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Genetranscription

AT CATGTACGTA

@@@U TAGTACATGCAT DNA | meSSenngNA (mRI\IA)
DNA is readby RNA

rrrrrrrrrrr RNA polymer

polymerase

pre-mRNA AUCAUGUACGUA
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Genetranscription

AT CATGTACGTA

@Q@U TAGTACATGCAT DNA | meSSenngNA (mRI\IA)
DNA is readby RNA

polymerase
e Producingore-mRMN
\9
. Which is splicedto get rid of
! junk
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Genetranscription

/I

protein

MRNA

Ribosome

The ribosome translatesev-
ery threebasepairsinto one
aminoacide.g. CAU ! His-
tidine.
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Genetranscription

/I

protein

MRNA

Ribosome

The ribosome translatesev-
ery threebasepairsinto one
aminoacide.g. CAU ! His-
tidine.

(Miller, Hamkalo,andThomas)
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Generegulation

promoter site
TATAAAA

Sequence specific transcription
factors

Transcription RNA polymerase
factors

Many genesand cell typesusethe sameproteinsto regulatetran-
scription.A speci ¢ combinationof theses probablyneededo turn

onagene.
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Geneticnetworks

The stateof the cell canbe understoodrom the way differentpro-

teinsregulateeachotherandrespondo externalinputs.
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What are microarrays?

Genel |
Gene2

e L/>
Gene3d

Gened4¢
AVAVAVAVA /q‘b/ﬁ UAVAVAWAWN /AVAVAVAW

Fabricatea chip by synthesizind25 basepair oligomersattachedo
asubstrate.
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Linkage to substrate

E. SouthernK. Mir, M. Shcheping Nature Geneticg1999).

Theoligomerprobesareattachedo the surfacevia polymericlinker

molecules.Theirdensityis aboutl probeevery40 squareangstroms.

Predicting Microarray Signals by Physical Modeling — p.9/3'



Samplepreparation

ExtractmRNA from cell samples
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Samplepreparation

ExtractmRNA from cell samples
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Hybridization to array

AVaVAW/ MY

] AVAVAW,
Add uorescenttagsto tamgets: T %
Yavavawi ¢
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Hybridization to array

Add uorescenttagstotargets: 7 ———=¢ "~




Linkage to substrate

E. SouthernK. Mir, M. Shcheping Nature Geneticg1999).

In mary experimentstargetmoleculesanbelongeror shorterthan
probemolecules Whenthey're longer secondarstructure
formationcanalsooccur
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A realmicroarray

FromLiming Shi/emgene-chips.com
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Affymetrix gene-chip

K.A. Baggerly(2002)
Thisisa640 640cell U95Av2 chip. Notetheverticalbandswvhich

areevidenceof misalignmentith thescanner
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Application: Cancerdiagnosis

Microarrayshave beenusedto differentially diagnosedifferent
kindsof canceyfor example

Diffuselarge B-cell Lymphoma
OvarianCancer

Leukemia

BreastCancer
SmallRoundBlue Cell Tumors
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Application: Cancerdiagnosis

Microarrayshave beenusedto differentially diagnosedifferent
kindsof canceyfor example

Diffuselarge B-cell Lymphoma
OvarianCancer

Leukemia

BreastCancer
SmallRoundBlue Cell Tumors

Oftenit is hardto distinguishdifferentsub-typesf cancerby other
means.Thesedistinctionsarevery importantbecausehey often
determinghe courseof treatment.
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Small Round Blue Cell Tumors

Recentwork by Khanetal hasusedmicroarraydo diagnosdour
typesof pediatrictumors,SmallRoundBlue Cell Tumors

neuroblastoma
Ewing family tumors

(SRBCT):  Rhabdomyosarcoma
non-Hodgkinlymphoma

Using 63 sampledor trainingand20 for testing,Khanetal were
ableto correctlypredictall datausingonly 96 genedrom a pool of
mary thousands.
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Prediction using minimal geneset

DzZzwmwm
Zmr =
[ o

Al

Resultdfor the predictionof sampledor for differentkinds of
SRBCT Using GESSESJ.M. DeutschBioinformatics(2003)).

