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Wikipedia: A gene regulatory network (also called a GRN or genetic regulatory
network) is a collection of DNA segments in a cell which interact with each other
and with other substances in the cell, thereby governing the rates at which genes
in the network are transcribed into mRNA.

$ #
Is gene a regulating gene b or vice versa?
Is the regulation direct

or indirect where there is a mediating gene ¢ so that a regulates c
and then c regulates b?

Inspecting the finer structure, which are called regulatory network,
give us a more intricate view of molecular interactions offering
further possibilities for medical interventions.

Inferring regulatory networks from gene expression data, a process
which is called reverse-engineering of gene regulatory network.
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From finding gene clusters to finding the functional roles of the respective
genes, and moreover, to understanding the underlying biological process.

g

Gene expression data permits us to study finer structure of molecular
pathways exposing causal regulation relations between genes.

* ) n
genes with similar expression profiles (i.e. genes that are co-
expressed) may have common regulatory mechanisms (i.e. they may
be co-regulated), and hence have similar transcription factor binding
sites.

Supervised/unsupervised expression profile
learning, or extensive data visualization.

Find potential regulatory sequence elements in
genomes. (e.g., transcription factor binding
sites, promoter regions,...)
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Mathematical modeling of regulation inside a network:
Bayesian network, Boolean network and its generalization,

ordinary and partial differential equations, qualitative
differential equations, stochastic master equations, Petri nets,
transform grammars, process algebra, and rule-based
formalisms.

Classical Probability: true or physical probability of an
event, measured by repeated trials.

Bayesian Probability: the degree of belief in that event,
measured by arbitrary techniques for sensible choice.

Bayesian approach: offers a clear separation of structure
and parameter optimization, and adding predefined rules
and information is easy, widely used for microarray data.




A Bayesian Network for X={ Xy, ..

Xn} consists of

Qualitative part
(a Network Structure):
Directed acyclic graph (DAG) (G)
Nodes - random variables (V)

Quantitative part

(a set of probability distribution):
local conditional probability distributions
are attached to nodes of graph.

Edges - direct influence (E(i, j)) d = P( X;| Pg;)
(no cycles allowed)
- — & _
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parent child

Together: Define a unique distribution in a factored form.
- Arcs represent probabilistic dependence between variables.
- Conditional probabilities encode the strength of dependencies.




Prior
knowledge

Construct
Bayesian
Network
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Inference

Refine
by data

Construction

Determine the variables to model.
Build DAG that encodes conditional independence edge: cause -> effect

Assess local probability distribution d = P( X | P&, )

Probabilistic | nference

Compute a probability of interest given a model.
Use Bayes theorem and simplify by conditional independence.

Learning Bayesian Networks

Given a training set
X={X,, .. X},

find a network B = <G, >
that best matches X.




Markov Condition: Each variable X; is independent of its
non-descendants given its parents.

Local probability in X; depends only on the parents.

Conditional I ndependence: Given its parents, X IS
iIndependent from the other nodes in the graph.

- Judea Pearl. Probabilistic Reasoning in Intelligent Systems. Morgan Kaufmann, 1988.
- Heckerman, David: A Tutorial on Learning with Bayesian Networks, MSR-TR-95-06
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Expression levels X; of nodes V, are considered as random variables and the
edges represent conditional dependencies between distributions of the

random variables.
V, V,:gene V,regulates gene V, (up or down-regulation).

Learn the network structure from gene expression data. @
Problem: Noise, sparse data () ()




expression level X; of gene or node V; at point j ‘ (XiljllI1<i<n,1<j<m)

joint probability mE) P(XNY)= P(X.Y)= P(Y | X) P(X)= P(X|Y) P(Y)

P(Y | X) P(X)

Bayes’ rule
P(Y)

conditional probability mE) P(X|Y)=

generalization of it forms the chain rule
=) P(K.X.Y.Z) = P(Z|K.X.Y) P(K.X.Y)
— P(Z|K.X.Y)P(Y|K.X) P(K,X)
— P(Z|K.X.Y) P(Y |K.X) P(X | K) P(K).

X and Y are independent - P(XNY)= P(X)Pr(Y)
X and Y are independent for given a value of Z ‘ PX|ZY)= P(X|Z2)




Bayes Formula:

Prior Iikelﬂlood
. P(v) P(D | V)
LoD ) = D)
Posterior

Joint distribution:

P(9,D) = P(W) P(D | )

P(X1,X2,X3,X4)= P(X1) P(X2| X1) P(X3| X1) P(X4| X3)

P(X4|X1.X3.X3)= P(X4 ] X3)




P(A,B,C) = P(B|C)P(CIA)P(A)

(a) (8)

e

P(A,B,C) = P(A|C)P(B|C)P(C)

P(A,B,C) = P(A|C)P(C|B)P(B)

P(A,B,C) = P(C|A,B)P(A)P(B)




P(A, B,C, D, E) = [ P(node;|parents,)

Conditional independence
I(A; E),

I(B;D | A, E),

I(C:A,D,E |B),

I(D;B,C,E|A)

I(E;A,D)

Joint distribution
P(A, B, C, D, E) = P(A)P(B|A, E) P(C|B)P(D|A) P(E)
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Is the structure right? Is the order of regulation correct?

