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Self-organizedsoftclustering,featureselection,and
network inferenceusingGaussianprocesses
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We demonstratehow Monte Carlo modelingmeth-
odsmotivatedby statisticalphysicscanbeemployed
to explorestructuralrelationsin geneexpressionnet-
works andto draw inferenceon regulatoryrelation-
shipsbeyondclusteringandBayesiannetwork infer-
ence.

With the increased availability of unstructured
datafrom large-scaleexperimentscovering the ge-
nomic, proteomic, and metabolomicsphere,such
approaches,while computationallydemanding,can
serve asguidancein analyzingthecomplex biologi-
calphenomenathatarecentralto systemsbiology.

Soft clustering and feature
selectionfor largedata sets

METHOD

CLUSTERING = Mapping of objects into disjoint
subsetssuchthat similar objectsappearin the same
subset

MULTIDIMENSIONAL SCALING = Mapping of ob-
jectsinto alow-dimensionalspace(plane,cube)such
thatsimilar objectsappearcloseto eachother

. Datais mappedinto a low-dimensionalspaceby
optimizing a target function that favors conserv-
ing similarity relations

. Revealsclusters,but in a continuousway =)
V ISUALIZATION

. Proximitybetweenclustersindicatesimilarities

. Differentchoicesof distanceandweighingfunc-
tionsallow differentviews of thedata

Two-dimensional map of a subset of 1352 yeast genes
from a knock-out compendium data set [Hughes et. al.,
Cell 2000]. Lines connect similar genes. The colors rep-
resent different function assignments in the GO database.

ALGORITHM
WenumericallyminimizeatargetfunctionQ toplace
genesandexperimentson theplane:

Q(x; y) =
X

i;j

w (jy i � y j j � f (jx i � x j )j)
2

x i = Featurevector(high-dim.)
y i = Representationvector(low-dim.)

f (d) = Distancekernel
w(d) = Weightkernel

Theresultis similar to aSelf-OrganizedMap(SOM)
withoutexplicit prototypes.

JAMMING: Local sub-optimalminima occur fre-
quentlyin low-dimensionalproblems.

. DIMENSIONAL REDUCTION: Optimization is
�rst performedin higher-dimensionalsubspaces
andsuccessively reduced

. MONTE CARLO SAMPLING: The spaceof pos-
sible solutionsis importance-sampledweighted
by the target function (e.g. Langevin equations,
moleculardynamics)

INTERACTIVE TOOL

. Simultaneousdisplayof genesandexperiments

. Correlationsarerepresentedby lineslinking sim-
ilar objects,expressionvaluesareshown by col-
oring, otherinformation(e.g.GeneOntologyas-
signments)canbemapped

. Different distancemeasuresand sub/co-cluster
selectionscanbevisualized

Screenshot of the interactive application simultaneously
showing, on the left, some genes (colored by there ex-
pression in a speci�c experiment), and, on the right, the
experiments from Hughes et. al., Cell 2000.

Two alternative representation of the same sub-
set of 352 genes using different distance ker-
nels.

FEATURE SELECTION
Comparinglow-dimensionalmapping assignments
and geneexpressionvaluesidenti�es thoseexperi-
mentsthat arewell representedin the map(e.g.by
informationentropy,

. Extension:Decisiontreeidenti�es which experi-
mentsdeterminewhichpartof themap.

. Boosting: Different groupsof experimentsare
seperated; increasespredictive power of the
model.

CO-CLUSTERING
In geneexpressionexperiments,genesand experi-
mentsare both mappedin low-dimensionalspace.
Selectingdifferent subsetsof genesor experiments
generatesdifferentclusterings.

. Improvesresolutionof theclustering

. Revealsorthogonalfeaturesets

RESULTS
Comparisonthe the GO-SLIM processassignments
revealsaconnectionbetweenlocationin themapand
genefunctionsfor somegroupsof genes.

Network inferenceusing
Gaussianprocesses

Gaussiangraphical models specify correlatedex-
pressionbetweengenes:

p(xjM ) =

s
detM
(2� )N exp

�
�

1
2
xTM x

�

M ij = sparseconnectivity matrixof thenetwork

Observed correlationscan be direct (corresponding
to a non-zeroM ij ) or indirect (whenmediatedby a
third object).

The challengein network inferencefor Gaussian
graphicalmodelsis to reducetheindirect(complete)
to direct(partial)correlations.

METHOD

. De�ne probability of a network M usingBayes'
rule

� ln p(M jD) =
K
2

(� ln detM + Tr DM )

(D = observeddatamatrix)

. Include a prior to select network structure
(e.g.sparsity, modularity)

. Calculatemost probablenetwork using Monte
Carlomethods

. Observeevidencefor regulatorylinkagesfromthe
statisticalensemble
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Guided resolution of indirect correlations in an example
network. The numbers give the log-probability of the net-
work under the observed data.


