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RESEARCH AREA

Mathematical and 
computational 
techniques

Modeling, analysis and 
simulation of biological 
processes 

In close cooperation with partners from biology and medicine

MAC4



RESEARCH ACTIVITIES & CHALLENGES

Multiscale modeling of multicellular systems (Merks)

■ core modeling group of NCSB 

■ models, simulation tools and model definition languages to 
answer biological questions

■ applications: angiogenesis, plant development, gut microbiota

■ stochastic cell motility 
induces blood vessel sprouts

■ amplitude determines sprout 
width

[Merks et al. PLoS 
Comp. Biol., 2008]

Little motility Lots of motility

Results



RESEARCH ACTIVITIES & CHALLENGES

Multiscale modeling of multicellular systems (Merks)

Challenges
■ couple metabolism and gene regulation to 

multicellular structure and function

■ model extracellular matrix accurately

Long term goals
■ explanatory, 3D models of 

development

■ models at the bench to guide 
experiments

Highlight
■ NWO Vidi grant 2010



RESEARCH ACTIVITIES & CHALLENGES

Results
■ density-constrained bi-clustering

■ optimal subnetworks

Highlight
■ best paper award ISMB 2008

Classification of cancer (Klau/Schönhuth)

■ Functional modules (phenotypic)

■ understand disease mechanisms

■ develop robust markers for classification

Statistical Modeling / Networks
Disease Marker Prediction and Hidden Markov Models

Disease Marker Prediction
[/w G. Klau; NKI; Simon Fraser & GenomeDX, Vancouver]
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• Approach reflects great phenotypic

variety of cancer

• Superior prediction of colon cancer

subnetwork markers (left) using

density-constrained biclustering

• Outlook: Integrating network statistics,

creating evaluation standards
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Density-constrained biclustering

Hidden Markov Processes: Algebraic Statistics
[/w UC Berkeley]

• Geometric arguments for

identification of hidden Markov

processes

• Probability distributions are

points on certain determinantal

algebraic varieties

• Applications through

computational algebra software
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I := � det (P(ui vj ))1≤i,j≤d+1
| |ui |, |vj | ≤ � n

2
��

J := � det (P(ui vj ))1≤i,j≤d | |ui |, |vj | ≤ d − 1 �

Theorem: Distribution P is due to a hidden Markov process iff P lies

on the algebraic variety V (rad I : rad J).

[Dao et al. Bioinformatics, 2010]

[Dittrich et al. 
Bioinformatics, 

2008]



RESEARCH ACTIVITIES & CHALLENGES

■ Structural variations (genotypic)

■ analysis of next-gen. sequencing data

■ combined statistical and 
combinatorial approach

Comparative Genomics
Next-Generation Methods for Next-Generation Data

Discovering Genomic Structural Variation

[/w G. Klau; Rutgers, New Jersey; Illumina, Cambridge]

• Next-Generation Sequencing Data allows to study whole
genomes at low cost

• “Next-Generation Analysis Methods”: Predicting genomic
variation with utmost precision.

• ☞ Combined statistical and combinatorial approaches.

Outlook: Cancer Genomics

• Classifying genomic variation leading to cancer

• Goal: Classifying cancer subtypes by genotype

Genomic aberrations: breast cancer (left), melanoma (right)

Discovering Coding CpG Islands

[/w UC Berkeley]

• Genomic methylation driving force behind transcriptional
regulation and chromatin formation

• Differential methylation involved in disease mechanisms,
e.g. cancer

• Goal: Statistically driven discovery of non-methylation in
genomic coding regions
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Coding CpG Islands: UC Santa Cruz Genome Browser Track

Classification of cancer (Klau/Schönhuth)

Challenges
■ how do networks help predict?

■ data integration, network 
statistics, evaluation standards

Long term goals
■ integrate genotypic and 

phenotypic levels

■ increased role of maths in cancer 
research



SWOT ANALYSIS, STRATEGY

Strengths. Good funding record. Diversity 

Weaknesses. Diversity. Junior group 

Opportunities. More collaborations. European funding

Threats. Interdisciplinary funding may dry out. Become “service” 
department

Successes
■ first joint projects (even cross-

discipline)

■ first new kind of students

Strategy
■ more cooperations, joint 

research

■ keep focus on fundamental 
contributions


