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Overview

e Why capture and apply knowledge computationally?

e Capturing and applying different types of knowledge
— Chemistry

— Structure activity relationships

— Project objectives

e Example application

- Optimisation of high quality, selective Anagliptin analogues

e Conclusions



Why Capture Knowledge Computationally?

e Different viewpoints
— Drug discovery is a multi-disciplinary field

- Knowledge transfer

e Limited experience

— Even within our own field, we each have limited
experience

e Limited memory

— We can only easily remember a fraction of what we =) %i.j\.la',l"‘

¥ C

have experienced R

e Computers have virtually unlimited capacity and
perfect recall



Why Apply Knowledge Computationally?

e Being able to search large databases of
information/knowledge is useful, but limited

e Computers can apply stored knowledge
much faster than a person

e Even scientists have hidden biases*

- We choose which knowledge to ‘believe’

Knowledge is like paint... It does no

e Computers can explore ideas more quickly good until it is applied

and rigorously than a person
- Doe Zantamata

© 2018 optibrium Ltd. *Chadwick and Segall, Drug Discov. Today (2010) 15(13/14), pp. 561-569



Capturing and Applying Knowledge
Chemistry — What might we make?
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Chemistry — What could we make?
Reactions and Reagents
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© 2018 Optibrium Ltd.




Chemistry — What might we make?
Transformations

E.g. Bioisosteric replacement

SMIRKS: ([c;S(c!@nl@c@n@c@nl):1]n1[cH]n[cH]n1)>>([c;S(c!@CH;!@N):1]C#N)




Chemistry — What might we make?
Transformations

E.g. Bioisosteric replacement

SMIRKS: ([c;S(c!@nl@c@n@c@nl):1]n1[cH]n[cH]n1)>>([c;S(c!@CH#;!@N):1]C#N)

© 2018 optibrium Ltd.  Calculated with torch3D from Cresset



Chemistry — What might we make?
Transformations

E.g. Prodrug strategy
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Chemistry — What might we make?
Transformations

E.g. Ring opening/closing

L,
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@ @

SMIRKS: ([c;S(cl@c@c(@n@c@nl)!@N!@C!@C):2]1[c:1]c(n[c;x2:4]n1)[NH][C:5][C:3])>>(N
21C([c:1]([c:2](N=[C;x2;S(Cl=;@N@c(@c(@C2@N1@C(@C@N=2)!@C)!@[H])!@[H]):4]1)[
H])[H])=N[C;x2:5][CH]2[C:3])




Chemistry — What might we make?
BIOSTER™

Database of ~30,000 precedented transformations from the chemistry literature

1. Transformation Manager ? *
Search: | EI | Import. .. |
Transformation (N Lactam to pyrimidine Export...

Amine to aminotriazole

Amine to aminopyrimidinel
Amine to aminoacetamide Delete
Amine to imidazoline-2-thione
Amine to imidazoline-1

Amide to imidazoline

Amine to dimethyltriazene

Amide to amidine

Benzamide te M-phenylimidazelidinone
Amide to carbamate

Quaternary amine to silicon

Quaternary amine to sulfone CI
Quaternary amine to pyridinium

Benzamide to aminocquinazoline
Amine to nitroguanidine

Amine to cyanoguanidine
Benzamide to naphthalimide
Lactam to oxime

Proline to acylpyrrole

Pyrrolidene to cyancimincimidazole
Amide to sulphinamide

Amine to ethylenediamine
Amine to imidazoline-2

Lactam to triazole S (IC;x2;$(C1@c2@c(@N(! @C) @C(=;! @0) @CEN=1) @c@c@c@c): 12 (N([CH3])C(=0)  ~
Amide to vinyl fluoride [CHZIMN=1)[cH] [eH] [c;x2: 2] [eH] 2) = = {c32c{-c 1c({[cH]n[cHIn Y [CHZMN=[C;x2;§

Amidine to imidazoline (C2=; @NECEc1@c@n@c@n@cl-; Bc3@2@c@c@c@c3): 1] 2) [cH] [eH] [c;x2: 3] [H] 3) v
Amidine to oxazoline " . .

