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Why I am the wrong man for the job



 

Bioinformatician, not statistical geneticist



 

Work on rare constitutional disorders using 
cytogenetic strategies



 

Using ‘omics’
 

functional data beyond genetic variation



 

and highly biased candidate gene strategies



 

…
 

but still hunting for genes
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Why this talk is relevant



 

Functional data is a rich source of information that 
can steer genetic studies


 

How to integrate functional data into genetic analysis 
strategies is still much of an open problem



 

Results from genetic studies do not stand on their 
own but must eventually be integrated in the context 
of functional pathways



 

The proposed strategies could be helpful for


 

Fishing genes in the “grey zone”


 

Selecting a subset of gene pairs for analysis of epistasis
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Beyond the hairball



 

Networks have become a central concept in biology



 

Initial top-down analyses

 
of omics

 

data resulted in

 
hairball description of 
gene or protein networks


 

High-level properties


 

Scale-free network


 

But what do we do with this?



 

Which methods are available 
to get actual biological 
predictions from these 
multiple sources of data?

Yeast protein-protein interaction network

 
Jeong

 

H. et al. Nature. 2001
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Omics
 

data



 

Many other sources of omics
 

information and data 
are available to help us identify the most interesting 
candidates for further study



 

ChIP
 

chip


 

Regulatory motifs


 

Protein motifs


 

Microarray compendia (Oncomine, ArrayExpress, 
GEO)



 

Protein-protein interaction


 

Gene Ontology


 

KEGG
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Genome browsers



 

UCSC genome browser
 

genome.ucsc.edu


 

Ensembl
 

www.ensembl.org



 

Federate many other information sources

http://www.genome.ucsc.edu/
http://www.ensembl.org/
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Gene Ontology



 

Gene Ontology www.geneontology.org

http://www.geneontology.org/
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Pathways



 

Many databases of pathways:
 KEGG, GenMAPP, aMAZE, etc.
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Protein-protein interaction



 

Large databases of protein-protein interactions are 
becoming available


 

Yeast two-hybrid


 

Coimmunoprecipitation



 

Data is getting cleaned 
and merged across 
organisms


 

Ulysses

 
www.cisreg.ca



 

HiMAP

 
www.himap.org

http://www.cisreg.ca/
http://www.cisreg.ca/
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Microarray compendia



 

Multiple large microarray data sets (compendia) are 
available that give a broad overview of general 
biological processes in different organisms


 

Su et al., Son et al., human and mouse tissues


 

Hughes et al., yeast mutants


 

Gasch

 

et al., yeast stress


 

AtGenExpress, CAGE,

 
Arabidopsis



 

Available through
 microarray repositories



 

ArrayExpress


 

Gene Expression 
Omnibus
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Literature abstracts



 

PubMed



 

EntrezGene
 

GeneRIF
 

www.ncbi.nlm.nih.gov/entrez/



 

PubGene
 

www.pubgene.org

GeneRIF

PubGene

http://www.ncbi.nlm.nih.gov/entrez/
http://www.pubgene.org/
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Multisource networks



 

Some tools integrate multiple types of data to browse 
a network of genes



 

BioPIXIE
 

(yeast) pixie.princeton.edu



 

STRING string.embl.de

STRING BIOPIXIE

http://www.biopixie.orpixie.princeton.edu/
http://www.string.embl.de/
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So much data...

So little time...
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Candidate gene prioritization
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Array CGH: from diagnosis to gene discovery
Patients with congenital

 

& acquired disorders
Location of chromosomal 

imbalances
CGH microarrays

 

Molecular karyotyping Statistical analysis

•

 

Map chromosomal

 
abnormalities

• Improved diagnosis

Discover new disease 
causing genes and 
explain their function

Prioritized candidate genes Validation

Databasing
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Candidate gene prioritization
High-throughput

 
genomics

Data analysis Candidate
genes

?Information sources

Candidate prioritization

Validation •

 

Identify key genes 
and their function  

• Emerging method       
•

 

Integration of multiple 
types of information
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Prioritization by example


 

Several cardiac abnormalities mapped to 3p22-25


 

Atrioventricular

 

septal

 

defect


 

Dilated cardiomyopathy


 

Brugada

 

syndrome


 

Candidate genes (“test set”)


 

3p22-25, 210 genes 


 

Known genes (“training set”)


 

10-15 genes: NKX2.5, GATA4, TBX5, TBX1, JAG1, 
THRAP, CFC1, ZFPM2, PTPN11, SEMA3E



 

Congenital heart defects (CHD)



 

High scoring genes


 

ACVR2, SHOX2 -

 

linked to heterotaxy

 

and Turner syndrome 
(often associated with CHD)



