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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



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



Model formalization

Number of genes inthe PGN: N

Expression of gene i attime ¢ : X ()€ RCZ,|R| finite

()
X, (1)

State of the PGN attime re{0,1,2,...} : x=

| Xy (1) ]



Model formalization

Dynamics: x; (1) = ¢,(x(t -1)),
t>1 and ie {1,2 ..... N}

¢. is a stochastic function :

o p(r 1 (x(r=1))

X (1) =+ r, pnlx@E-1)

i PUig 1 (x(t=1))



Nomenclature

x;(t—1) ~_
/—»:c?;(t)

x,(t—1)

Predictors Target
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Model formalization

The sequence of random vectors X¢s Xi»n X, |
with observations in R" is a stochastic process

Markov chain is a stochastic process such that
P(X, =x()I P(X,=x(0),X, =x(1),...X, , =x(t-1)) =
P(X, =x() X, =x(-1))

A Markov chain is homogenous when
P(X,=x(®)| X,_, =x(t—1)) Isthe same for every ¢

An homogeneous Markov chain is characterized by the
Distribution of X, and the state transition probability

matrix:
(7, 7T,,) y



Model formalization

A PGN is an homogenous Markov chain (%,,7,,,)
which is

- conditionally independent,
P(x[t+1]1 x[t]) = fI p(x.[t+1]1 x[z])

- almost deterministic and

Vi,Vx(t)e RV, Vie{l,..,N},3re R: p(r1x(t)) =1

- has limited dependence.

Vie{l,...N}L3j, j<< N:Vt,Vx(t)e R",Yre R, p(r1x(t)) = p(r| x'&))



Characterization

- Markov chain

P(x(t)l x(r—1))

Matrix dimension: | R1" x IRI"
- PGN,

p(x; () | x(r=1))

Matrix dimension: |RI” x |RIx N

13
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Distribution estimation

Training data for the target gene ;

(X Y5 (XL ¥y )seeen (X, 3,

Estimator
nz‘{(x,f,yk):x,f :x’}
p=Hly)ixi=x' Ay, =r]

,%(Xj:xj)zﬁ PY=r1X’=x%)
m

P

n
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Distribution estimation
Problem

Luck of data, usually there are non observed x’

Solution

Constraint the probability families considered
partitioning R’

0=10,,0,....,0, }is a partition of R’
Vxl€ Q1 P(ylx))=P(y1Q,)

P(Q)= > P(x')

- J
x’eQ, R 6



Distribution estimation

Training data for the target gene ;
(s y)5(X4593)se (X505 9,)

Distributions constraint estimator

N, Zc (xk ch(xj)zl(:)xjeQi

k=l
ZZQ ,,,I”(Xk,yk lQi,r(xjaY)ZI@XjEQi/\y:r

k=l

17
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Multi-resolution
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\

- multi-resolution estimation

P(Y|X)

19



Measuring estimator quality

Entropy Mutual information
H(Y)=- ) P(y)logP(y) I(X,Y)=HY)-H{1X)>0
ye{-1,0,1)
P(Y) t P(Y’) | P(Y’’)
I L I | 1 . |
1 0 1 -1 0 1 -1 0 1

Distributions of Y
HY)>HY")=H{") 20



Measuring estimator quality

Mean conditional entropy

E[HY|X)]=) P(X)H(Y|X)

Mean mutual information

E[I(X,Y)]|=H(Y)-E[H[Y|X]]

Mean mutual information estimation

E[HY1X)]=-Y P(X)Y P(Y | X)log(P(Y | X)).

E[I(X.Y)]= H(Y)—E[H(Y | X)]

21



Optimal estimator

Mean conditional entropy for a constraint distribution
E[H(Y1X)]=) P(Q)H(Y10)
i=1

Choose a space of partitions and choose the ones
that minimize

IAZ[H(Y | X)]

Example: all possible partitions generated by a family of
classifiers; partitions generated by a family of pyramid's

22
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(X5 V)s (X5, Y5 )seeen (X, Y, )

!

Feature selection

!

Ac{l2,..,N}
j=I1Al
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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

26



Inhibitory and excitatory interactions
Interaction parameter: a, e K ={-k,...,0,...k}

i ax (1) =i ax (t+A)=
=1 =1

P(rlx(t))=P(rlx(t+A))

- A vector of parameters ae K" defines a partition
- The search space is generated by ae K"

- The best vector gives interaction weight and signal

27
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The life cycle of the malaria parasite

29



HOME DeRisi Lab Malaria Transcriptome Database November 1, 2004
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Malaria parasite genes with almost
sinusoidal signals

Sinousoidal
signals
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DeRisi, 2003.

Functional Classification
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Malaria parasite genes

Non sinousoidal

Sinousoidal signals
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Functional Classification
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Glycolisis

Interaction Graph

Apicoplast
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Genes
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Scaling

A

For each i, estimate the mean E[x,[t]]
and standard deviation  olx;[t]]

of the spots

Scale normalization of the spots

_ xlt]- Elx[z]]

olx,lt]]

n;z]

40



Quantization

Let n[t] and n7;[f] denote, respectively, the normalized
signals greater and lower than zero at t.

