
Studying Biological Pathways: 
An Evolutionary Perspective



Pathways: Mediating physiology via proteins



Understanding Pathways 

Which proteins are involved?

How do they interact? Structures, rates.

What are system dynamics?

How does dynamics relate to physiology?

experiment & sequence analysis

experiment & inference

experiment & modeling

experiment & modeling

 An iterative research cycle
 



Pathways: Understanding physiology (behavior)
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Open Issues

 An iterative research cycle
 

How can we speed up the discovery process ?

What are the biophysical/biochemical “design principles” ?

Can we transfer knowledge gained from one species to others ?

How do ecological factors affect pathway structure/dynamics ?

Where do seemingly “global” properties (e.g. complexity, 
modularity, robustness) come from ? 



Studying Pathways: A Fresh Look

What determines pathway properties?

Evolution

Intelligent 
Design

How to analyze pathways?

Toy models



A Generic Toy Model For Studying Pathways

                 Ligand  P1*   P2*    P3*   P4*   
P1     P1*      0.5    0.0    0.0     0.0   0.0
P2     P2*      0.0    0.9    0.0     -0.1   0.0 
P3     P3*      0.0    0.0    0.7     0.0   0.0 
P4     P4*      0.0    0.0    0.0     -0.7  0.0 

can exist either in an active P (e.g. phosphorylated) or
inactive P state. The equilibrium between the two states of
a protein depends on the interactions between this protein
and other active proteins in the system, where each
interaction is characterized by a specific interaction
coefficient (e.g. rate constant). The basic reaction dictating
the dynamics of such a system can be written as
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where !P"
i # represents the concentration of active form of

protein i and kij and lij represent the strength of the
interaction between protein i and j. We assume that
proteins do not interact with themselves (i.e. kii $ lii $ 0)
and their interaction with other proteins can only be
activating or deactivating (i.e. kij % lij $ 0), resulting in
n2&n parameters for a network of n proteins. Also, we set
the maximum value that an interaction coefficient can
attain to one for computational ease.

In order for the system to be able to respond to an
incoming signal we define one of the proteins as a receptor
and allow its equilibrium state to be influenced by the
ligand (i.e. the signal) concentration [L]:
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We assume that the energy required for the activation and
deactivation reactions are provided from outside sources
such as high-energy molecules. Finally, we arbitrarily
choose another protein in the system as the effector and
specify that the concentration of its active form dictate the
behavior produced by the network.

Given a set of interaction coefficients for a set of
proteins, we can monitor the changes in the active effector
concentration in response to a signal, to evaluate the signal
processing capacity of the network. The concentrations of
active and inactive proteins in the system can be calculated
at any time point by solving the set of differential equations
resulting from (1):
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where di1 $ 1 for i $ 1 and di1 $ 0 for ia1. Note, that the
total concentration of each protein !Ptot

i # is constant and set
to one (i.e. !P"

i # $ 1& !Pi#). The set of differential equations
as shown in Eq. (3) allows the simulation of a system of n
proteins in presence or absence of a ligand. For example,
for the 3-protein network shown in Fig. 1A these equations

would look like:

d!receptor#=dt $ !receptor"# % 0:986 % !protein1"#
& !receptor# % (!L# ' 0:007 % !effector"#),

d!protein1#=dt $ !protein1"# % 0:04 % !effector"#
& !protein1# % 0:02 % !receptor"#,

d!effector#=dt $ !effector"# % 0:733 % !receptor"#
& !effector# % 0:726 % !protein1"#. (4)

4.2. In silico evolution

Using this generic model we can evaluate the response of
a given network to a given signal. This allows us to
simulate an evolutionary process in silico and evolve
networks that are capable of producing a certain response
to an incoming signal. The selection stage of the evolu-
tionary process requires a fitness function that captures the
possible selective pressures under which such response has
evolved. While it is plausible to use this generic model to
evolve various biological responses, here we use bacterial
chemotaxis pathway as a model system and evolve a
‘‘chemotactic’’ behavior. To do so, we treat the signal as
the concentration of a chemical attractant (i.e. a food
source) and the effector in our system as CheY, whose
active state concentration dictates the tumbling frequency
and hence the movement of the bacteria. We define the
fitness function based on the following observations made
on bacterial chemotaxis.
The ‘‘chemotactic’’ behavior employed by bacteria is