Predicting Microarray Signals by Physical Modeling — p.17/3!



High sensitvity needed

Many gene<critical to thefunctionof acell areonly presenin
minuteconcentrationdpr examplein theinitial stageof a

regulatorycascade.

With mary ordersof magnitudeof concentrationpresentor
differentkindsof mRNA, this pusheghelimits of microarray

technology
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Affymetrix Latin Square Experiments

Groups of Transcripts
pM Concentration

|
A B C| D E F G H I J K L M N
1| o |ozsb05] 1| 2| 4| 8| 16| 32| 64| 128 256| 512 1024
2 |o0.25 0.5//1 2 | 4| 8 | 16| 32| 64| 128] 256 | 512 |1024] 0
3 0.5//1 2 | 4| 8| 16| 32| 64| 128] 256 512|1024] 0 | 0.25)
% 4 | 1| 2| 4| 8| 16| 32| 64| 128|256 512| 1024 0 |0.25,05)
-% 5| 2| 4| 8 | 16| 32| 64| 128| 256 | 5121024 0 | 0.25 0.5,/
u% 6 | 4| 8| 16| 32| 64| 128 256| 512 | 1024 © 0.25,4, 1| 2
° 7 | 8 | 16| 32| 64 | 128] 256 | 512| 1024 0 | 0.25 0.5,/ 2 | 4
§ 8 | 16 | 32 | 64| 128 256 | 512 (1024 0 | 0.25 0.5,% 2 | 4| 8
c 9 | 32| 64 | 128| 256| 512| 1024 0 0.25,4,/ 2 | 4| 8| 16
© 10 | 64 | 128 256 | 512 (1024 0 |0.25 0.5,/1 2 | a| 8 | 16| 32
11 | 128 256 | 5121024 0 | 0.25) 0.5,/1 2 | 4| 8| 16| 32| 64
12 | 256 | 512 | 1024 0 0.25/4, 1| 2| 4| 8| 16| 32| 64 128
13 | 512 1024] 0 |o0.25 0.5,/1 2 | 4| 8 | 16| 32| 64| 128] 256
\ 14 | 1024| 0 | 0.254°05 /1 2 | 4| 8| 16| 32| 64 | 128| 256| 512

Predicting Microarray Signals by Physical Modeling — p.19/3'



IS this variation all noise?

Thisvariationis reproducible:
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IS this variation all noise?

OOOOOO

It is likely dueto the physicochemicatlifferenceetweertaiget
andprobemolecules.

Theoutputmeasurethe amountof binding.

In the caseof theseAffymetrix arrays the hybridizationis
betweerncRNA tamgetsin solutionandDNA probes.

Clearlynotall targetmoleculesarebindingto the probes.
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Why not designit to belessvariable?

It Is hard nding optimalconditionsfor a microarrayto work. An
Importantparameters the meltingtempeature for DNA/RNA
hybridizationof a probeandcomplementaryargetmolecule.

At temperatures< meltingtemperaturethetime scalefor
relaxationbecomewerylong. The systembecomegoo sticky
andirreversible (Oligomersare25 basepairs).
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Why not designit to belessvariable?

It Is hard nding optimalconditionsfor a microarrayto work. An
Importantparameters the meltingtempeature for DNA/RNA
hybridizationof a probeandcomplementaryargetmolecule.

At temperatures< meltingtemperaturethetime scalefor
relaxationbecomewerylong. The systembecomegoo sticky
andirreversible (Oligomersare25 basepairs).

At temperature> meltingtemperaturenothinghybridizes

Thereforat mustoperatgust underatypical melting
temperature

Themeltingtemperaturelepend®nthe probes chemical
sequence.

Becausef uctuation in the meltingtemperatureprobeswith
lower thanaveragemeltingcurveswill shav lesshybridization.
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Affymetrix' sapproach

MRNA sequence:

..ATTCTCAGGATACTGCCCGTTACTGTCTATGGTCGGCTTCGAATGATACTCTCGTATATCGATCGGCTTATACGCGATTATACGC...

| | | \

\ \  Probe intensities
Perfect Matct
Mismatch

TACTGTCTATGG CTTCGAATG

TACTGTCTATGGACGGCTTCGAATG
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Affymetrix usesstatistics

Includeprobegshathave onebasealteredsothatit doesnot
hybridizeasreadilyto thetamgetsequence.
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Affymetrix usesstatistics

Includeprobegshathave onebasealteredsothatit doesnot
hybridizeasreadilyto thetamgetsequence.

