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Advances in Bioinformatics

2002-2007

Jaak Vilo
vilo@ut.ee

http://biit.cs.ut.ee

• 2002 July – move to Estonia (EGeen Inc; EBC)

• 2003 Start teaching at UT

• 2004/09  Docent (0.5) at university

• 2006/01  Senior Researcher

• 2007/12  Professor

• BIIT has now (Jan 2008)

• 1 postdoc

• 1 guest lecturer

• 10 PhD students

• 10+ students

Timeline 2002-2007
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Research Focus

• Algorithms (Data Mining & Bioinformatics)

• Tools (web based)

• Databases & information systems

• Gene regulation & Systems Biology

• Cancer; Stem Cells; 

• Microarray & other high-throughput data

Grants and Projects Completed

• BiGeR Estonian Science Foundation ETF5724 (2003-2007)

• DMMA Estonian Science Foundation ETF5722 (2003-2006)

• "Base funding" (start-up grant for a new research group) from 
University of Tartu (2005-2006) 

• ATD, Alternative Transcript Diversity, EU FP6 STREP (2004-
2007) LSHG-CT-2003-503329 

• FunGenES, Functional Genomics of Embryonic Stem Cells: EU 
FP6 Integrated Project, subcontractor (2006-2007). LSHG-CT-2003-
503494 

• Baltic GRID non-funded partner 
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Current grants and projects

• COBRED -- Colon and Breast cancer Diagnostics
(2007-2010) EU FP6 STREP, LSHB-CT-2007-037730 

• ENFIN, Enabling Systems Biology. EU FP6 Network of 
Excellence (2005-2010) LSHG-CT-2005-518254 

• ESNATS , Embryonic Stem Cell-Based Alternative 
Testing Strategies. Duration of Project: 5y (2008-2013). 
Currently under negotiation. 

• Target funding (2006-2011), The methods, 
environments, and applications for solving large and 
complex computational problems. (SF0182712s06) 

• ETF7437 (2008-2011) Multi-experiment gene expression 
data matrix analysis (MEM) (Abstract) 

• Estonian Language Technology Research Programme: 
Dictionary informatics (information retrieval) (2005-2008) 

Fast Approximate Hierarchical 

Clustering using Similarity Heuristics

Hierarchical clustering is applied in 

gene expression data analysis, 

number of genes can be 20000+

Each subtree is a cluster.

Hierarchy is built 

by iteratively 

joining two most 

similar clusters 

into a larger one.

Hierarchical clustering:
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Fast Hierarchical Clustering

Avoid calculating all O(n2) distances:

– Estimate distances

– Use pivots

– Find close objects

– Cluster with partial information
Meelis Kull

distance

Random

pairs

Pairs chosen by 

similarity 

heuristic

Approximate Hierarchical Clustering

• Full hierarchical clustering calculates 

similarities of each object with every other object (SLOW)

• Our approximate clustering calculates

a small fraction of all similarities

• We have developed 

heuristics to find pairs of

similar objects efficiently

identical not similar extremely 

different
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Biological relevance

• Enrichment of (any) biological function in a cluster

• Find all enrichments in full clustering, compare quality

(% found in AHC)
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Find disease-specific gene variants

Proteins can affect splicing by taking part in 

or interacting with the splicing complex

80 %

15 %

5 %

Meelis Kull
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Tools: g:Profiler

• Characterise gene lists

• Manipulate gene ID-s 

– synonyms

– orthologs

• Fast, rich GUI, public easy free access

• Machine-readable outputs (for integration)
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Genes

GO; 
KEGG, 
Reactom
microRNA

,…

P-value

Evidence
codes

Ordered 
list query
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KEGG: Biosynthesis of 
steroids

query length

p-value

Peak significance 
at ordered list of

28 genes

SCS - Set Counts and Sizes

threshold
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Data Analysis Environments

• FunGenES consortium – data analysis
environment

• ~10 labs produced 150+ conditions (3-5x)

– Affymetrix Gene Chips (22,000 probesets; ~30MB file each)

– Normalise, extract data for analysis

– study, analyse, visualise, ...