Amide to chloromethyl ketone Bioster No: |314 | D= |AM108? |
Hydroxamic acid to vinylogous hydroxamic acid Names & Key benzodiazepinone - pyrimidobenzazepine A
Amide to ketal Phrases: amide - pyrimidine

Amine to pyrrole Amcioly_tic v

Amide to tetrahydrofuran

Amine to oxime

Amide to acylurea

Amide to acylcarbamate w

References: | qruh icki E J et al, 1Med Chem, 260 p. 1589, 1983
see also Chen W -Y, Gilman MW, 1 Heterocyd Chem, 200 p. 663, 1933

Ujvary, |., & Hayward, J. (2012). BIOSTER: A Database of Bioisosteres and Bioanalogues. In N. Brown, Bioisosteres in Medicinal Chemistry.




Chemistry — What could we make?
Applying Transformations

Segall et al. J. Chem. Inf. Model. (2011) 51(11) pp. 2967-2976



Capturing and Applying Knowledge
SAR — How are molecular properties likely to change?
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SAR — How are Molecular Properties Likely to Change?
Quantitative Structure-Activity Relationships

Y = f(x11x21x3; ) Te

\ Statistical

e Data uncertainty

— Quality data is essential

— Public data need very careful curation* (and may not be good enough)

e Descriptors, e.g.
- Whole molecule properties, e.g. logP, MW, PSA...
— Structural descriptors, SMARTS, fingerprints...

e Machine learning method, e.g.

— Artificial neural networks, support vector machines, random forests, Gaussian processes...

*Waldman et al. JCAMD (2015) DOI: 10.1007/s10822-015-9865-0



SAR — How are Molecular Properties Likely to Change?
Quantitative Structure-Activity Relationships

Terfenadine: hERG plC.,=6.7 Fexofenadine: hERG plC.,=5.2

M.D. Segall et al. (2009) Chemistry & Biodiversity 6 pp. 2144-2151



Capturing and Applying Knowledge
Project objectives
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Project Objectives
Multi-parameter optimisation

Potency

Safety

Hit/Lead

Absorption

Solubility

Drug

Metabolic
stability




Project Objectives
Multi-parameter optimisation — Probabilistic Scoring

e Evaluates all available data against project criteria
e Accounts for the uncertainties in all compound-related data

e Objective assessment of compounds’ chances of success

User-defined scoring profile Compounds ranked by likelihood of success
Profile: | SHT1A Project Profile | - %I'
Property Desired Value Importance : -I | ,.f}t

W 5HT1a offinity (pKi) > 7 m—( n ”J e Histograms for quick visual
H logs = — . .
B HIA category . — . guide to compound properties
M logP 0-> 3.5 )
[ BBEB log([brain]:[blood]] 0.2 -=1 q:
M BEB category + [
M P-gp category no [ s
B hERG plC50 £ 5 —
B 209 pkKi £ 6 ) — 02433

206 affinity category low medium [ ——
[ PPBS0 category low [ —— 0.1118

M.D. Segall (2012) Curr. Pharm. Des. 18(9) pp. 1292-1310



Example Application
Optimisation of high quality, selective Anagliptin analogues
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Anagliptin

Anagliptin
N
(o)
N N><\N AN
0] N
\ o0

e Dipeptidyl Peptidase-4 (DPP-4) inhibitor

- Treatment for type-2 diabetes mellitus

e Withdrawn in most markets due to animal toxicity*
- Concerns raised about selectivity over DPP-2, DPP-8 and DPP-9
- Since disproved...

e Explore strategies to improve DPP-4 activity and
selectivity over other DPP isoforms

PDB 3WQH

© 2018 Optibrium Ltd. ~ *R.N. Kushwaha et al. (2014) Curr. Med. Chem. 21(35) pp. 4013-4045