that of a biased random walk (Berg, 1983). Bacteria
explore the space by employing a certain tumbling
frequency in the absence of any food source. They then
decrease (increase) this tumbling frequency in increasing
(decreasing) food gradients in order to bias their random
walk towards higher food concentrations. The base
tumbling frequency of bacteria is not zero, enabling them
both to explore the space efficiently and to overcome the
issues related with living in an environment with a low
Reynolds number (Berg, 1983). Hence, we assume that the
main selective pressures on chemotactic behavior are the
ability to explore the environment while making maximal
gain out of available food sources. Here, we therefore
assume that there is an optimal tumbling frequency Ropt.. A
good responder should decrease (increase) its tumbling
frequency below (above) Ropt. in increasing (decreasing)
food gradients and should tumble with a frequency close to
Ropt. in absence of any food change. These two selective
pressures on the motility of bacteria are captured in the
following fitness function:

Fitness $
X

t

C % DF % (Ropt: & Ravg:)
! "
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! "! "

.

(5)

Here, DF $ Ft+1&Ft and Ravg. $ (Rt+1+Rt)/2, where Rt

stands for the response of the network at time t (i.e. the
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Imitating Natural Evolution

                 Ligand  P1*   P2*    P3*   P4*   
P1     P1*      0.5    0.0    0.0     0.0   0.0
P2     P2*      0.0    0.9    0.0     -0.2   0.0 
P3     P3*      0.0    0.0    -0.5     0.0   0.0 
P4     P4*      0.0    0.0    0.0     -0.7  0.0 

                 Ligand  P1*   P2*    P3*   P4*   
P1     P1*      0.5    0.0    0.0     0.0   0.0
P2     P2*      0.0    0.9    0.0     -0.1   0.0 
P3     P3*      0.0    0.0    0.7     0.0   0.0 
P4     P4*      0.0    0.0    0.0     -0.7  0.0 

Evaluate Response

Introduce 
Mutations

Iterate until no 
improvement

can exist either in an active P (e.g. phosphorylated) or
inactive P state. The equilibrium between the two states of
a protein depends on the interactions between this protein
and other active proteins in the system, where each
interaction is characterized by a specific interaction
coefficient (e.g. rate constant). The basic reaction dictating
the dynamics of such a system can be written as
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where !P"
i # represents the concentration of active form of

protein i and kij and lij represent the strength of the
interaction between protein i and j. We assume that
proteins do not interact with themselves (i.e. kii $ lii $ 0)
and their interaction with other proteins can only be
activating or deactivating (i.e. kij % lij $ 0), resulting in
n2&n parameters for a network of n proteins. Also, we set
the maximum value that an interaction coefficient can
attain to one for computational ease.

In order for the system to be able to respond to an
incoming signal we define one of the proteins as a receptor
and allow its equilibrium state to be influenced by the
ligand (i.e. the signal) concentration [L]:
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We assume that the energy required for the activation and
deactivation reactions are provided from outside sources
such as high-energy molecules. Finally, we arbitrarily
choose another protein in the system as the effector and
specify that the concentration of its active form dictate the
behavior produced by the network.

Given a set of interaction coefficients for a set of
proteins, we can monitor the changes in the active effector
concentration in response to a signal, to evaluate the signal
processing capacity of the network. The concentrations of
active and inactive proteins in the system can be calculated
at any time point by solving the set of differential equations
resulting from (1):
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where di1 $ 1 for i $ 1 and di1 $ 0 for ia1. Note, that the
total concentration of each protein !Ptot

i # is constant and set
to one (i.e. !P"

i # $ 1& !Pi#). The set of differential equations
as shown in Eq. (3) allows the simulation of a system of n
proteins in presence or absence of a ligand. For example,
for the 3-protein network shown in Fig. 1A these equations

would look like:

d!receptor#=dt $ !receptor"# % 0:986 % !protein1"#
& !receptor# % (!L# ' 0:007 % !effector"#),

d!protein1#=dt $ !protein1"# % 0:04 % !effector"#
& !protein1# % 0:02 % !receptor"#,

d!effector#=dt $ !effector"# % 0:733 % !receptor"#
& !effector# % 0:726 % !protein1"#. (4)

