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High-content screening
I

 Compound screens

 Genomic screens (MiRNA screens)

* Images taken under the microscope

* Use machine learning to learn models for virtual
compound screening, identify novel candidates
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...Learmng fromm Compound Screens
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g Learning fromm compound screens

Compound screen data
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Descriptive space Target space
Example 1 { TRUE | 049 | 069 | 068 | 3.91
Example2 | 2 ! FALSE | 008 | 007 | 056 | 7.59 |
Example3 | 1 ! FALSE ! 008 ! 007 | 010 | 7.57 |
_Bampled | 2 [ TRUE | 049 [ oeo | oos | sse
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BEF The ML technology: 'y
Multi-target regression tree

00785: Lipoic acid metaboh@

Yes

[1.688797, 1.571628, 0.5577329]
42

No
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04152: AMPK signaling pathD

04724: Glutamatergic synapse = 1

Yes

No

00053: Ascorbate and aldarate metabolisD

Yes No

[0.3830776, 0.2878993, 0.3062887]
578

05332: Graft-versus-host diseaD

€5

No

Homologous recombination=l>

Yes

[0.5567747, 0.4356589, 0.3540461]
472

No

168]

[1.033362, 1.010498, 0.5242114]
72

03013: RNA transport =1

Yes

00900: Terpenoid backbone biosynthesis = 1

€5

No

[0.9374922, 0.8575888, 0.6344386]

[0.4837119, 0.3263983, 0.32
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mm Virtual screening

Labeled data Unlabeled data

Descriptive space Target space Example N+1 1 TRUE 0.86 0.35 ? ?
Example 1 1 TRUE 0.49 0.69 0.68 3.91 Example N+2 2 FALSE 0.09 0.05 ? ?
Example 2 2 FALSE 0.08 0.07 0.56 7.59 Example N+3 4 FALSE 0.07 0.01 ? ?
Example 3 1 FALSE 0.08 0.07 0.10 7.57 Example N+4 2 TRUE 0.91 0.78 ? ?
Example 4 2 TRUE 0.49 0.69 0.08 8.86 Example N+5 2 TRUE 0.42 0.69 ? ?
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- Apa yzing data from
High-contents Screens

* Compounds described by fingerprints

* Generated by open-source chemoinformatics SW
library RDKkit

* The FCFP2 fingerprits were used (1024 features)
* Also considered profiles of targeted proteins
* These are the attributes

* Assays photographed under the microscope
* Features extracted from images
* These are then the targets 7
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* High content screen using a library of 640
FDA approved drugs (ENZO)
* |dentify drugs to reduce fibrosis in myocardial infarction

e Screen used murine cardiac fibroblasts which
differentiate into myofibroblasts in culture, expressing
increased alpha SMA-RFP and collagen alphal-EGFP

* Targets: Intensity of
* alphaSMA
* Collagen

* Attributes
* Fingerprints
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..ITest| ng the predictions

* Some domain-specific knowledge / constraints
applied: Predicted compounds filtered for FDA
approved drugs that are not corticosteroids

* SMILE strings used in Chemmine to identify
substances with structural similarity to non
commercial compounds with high predicted values

* Three related compounds identified which are
described in literature to have an anti-fibrotic effect

* Four related compounds identified which were not
previously described to have an anti-fibrotic effect

* Tested in the wet-lab and one works really well ©
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Experiences within the project
I

* Analyzed several different screens

 Compound screens
* MiRNA screens

* Found we can use models learned from miRNA
screens to perform virtual compound screening

e Excellent collaboration with ICGEB

 Attractive virtual reality representation
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