 

Plexin-A1 -

 

reported as essential for chick cardiac 
morphogenesis



 

Wnt5A, Wnt7A –

 

neural crest guidance
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Known T2D and obesity genes



 

Type II diabetes


 

21 known genes in OMIM



 

118 known genes in GAD



 

Obesity


 

20 known genes in OMIM



 

80 known genes in GAD



 

Manually curated
 

gene set from Elbers
 

et al., 2007


 

ACDC, ADRA2A, ADRA2B, ADRB1, ADRB2, ADRB3, LEP, LEPR, 
NR3C1, UCP1, UCP2, UCP3, PPARG, KCNJ11, and TCF7L2
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Examples of prioritizations



 

Prioritizations of control regions (from Elbers
 

et al., 
2007):


 

6q22-24: 220 candidates


 

12q24: 327 candidates


 

20q12-13: 357 candidates



 

Other prioritizations (predictions):


 

8p21.3: 106 candidates (from Tiffin et al., 2006)


 

4p16.1: 63 candidates (from Sandhu

 

et al., 2008)
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Region 6q22-24: 220 candidates
SNP (rs648007) associated with T2D in African-Americans.

-

 

Upregulation

 

of ENPP1 transcription in liver and brain of 
diabetic rabbits compared with controls.
-

 

ENPP1 121Q allele predicts susceptibility to T2D in south 
Asians and Caucasians.
-

 

The Q allele of K121Q and the T allele of rs997509 were 
found to be associated with T2D in obese subjects from 
Poland.
-

 

A risk haplotype

 

was found to be associated with childhood 
obesity, adult morbid and moderate obesity and T2D.

Eller et al.

 

(2006), Abate et al. (2005), Bochensky

 

et al. (2006), Meyre

 

et al. (2005)
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Region 12q24: 327 candidates

Responsible for MODY, an uncommon monogenetic form of 
early onset T2D.

McCarthy et al. (2006), Cohen et al. (2006), Perez-Martinez et al. (2005)

NCOR2 has an important role in the adipocyte

 

by inhibiting
adipocyte

 

differentiation via repression of PPAR-g activity.

Key component in the reverse cholesterol transport pathway.
Genetically associated with differences in insulin sensitivity 
in healthy subjects
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Region 20q12-13: 357 candidates

Responsible for MODY, an uncommon monogenetic form of 

early onset T2D.

McCarthy et al. (2006), Yu et al. (2001)

Targeted disruption of the GNAS gene in mice leads to distinct
phenotypes in heterozygotes, depending on whether the
maternal (m-/+) or paternal (+/p-) allele is mutated. m-/+ mice
become obese, whereas +/p-

 

mice are thinner than normal. 
Both
m-/+ and +/p-

 

mice have greater sensitivity to insulin, with low
to normal fasting glucose levels, low fasting insulin levels,
improved glucose tolerance and exaggerated hypoglycaemic
response to administered insulin.
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Examples of prioritizations.



 

Prioritizations of control regions (from Elbers
 

et al., 
2007):


 

6q22-24: 220 candidates


 

12q24: 327 candidates


 

20q12-13: 357 candidates



 

Other prioritizations (predictions):


 

8p21.3: 106 candidates (from Tiffin et al., 2006)


 

4p16.1: 63 candidates (from Sandhu

 

et al., 2008)
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Region 8p21.3: 106 candidates

Candidate reported by Tiffin et al in 2006 in their study on T2D

 and obesity.

-

 

TGFB downregulates

 

LPL expression viaSP1/SP3 TFBS

-

 

LPL activation regulates ACAA2 and ECHS1 in a rat model.

-

 

PPARA, a T2D susceptibility gene, regulates LPL.

-

 

Direct binding of LPL to VLDLR.

-

 

Increased LPL activity increases the propensity for obesity 

and insulin resistance in mouse.

Tiffin et al. (2006), Irvine et al. (2005), Doi

 

et al. (2005), Nagashima

 

et al. (2005),

Laplante

 

et al. (2003), Schoonjans

 

et al. (1996), Takahashi et al. (2004),

Roberts et al. (2002), Kim et al. (2001), Duivenvoorden

 

et al. (2005)
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Region 4p16.1: 63 candidates

Candidate reported by Sandhu

 

et al in 2008.

-

 

Association between SNPs

 

located in WFS1 and risk of T2D 

(rs10010131, rs6446482, rs752854, rs734312) 

-

 

Mutations cause Wolfram syndrome (characterized by 

diabetes insipidus, juvenile-onset non-autoimmune diabetes 

mellitus, optic atrophy and deafness).

-

 

Disruption of WFS1 in mice causes overt diabetes or 

impaired glucose tolerance.

