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Genetranscription

mRNA

protein

Ribosome

The ribosometranslatesev-
ery threebasepairs into one
aminoacide.g. CAU ! His-
tidine.
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Genetranscription

mRNA

protein

Ribosome

The ribosometranslatesev-
ery threebasepairs into one
aminoacide.g. CAU ! His-
tidine.

(Miller, Hamkalo,andThomas)
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Generegulation

Sequence specific transcription
             factors

Transcription

factors

RNA polymerase

DNA
promoter site
TATAAAA

Many genesandcell typesusethe sameproteinsto regulatetran-

scription.A speci�c combinationof theseis probablyneededto turn

onagene.
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Geneticnetworks

Thestateof thecell canbeunderstoodfrom theway differentpro-

teinsregulateeachotherandrespondto externalinputs.
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What aremicroarrays?

Gene 1

Gene 2

Gene 3

Gene 4

Fabricateachipby synthesizing25basepairoligomersattachedto
asubstrate.
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Linkage to substrate

E. Southern,K. Mir, M. Shchepinov NatureGenetics(1999).

Theoligomerprobesareattachedto thesurfacevia polymericlinker

molecules.Theirdensityis about1 probeevery40squareangstroms.
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Samplepreparation

ExtractmRNA from cell samples

mRNA
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Samplepreparation

ExtractmRNA from cell samples

mRNA

cDNA reverse transcriptasemRNA
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Hybridization to array

Add �uorescenttagsto targets:
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Hybridization to array

Add �uorescenttagsto targets:

Thenhybridizeto probes:
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Linkage to substrate

E. Southern,K. Mir, M. Shchepinov NatureGenetics(1999).

In many experiments,targetmoleculescanbelongeror shorterthan
probemolecules.Whenthey're longer, secondarystructure
formationcanalsooccur.
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A realmicroarray

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

K.A. Baggerly(2002)

This is a640� 640cell U95Av2 chip. Notetheverticalbandswhich

areevidenceof misalignmentwith thescanner.
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Application: Cancerdiagnosis

Microarrayshavebeenusedto differentiallydiagnosedifferent
kindsof cancer, for example

DiffuselargeB-cell Lymphoma

OvarianCancer

Leukemia

BreastCancer

SmallRoundBlueCell Tumors
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Application: Cancerdiagnosis

Microarrayshavebeenusedto differentiallydiagnosedifferent
kindsof cancer, for example

DiffuselargeB-cell Lymphoma

OvarianCancer

Leukemia

BreastCancer

SmallRoundBlueCell Tumors

Oftenit is hardto distinguishdifferentsub-typesof cancerby other
means.Thesedistinctionsarevery importantbecausethey often
determinethecourseof treatment.
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Small Round Blue Cell Tumors

Recentwork by Khanetal hasusedmicroarraysto diagnosefour
typesof pediatrictumors,SmallRoundBlueCell Tumors

(SRBCT):

neuroblastoma

Ewing family tumors

Rhabdomyosarcoma

non-Hodgkinlymphoma

Using63samplesfor trainingand20 for testing,Khanetal were
ableto correctlypredictall datausingonly 96genesfrom apoolof
many thousands.
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Prediction usingminimal geneset

EWS
BL
NB
RMS

57 62 45 60 55 58 59 54 53 49 51 44 47 56 48 43 61 50 52 46 33 32 31 42 39 38 37 41 40 36 34 35 9 3 6 2 10 4 5 7 11 8 0 15 1 16 14 18 17 19 12 22 21 13 20 26 30 28 27 25 29 23 24

Resultsfor thepredictionof samplesfor for differentkindsof
SRBCT. UsingGESSES(J.M.DeutschBioinformatics(2003)).
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High sensitivity needed

Many genescritical to thefunctionof acell areonly presentin
minuteconcentrations,for examplein theinitial stagesof a
regulatorycascade.

