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Applications of pharmacophore methods
1. Virtual screening tool
2. Pictorial approach

C Evaluate performance of Phase & MOE in retrospective ligand-based VS (identify new chemotypes)




Directory of Useful Decoys dataset m

DUD: N. Huang et al., J. Med. Chem., 2006, 49 (23), 6789-
What is the DUD dataset? 6801.

A40 targets, total of 2950 ligands, 36 physically similar decoys per ligand
ATarget classes: hormone receptors, kinases, folate enzymes, serine proteases, metalloenzymes & others
APublically available dataset, used for benchmarking

- docking methods e.g. Gold , DOCK
- pharmacophore methods e.g. Cresset/FieldScreen

How we used DUD:

AMeasure how well Schrodinger Phase pharmacophore method retrieves known actives i calculate
enrichment factors EF, & investigate chemotypes

ACompare EF, values from our pharmacophore approach with those reported in original DUD paper
obtained by docking with DOCK

ligand,.y,/ Ny,

EF % — 7.
X ligandiotar/ Neotar
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Retrospective VS approach for DUD e

All actives

In house clustering tool l Reduced ring systems

Clusters
m
Training set actives Test set actives |+| Target-specific decoys
Phase v. 3.1.211 \/
4
Pharmacophore hypothesis Database
Choose ph4 WiW
survival score
Search
: \L : Calculate
List of ranked hits > EF,




Phase vs. DOCK VS results i EF,

Lz,

Answers That Matter.
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average EF;: 20.1 (Phase) vs. 16.2 (DOCK)

EF, > 50: 7 (Phase) vs. 2 (DOCK)
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Good performance i- wrong reason *m

Glycogen phosphorylase beta(GPB):

AEF, = 77.7 with Phase vs. 22.8 with DOCK
ALigands well separated (34 vs. 18) & quite similar (av. T, MACCS similarity 0.62)

APhase found 18/18 test set ligands, including 15 in top 1% of hits

C Good performance based on EF, metric but in reality no chemotype
enrichment
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Bad performance i chemotype & size="

Purine nucleoside phosphorylase (PNP):

AEF, = 0.0 with Phase vs. 31.7 with DOCK

ALigands not well separated (21 vs. 4) & very similar (av. T, MACCS similarity 0.71)

APhase found NO test set ligands!
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Phase vs. DOCK VS - analysis o2

Overall average EF, over all targets:
20.1 for pharmacophore screen vs. 16.2 for docking screen

But

Issues with DUD dataset:
(i) Too small number of actives for some targets;

(i) Not enough chemical diversity of actives for some

targets.
A Linked to issues with clustering
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Maximum Unbiased Validation dataset-~-

MUV: S. G. Rohrer and K. Baumann, J. Chem. Inf. Model., 2009, 49 (2), 169-184.
What is the MUV dataset?

A17 targets, total 30 ligands and 15000 decoys per target, source: PubChem bioactivity data
Awider-ranging targets: hormone receptors, kinases, proteases, GPCRs plus others (e.g. HSP90, HIV RT)

AUnbiased for chemical analogues as MUV ligands pre-clustered with 2D fingerprint
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Retrospective VS approach for MUV —

All actives

Perl scripti vary size of training/test set

N

Training set actives Test set actives |+| Target-specific decoys

Phase v. 3.1.211
or MOE v.
2002 10 Y

Pharmacophore hypothesis Database

Choose various ph4 hypotheses /

Searc

lh

List of ranked hits Calculate 5| BedROC
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Metrics used in analysis of VS resultswmg&’

ABedROC: Boltzmann-enhanced discrimination of ROC curve i measure of early performance, with higher
weights assigned to early recognition

13_” g & ﬂsmhaao

RE=N_= BedROC= RIE3 N 902‘ — !
1%. 28 costgéa—g costEs - a—o 1- eaé% N
NEdag, 0 ¢2+ g2 *
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A Normalised to interval [0,1]

A Chosen a = 20, i.e. requirement that 80% of the score comes from the top 8% of the hits.

A For a = 20, if actives uniformly distributed in ranked list, then expected BedROC score is 0.05.

BedROC: J. F. Truchon and C. I. Bayly, J. Chem. Inf. Model., 2007, 47 (2), 488-508
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Phase v s MOE ~nou t-—o-f

Goal: to identify which pharmacophore method gives the best early enrichment

Targets: Splits: Initial coverage: Hypos:
17 10 100% 1

Initial coverage = percentage of training set ligands that are required to match a ph4 hypothesis
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MOE does better ﬁ@mwﬂc

Protein Kinase A (aid548): av. BedROC value: 0.80 with MOE vs. 0.12 with Phase

W £
Test set ligands | Test set ligands
_ coverage (out ol 19) | top 10% hits in top 1% hits
MOE RRHa 9
Phase AAHR 12 0 0
A Tighter constraint that matches fewer ligands will give more discriminating
pharmacophore hypothesis (and hence better VS enrichment)
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