4.2. In silico evolution

Using this generic model we can evaluate the response of
a given network to a given signal. This allows us to
simulate an evolutionary process in silico and evolve
networks that are capable of producing a certain response
to an incoming signal. The selection stage of the evolu-
tionary process requires a fitness function that captures the
possible selective pressures under which such response has
evolved. While it is plausible to use this generic model to
evolve various biological responses, here we use bacterial
chemotaxis pathway as a model system and evolve a
‘‘chemotactic’’ behavior. To do so, we treat the signal as
the concentration of a chemical attractant (i.e. a food
source) and the effector in our system as CheY, whose
active state concentration dictates the tumbling frequency
and hence the movement of the bacteria. We define the
fitness function based on the following observations made
on bacterial chemotaxis.
The ‘‘chemotactic’’ behavior employed by bacteria is

that of a biased random walk (Berg, 1983). Bacteria
explore the space by employing a certain tumbling
frequency in the absence of any food source. They then
decrease (increase) this tumbling frequency in increasing
(decreasing) food gradients in order to bias their random
walk towards higher food concentrations. The base
tumbling frequency of bacteria is not zero, enabling them
both to explore the space efficiently and to overcome the
issues related with living in an environment with a low
Reynolds number (Berg, 1983). Hence, we assume that the
main selective pressures on chemotactic behavior are the
ability to explore the environment while making maximal
gain out of available food sources. Here, we therefore
assume that there is an optimal tumbling frequency Ropt.. A
good responder should decrease (increase) its tumbling
frequency below (above) Ropt. in increasing (decreasing)
food gradients and should tumble with a frequency close to
Ropt. in absence of any food change. These two selective
pressures on the motility of bacteria are captured in the
following fitness function:

Fitness $
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(5)

Here, DF $ Ft+1&Ft and Ravg. $ (Rt+1+Rt)/2, where Rt

stands for the response of the network at time t (i.e. the
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Distilling Key Chemotaxis Properties

Receptor Effector

Intermediary
Protein(s)

Important Interactions

slow

fast

Important Dynamical Features

proteins (see Supplementary Fig. 1 and Supplementary
Table 1 for information on additional networks). All these
networks achieve high fitness values and show the same
type of response to changes in ligand concentration. In
increasing (decreasing) food concentrations the tumbling
frequency (i.e. the active effector concentration) decreases
(increases) while returning close to a base value when there
is no change in food concentration (compare responses to
the signal shown in Fig. 1A). In other words, the response
tracks the derivative of the signal and balances the benefit
from moving up gradients of food against deviations from
a base response. This ensures some adaptive behavior as
seen in the response to the sigmoidal part of the signal
sequence. To summarize, the presented networks act as a
derivative sensor like the natural chemotaxis pathway
(Spiro et al., 1997) and their response to changing ligand
concentrations is similar to that seen in natural bacterial
chemotaxis (Block et al., 1983; Segall et al., 1986) or
detailed mathematical models of chemotaxis (see, for
example, Rao et al., 2004).

In order to test whether such a response really
corresponds to a chemotactic behavior, we implemented
these networks in virtual bacteria and performed a
stochastic simulation of their movement on a continuous
grid in the presence of a ligand distribution (see Section 4).
In Fig. 2 we show the behavior of these virtual bacteria
along with two others, whose movement was based on a

constant tumbling frequency or a detailed model of
chemotaxis (as described in Rao et al., 2004). These two
additional bacteria would thus correspond to a random
movement and perfect chemotaxis, respectively, and act as
a reference point. Each panel in Fig. 2 shows the simulation
grid, color-coded with the average time spent by the
bacterium on each grid location. We quantified the extent
of chemotactic behavior by calculating the average amount
of ligand (i.e. food) intake during these simulations (see
Section 4). Based on the results of this calculation (also
shown in Fig. 2) and the performance of a randomly
moving bacterium we can conclude that both the 4- and 5-
protein networks mediate chemotaxis-like behavior, while
the 3-protein network is not capable to outperform a
random tumbler with regards to food intake. That the
performance of the 3-protein network nevertheless corre-
sponds to a form of chemotaxis is seen in a more detailed
analysis of the behavior that it mediates (see Supplemen-
tary Fig. 2); the response of this network allows the
bacterium to swim up a gradient more often than a
randomly moving bacterium would do, but fails to keep it
at high ligand concentrations. The ability of the presented
networks to show some sort of chemotactic behavior in
these stochastic simulations is even more striking given the
fact that the signal encountered during these simulations
differs significantly from the signal used during the in silico
evolution process.