Make mary probedtypically 16) permRNA, to averageout
over this variationasfollow:

Affymetrix MAS5.0uses'OnestepTukey's biweight
estimate".

It subtractoff the mismatchsignalfrom the perfectmatch
In casewherethe perfectmatchis larger.

Do statisticson thesenumberdo try to obtaina goodestimate
for theinputtargetconcentration.

Thisapproachgnoresthefactthatthesevariationsarelargely repro-

ducibleanddependnthesequencef theprobes.
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Using sequenceanformation

Zhang,Miles, andAldape(NatureBiotechnology2003)inventeda
modelto try to predicthybridizationintensitiesusingseguence
iInformation.

Themodelthey usepostulatean"enegy" of bindingthat
depend®n positionalongthe sequenceOneexpectsthatthe
endsto belesstightly boundthanthemiddle. Therearetwo
kindsof enepy:
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Important physical effects
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Important physical effects
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Nonspeci ¢ binding andtarget-taget binding are importanteffects

to consider

Predicting Microarray Signals by Physical Modeling — p.25/3!



Evidencefor targettargetbinding

20000
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output

Probesaasymptotatdifferentmaximumvaluesoftencorrelatingwith

their sequencebeingsimilar.
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Evidencefor nonspeci ¢ binding
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Whentheinputtargetconcentrations zeroor small,thereis still a
substantiasignalfrom the correspondingrobes.
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Partial zippering

W g

Becausdghebindingenegy is stronglydependenbn basepair
compositiomearthe meltingtemperatureywe expectthatmolecules
areonly partially boundat any onetime.
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Partial zippering

W g

Becausdghebindingenegy is stronglydependenbn basepair
compositiomearthe meltingtemperatureywe expectthatmolecules
areonly partially boundat any onetime.

For aseggmentboundfrom monomem to monomem, thefree
enegy of thenearesheighbomodelis:

X 1
Gmn - (|, | + 1) T initiation
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Partition function

Thepartitionfunctionfor atargetmoleculehybridizedto a probe,
Z = exp( G) givesthetotal freeenegy for binding.

It sumsover all possiblezipperedstatesstartingat m andendingat
m. For aprobewith atotalof N monomers:
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Partition function

Thepartitionfunctionfor atargetmoleculehybridizedto a probe,
Z = exp( G) givesthetotal freeenegy for binding.

It sumsover all possiblezipperedstatesstartingat m andendingat
m. For aprobewith atotalof N monomers:

X X X X P, .
/ = e Gmn — e ( =pm (BI+D* nitiation )

m<n =2 m<n =2

sumover all begin andendpoints
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Partition function

Thepartitionfunctionfor atargetmoleculehybridizedto a probe,
Z = exp( G) givesthetotal freeenegy for binding.

It sumsover all possiblezipperedstatesstartingat m andendingat
m. For aprobewith atotalof N monomers:

X X X X P, .
/ = e Gmn = e ( =pm (BI+D* nitiation )

m<n =2 m<n =2

usingthe nearesheighbomodel
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Partition function

Thepartitionfunctionfor atargetmoleculehybridizedto a probe,
Z = exp( G) givesthetotal freeenegy for binding.

It sumsover all possiblezipperedstatesstartingat m andendingat
m. For aprobewith atotalof N monomers:

X X X X P, .
/ = e Gmn — e ( i=m (i +1)+  initiation )

m<n =2 m<n =2
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Partition function

Thepartitionfunctionfor atargetmoleculehybridizedto a probe,
Z = exp( G) givesthetotal freeenegy for binding.

It sumsover all possiblezipperedstatesstartingat m andendingat
m. For aprobewith atotalof N monomers:

X X X X P, .
/ = e Gmn — e ( i=m (i +1)+  initiation )

m<n =2 m<n =2

This dependstronglyonthethetemperatur@andthe probe
sequence.

