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Topics will includeTopics will include

•• Technology perspectivesTechnology perspectives

•• Cognitive science perspectivesCognitive science perspectives

•• Implementation/Application issuesImplementation/Application issues
•• Biochip informaticsBiochip informatics

Unsupervised machine learningUnsupervised machine learning
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•• Prologue Prologue –– Traveling LondonTraveling London
•• Observing and organizing complex dataObserving and organizing complex data
•• Inputs and measuresInputs and measures
•• Data preprocessing and projectionData preprocessing and projection
•• Multidimensional scalingMultidimensional scaling
•• Hierarchical & partitional clusteringHierarchical & partitional clustering
•• SimilaritySimilarity
•• An implementationAn implementation
•• Evaluation & recent developments in clusteringEvaluation & recent developments in clustering
•• Epilogue Epilogue –– Traveling CambridgeTraveling Cambridge
•• Clustering ideasClustering ideas

Unsupervised learningUnsupervised learning

Prologue
- Traveling London -

ProloguePrologue
-- Traveling London Traveling London --
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Underground Map of London 1Underground Map of London 1
WhatWhat’’s this?s this?

Underground Map of London 2Underground Map of London 2
What about this?What about this?
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What about these?What about these?

IsnIsn’’t this transformation obvious?t this transformation obvious?

But history saysBut history says……
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Some QuestionsSome Questions
•• Is it obvious? Are you sure?Is it obvious? Are you sure?
•• Which one has more information?Which one has more information?
•• Which one do you see more frequently?Which one do you see more frequently?
•• Which one do you prefer for your guide?Which one do you prefer for your guide?
•• Is it just about simple vs. complex?Is it just about simple vs. complex?
•• Which one has more valuable information Which one has more valuable information 

with respect towith respect to…… what ?what ?

AstronomerAstronomer’’s Learnings Learning

Babylonians created the map of starry sky.
and Astronomy started then…
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Observations and ClusteringObservations and Clustering

“Exploratory Data Analysis”
involving decision making 

in non-parametric and unsupervised mode 
and visualizing and projecting multidimensional data

• Organizing complex data into  
meaningful structures 

• Clustering is fundamentally  
an exploration of data structure
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Supervised vs. Unsupervised ClassificationsSupervised vs. Unsupervised Classifications

•• Supervised LearningSupervised Learning
-- Artificial Neural NetworkArtificial Neural Network
-- Classification TreeClassification Tree
-- Bayesian Belief NetworkBayesian Belief Network
-- Boolean NetworkBoolean Network
-- Rough SetRough Set
-- Reinforcement LearningReinforcement Learning
-- Support Vector MachineSupport Vector Machine

•• Unsupervised LearningUnsupervised Learning
-- MultiMulti--dimensional Scalingdimensional Scaling
-- Graphic Representation of Multivariate DataGraphic Representation of Multivariate Data
-- ClusteringClustering
-- Mixture resolvingMixture resolving
-- SelfSelf--OrgnizingOrgnizing Feature MapsFeature Maps

Supervised vs. Unsupervised ClassificationsSupervised vs. Unsupervised Classifications

Classification
Conditional Densities
ClassificationClassification

Conditional DensitiesConditional Densities

knownknownknown unknownunknownunknown

Bayes Decision
Theory

Bayes Bayes DecisionDecision
TheoryTheory

Supervised
Learning

SupervisedSupervised
LearningLearning

Unsupervised
Learning

UnsupervisedUnsupervised
LearningLearning

ParametricParametricParametric NonparametricNonparametricNonparametric

“Optimal”
Rules

““OptimalOptimal””
RulesRules

Plug-in
Rules

PlugPlug--inin
RulesRules

Density
Estimation
DensityDensity

EstimationEstimation
Decision
Boundary
Building

DecisionDecision
BoundaryBoundary
BuildingBuilding

Mixture
Resolving
MixtureMixture

ResolvingResolving
Cluster

Analysis
ClusterCluster

AnalysisAnalysis

ParametricParametricParametric NonparametricNonparametricNonparametric

Jain Jain et al. 2000, IEEE Transactionset al. 2000, IEEE Transactions

DensityDensity--basedbased

geometricgeometric
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Why now?Why now?

•• BioinformaticsBioinformatics
•• Data miningData mining
•• Speech recognitionSpeech recognition
•• Multimedia data retrieval and analysisMultimedia data retrieval and analysis
•• BiometryBiometry
•• the Internetthe Internet

Computational power & Data ExplosionComputational power & Data Explosion

•• SpellmanSpellman et al.et al. ShapesShapes Eyes/HandsEyes/Hands
•• EisenEisen et al.et al. CorrelCorrel Hierarchical TreeHierarchical Tree
•• AlonAlon et al.et al. CorrelCorrel Simulated AnnealingSimulated Annealing
•• TamayoTamayo et al.et al. DistanceDistance SOMSOM
•• Butte & Butte & KohaneKohane M.I.M.I. Relevance NetworksRelevance Networks
•• Sharan Sharan & & ShamirShamir Graph theoryGraph theory

Genomics and ClusteringGenomics and Clustering

MeasuresMeasures AlgorithmsAlgorithms
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Biochip basicsBiochip basics