ARTICLE IN PRESS

Fig. 1. Evolved 3- to 5-protein networks. Response, interaction coefficients and topology of evolved networks with 3- to 5-proteins (panels A–C).
Network response shows the concentration of the active effector protein vs. simulation time in presence of a signal as changing ligand concentration (thin
line in panel A). The network coefficients are shown in a matrix arrangement, with row i showing the effect of other proteins on protein i. The absolute
values of negative and positive entries stand for deactivation and activation coefficients (i.e. lij and kij), respectively (see Eq. (4) in Section 4). In network
topologies, arrows and T-ended lines represent activating and deactivating interactions, respectively. Strong interactions (those with a coefficient larger
than 0.5) are shown in bold. See the text for discussion of the dynamics of these networks.
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Distilling Key Chemotaxis Properties
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Toy Models Summary

How can we speed up the discovery process ?

What are the biophysical/biochemical “design principles” ?

Can we transfer knowledge gained from one species to others ?

How do ecological factors affect pathway structure/dynamics ?

Where do seemingly “global” properties (e.g. complexity, 
modularity, robustness) come from ?



The Problem With Evolution
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The Promise Of Evolution
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A Computational Platform

Selection
Fitness = Food Encountered

Initial Population

Final (evolved) Population
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Evolving Chemotaxis
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Non adaptive responseNon adaptive response

Evolved Pathway Dynamics
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Distilling Key Properties: A Minimalist Bug
Adaptive response

Non adaptive response

Receptor Effector

Intermediary
Protein(s)

slow

fast

??

Minimal Chemotaxis Pathways



Distilling Key Properties
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Feed Forward Loop
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Non Adaptive Dynamics: Relevance 

A

R

E

Fumarate or a fumarate metabolite restores switching ability to rotating 
flagella of bacterial envelopes.
R Barak, M Eisenbach, J Bacteriol. 1992; 74(2).

Chemotactic signalling in Rhodobacter sphaeroides requires metabolism 
of attractants.
P S Poole, M J Smith, J P Armitage, J Bacteriol. 1993; 175(1).

Chemotactic-like response of Escherichia coli cells lacking the known 
chemotaxis machinery but containing overexpressed CheY.
R Barak, M Eisenbach, Mol Microbiol. 1999;31(4). 

small molecules interacting 
with motor protein

Adaptive response

Non adaptive response

complex & diverse behavior

Austin R et. al., PNAS, 2003:v100(24)
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E. coli
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Why Non Adaptive Dynamics ?

!"#$%#&' !"' ()&' *!"&+(,"!"-' $*' .)&/$(01!2' ,"3&4' .&4(0!"' &"#!4$"/&"(0%' .$"3!(!$"2' $4' !"'

54$#!3!"-'0'%!"6'7&(8&&"'.&%%'/&(07$%!2/'0"3'.)&/$(01!29''

'

:;<=>?@'

<$'2(,3A'()&'50()80A2',"3&4%A!"-'.)&/$(01!.'7&)0#!$,4'8&',2&3'0'54&#!$,2%A'3&2.4!7&3'

50()80A'/$3&%'BCDE9'<)!2'/$3&%'022,/&2'()0('0'50()80A'.$"2!2('$*'0'2&('$*'Np'54$(&!"2F'

0%%' $*'8)!.)' .0"' &1!2(' !"' 0' 3&0.(!#0(&3' $4' 0.(!#0(&3' 2(0(&' G0.(!#0(!$"' .0"' .$44&25$"3' ($'

