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MotivationsMotivations

IntegrationIntegration

Among others, integrating:Among others, integrating:
transcriptional profilestranscriptional profiles
other types of gene informationother types of gene information, such as , such as 

locuslocus
sequencesequence
genome structuregenome structure

DNA copy number alterationsDNA copy number alterations



MotivationsMotivations

In particular, integration between expression profiles and locusIn particular, integration between expression profiles and locus
information could be effective in:information could be effective in:

relating structural abnormalitiesrelating structural abnormalities (e.g., allelic imbalances) (e.g., allelic imbalances) to to 
physiological statesphysiological states

there are evidences of relationship between genomic structural there are evidences of relationship between genomic structural 
abnormalities and abnormalities and regionalregional expression imbalances expression imbalances in malignant in malignant 
phenotypesphenotypes

unveiling the transcriptional machineryunveiling the transcriptional machinery ((active chromatin active chromatin 
domainsdomains))

transcriptional machinery may access cotranscriptional machinery may access co--expressed genes more expressed genes more 
efficiently if they are neighbors than if they are far apartefficiently if they are neighbors than if they are far apart
coco--expressed genes appear in clusters because neighboring genes expressed genes appear in clusters because neighboring genes 
share a single DNA enhancer elementshare a single DNA enhancer element



Stronger correlation between the expression Stronger correlation between the expression 
levels of genes that are located close to each levels of genes that are located close to each 
other than between those of distant genesother than between those of distant genes

The Human The Human TranscriptomeTranscriptome Map: Clustering of Map: Clustering of 
Highly Expressed Genes in Chromosomal Highly Expressed Genes in Chromosomal 
Domains [Caron et al, Domains [Caron et al, ScienceScience, 2001], 2001]

strong clustering of highly expressed genesstrong clustering of highly expressed genes
large regions of highly expressed genes, large regions of highly expressed genes, RIDGEsRIDGEs
((regions of increased gene expressionregions of increased gene expression

e.g., a cluster of five matrix e.g., a cluster of five matrix metalloproteinases metalloproteinases on on 
chromosome 11 that are downchromosome 11 that are down--regulated in breast regulated in breast 
cancer tissue cancer tissue 

MotivationsMotivations



Objective and ToolsObjective and Tools

A computational procedure to:A computational procedure to:
identify chromosomal regions of transcriptional modulation in identify chromosomal regions of transcriptional modulation in 
specimen comparisons specimen comparisons 
compare compare regional expression profiles regional expression profiles to genomic structural to genomic structural 
changes (e.g., chromosomal gains and losses) and genotyping datachanges (e.g., chromosomal gains and losses) and genotyping data

mRNA and DNA profilingmRNA and DNA profiling
highhigh--density chips (e.g.: Affymetrix Human Genome U133 Set)density chips (e.g.: Affymetrix Human Genome U133 Set)
DNA array chips (e.g.: Affymetrix Mapping 10K 2.0 Array)DNA array chips (e.g.: Affymetrix Mapping 10K 2.0 Array)

Computational toolsComputational tools
R (R (BioconductorBioconductor libraries)libraries)
GDAS and Chromosome Copy Number Analysis Tool (CNAT)GDAS and Chromosome Copy Number Analysis Tool (CNAT)
Integrated Genome Browser (IGB)Integrated Genome Browser (IGB)



Assumptions (1)Assumptions (1)

The systematic relationship between gene coThe systematic relationship between gene co--expression and expression and 
chromosomal location, if any, is not associated with inherent chchromosomal location, if any, is not associated with inherent chip ip 
artifacts. In Affymetrix microarrays:artifacts. In Affymetrix microarrays:

probe order on the chips is not related to gene chromosomal ordeprobe order on the chips is not related to gene chromosomal orderr
the chromosomal distribution of the total gene set is representathe chromosomal distribution of the total gene set is representative tive 
of the distribution of known genesof the distribution of known genes



Assumptions (2)Assumptions (2)

There is a considerable influence of copy number on gene There is a considerable influence of copy number on gene 
expression patternsexpression patterns

organizing geneorganizing gene--expression data by genomic mapping location and expression data by genomic mapping location and 
scanning for regions that contain a statistically modulated genescanning for regions that contain a statistically modulated gene--
expression signals may allow detecting chromosomal amplificationexpression signals may allow detecting chromosomal amplifications s 
and deletionsand deletions



MethodsMethods

Positional rePositional re--orderingordering
probe sets are reprobe sets are re--annotated in terms of annotated in terms of LocusLinkLocusLink ID and then ID and then 
sorted according to their position (in sorted according to their position (in bpbp) on chromosomes) on chromosomes