-

 

Both humans and mice deficient in Wolframin

 

show 

pancreatic beta cell loss.

Sandhu

 

et al. (2008), Inoue et al. (1998), Strom et al. (1998), Riggs et al. (2005),

Ishihara et al. (2004), Karasik

 

et al. (1989), Yamada et al. (2006)
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Multiple sources of information

Data fusion

Annotations A-priori

VectorsInteractions
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Data fusion with order statistics



 

Aerts et al. Nature Biotech. 2006
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Training of an attribute submodel



 

A term is over-represented if its frequency inside the training 
set is significantly larger than its frequency over the genome



 

Gene Ontology, Interpro, KEGG & EST submodels

Training gene 
1

Training gene 
n

.. .
... T
e
rm

 t

T
e
rm

 1

Term t

 

0.00457

Term 1

 

0.00054

Term 4

 

0.00072

p-value

… …

Annotations
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Training of a vector submodel



 

A collection of profiles (here numerical vectors) can be 
represented by the average profile



 

Microarray, motif & text submodels

0

1

2

3

4

5

6

7

8

9

10

Vectors



Training of a set submodel



 

We group together all gene partners in one set


 

BIND protein-protein interaction submodels

Gene 1 
& 
partners

Gene 2 
& 
partners

Gene n 
& 
partners

Gene 3 
& 
partners

All genes & 
partners

Interactions
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Other submodels



 

Disease probabilities


 

Phylogenetic score of conservation


 

Precomputed score



 

BLAST


 

Lowest BLAST score



 

Cis-regulatory module


 

Combinatorial model of transcriptional regulation

211 bp

p,v
ModuleSearcher
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Order statistics



 

Given a set of n ordered rank ratios for gene i
(9/100; 4/120; 30/150; 30/50; 2/10; 80/80)

 (0.09; 0.03; 0.2; 0.5; 0.2; 0.3) 
 (0.03; 0.09; 0.2; 0.2; 0.3; 0.5; 0.6; 1) 



 

What is the probability of getting these rank ratios or better by 
chance alone? 



 

“How many rank vectors does my vector strictly dominate?”


 

Joint probability density function of all n order statistics



 

Recursive formula of complexity O(n2)
1

1
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1
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OMIM & GO cross-validation



 

Diseases


 

Alzheimer’s disease, amyotrophic lateral sclerosis (ALS), anemia, 
breast cancer, cardiomyopathy, cataract, charcot-marie-tooth

 
disease, colorectal cancer, deafness, diabetes, dystonia, Ehlers-

 
Danlos, epilepsy, hemolytic anemia, ichthyosis, leukemia, 
lymphoma, mental retardation, muscular dystrophy, myopathy, 
neuropathy, obesity, Parkinson’s disease, retinitis pigmentosa, 
spastic paraplegia, spinocerebellar

 

ataxia, usher syndrome, 
xeroderma

 

pigmentosum, Zellweger

 

syndrome


 

Pathways


 

Wnt

 

pathway members (GO:0016055: Wnt

 

receptor signaling 
pathway)



 

Notch pathway members (GO:0007219: Notch signaling pathway)


 

EGFR pathway members (GO:0007173: epidermal growth factor 
receptor signaling pathway)
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Cross-validation

Repeat
• For each gene
•

 

For each disease 
or pathway

Compute average rank
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Rank ROC curves
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Evaluation on monogenic diseases 
+ text model



 

Validation of the text model


 

Artificially high performance of text model due to explicit links 
between genes and diseases!



 

Roll-back experiment on textual information
Disease Hugo Rolled-back text only All All, no text

Amyotrophic lateral sclerosis DCTN1 97 27 23

Arrhythmias Ca(V)1.2 3 4 4

Cardiomyopathy

 

1 CAV3 1 2 8

Cardiomyopathy

 

2 ABCC9 51 1 1

Charcot-Marie-Tooth DNM2 100 14 12

Congenital heart disease CRELD1 1 3 6

Cornelia de Lange NIPBL 75 9 3

Distal hereditary motor neuropathy BSCL2 62 15 6

Klippel-Trenaunay VG5Q 39 3 3

Parkinson’s disease LRRK2 No text available 50 42

Average Rank 48±13 13±5 11±4
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Complex disease

Disease Gene All All, no Text

Atherosclerosis 1 TNFSF4 54 111

Crohn’s

 

Disease OCTN 71 85

Parkinson’s Disease GBA 23 2

Rheumatoid Arthritis PTPN22 11 22

Atherosclerosis 2 ALOX5AP 29 46

Alzheimer’s Disease UBQNL1 54 56

Average rank 40±10 54±17
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Endeavour

http://www.esat.kuleuven.ac.be/endeavour
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http://www.esat.kuleuven.ac.be/endeavour

