosome	





Robustness against gene expression noise	



CheY-YFP expression 	


from native promoter	



CheY-P concentration [µM] 

S
m

oo
th

 s
w

im
m

in
g 

C
W

 b
ia

s 

Tu
m

bl
in

g 

Tar	

 Tap	

 R	

 B	

 Y	

 Z	

YFP	


Kollmann et al., Nature, 2005 

Variable gene expression 
across population 

= gene expression noise  

Robust output 



Robustness against gene expression noise	



Kollmann et al., Nature, 2005 
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Noise compensation mechanisms? 

Robust output Variable gene expression 
across population 

= gene expression noise  



Noise compensation mechanisms	
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• Coupled gene expression 
• Opposing enzymatic activities 

=> Output is robust against correlated transcriptional noise 

σ28	



Kollmann et al., Nature, 2005 

Correlated variation 



Steady-state output is robust against ���
co-variation in protein levels	



(all chemotaxis proteins)	



WT	



Kollmann et al., Nature, 2005 



Endogenous protein levels as a trade-off 
between robustness and growth	



(all chemotaxis proteins)	



WT	



Growth 
rate	





Robustness against uncorrelated variation	
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CheY-P	
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• Translational coupling of opposing activities 
• Evolutionary selected gene order 

⇒  Robustness against translational noise 
 

Løvdok et al., PLoS Biol., 2009 
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Conserved gene order in chemotaxis 
operons	
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Coupling of counteracting 
proteins 

 
cheA  
(771)  

cheW  
(1232)  

cheR  
(802)  

cheB  
(656)  

cheY  
(1376)  

cheZ  
(209)  

mcpb  
(6521)  

 left  r ight  left  r ight  left  r ight  left  r ight  left  r ight  left  r ight  left  r ight  

cheA  1 . 0  < 1  19 .6  3 . 2  2 . 7  2 . 2  14.8  8 . 6  < 1  7 . 7  < 1  32 .5  < 1  < 1  

cheW  7 . 4  37 .8  5 . 9  5 . 6  20 .8  7 . 2  5 . 2  1 . 4  2 . 3  2 . 8  0 . 0  0 . 0  4 . 0  3 . 0  

cheR  2 . 3  3 . 9  4 . 6  13.7  < 1  < 1  28 .6  10.7  1 . 9  < 1  0 . 0  0 . 0  < 1  2 . 0  

cheB  5 . 2  15.1  < 1  2 . 7  8 . 6  26 .1  < 1  < 1  7 . 2  2 . 3  < 1  0 . 0  < 1  < 1  

cheY  15 .7  < 1  3 . 4  2 . 3  1 . 4  3 . 1  4 . 9  15 .0  1 . 9  1 . 7  90 .0  0 . 0  < 1  < 1  

cheZ  8 . 1  < 1  0 . 0  0 . 0  0 . 0  0 . 0  0 . 0  0 . 0  < 1  9 . 6  0 . 0  0 . 0  < 1  0 . 0  

m c p  10.5  6 . 4  13.0  16 .5  16.8  2 . 1  1 . 1  2 . 3  1 . 9  1 . 2  0 . 0  < 1  5 . 3  5 . 1  
 

Løvdok et al., PLoS Biol., 2009 



Co-expression of counteracting proteins 
enhances robustness	
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Optimization for noise reduction can 
explain gene order	
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Thermal robustness of chemotaxis network	


Compensation of temperature effects on signalling? 

Oleksiuk et al., Cell, 2011 



Thermal robustness of steady-state output	


Opposing temperature effects on activities of individual receptors 
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Oleksiuk et al., Cell, 2011 

 Methylation 	





Thermal robustness of steady-state output	


Similar temperature effects on kinetics of opposing enzymes  

CheR	



CheB	



Oleksiuk et al., Cell, 2011 
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Thermal robustness of adaptation kinetics	


Effects on kinetics are compensated by growth-temperature dependent 

rate adjustment 

30°C	


34°C	


37°C	
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Secondary mRNA sructure apparently enhances 
CheR translation at low temperatures	
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Temperature-dependent translational ���
regulation of CheR	



Oleksiuk et al., Cell, 2011 



High temperature disproportionally 
increases CheR proteolysis	



Temperature-dependent enhancement ���
of CheR proteolysis	



CheR 
Receptors 

27°C 

37°C 

Oleksiuk et al., Cell, 2011 



Thermal robustness in biological and ���
man-made systems	



Compensatory motifs in chemotaxis 
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Car engine 
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Can chemotaxis be improved by experimental 
microevolution?	
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Days of evolution 

…	



Chemotaxis proteins are 
upregulated in evolved strains 

Higher protein expression -> lower 
noise -> better chemotaxis 



Evolution for better chemotaxis ���
is reversible	



‘Forward’ evolution ‘Reverse’ evolution in liquid 
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Mutations:  
FliI; FliM; HisA; SspA 

Mutations:  
FliI*; GlpK, MdoH 



E. coli chemotaxis as a biosensor	



Utilizing bacterial chemotaxis to locate sources of 
  
•  Environmental pollutants 
•  Bacterial biofilms 
•  Tumors 

Equip bacteria with tools  
for bioremediation 
 
•  Pollutant-degrading enzymes 
•  Anticancer peptides 
•  Biofilm-dispersing enzymes 

Cancer cell	



Biofilm	



Pollution	



Tumor-secreted 	


metabolites	



Biofilm-secreted 	


metabolites	



Pollutants	





Modifying specificity of E. coli chemotaxis	



Bi, Pollard, Yang et al, 
in preparation 
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I.Strategy: 
Random mutagenesis/ 

selection 

II.Strategy: 
Mapping and utilizing 

specificities of other systems 
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III.Strategy: 
Rational design of 
new specificities 

	


	


α1

	


	


	


	


	


	



TM1 


	


α4


	


	


	


	



TM2 


 
 


Bi et al, PNAS 2013 

Yang et al, 
unpublished 
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