Statistical comparison of transcriptional levelsStatistical comparison of transcriptional levels
standard statistics (i.e., tstandard statistics (i.e., t--test, ztest, z--score, SAM) for each probe g in score, SAM) for each probe g in 
chromosome cchromosome c

Detection of transcriptional modulated regions Detection of transcriptional modulated regions 
chromosomal regions of transcriptional modulation are identifiedchromosomal regions of transcriptional modulation are identified

smoothing the transcriptional statistic on each chromosomesmoothing the transcriptional statistic on each chromosome
comparing the smoothed statistics to an empirical smoothed null comparing the smoothed statistics to an empirical smoothed null 
distribution generated randomly permuting probe positionsdistribution generated randomly permuting probe positions



Cubic Cubic splinessplines are utilized as the smoothing functionare utilized as the smoothing function

splinessplines efficiently estimate the efficiently estimate the local bandwidthlocal bandwidth

determining the determining the splinespline function s(t), such that y(t)=s(t)+function s(t), such that y(t)=s(t)+ε,ε, implies implies 
minimizing a functional F(s), given a twiceminimizing a functional F(s), given a twice--differentiable function s differentiable function s 
and a smoothing parameter and a smoothing parameter αα>0>0

MethodsMethods
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Differentially expressed regions are identified using a permutatDifferentially expressed regions are identified using a permutation ion 
procedureprocedure

ordering of probe positions is randomly shuffled (P=1ordering of probe positions is randomly shuffled (P=1××101055÷÷11××101066) ) 
for each of these permutations the smoothing of probefor each of these permutations the smoothing of probe--specific specific 
statistic is recalculatedstatistic is recalculated
smoothed randomly generated statistics generate the smoothed nulsmoothed randomly generated statistics generate the smoothed null l 
distribution for scores over chromosomal regionsdistribution for scores over chromosomal regions

The null distribution in used to assess significance of smoothedThe null distribution in used to assess significance of smoothed
statistic for probe g on chromosome c observed in a relevant statistic for probe g on chromosome c observed in a relevant 
sample groupingsample grouping

qq--values are estimated to correct for multiple comparison [Storey values are estimated to correct for multiple comparison [Storey 
and and TibshiraniTibshirani, , PNASPNAS, 2003], 2003]

MethodsMethods



Chromosome with at least 1 region with q-value=0
Chromosome without any region with q-value=0

MethodsMethods



Translocations in pediatric leukemia Translocations in pediatric leukemia [Ross et al., [Ross et al., BloodBlood, 2003], 2003]

Imbalances in Imbalances in squamoussquamous cell lung carcinomas as compared to cell lung carcinomas as compared to 
normal lung tissue normal lung tissue [[BhattacharjeeBhattacharjee et al., et al., PNASPNAS, 2001], 2001]

Imbalances in renal cell tumors as compared to adjacent normal Imbalances in renal cell tumors as compared to adjacent normal 
tissue tissue [[LenburgLenburg et al., et al., BMC CancerBMC Cancer, 2003], 2003]

Gene expression profiling of plasma cell Gene expression profiling of plasma cell dyscrasiasdyscrasias [[MattioliMattioli
et al., et al., OncogeneOncogene, 2005], 2005]

13q deletion in MM samples13q deletion in MM samples
chromosome 11 chromosome 11 polysomypolysomy in MM samplesin MM samples

Case studiesCase studies



Case study: MMCase study: MM

Expression data set:Expression data set:
Affymetrix HGAffymetrix HG--U133AU133A
multiple multiple myelomamyeloma samplessamples
FISH analysisFISH analysis

33 samples positive to 13q33 samples positive to 13q--
25 samples negative to 13q25 samples negative to 13q--

4 normal samples4 normal samples

Genotyping data set:Genotyping data set:
Affymetrix Mapping 10K 2.0 Affymetrix Mapping 10K 2.0 
ArrayArray
multiple multiple myelomamyeloma samplessamples
FISH analysisFISH analysis

5 samples positive to 13q5 samples positive to 13q-- and and 
negative to 11+negative to 11+
5 samples negative to 13q5 samples negative to 13q-- and and 
positive to 11+positive to 11+



Case study: chr13Case study: chr13
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KAI1: tumor suppressor gene

Case study: chr11Case study: chr11



Kim et al., Kim et al., NatureNature, 2005 Apr 14;434(7035):921, 2005 Apr 14;434(7035):921--66
KAI1 is capable of inhibiting the progression of tumor metastasiKAI1 is capable of inhibiting the progression of tumor metastasis s 
without affecting primary without affecting primary tumorigenicitytumorigenicity in vivoin vivo
molecular mechanisms of differential expression of KAI1 at the molecular mechanisms of differential expression of KAI1 at the 
transcriptional level (chromatintranscriptional level (chromatin immunoprecipitationimmunoprecipitation assay) assay) 