Capturing SAR for DPP Activities

e QSAR models built with random forests method in StarDrop’s Auto-Modeller*
— 2D SMARTS descriptors and whole molecule properties, e.g. logP, MW, TPSA...

e Data sets of plC., data from ChEMBLT

e Validation on independent test sets:

DPP-4 DPP-2 DPP-8 DPP-9
R2=0.68 © 7 R2=0.72 | R=0.62 1 R2=0.75 |

*QO. Obrezanova et al. (2008) JCAMD 22(6-7) pp. 431-440 tBento et al. (2014) Nucleic Acids Res. pp. 1083-1090



Capturing the Optimisation Objectives

Property Desired Value Importance
W DPP4_RF_mode 7-> inf [71] — Primary activity
logS = e —
B HIA category * m— Good physchem properties
logP 0-» 35@ —  —
M DPP2_RF model £ 6 S —
DPPE_RF_model < b _]:I :
Avoid off targets
W DPPY_RF_model %z 6 S —
hERG plIC50 £ 5 S —

© 2018 Optibrium Ltd.




Starting Point

CHEMBL1929395
r N
CHEMBL1929395
N
0
N
N ><\N Z N
N\
N PN
0 N
B DPP-4 pIC50: 7.0 | DPP-2 pIC50: ?
| DPP-8 pIC50: 7.3 ] DPP-9 pIC50: 7.6
N 00 J

© 2018 Optibrium Ltd.




Starting Point

CHEMBL1929395
a -y
CHEMBL1929395
N
(0
N X\NJEE/LN’N
N IO
\ \ DPP Profile
0 N B crr4 RF_model

B DPP4 RF model:  7.631 [l DPP Profile: 0.04626 .

B DPP2_RF model:  5.452 o

] DPP8_RF_model:  7.074 h I B o 7 e

] DPP9_RF_model:  7.285 . I - B oPs RF moce!
\ ®0 J enc i

© 2018 Optibrium Ltd.




Guided Optimisation
Applying captured knowledge

e Cyanopyrrolidine conserved

e Selection applied at each generation based on multi-parameter profile

%:. Nova Setup Wizard ? X . Mova Setup Wizard 7 X
Specify Input Structure Control Output
Lasso a portion of the malecule to mask it from any transformations Generations
[] strict masking Select compounds at each generation
Method
(®) Biased Diverse | ... D I Value
(") Random
N Select compounds with |High - | | M OPP Profile hd |

0] /N — Selection Criteria
5 NJJ\/N%/N \II‘/}_ (®) The best compaunds
X HN () The best %% of compounds
0

O Compounds with values higher than D

[] attempt all transformations after generation 1
Limit atom count change  Maximum: E

[ Allow discontiguous products

Show results in Card View

<gack [ Next> || Ensh || cCancal | . <Back || Mext> || Enmsh | cancel |




Results
~16,000 compounds explored

B Input

B Generation 1
Generation 2
Generation 3

B Generation 4




Results
~16,000 compounds explored

DPP-4 Profile Score

I |
Low High




Results
Example compounds

o CHEMBL1929395
r N - r \

G‘/I(\X\NL@ C’((\X "jfj;)—

B DPP Profile: 0.4807
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Exploration of Chemical Space

DPP-4 Space

2 ° P .. y . L)
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Conclusions

e Capturing and applying knowledge computationally enables broad
exploration of new optimisation strategies

- ‘Think outside the box’
- Rigorous investigation of possibilities

e Chemistry knowledge
- Transformations representing optimisation strategies used in the past

e SAR knowledge

- Machine learning to build QSAR models trained on relevant data

e Project knowledge
- Expertise of project team from different disciplines as a scoring profile

e Integrated and applied using an evolutionary algorithm

e For more information and references, please visit:

- www.optibrium.com/stardrop/
- www.optibrium.com/community/

Guiding you to successful
drug discovery

Auto—M'odeller'

Analyse data
and produce predictive models

i

BIOSTER

Aworld of chemistry experience

optibriut m


http://www.optibrium.com/stardrop/
http://www.optibrium.com/community/
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