If n'[t]> lA?[nf[t]], then x,[t] = +1
If 7 (]2 Eln [t]]and n”[£] < Eln [£]], then x,[t] =0

If 7 [t]< E[n [t]], then x.[t] = -1

41
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x[1], x[2],..., x[48]

JL

Architecture

Identification

|

target genes
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Estimation of P(Y|X)

Y: the target gene at t+1, that is, ¥ = x;[+1]

X: the predictors at t, thatis, X =(x ;L] x [2])

For a fixed parameter n
#((Y =¢) A X =(a,b))

— > : = = -
If #X=(a,b)) 2 n, then P¥ =clX =(a.b)) #(X = (a,b))

If #(X=(a,b)) < n, then ;’(YI X =(a,b)) 1S uniform

44



Estimation of P(X) for a fixed parameter n

P(X) a
X =(x;[], x.[£]) [\
=X
N* = > #(X = (a,b)) N~ = D #(X =(a,b))
#(X=(a,b))2n,Y(a,b) #(X=(a,b))<n,¥(a,b)

N" ><#(X = (a,b))

= ;)XZ ,b —
If #(X=(a,b)) = n, then (X =(a,b)) NN N

N 1

If #(X=(a,b)) < n, then IAD(X:(a,b)): X—
N +N" 3—I{(a,b):#X =(a,hy)>n}|



Building Interaction Graphs

- 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

\{

A

46
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Proteins

amino acids

Mitrogen
Foaol

tissue
protein

Carbohydrates
glucose, fructose,
nalactose

Glycogen Glucose-6-Phosphate

Lactic Acid Pyruvic Acid

acetyl Co A




Glycolytic PGN network (single genes)
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Amino acid occurrences
(in 68 sequences)

plastid-targeting

| signal sequence

A) Domain structure of nuclear-encoded apicoplast proteins

Mature Plastid
domain Protein

last 15AAs first 20AAs last 20AAs first 15AAs
30 4 30 4
20 /-V ]2 20 3 2 gg—;
Y i
i
10 / 0 10— 02 $
B s  —
0 /~ 2 0 -2
-15 A +20 -20 A +15
== Acidic == Basic =— Asn+Lys Hydro-
(DE) (KRH) (KN) phobicity

550 apicoplast proteins

legy ICySICy3|

. Schizont

6 12 18 24 30 36 42 48
Hours

P, faiciparum pIDNA (35 kb)

ThrdRNA

— Giiler $trand
e Innier strand

, Plastid genome = ===
o

Ribosomal protein s9

Acyl carrier protein

DNA gyrase

Ferredoxin

GepE protein

DOXP reductoisomerase
Clp proteases

40 Other classified proteins
76 Hypothetical proteins

124 apicoplast proteins
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Apicoplast PGN network (single genes)

i
=
[
f
{

O glycolysis

‘ transcription machinery

proteoasome
plastid genome

Q cytoplasmic translation merozolte invasion

. ribonucleotide synthesis actin myosoin motors

C000@®

‘ deoxynucleotide synthesis
@ onA replication

mitochondrial

53




Apicoplast PGN network (double genes)
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Subsystems identification
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Subsystems identification
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Phases of the Cell Cycle

M PHASE

| mitosis
1 (nuclear TN
1] « = =

. division) cytokinesis
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1
1
1
3 -
L
1
s

G, PHASE
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G, PHASE
(DNA replication)
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Model: architecture and dynamics

Li, 2004.
Transition Function
Sit+ )= o, 2aS0 <0
j
(s, 280 =0
J
a;=a, greenarrow fromi toj

a;=a, redarrow fromi to;

Simulation parameters: ¢, =-a, =1

E;i
ST BF

A

Cirt2 ‘Iw Ib5,6

% \_—Mém1/SFF

SWiS
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Deterministic
One single pulse of CS=2 at t = -1

2 T T T T | m START
Mcm1SFF 0 1 I G1
2 | WS
Clb12 0 [] G2
2k - @M
LA 5| Statlonary G1
2 R froebe preeed -
- 3
2 7
Cdc20Cdc14 0
o e T T .
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N S S A REEEEBEE R AR E R NN
> 555555555:__E___'E:::.::::::::::.:::.:
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2 ................... .
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Cin3 0 F L—
2 | =
CS 0
| | | | |

FIR A S (N S A U N S N S T A N NN N N - S S M- S T N M
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3 Levels (0,1, 2)

y;(t+1)

Z%SJ(O)

§ =1
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Stochastic Transition Function

" a,S . (0) Y, t+D
m S;)=0]S5,@)=1]5,;,@)=2

(y.(t+1) with P=0.99
x,(t+1)=<a with P =0.005
b with P =0.005

where a,be {0,1,2}—{y.(t + 1)}
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PGN with P =0.99

One single pulse of CS=2 at t = -1

2 |
Mcm1SFF 0

2
Clb12 0

on

Sic1

N

Clb56 0

2
Cdc20Cdc14 0

2
Swi5 0

2
Cdht1 0

2
Cln12 0

2
SBF 0

2
MBF 0

2
Cin3 0
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Our gene model

Total input signal driving a generic variable

z;(t) € {0,1,2} (1<i<N)

di(t)ziiafixj(t—k)

Driving function for I;

M : memory of the system
af;-”',,;: weight for variable .U at time t—k
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Our gene model

(

2 if d(t)=2th,
y,(t+1)=41 if th,<d.(¢t)<th,
0 if d.()<th,

.

‘

Stochastic y;(t) with P~1
Transition zi(t) =4 a with (1—P)/2

Function b with (1— P)/2.

\

a,be {O? 1:2} - {yi(t)}
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Our network arc

F : integration of signals from layer S

i
.
wett
"
.
.
.
-

stimuli

External [ /

s, Triggerigepe
— Forward signal : :
—— Feedback to P :
--------- | Feedback to previous :

layer

G1 phase S, G2 and M phases
time
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PGN with P =0.99

One single pulse of F=2 at t = -1

Time Steps



PGN with P =0.99

Signal F = period 50 oscillator

0 30 60 90 120 150 180
68

Time Steps



PGN with P =0.99

Signal F = period 10 oscillator

0 30 60 90 120 150 180
69

Time Steps



PGN with P =0.99

Signal F = period 3 oscillator

0 30 60 90 120 150 180 70

Time Steps
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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
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