With many ordersof magnitudeof concentrationspresentfor
differentkindsof mRNA, thispushesthelimits of microarray
technology.
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Affymetrix Latin SquareExperiments

A B C D E F G H I J K L M N

1 0 0.25 0.5 1 2 4 8 16 32 64 128 256 512 1024

2 0.25 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 0.5

5 2 4 8 16 32 64 128 256 512 1024 0 0.25 0.5 1

6 4 8 16 32 64 128 256 512 1024 0 0.25 0.5 1 2

7 8 16 32 64 128 256 512 1024 0 0.25 0.5 1 2 4

8 16 32 64 128 256 512 1024 0 0.25 0.5 1 2 4 8

9 32 64 128 256 512 1024 0 0.25 0.5 1 2 4 8 16

10 64 128 256 512 1024 0 0.25 0.5 1 2 4 8 16 32

11 128 256 512 1024 0 0.25 0.5 1 2 4 8 16 32 64

12 256 512 1024 0 0.25 0.5 1 2 4 8 16 32 64 128

13 512 1024 0 0.25 0.5 1 2 4 8 16 32 64 128 256

14 1024 0 0.25 0.5 1 2 4 8 16 32 64 128 256 512

Groups of Transcripts
pM Concentration

G
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Is this variation all noise?

Thisvariationis reproducible:
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Is this variation all noise?
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It is likely dueto thephysicochemicaldifferencesbetweentarget
andprobemolecules.

Theoutputmeasurestheamountof binding.

In thecaseof theseAffymetrix arrays,thehybridizationis
betweencRNA targetsin solutionandDNA probes.

Clearlynotall targetmoleculesarebindingto theprobes.
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Why not designit to be lessvariable?

It is hard�nding optimalconditionsfor amicroarrayto work. An
importantparameteris themeltingtemperature for DNA/RNA
hybridizationof aprobeandcomplementarytargetmolecule.

At temperatures<< meltingtemperature,thetimescalefor
relaxationbecomesvery long. Thesystembecomestoo sticky
andirreversible. (Oligomersare25basepairs).

At temperature>> meltingtemperature,nothinghybridizes.

Thereforeit mustoperatejustundera typicalmelting
temperature

Themeltingtemperaturedependson theprobe's chemical
sequence.

Becauseof �uctuation in themeltingtemperature,probeswith
lower thanaveragemeltingcurveswill show lesshybridization.
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Affymetrix' s approach

Mismatch

Perfect Match

TACTGTCTATGGACGGCTTCGAATG
TACTGTCTATGGTCGGCTTCGAATG

...ATTCTCAGGATACTGCCCGTTACTGTCTATGGTCGGCTTCGAATGATACTCTCGTATATCGATCGGCTTATACGCGATTATACGC...

mRNA sequence:

Probe intensities
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Affymetrix usesstatistics

Includeprobesthathaveonebasealteredsothatit doesnot
hybridizeasreadilyto thetargetsequence.

Makemany probes(typically 16)permRNA, to averageout
over thisvariationasfollow:

Affymetrix MAS5.0uses"OnestepTukey's biweight
estimate".
It subtractsoff themismatchsignalfrom theperfectmatch
in caseswheretheperfectmatchis larger.

Do statisticson thesenumbersto try to obtainagoodestimate
for theinput targetconcentration.
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Affymetrix usesstatistics

Includeprobesthathaveonebasealteredsothatit doesnot
hybridizeasreadilyto thetargetsequence.

Makemany probes(typically 16)permRNA, to averageout
over thisvariationasfollow:

Affymetrix MAS5.0uses"OnestepTukey's biweight
estimate".
It subtractsoff themismatchsignalfrom theperfectmatch
in caseswheretheperfectmatchis larger.

Do statisticson thesenumbersto try to obtainagoodestimate
for theinput targetconcentration.

Thisapproachignoresthefactthatthesevariationsarelargelyrepro-

ducibleanddependon thesequenceof theprobes.
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Usingsequenceinformation

Zhang,Miles, andAldape(NatureBiotechnology2003)inventeda
modelto try to predicthybridizationintensitiesusingsequence
information.