Endeavour
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http://www.esat.kuleuven.ac.be/endeavour

Endeavour
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Demo, manual, and exercise



 

GENERAL: www.esat.kuleuven.be/endeavour



 

DEMO:
 http://homes.esat.kuleuven.be/~bioiuser/endeavour/

 endeavour_demo.php



 

MANUAL:
 http://homes.esat.kuleuven.be/~bioiuser/bioiwiki/ind

 ex.php/Endeavour_Manual_Web_Server



 

EXERCISE:
 http://homes.esat.kuleuven.be/~bioiuser/bioiwiki/ind

 ex.php/Endeavour_handson

http://www.esat.kuleuven.be/endeavour
http://homes.esat.kuleuven.be/~bioiuser/endeavour/endeavour_demo.php
http://homes.esat.kuleuven.be/~bioiuser/endeavour/endeavour_demo.php
http://homes.esat.kuleuven.be/~bioiuser/bioiwiki/index.php/Endeavour_Manual_Web_Server
http://homes.esat.kuleuven.be/~bioiuser/bioiwiki/index.php/Endeavour_Manual_Web_Server
http://homes.esat.kuleuven.be/~bioiuser/bioiwiki/index.php/Endeavour_handson
http://homes.esat.kuleuven.be/~bioiuser/bioiwiki/index.php/Endeavour_handson
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DiGeorge candidate



 

D. Lambrechts, S. Maity, P. Carmeliet, KUL Cardio


 

TBX1 critical gene in typical 3Mb aberration


 

Atypical 2Mb deletion (58 candidates)

Training sets used to prioritize TBX1 or YPEL1 Rank assigned to YPEL1 Rank assigned to TBX1
DGS-related
     DGS (14) 1 1
     Cardiovascular birth defects (14) 3 1
     Cleft palate birth defects (9) 2 1
     Neural crest genes (14) 1 2
     Average rank 1.75 ± 0.48 1.25 ± 0.25
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YPEL1



 

YPEL1 is expressed in the pharyngeal arches during arch development



 

YPEL1KD

 

zebrafish embryos exhibit typical DGS-like features
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Congenital heart disease genes



 

B. Thienpont, K. Devriendt, J. Vermeesch, KUL CME


 

60 patients without diagnosis


 

Congenital heart defect


 

& Chromosomal phenotype


 

2nd major congenital anomaly


 

Or mental retardation/special education


 

Or > 3 minor anomalies



 

Array Comparative Genomic Hybridization


 

1 Mb resolution


 

11 anomalies detected


 

5 deletions


 

2 duplications


 

3 complex rearrangements


 

1 mosaic monosomy 7 
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aberration gene

del(5)(q23) ?

del(5)(q35.1) NKX2.5

del(5)(q35.2qter) NSD1

del(14)(q22.1q23.1) ?

del(22)(q12.2) ?

dup(22)(q11) TBX1

dup(19)(p13.12p13.11) ?

del(9)(q34.3qter),dup(20)(q13.33qter) NOTCH1, EHMT1

del(13)(q31.1q31.3),dup(13)(q31.3q33.2),inv(13) ?

del(4)(q34.3q35.1),dup(4)(q34),inv(4) ?

Candidate regions



 

4 regions with known critical genes, 6 new regions, 
80 candidate genes
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del(14)(q22.1q23.1) ?

Pubmed

 

textmining
Protein 

domains
Cis-regulatory 

module
BLAST Protein 

interactions
KEGG 

pathways
Expression

 

