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IntroductionIntroduction
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CATGGCTACAGGCTCCCGGACGTCCCTGCTCCTGGCTTTTGGCCTGCTCT
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CTCTACTACCTGTACTGTCAGGTGCACTTTGATGAGGGGAAGGCTGTCTA
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~15K structures in the Protein Data Bank
Around 4K are unique (< 90% identical)
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Protein StructureProtein Structure

Primary - amino acid sequencePrimary - amino acid sequence
Four levels of protein structureFour levels of protein structure
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Four levels of protein structureFour levels of protein structure
Secondary - local structure such as Secondary - local structure such as y

helices and  strands
y

helices and  strands



Protein StructureProtein Structure

Tertiary - packing secondary structure Tertiary - packing secondary structure 
Four levels of protein structureFour levels of protein structure
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Protein StructureProtein Structure

Quaternary - multiple chainsQuaternary - multiple chains
Four levels of protein structureFour levels of protein structure
Q y pQ y p



Experimental StructureExperimental Structure
Proteins too small to seeProteins too small to see
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Backbone consists of diplanesBackbone consists of diplanes
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Solid State NMRSolid State NMR
Bond angles measurable to external 

magnetic field
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Solution NMRSolution NMR
Magnetization transfers between nuclei
Distance dependent
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X-Ray CrystallographyX-Ray Crystallography
Molecule crystallized, crystals singular, 

perfect quality
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to sequence with known structure
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Structure PredictionStructure Prediction
Homology modeling is routine with 

sequence identity > 30%
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ThreadingThreading
“Thread” a protein sequence onto a 

known structure
“Thread” a protein sequence onto a 

known structure
Score the threaded foldScore the threaded fold
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GeneFold ThreadingGeneFold Threading
Uses a representative library of protein 

folds and various fitness functions to 
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Describes each template protein in 

terms of:
Describes each template protein in 

terms of:
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Secondary structure classification
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Structure database based on PDB
Clustered by 50% sequence identity
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Scores a target sequence using:

Sequence-sequence: No structural 
i f ti

Scores a target sequence using:
Sequence-sequence: No structural 

i f tiinformation
Sequence-structure: Pseudo-energy of a 

single residue mounted in the template

information
Sequence-structure: Pseudo-energy of a 

single residue mounted in the templatesingle residue mounted in the template 
structural environment

Structure-structure: Comparison between 

single residue mounted in the template 
structural environment

Structure-structure: Comparison between p
predicted and actual secondary 
structure

p
predicted and actual secondary 
structure



GeneFold ThreadingGeneFold Threading
Three scoring methods

Sequence similarity: sequence term only
Three scoring methods

Sequence similarity: sequence term only
Hybrid sequence/structure similarity: 

sequence, local conformation and burial
Hybrid sequence/structure similarity: 

sequence, local conformation and burial
Full hybrid: Sequence, secondary 

structure, local conformation and burial
Full hybrid: Sequence, secondary 

structure, local conformation and burial



GeneFold ThreadingGeneFold Threading
No one method produces a reliable 

prediction, but different methods 
No one method produces a reliable 

prediction, but different methods 
give consistently correct answers

Jury Prediction
give consistently correct answers

Jury Predictiony
Two methods agree or
One of the three has a high reliability

y
Two methods agree or
One of the three has a high reliabilityOne of the three has a high reliabilityOne of the three has a high reliability



GeneFold ThreadingGeneFold Threading
GeneFold Scores

A given probe is aligned with every 
GeneFold Scores

A given probe is aligned with every 
template and scored

P-value is calculated for alignment 
template and scored

P-value is calculated for alignment 
ensemble using distribution of scores

The inverse of the P-value is reported
ensemble using distribution of scores

The inverse of the P-value is reported
This process is repeated 

independently for the three methods
This process is repeated 

independently for the three methodsp yp y



Mining the GenomeMining the Genome
Database of all gene predictions 
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An example: Mining the Family of 

Interleukins
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Browse the hits for the selected PDB 

chain
Browse the hits for the selected PDB 

chain



Mining the GenomeMining the Genome
Drill in on possible hitsDrill in on possible hits



Mining the GenomeMining the Genome
Verify by viewing full GeneFold runVerify by viewing full GeneFold run



Some ResultsSome Results
Gene mining by remote homology 

detection has been very successful
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Utilize advances in remote homology 

detection
Utilize advances in remote homology 

detection
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Vector Machines. Christianni and ShawVector Machines. Christianni and Shaw--TaylorTaylor

SVM work by Paul Mc Donagh, 
Amgen Inc.
SVM work by Paul Mc Donagh, 
Amgen Inc.Amgen Inc.Amgen Inc.



Support Vector MachinesSupport Vector Machines
Trained by scientists
Success primarily depends on 
Trained by scientists
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Scientist finds members of fold -
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Future WorkFuture Work
Genome sequenced, but still a LONG 

way to go for function
Genome sequenced, but still a LONG 

way to go for function
Structure homology methods valuable 

in identifying unknown sequences
Structure homology methods valuable 
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Many structure families not 

represented
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