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Lecture outline 

 
• Proteins & enzymes 

• Catalytic residues 

o Who are they? 

o why is it important to identify them? 

o Why structure based identification? 

• Our structural features 

• SVN based prediction 

 



Enzymes ⊃ Proteins 



Proteins are chains. 
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A problem that we will 

not discuss today 
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Enzymes are proteins that break and build other molecules  
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A Real example – HIV protease 



Now with a substrate 



Enzyme 

Substrate 

Catalytic 

residue 



The problem – identify the catalytic residues in the absence of the substrate 



2 catalytic residues vs. 98 non-catalytic residues 



Why is it important? 

1. A special case of functional residues identification 

2. Interpretation of genomic data  

3. Drug design 



Structural clue:   Catalytic residues are strained 

 

 

Most of the residues serve 

as a scaffold.  

 

Catalytic residues have a 

specific mission. 

• Electrostatic strain: 

• Warshel, 1978 

• Warshel, et al. 1988 

 

• Backbone strain 

•Herzberg & Moult 1991  

 

• Side-chain strain 

• Heringa & Argos 1999  



This property has already 

been used for prediction 

• Conformational strain 

•Petock et al., 2003 

 

• Electrostatic strain  

• Bate and Warwicker, 2004 

• Elcock, 2001 

• Ondrechen et al., 2001 

• Combination of energy terms  

• Dessailly et al,, 2007 

 

Structural clue:   Catalytic residues are strained 



θ 

E = K(θ- θ0)
2 

Example:  angle energy 

Strain may be quantified      

by energy functions 
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Structural clue:   Catalytic residues are strained 



The good news 

Indeed many “hot” residues are 

catalytic 

Structural clue:   Catalytic residues are strained 



The good news 

Most “cold” residues are 

non-catalytic  

Structural clue:   Catalytic residues are strained 



Too many non-catalytic residues 

are “hot”.  

The bad news 

Structural clue:   Catalytic residues are strained 



Some catalytic residues are not 

that “hot”.  

The bad news 

Structural clue:   Catalytic residues are strained 



The bad news 

ROC -curve 

Structural clue:   Catalytic residues are strained 
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The bad news 

ROC -curve 

Structural clue:   Catalytic residues are strained 
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The bad news 

ROC -curve 

Better than random  

 

BUT not good 

enough. 

Structural clue:   Catalytic residues are strained 
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Why? 
Our energy terms are not 

perfect 

Proteins are not “designed” 

for optimal stability 

Other functional residues 

(e.g., binding) may also be 

“hot” 

 

Structural clue:   Catalytic residues are strained 



Structural clue:   Catalytic residues are strained 

Catalytic residues are clustered 

     => use spatial averaging 



Example:  angle energy 

Structural clue:   Catalytic residues are strained 

Spatial averaging 
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ROC -curve 

Structural clue:   Catalytic residues are strained 
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Structural clue:   Catalytic residues tend to be rather 

buried 

Ben-Shimon A, Eisenstein M (2005) 

  



Common knowledge: Some residue types are more 

likely than others to be 

catalytic 

Round Up The Usual Suspects 



Gutteridge and Thornton 2005 

Common knowledge: Some residue types are more 

likely than others to be 

catalytic 



Our approach:   Use Support Vector Machine (SVM) to 

integrate various clues. 

A two dimensional example 
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Training set 

Catalytic residues 

Non-catalytic residues 

 



Our approach:   Use Support Vector Machine (SVM) to 

integrate various clues. 

A two dimensional example 
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Test set 

? ? 
? 

? ? 

? 

? ? 

Problems 
 Unbalanced dataset 

  Small dataset  



Results:   ROC curves 

FPR - Non-catalytic identified as catalytic 
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Results:   ROC curves 

FPR - Non-catalytic identified as catalytic 
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Results:   Example – 1GPI   

True Positive 

True Negative 

False Positive  

False Negative  



PDB id TP FP TN FN Acc (%)

 FPR TPR PRC MCC FR (%)

  

1a3d 2 7 109 1 93.27

 0.060 0.667 0.222 0.359 7.56

  

1a8h 0 34 464 2 92.8

 0.068 0 0 -0.017 6.8

  

1a8q 3 11 258 2 95.260
 0.041 0.6 0.214 0.34 5.1
  

 

1a3d 

1a8h 

1a8q 
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