If there are several possible structures with respect to the
experiments done so far, which one is right? so a graph represents
hypothesis based on current knowledge.

O

Initiation of cell (sub-)cycle Co-regulation Mediation




Binary case: gene gene h b B 4 b % b B B
T 7 1 (SWI5) -041  -097 -1.46 0.16 0.74 0.72 1 0.77 0.3
‘c‘:an”be Off (O) or 2 (CLN3) 0.49 0.62 0.05 -0.13 0.02 0.04 -0.14 0.24 0.91
on (1), but not both. 3(CLB1) | 0.6 -0.53 -1.37 1.03 113 127 1.04 1 0.07
4 (CLN2) | -1.26 1.6 1.54 0.31 -0.14 -0.88 -1.7 -1.88 -1.7
Having a fixed structure, the
conditional probabilities are easy to
calculate.
gene I 2 I3 Iq I3 s I fg fo
Binomial Distribution 1(SWIS) | 0 0 0 1 1 1 1 1 1
X ~ B(n, p) 2(CLN3) | 1 1 1 0 1 1 0 1 1
The probability of getting exactly k 3(CLBL) |1 o0 ! ! ! : ! :
; . 4 (CLN2) 0 1 1 1 0 4] 0 0 0
successes is given by the
probability mass function:

flk;n,p) = (z)ﬁ“:(l —p)" "

Conditional probabilities based on the structure of G

Pr(X1 = 1) X1 |Pr(X2=1) X1 |Pr(X3=1) X3 |Pr(X4=1)
6/9 1 4/6 1 1 1 1/7

0 | 0 1 0 1/3 0 1
(—W

0 = {él;é{2|X1)=§(3|X1}=é(4|X3)}
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Discrete variables: Usage of more states for genes like

“low”, “medium”, and “high” follows the multinomial
theory conveniently generalizing the binomial theory.

The probabilities are given by

1l

r Ik . koo
iyt TR when Ztl ri=nmn

0 otherwise.

P[:X]_:I'l,...,x;czl'k)z{

Continuous variables: Linear Gaussian model

P(X |uy,...,w) ~ Nag+ Y a;-uj, o).

N\

parents Uy, ..., U

Hybrid Networks
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Having graph G and the expression matrix D, our aim is to obtain distribution

dependency parameters 0={d1, d2,...} that are fitted best to the structure
of G and data D.

Maximal likelihood method

L@: D)= P(D:6)= [ | P(X1[j1. Xalj1.... Xulj]: ).
j=1

m

LO:D) = [] PX1[i]1:61)- [ | P(X2li11 X1[4]: 62)
j=1 j=1

T POGL 1 X069 [ PGl X1 6) (W)
=1 =t (——(%)

L : D) = HL:'(& : D)

m
Li(61: D)= P(D:6y) = 1_[ P(X;[j]:61) = (QI)N(X1=1)(1 _ Ql)m—N(Xlzij
j=1

N(X,=1)

= 6/9 é(2|X1:1) = 4/6, é(2|X1:D) —
NX;=1D)+NX,=0)

Pl‘(Xl = 1) = él =

Oaix=n) = 1. Oaixi=0) = 1/3,

é(4|X3=1} = 1/7, é(4|x3:0) — ] B




2 . find network structure which fits the prior
knowledge and data.

Given a araph G, we know now how to calculate
the par‘(z)leter sef, 6 G maximizing the likelihood
score L(G, d: D). 2"

L(G.6%: D) = [] P(Xu[m].Xalm].....Xalm]: G,6%) sting of four
fﬂ' ) ble
= “m“l”l P(X,[m] | Parents(X,)[m] : G,0, ).I be taken to
‘P-’grerzt-s()‘( ”)‘ &16- ;cp;e.sgllon ;?aAlues of aﬁl I;Jrgr-l‘t‘s: (:fL nzmc-l‘e‘VAH 7 in total.

05 - the parameter of node V,, in graph G.

Given arandom sample D compute the posterior probability
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log(IL(G.6% : D)) =m Z(I(V},Pﬂl‘ems(%)) —H(V;))
i=1

Pl‘(X;‘ =X ﬂ,- P; =xr')

(W Parents(V) = 2, P =x (VP =l gy — T hp = )

(¥i):x;=0.1

mutual expression information between node V; and its
parent nodes Parents(V;) = { Py, P2,...}

1

H(Vi))= ) Pr lg X =)

x=0,1

entropy of expr X; ofnode V;

Function I(V, ,Parents(V;)) 0 measures

how much information the expression values of nodes Parents(V,) provide
about V..

If V. Is mdependent of parent nodes, then I(V, ,Parents(V,)) has the value of
zero.

If V, Is totally predictable for given values of Parents(V;), then
I(VI ,Parents(V,)) reduces into the entropy function H(V)

It should be noted that in general I(X,Y ) =I(Y , X) so the direction of
edges matters.




