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Problem Statement

« Assumption: Several microarray experiments
obtained such that slides can be mapped to a
biological state of interest.

« Shared genetic function: Interesting genes are
across experimeninaformative about these
biological states.

« Task: find those genes! Actually two problems

« Cross annotation of genes (potentially
different species)

» Calculate a measure across experiments

This talk shows how we may obtain such a measu
using a probabilistic approach.
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Biological States of Experiments

Mammary Gland tc. (lact. day & hours of involutior

biol. state

Type 1 Apoptosis
Type 2 Apoptosis
Apoptosis
Differentiation
Inflammation
Remodelling
Acute Phase

Type 2 Apoptosis

Apoptosis

Differentiation
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Probabillistic Approach

Thomas Bayes (1701 - 1763)
Learning from data based on
decision theoretiframework
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Probabillistic Approach

Thomas Bayes (1701 - 1763)
Learning from data based on
decision theoretiframework

_ p(D|)p{)

First consequence: we
must revise beliefs ac-
cording to Bayes theorem
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Probabillistic Approach

Thomas Bayes (1701 - 1763)
Learning from data based on
decision theoretiframework

Qopt = argmax, < u(a) > , where
p([‘D) — p(i\(]z))])?(]) < u(a) >= [ ulo, I)p(I|D)dI.
First consequence: w&econd consequence: D
must revise beliefs aceisions by maximising ex
cording to Bayes theorenpected utilities
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Probabilistic Gene Ranking

Apoptosis (lac. vs.pp
Inv.!) In the Mouse §
Mammary Gland dOlac d5lac dlOlacl2hl 24hl 48hl 72hl 96hl
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Probabilistic Gene Ranking

Apoptosis (lac. vs.
Inv.!) In the Mouse

Mammary Gland
Latent variable probit GLM.

pre Apoptosis Apoptosis
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0: Sl,tn ™ 1

s1+n 1S @ one dimension:
W Gau55|an random variable w
observation n meanﬁmwm and precisiony.
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Probabilistic Gene Ranking

Apoptosis (lac. vs.
Inv.!) In the Mouse

Mammary Gland
Latent variable probit GLM.

pre Apoptosis Apoptosis
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TR A R R
0 : Sl,tn ™ 1

s1+n 1S @ one dimension:
\¥ Gau55|an random variable w
observation n meanﬁmmt,n and precisiony.

As an alternative to p-values, the postertil;| D, ),
serves as a probabillistic rank measure. (VB-eqns.)
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Shared Gene Function

Include Information about Endothelial Cell Death

Model O hrs. vs
28 hrs. as later
variable probi
GLM. Calculate
P(Ds|1I}), the

marginal  likeli-
observation n observation m hood.

Bayes theorem givesmincipled measure for rankin

P(It‘pl)p(p2’]t)
p(D2|D1)

P(I;|Dy,Dy) =
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Don’t Do That at Home!

Mammary Gland Type Il Apoptosis Human Endothelial Cell Death 0, 28

/ 470 Genes

286 Genes

300 400 500 ’ 100 150 200 250 300 350 400 450 500
Gene Index Gene Index
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Don’t Do That at Home!

Mammary Gland Type Il Apoptosis Human Endothelial Cell Death 0, 28

286 Genes
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Improving on Previous Model

® Hyper parameterst, A1 andAs) influence probability measui(I;|D;, D2).

® Less critical forP(I; = 1|m¢) (e.g.0.5 for ignorance). However even a pragmatic
approach for adjustind\ like mintp(Bt|A) = 0.95 p(0|A) is not convincing. (Why
0.95 ?)
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Improving on Previous Model

® Hyper parameterst, A1 andAs) influence probability measu@(1:| D1, D2).

® Less critical forP(I; = 1|m¢) (e.g.0.5 for ignorance). However even a pragmatic
approach for adjusting like min;p(3,|A) = 0.95 p(0|A) is not convincing. (Why
0.95 ?)

Better solution uses hierarchical priors

* all genes contribute t
Inference ofA ,

* hierarchical priors for
sensitivity analysis

* Q(I;) approximates
gene measure

* using one model gets
system s all marginals right
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Sensitivity Check

Expected Prior Precision Prior Dependencey of Indicator Probabilities

— Iog(</\[l,l]>Q(A)), Mammary e Vprior[Ad] =107
o Iog(</\[2,2]>Q(A)), Mammary N Vprim[/\d] =107

log(<A[L,1]>(, ). Endothelial : rm Vool = 107°
- _Iog(</\[2,2]>Q(/\)), Endothelial ’ \ r[/\d] =108
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Variance V[/\s[d,d]] w.r.t. prior pQ\s[d,d]|gs, hs) (log scale) Gene Index

For the hyper parameters this suggests 0.01 andh < 1.

We also conclude that equal cost results in many potential
candiate genes.
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Endothelial Cells

Average Log Expression

dol d5l d10l h12i h24i h48i h72i h96i ctrl. 28 hrs
Development Stage

Top 10 P(I; = 1|D1,D3) for Mammary

lactation vs. involutiorand Endothelial cell

death (result updated 01 2007).

- SAT
—~ 0ODC1
GRN
- BSCL2
— MLF2
IFRD2
BTG2
x- CCNG2
< TNK2
C9orfl10

Time Serum Withdraw
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SAT
ODC1
GRN
BSCL2
MLF2
IFRD2
BTG2
CCNG2
TNK2
C9orf10

Gene Symbol P(I;|D)

0.99951
0.99921
0.99921
0.99919
0.99884
0.99867
0.99843
0.99826
0.99789
0.99783




Summary

A realtively straight forward approach allows
iInference of shared gene function.

» Beware of non hierarchical models - arbitrary
gene measures can be adjusted for using the
“right” prior.

 Variational methods provide a rather efficient t
to explore models before deciding for a final
possibly MCMC based implementation.
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Variational Bayes

Mean field ansatz plus Jensens inequality. For all ptify):

og ( [ piDloywi6)d0) >
[ (1050(D10)) + og(p(6)) ~ log(@(6))) Q(6)as

0

—log(p(D)) + [ (log(p(61D)) ~ lo5(@(6))) Q(6)as

0

the last integral is a negative Kullback Leibler divergeand
thus smaller or equal zero.

+ easy to compute; - systematic error as only an approximat

back
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Variational Bayes ||
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Joint Distribution implied by the previous DAG

p([t7 /Bl,ta Sl,ta Dl,t‘Ala Tt 7Y Xl,t) — P([t‘ﬂ-t)p(lal,t‘AM [t)
X H (p(sl,t,nlﬁl,ta L1,tn, [ta V)P(yl,t,n‘sl,t,m [t))

wheresS: ; = {s111,» S1entandDyy = {y1i1, - YN |-

® Approximate posterior by a mean field expansip3; ;| 1t) [ I,, Q(s1,t,n

Iy).
® Write down negative free energy and maximize the functidteatively w.r.t. all
Q-distributions.

® The negative free energymax (@) approximates the log marginal likelihood and thus
P(It|D1,¢, A, me, 7y, X1,t).

back
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