It canbeefciently computedn O(N) operationsisingarecursion

relationfor eachprobeconsidered.
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Fraction bound

Z (or G) andthechemicalpotentialgive theaf nity for binding.
Thatis thefractionf of boundprobesi§

=
— l DG
f_1+e(G) L\W

Probe Solution

= const+ log(concertration) =

IS determinedby therequirementhat

solution —  probes
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Nonspeci c freeenemgy

A probecansitill bind, thoughmoreweaklyto targetseqguencethat
have mismatchesTheabose methodof calculationstill applies.
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becaus&\ffymetrix hasaddeauncharacterizedoncentrationsf
humanRNA asabackground.
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Nonspeci c freeenemgy

A probecansitill bind, thoughmoreweaklyto targetseqguencethat
have mismatchesTheabose methodof calculationstill applies.

However we don't know the concentrationsf thetargetsolution
becaus&\ffymetrix hasaddeauncharacterizedoncentrationsf
humanRNA asabackground.

If thebindingis weak,whencanreplaceZ with anannealed
averageover differentsequencesl his leadsto aneffective nearest
neighbomodelfor this non-speci cbinding

X 1
NS _ NSy/:. : NS
Gmn — (I, | + 1) + Initiation
I=m

Herethe N*'shaveto beempiricallydetermined
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Target-target binding

For similarreasonsve don't know the concentratiorof talgets.
Thereforewe replacethoseinteractionswith aneffective annealed
model.

x1

TT _— TT /3. ; TT
Gmn — (|’ | + 1)+ initiation
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The full model

Givenaninitial setof concentration$or differenttargetmolecules,
our modelwill predicttheobsenredintensitiesof hybridizationof
targetsto probemolecules.

Theparametersm the modelare:

Enegiesin thenearesheighbomodel (b;; ) e.qg. (G;T).
Therearel6 possibilitiesand3 setsof terms.speci c,
non-speci c,andtarget-taget.
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Theparametersm the modelare:

Enegiesin thenearesheighbomodel (b;; ) e.qg. (G;T).
Therearel6 possibilitiesand3 setsof terms.speci c,
non-speci c,andtarget-taget.

3 Initiation factors.

Smalladditve backgroundctonstant,
Numberof probemolecules,
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The full model

Givenaninitial setof concentration$or differenttargetmolecules,
our modelwill predicttheobsenredintensitiesof hybridizationof

targetsto probemolecules.
Theparametersm the modelare:

Enegiesin thenearesheighbomodel (b;; ) e.qg. (G;T).
Therearel6 possibilitiesand3 setsof terms.speci c,
non-speci c,andtarget-taget.

3 Initiation factors.

Smalladditve backgroundctonstant,
Numberof probemolecules,
Proportionalityfactorbetweerbindingandlight intensity

A total of 54 parametergp t 2464datapointsfrom the Latin
Squaresxperiments.
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Parameter tting

We minimizethe tness function:

X
| = (log(predictedconc) log(obsewvedconc))?

all data

with respecto all parameters.

Thisis hardbecaus¢herearemary minimain parametespace.This
canbe solved using simulatingannealingmontecarlo, and parallel

tempering.
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Parallel tempering

TN N TN TN TN
T
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Parallel tempering

SN N N SN N N

T

Exchangeneighboringsystemcon gurationsdependingn the
relatve enegiesof thesystems E andthetemperature
difference  with probability

(
- exp( E) for E<O,;

1 otherwise:

Predicting Microarray Signals by Physical Modeling — p.35/3!



