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1. Background

BioBlocks’ Comprehensive Fragment Library is a set of
800K virtual molecules, generated from first principles,
consisting of a wide variety of known and novel
heterocyclic core structures. BioBlocks wished to identify
a ~2K compound representative subset of this virtual
space to synthesise as a lead discovery engine for their
Leap-to-Lead™ platform.

Clustering in 2D (using fingerprints) proved not to be
useful: the data set is 3D with high Fsp?3 and the
molecules are quite small, so 2D clustering provided
clusters that contained little pharmacophoric similarity.
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Figure 1: 2D vs 3D sim on a random subset

3. Computational considerations

The full set of fragments consists of 775K compounds
with an average of 2-3 conformations each.

Computation of the full similarity matrix was estimated to
require 380 CPU-years. As a result, we took a diverse
pick subset of 150K compounds, computed the similarity
matrix (Figure 3), clustered using the k-medoids/
CLARANS algorithm?, and assigned the remaining 625K
compounds to the nearest cluster centroid.
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Figure 3: Using an Amazon EC2 supercomputer

4. Results

The cluster quality as assessed by the silhouette metric?
(1=ideal, O=random) was good (Figure 4a), and a
random sample of the clusters were visually inspected
and confirmed to have common pharmacophores
(Figure 4Db).
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Figure 4a: Silhouette plots for the 125K data set
(top), and the full 775K data set (bottom)

2. Workflow

The overall workflow is shown in Figure 2a. A number of issues with stereochemistry were identified. Not all
diastereomers were topologically or energetically feasible, but all of the toolkits tested gave some incorrect
stereochemistry assignments, as outlined in Figure 2b. The similarity assessment protocol is shown in Figure 2c.
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Figure 2c: Fragment similarity assessment protocol

5. Conclusions
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| according to electrostatic and shape properties. The
result is an extremely information-rich fragment library:

> Each fragment has independent connections to:
> ~4 core analogs, each with ~2 diastereomers

> ~25 2D related cores with the same scaffold e BlOBIOCkS

> ~30 3D related COmpoundS in the same Cluster A CHEMISTRY PARTNER IN DRUG DISCOVERY

> Each real (or virtual) hit gives access to:
> ~5000 related alternatives

> Novel chemical matter ‘ Fragment
> Multiple optimization paths Y B B =
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The initial 2000 compound library will cover a large
fraction of the total space with substantial room to grow.
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Figure 4b: Example clusters
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