5)$25)$4A%0(!$"F'/&()A%0(!$"F'$4'0"A'$()&4' (A5&'$*'.)&/!.0%'$4'2(4,.(,40%'/$3!*!.0(!$"H9'

;0.)'54$(&!"'!2'.0507%&F'!"'()&'0.(!#0(&3'2(0(&F'$*'.0,2!"-'()&'0.(!#0(!$"'$4'3&0.(!#0(!$"'$*'

0"A'$*'()&'$()&4'54$(&!"29'<)&'*!42('54$(&!"'!"'()&'50()80A'!2'047!(404!%A'.)$2&"'($'0.('02'0'

4&.&5($4' ()0(' .0"' 7&' 0.(!#0(&3' 7A' ()&' &1(&4"0%' 0((40.(0"(F'8)!%&' 54$(&!"'Np' !2' 047!(404!%A'

.)$2&"' ($' 7&' 0"' &**&.($49'I)&"' 0.(!#0(&3F' !(' .0"' 7!"3' ($' ()&' /$($4' 54$(&!"' .0,2!"-' 0'

4&#&420%'$*' ()&'/$($4'0"3'()&'70.(&4!,/'($' (,/7%&9'<)&'7!$.)&/!.0%'3A"0/!.2'*$4 ! "JiP F'

()&'*40.(!$"'$*'54$(&!"'i'()0('!2'0.(!#0(&3F'$7&A2'

'

! " ! " ! " ! "# $

! " ! " ! "JJ+''''''''''''''''''''''''''''''''''''

JKJ
3(

J3

KK

KK

iAij

ij

ijii

iAij

ij

ijii
i

PAlPll

PAkPkk
P

%%
&

'
((
)

*
++

,%%
&

'
((
)

*
++-

.

.

/

/

0

0

'''''''''''''''''''''''''''GKH'

'

8)&4&'kij'GlijH'!2'()&'40(&'0('8)!.)'0.(!#0(&3'54$(&!"'j'0.(!#0(&2'G3&0.(!#0(&2H'54$(&!"'iF'kii'GliiH'

!2'54$(&!"'iL2'40(&'$*'2&%*+0.(!#0(!$"'G3&0.(!#0(!$"HF'k1A''Gl1A'H'4&54&2&"(2'()&'40(&'0('8)!.)'

()&'0((40.(0"('0.(!#0(&2'G3&0.(!#0(&2H'()&'4&.&5($4'54$(&!"'KF' ! "A '!2'()&'%$.0%'.$".&"(40(!$"'

$*' 0((40.(0"(F' 0"3' !' !2' 0' M4$"&.6&4' 3&%(09' <)&' ($(0%' .$".&"(40(!$"' $*' &0.)' 54$(&!"' !2'