Bioinformatics
pipeline

Biochip, Core competencyBiochip, Core competency
•• They are the genes!They are the genes!
•• We have the map!We have the map!
•• Natural measure of quantification.Natural measure of quantification.
•• Literally, INFINITE # of states Literally, INFINITE # of states 
•• Dynamic series on time & spaceDynamic series on time & space
•• DonDon’’t need to extract biot need to extract bio--molecules.molecules.
•• Now systemic perturbations!Now systemic perturbations!

put abstraction barrierput abstraction barrier
Streamlining & automation of the processStreamlining & automation of the process

Do biology in Do biology in silicosilico!  ***********************!  ***********************
***********************  Say NO to lab bench!***********************  Say NO to lab bench!
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Interesting
Patients

Interesting
Patients

Interesting
Animals

Interesting
Animals

Interesting
Cell Lines

Interesting
Cell Lines

Appropriate
Tissue

Appropriate
Tissue

Appropriate
Conditions

Appropriate
Conditions Extract RNAExtract RNA

Scan 
Biochip
Scan 

Biochip

Hybridize
Biochip

Hybridize
Biochip

Make
Biochip
Make

Biochip

Data Pre-
processing
Data Pre-

processing

A Biochip Informatics StrategyA Biochip Informatics Strategy

Post-cluster
Analysis &
Integration

Post-cluster
Analysis &
IntegrationBiological

Validation
Biological
Validation

Informatical
Validation?

Informatical
Validation? ??

Functional
Clustering

Functional
ClusteringAccess

Significance
Access

Significance

Biochip informatics: challengesBiochip informatics: challenges
•• PrePre--processing:processing:

technology variationtechnology variation
noise & data filteringnoise & data filtering
missing / negative values / P & A callsmissing / negative values / P & A calls
data scalingdata scaling
Can I assume normality?Can I assume normality?
chip quality, other artifactschip quality, other artifacts

•• Functional Clusters: Functional Clusters: 
clustering quality, consistency, & robustnessclustering quality, consistency, & robustness

•• Statistical Issues: Statistical Issues: 
study design / # of replicates / multiple testingstudy design / # of replicates / multiple testing

•• Integrative Biochip InformaticsIntegrative Biochip Informatics
Can we get more out of it?Can we get more out of it?



1111

Input DataInput Data
Data Data representaionrepresentaion

•• pattern matrixpattern matrix
•• proximity proximity matirxmatirx

Data typesData types
•• degree of degree of quantizationquantization ((AnderbergAnderberg, 1973), 1973)
•• binary / discrete / continuousbinary / discrete / continuous

Data scalesData scales
•• Qualitative: nominal / ordinalQualitative: nominal / ordinal
•• Quantitative: interval / ratioQuantitative: interval / ratio

Proximity MeasuresProximity Measures
MinkowskiMinkowski metric metric 

•• Euclidean distanceEuclidean distance
•• Manhattan (taxicab, city block)Manhattan (taxicab, city block)
•• Chebychev Chebychev ((‘‘supsup’’))

Power distance Power distance 
CorrelationCorrelation
Mutual InformationMutual Information
Symbol String distanceSymbol String distance

•• Percent disagreement: (Hamming/Manhattan)Percent disagreement: (Hamming/Manhattan)
•• Levenstein Levenstein (Edit) distance(Edit) distance

LD(A, B) = min{a(I) + b(I) + c(I)}LD(A, B) = min{a(I) + b(I) + c(I)}
dynamic programmingdynamic programming
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Data Preprocessing Data Preprocessing 
•• NormalizationNormalization
•• FilteringFiltering
•• Plotting Plotting 

linear projectionlinear projection
Eigenvector projectionEigenvector projection
Mean square errorMean square error
DiscriminantDiscriminant functionfunction

nonnon--linear projectionlinear projection
GraphicalGraphical
Iterative mappingIterative mapping

Feature selection & Feature extractionFeature selection & Feature extraction

•• How many features?How many features?
•• In what combination?In what combination?

•• The peaking phenomena, the curse of The peaking phenomena, the curse of 
dimensionality, and the intrinsic dimensionality, and the intrinsic 
dimensionality problemdimensionality problem
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Graphical Representation of Graphical Representation of 
Multivariate DataMultivariate Data

Chernoff Chernoff Faces corresponding to the mean vectors ofFaces corresponding to the mean vectors of
Iris Iris SetosaSetosa, Iris , Iris VersicolorVersicolor, and Iris , and Iris VirginicaVirginica

Threshold Graph, SingleThreshold Graph, Single--link and link and 
completecomplete--link hierarchical link hierarchical clusteringsclusterings

singlesingle--link                  completelink                  complete--linklink
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Principal component analysisPrincipal component analysis

Linear/Nonlinear Data ProjectionsLinear/Nonlinear Data Projections

TwoTwo--dimensional Mappings of the Iris data set (dimensional Mappings of the Iris data set (JainJain et al., 2000)et al., 2000)

PCAPCA

Sammon Sammon mappingmapping

Fisher mappingFisher mapping

Kernel PCAKernel PCA
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Nonlinear Nonlinear Sammon Sammon MappingMapping

MultiMulti--dimensional Scaling (MDS)dimensional Scaling (MDS)
A similarity structure analysis A similarity structure analysis 
by visual configuration.by visual configuration.

