
1

Design of Probabilistic 
Genetic Networks

Applications to Malaria and Cell Cycle.

Junior Barrera

DCC – IME/USP

Universidade de São Paulo



2

Layout

• Introduction

• Probabilistic Genetic Networks (PGN)

• Estimation of PGNs

• Architecture estimation

• Malaria

• Cell Cycle

• Future works



3

Layout

• Introduction

• Probabilistic Genetic Networks (PGN)

• Estimation of PGNs

• Architecture estimation

• Malaria

• Cell Cycle

• Future works



4

Pathways

Metabolic

Genetic Control SystemGenetic Control System

peptide

other signals

mRNA

TranslationTranscription

GENES REGULATION NETWORKGENES REGULATION NETWORK

Microarray MeasuresMicroarray Measures

Feedback SignalsFeedback Signals

GENE EXPRESSIONGENE EXPRESSION

Proteins
Metabolic
Pathways



5

Layout

• Introduction

• Probabilistic Genetic Networks (PGN)

• Estimation of PGNs

• Architecture estimation

• Malaria

• Cell Cycle

• Future works



6

Model characteristics and Biological motivations

- Describes genes expression dynamics

Gene expression is the only signal measured 

- Discrete time and range
At the time-space resolution level considered, molecular

synthesis and interaction are sequential discrete phenomena

- Genes expression dynamics are stochastic signals
There is noise in molecular synthesis and interaction

- Genes are non linear causal stochastic gates

Transcription is regulated by the interaction between proteins 

and  DNA
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Model characteristics and Biological motivations

- PGN is built by the connection of non linear
causal stochastic gates

Genes network  is the interaction of genes  

- PGN dynamics is a vector of discrete stochastic 
signals

Genes network dynamics is a vector of stochastic signals 
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Model formalization

Dynamics: 
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Markov chain is a stochastic process such that 

Model formalization
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Model formalization

A PGN is an homogenous Markov chain                     

which is
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Characterization

- Markov chain 

- PGN,
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Distribution estimation

Problem

Luck of data, usually there are non observed
j

x

Solution

Constraint the probability families considered 
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Distribution estimation

Training data for the target gene  i
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Example: multi-resolution estimation
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Entropy

Distributions of Y
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Mean mutual information estimation
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Optimal estimator
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Feature selection
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Boolean Lattice

Feature selection
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Feature selection

- A particular case of distribution estimation
Equivalence classes built eliminating features 

- Processing a node

For each feature set several partitions may be compared

- Linear partitions
May be used for generating the search space for a feature set

- Walking through the search space
Some heuristics: SFS, SFFS, U-curve
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Inhibitory and excitatory interactions

},...0,...,{ kkKai −=∈

))(|())(|(

)()(
11

∆+=

⇒∆+=∑∑
==

txrPtxrP

txatxa
N

i

ii

N

i

ii

- A vector of parameters defines a partition

- The search space is generated by 

- The best vector gives interaction weight and signal

N
Ka ∈

N
Ka ∈

Interaction  parameter:



28

Layout

• Introduction

• Probabilistic Genetic Networks (PGN)

• Estimation of PGNs

• Architecture estimation

• Malaria

• Cell Cycle

• Future works



29

The life cycle of the malaria parasite
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Malaria parasite genes with almost 

sinusoidal signals

DeRisi, 2003.

Sinousoidal

signals



32

DeRisi, 2003.

Functional Classification
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Functional Classification
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Interaction Graph

Glycolisis Apicoplast
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Scaling

For each i, estimate the mean           

and standard deviation

of the spots
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Quantization

Let            and             denote, respectively, the normalized 

signals greater and lower than zero at t.
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Architecture

Identification.
]48[],...,2[],1[ xxx

target genes
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Estimation of P(Y|X)

If  #(X=(a,b))  ≥ n,  then
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Estimation of P(X) for a fixed parameter n

X
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- For each target gene, rank the couples of all genes by   

_their estimated mutual information and sample size;

- When two mutual information are equal, the one 

_estimated from a larger sample comes first;

- Choose the best couples;

- Design the interaction graph

Building Interaction Graphs 
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550 apicoplast proteins

124 apicoplast proteins
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Apicoplast PGN network (single genes)
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Subsystems identification
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Subsystems identification



57

Layout

• Introduction

• Probabilistic Genetic Networks (PGN)

• Estimation of PGNs

• Architecture estimation

• Malaria

• Cell Cycle

• Future works



58

Phases of the Cell CyclePhases of the Cell Cycle

(*)
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Model: architecture and dynamicsModel: architecture and dynamics

Transition Function

aij = ag green arrow from i to j

aij = ar red arrow from i to j

Simulation parameters: ag = -ar = 1

Li, 2004.
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Time StepsTime Steps

One single pulse of One single pulse of CSCS = 2 at = 2 at t = t = --11
DeterministicDeterministic
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PGN with PGN with P = P = 0.99 0.99 
One single pulse of One single pulse of CSCS = 2 at = 2 at t = t = --11

Time StepsTime Steps
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Total input signal driving a generic variable

: memory of the system

Driving functionDriving function forfor

: weight for variable at time

Our gene modelOur gene model
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Our network architectureOur network architecture
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One single pulse of One single pulse of FF = 2 at = 2 at t = t = --11

Time StepsTime Steps
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Signal Signal FF = period 50 oscillator= period 50 oscillator
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Signal Signal FF = period 10 oscillator= period 10 oscillator

Time StepsTime Steps
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PGN with PGN with P = P = 0.990.99
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Signal Signal FF = period 3 oscillator= period 3 oscillator
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PGN with PGN with P = P = 0.990.99
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- Estimating cell cycle network from data
Use the developed model as constraint

- Add new constraints
Representing phenomena like stability, robustness, protein

interactions

- Create dynamical criteria for network estimation

A kind of measure on the time sequence distribution

- Design dedicated search algorithms for particular 

partitions spaces
Different partitions may have common parts that does not 

need to be calculated again.

- Design smart search algorithms for feature selection 

These algorithms should learn while walking through the

search space