Themodelthey usepostulatesan"energy" of bindingthat
dependsonpositionalongthesequence.Oneexpectsthatthe
endsto belesstightly boundthanthemiddle.Therearetwo
kindsof energy:

Non-speci�ctermthatgivesthebaseline bindingwhenthe
matchingtargetis notpresent.
Speci�c termthathasa lineardependenceof input target
concentrationon themeasuredsignal.

Minimizing over (16*2 + 24*2 + 3) parameters,they obtain
resultsfarbetterthantheMAS5.0approachof Affymetrix.
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Zhang,Miles, andAldape(NatureBiotechnology2003)inventeda
modelto try to predicthybridizationintensitiesusingsequence
information.
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resultsfarbetterthantheMAS5.0approachof Affymetrix.

But doesthismodelcapturethephysics? Predicting Microarray Signals by Physical Modeling – p.24/39



Important physicaleffects
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Important physicaleffects

Nonspecific Binding
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Important physicaleffects

Target�Target Binding

Nonspecific Binding

Nonspeci�c binding andtarget-target binding are importanteffects

to consider.
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Evidencefor target targetbinding
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Evidencefor nonspeci�c binding
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Whentheinput targetconcentrationis zeroor small,thereis still a
substantialsignalfrom thecorrespondingprobes.
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Partial zippering

Becausethebindingenergy is stronglydependentonbasepair
compositionnearthemeltingtemperature,weexpectthatmolecules
areonly partiallyboundatany onetime.
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Partial zippering

Becausethebindingenergy is stronglydependentonbasepair
compositionnearthemeltingtemperature,weexpectthatmolecules
areonly partiallyboundatany onetime.

For asegmentboundfrom monomern to monomerm, thefree
energy of thenearestneighbormodelis:

� Gmn =
n� 1X

i= m

� (i; i + 1) + � initiation
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Partition function

Thepartitionfunctionfor a targetmoleculehybridizedto aprobe,
Z = exp(� � � G) givesthetotal freeenergy for binding.
It sumsoverall possiblezipperedstatesstartingatm andendingat
m. For aprobewith a totalof N monomers:
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Partition function

Thepartitionfunctionfor a targetmoleculehybridizedto aprobe,
Z = exp(� � � G) givesthetotal freeenergy for binding.
It sumsoverall possiblezipperedstatesstartingatm andendingat
m. For aprobewith a totalof N monomers:

Z =
X NX

m<n =2

e� � � Gmn =
X NX

m<n =2

e� � (
P n � 1

i = m � (i;i +1)+ � initiation )

sumoverall begin andendpoints
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Partition function

Thepartitionfunctionfor a targetmoleculehybridizedto aprobe,
Z = exp(� � � G) givesthetotal freeenergy for binding.
It sumsoverall possiblezipperedstatesstartingatm andendingat
m. For aprobewith a totalof N monomers:

Z =
X NX

m<n =2

e� � � Gmn =
X NX

m<n =2

e� � (
P n � 1

i = m � (i;i +1)+ � initiation )

usingthenearestneighbormodel
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Partition function

Thepartitionfunctionfor a targetmoleculehybridizedto aprobe,
Z = exp(� � � G) givesthetotal freeenergy for binding.
It sumsoverall possiblezipperedstatesstartingatm andendingat
m. For aprobewith a totalof N monomers:

Z =
X NX

m<n =2

e� � � Gmn =
X NX

m<n =2

e� � (
P n � 1

i = m � (i;i +1)+ � initiation )

Thisdependsstronglyon thethetemperatureandtheprobe
sequence.