•• Classical (metric, one matrix,Classical (metric, one matrix, unweigthedunweigthed) ) 
•• Metric:Metric: TorgersonTorgerson
NonNon--metric:metric: SephardSephard,, KruskalKruskal

ssijij=f(=f(ddijij), monotonic regression, stress), monotonic regression, stress
•• ReplicatedReplicated
•• WeightedWeighted
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MultiMulti--dimensional Scalingdimensional Scaling

Young, 1985. Encyclopedia of Statistical SciencesYoung, 1985. Encyclopedia of Statistical Sciences

MultiMulti--dimensional Scaling (MDS)dimensional Scaling (MDS)
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MultiMulti--dimensional Scaling (MDS)dimensional Scaling (MDS)

11

22

44

44””44’’

Space for ordinal dataSpace for ordinal data

11

22

4444’’

NonNon--metric MDSmetric MDS
•• Ordination: Ordination: 

translating ordinal scale to set of ratio scaletranslating ordinal scale to set of ratio scale
•• Shepard diagramShepard diagram
•• Stress = {Stress = {ΣΣ((ddijij--δδijij))2 2 // ΣΣddijij
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GreenGreen
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MDS in GenomicsMDS in Genomics

Bittner et al. 2000 NatureBittner et al. 2000 Nature
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MDS in GenomicsMDS in Genomics

Bittner et al. 2000 NatureBittner et al. 2000 Nature

Biochip informatics: clusteringBiochip informatics: clustering

A11
A21
A31
A41
A51
A61
A71
A81
A91

timetime

A12
A22
A32
A42
A52
A62
A72
A82
A92

A13
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A43
A53
A63
A73
A83
A93

A14
A24
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A54
A64
A74
A84
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A15
A25
A35
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A55
A65
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A85
A95

A16
A26
A36
A46
A56
A66
A76
A86
A96
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Biochip informatics: clusteringBiochip informatics: clustering

clusteringclustering

Hierarchical & Partitional ClusteringHierarchical & Partitional Clustering

HierarchicalHierarchical PartitionalPartitional
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•• Hierarchical vs. PartitionalHierarchical vs. Partitional
•• Divisive vs. AgglomerativeDivisive vs. Agglomerative
•• Graph theory vs. Matrix AlgebraGraph theory vs. Matrix Algebra
•• Exclusive vs. NonExclusive vs. Non--exclusiveexclusive
•• Serial vs. SimultaneousSerial vs. Simultaneous
•• Parametric vs. NonParametric vs. Non--parametricparametric

Dichotomies of Clustering AlgorithmsDichotomies of Clustering Algorithms

Most commonly,Most commonly,
agglomerative hierarchical clustering (dendrogram)agglomerative hierarchical clustering (dendrogram)
iterative squareiterative square--error partitioning (Kerror partitioning (K--means)means)

Hierarchical clustering in GenomicsHierarchical clustering in Genomics

• single-linkage (nearest neighbor)
• complete-linkage (farthest neighbor)
• weighed pair-group average 
• unweighed pair-group average
• weighted pair-group centroid
• unweighted pair-group centroid
• Ward’s method: min. sum of squares
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Threshold Graph, SingleThreshold Graph, Single--link and link and 
completecomplete--link hierarchical link hierarchical clusteringsclusterings

singlesingle--link                  completelink                  complete--linklink
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Hierarchical clustering in GenomicsHierarchical clustering in Genomics

• deterministic by heuristics
• linear optimization: 2N-1

• arbitrary cluster thresholding
• sensitive to a small perturbation
• difficulty in comparing diff. trees
• good for data the structure of 

which is inherently hierarchical

Hierarchical clustering in GenomicsHierarchical clustering in Genomics

Fast optimal leaf orderingFast optimal leaf ordering



2424

KK--means Algorithmmeans Algorithm

•• 1. 1. Select an initial partition with K clusters.Select an initial partition with K clusters.

Repeat 2 & 3 until the cluster membership stabilizesRepeat 2 & 3 until the cluster membership stabilizes
•• 2. Calculate cluster center2. Calculate cluster center
•• 3. Update partition by assigning each 3. Update partition by assigning each 

pattern to its closest cluster centerpattern to its closest cluster center

•• 4. Adjust the number of clusters4. Adjust the number of clusters……

KK--means Algorithm (K=2)means Algorithm (K=2)

Convergence!!Convergence!!
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KK--means Algorithm : means Algorithm : local searchlocal search

•• Simulated AnnealingSimulated Annealing
•• Genetic AlgorithmsGenetic Algorithms
•• Tabu Tabu SearchSearch
•• Hybrid ApproachHybrid Approach

MetaMeta--heuristicsheuristics

Local optimaLocal optima

global optimaglobal optima* The long-narrow valley problem
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KK--means Algorithmmeans Algorithm

