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Binding Site Properties

Residue properties:
« Depth
« Propensity
« Conservation
« Charge
« Hydrophobicity
« Secondary structure type
« Destabilization

Surface/volume properites:
« Pocket size (last time)
« van der Waals force field (last time)
« Electrostatic potential

Other properties
« Microscopic titration curves

Introduction

Goal:
« Given a protein structure,
predict where a ligand
might bind
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Residue Solvent Accessibility
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Residue Hydrophobicity ?
A Red = most hydrophobic
Purple = least hydrophobic
Serine proteinase B (4SGB
B

Trypsinogen (ITGS)
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Residue Depth
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Depth /A

Average distance from atom in residue to closest solvent accessible atom
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Residue Propensity
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Residue Hydrophobicity

Catalytic Residues All Residues
Charged 65% 25%
Polar 27% 25%
Hydrophobic 8% 50%

% Catalytic residues (as compared to all residues)
in data set with 178 enzymes
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Residue Hydrophobicity
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Residue Conservation

Phylogenetic analysis
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Residue Conservation
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Secondary Structure

Catalytic Residues All Residues
Alpha helix 28% 47%
Beta sheet 22% 23%
Coil 50% 30%

% Catalytic residues (as compared to all residues)
in data set with 178 enzymes
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Residue Conservation
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Residue Conservation
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Residue Conservation V

Residue Conservation —

Distance from ligand —
Average residue evolution rate as a function of distance from ligand for 55 proteins

(lower evolution rates represent higher conservation) Y,
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Residue Contribution to Stability
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Electrostatic free energies for side-chains of residues in CRABP.

(Positive values indicate residues that destabilize protein) (Elcock0l]
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Residue Contribution to Stability ?

Red = strongly
destabilizing

White = near-zero effect
Blue = strongly stabilizing
Yellow = hyﬂmphnb\c

P

AGg, values of the residue side-chains for MTH538
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Residue Conservation
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Residue Contribution to Stability
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Electrostatic Potential
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05 pH range energy (zp=4), set of 20 enzymes
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Electrostatic Potential V
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Negative Positive
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Acetyl choline esterase color coded by electrostatic potential.
The negative charge in the pocket (red) corresponds o the positive charge on the ligand (acetyl choline)

http://honiglab.cpme.columbia.edu/grasp/pictures.html /
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Electrostatic Potential
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Curvature Electrostatic Potential

Lysozyme
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Probe Propensity ?

General strategy:
« Compute map with
propensity for probe(s)
of different types

Ve

Electrostatic Potential
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Negative Positive
SR AR ———

Acetyl choline esterase color coded by electrostatic potential.
‘The negative charge in the pocket (red) corresponds to the positive charge on the ligand (acetyl choline)

hitp://honiglab.cpme.columbia.edu/grasp/pictures.html /

van der Waals Force Field

PocketFinder:
1. Create grid potential map of van der Waals force field
2. Apply threshold to keep grid cells with high values
3. Eliminate small pockets (<100 A)
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Probe Propensity

PocketFinder:
« Compute map with
van der Waals force field
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Probe Propensity

Q-SiteFinder:
« Compute map with
binding energy of
methyl probe

Ve

Probe Propensity

Q-SiteFinder [Laurie05] )
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Probe Propensity

CS-Map:
« Compute map with
distribution of fragments
docked into protein

CS-Map:
« Compute map with
distribution of fragments
docked into protein
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Probe Propensity

[Silberstein03]
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Probe Propensity

CS-Map:
« Compute map with
distribution of fragments
docked into protein

CS-Map:
« Compute map with
distribution of fragments
docked into protein
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Probe Propensity
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CS-Map:
« Compute map with
distribution of fragments
docked into protein
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Machine Learning V

Build classifier to recognize functional residues
« Depth
« Solvent accessibility
 Propensity
« Conservation
« Hydrophobicity
« Secondary structure type
« Pocket size
* Amino acid

Gutteridge03
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Machine Learning

Neural network classifier
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Machine Learning

Output
« Spheres around clusters of nearby residues
with high NN outputs
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Machine Learning

Training set
« 159 crystallized proteins
« 55,000 non-catalytic residues, 550 catalytic residues
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Machine Learning

Output
« Spheres around clusters of nearby residues
with high NN outputs

[Gutteridge03]
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Machine Learning

Evaluation
« Sphere overlaps known actives site by > 50%
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Q-SiteFinder Evaluation Q-SiteFinder Evaluation
Test set:
* 134 bound proteins (GOLD test set) 100 B Success rate (%)
« 35 unbound proteins (homologues to bound proteins) - O Average precision (%)
cpe
Metric: eSS
« Precision = % predicted site within 1.6A of ligand 5
o
Success: 100% 68% g §
* Precision >25% ;:’ 2
0
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Q-SiteFinder Evaluation ? Q-SiteFinder Evaluation
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