0.0 0.2 0.4 0.6 0.8 1.0

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0 The World

The Bug

E

R

E

R

The Evolution

~~~~~~~~~~
The Bug

??? ???

???



Biochemistry And Evolutionary Trajectories  

Final (evolved) Population

T
im

e. . . . 

0.0 0.2 0.4 0.6 0.8 1.0

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

˜̃̃
˜̃̃˜̃̃

0.0 0.2 0.4 0.6 0.8 1.0

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

˜̃̃
˜̃̃˜̃̃

Initial Population 1. Restricted topology/biochemistry
2. Homogenous population of 
    adaptive bugs:

1. Non-adaptive dynamics
2. Non-adaptive dynamics



Evolution and Environment  
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Periodic Boundary Conditions

Abundant resources 
(fixed or fluctuating)

No Boundary Conditions

Scarce resources˜̃̃



Evolution and Environment  

Periodic Boundary 
Fluctuating Food

No Boundary 
Fixed Food

Evolved network responses to a step signal (from a given base)

Bistable system 
with hysteresis

Adaptation!

“normal” 
responses!



Pathways vs. Environment Hypothesis 

Environmental Properties

Behavioral Properties
Pathway Properties

Food 
Abundance

Need For
Adaptation



Evolution Approach Summary
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How can we speed up the discovery process ?

What are the biophysical/biochemical “design principles” ?

Can we transfer knowledge gained from one species to others ?

How do ecological factors affect pathway structure/dynamics ?

Where do seemingly “global” properties (e.g. complexity, 
modularity, robustness) come from ? 



Evolution Of Pathways

Complex

Modular

Robust Yet 
Adaptive

??
how and why



“Yet, reason tells me, that if numerous gradations from a perfect and complex 
eye to one very imperfect and simple, each grade being useful to its 
possessor, can be shown to exist ; if further, the eye does vary ever so slightly, 
and the variations be inherited, which is certainly the case ; and if any 
variation or modification in the organ be useful to an animal under changing 
conditions of life...”

Charles Darwin, Origin of Species 

Increasing 
Fitness

~
Increasing 

Complexity

Complexity



“Increase in complexity during evolution is not a concomitant of 
increase in fitness (or any other property) but is due to the 
nature of the processes involved” 

Saunders P.T., Ho M.W., JTB, 1976

Evolutionary 
Processes

~
Increasing 

Complexity

Neutral Complexity



Mutations
Negative Effect on 

Function

Increasing pathway
complexity

Decreasing pathway
complexity

Pathway

“Complexity-increasing mutations have less deleterious effects on 
pathway function than complexity-decreasing mutations. 

This imbalance would in time lead to a level of complexity, which 
would be above that required by the function of the pathway” 

Neutral Hypothesis



E

RAncestral Pathway

replication with possible 
mutations per protein

Pathway Fitness:
Success - Nprots * c

Ancestral Response

Fitness = 0.995
with c = 0.001

New Response

Fitness = 0

- Response
-- Signal

New Pathway

E

R

can exist either in an active P (e.g. phosphorylated) or
inactive P state. The equilibrium between the two states of
a protein depends on the interactions between this protein
and other active proteins in the system, where each
interaction is characterized by a specific interaction
coefficient (e.g. rate constant). The basic reaction dictating
the dynamics of such a system can be written as

Pi $

P
j
kij !P"

j #

P
j
lij !P"

j #
P"
i , (1)

where !P"
i # represents the concentration of active form of

protein i and kij and lij represent the strength of the
interaction between protein i and j. We assume that
proteins do not interact with themselves (i.e. kii $ lii $ 0)
and their interaction with other proteins can only be
activating or deactivating (i.e. kij % lij $ 0), resulting in
n2&n parameters for a network of n proteins. Also, we set
the maximum value that an interaction coefficient can
attain to one for computational ease.

In order for the system to be able to respond to an
incoming signal we define one of the proteins as a receptor
and allow its equilibrium state to be influenced by the
ligand (i.e. the signal) concentration [L]:

P1 $
!L#'
P

j
kij !P"

j #

P
j
lij !P"

j #
P"
1. (2)

We assume that the energy required for the activation and
deactivation reactions are provided from outside sources
such as high-energy molecules. Finally, we arbitrarily
choose another protein in the system as the effector and
specify that the concentration of its active form dictate the
behavior produced by the network.

Given a set of interaction coefficients for a set of
proteins, we can monitor the changes in the active effector
concentration in response to a signal, to evaluate the signal
processing capacity of the network. The concentrations of
active and inactive proteins in the system can be calculated
at any time point by solving the set of differential equations
resulting from (1):

d!Pi#
dt

$ !P"
i # %
X

j

lij % !P"
j #

" #

& !Pi# % di1 % !L# '
X

j

kij % !P"
j #

 !" #

, (3)

where di1 $ 1 for i $ 1 and di1 $ 0 for ia1. Note, that the
total concentration of each protein !Ptot