Is the structure optimal with respect to the data?

Search for high scoring structure by greedy
search, simulated annealing

(%)
W H—®
O—® &>
02 =7/9. b = 3/9,
‘9:(3|Xz=D=X4=0) = 1, 9:(3|Xg:G.X4:1) = 1,
031X, =1,Xs=0) = 1. Oa1x,=1.%4=1) = 0.
0(11X3=0) = 1/3, 0(11x5=1) = 1.
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Spellman et. al. (1998): Microarray data of yeast
cell cycle

6177 genes, 76 samples of all the yeast
genome, six time series.

|dentified 800 cell cycle regulated genes, and
clustered them 250 genes in 8 clusters.

MCM

|CLB2

SIC1

Friedman et al analyzed these 250 genes AT

by a Bayesian network.

Multinomial model: treat each variable as
discrete and learn a multinomial distribution
that describes the probability of each
possible state of the child variable given the

CLN2
state of its parents. I

Discretize the gene expression values:
under-expressed (-1),
normal (0), and

over-expressed (1),

depending on whether the expression
rate is significantly lower than, similar
to, or greater than control.

m Histones

Spellman et. al. (1998).
http://cellcycle-www.stanford.edu/
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Width (color) of edges: the local map for the gene SVS
computed confidence level.

CLN2 separates SVS1 from () o
several other genes @ @
There is a strong connection - A Q
between CLN2 to all these @

genes, there are no other edges (D

connecting them
(s oo

These genes are conditionally
iIndependent given the a1
expression level of CLN2.

Friedman N, Linial M, Nachman | and Pe'er D (2000), @
Using Bayesian networks to analyze expression data.
Journal of Computational Biology, 7:601-620. @<

http://www.cs.huji.ac.il/labs/compbio/expression/ \D

Small datasets with many variables:
many different networks are reasonable explanations of the data

‘ Focus on features that are common to most of these networks.




Order relations (global property)

Is gene X an ancestor of gene Y in all network of a given equivalence class?

Dominant Genes: out of 800 genes, only a few seem to dominate the order
appear before many genes.

These gene are indicative of potential causal sources of the cell-cycle process
directly involved in initiation of the cell cycle and its control:
CLN1, CLN2, CDC15 and RADS53 (functional relation has been established)

TapLe 1. List oF DoMiNant GENES IN THE ORDERING RELATIONS!

Score in experiment

M ar kOV r d at I OnS (local Gene/ORF Muliinomial Gaussian Notes
property) MCDI1 550 525 Mitotic Chromosome Determinant, null mutant is inviable
. . MSH6 292 508 Required for mismatch repair in mitosis and meiosis
Is gene X an direct relative o2 444 497 Cell wall maintenance, chitin synthesis
CLN2 497 454 Role in cell cycle START, null mutant exhibits G1 arrest
Of gene Y’) YLRIB3C 551 448 Contains forkheaded associated domain, thus possibly nuclear
. RFAZ 456 423 Involved in nucleotide excision repair, null mutant is inviable
TOp sScoring Karkov RSR1 352 395 GTP-binding protein of the RAS family involved in bud site selection
. CDC45 — 394 Required for initiation of chromosomal replication, null mutant lethal
re|at|OnS between geneS RADS3 60 383 Cell cycle control, checkpoint function, null mutant lethal
. . CDC5 200 353 Cell cycle control, required for exit from mitosis, null mutant lethal
were found tO IndICate a POL30 376 321 Required for DNA replication and repair, null mutant is inviable
. . . . . YOX1 400 291 Homeodomain protein
relation in b|O|Og|C8| function.  sros 463 239 Involved in cellular polarization during budding
CLN1 324 — Role in cell cycle START, null mutant exhibits G1 arrest
YBROSOW 298 —

"ncluded are the top 10 dominant genes for each experiment.

|n general
BN provide us with a tool that allows biologically plausible conclusion from the data




BNArray: nttp:/iwww.cls.zju.edu.cn/binfo/BNArray/
Impute missing values (LLSimpute)
Construct Bayesian network and Bootstrap Bayesian networks
Reconstruct significant coherent regulatory modules

Score: -411 6091
Relscore: 7.996415e-06

cln3-1 cln3-2 Clb2-2 clb2-1 Alpha
YALOOLC 0.15 -0.22 0.07 -0.15

YALOOZW -0.07 -0.76 -0.12 -0.23 -0.11
YALOO3W -1.22 -0.27 -0.1 0.23 -0.14
YALOOAW -0.09 1.2 0.16 -0.14 -0.02

Gene YBLOO9W (unknown ORF) co-regulates H2A
(YBLOO3C) and H2B (YBLOO2W).

H2A and H2B form a compound during DNA
replication process.

YBLOO9W is a haspin which is involved in the meiosis
process annotated in GO Biological Process database
(check in SGD).

Chen X, Chen M, Ning K. BNArray: an R package for constructing gene regulatory networks
from microarray data by using Bayesian network. Bioinformatics. 2006 Sep 27




http://www.csc.fi/molbio/arraybook/
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