data

1.CNIH DACT1 BMP4 RTN1 BMP4 KIAA1344 BMP4 EXOC5 BMP4
2. DAAM1 PTGER2 DLG7 DAAM1 OTX2 OTX2

3.  KIAA1344 PTGDR ARID4A OTX2 ARID4A WDHD1 DAAM1

4.  CGRRF1 SOCS4 BMP4 KIAA0586 CDKN3 SOCS4 TIMM9 WDHD1

5.  DDHD1 STYX DAAM1 PSMA3 SAMD4 DACT1 ERO1L KTN1

6.  ACTR10 KTN1 PSMC6 OTX2 STYX SAMD4 PSMA3 DACT1

7.  CDKN3 TIMM9 PSMA3 KTN1 SOCS4 FBXO34 BMP4

8.  RTN1 GNPNAT1 PSMC6 PSMC6 OTX2 RTN1 WDHD1 ARID4A

9.  FBXO34 TBPL2 WDHD1 WDHD1 PSMC6 KTN1 SOCS4

10. CNIH ERO1L CNIH KIAA1344 BMP4 FBXO34 KIAA1344 SOCS4

11. PLEKHC1 GCH1 SOCS4 DACT1 KTN1 CDKN3 DACT1

12. PSMA3 DDHD1 KTN1 PLEKHC1 DDHD1 OTX2 SAMD4

13. PLEKHC1 WDHD1 STYX ARID4A DAAM1 KIAA1344

14. BMP4 SAMD4 KIAA1344 PLEKHC1 DACT1 EXOC5

15. GCH1 GMFB DACT1 DAAM1 STYX ERO1L DLG7

16. KTN1 DLG7 OTX2 FBXO34 SAMD4 GPR135 PSMC6

… ACTR10 PTGER2 DLG7 DAAM1 KTN1 STYX
80. … … … … … … … …

BMP4

Gene prioritization
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Congenital heart disorders
Selected data sourcesAll data sources

except microarrays
heart development

MA data embryonic      .
heart development      .

5 sets of training genes:
primary heart field

secondary heart field
neural crest cells
vascularization

congenital heart disease

neural
crest
cells

bmp4

Congenital heart 
defect patient

del(14q22.1-23.1)
56 candidate genes

primary
heart
field

secondary
heart
field

vascularization
congenital

heart
disease

Chr 14
1.0

-1.0

0

All data sources

Primary heart field Secondary heart field

Neural crest cells CHD genesVascularization
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Prioritization by virtual pulldown



Prioritization by virtual protein-protein 
interaction pulldown and text mining



 

Lage et al. Nature Biotech. March 2007





Can the candidate be assigned 
to a protein complex?



Are there any proteins involved 
in diseases similar to the patient 
phenotype in the complex?



How many? 

How similar? 
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Putting it all together...
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Integrating gene prioritization 
into daily biological work



 

Gene prioritization is “interesting”...


 

Needs also to be integrated with “network”

 

view of systems biology



 

How can we bring it closer to the daily routine of wet bench?


 

Still left with a large number of candidates


 

Bioinformatics tool should not be trusted blindly


 

Need for reinterpretation and “ownership”



 

“Wikis”

 

can be used as “collaborative electronic notebooks”


 

Same technology as Wikipedia


 

Addition of database back-end for structured information


 

http://homes.esat.kuleuven.be/~rbarriot/genewiki/index.php/CHD:Home


 

http://homes.esat.kuleuven.be/~rbarriot/genewiki/index.php/CHDGene:YM70

http://homes.esat.kuleuven.be/~rbarriot/genewiki/index.php/CHD:Home
http://homes.esat.kuleuven.be/~rbarriot/genewiki/index.php/CHDGene:YM70
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64



65



66



67
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Offline demo



 

Chediak-Higashi syndrome (OMIM:214500)


 

Psychomotor retardation



 

Syndrome mapped to 1q42-qter


 

Caused by mutation in LYST gene



 

Gene prioritization


 

Candidates from 1q42-qter (353 candidates)


 

Training genes: Gene Ontology category


 

Brain development GO:0007420 (60 genes)



 

LYST gene ranks 8/353
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77



78



79



80
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Conclusion



 

Prioritization of candidate genes


 

Central problem in molecular biology



 

Prioritization with order statistics


 

Large-scale crossvalidation


 

Endeavour


 

DiGeorge syndrome candidate



 

Quick-and-dirty prioritization of diabetes genes
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K.U.L. ESAT-SCD: L. Tranchevent, R. Barriot, Y. Shi, B. Coessens, S. 
Van Vooren, D. Nitsch, S. Leach

U. Bristol: T. De Bie
K.U.L. CME-UZ: J. Vermeesch, K. Devriendt, B. Thienpont, F. Hannes
K.U.L. VIB3: D. Lambrechts, S. Maity, P. Carmeliet
K.U.L. VIB4: S. Aerts, B. Hassan, P. Van Loo, P. Marynen

You?

You?
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Array CGH: from diagnosis to gene discovery
Patients with congenital

 

& acquired disorders
Location of chromosomal 

imbalances
CGH microarrays

 

Molecular karyotyping Statistical analysis

•

 

Map chromosomal

 
abnormalities

• Improved diagnosis

Discover new disease 
causing genes and 
explain their function

Prioritized candidate genes Validation

Databasing
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S. Aerts, B. Hassan, KUL DME Neurobiology


 

New data sources


 

In-situ data from the BDGP


 

String data


 

BioGrid data



 

Also available


 

Gene ontology


 

Interpro

 

domains


 

Text mining data


 

Blast alignments


 

Microarray data

Gene prioritization in animal models (fly)
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Validation



 

10 pathway sets and 46 interactions sets


 

Use of the leave-one-out cross-validation again


 

Comparison with randomized performance

0

10

20

30

40

50

60

70

80

90

100

Fruit fly random

Fruit fly pathways

Fruit fly interactions

Overall except GO
Blast

Marra

 
y

Go
Marra

 
y

In-situ
Interpr

 
o

BioGri

 
d String

Overall

Text



88

Text mining
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Text mining



90

Text mining
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Array CGH: from diagnosis to gene discovery

1.
 