– compare

• Clustering, visualisation, searching, etc.
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Regulators for ES gene clusters

DELETED

FunGenES

• Analysed data for 4-5 groups; others used

web

• 4 people visited Estonia (for a week) to

analyse their data

• Consortium data – public analysis

environment

• Couple of leads in functional validation
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Tools: KEGGanim

• Animate large-scale mRNA, proteomics, 

metabolomics data on KEGG pathways

• Create visualisations

– animations

– freeze panels

• Manipulate private data

biit.cs.ut.ee/KEGGanim

Adler et al

Bioinformatics, 2007

Overlay HT data

over KEGG 

pathways

• Animate

•“Freeze panes”

(cinefilm)
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More large-scale experimental data

• Gene expression – thousands of 
experiments characterising 20K+ genes

• Protein-Protein interactions (complexes, 
signal transduction, ...)

• Protein-DNA interactions

• proteomics, metabolomics, genetics, ...

BMP5

Co-expression of TGFβ gene(s) across multiple datasets
MEM – Multiple Experiment Matrix
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First data set
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BMP5 vs

SLC25A31
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MEM goals

• Query across hundreds of datasets simultaneously

• Characterise gene expression across all datasets

• Study in detail all genes within one pathway

• Find new genes possibly linked to the given pathway

• Identify relevant “conditions” for gene activity

• Priit Adler; Raivo Kolde; Hedi Peterson
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GraphWeb: mining biological 

networks for submodules with 

functional significance 

• Genes as nodes

• -omics define 

edges
– expression correlation

– protein-protein interactions

– literature co-occurrence 

– regulation

– binding site discovery

Jüri Reimand: GraphWeb. Genome Informatics, CSHL. Nov 1 2007

Data as graphs

IntAct: Protein interactions (PPI), 18773 interactions

IntAct: PPI via orthologs from IntAct, 6705 interactions 
MEM: gene expression similarity over 89 tumor datasets, 46286 interactions

Transfac: gene regulation data, 5183 interactions

Public datasets for H.sapiens

.. everything is 

interconnected

Jüri Reimand: GraphWeb. Genome Informatics, CSHL. Nov 1 2007
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Gene modules
• Integrate data 

sources as graph 

layers

• Find well-

connected 

subgraphs

• Combine 

evidence to infer 

knowledge about 

regulation and 

function

GO: cell cycle, regulation, growth. 

KEGG: Alzheimer’s disease

Jüri Reimand: GraphWeb. Genome Informatics, CSHL. Nov 1 2007

Weighing the evidence I

• Edges are not born 

equal
– e.g. stronger vs weaker correlation

• Assign local weights to 

rank edges within a 

layer

• Look for heavy

subgraphs

Expression similarity search across 89 human tumor-related datasets (MEM, Adler et al, in 

prep.)

GO: immune system, proteasome. Reactome: cell cycle, DNA replication, HIV infection

Jüri Reimand: GraphWeb. Genome Informatics, CSHL. Nov 1 2007
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Finding the modules

• Cliques 
– Fully connected graphs ~ protein complexes

• Hubs
– Highly connected nodes ~ transcriptional regulators

• Sets of neighbors
– Specific genes of interest + near neighbors

• Graph clustering
– MCL: Markov clustering (van Dongen, 2000), betweenness centrality 

clustering

Jüri Reimand: GraphWeb. Genome Informatics, CSHL. Nov 1 2007

Module evaluation

GO: Brain development

Pigment granule

Melanine metabolic process

GO: JAK-STAT cascade, Kinase inhibitor 

activity 

Insulin receptor signaling pw.

KEGG: Type II diabetes mellitus

GO:Transforming growth factor beta signaling pw.

embryonic development, gastrulation

KEGG: Cell cycle, cancers, WNT pw.