•• Convergence (Convergence (Selim Selim and and IsmailIsmail, 1984), 1984)
•• Needs number of clusters (K)Needs number of clusters (K)
•• CenterCenter--basedbased
•• Iterative squareIterative square--errorerror--based partitioning based partitioning 

(ANOVA in reverse)(ANOVA in reverse)
•• But But greedygreedy
•• Sensitive to the Sensitive to the initial partitioninitial partition
•• Stopping criterionStopping criterion
•• Updating the partitionUpdating the partition
•• Assumption? about the data distributionAssumption? about the data distribution

Variants of KVariants of K--means Algorithmmeans Algorithm

•• Fuzzy KFuzzy K--meansmeans
•• Genetic algorithmsGenetic algorithms
•• Simulated/Deterministic annealingSimulated/Deterministic annealing
•• TabuTabu searchsearch
•• Mapping it onto a neural networkMapping it onto a neural network

……....
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Vector Vector QuantizationQuantization (VQ)(VQ)

VQ is a classical signalVQ is a classical signal--approximation approximation 
method that usually forms a method that usually forms a quantized quantized 
approximation to approximation to the distribution of the input the distribution of the input 
vectorsvectors using a finite number of sousing a finite number of so--called called 
codebook vectorscodebook vectors, usually in the Euclidean , usually in the Euclidean 
metric.metric.

Once the codebook is chosen, the Once the codebook is chosen, the 
approximation of an input vector is to find the approximation of an input vector is to find the 
codebook vector close to the input vector.codebook vector close to the input vector.

Vector Vector QuantizationQuantization (VQ)(VQ)

codebook vectors, mcodebook vectors, mii, i=1, 2, , i=1, 2, ……, K, K
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Voroni Voroni TessellationTessellation

Useful illustration of VQUseful illustration of VQ

22--DD 33--DD

Voroni Voroni TessellationTessellation
Not only in mathematics but also in NatureNot only in mathematics but also in Nature
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Voroni Voroni TessellationTessellation
…… and in computationsand in computations

Sequential KSequential K--means algorithmmeans algorithm

1. 1. Set initial guess of centers, {cSet initial guess of centers, {c11, c, c22, , ……, c, ck k }}
2. Set counts, {n2. Set counts, {n11, n, n22, , ……, , nnkk}, to 0}, to 0
Until interruptedUntil interrupted

3. Get next example x3. Get next example x
4. Get the closest center 4. Get the closest center ccii to xto x
5.  5.  nnii++++
6. Update 6. Update ccii = = ccii + (1/n+ (1/n11) * (x ) * (x -- ccii) ) 

WaitWait

Especially when the nature of the problem Especially when the nature of the problem 
changes over timechanges over time
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Interpreting clustering by ANNInterpreting clustering by ANN

•• Developing neural Developing neural ““memorymemory”” of a typical patternof a typical pattern
•• By adjusting the By adjusting the ““firingfiring”” rate of the nearest unit rate of the nearest unit 

to a newly input patternto a newly input pattern
What if we can preserve the intervening patterns?What if we can preserve the intervening patterns?

c1 c2 c3 ck

xx

w1
w2

w3 wk

SomatotopicSomatotopic MapsMaps
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KohonenKohonen MapsMaps

•• ““ we should not update only we should not update only ccii, but that , but that 
we we should also update other cluster we we should also update other cluster 
centers in the neighborhood of centers in the neighborhood of ccii along along 
the layout.the layout.””

•• ““the size of the neighborhood should be the size of the neighborhood should be 
programmed to shrink as time goes on.programmed to shrink as time goes on.””

Preserving the structure of clusteringPreserving the structure of clustering

Competitive LearningCompetitive Learning

by way of by way of 
lateral inhibition (sombrero) lateral inhibition (sombrero) 
& neighbor competition& neighbor competition
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KohonenKohonen MapsMaps

gridgrid

Competition layerCompetition layer

Input layerInput layer
Unit 1       Unit 2     Unit KUnit 1       Unit 2     Unit K

““Topology PreservingTopology Preserving””
SelfSelf--Organizing Feature MapsOrganizing Feature Maps

•• single single feedforwardfeedforward: no back propagation: no back propagation
•• nonnon--hierarchicalhierarchical
•• competitive: competitive: 

winner takes it all winner takes it all 
lateral inhibition, sombrerolateral inhibition, sombrero

•• cooperativecooperative
winner and neighborwinner and neighbor

•• wwnewnew = = wwoldold + + αα (x (x -- wwoldold))
•• sequential learningsequential learning
•• fast (real time?) learningfast (real time?) learning
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SOM Training VisualizationSOM Training Visualization

initialinitial 1,0001,000

20,00020,0006,0006,000

Linear selfLinear self--organization of 2organization of 2--D vectorD vector

initialinitial

2,0002,000

20,00020,000

6,0006,000
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SOM in GenomicsSOM in Genomics

TamayoTamayo P, et al., Proc P, et al., Proc Natl Acad SciNatl Acad Sci USAUSA

Mixture Decomposition & EM AlgorithmMixture Decomposition & EM Algorithm

Formal approaches to unsupervised classificationFormal approaches to unsupervised classification

