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- Machine learning and pattern recognition
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. Probabilistic modeling
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. Parametrization
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1. Multidimensional scaling

2. Correlational networks

3. Learning from networks



. Gene expression data

T. R. Hughes et. al., Cell 102, 109-126, July 7, 2000
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Observed data;
5 ()

Vector of gene expression (rows)

Probabilistic model:

p(x)
Probability to observe the set of
genes X



. Clustering

from: T. R. Hughes et. al., Cell 102, 109, 2000.
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. Clustering as unsupervised machine learning
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Cluster: A set of objects that are more similar to each
other than to other objects

+

Cluster model: It is probable that genes in the same clus-
ter have similar expression values.

Parameter: Cluster assignments of genes

+

Fitting a cluster model:

Find clusters (=groups of genes) such that the cluster
model is probable =) nd groups of genes that have sim-
llar expression values




- Non-linear multidimensional scaling

MODEL:
a two-dimensional plane

place similar objects close to each other

ALGORITHM:
Assign each gene a random point on the plane

Place “springs” between points so that similar objects are attracted
and dissimilar object are repulsed

Evolve. ..
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- Pointmap: Yeast knockout compendium
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- Pointmap: Yeast knockout compendium
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- Pointmap: Molecular trajectory

C. Best, H.-C. Hege, Comp, Sci. Eng. 4 (3), 68 (2002)
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- Pointmap I

< > p. 13/34



. Self-organization and classi cation

Energy landscape for two different genes on the plane.

) Self-organizing maps
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1. Multidimensional scaling

2. Correlational networks

3. Learning from networks



. Correlations and Networks

Observed correlations Actual regulatory network
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. Correlations and Networks

Correlation Network
Complere correlations Indirect correlations
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- Networks as probabilistic models

Model:
Neighbors in a network behave similarly (like in clustering)

Behavior of a gene can be explained by looking only at its
neighbors in the network

Algorithm:
Start placing edges between genes that behave similarly
Consider indirect effects

Put edges only there where correlations cannot be explained by
Indirect effects

Trial and error =) Monte Carlo simulation
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- Network inference
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- Network inference







. Example network



. Example network




. Example network




. Example network




. Breastcancer data set




- Network priors
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Penalize high connectivity !  sparse networks

BN OsON0 (5)
Clustering: N/ VS.
A0 g
) (& Q) (&
Trees: VS.
50L0

Hubs/Modules:

Few nodes have high connectivity
Nodes with high connectivity will
preferentially receive more connections
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1. Multidimensional scaling

2. Correlational networks

3. Learning from networks



- Networks
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. Protein-interaction networks

Subset of the MIPS
protein interaction
network for yeast
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. Protein-interaction networks

<

Subset of the MIPS
protein interaction
network for yeast

Coloring by GO-SLIM
protein function
assignment

>
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. Protein-interaction networks
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Subset of the MIPS
protein interaction
network for yeast

Coloring by GO-SLIM
protein function
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. Predicting protein function

connectivity: C
connectivity: C

neighbor counts (by type): N;

P(XJC; Nyed; Npiue ; Ngreen)

C | Nred N green N biue p(x=red) | p(x=green) | p(X=blue)
1 1 0 0 0.66 0.33 0
1 0 0 1 0 0 1
2 0 0 2 0 0 1
2 1 1 0 0 1 0
5 2 0 3 0 0 1
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. Probabilistic modelling

A . o
N Empirical distribution:
Ci;Nj;x; 2 f blue;redg
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. Probabilistic modelling

<

Empirical distribution:
Ci;Nj;x; 2 f blue;redg

Model distribution:
Po(X = bluejC;N)

>
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- Neighborhood classi cation maps
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Incidences of protein function by neighborhoods
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- Neighborhood classi cation maps
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Incidences of protein function by neighborhoods
binomial classi er
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- Neighborhood classi cation maps
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- Neighborhood classi cation maps
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- Neighborhood classi cation maps

Incidences of protein function by neighborhoods
binomial classi er
linear M.L. classi er
nonlinear M.L. classi er
SVM classi er
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- Full prediction

all configurations full 5-fold crossvalidation
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. Conclusions
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Clusters, map, and networks are models for describing patterns in
gene expression

Common denominator: probabilistic machine learning
Reasoning = nding the best model

Often trial-and-error ) machine learning

Can be used both descriptive and predictive

Networks are also just descriptions of gene expression patterns

But they can help uncover underlying regulatory relationships
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