It canbeef�ciently computedin O(N ) operationsusinga recursion

relationfor eachprobeconsidered.
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Fraction bound

Z (or � G) andthechemicalpotentialgive theaf�nity for binding.
Thatis thefractionf of boundprobesis

f =
1

1 + e� (� G� � )

Probe Solution

GD

� = const+ log(concentration) =�

is determinedby therequirementthat

� solution = � pr obes
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Nonspeci�c fr eeenergy

A probecanstill bind, thoughmoreweaklyto targetsequencesthat
havemismatches.Theabovemethodof calculationstill applies.
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Howeverwedon't know theconcentrationsof thetargetsolution
becauseAffymetrix hasaddeduncharacterizedconcentrationsof
humanRNA asabackground.
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Nonspeci�c fr eeenergy

A probecanstill bind, thoughmoreweaklyto targetsequencesthat
havemismatches.Theabovemethodof calculationstill applies.

Howeverwedon't know theconcentrationsof thetargetsolution
becauseAffymetrix hasaddeduncharacterizedconcentrationsof
humanRNA asabackground.

If thebindingis weak,whencanreplaceZ with anannealed
averageoverdifferentsequences.This leadsto aneffective nearest
neighbormodelfor thisnon-speci�cbinding

� GN S
mn =

n� 1X

i= m

� N S(i; i + 1) + � N S
initiation

Herethe� N S'shave to beempiricallydetermined.
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Target-targetbinding

For similar reasonswedon't know theconcentrationof targets.
Thereforewe replacethoseinteractionswith aneffective annealed
model.

� GT T
mn =

n� 1X

i= m

� T T (i; i + 1) + � T T
initiation

Predicting Microarray Signals by Physical Modeling – p.32/39



The full model

Givenaninitial setof concentrationsfor differenttargetmolecules,
ourmodelwill predicttheobservedintensitiesof hybridizationof
targetsto probemolecules.
Theparametersin themodelare:

Energiesin thenearestneighbormodel� (b1; b2) e.g.� (G; T).
Thereare16possibilitiesand3 setsof terms.speci�c,
non-speci�c,andtarget-target.

3 Initiation factors.

Smalladditive backgroundconstant,
Numberof probemolecules,
Proportionalityfactorbetweenbindingandlight intensity.

A totalof 54parameters,to �t 2464datapointsfrom theLatin
Squareexperiments.
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Parameter �tting

Weminimizethe�tness function:

I =
X

al l data

(log(predictedconc:) � log(observedconc:)) 2

with respectto all parameters.

Thisis hardbecausetherearemany minimain parameterspace.This

canbe solved usingsimulatingannealingmontecarlo,andparallel

tempering.
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Parallel tempering

1 2 NN�143 N�3 N�2

T

SimulateN copiesof asystemat temperaturesT1; T2; : : : ; TN .

Exchangeneighboringsystemcon�gurationsdependingon the
relative energiesof thesystems� E andthetemperature
difference� � with probability

p =

(
exp(� � � E) for � � � E < 0 ;
1 otherwise:
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Parallel tempering

1 2 NN�143 N�3 N�2

T

SimulateN copiesof asystemat temperaturesT1; T2; : : : ; TN .

Exchangeneighboringsystemcon�gurationsdependingon the
relative energiesof thesystems� E andthetemperature
difference� � with probability

p =

(
exp(� � � E) for � � � E < 0 ;
1 otherwise:

It is veryef�cient at �nding low energy statesof systemswith many
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Results

I min = 0:188
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Leaveout one

Predict�rst transcript(16probes)trainingonall theotherdata.
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Partial binding

Theendsof thehybridizedtargetstendto befrayed.

Thefractionof thetimeanucleotideis unbounddependson the
sequence.
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Conclusions

Theoutputof Affymetrix genechipscanbeunderstoodin
termsof thephysicochemicalpropertiesof equilibrium
statisticalmechanics.Theprocessesinvolve

Partially zipperedRNA targetsandDNA probes.
Non-speci�cbindingof othertargetmolecules.
Bindingof targetmoleculesto eachother.
Takinginto accountthenonlinearity(saturation)of binding.

ThisunderstandingleadsamodelthatpredictsmRNA levels
well.

It is hopedthatthismodelwill beturnedinto softwarethatwill
bene�t researcherswantinga moreaccuratedeterminationof
mRNA levelsin theirexperiments.
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