Mixture distribution:  p(y|Mixture distribution:  p(y|θθ)=)=ΣΣ ααmm ppm m (y|(y|θθmm))
-- K random samples with density function pK random samples with density function pmm(y|(y|θθmm), ), 
-- Each time a sample is to be generated, we choose Each time a sample is to be generated, we choose 
one of these sources, with probabilities, {one of these sources, with probabilities, {αα11,, αα2 2 ,..,,.., ααkk}}
-- estimating the parameters and the # of clustersestimating the parameters and the # of clusters

EM (expectationEM (expectation--maximization) algorithmmaximization) algorithm
MCMC (Markov Chain MonteMCMC (Markov Chain Monte--Carlo) methodCarlo) method
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SimilaritySimilaritySimilarity

SimilaritySimilaritySimilarity

Similarity
Similarity
Similarity

Simila
ritySimila
ritySimila
rity

sim
ilarity

sim
ilarity

What does What does ““similarsimilar““ really mean?really mean?

•• WatanabeWatanabe’’s Ugly Duckling theorems Ugly Duckling theorem
•• WolpertWolpert’’s s No Free Lunch theoremNo Free Lunch theorem
•• MichelleMichelle’’s Version Spacess Version Spaces
•• SchafferSchaffer’’s Conservation Laws Conservation Law

Learning is impossible Learning is impossible 
without ASSUMPTIONSwithout ASSUMPTIONS

Classification is impossible without some sort of biasClassification is impossible without some sort of bias
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Ugly Duckling TheoremUgly Duckling Theorem

•• If we have no preconceived ideas or If we have no preconceived ideas or 
(inductive) (inductive) biasbias about what sorts of about what sorts of 
categories are categories are ““naturalnatural”” or or ““normalnormal”” and and 
what arenwhat aren’’t.t.

•• It is possible to make two arbitrary patterns It is possible to make two arbitrary patterns 
similar by encoding them with a sufficiently similar by encoding them with a sufficiently 
large number of redundant features.large number of redundant features.

•• Because we have to consider Because we have to consider allall possible possible 
classes and possible ways of making sets out classes and possible ways of making sets out 
of the n objects.of the n objects.

Satosi Satosi Watanabe, 1969Watanabe, 1969

No Free Lunch TheoremNo Free Lunch Theorem
1.1. Theorem: Theorem: For any two algorithms, A and B, For any two algorithms, A and B, 

there exist datasets for which algorithm A will there exist datasets for which algorithm A will 
outperform algorithm B in prediction accuracy outperform algorithm B in prediction accuracy 
on unseen instances.on unseen instances.

2.2. Proof: Proof: Take any Boolean concept. If A Take any Boolean concept. If A 
outperforms B on unseen instances, reverse outperforms B on unseen instances, reverse 
the labels and B will outperform Athe labels and B will outperform A..

3.3. Extension: Extension: For discrete spaces, the number of For discrete spaces, the number of 
concepts for A outperform B in prediction concepts for A outperform B in prediction 
accuracy is equal to the number for which B accuracy is equal to the number for which B 
will outperform A.will outperform A.
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Useful Assumptions & PropertiesUseful Assumptions & Properties
•• Smoothness assumptionSmoothness assumption

Statisticians have used this for yearsStatisticians have used this for years..

•• Few attributes assumptionFew attributes assumption
Curse of dimensionality and peaking phenomena.Curse of dimensionality and peaking phenomena.

everything is far in high dimensionseverything is far in high dimensions

OckhamOckham’’ss razor:razor:
among the competing theories, the simplest is preferred of among the competing theories, the simplest is preferred of 

the more complex.the more complex.

•• Properties Properties 
test drive / accuracy / loss / error / ROC curvetest drive / accuracy / loss / error / ROC curve
comprehensiveness / interpretability/practicalitycomprehensiveness / interpretability/practicality

•• the simple process of the simple process of 
•• selecting a selecting a criterioncriterion, , 
•• evaluating it for evaluating it for allall possible partitions, possible partitions, 
•• and selecting the partition that optimizes the and selecting the partition that optimizes the 

criterion.criterion.

•• However, However, …… is the astronomical is the astronomical StirlingStirling
number of the second kind.number of the second kind.
•• S(19, 4) = 11,259,666,000S(19, 4) = 11,259,666,000
•• S(n, 2) = 2S(n, 2) = 2nn--11

Partitioning is…Partitioning is…
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Where would you cut?Where would you cut?

Metric:Metric: How do you define the best incision?How do you define the best incision?
Algorithm:Algorithm: How do you find and evaluate it?How do you find and evaluate it?

into meaningful substructures!into meaningful substructures!

Where would you cut?Where would you cut?
into meaningful substructures!into meaningful substructures!
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Where would you cut?Where would you cut?
into meaningful substructures!into meaningful substructures!

Where would you cut?Where would you cut?
into meaningful substructures!into meaningful substructures!
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Where would you cut?Where would you cut?
into meaningful substructures!into meaningful substructures!

