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Introduction



The life cycle of the malaria parasite



Malaria parasite genes with almost 

sinusoidal signals

DeRisi, 2003.



DeRisi, 2003.

Functional Classification



Malaria parasite genes



Functional Classification
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Interaction Graph
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Probabilistic Genetic Network

(PGN )



Network dynamics:

State of the regulatory network at time t:
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Expression of gene i at time t:
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Example
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Probabilistic Genetic Network (PGN)
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- is characterized by the conditional probabilities
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This system  

- depends just on the previous time

- is time translation invariant

- is a conditionally independent Markov chain
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PGN Design



Architecture
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Entropy
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Mean mutual information estimation
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Estimation of P(Y|X)

If  #(X=(a,b))  ≥ n,  then
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For a fixed parameter n



Estimation of P(X) for a fixed parameter n

X

P(X)

If  #(X=(a,b))  ≥ n,  then

If  #(X=(a,b))  < n,  then
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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

Buiding Interaction Graphes 



Data analysis pipeline
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USP-dataset

• directly from original .gpr “raw” data;

• intensity = foreground mean - background median;

• mean for replicated time points;

• different definition of “weak” spots and elimination rules;

• consider ALL accepted oligos as unique entities (including 

_almost sinusoidal).

USP-dataset:  6532 oligos

Overview dataset: 3719 oligos



Weak spots definition

X = (0, 0, ... , 100, 100, ... , 100, 0, 0, ... , 0, 0)

<X> = 9 * 100 / 46 = 19.56

R = normalized cy5/cy3 = X/<X> = 

R = (0, 0, ... , 5.11, 5.11, ... , 5.11, 0, 0, ... , 0, 0)

log2(R) = (-∞, -∞, ... , 1.63, 1.63, ..., 1.63, -∞, -∞, ... , -∞)

Not amenable to Fourier analysis due 

to infinities.



Good spots

Weak spots
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Scaling

For each i, estimate the mean

and standard desviation

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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Output example
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Biological interpretation
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550 apicoplast proteins

124 apicoplast proteins



Apicoplast PGN network (single genes)
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Future steps



Network model generalization

- divide data in three time intervals: rings, trophozoites, 

schizonts

- build a network for each interval

- consider larger target sets, including unknown

- consider dependences of two or three previous times



Gene model and estimation alternatives 

- Find corregulated genes by signal clustering

- create equivalent classes of corregulated genes

- gene expression depends on a linear combination of inputs

- use parallel processing
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