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The Role of miRNA (microRNA)
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Ref: M. Figliuzzi, E. Marinari, A. De Martino,MicroRNAs as a selective channel of 
communication between competing RNAs: a steady-state theory, Biophysical Journal, 
104(5), 1203-1213, 2013.
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=A x+ξ

<ξi(t )ξ j (t ' ) >=γij δ(t−t ' )

<ξ >=0

Question: calculate output noise: <[ xi(t )− x̄ ][x j (t ' )− ̄(x j)] >−?

Given:
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Gillespie Algorithm 

  Denote the probability of reaction R to happen during next time   
  interval τ by p(τ, R).

Step 0: initialize,

      Step 1: generate random pair of (τ, R) according to p(τ, R),

      Step 2: advance time by τ and change number of molecules according 

                  to reaction R,

      Step 3: stop, if there are no more molecules left or if the termination 
                  time is reached, otherwise return to step 1.
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Ref: T. Gillespie, A general method for numerically simulating the stochastic time evolution 
of coupled chemical reactions, Journal of Computational Physics, 22, 403-434, 1976



  

GA: Next reaction probability  
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Ref: T. Gillespie, A general method for numerically simulating the stochastic time evolution 
of coupled chemical reactions, Journal of Computational Physics, 22, 403-434, 1976

   : reaction rate

   : number of distinct molecular reactant combinations

ci

hi

p( τ , Ri)=hi ci exp(−∑ h j c j τ)
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Behavior of The Steady State
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Mutual Information 
as a measure of channel efficiency

x, p(x) Channel = f(x) o, p(o)

Question: How much our uncertainty about output oo reduces by knowing input xx?

I (x ;o)=∫ dx do p(x , o) log2 p(x ,o)
p(x) p(o)

M
I

joint prob. dist.
mutual information

input variable 
prob. dist.

output variable
prob. dist.
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Optimization 

InputChannel
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Optimization over kinetic parameters,
given p(x).

Optimization over p(x),
given kinetic parameters.
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Problem: Optimize mutual information in respect to input distribution given that 
noise is small and the channel is Gaussian.

I (x ;o)=∫dx do p(x ,o) log2 p(x ,o)
p(x) p(o)

p(o / x)= 1

√2π σ2(x)
exp[

−(o−o' (x))2

2σ2(x)
]

limit :σ→0

Ref: G. Tkačik, A. M. Walczak, W. Bialek, Optimizing information flow in small genetic 
networks, Physical Review E, 80(3), 031920, 2009.

Optimization 
with respect to the input distribution
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Optimization 
with respect to the input distribution

Problem: Optimize mutual information in respect to input distribution given that 
noise is small and the channel is Gaussian.

I (x ;o)=∫dx do p(x ,o) log2 p(x ,o)
p(x) p(o)

p(o / x)= 1

√2π σ2(x)
exp[

−(o−o' (x))2

2σ2(x)
]

limit :σ→0

Solution:

popt(x)=
1
Z

[ 1

2π eσ(x)2
(
d o' (x)
dx

)
2

]
1/2

,

Ref: G. Tkačik, A. M. Walczak, W. Bialek, Optimizing information flow in small genetic 
networks, Physical Review E, 80(3), 031920, 2009.

I opt (x ;o)=log2 Z
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TF - 1

mRNA - 1

d1

b1

Figure: Red curve: input-output relation.
Orange curve: optimal input distribution.

Amount of TF1

input

output

MI calculated according to its definition:  4.023839 bit
MI calculated according to the formula  :  4.098728 bit
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C2

input

output 1 
output 2 

MI calculated according to its definition:  1.887141 bit
MI calculated according to the formula  :  2.105024 bit

Figure: 
Black curve: TF1-mRNA1 relation. 
Red curve: TF1-mRNA2 relation.
Orange curve: optimal input distribution.



  

Conclusions
Open

 Q
ues

tio
ns

1) miRNA-mediated regulation on gene expression can be well-quantified 
by the mutual information.
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1) miRNA-mediated regulation on gene expression can be well-quantified 
by the mutual information.

2)The principle of maximizing mutual information finds the best performance
regime of the miRNA-regulatory element.



  

Open Questions
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 Q
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- Optimization
  Ongoing @ Sapienza, Rome

- Experiments, Integration of Other PTR
  Ongoing @ HUGEF, Torino

- Large Regulatory Networks
  To be started @ ICTP, Trieste
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