Where would you cut?Where would you cut?
into meaningful substructures!into meaningful substructures!
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Data space and Incisional hyperplanesData space and Incisional hyperplanes
(a)

(b)

(c)

(d)

•• N observations with N(NN observations with N(N--1)/2 links : (N = m + n)1)/2 links : (N = m + n)
•• (N(N--1)1)--D hyperspaceD hyperspace
•• 22NN--11--1 (N1 (N--2)2)--D hyperplane deletes m x n linksD hyperplane deletes m x n links
•• (m(m--1)1)--D subspace with m(mD subspace with m(m--1)/2  links1)/2  links
•• (n(n--1)1)--D subspace with m(nD subspace with m(n--1)/2  links1)/2  links

1

1
2 3

Matrix Representation of Data Space 
and The Matrix Incision Index (MII)

Matrix Representation of Data Space Matrix Representation of Data Space 
and The Matrix Incision Index (MII)and The Matrix Incision Index (MII)

Group 1,  mGroup 1,  m

MII = {(m / (n+m)) * b +  (n / (n+m)) * c} / aMII = {(m / (n+m)) * b +  (n / (n+m)) * c} / a
a : loss of average link strength by incisiona : loss of average link strength by incision
b : average link strength of group 1b : average link strength of group 1
c : average link strength of group 2c : average link strength of group 2

aaa

bbb

ccc
Group 2,  nGroup 2,  n
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(a)

(c)

(b)

Data Hyperspace and Incisional HyperplanesData Hyperspace and Incisional Hyperplanes

Matrix representation & Matrix incision indexMatrix representation & Matrix incision index

M1

M2 HH

M1M1

M2M2

(a) (b)

H2H2

H1H1

M1M1

M2M2

M3M3

∑=
i icluster

i

cluster

MS
ME
ME

MS
MII )(

|)(|
|)(|

)(
1

max

MM
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MII captures intuitionMII captures intuition……
of geometric space decompositionof geometric space decomposition

average lossaverage loss weighted avg. link strengthweighted avg. link strength MIIMII
a.a. (0.8 + 0.8)/9 = 0.18(0.8 + 0.8)/9 = 0.18 0.5(0.8) + 0.5(0.8) = 0.80.5(0.8) + 0.5(0.8) = 0.8 4.44.4
b.b. (1.6 + 0.6)/8 = 0.275(1.6 + 0.6)/8 = 0.275 0.33(0.8) + 0.67(0.54) = 0.50.33(0.8) + 0.67(0.54) = 0.5 1.81.8
c.c. (1.6 + 0.3)/5 = 0.38(1.6 + 0.3)/5 = 0.38 0.2(1) + 0.8(0.45) = 0.380.2(1) + 0.8(0.45) = 0.38 1.01.0
d.d. (3.2 +  0.4)/8 = 0.45(3.2 +  0.4)/8 = 0.45 0.33(0.1) + 0.67(0.45) = 0.280.33(0.1) + 0.67(0.45) = 0.28 0.640.64

Shown links: rShown links: r2 = 2 = 0.80.8
Hidden links: rHidden links: r2 = 2 = 0.10.1
Broken lines: incisional hyperplanesBroken lines: incisional hyperplanes

aa
bb

cc dd

MII captures intuitionMII captures intuition……
of geometric decompositionof geometric decomposition
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TrainingTraining ALL  AMLALL  AML

Cluster 1Cluster 1
Cluster 2Cluster 2

25      0 25      0 
2     112     11

TestTest ALL  AMLALL  AML

Cluster 1Cluster 1
Cluster 2Cluster 2

19       1 19       1 
1     131     13

Result: Leukemia Data Set(Result: Leukemia Data Set(Golub Golub et al.)et al.)
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Result: Leukemia Data Set(Result: Leukemia Data Set(Golub Golub et al.)et al.)

Result: Leukemia Data Set(Result: Leukemia Data Set(Golub Golub et al.)et al.)

AML: 28AML: 28--3838
ALL: 12, 25ALL: 12, 257.977.97

8.588.58

94% (68/72)94% (68/72)

AML: 50AML: 50--54, 57, 58, 6054, 57, 58, 60--66 66 
ALL: 67, 71ALL: 67, 71

ALL: 1ALL: 1--11, 1311, 13--24, 26, 2724, 26, 27

ALL: 39ALL: 39--49, 55, 56, 59, 6849, 55, 56, 59, 68--70, 7270, 72 (0 : 18)(0 : 18)

(0 : 25)(0 : 25)

(14 : 2)(14 : 2)

(11 : 2)(11 : 2)

6.726.72

((ALL/AML)ALL/AML)
aa

bb

cc

dd

ALL : ALL : 
11--27, 3927, 39--49, 49, 
5, 56, 59, 675, 56, 59, 67--
7272

AML : AML : 
2828--38,  5038,  50--54, 54, 
57, 58, 6057, 58, 60--6666
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KK
ClassesClasses MembersMembers

22 33 44

MM11

MM11 MM11 26 26 ALLALL 11--11, 1311, 13--2727
Training Training 

setset

MM22

MM22 11 11 AMLAML
1 ALL1 ALL

2828--3838
1212

MM22

MM33 13 13 AMLAML 5050--54, 57, 58, 6054, 57, 58, 60--6565
Test setTest set

MM33 MM44 20 20 ALLALL
1 AML1 AML

3939--49, 55, 56, 59, 6749, 55, 56, 59, 67--7272
6666

Table 1. Comparison between the actual class information and theTable 1. Comparison between the actual class information and the
cluster memberships created by the MITreecluster memberships created by the MITree--K algorithm in leukemia K algorithm in leukemia 
gene expression data set (gene expression data set (GolubGolub et al., 1999).et al., 1999).

