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BackgroundBackground

ProteinProtein
Basic molecules in the cell.Basic molecules in the cell.
A protein consists of a chain A protein consists of a chain 
of amino acids. There are of amino acids. There are 
20 different amino acids. 20 different amino acids. 
Protein structure.Protein structure.



Protein FunctionProtein Function

In the cell, each protein is performing its specific function toIn the cell, each protein is performing its specific function to
make the cell work.make the cell work.
Understanding the proteinUnderstanding the protein’’s functions is the key to s functions is the key to 
understanding the cell.understanding the cell.
Functional annotation scheme, Enzyme Commission(EC) Functional annotation scheme, Enzyme Commission(EC) 
system. Each function is classified into 4 level hierarchy. (E.gsystem. Each function is classified into 4 level hierarchy. (E.g. . 
2.1.3.37).2.1.3.37).



Traditional Function AnnotationTraditional Function Annotation

ExperimentsExperiments
Computational methodsComputational methods

By sequence similarity.By sequence similarity.
Identification by motifs, domains, protein Identification by motifs, domains, protein 
fingerprints, and other sequence based features.fingerprints, and other sequence based features.
By protein families.By protein families.
By protein structures.By protein structures.



Sequence similaritySequence similarity

Similarity=>Homology=>FunctionSimilarity=>Homology=>Function

Prediction By SimilarityPrediction By Similarity

New Sequence
Sequence Database

Database 
Scanning 
Tool (BLAST)

Similar SequencesFunction Prediction

VTISCTGSSSNIGAH--VKWYQQLPGQLPG
VTISCTGSSSNIGSWTVNWYQQLPGQLPG
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GAVTCGSQLPG
NIAHKW……..

Protein1 EC 2.3.1.37
Protein2 EC 2.3.1.37
Protein3 EC 2.3.1.37
Protein4 EC 2.3.1.37

EC 2.3.1.37



Low similarity.Low similarity.
No consensus function.No consensus function.
Noise in database Noise in database 
search, i.e. random search, i.e. random 
sequence similarity. (R. sequence similarity. (R. 
Spang and M. Vingron Spang and M. Vingron 
2001)2001)

Prediction By Similarity Prediction By Similarity ---- ProblemsProblems

Protein1 EC 2.3.1.37
Protein2 EC 2.3.1.47
Protein3 EC 2.3.1.47
Protein4 EC 2.3.1.37



Prediction By Sequence Based Prediction By Sequence Based 
FeaturesFeatures

Multiple Sequence AlignmentMultiple Sequence Alignment

Motif/domain/fingerprints/functional sitesMotif/domain/fingerprints/functional sites

Position Specific Scoring MatrixPosition Specific Scoring Matrix
Hidden Markov ModelHidden Markov Model
Public Domain/Motif DatabasesPublic Domain/Motif Databases
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Protein Families and Protein Protein Families and Protein 
Structures DatabasesStructures Databases

Protein families databasesProtein families databases
COGsCOGs
Protein structures databasesProtein structures databases



MotivationMotivation

Experimental function Experimental function 
prediction is expensive and prediction is expensive and 
timetime--assuming.assuming.
Protein sequence database Protein sequence database 
nearly doubles every 12 nearly doubles every 12 
months now.months now.
Many databases and Many databases and 
bioinformatics tools are bioinformatics tools are 
developed to store/capture developed to store/capture 
protein sequence features. protein sequence features. 
Manual Manual curationcuration is slow.is slow.

(Figure curtsey of http://www.ncbi.nlm.nih.gov/Genbank/genbankstats.html )



Motivation Motivation 



MotivationMotivation



Data MiningData Mining

Data mining is Data mining is –– ““extraction of useful extraction of useful patternspatterns from data from data 
sources, e.g., databases, texts, web, imagesources, e.g., databases, texts, web, image””..
Patterns:Patterns:

EquationsEquations
Decision treesDecision trees
Predictive rulesPredictive rules
Association rulesAssociation rules
Probabilistic modelsProbabilistic models
Distances and partitionsDistances and partitions

TaskTask
ClassificationClassification
ClusteringClustering
Association analysisAssociation analysis

ProcessProcess



Problem DescriptionProblem Description

Goal: prediction of protein function accurately and Goal: prediction of protein function accurately and 
quickly.quickly.
DataData

OneOne--per sequence valueper sequence value
Protein_ID, taxonomy, and phenotypeProtein_ID, taxonomy, and phenotype

Structured valueStructured value
Sequence chemical/physical propertiesSequence chemical/physical properties
Domain/motif/functional sitesDomain/motif/functional sites
Protein structuresProtein structures
Similarity dataSimilarity data

