Recent technolog Ies and
applica tions

Saunak Sen

23 October 2004

Genentech Hall Auditor ium, Mission Bay,
UCSF



An array of uses

Array type Probes Target Sample Biological Question

Gene

expression CDNA, : MRNA Transcr iptome pro ling; differ-
long/shor t oligos : :

arrays ential expression, eQTL
(DNA) BAC : .

Array CGH Genomic changes in cancer

/ clones ("150kb) DNA J

SNParrays (D.NA) long/shor t DNA Genotyping
oligos

Meth yla tion I\/Ieth.yla tion- bilul te- | |

Arravs Speci c trea ted Methylation status in genes

Y oligos DNA

(DNA) promoter ChiP-

Promoter arrays sequences enriched Transcr iption factor binding
("1Kb) DNA sites

Splice arrays il?llg:-spemc MRNA Splice isoform-specic gene

J expression

(DNA)

Tiling arrays high-density DNA/MRNA Sequencing, SNPgenotyping,
oligos gene expression, transcrip-

tion factor binding



eQTL/ETL



Yeast on a chip: Tupl deletion

DeRisi, lyer, Bown (1997)
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Deletion exper iment
Wild type
Tupl ——— —

GeneX —

Tupl +GeneX

( )‘ldentify genes whose expression was affected by
deletion of the transcr iptional co-r epressor TUP1..

All possible deletions would amount to different
possibilities In yeast. Many more in humans .

Alter native... to use genetic variation from existing
popula tions or from directed crosses betw een strains.



Bac kcr oss

Parentals

H H H ‘ Bac kcr oss

Genetic variation derived from two parental strains.



What do the data look like?

Phenotype Genotype
150  =o—————
130 =———
120 S
100 = ———
Mar ker genotypes
152 1 1 1 0
128 0 1 1 1
118 1 0 0 1
102 1 1 0 0

Phenotypes may be blood pressure or fat pad mass.
Mar ker genotypes can be micr osatellites or SNPs
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Questions

Genotype Gene expression  Phenotype

QTL: Regions of the genome associa ted with variation in
guantita tive phenotype (quantita tive trait loci)

Where are QTLloca ted?
How man y?
Mode of action (additiv e, epista tic)?

eQTL/ETLLocl associa ted with variation in transcr ipt levels

Transcr ipts regula ted by cis or trans variation?

Any evidence for “regula tory hotspots”?

Different phenotype/e Xxpression signatures
associa ted with different loci?



Ma pping single phenotype with dense
genotypes

Phenotype Genotype

LOD
score




With real data and more individuals

LOD score
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Sugiyama et.al. 2001
LOD score signicance threshold corrected for genome-
wide multiple compar isons by per mutation tests (Chur chill
and Doerge, 1994) or theory.

With micr oarray data, apply genome scan to all gene
transcr iption levels as phenotype.
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Reqgula tory hotspots

Brem et.al. 2002
Count number of “hits” in genomic bins; compar e with what
Is expected by chance. Alternative: scan statistics (Segal
and Wiemels , 2002)
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Cis and trans regula tion

Schadt et.al.(2003): Studying mouse, found that approx 34%
of mapped genes with LOD scores exceeding 4.3 had a
physical loca tion coincident with the eQTLposition, wher eas
71% of the mapped genes with eQTL exceeding 7.0 had a
physical loca tion coincident with its eQTL position.

DNA variations in a gene that affect transcr iption of the gene
itself are easier to detect than genes acting on the transcr ip-
tion of other genes.

Morley et.al.(2004) studying humans nd 19% of genes to be
cis-regula ted (within 5Mb of target gene).
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LOD scores for genes with known transcr ipt
modula tion

Schadt et.al.(2003)
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Clustering of phenotype with expression

Fat pad weights in mice, Schadt et.al.(2003)
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QTLsfor mice separa ted by expression
signa ture

Fat pad weights in mice, Schadt et.al.(2003)
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Statistical design and analysis issues

Design:

Choice of cross type (RI lines, , bac kcross) and
strains in model systems.

Choice of relative type or pedigr ee in humans .

Choice of tissue and timing of mMRNA sampling.

Analysis:

Multiple compar isons: linkage loca tion, transcr ipts.

Regula tory hotspots: methods to nd where most ETL
map to

Regulatory networks: searching for small sets of
cor egula ted transcr ipts and genetic variation
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Further reading
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Splice arrays
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Nuc lear RNA preprocessing events

Eukaryotic RNA preprocessing

ca pping
cleavage and poly aden ylation
Intron remo val and splicing

MRNA transpor t to cytoplasm for
transla tion

In yeast

Appr ox 6000 genes
Appr ox 250 gave introns

In humans

Appr ox 30,000 genes

Appr ox 10 exons per gene
Exons about 150bp

Introns about 3,000bp

from Essential Cell Biology by Alber ts et.al.
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Alter native splicing

Guttmacher and Collins (2002)
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Tissue-speci ¢ alter native splicing

Messina et.al (2003)
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Splice-specic arrays (Clar k et.al.,, 2002)

Clark et.al (2002)

Probes: 40-mer s for 260 genes in yeast
Exons used for self-nor maliza tion
Intronless-genes used for slide normaliza tion
Splicing judged by compar ing the splice
junction probe vs the intron probe
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Indices

Clark et.al (2002)

Splice Junction Inde x

Intron Accum ulation Inde x

Precur sor/Ma ture Inde x
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Splice-specic arrays (Johnson et.al.
2003)

Exon junction arrays by Rosetta
Array probe design based on

All human RefSeq with at least two exons and having
a genomic contig in the LocusLink database

For each RefSeq and each exon-e xon junction, de-
sign oligo probes with 36bp

All junction probes t into 5 oligo ink-jet arrays

Gene expression from 52 tissue samples measur ed
(Spleen vs heart, etc)

24



Splice junction probe arrays

Intensity mean  tissue  junction ASscore
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SNParrays
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Affy SNParrays
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Probe design

Probe quar tet:
Allele A: PM and MM
Allele B:PMand MM

Multiple probe quar tet for both sense and
anti-sense.
Shiftsare set to: -4, -2, -1, 0, +1, +3, +4

7 (or 5) shifts * 2 strands * 4 (quar tet) = 56 (or 40)
probe cells for every SNPmar ker (probe set).

SNPsselected from SNPconsor tium repositor y to be
most compa tible with one-pr imer amplica tion
assay and allele-specic hybridization.

Total of 11,555 SNPsselected from 55,605 candida te
SNPs
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Affy algor ithm

Detection lter: remo ve "w eak/unr elia ble” signals
Feature extraction: de ne relative allele signal (RAS)
for each probe quar tet as the basis for genotype

calls

Classi ca tion with MPAM (modied par titioning
around medioids)

Classi ca tion QA

Call making

Post-call Iter ing
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10K SNPco verage (physical distance)

Ma tsuzaki (2004)
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Loss of heter ozygosity (Lin et.al., 2004)
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Further reading

Splice arrays

Clark et.al. (2002), Science, 296:907-910.
Johnson et.al. (2003), Science, 302: 2141-2144.

SNParrays

Oliphant et.al. (2002), Biotechniques , 32:S56-S61.

Linet.al. (2004), Bioinformatics, 20:1233-1240.

Matsuzaki et.al. (2004), Genome Research,
14:414-425.
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Summary

Micr oarrays not for gene expression alone.

Probes and targets can be designed for custom
applica tions.

Statistical issues depend closely on biolog ical
guestion and technology .

Multiple-compar ison adjustments for genome-wide
guestions , but not for gene-specic ones.

Statistical design and statistical methods an integral
part of technology .
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