Tip60 Tip60 coactivatorcoactivator complex recruited in noncomplex recruited in non--metastaticmetastatic cellscells

Case study: chr11Case study: chr11



Kim et al., Kim et al., NatureNature, 2005 Apr 14;434(7035):921, 2005 Apr 14;434(7035):921--66

Tip60 were Tip60 were downregulateddownregulated in in metastaticmetastatic cancer cellscancer cells

overexpressionoverexpression of Tip60 of Tip60 

KAI1 KAI1 mRNAmRNA levels were levels were upregulatedupregulated

What about HTATIP expression level in del13+/What about HTATIP expression level in del13+/-- samples?samples?

Case study: chr11Case study: chr11
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What about HTATIP expression level in del13+/What about HTATIP expression level in del13+/-- samples?samples?
downdown--regulated in del13+regulated in del13+
detected by both SAM and chromosomal analysisdetected by both SAM and chromosomal analysis
without KAI1 downwithout KAI1 down--regulation, would HTATIP have remained a regulation, would HTATIP have remained a 
gene gene in isolationin isolation??

What about genotype data at KAI1 locus?What about genotype data at KAI1 locus?
the role for KAI1 in suppressing tumor metastasis seems not to the role for KAI1 in suppressing tumor metastasis seems not to 
involve either an allelic loss or a mutation [Dong et al., involve either an allelic loss or a mutation [Dong et al., Cancer Cancer ResRes, , 
1996]1996]
however, CNAT analysis of 10k data indicates CN lowering at KAI1however, CNAT analysis of 10k data indicates CN lowering at KAI1
locuslocus

Case study: chr11Case study: chr11
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Case study: chr18Case study: chr18
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What’s next …What’s next …

Computational aspects:Computational aspects:
methods for pooling SNP array replicates to make LOH callsmethods for pooling SNP array replicates to make LOH calls

HMM in HMM in dChipdChip [Lin et al, [Lin et al, BioinformaticsBioinformatics, 2004], 2004]

unsupervised analysisunsupervised analysis
extension to multiextension to multi--class problemsclass problems

Higher density expression chips and DNA mapping arraysHigher density expression chips and DNA mapping arrays
Affymetrix Affymetrix GeneChipGeneChip Human Genome U133 Plus 2.0 ArrayHuman Genome U133 Plus 2.0 Array
All All exonexon chipschips
Affymetrix Affymetrix GeneChipGeneChip Mapping 100K SetMapping 100K Set

Result interpretation and validationResult interpretation and validation
refer to enhancer and regulatory elements databasesrefer to enhancer and regulatory elements databases
pathwayspathways
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Scores between measured values must be interpolated to compute Scores between measured values must be interpolated to compute 
differential expression statistics over chromosomal regions, sindifferential expression statistics over chromosomal regions, sincece

microarraysmicroarrays contain only a discrete number of probes per each contain only a discrete number of probes per each 
chromosomechromosome
distance in distance in bpbp between measured probes varies significantlybetween measured probes varies significantly

This interpolation does not aim at assigning statistics to nonThis interpolation does not aim at assigning statistics to non--
represented locations, but to provide a smooth estimate of represented locations, but to provide a smooth estimate of 
differential expression over chromosomal regionsdifferential expression over chromosomal regions

Formally it can be seen as a regression problem of the Formally it can be seen as a regression problem of the 
transcriptional statistic over a chromosomal coordinatetranscriptional statistic over a chromosomal coordinate

MethodsMethods



For the given value For the given value αα, minimizing F(s) will result in the best , minimizing F(s) will result in the best 
compromise between smoothness and goodnesscompromise between smoothness and goodness--ofof--fitfit

The amount of smoothing can be specified in terms of the The amount of smoothing can be specified in terms of the 
smoothing parameter smoothing parameter αα

smoothing optimization can be made by crosssmoothing optimization can be made by cross--validationvalidation
the optimal estimator s(t) would be the one that minimizes residthe optimal estimator s(t) would be the one that minimizes residuals uals 
{{yyii--ssii(t)}(t)}22 for a new (left out) observation y at the point tfor a new (left out) observation y at the point t

For any chromosome, For any chromosome, αα is estimated leaving out randomly is estimated leaving out randomly 
selected statistics (i.e., probe scores) and minimizing selected statistics (i.e., probe scores) and minimizing splinespline
residualsresiduals

MethodsMethods