i # is constant and set
to one (i.e. !P"

i # $ 1& !Pi#). The set of differential equations
as shown in Eq. (3) allows the simulation of a system of n
proteins in presence or absence of a ligand. For example,
for the 3-protein network shown in Fig. 1A these equations

would look like:

d!receptor#=dt $ !receptor"# % 0:986 % !protein1"#
& !receptor# % (!L# ' 0:007 % !effector"#),

d!protein1#=dt $ !protein1"# % 0:04 % !effector"#
& !protein1# % 0:02 % !receptor"#,

d!effector#=dt $ !effector"# % 0:733 % !receptor"#
& !effector# % 0:726 % !protein1"#. (4)

4.2. In silico evolution

Using this generic model we can evaluate the response of
a given network to a given signal. This allows us to
simulate an evolutionary process in silico and evolve
networks that are capable of producing a certain response
to an incoming signal. The selection stage of the evolu-
tionary process requires a fitness function that captures the
possible selective pressures under which such response has
evolved. While it is plausible to use this generic model to
evolve various biological responses, here we use bacterial
chemotaxis pathway as a model system and evolve a
‘‘chemotactic’’ behavior. To do so, we treat the signal as
the concentration of a chemical attractant (i.e. a food
source) and the effector in our system as CheY, whose
active state concentration dictates the tumbling frequency
and hence the movement of the bacteria. We define the
fitness function based on the following observations made
on bacterial chemotaxis.
The ‘‘chemotactic’’ behavior employed by bacteria is

that of a biased random walk (Berg, 1983). Bacteria
explore the space by employing a certain tumbling
frequency in the absence of any food source. They then
decrease (increase) this tumbling frequency in increasing
(decreasing) food gradients in order to bias their random
walk towards higher food concentrations. The base
tumbling frequency of bacteria is not zero, enabling them
both to explore the space efficiently and to overcome the
issues related with living in an environment with a low
Reynolds number (Berg, 1983). Hence, we assume that the
main selective pressures on chemotactic behavior are the
ability to explore the environment while making maximal
gain out of available food sources. Here, we therefore
assume that there is an optimal tumbling frequency Ropt.. A
good responder should decrease (increase) its tumbling
frequency below (above) Ropt. in increasing (decreasing)
food gradients and should tumble with a frequency close to
Ropt. in absence of any food change. These two selective
pressures on the motility of bacteria are captured in the
following fitness function:

Fitness $
X

t

C % DF % (Ropt: & Ravg:)
! "

& (Ropt: & Ravg:)2
! "! "

.

(5)

Here, DF $ Ft+1&Ft and Ravg. $ (Rt+1+Rt)/2, where Rt

stands for the response of the network at time t (i.e. the
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Modeling Complexity



Selection
Fitness = “Success” - “Complexity Cost”

monitor pathway size over evolution

Initial Population

Final Population
T

im
e. . . . 

COMPLEXITY ~ SIZE

Modeling Evolution



MUTATION PER PROTEIN
P = 0.05

- Add Interaction      (P=0.3)
- Delete Interaction  (P=0.3)
- Delete Protein       (P=0.2)
- Add Protein           (P=0.1)
- Duplicate Protein   (P=0.1)

replication with mutations

The Null Model



Selection for 
existence

Selection for 
any type of response

c = 0.001
PopSize = 1000

Mutation Probability per 
Protein = 0.05

Selection for derivative type 
of response, starting with a 
homogenous population with 
fitness 0.997 

Selection



Selection for existence

Initial Population
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Size-Increasing
Mutations

Final Population

Imbalance-Driven 
Pathway Growth

Selection for 
derivative response
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 Delete Interaction
 Add Interaction

 Delete Protein
 Add Protein

 Duplicate Existing Protein

 Add New Protein

Neutral Evolution Of Complexity



For biological pathways, there is an 
imbalance between the functional effects of 
size-increasing and -decreasing mutations...

Such imbalance will be largest for 
minimum-solution pathways, pushing these 
to grow more complex than required...

The level of final complexity achieved will 
depend on the fitness cost of having 
additional proteins in a pathway and the 
relevant rates of different mutational 
events...

By the nature of things, 
Nature cannot be a minimalist



Evolution Approach Summary

How can we speed up the discovery process ?

What are the biophysical/biochemical “design principles” ?

Can we transfer knowledge gained from one species to others ?

How do ecological factors affect pathway structure/dynamics ?

Where do seemingly “global” properties (e.g. complexity, 
modularity, robustness) come from ? 



Proteins
Interactions
Kinetics

System
Dynamics and Behavior
Design Principles ??

SYSTEMS 
BIOLOGY

?
? ? ?

 “Nothing in biology makes sense 
except in light of evolution”

Theodosius Dobzhansky

EVOLUTIONARY 
BIOLOGY
Populations
Selection
Evolutionary Principles ??

Big Picture
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