ClassClass
EC number(4 numbers hierarchy)EC number(4 numbers hierarchy)



Challenge1: Data RepresentationChallenge1: Data Representation

unknownunknownTobacco Tobacco 
rattle virusrattle virus

VirusVirusP05079 P05079 
3.6.1.453.6.1.45E.ColiE.ColiBacteriaBacteriaP07024 P07024 

FunctionFunctionOrganismOrganismTaxonomyTaxonomyProtein_IDProtein_ID

119119116116HelixHelixP07024 P07024 

72725656HelixHelixP07024 P07024 

252511Signal peptideSignal peptideP07024 P07024 
End PositionEnd PositionBegin PositionBegin PositionFeatureFeatureProtein_IDProtein_ID

8686

5050
End PositionEnd Position

1.0E1.0E--90905555IPB00002IPB00002P07024 P07024 

1.5E1.5E--202011IPB00001IPB00001P07024 P07024 
SignificanceSignificanceBegin PositionBegin PositionDomain_IDDomain_IDProtein_IDProtein_ID



Challenge 1: Data RepresentationChallenge 1: Data Representation

PropositionalizationPropositionalization
Ideal for conventional data mining programs.Ideal for conventional data mining programs.
Simply join all tablesSimply join all tables

Time and space?Time and space?

Find frequent patterns and compress patternsFind frequent patterns and compress patterns
Space efficientSpace efficient
Frequent patterns search in multiFrequent patterns search in multi--tablestables

Leave itLeave it
Space efficientSpace efficient
Need multiNeed multi--table mining tools.table mining tools.



Challenge 2: Large DataChallenge 2: Large Data

Over 2,000,000 proteins in protein databases Over 2,000,000 proteins in protein databases 
right now.right now.
Over200,000 proteins with function annotation.Over200,000 proteins with function annotation.
Number of features: ?Number of features: ?
Number of functions: 4442 Number of functions: 4442 



Related WorkRelated Work

““Machine learning and data mining for yeast Machine learning and data mining for yeast 
functional genomicsfunctional genomics”” Ph.D thesis of Amanda Ph.D thesis of Amanda 
Clare, Univ of Wales Aberystwyth.Clare, Univ of Wales Aberystwyth.
Various tools in multiVarious tools in multi--relational data mining, relational data mining, 
such as FOIL, TILDE, WARMR, and etc.such as FOIL, TILDE, WARMR, and etc.



Amanda ClareAmanda Clare’’s PhD Thesiss PhD Thesis

Principle: Principle: ““expert propositionalizationexpert propositionalization””. Use knowledge about . Use knowledge about 
biology in combination with various machine learning biology in combination with various machine learning 
techniques for feature construction and finally uses C4.5 for techniques for feature construction and finally uses C4.5 for 
classification.classification.
Data: Data: 

Chemical/physical properties of protein sequencesChemical/physical properties of protein sequences
Phenotype Phenotype 
Data from Data from microarraymicroarray experimentsexperiments
Predicted protein secondary structuresPredicted protein secondary structures
Similarity dataSimilarity data
SizeSize

initial sets:3924 and 4290 proteinsinitial sets:3924 and 4290 proteins
Extended sets: 6300 proteinsExtended sets: 6300 proteins



Amanda ClareAmanda Clare’’s PhD Thesiss PhD Thesis

MethodsMethods
MultiMulti--label extension of C4.5.label extension of C4.5.
Clustering methods to investigate the relationship between Clustering methods to investigate the relationship between 
microarraymicroarray data and known biology.data and known biology.
PolyFARMPolyFARM to mine large volumes of relational data in a to mine large volumes of relational data in a 
distributed hardware.distributed hardware.
Use of hierarchically structured data and Use of hierarchically structured data and calssescalsses..

ResultsResults
Initial sets average accuracy between 61Initial sets average accuracy between 61--76% for level 176% for level 1--3.3.
Extended sets average accuracy 49Extended sets average accuracy 49--62% for level162% for level1--2.2.



Proposed WorkProposed Work

Better coverageBetter coverage
All proteins in current databasesAll proteins in current databases
Most featuresMost features

Sequence chemical/physical propertiesSequence chemical/physical properties
Domain/motif/functional sitesDomain/motif/functional sites
Protein structuresProtein structures
Similarity dataSimilarity data

Data retrieval/preparationData retrieval/preparation
HighHigh--throughput computational environment using throughput computational environment using 
GRID (done)GRID (done)
Data representationData representation
New mining algorithm for these needsNew mining algorithm for these needs
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