K = number of clusters; MK = number of clusters; MKK = Clusters (or sub= Clusters (or sub--matrices); AML = Acute matrices); AML = Acute 
MyeloblasticMyeloblastic Leukemia; ALL = Acute Leukemia; ALL = Acute LymphoblasticLymphoblastic Leukemia.Leukemia.

Systematic matrix decomposition Systematic matrix decomposition 
& reconstruction method& reconstruction method

P(M) = H1(M) ∪ H2(M) ∪ H3(M) ∪ H4(M)
H1(M) = HAB(A ∪ B) ∪ HAC(A ∪ C) ∪ HAD(A ∪ D) ∪ HAE(A ∪ E)
H2(M) = HAC(A ∪ C) ∪ HBC(B ∪ C) ∪ HAD(A ∪ D) ∪ HBD(B ∪ D) U HAE(A ∪ E) ∪ HBE(B ∪ E)
H3(M) = HAD(A ∪ D) ∪ HBD(B ∪ D) ∪ HCD(C ∪ D) ∪ HAE(A ∪ E) U HBE(B ∪ E) ∪ HCE(C ∪ E)
H4(M) = HAE(A ∪ E) ∪ HBE(B ∪ E) ∪ HCE(C ∪ E) ∪ HDE(D ∪ E)

HAB

HBC

HCD

HDE

HAC

HAD

HAE

HBD

HBE HCE

AA

BB

CC

DD

EE

AA

BB

CC DD

EE

HAB

HBCc

HCD

HAD

HAC

HBD

HBE

HDE

HCE

HAE
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MITreeMITree--KK
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MDS of Clustering StructureMDS of Clustering Structure
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ALSCAL by F. Young: http://ALSCAL by F. Young: http://forrestforrest.psych..psych.uncunc..eduedu//

Algorithmic approaches

Deterministic Annealing

Evolutionary Strategy

Algorithmic approaches

Deterministic Annealing

Evolutionary Strategy

P (old→new) = 
exp[- ∆f / T]   if ∆f > 0 

1 else

where ∆f = f (new) – f (old)

T

- Global optimization strategy by simulation of biological evolution

- Evolutionary Strategy : Real-value representation of each object

- Genetic Algorithm : Binary-value representation of each object
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Initialize : random initialization of {xi}, T ← T0

Set cooling coefficient (0<α<1)  

Local optimization of F at given T

all xi’s are 0 or 1

Temperature down 

(T ← α T)
Termination

Yes No

〈WL0〉= Σi<j Lij (1-xi )(1- xj)/ Σi<j (1-xi )(1- xj)

〈WL1〉= Σi<j Lij xi xj / Σi<j xi xj

〈BL〉 = Σi<j Lij[xi (1-xj)+xj (1-xi)]/ Σi<j [xi (1-xj)+xj (1-xi)]

n0 = Σi (1- xi ),     n1 = Σi (1- xi )

Lij :  similarity between i and j

F = - MII - T S (T : Temperature scheduled to decrease)

where S = - Σi [xi log xi + (1-xi) log (1-xi)]

S :  Shannon Entropy (Measure of Randomness)

Deterministic AnnealingDeterministic Annealing

Evolutionary StrategyEvolutionary Strategy

Recombination

Mutation

Offsprings

Selection

+δx1 +δx2 …

y1 y2 …

If f(y1) > f(y2) ,  Select y1

x1 x2 x3 x4 …
Parents

xr
1 xr

2 …
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Capulet & MontegueCapulet & Montegue

Birds eye view? Capturing group effect
Romeo & Juliet effect

Birds eye view? Capturing group effectBirds eye view? Capturing group effect
Romeo & Juliet effectRomeo & Juliet effect

What are you looking for?What are you looking for?What are you looking for?
You see what you want to see.
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Geometric partitioningGeometric partitioningGeometric partitioning

Distance^n may be the correlation coefficient^2?
Density function and physical integrity?

Reliability?

Where would you cut or join?

Reliability?Reliability?

Where would you cut or join?Where would you cut or join?

0.7001 0.7003 0.7004 0.7006 0.7002
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Capturing Intuition?Capturing Intuition?Capturing Intuition?

•• clustering as a search and optimizationclustering as a search and optimization
•• no assumption on data distribution.no assumption on data distribution.