Processing of array CGH data

2.
 

Databasing and mining of patient descriptions

3.
 

Genotype-phenotype correlation

4.
 

Candidate gene prioritization

5.
 

Experimental validation of candidate genes
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Genotype-phenotype correlation
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Congenital heart disease genes



 

B. Thienpont, K. Devriendt, J. Vermeesch, KUL CME


 

60 patients without diagnosis


 

Congenital heart defect


 

& Chromosomal phenotype


 

2nd major congenital anomaly


 

Or mental retardation/special education


 

Or > 3 minor anomalies



 

Array Comparative Genomic Hybridization


 

1 Mb resolution


 

11 anomalies detected


 

5 deletions


 

2 duplications


 

3 complex rearrangements


 

1 mosaic monosomy

 

7 
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aberration gene

del(5)(q23) ?

del(5)(q35.1) NKX2.5

del(5)(q35.2qter) NSD1

del(14)(q22.1q23.1) ?

del(22)(q12.2) ?

dup(22)(q11) TBX1

dup(19)(p13.12p13.11) ?

del(9)(q34.3qter),dup(20)(q13.33qter) NOTCH1, EHMT1

del(13)(q31.1q31.3),dup(13)(q31.3q33.2),inv(13) ?

del(4)(q34.3q35.1),dup(4)(q34),inv(4) ?

Candidate regions



 

4 regions with known critical genes, 6 new regions, 
80 candidate genes
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del(14)(q22.1q23.1) ?

Pubmed

 

textmining
Protein 

domains
Cis-regulatory 

module
BLAST Protein 

interactions
KEGG 

pathways
Expression

 

data

1.CNIH DACT1 BMP4 RTN1 BMP4 KIAA1344 BMP4 EXOC5 BMP4
2. DAAM1 PTGER2 DLG7 DAAM1 OTX2 OTX2

3.  KIAA1344 PTGDR ARID4A OTX2 ARID4A WDHD1 DAAM1

4.  CGRRF1 SOCS4 BMP4 KIAA0586 CDKN3 SOCS4 TIMM9 WDHD1

5.  DDHD1 STYX DAAM1 PSMA3 SAMD4 DACT1 ERO1L KTN1

6.  ACTR10 KTN1 PSMC6 OTX2 STYX SAMD4 PSMA3 DACT1

7.  CDKN3 TIMM9 PSMA3 KTN1 SOCS4 FBXO34 BMP4

8.  RTN1 GNPNAT1 PSMC6 PSMC6 OTX2 RTN1 WDHD1 ARID4A

9.  FBXO34 TBPL2 WDHD1 WDHD1 PSMC6 KTN1 SOCS4

10. CNIH ERO1L CNIH KIAA1344 BMP4 FBXO34 KIAA1344 SOCS4

11. PLEKHC1 GCH1 SOCS4 DACT1 KTN1 CDKN3 DACT1

12. PSMA3 DDHD1 KTN1 PLEKHC1 DDHD1 OTX2 SAMD4

13. PLEKHC1 WDHD1 STYX ARID4A DAAM1 KIAA1344

14. BMP4 SAMD4 KIAA1344 PLEKHC1 DACT1 EXOC5

15. GCH1 GMFB DACT1 DAAM1 STYX ERO1L DLG7

16. KTN1 DLG7 OTX2 FBXO34 SAMD4 GPR135 PSMC6

… ACTR10 PTGER2 DLG7 DAAM1 KTN1 STYX
80. … … … … … … … …

BMP4

Gene prioritization
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Congenital heart disorders
Selected data sourcesAll data sources

except microarrays
heart development

MA data embryonic      .
heart development      .