Jüri Reimand: GraphWeb. Genome Informatics, CSHL. Nov 1 2007
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Finding the modules

IntAct: Protein interactions (PPI), 18773 interactions

IntAct: PPI via orthologs from IntAct, 6705 interactions 
MEM: gene expression similarity over 89 tumor datasets, 46286 interactions

Transfac: gene regulation data, 5183 interactions

Public datasets for H.sapiens

Jüri Reimand: GraphWeb. Genome Informatics, CSHL. Nov 1 2007

Finding the modules

IntAct: Protein interactions (PPI), 18773 interactions

IntAct: PPI via orthologs from IntAct, 6705 interactions 
MEM: gene expression similarity over 89 tumor datasets, 46286 interactions

Transfac: gene regulation data, 5183 interactions

Public datasets for H.sapiens

Jüri Reimand: GraphWeb. Genome Informatics, CSHL. Nov 1 2007



23

Example 

IntAct: Protein interactions (PPI), 18773 interactions

IntAct: PPI via orthologs from IntAct, 6705 interactions 
MEM: gene expression similarity over 89 tumor datasets, 46286 interactions

Transfac: gene regulation data, 5183 interactions

Public datasets for H.sapiens

SMAD2, SMAD3, SMAD4, SMAD7, SMAD9

transcription factor family

SMAD2, SMAD3?: DNA binding

Transforming Growth 

Factor Beta signalling, 

Development, Cancers

SMAD2

SMAD3

Collagens + related

? ? ?

?
?

Jüri Reimand: GraphWeb. Genome Informatics, CSHL. Nov 1 2007

GraphWeb
http://biit.cs.ut.ee/graphweb
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Jüri Reimand: GraphWeb. Genome Informatics, CSHL. Nov 1 2007
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GraphWeb
http://biit.cs.ut.ee/graphweb

Output: a list of tightly connected gene modules

Jüri Reimand: GraphWeb. Genome Informatics, CSHL. Nov 1 2007

GraphWeb
http://biit.cs.ut.ee/graphweb

GO:  catabolic process, proteasome

KEGG: DNA replication, HIV infection, Cell 

cycle checkpoints

Export graph Export graph 

nodes/edgesnodes/edges

or zoom in or zoom in 

GraphWebGraphWeb

Protein interactions (P
PI)

21%

PP
I via orthologs

28%

M
EM
 expression

28%
8% 5% 2%8%

Evaluate edge Evaluate edge 

content and content and 

support from support from 

datasetsdatasets

Graph Graph 

scores from scores from 

functional functional 

annotationsannotations

g:Profilerg:Profiler VisualsVisuals

Jüri Reimand: GraphWeb. Genome Informatics, CSHL. Nov 1 2007



25

microRNA - discovery

• Alexander Stark, Pouya Kheradpour, Leopold Parts, 
Julius Brennecke, Emily Hodges,Gregory J. Hannon, 
and Manolis Kellis. Systematic discovery and 
characterization of fly microRNAs using 12 Drosophila 
genomes. Genome Research, 2007

• Alexander Stark, Michael F. Lin, Pouya Kheradpour, 
Jakob S. Pedersen, Leopold Parts, et. al. Discovery of 
functional elements in 12 fly genomes using evolutionary 
signatures. Nature 450, 219-232 (8 November 2007) 

• Drosophila 12 Genomes Consortium. Evolution of genes 
and genomes on the Drosophila phylogeny. Nature , 
2007

Next 5 years

• Databases and analysis of human health

– Colon & Breast cancer; disease relapse

• mRNA, proteomics, metabolomics data

– Estonian Genome Project

• DB of 10’s of thousands of patients with ~1000 

attributes worth of health and lifestyle profiles

– ES cell based toxicology profiling for new drug

candidates

– Disease/gene associations
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Next 5 years

• Data query and visualisation methods

– MEM, PATMATCH, ...

• Data mining

– Motif discovery (SPEXS, Trie*Tools, ...)

– Gene regulation modeling

– Phenotype, Genotype, Expression, PPI, ChIP-
chip, ... data joint analysis

• Data analysis environments

• Analysis of data

Anno 2007 (BIIT and Quretec)
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Institute of Computer Science

• Software Engineering (Prof. Marlon Dumas)

• High-Performance (distributed) computing
(Prof. Eero Vainikko)

• Language Technology (Prof. Mare Koit)

• Programming Languages (Prof. Varmo Vene)

• Cryptography (Prof. Ahto Buldas) 

• Bioinformatics and DM (Prof. Jaak Vilo)

• 2 Target funding projects (HPC and LT)

• new appointments in Nov & Dec 2007