-- It depends only on the unique observation under considerationIt depends only on the unique observation under consideration
•• works both in hierarchical & partitional mannerworks both in hierarchical & partitional manner
•• quantitative visualization of clustering structurequantitative visualization of clustering structure
•• capturing clustering structurecapturing clustering structure
•• global optimizationglobal optimization
•• consistency & quality issuesconsistency & quality issues
•• supervised vs. unsupervised machine learningsupervised vs. unsupervised machine learning
•• independent on measurement, goal, or algorithmindependent on measurement, goal, or algorithm
•• threethree--tired model of clusteringtired model of clustering

-- measurementmeasurement
-- principleprinciple
-- algorithmalgorithm

•• capturing (geometric) capturing (geometric) intuitionintuition

Discussions on MITree, MITree-KDiscussions on MITree, MITreeDiscussions on MITree, MITree--KK
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Other Issues in ClusteringOther Issues in Clustering

-- cluster consistencycluster consistency
-- cluster robustnesscluster robustness
-- cluster qualitiescluster qualities
-- cluster comparisonscluster comparisons

Clustering Consistency & QualityClustering Consistency & Quality

ConsistencyConsistency

K=2
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Clustering Consistency & QualityClustering Consistency & Quality

Clustering consistency vs cluster robustnessClustering consistency vs cluster robustness

D
C

S1

S2

S3

S4

Sn

D1

D2

D3

D4

Dn

S1

S2

S3

Sm

C

Clustering Consistency & QualityClustering Consistency & Quality

||||
||

),(
discordantconcordant

concordant
ji LL

L
PPC

+
=

∑
<−

=
ji

jiN PPC
NN

C ),(
)1(

2

Consistency: Rand IndexConsistency: Rand Index

Lconcordant = {edges equally connected or disconnected 
in both clustering solutions}

Ldiscordant = {edges connected in one solution and 
disconnected in the other}

Adjusted Rand index
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Clustering Consistency & Quality Clustering Consistency & Quality 

Index MITree-K K-means SOM

Fisher’s Iris Data Set
C30

‡ 1.000±0.00* 0.914±0.14 1.000±0.00*

Havg
‡ 0.997±0.00* 0.994±0.00 0.997±0.00*

Hmin
‡ 0.977±0.00* 0.728±0.10 0.977±0.00*

Tavg 0.786±0.00 0.783±0.03 0.785±0.00
Tmax 0.978±0.00 0.979±0.01 0.979±0.00

Golub’s Leukemia Data Set
C30

‡ 0.999±0.00*† 0.896±0.69 0.932±0.66*

Havg
‡ 0.778±0.00*† 0.742±0.03 0.738±0.04

Hmin
‡ 0.478±0.00*† 0.069±0.10 0.361±0.11*

Tavg
‡ 0.108±0.00*† 0.135±0.02† 0.147±0.03

Tmax
‡ 0.312±0.00† 0.384±0.12† 0.534±0.20

Table 2. Comparison of clustering consistency and quality 
measures of three clustering algorithms applied to Fisher’s Iris and 
Golub’s leukemia data sets (Golub et al., 1999) after 30 trials of 
creating three and four clusters, respectively. 

Clustering Consistency & QualityClustering Consistency & Quality
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Number of Clusters
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Multiple Matrix incision
K-means
SOM

Clustering Consistency: Genomic Data setsClustering Consistency: Genomic Data sets

Clustering Consistency & QualityClustering Consistency & Quality
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(a) Clustering homogeneity: yeast data set (b) Clustering homogeneity: fibroblast data set

(c) Clustering separation: yeast data set (d) Clustering separation: fibroblast data set

MITree-K
K-means
SOM

Clustering Quality: Genomic Data SetsClustering Quality: Genomic Data Sets

Clustering QualityClustering Quality
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•• @ @ http://bio.http://bio.ifomifom--fircfirc.it/KW_CLUST/index.html.it/KW_CLUST/index.html

• clusters together sequence identifiers sharing 
common keywords. 

• represented by a vector of keywords 

• a hierarchical clustering algorithm is applied 

• The tree can also be obtained in PHYLIP format for 
parsing with a tree viewer program such as ATV 
(http://www.genetics.wustl.edu/eddy/atv/).

Keyword ClusteringKeyword Clustering

53

42

31

52

41

51

colrow mammary
gland 

example data
traversal

Trajectory ClusteringTrajectory Clustering
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Trajectory ClusteringTrajectory Clustering

Analysing SNPsAnalysing SNPs
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Analysing SNPsAnalysing SNPs

Analysing SNPsAnalysing SNPs
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Trajectory MappingTrajectory Mapping

Trajectory MappingTrajectory Mapping

Multidimensional scaling            Hierarchical clusteringMultidimensional scaling            Hierarchical clustering
Gilbert 1997Gilbert 1997
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Quintuplets of Boston subway stationsQuintuplets of Boston subway stations
Trajectory Trajectory 
MappingMapping

Trajectory MappingTrajectory Mapping

Algorithm using quintuplets and SA.Algorithm using quintuplets and SA. Gilbert 1997Gilbert 1997
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IdeonomyIdeonomy
Science of IdeasScience of Ideas ---- Patrick Patrick GunkelGunkel

http://http://ideonomyideonomy..mitmit..eduedu//

IdeonomyIdeonomy
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IdeonomyIdeonomy

IdeonomyIdeonomy
13 13 fearfear--related emotionsrelated emotionsknotsknots
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IdeonomyIdeonomy

IdeonomyIdeonomy

Thank you!Thank you!