5 sets of training genes:
primary heart field

secondary heart field
neural crest cells
vascularization

congenital heart disease

neural
crest
cells

bmp4

Congenital heart 
defect patient

del(14q22.1-23.1)
56 candidate genes

primary
heart
field

secondary
heart
field

vascularization
congenital

heart
disease

Chr 14
1.0

-1.0

0

All data sources

Primary heart field Secondary heart field

Neural crest cells CHD genesVascularization
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Prioritization by text mining
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Microcephaly

 

Micrognathia

 

Low-set ears

 

Microphthalmia

 

Downslanting

 

palpebral

 

fissures
Hypertelorism

 

Long philtrum

 

Cleft lip

 

Short neck

 

Pectus

 

excavatum

 

Syndactyly

 

Heart defects

 

Cryptorchidism

 

Mental retardation

ABLIM1
ACSL5
ADD3
ADRA2A
ADRB1
CASP7
CSPG6
DCLRE1A
DUSP5
GFRA1
GPAM
GSTO1
HABP2
HSPA12A
MXI1
NHLRC2
NRAP
PDCD4
PNLIP
PNLIPRP1
RBM20
SHOC2
SLK
SMNDC1
SORCS1
TCF7L2
TDRD1
TECTB
TRUB1
VTI1A
VWA2
XPNPEP1
ZDHHC6

Prioritization by text mining



 

Steven Van Vooren 
in collaboration with Sanger Institute, 
Molecular Cytogenetics (N. Carter, H. Firth) 
and EBI text-mining group (D. Rebholz)
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Microcephaly

 

Micrognathia

 

Low-set ears

 

Microphthalmia

 

Downslanting

 

palpebral

 

fissures
Hypertelorism

 

Long philtrum

 

Cleft lip

 

Short neck

 

Pectus

 

excavatum

 

Syndactyly

 

Heart defects

 

Cryptorchidism

 

Mental retardation

ABLIM1
ACSL5
ADD3
ADRA2A
ADRB1
CASP7
CSPG6
DCLRE1A
DUSP5
GFRA1
GPAM
GSTO1
HABP2
HSPA12A
MXI1
NHLRC2
NRAP
PDCD4
PNLIP
PNLIPRP1
RBM20
SHOC2
SLK
SMNDC1
SORCS1
TCF7L2
TDRD1
TECTB
TRUB1
VTI1A
VWA2
XPNPEP1
ZDHHC6

Prioritization by text mining
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Microcephaly

Gene to concept association

ENSG00000000001
ENSG00000000002 
... 
ENSG00000109685
... 
ENSG00000024999
ENSG00000025000
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Microcephaly

overrepresented 
in document set 
for WHSC1 gene

ENSG00000000001
ENSG00000000002 
... 
ENSG00000109685
... 
ENSG00000024999
ENSG00000025000

Gene to concept association
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Statistical guarantees



 

Theoretical guarantees:


 

Given a certain threshold on f(x)


 

Total number of genes x above it is upper 
bounded (positives)



 

Number disease genes x below it is upper bounded 
(false negatives)



 

Often impractically loose


 

Nevertheless: further backup of approach

D
ecreasing f(x)

Gene 1

Gene 2

Gene 3

Gene 4

Gene 5

…

threshold
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Experimental results



 

For each disease:


 

‘Hide’

 

one of the disease 
genes among 99 non-disease 
genes



 

Train based on remaining 
known disease genes



 

Compute rank of true disease 
gene (<100, >0)



 

Do this for each disease 
gene and each disease



 

Plot summary ROC curve

100

1

30

0.8

Performance measure:

 Area Under Curve (AUC)

or 1-AUC
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Prioritization by virtual pulldown
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Prioritization by virtual protein-protein 
interaction pulldown

 
and text mining



 

Lage et al. Nature Biotech. March 2007
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Can
 

the
 

candidate
 

be
 

assigned
 to a protein complex?
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Are
 

there
 

any
 

proteins involved
 in diseases

 
similar

 
to the

 
patient 

phenotype
 

in the
 

complex?
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How
 

many? 

How
 

similar? 
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119
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Prioritization by example
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Prioritization by novelty detection



 

Terminology:


 

Training set

 

= disease-related genes


 

Test set

 

= candidate genes



 

Algorithm learns what makes a ‘gene’
 

a ‘disease 
gene’

 
based on the training set



 

Test the learning algorithm on the test set, prioritize


 

Rely on a vector representation of the genes
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Array CGH

Child with e.g. heart defect 
and learning disabilities

Sample is collected and 
sent to genetic center
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Cytogenetic
 

diagnostic



 

2-3% of live birth with major congenital anomaly


 

15-25% recognized genetic causes


 

8-12% environmental factors


 

20-25% multifactorial


 

40-60% unknown


 

15-20% of those resolved by array CGH



 

Importance of diagnosis


 

Usually limited therapeutic impact BUT


 

Reduce family distress


 

End of “diagnostic odyssey”


 

Estimate risk of recurrence


 

De novo aberration vs. familial mutation


 

Knowledge of disorder evolution (life planning)


 

Prevent complications


 

Future therapies (e.g., fragile-X, Rett

 

+ gene therapy)
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Deletion del(22)(q12.2)



 

Patient


 

Pulmonary valve stenosis


 

Cleft uvula


 

Mild dysmorphism


 

Mild learning difficulties


 

High myopia
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Deletion del(22)(q12.2)



 

Deletion on Chromosome 22


 

~0.8Mb



 

Deletion contains NF2


 

NF2  acoustic neurinomas


 

Benign tumor, BUT


 

Hard to diagnose


 

Severe complications
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Array CGH: from diagnosis to gene discovery

1.
 