Parallel tempering

SN N N SN N N

T

Exchangeneighboringsystemcon gurationsdependingn the
relatve enegiesof thesystems E andthetemperature
difference  with probability

(
- exp( E) for E<O,;

1 otherwise:

It Is very ef cient at nding low enepy statef systemsvith mary

d @ re eg)f fre e d O m Predicting Microarray Signals by Physical Modeling — p.35/3'



level

level

Results

100000 ¢ T T T T T | | T ;
10000 f\/‘\/ﬂ / ﬂ’/\X/\ .
oo b g \/M\X /\/VV N 3
100 [ KN \/\/J\/\/\\/v \ NAYRWA SN RPN EER U B M /\/\ﬂv V _
10 é iiiiiiiiiiiiiii real L é
1 input - 3
01 L L L L i L L L L
0 20 40 60 80 100 120 140 160 180
index
100000 ¢ T T T T T | | T ;
10000 W\P A M ~ ﬁWW Vo3
2l T T
100 E NS PN N /\L/\/\w[\/ ~ V/\'\/\ ' ]
i real —— ... ]
10 0 e _ 5
1 ;_ 7777777777 |nput 777777777777777777 _;
01 C ! ! ! ! [ L ! !
0 20 40 60 80 100 120 140 160 180
index

Predicting Microarray Signals by Physical Modeling — p.36/3



| eave out one

Predict rst transcript(16 probes)rainingon all the otherdata.
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Partial binding

Theendsof the hybridizedtargetstendto befrayed.
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Partial binding

Theendsof the hybridizedtargetstendto befrayed.

Thefractionof thetime a nucleotides unbounddepend®nthe
sequence.
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Partial binding

Theendsof the hybridizedtargetstendto befrayed.
Thefractionof thetime a nucleotidas unbounddepend®nthe

sequence.

fraction unbound
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Conclusions

Theoutputof Affymetrix genechipscanbeunderstoodn
termsof the physicochemicapropertiesf equilibrium
statisticalmechanicsThe processeswolve

Predicting Microarray Signals by Physical Modeling — p.39/3



Conclusions

Theoutputof Affymetrix genechipscanbeunderstoodn
termsof the physicochemicapropertiesf equilibrium
statisticalmechanicsThe processeswolve

Partially zipperedRNA targetsandDNA probes.

Predicting Microarray Signals by Physical Modeling — p.39/3!



Conclusions

Theoutputof Affymetrix genechipscanbeunderstoodn
termsof the physicochemicapropertiesf equilibrium
statisticalmechanicsThe processeswvolve

Partially zipperedRNA targetsandDNA probes.
Non-speci cbindingof othertargetmolecules.

Predicting Microarray Signals by Physical Modeling — p.39/3!



Conclusions

Theoutputof Affymetrix genechipscanbeunderstoodn
termsof the physicochemicapropertiesof equilibrium
statisticalmechanicsThe processeswvolve

Partially zipperedRNA targetsandDNA probes.
Non-speci cbindingof othertargetmolecules.
Binding of targetmoleculedo eachother

Predicting Microarray Signals by Physical Modeling — p.39/3!



Conclusions

Theoutputof Affymetrix genechipscanbeunderstoodn
termsof the physicochemicapropertiesof equilibrium
statisticalmechanicsThe processeswvolve

Partially zipperedRNA targetsandDNA probes.
Non-speci cbindingof othertargetmolecules.

Binding of targetmoleculedo eachother

Takinginto accountthe nonlinearity(saturationpf binding.

Predicting Microarray Signals by Physical Modeling — p.39/3!



Conclusions

Theoutputof Affymetrix genechipscanbeunderstoodn
termsof the physicochemicapropertiesof equilibrium
statisticalmechanicsThe processeswvolve

Partially zipperedRNA targetsandDNA probes.
Non-speci cbindingof othertargetmolecules.

Binding of targetmoleculedo eachother

Takinginto accountthe nonlinearity(saturationpf binding.

Thisunderstandingeadsa modelthatpredictsmRNA levels
well.

Predicting Microarray Signals by Physical Modeling — p.39/3!



Conclusions

Theoutputof Affymetrix genechipscanbeunderstoodn
termsof the physicochemicapropertiesf equilibrium
statisticalmechanicsThe processeswvolve

Partially zipperedRNA targetsandDNA probes.
Non-speci cbindingof othertargetmolecules.

Binding of targetmoleculedo eachother

Takinginto accountthe nonlinearity(saturationpf binding.

Thisunderstandingeadsa modelthatpredictsmRNA levels
well.

It Is hopedthatthis modelwill beturnedinto softwarethatwill
bene t researcherg/antinga moreaccurataleterminatiorof
MRNA levelsin their experiments.
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