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Amplifier can change many aspects of music
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A control panel that determines gene expression!?
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Component | and 2

Transcriptional Component 2
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Component | and 2
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Three different species
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Transcriptional component 3

| v enriched
Reactome pathways

99 more enriched Reactome sets...

Negatively enriched
Reactome pathways

264 more enriched Reactome sets...




Predict function of genes

@ Build profile for a pathway (GO: Type I interferon-mediated signaling pathway)
Assess each of the 2,200 transcriptional components (TCs), perform T-Test per TC:

Human__ TCS5:

SR | Ttest P =10
B | Z=+76

Gene coefficient TC 5 =




Predict function of genes

Build profile for a pathway (GO: Type I interferon-mediated signaling pathway)
Assess each of the 2,200 transcriptional components (TCs), perform T-Test per TC:

Human__ TC5: Mouse TC 80:
61 genes are part of | All other genes 61 genes are part of All other genes
pathway according pathway according
to Gene Ontology to Gene Ontology
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Predict function of genes

Build profile for a pathway (GO: Type | interferon-mediated signaling pathway)
Assess each of the 2,200 transcriptional components (TCs), perform T-Test per TC:

Human__ TC5: Mouse TC 80:
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Predict function of genes

Significance of difference (Z-score) =

ISG50 Gene Coefficient =

~ ©

W O,

human

human_ mouse

Transcriptional components -

R*=0.48 *
P =1.03"10%7%
Z-score =355

ISG15 correlates
strongly with
pathway profile



Predict function of genes

@ Assess performance

Wilcoxon-Mann-Whitney U lest
P468*10% AUC094

61 genes known to be part of this pathway




Example: TP53

eno Cene Network Y
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TP53 Tumcr proten p53

Predicted function Tissues Network
GO sclegest process GO cobwr companert GO wamcswr factor KEGG 8ioCarta Reactome TFBS MicroRNA
Term P-value Direction Annotated
Sonal transduction by p53 class medator resulting In induction of apoptosis 1.25€-17 ‘ ¢
DNA damage response, signal ransduction Dy p53 cass medator resulting in induction...5.52E-13 + *
response to UV 1.68€-11 + *
Induction of apoptosis by intracelular Sonals 3.09€-10 + *
DNA damage response, signal transduction resulting In induction of apoptoss S 22E9 + *
positive regulation of asorogeness 6.79€-8 +
PuCear MANA sphcing, v splceosome 9378 +
RNA sphcing, via transesterfication reactions with tuiged adencsine as nuciecphile 937t-8 +

Downioad ol predictions for TPS)
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Example: TP53
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Induction of apoptosis by intracelular Sonals
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PuCear MANA sphcing, v splceosome
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Cell Line, Transformed 102 0.82 Ixio®™
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HEX293 Cels 100 0.82 4x10™

Oowaioad o credcions for TPS3 Punpotent Stem Calls a7’ 0.78 2x10M

Blood Vessels 171 0.77 4x10M

1 Embryont Bodes 11 0.77 2x10"

MT29 Colts 17 0.74 sx104

Oocytes 15 0.73 2x10”

Colcn, Sigmond 27 0.72 $x107

Blastocyst 14 0.71 6x10”

Myocytes, Smocth Musce 141 0.71 4x10'8

Muscie Celis 146 0.70 sx10°%

Foreshn 69 0.70 1x10"
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Example: TP53
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Does it work! Combining GeneNetwork and eQTLs

VEL blood group, gene unknown
- GWAS on red blood cell traits

ARTICLE nature

d0i:10.1038/nature 11677

Seventy-five genetic loci influencing the
human red blood cell

- In one locus the SNP strongly affected gene
expression of SMIM|, a gene without known function:
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Does it work! Combining GeneNetwork and eQTLs

VEL blood group, SMIM | gene

- Most significantly predicted GeneNetwork function:
‘Hemoglobin metabolic process’

- Homozygous SMIM | | 7bp deletion found in 63 out of 69 individual

- /ebrafish knock-down: reduced number of red blood cells

Control fish SMIM | knock-down
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Some component show weird behaviour
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Some component show weird behaviour




Some component show weird behaviour

TC 165:
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|dentify non-cancer, physiological TCs

Take 50% of 37,427 samples with least genomic instability

PCA on 54,000 x 54,000
probeset correlation matrix
(dedicated multi-threaded

optimized C++ code, ensuring
numerical stability)

718 highly robust Prinicipal Components (Cronbach’s Alpha > 0.7)

Treat these as orthogonal
covariates, correct the expres-
sion data of all 37,427 samples,

take residual expression data

‘Cytogenetic’ RNA expression, only use 50%
of 37,427 with most genomic instability



Detection cytogenetic aberration in expression data

Down Syndrome patient: dup 21
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|dentifying five chromosome duplications
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Comparison of arrayCGH and cytogenetic RNA profiles

GSM274996
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Amount of cytogenetic aberrations

Tipping point at
component 165 Transition to chaos in the logistic map

Crutchfield et al, 1990
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Complexity: Forest fire

100%

50%
Expected

effect?

Percentage of land
with living trees
after forest fire
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Percentage of land filled with
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Complexity: Forest fire
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Complexity: Forest fire
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Complexity: Forest fire
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after forest fire

2 .
c O
= 0
G
OJ—’
[eY0]
&0 S
S 2
S .=
o <
gt’
o 3
a

0%

0% >0% 100%  percentage of land filled with trees

20% 40%



Complexity: Forest fire
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Complexity: Forest fire
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Complexity: Forest fire
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Find out which are cell line samples

® [ext mining analysis on Affymetrix Ul 33 Plus 2.0 platform
(54,000 probesets): 7,319 cell line samples

® [ind additional samples that have been missed by text
mining but which look similar to cell lines. Can we do this!

® Strategy: Perform for every component a I-lest, and denote
1 value per component. We have /// components, and
thus have a vector of /77 T values. Subsequently we
correlate all 37,427 samples with this profile.



Predict cell line samples

Frequency -

Genomicinstability (auto-correlationr) =

0.151

0.10 1

WMW P < 10°®, AUC = 0.994

cell-line
samples

-0.05 0 0.05 0.10 0.15
Correlation with cell-line Z-score profile 2

Primary
tumors

o A Tumor-derived
Y o~ SR cell-lines

-

EBV-Tr

ansformed LCLs

Correlation with cell-line Z-score profile =

0.20

0.20



Epression Cell-type / Tissue 2 =

|dentify related individuals

Probeset, informative for relating
genetically identical samples:
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|dentify related individuals

A)
18%
AUC = 0.9803

16%
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Combinations of dels/dups in many tumors

Profile most often identified in 16,172 cancer samples:

Colorectal tumor

Breast tumor

Ovarian tumor




Combinations of dels/dups in many tumors

Profile most often identified in 16,172 cancer samples:

Colorectal tumor

Breast tumor

Ovarian tumor




Trans-eQTL mapping in 16,172 samples

Cytogenetic  Enriched All 500 cytogenetic signatures
signature: Pathway
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Strong dependencies exist within cancers

High fitness

High fitngss

High.fitness

Low fithess

Cancer development



Conclusions

® Reanalysis of publicly available data can reveal new insight
into transcriptional regulation and genomic instability In
cancer

® Many avenues for bioinformaticians and statistical geneticists!