Processing of array CGH data

2.
 

Databasing
 

and mining of patient descriptions

3.
 

Genotype-phenotype correlation

4.
 

Candidate gene prioritization

5.
 

Experimental validation of candidate genes
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Genotype-phenotype correlation
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Kernel-based novelty detection
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Prioritization as machine learning  



 

Training set = disease-

 related genes


 

Test set = candidate genes



 

Represent all training genes 
in a vector space


 

Expression data, vector 
space model for text, 
sequence, etc.



 

Potentially very high-

 
dimensional



 

Identification of negative 
examples not 
straightforward
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Kernel-based novelty detection  



 

Formulate problem as 
novelty detection


 

Does not use negative 
examples



 

Find a hyperplane separating 
these from origin



 

The further (the larger M), 
the more homogeneous the 
training set
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Kernel-based novelty detection  



 

Hyperplane

 

is parameterized 
by a (unit norm) weight 
vector w



 

Optimization problem
maxw M



 

maxw (mini w’xi )


 

maxw,M M s.t.   M ≤

 

w’xi
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Further from origin along w 


 

more ‘like a disease gene’



 

Scoring function:

f(x) = w’x

= distance from origin along w



 

Sort in decreasing value of f


 

Genes “similar”

 

to training 
genes will rank highly

Kernel-based novelty detection  
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Which representation, which 
similarity?



 

Representation is arbitrary


 

Sequence, expression, interaction, annotation…


 

Which one to use? Select the one with largest M?



 

Perhaps we can integrate!
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Kernel-based data fusion



 

Given two or more vector 
representations



 

Integrate into one vector 
representation…

 …
 

such that training set 
is maximally coherent

 (i.e., M as large as 
possible)
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The kernel trick


 

Kernel methods ideally suited for this…


 

Represent vectors indirectly, by means of all 
pairwise inner products



 

Inner product matrix = kernel matrix K


 

Contains inner product Ki,j =xi ’xj at position (i,j)
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The kernel trick


 

Inner product (kernel) = measure of similarity


 

Often easier to specify than the vector representation


 

Vector representation is implicit, no need to make 
explicit, since …



 

…
 

kernel is sufficient to compute w and f(x)
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Kernel-based data fusion


 

For each gene 
representation j, a 
kernel matrix Kj



 

Given m kernels Kj



 

Compute one integrating 
kernel as
K=μ1K1 +…+ μmKm
(e.g., Lanckriet et al., Bioinformatics

 
2004)



 

μj ?
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Kernel-based data fusion



 

How to choose μj ?


 

Such that M is maximal:
 maxμj,w mini w’xi



 

μj guided by the data!


 

Efficient convex 
optimization problem 
(~seconds)



 

Efficient f(x) evaluation
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Kernel-based data fusion



 

Optimization problem
maxμj,w mini w’xi



 

Risk of overfitting
 

with 
large number of kernels



 

Regularization: impose 
lower bound on the μj


 

All kernels contribute at 
least a bit
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Global strategy

Select training set, and test set

Make kernels based on various data sources

Solve optimization problem  w and μj 

and hence prediction function f

Compute f(x) for all test genes x, and sort it
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Experimental results



 

29 diseases (same as in ENDEAVOUR paper)


 

Between 4 and 113 genes associated to each



 

9 data sources used


 

Text, GO, KEGG, Seq, EST, InterPro, Motif, BIND, MA



 

3 kernels per source (corresponding to different 
vector representations)



 

Sources evaluated separately, after fusion, and in 
presence of noise
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Experimental results



 

Performs well

 for data sources

 separately



 

Integration 
performs better

 than individual 
data sources

Text GO KEGG Seq EST InterPro Motif BIND MA
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Experimental results



 

Performs better than ENDEAVOUR


 

Significantly so


 

Also faster (at run-time)



144

Experimental results



 

For different 
levels of 
regularization



 

Different 
features used



 

Different 
amounts of 
noise



Java client

 
& Java web start

DB

SOAP/XML

Java RMI

Web server
(Apache & 

Tomcat & axis)

Linux cluster

 
(Perl scripts)

Endeavour architecture

Java
MySQL

 

driver

Perl

 
MySQL

 

driver
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